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Machine Learning Approaches for Predicting Grain Size Distribution from Well Logs 

Abstract 

The distribution of grain sizes, or the distribution of particle sizes within a reservoir, is an important 

parameter for the petroleum industry. This can help determine areas that have the best production 

potential, including optimizing the well completion and production strategies. Other purposes for 

grain size distribution are formation evaluation and production optimization, which also 

contributes to further optimizing production and minimizing reservoir damage. This paper presents 

a study that demonstrates the feasibility of using machine learning to predict grain size distribution 

from well logs using a Random Forest algorithm. Training of the algorithm was performed using 

well logs that had a high correlation with the weighted average grain size calculated per depth 

interval for the whole well intervals. The model achieved an R² score of 0.89, which is a promising 

starting point for future improvements. This paper also highlights the use of statistical methods to 

improve the accuracy of machine learning algorithms. One of these methods calculates the average 

value of the adjacent depth interval and reduces the impact of undetected outliers.  

Keywords: Random Forest algorithm, optimization, reservoir characteristics, grain size 

distribution, reservoir damage. 

1. Introduction 

Well logs are an essential tool in the analysis of subsurface formations and correlating well log 

characteristics with grain size distribution (GSD) is important, because integrating GSD analysis 

with other petrophysical parameters is an effective way to evaluate hydrocarbon reservoirs. 

Permeability is directly correlated to average grain size in clastic reservoirs, so data on grain size, 

porosity, sorting, packing, and grain shape can be used to estimate permeability [1]. Several 

research studies have been conducted on the relationship between well logs and GSD, for example, 

a case study of a traditional open hole hazardous sand showed that Nuclear Magnetic Resonance 

(NMR) analysis could predict the pore size distribution [2]. Gamma ray logs are one of the most 

used logs to evaluate grain size information in subsurface environments and it is believed that 

gamma ray log values are inversely correlated with grain size in sediments, especially for sandy 

deposits [3]. In addition, studies have shown that the percentage of fine depositional components 

have a logarithmic relationship with the average size of the grains in these depositional 

environments [4]. However, using a linear relationship for interpretation can lead to an incorrect 

interpretation of siltstones or mudstones. [5]. A more recent finding showed that using a neural 
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network architecture is better than the multiple regression analysis method for predicting the 

median grain size of low-permeability sandstone [6]. Other studies have shown that multivariate 

statistical methods through factor and cluster analysis can indirectly influence sediment grain-size 

distribution in a basin area in Antarctica [7]. The research deduced that physical properties and 

lithological units are more clearly and reliably differentiated using cluster analysis, while factor 

analysis helps identify basic geological controls affecting the measured petrophysical properties. 

In this regard low permeability zones or clay particles in sandstones can lead to fines migration 

[8]. It is important to note that density logs will differ for each formation, and results may be 

inaccurate if wellbore conditions are not considered. For example, dolomitic limestones can cause 

problems due to having mixed grain densities, requiring careful analysis [9]. Effective machine 

learning techniques have been successfully used for well logging data prediction, considering the 

temporal and spatial aspects of the data [10]. Some machine learning models have been developed 

to predict soil particle size fractions using isometric log ratio transformation [11]. Su et al. (2020) 

demonstrated that the K-Nearest Neighbors (KNN) algorithm performed better in predicting grain 

size than other common machine learning algorithms [12]. Different machine learning techniques 

and statistical methods can help improve the accuracy of predictions. Future research should 

continue to explore these relationships to better understand hydrocarbon reservoirs. Outliers were 

identified due to abrupt variations in certain log responses; outliers are data points that deviate 

significantly from the rest of the data. Several methods for identifying outliers or missing values 

can be achieved by graphical visualization such as scatter plots and the Z-score methods, therefore, 

detecting and handling outliers is crucial in data analysis. One of the methods used to detect 

outliers is Z-score analysis. The Z-score represents the number of standard deviations above or 

below the mean that each value falls. Aguinis et al. [12] distinguish three types of outliers: low, 

high, and mixed outliers. A commonly used criterion based on the modified Z-score considers 

observations with an absolute value greater than 3.5 as potential outliers [13]. However, the use 

of Z-score-based outlier criteria should be treated with caution when the data are not normally 

distributed or when the distribution is skewed [14]. Therefore, potential outliers were further 

assessed using the Interquartile Range (IQR) method and visual inspection through boxplots and 

scatter plots to verify their significance before inclusion in the analysis. The primary objective of 

this paper is to develop and evaluate a machine learning model that accurately predicts grain size 

distribution from well logging data. This paper focuses on a confidential dataset comprising 
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offshore exploration data and highlights the predictive performance of the Random Forest 

algorithm. Random Forest algorithm is preferred over KNN due to its ability to oversee high-

dimensional data, robustness to noise, and scalability to large datasets. It also provides feature 

importance insights and does not require feature scaling, making it a more flexible and accurate 

choice for this machine learning task. Machine learning-based prediction can eliminate the need 

to take expensive core samples and make better use of the available well logging data. 

