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ABSTRACT 18 

 19 

Automated lithology classification from wireline logs plays a crucial role in enhancing subsurface characterization, 20 

reservoir delineation, and completion design efficiency. This paper develops two widely used supervised machine-21 

learning classifiers, Random Forest (RF) and K-Nearest Neighbors (KNN), for predicting multi-well lithology. The 22 

evaluation uses four standard wireline logs: gamma ray (GR), bulk density (RHOB), corrected sonic transit time 23 

(DTCORR), and effective porosity (PHIE), collected from four North Sea wells (F02-01, F03-02, F03-04, and F06-01). 24 

Four lithology classes Shale, Sandstone, Tight Sand, and Carbonate were used to conduct the evaluation of the models, 25 

which were conducted without core-calibrated ground truth or fixed petrophysical cut-offs. The assessment involved 26 

blind-well testing and Leave-One-Well-Out (LOWO) cross-validation. Hyperparameters were improved through the 27 
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application of stratified five-fold cross-validation. In the blind F06-01 well, Random Forest (RF) demonstrated an 28 

accuracy of 100.0% (weighted F1 = 1.000), in contrast to KNN's accuracy of 98.45%. Additionally, LOWO validation 29 

produced mean accuracies of 99.58% for RF and 97.10% for KNN. GR, RHOB, and PHIE were the primary features 30 

of significance, while DTCORR had a negligible contribution. The models reached a consensus on 98.4% of blind-well 31 

samples, with RF accurately addressing all discrepancies. Even without feature scaling, Random Forest's full, feature-32 

randomized ensemble structure surpasses the distance-based KNN classifier in inter-well log variability robustness. 33 

We address the limitations of rule-based labeling without core data, review machine learning research for lithology 34 

and facies classification, and propose resistivity logs, ensemble boosting, and core-calibrated labels for future research. 35 

36 
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1. Introduction 37 

Subsurface lithology identification is essential in groundwater hydrogeology and petroleum geoscience. Rock 38 

formation lithology affects mechanical properties, fluid storage capacity, permeability, and porosity, which affect 39 

reservoir characterisation, completion design, geomechanically modelling, and field development decisions. 40 

Lithology interpretation has traditionally been done by skilled petrophysicists using wireline logs, cross-plots, 41 

deterministic cut-offs, and qualitative pattern recognition after extensive fieldwork (Rider, 1996). This manual method 42 

is the gold standard when all the data and in-depth mineralogical analysis are available, but it's inefficient for large 43 

multi-well datasets, interpreter variability is a problem, and it's hard to maintain consistency across borehole 44 

environments like a large field or basin. 45 

Over the past decade, supervised machine learning has become a potent technique for automating wireline 46 

log lithology and facies categorization. Support Vector Machines, K-Nearest Neighbours, Gradient Boosting, Random 47 

Forest, and Artificial Neural Networks have been tested with mixed results. K-Nearest Neighbours and Random Forest 48 

(RF) are supervised learning algorithms (Breiman, 2001; Chen & Guestrin, 2016; Cover & Hart, 1967; Hall, 2016). 49 

RF ensemble bagging combines multiple decision trees trained on bootstrapped data and randomly selected feature 50 

sets. KNN, an instance-based, non-parametric technique, assigns a new sample's class based on the feature space's 51 

majority class (Jamshidi Gohari et al., 2023; Pang et al., 2025). Geoscience applications benefit from both algorithms' 52 

interpretable outputs (feature importance for RF and local neighbourhood structure for KNN), minimal 53 

hyperparameter tuning, and the ability to represent non-linear log response-lithology correlations. 54 

Despite their prominence, geoscience literature mostly compares RF and KNN in single-well or randomly 55 

split train/test investigations (Jiang et al., 2024). Direct and controlled comparisons under genuine multi-well 56 

situations, where a model trained on particular wells must generalize to unknown wells, are rare (H. Zhang et al., 57 

2024; Z. Zhang et al., 2025). Random train/test splits inside a well tend to exaggerate model performance because 58 

close depth samples are highly autocorrelated. This lets the model memorize local log characteristics instead of 59 

lithology-based correlations across boreholes(Li et al., 2025; Sun et al., 2026a; Zhao et al., 2024). This paper examines 60 

how well the model predicts lithology in an unfamiliar well, not how well it aligns with logs. This question matters 61 

more in industry. 62 

Machine learning for wireline log interpretation has grown due to the widespread adoption of data-driven 63 

methods in petroleum and groundwater geosciences during the past 15 years (Sun et al., 2026b; H. Zhang et al., 2024; 64 
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Zhao et al., 2024). Early Artificial Neural Network studies focused on facies and lithology categorization (Jiang et al., 65 

2024; Mousavi & Hosseini‐Nasab, 2024; Mukherjee et al., 2024; Pang et al., 2025). This work found that non-linear 66 

correlations between log responses and lithological classes outperformed linear discriminant or cross-plot-based cut-67 

off approaches in sections with diverse geological features(Bestagini et al., 2017). However, ANN-based approaches 68 

were often criticized for being too dependent on training hyperparameters and network architecture and for making 69 

"black-box" conclusions. Researchers investigated numerous algorithm families to find a better balance between 70 

prediction strength and ease of comprehension. 71 

Research showing SVMs' resistance to limited training data and capacity to construct non-linear decision 72 

boundaries using the kernel method without feature engineering has made them attractive lithofacies classification 73 

tools. In common wireline-log facies classification situations, SVM is competitive but not always better than tree-74 

based ensemble techniques (Tschannen et al., 2017). Instead of being universal, these algorithms' rankings depend on 75 

the dataset and attributes used. 76 

Breiman refined bagging and random subspace ensemble methods using Random Forest in the early 2000s 77 

(Breiman, 2001). It has since been frequently employed in petroleum geoscience. These include seismic facies 78 

categorization, crack identification, permeability and porosity estimation, and lithofacies prediction (Tewari & 79 

Dwivedi, 2019). The literature emphasizes its robustness to noisy or outlier-contaminated log measurements, 80 

insensitivity to input feature scale, and use of mean decrease in impurity to intrinsically prioritize features, which aids 81 

geological interpretation of model behavior. Multiple studies on multi-well lithology have demonstrated that Random 82 

Forest can classify with 85%–99% accuracy. These findings depend on the number of lithology classes, feature set, 83 

and validation method (within a well or across independently held-out wells) (Alaudah et al., 2019). Despite being 84 

more rigorous, the second validation approach always has worse accuracy than random, single-well train/test splits. 85 

In naive random splitting, spatial and depth autocorrelation may improve performance, according to the research. 86 

In addition to its lengthy history as a general-purpose pattern recognition method, K-Nearest Neighbours is 87 

used in wireline log facies classification to compare more advanced algorithms. Multiple studies show that feature 88 

scaling and distance metric choices affect KNN performance. Its accuracy may also decrease when applied to wells 89 

with considerably different log properties from the training wells(Chawshin et al., 2021; Dunham et al., 2020) . 90 

Changes in tool calibration, mud weight on density logging, borehole circumstances, and depositional settings may 91 

induce this (Ao et al., 2018). This sensitivity makes Random Forest, Gradient Boosting, and SVM better than KNN 92 
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in multiple wells or cross-basin validation. KNN performs similarly or better in basic, single-well validation cases 93 

(Bressan et al., 2020). This research uses a controlled dataset of four North Sea wells to directly and statistically 94 

examine this tendency. It also explores feature relevance and sample-level model agreement, unlike most existing 95 

literature. 96 

Deep learning architectures, gradient boosting frameworks (e.g., XGBoost and LightGBM), and multi-curve 97 

log sequences have enabled recent advances in automated lithology and facies prediction. Though it requires more 98 

training data, is more computationally intensive, and is less interpretable than Random Forest, some studies show it 99 

improves accuracy slightly. More complex designs are not examined in this research. A controlled comparison of two 100 

baseline classifiers with an emphasis on interpretability is our focus. 101 

This research examines the central question of which classifier, Random Forest or K-Nearest Neighbours 102 