2. Methodology and data collection 

The well log data from ten wells were chosen based on their strong correlation with the weighted 

average grain size calculated per depth intervals. This means that among multiple well logs 

available, only those that showed a significant statistical relationship with grain size were 

considered. The methodology employed in this study follows a structured approach to ensure the 

reliability and validity of the findings. A quantitative research design was adopted to analyze PSD 

data obtained from Brunei Shell Petroleum (BSP). Data collection took place over time, adhering 

to ethical standards set by BSP. Data Extraction. For easy access, the logs are extracted from the 

main file into a single file. The well logs are ‘porosity (POR), deep resistivity (TRDE), shallow 

resistivity (TRGR), and bulk density (DEN_E).’ For training purposes, statistics such as the mean, 

logarithmic value, and variance are calculated. These three statistical measures were selected 

because they are dependable in providing a quantitative approach to characterize the grain size 

distribution. Mean values are calculated using adjacent values, this method ensures that any 

potential fluctuations in the data are minimized. This method also provides a more representative 

mean value, compared to calculating the average of the entire data set Figure 1. 

 

Figure 1. Python code is used to compute descriptive statistics. 
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3. Machine Learning – Random Forest Algorithm 

Machine Learning (ML) is a branch of artificial intelligence (AI) focused on building systems that 

can learn from data, identify patterns, and make decisions with minimal human intervention. In 

other words, machine learning algorithms improve their performance on a task as they are exposed 

to more data. There are several types and methods in machine learning, each suited to various 

kinds of problems and tasks.  Among them, Random Forest algorithm is a powerful and versatile 

machine learning technique used for both classification and regression tasks. It is an ensemble 

learning method, meaning it combines the predictions of several models to improve accuracy and 

reduce overfitting. Random Forest is built on the concept of decision trees, where multiple decision 

trees are trained and combined to make more reliable predictions. Random forest classifies each 

attribute and uses a voting method. This algorithm was implemented using Python scikit-learn 

library. The Hyper parameter was acquired by searching for a grid with a cross-validation in a 

training set, where the lowest error is expected. Predictive algorithms, particularly in machine 

learning, require a dataset to train them. 

4. Results and discussion 

4.1 Data analysis 

Well logging data often include porosity (POR), permeability (PERM), sonic travel time (DT), true 

resistivity (RTRU), true resistivity conditioned (TRCN), true resistivity deep (TRDE), gamma ray 

total (TRGR), compressional sonic travel time (DTC_E), shear sonic travel time (DTS_E), and 

density error (DEN_E). One of the issues that can affect data interpretation is the presence of 

outliers, which may influence the performance and accuracy of statistical analyses and machine-

learning models. Outliers are data points that deviate significantly from the remaining dataset. The 

Z-score is a useful tool for standardizing and comparing logging data because it can help identify 

outliers and analyze measurements with different units or scales, as shown in Figure 2. However, 

while the Z-score is a powerful statistical method, it may not always be sufficient on its own. 

Therefore, potential outliers were further assessed using the Interquartile Range (IQR) method and 
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visual inspection through boxplots and scatter plots to verify their significance before inclusion in 

the analysis. 

Figure 2. Indicates Z-score of well logging data with dotted red line as a threshold for outliers. 

In this methodology, the Z-score is used to identify potential outliers in the well logged data. Then 

these potential outliers are analyzed using other methods to confirm their presence and assess their 

significance. Figures 3 and 4 present the well-logging data values represented as a scatter plot. 

The red dots, in contrast to the blue dots, represent outliers detected. 

 

Figure 3. Outliers of the well logs POR, PERM, DT and RTRU are shown in red color. 
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Figure 4. Outliers of well logs TRCN, TRDE, TRGR, DTC_E, DTS_E and DEN_E shown in red 

color. 

When an outlier is detected, there are several methods to mitigate its impact. Common methods of 

dealing with outliers include transforming or removing them entirely. It is important to consider 

that each outlier can accurately represent the data before ignoring it. To analyze well logging data 

as shown in Figure 5, outliers are managed through statistical modeling. The parameters used are 

mean, logarithm of the mean and variance. The average is calculated by using adjacent data values 

from each well log. 
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Figure 5. Frequency distribution with density curve of logging data from ten wells. 