(Breiman, 2001; Mukherjee et al., 2024), yields more accurate and consistent lithology predictions when trained on 103 

wireline logs from multiple wells and evaluated on log data from a well that was entirely withheld from training. A 104 

secondary question pertains to interpretability: which wireline curves are most influential in lithology discrimination, 105 

and do the two algorithms concur on the relative significance of those curves? Responding to these inquiries holds 106 

significant practical importance for subsurface teams as they determine the appropriate algorithm to implement in 107 

production lithology-prediction pipelines. This is especially relevant in scenarios where core data is limited or absent, 108 

and the labels utilized for training are based on petrophysical cut-off rules instead of actual core descriptions. 109 

 110 

1.1. Study Area Wells and Data 111 

 112 

This research used four North Sea hydrocarbon-bearing basin wells: F02-01, F03-02, F03-04, and F06-01. 113 

These wells cover depth intervals from 29-30 m to 1,700-3,150 m and include 4,400–13,800 depth samples with 114 

complete (non-null) records across the four shared wireline curves used in this study: gamma ray (GR, API units), 115 

bulk density (RHOB, g/cc), sonic transit time corrected for cycle-skipping (DT_CORR, microseconds per foot), and 116 

effective porosity. These four curves were chosen because they were constant across all four wells, a common 117 

constraint in multi-well geoscience datasets. Variations in drilling schedule or operators cause logging suite variations. 118 

Three wells (F02-01, F03-02, F03-04) were chosen as the training set, while the fourth well (F06-01) was withheld as 119 

a blind test well, unseen by either model during training and hyperparameter tuning. Leave-One-Well-Out (LOWO) 120 
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cross-validation was then used for a more rigorous evaluation. Each of the four wells was withheld as the test well 121 

while the other three were used for training. This yielded four distinct train/test folds and a more statistically reliable 122 

inter-well generalization estimate. 123 

Random Forest was chosen because of its reputation in applied geoscience machine learning literature as a 124 

dependable, low-maintenance baseline. It automatically handles non-linear and non-monotonic log curve-lithology 125 

class relationships, is robust to outliers, and does not require feature scaling. It also provides a cost-effective feature 126 

priority ranking based on the mean impurity decrease across its constituent trees. K-Nearest Neighbours was chosen 127 

as a contrasting, conceptually simple baseline that does not assume the functional structure of the feature-class label 128 

connection. Only local similarity in an appropriately scaled feature space is used. KNN's predictions are more affected 129 

by measurement scale and systematic inter-well log characteristics (such as tool calibration, mud weight impacts on 130 

density, or borehole-specific sonic cycle-skipping) than RF, which divides feature space through axis-aligned, scale-131 

invariant threshold splits. This study uses multi-well log data to test the theoretical expectation in practice. 132 

2. Methodology  133 

Wireline log data for the four study wells were loaded and examined for completeness across the four 134 

common curves of interest: GR, RHOB, DT_CORR, and PHIE. Null values, represented in the source files by the 135 

standard LAS sentinel value of -999.25, were substituted with NaN and subsequently excluded from analysis through 136 

row-wise deletion on the feature columns. Following the cleaning process, the four wells retained a total of complete 137 

depth samples ranging from approximately 4,400 to 13,800, as summarized in Table 1. Depth ranges exhibited 138 

significant variation among the wells, with the shallowest commencing at approximately 29-30 m below the reference 139 

datum and reaching a maximum logged depth of 3,150 m in well F02-01. This variation is indicative of differing well 140 

objectives, completion intervals, and logging programs throughout the study area. 141 

Table 1. Summary of well-log datasets used in this study, after removal of incomplete depth samples. 142 

Well Role Depth Range (m) Complete Samples Mean GR (API) 

F02-01 Training 30 – 3,150 4,418 59.0 

F03-02 Training 30 – 2,140 13,771 39.8 

F03-04 Training 30 – 1,900 11,789 46.7 

F06-01 Blind test 29 – 1,700 10,826 47.4 

 143 
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No core descriptions or laboratory-derived mineralogical ground truth were accessible for any of the four 144 

study wells. In this operational scenario, a consistent set of petrophysical cut-offs was uniformly applied across all 145 

wells to assign a categorical lithology label to each depth sample. This approach ensured that any classifier trained on 146 

these labels was learning a well-defined, reproducible target function rather than an arbitrary or well-specific labeling 147 

convention. Four lithology classes were established: Shale, Sandstone, Tight Sand, and Carbonate. The decision logic, 148 

applied in sequence to each depth sample, is outlined in Table 2 149 

Table 2. Rule-based petrophysical cut-offs are used to assign lithology labels in the absence of core data. 150 