4.2 Analyzing Data for Particle Size Distribution  

The dataset for the PSD was provided along with the raw dataset from before. The PSD dataset is 

known to have been obtained using a sieve shaker and the zones are identified solely by their depth. 

It should be noted that the data only represents a small portion from each well, and to visualize it, 
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first we need to plot a cumulative distribution curve. Figure 6 presents the plot for all grain sizes 

available (gravel, very coarse sand, coarse sand, medium sand, fine sand, very fine sand, coarse 

silt, medium silt, fine silt, very fine silt, and clay). The frequency of various grain sizes in the 

samples is displayed in the cumulative grain size distribution plot. A well-sorted distribution is 

shown by the steep slopes, but a mix of grain sizes is suggested by the gradual curves. The curves' 

fluctuation indicates that sediment deposition is heterogeneous, due to shifting depositional or 

environmental conditions. 

 

Figure 6: Grain size distribution against the cumulative frequency. 

Figure 7 below represents the symmetric distribution of the upper grains and shows the depth 

according to the ratio of particle size. The colors represent each grain size, and the graph also 

shows the availability of each grain size at each depth. Depth values are taken from the center of 

each sample and are displaced in ascending order. The grain size distribution chart shows the 

variation in sediment composition with depth. It indicates a mix of sand, silt, and clay fractions, 

with sand (yellow, brown, and red shades) dominating at certain depths and finer sediments (pink, 

purple, and blue shades) being more prevalent at others. This suggests changes in depositional 

environments, due to fluctuating energy conditions over time. 
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Figure 7: A histogram of the particle size distribution of the sample. 

4.3 Correlation Analysis 

There are a total of nine well logs, and each well was  calculated using the weighted average grain 

size equation The correlation used are: ‘POR’ log vs weighted average grain size calculated per 

depth interval, ‘DT’ log vs weighted average grain size calculated per depth interval, ‘RTRU’ log 

vs weighted average grain size calculated per depth interval, ‘TRCN’ log vs weighted average 

grain size calculated per depth interval, ‘TRDE’ log vs weighted average grain size calculated per 

depth interval, ‘TRGR’ log vs weighted average grain size calculated per depth interval, ‘DTC_E’ 

log vs weighted average grain size calculated per depth interval, ‘DTS_E’ log vs weighted average 

grain size calculated per depth interval, and ‘DEN_E’ log vs weighted average grain size calculated 

per depth interval. Pearson correlation coefficient is used to find possible linear correlation, while 

Spearman correlation is used to find non-linear correlation. Variables are used to find the 

correlation between well logs and weighted average of the grain sizes. Plots for both methods are 

shown in Figures 8 and 9. The scatter plots in the picture show how several geophysical 

characteristics relate to grain size, with trend lines showing patterns of correlation. Certain 

measures, such acoustic transit time (DT) and porosity (POR), exhibit a negative relationship with 

grain size, indicating that these characteristics decline with increasing grain size. On the other 

hand, there is a positive correlation between other factors like TRDE and DTS, suggesting that 

greater levels of these characteristics are linked to larger grain sizes. A few plots show erratic or 

weak trends, suggesting that there is little relationship between some parameters and grain size. 

Numerous factors, including mineral composition, compaction, and diagenetic processes, may 
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influence these correlations, as indicated by the general variety in correlation strength and 

direction. The Pearson and Spearman correlation coefficients between the well-log parameters and 

weighted average grain size are presented in Table 1. The results indicate varying degrees of 

correlation, with porosity (POR) exhibiting a negative correlation, while deep resistivity (TRDE), 

gamma ray (TRGR), and bulk density (DEN_E) show positive correlations with grain size. Based 

on these relationships, POR, TRDE, TRGR, and DEN_E were selected as input variables for the 

Random Forest prediction model. The remaining well-log parameters exhibited comparatively 

weaker correlations and were therefore excluded from the predictive analysis. 

 

Figure 8: Scatter plots showing the relationship between grain size and various geophysical 

parameters, with trend lines indicating overall Pearson correlations. 



 

11 

 

 

Figure 9: Scatter plots showing nine individual relationships between grain size and the 

corresponding geophysical log parameters, with units included for all axes (grain size in mm; 

gamma ray in API; deep and shallow resistivity in ohm·m; porosity in %; bulk density in g/cm³; 

and transit time in μs/ft). 

Table 1: Pearson and Spearman correlation coefficients for various well logs. 