Lithology GR (API) RHOB (g/cc) PHIE (frac.) Label Code 

Shale ≥ 70 — — 0 

Sandstone < 70 < 2.20 ≥ 0.25 1 

Tight Sand < 70 2.20 – 2.60 < 0.25 2 

Carbonate < 35 ≥ 2.60 — 3 

 151 

The petrophysical convention classifies samples with GR ≥ 70 API as shale, as they contain radioactive clay 152 

minerals and have higher natural gamma radiation than clean reservoir lithologies. Since limestone and dolomite have 153 

a higher matrix density than siliciclastic lithologies, samples with GR below 35 API and RHOB above 2.60 g/cc were 154 

categorized as carbonate. Sandstone samples were clean, well-sorted, high-porosity reservoir-quality sand with a 155 

RHOB of less than 2.20 g/cc and a PHIE of 0.25 or higher. Samples that did not meet Sandstone requirements were 156 

classified as residual Tight Sand. This categorization includes compacted, cemented, or partially shaly sand intervals 157 

with intermediate density and lower porosity than clear Sandstone. This labeling logic was applied equally across all 158 

four wells, preventing well-specific bias in the target variable definition. 159 

Consider that this labeling approach simplifies lithological complexity and does not account for diagenetic 160 

effects, grain-size variation within a lithology class, or transitional/interbedded facies. In Section 4.4, we revisit this 161 

constraint. Since the research aims to compare classifier performance in a controlled context, the rule-based technique 162 

provides a consistent, reproducible, and visible target variable. 163 

2.1. Feature Set 164 

For this model, we utilized four wireline curves: gamma ray (GR), bulk density (RHOB), sonic transit time 165 

adjusted for cycle-skipping (DT_CORR), and effective porosity (PHIE). These curves were found in all the wells in 166 



Y Bashir: Lithology Prediction 8 

the study and were considered to be of consistent quality. No new engineered features, such as log-derivative curves, 167 

rolling-window statistics, or cross-curve ratios, were introduced to ensure that the impact of classifier selection was 168 

distinct from the influence of feature engineering. This investigation did not include resistivity logs because, despite 169 

their widespread usage in lithology and fluid-type discrimination, they were not consistently available across all four 170 

wells. 171 

 172 

2.2. Train/Test Partitioning Strategies 173 

Blind-Well Holdout 174 

The main evaluation strategy adhered to established industry practices for determining whether a lithology 175 

classifier generalizes across different borehole environments, rather than simply conforming to the specific log 176 

characteristics of wells previously encountered during training. Three wells (F02-01, F03-02, F03-04) were combined 177 

to create a training dataset consisting of 29,978 samples. The fourth well, F06-01, includes 10,826 complete samples 178 

and was entirely withheld as a blind test set, ensuring it was never used in any capacity during model training or 179 

hyperparameter tuning. This partitioning directly simulates the operational scenario of implementing a lithology 180 

model, developed using offset wells, on a newly drilled well before or in the absence of core acquisition. 181 

Leave-One-Well-Out Cross-Validation 182 

Although the blind-well holdout offers a singular, realistic generalization estimate, it represents merely one 183 

specific selection of the well that is excluded. To achieve a more statistically robust and independent estimate of 184 

generalization performance, a Leave-One-Well-Out (LOWO) cross-validation scheme was implemented. In this 185 

scheme, each of the four wells was sequentially designated as the test well, while the other three wells were aggregated 186 

to create the training set. This process resulted in a total of four independent train/test folds. Both Random Forest and 187 

KNN were retrained from scratch within each fold utilizing the identical hyperparameters chosen during the blind-188 

well tuning stage (Section 2.5). Weighted accuracy and weighted F1-score were documented for each fold. The 189 

average and per-well performance across all four folds represents the most stringent evaluation of inter-well 190 

generalization demonstrated. 191 

2.3. Model Architectures and Hyperparameter Tuning  192 

Random Forest 193 
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Random Forest builds a collection of decision trees, where each tree is trained on a separate bootstrap sample of 194 

the training data. During the training process, each split in the trees is limited to a random subset of the features. In 195 

this case, the square-root heuristic was applied, setting max_features to 'sqrt', which means that each split only 196 

considered two out of the four available features. Final predictions are derived through a majority vote among all trees 197 

within the ensemble. This dual source of randomness — bootstrap row sampling and random feature subsetting at 198 

each split — serves to decorrelate the individual trees, thereby reducing the variance of the ensemble prediction in 199 

comparison to any single deep decision tree, while maintaining bias largely unchanged. This phenomenon exemplifies 200 

the classical bias-variance decomposition that underpins ensemble bagging methods. A minimum of two samples per 201 

leaf (min_samples_leaf = 2) was established to ensure a degree of regularization against overfitting to noise in 202 

individual leaves. 203 

The number of trees in the forest (n_estimators) was optimized through stratified five-fold cross-validation on the 204 

combined training set, evaluating candidate values of 10, 25, 50, 100, 150, 200, and 300 trees. Stratified folds were 205 

implemented to maintain the class proportions of the imbalanced training data in each fold. Cross-validation accuracy 206 

remained largely consistent throughout the entire range examined, fluctuating by less than 0.0001 between the optimal 207 

and least effective ensemble sizes (all values falling between roughly 0.99975 and 0.99985); twenty-five estimators 208 

reached the peak cross-validation accuracy of 0.9999 (Figure 5). Twenty-five estimators were selected as the operating 209 

configuration for all subsequent Random Forest results reported in this study. This choice achieves equivalent cross-210 

validated accuracy to significantly larger forests while incurring a fraction of the computational and memory cost. 211 

This characteristic is advantageous for production deployment on large multi-well datasets and further indicates that 212 

this four-feature, four-class classification problem is well within the modeling capacity of even a small Random Forest 213 

ensemble. 214 

K-Nearest Neighbours 215 

K-Nearest Neighbours classifies a query sample based on a distance-weighted vote from its K nearest neighbours 216 

in feature space. In this study, the Euclidean metric is employed, with neighbour contributions weighted by the inverse 217 

of their distance (weights = 'distance'). This approach ensures that closer neighbours have a proportionally greater 218 

influence on the predicted class compared to those that are more distant. Due to the sensitivity of Euclidean distance 219 

to the relative numerical scale of each input feature, all four wireline curves underwent standardization (zero mean, 220 



Y Bashir: Lithology Prediction 10 

unit variance) utilizing a StandardScaler that was fitted on the training data. This scaler was then applied to the held-221 

out test data without refitting, thereby preventing any information leakage from the test set into the scaling 222 

transformation. 223 

The parameter K, representing the number of neighbors, was adjusted using a stratified five-fold cross-validation 224 

method similar to that used in a Random Forest, exploring integer values of K ranging from 1 to 30. Cross-validation 225 

accuracy peaked at 0.9930 when K was set to 4. All tested K values achieved accuracy within roughly 0.0008 of each 226 

other, and the resulting curve displayed a non-monotonic, multi-modal pattern instead of a single smooth peak (Figure 227 

6). K = 4 was chosen as the operating configuration for all subsequent KNN results reported in this study due to its 228 

highest single cross-validation score 229 

2.4. Evaluation Metrics 230 

Model performance was assessed through overall classification accuracy, alongside per-class precision, recall, 231 

and F1-score. The weighted average F1-score, adjusted for class support, was highlighted as the primary summary 232 

statistic to address the significant class imbalance in the dataset, where Sandstone and Tight Sand are notably more 233 

common than Shale, and Carbonate is exceedingly rare in the examined wells. Confusion matrices, displayed in both 234 

raw counts and row-normalised proportions, were implemented to illustrate the distinct patterns of class confusion 235 

demonstrated by each classifier. Feature importance was evaluated for Random Forest using the mean decrease in 236 