Well log 
Pearson correlation 

coefficient 

Spearman correlation 

coefficient 

POR −0.334 −0.406 

DT −0.185 −0.207 

RTRU −0.266 −0.223 

TRCN −0.061 0.018 

TRDE 0.332 0.410 

TRGR 0.359 0.367 

DTC_E −0.084 −0.206 
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DTS_E 0.234 0.256 

DEN_E 0.332 0.410 

4.4 Random Forest application 

Random forest classifies each attribute and uses a voting method. This algorithm was implemented 

using Python scikit-learn library. The Hyper parameter was acquired by searching for a grid with 

a cross-validation in a training set, where the lowest error is expected. Predictive algorithms, 

particularly in machine learning, require a dataset to train them. These data are extracted and 

inputted into the training algorithm. The model achieved an R² score of 0.89, indicating that 

approximately 89% of the variability in the weighted average grain size is explained by the selected 

well-log inputs. It also implies that the model can capture the underlying patterns in the training 

data to a considerable extent. The well log data is extracted from the “UTB_1” well logs at different 

depths. As new well log data is generated, the trained algorithm is used to predict grain size values. 

The predicted data is printed in a tabular format for better understanding. Due to the way its 

statistics are calculated which involves ‘shift (-1)’ method, the last row has no value and is 

therefore ignored. Another approach is to calculate a weighted average and compare the statistical 

measurements to the trained values. The expected result is that these measurements are close to 

the range of the trained data. Figure 10 shows two stacked bar graphs of the original and predicted 

particle sizes. The trends of both distributions are similar, indicating that the prediction model 
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successfully captures the principal grain-size distribution patterns and provides reliable estimates 

of particle-size proportions. 

 

Figure: 10: trained (top) and predicted (bottom) grain size values in a stacked bar chart. 

A more accurate way to evaluate the reliability of the predicted grain-size values is to examine 

their cumulative distribution behavior. This confirms that the predicted grain sizes follow a 

systematic trend rather than random scatter, producing the expected cumulative response as shown 

in Figure 11. The figure presents the cumulative grain-size distribution (CSD) curves for multiple 

depth intervals, where each curve reflects the progressive increase in cumulative frequency (%) 

with grain size. The spread and shape of the curves highlight the diversity of sediment 

characteristics across the formation. Intervals with a sharp rise in cumulative percentage indicate 

dominant grain fractions and better sorting, while more gradual transitions imply mixed or poorly 

sorted sediment populations. Differences among the curves reveal variations in sediment 

composition, depositional processes, and potential changes in sediment source or transport 

mechanisms. 
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Overall, the cumulative distribution trends demonstrate that the predicted grain-size values exhibit 

geologically meaningful patterns consistent with natural sediment variability. These outputs, 

generated through machine-learning modeling, were exported into an Excel file 

(“Predicted_Grain_Size.xlsx”) to improve accessibility and user convenience, with representative 

values presented in Appendix B. 

 

Figure 11:  Cumulative Distribution Function (CDF) of Grain Size (%) for Selected Depth 

Intervals. 

5. Conclusion 

In conclusion, predicting particle size distribution from well logs using machine learning has 

proven to be a promising method for application in the oil and gas industry, despite the challenges 

posed by limited data availability due to confidentiality restrictions and time constraint. The 

forecast was applied using a random forest algorithm as a type of machine learning. Several data 

analysis techniques were used to ensure the accuracy of the forecast. These methods include 

identification and handling outliers of well logs to minimize the impact on finding the correlation 

between well log and grain size distribution. Another technique employed was to use a weighted 

grain size instead of the mean or median while training the algorithm. Additionally, statistics were 

used on the trained well log values to predict new grain size values, improving model accuracy by 

up to 89%. To ensure the legitimacy of the results, the project team has employed data visualization 

techniques such as using graphs to represent the data in a clear and concise manner.  

 



 

15 

 

 

Funding 

This research received no specific grant from funding agencies in the public, commercial, or non-

profit sectors. 

Declaration of Competing Interest 

The authors declare that there are no known competing financial interests or personal relationships 

that could have appeared to influence the work reported in this paper. 

Declaration of Generative AI and AI-Assisted Technologies 

During the preparation of this manuscript, the authors used ChatGPT (OpenAI) solely for English 

language editing, grammatical corrections, and improving the clarity and readability of the text. 

The research methodology, data analysis, interpretation of results, and scientific conclusions were 

independently developed by the authors. All AI-assisted edits were carefully reviewed and verified 

by the authors, who take full responsibility for the content and scientific integrity of the 

manuscript. 

References 

[1] Masumura, R., Mikada, H., & Takekawa, J. (2019). The relation between permeability and 

grain size distribution. *Proceedings of the 81st EAGE Conference & Exhibition*, 1–5. 

https://doi.org/10.3997/2352-8265.20140242. 