Gini impurity across all trees and splits. For KNN, permutation importance was employed, where each feature is 237 

shuffled independently, and the resulting decline in held-out accuracy is noted as the importance of that feature. This 238 

method is necessary for KNN since, unlike Random Forest, KNN does not have an inherent model-based 239 

understanding of feature importance 240 

2.5. Software and Computational Environment 241 

All analysis was conducted in Python with the help of scikit-learn for model training, hyperparameter tuning, and 242 

evaluation metrics; pandas and NumPy for data manipulation; and Matplotlib for visualization. Figures were exported 243 

at publication resolution (600 dots per inch, raster and vector PDF formats) through a standardized figure-export 244 

routine to maintain consistent typography, color palettes, and sizing across all plots included in this paper. A fixed 245 
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random seed (42) was utilized consistently for all stochastic operations, encompassing bootstrap sampling in Random 246 

Forest and cross-validation fold assignment, to guarantee the reproducibility of the reported results. 247 

3. Results 248 

3.1. Raw Well-Log Character and Multi-Well Overview 249 

Figure 1 illustrates a composite log display for well F02-01, which is the longest and deepest well in the 250 

study dataset. It features continuous traces of gamma ray, bulk density, corrected sonic transit time, and effective 251 

porosity plotted against depth. Additionally, the shale gamma-ray cut-off (70 API) is overlaid as a reference line on 252 

the gamma ray track and shaded in areas where it is exceeded. The logging suite typically captures typical vertical 253 

heterogeneity, as seen in this single-well view. Intervals of reduced porosity and elevated GR and density are 254 

consistent with intervals dominated by shale, while intervals of lower density and higher porosity that occur between 255 

these two likely represent reservoir sand. 256 

 257 

Figure 1: Composite well-log display for well F02-01 showing gamma ray (with shale cut-off reference line), bulk 258 

density, corrected sonic transit time, and effective porosity against depth. 259 
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Figure 2 presents a summary of the statistical distribution of the four wireline curves across all four study 260 

wells through the use of box plots, facilitating a direct visual comparison of the log characteristics between the wells. 261 

Although the four wells display generally comparable central tendencies for each curve, there are noticeable 262 

systematic differences. For instance, F02-01 shows a significantly higher median and a wider interquartile range in 263 

GR compared to the other three wells, aligning with its reported mean GR of 59.0 API, in contrast to the 39.8-47.4 264 

API range observed in the remaining wells (Table 1). Inter-well shifts in log character present significant challenges 265 

for classifiers attempting to generalize from training wells to an unseen test well. This phenomenon is specifically 266 

what the blind-well and LOWO validation strategies in this study aim to investigate. 267 

 268 

Figure 2: Box-plot summary of GR, RHOB, DT_CORR, and PHIE distributions across all four study wells, 269 

illustrating inter-well variability in log character. 270 

Figure 3 presents a comprehensive four-by-four panel comparison of log traces, differentiated by their 271 

assigned lithology labels, for all four wells concurrently. The lithology distribution derived from the rule-based 272 

labeling scheme (Section 2.2), as summarized in Table 3, indicates that Sandstone is predominant in three of the four 273 

wells (63.3-75.3% in F03-02, F03-04, F06-01), while F02-01 exhibits a distinctly different character: Tight Sand is 274 

dominant at 63.3%, with a comparatively lower presence of clean Sandstone at 18.0%. This observation aligns with 275 

the well's distinctly elevated mean GR and the visibly different log character illustrated in Figure 2. Shale constitutes 276 

a significant minority class across all wells, ranging from 10.8% to 18.7%. Carbonate, although very rare, is indeed 277 

present in this dataset at a trace level of 0.5% in F03-02. This contrasts with the complete absence noted in some 278 
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simplified analyses of similar data, highlighting the predominantly siliciclastic, yet not exclusively siliciclastic, 279 

depositional environment of the study area. 280 

Table 3. Lithology class distribution (%) per well, resulting from the rule-based petrophysical labelling scheme 281 

described in Section 2.2. 282 

Well Shale (%) Sandstone (%) Tight Sand (%) Carbonate (%) 

F02-01 18.7 18.0 63.3 0.0 

F03-02 10.8 70.6 18.0 0.5 

F03-04 14.0 75.3 10.7 0.0 

F06-01 13.7 70.0 16.3 0.0 
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 283 