[2] Anifowose, F. A., Mezghani, M. M., & Shahrani, S. S. (2020). Indirect estimation of clastic 

reservoir rock grain size from wireline logs using a supervised nearest neighbor algorithm. *SPE 

Middle East Oil and Gas Show and Conference*. https://doi.org/10.2118/205156-MS. 

[3] Clarke, S. M., Pettigrew, R., Priddy, C., & Clarke, S. M. (2024). Outcrop spectral gamma-ray 

signals of distal arid continental basins: Facies identification and controls. *Marine and Petroleum 

Geology*, 157, 107047. https://doi.org/10.1016/j.marpetgeo.2024.107047. 

[4] Chen, L., Ji, H., Qiu, N., & Zhang, L. (2021). A conversion for average grain size based on 

gamma ray well log: Application in the Second Member of Xujiahe Formation of Anyue Area, 

Sichuan Basin. *Frontiers in Physics*, 9, 807303. https://doi.org/10.3389/fphy.2021.807303. 

[5] Fan, H. (2022). Quantitative prediction of low-permeability sandstone grain size based on 

conventional logging data by deep neural network-based BP algorithm. *Geofluids*, 2022, 

7498449. https://doi.org/10.1155/2022/7498449. 

https://doi.org/10.3997/2352-8265.20140242
https://doi.org/10.2118/205156-MS
https://doi.org/10.1016/j.marpetgeo.2024.107047
https://doi.org/10.3389/fphy.2021.807303
https://doi.org/10.1155/2022/7498449


 

16 

 

[6] Sazali, Y., Gödeke, S., Sazali, W. L., Ibrahim, J. M., Graham, G. M., Kidd, S. L., & Ohen, H. 

A. (2018). Fines migration during CO₂-saturated brine flow in carbonate reservoirs with migratory 

clay minerals: Malaysian formations. *SPE International Symposium on Formation Damage 

Control*. https://doi.org/10.2118/189569-MS. 

[7] Bücker, C. J. (2001). Statistical analysis of wireline logging data of CRP-3 drillhole. *Terra 

Antarctica*, 8(4), 491–505. https://epic.awi.de/id/eprint/27400/. 

[8] Edwards, J. M. (1959). Quantitative evaluation of the density log in the Rocky Mountain area. 

*Journal of Petroleum Technology*, 11(4), 29–34. https://doi.org/10.2118/1229-G. 

[9] Wu, L., Dong, Z., Li, W., Jing, C., & Qu, B. (2021). Well-logging prediction based on hybrid 

neural network model. *Energies*, 14(24), 8583. https://doi.org/10.3390/en14248583. 

[10] Martinelli, G., & Gasser, M.-O. (2021). Machine learning models for predicting soil particle 

size fractions from routine soil analyses in Quebec. *Soil Science Society of America Journal*, 

85(3), 962–976.  

[11] Su, Q. (2020). Sedimentary environment prediction of grain-size data based on a machine 

learning approach. *Interpretation*, 8(3), 1–6. https://doi.org/10.1190/INT-2019-0153.1. 

[12] Aguinis, H., Gottfredson, R. K., & Joo, H. (2013). Best practice recommendations for 

defining, identifying, and handling outliers. *Organizational Research Methods*, 16(2), 270–301. 

https://doi.org/10.1177/1094428112470848. 

[13] Engineering Statistics Handbook. (n.d.). Detection of outliers. NIST. 

https://www.itl.nist.gov/div898/handbook/eda/section3/eda35h.htm. 

[14] Verkoeijen, P. P. J. L., Polak, M. G., Bouwmeester, S., Vazire, S., & Savalei, V. (2021). A 

practical illustration of methods to deal with potential outliers: A multiverse outlier analysis. 

*Collabra: Psychology*, 7(1), 8. https://doi.org/10.1525/collabra.11.8. 

 

 

https://doi.org/10.2118/189569-MS
https://epic.awi.de/id/eprint/27400/
https://doi.org/10.2118/1229-G
https://doi.org/10.3390/en14248583
https://doi.org/10.1190/INT-2019-0153.1
https://doi.org/10.1177/1094428112470848
https://www.itl.nist.gov/div898/handbook/eda/section3/eda35h.htm


 

17 

 

Appendix: 

Appendix A: Statistical Measures 

 
Appendix B: Predicted Grain Size 

 

Appendix C: Grain-Size Fraction Consistency Check 

The predicted grain-size fractions were checked to confirm that their percentages sum to 100% for 

each depth interval. This check assesses the compositional consistency of the predicted grain-size 

distributions. 