Figure 3: Multi-well overview of wireline log traces, coloured by rule-based lithology label, for all four study wells 284 

(F02-01, F03-02, F03-04, F06-01). 285 

3.2. Cross-Well Petrophysical Cross-Plots 286 

Before the training of the model, cross-well petrophysical cross-plots (Figure 4) were analyzed to ensure that 287 

the rule-based labeling scheme generated consistent and well-separated lithology clusters across all four wells, rather 288 

than artifacts specific to individual wells. The GR-RHOB and RHOB-PHIE cross-plots demonstrate a coherent 289 

clustering of Shale, Sandstone, and Tight Sand populations across all wells, maintaining the expected physical trends. 290 
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Shale samples are grouped at elevated gamma ray (GR) readings and intermediate to high bulk density (RHOB); 291 

Sandstone samples are located at low GR, low RHOB, and high porosity (PHIE); while Tight Sand is positioned in an 292 

intermediate, more dispersed area of the cross-plot space, aligning with its classification as a residual category that 293 

includes compacted or partially cemented sand. The rare Carbonate samples in F03-02 are distinctly plotted at low 294 

GR and high RHOB, aligning with their petrophysical definition (Table 2). This consistency across wells instilled 295 

confidence that a classifier trained on three wells could effectively transfer to the fourth without being hindered by a 296 

fundamentally different labeling regime in the held-out well. 297 

 298 

Figure 4: Cross-well petrophysical cross-plots (GR-RHOB, RHOB-PHIE, and related curve pairs) coloured by rule-299 

based lithology label, confirming consistent class separation across all four study wells prior to model training. 300 
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3.3. Hyperparameter Tuning  301 

Figure 5 illustrates the stratified five-fold cross-validation accuracy of the Random Forest model in relation to the 302 

number of trees in the ensemble (n_estimators). The analysis encompasses candidate values of 10, 25, 50, 100, 150, 303 

200, and 300. Observe the significantly compressed y-axis scale in Figure 5 (values offset from 0.9998): cross-304 

validation accuracy was nearly saturated throughout the entire range tested, with all ensemble sizes achieving accuracy 305 

within roughly 0.0001 of each other. Twenty-five trees reached the highest recorded cross-validation accuracy of 306 

0.9999, slightly surpassing the other tested sizes, and was consequently selected as the final configuration for the 307 

Random Forest. This nearly flat tuning curve suggests that the four-feature, four-class lithology classification problem 308 

discussed here is well within the modeling capabilities of even a small ensemble. Additionally, it indicates that there 309 

is minimal additional predictive advantage to be obtained from significantly larger forests on this dataset. 310 

 311 

Figure 5: Stratified five-fold cross-validation accuracy of Random Forest as a function of the number of trees 312 

(n_estimators), showing rapid convergence to a near-perfect cross-validation score. 313 

Figure 6 illustrates the cross-validation accuracy curve for KNN, depicting the relationship between the number 314 

of neighbors, K, which varies from 1 to 30. As illustrated in Figure 5, observe the compressed y-axis scale (0.9922-315 

0.9930): all evaluated values of K attained cross-validation accuracy within roughly 0.0008 of each other. Accuracy 316 

achieved its peak value of 0.9930 at K = 4, then experienced a significant drop to a local minimum around K = 8-9. It 317 

subsequently recovered through a series of smaller secondary local peaks between K = 12 and K = 18, before gradually 318 

declining as K approached the largest tested values. This irregular, non-monotonic pattern — instead of the smooth, 319 
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single-peaked curve often idealized in textbook discussions of the bias-variance trade-off — illustrates the discrete, 320 

sample-specific characteristics of nearest-neighbour voting at this level of cross-validation accuracy. Here, successive 321 

integer values of K can each incorporate or omit a small number of borderline training samples situated near class 322 

boundaries. K = 4 was distinctly recognized as the optimal configuration and was selected as the final KNN 323 

configuration for this study. 324 

 325 

Figure 6: Stratified five-fold cross-validation accuracy of K-Nearest Neighbours as a function of the number of 326 

neighbours (K), showing a peak at K = 4. 327 

3.4. Blind-Well Test Performance 328 

Hyperparameters were set with twenty-five estimators for Random Forest and K = 4 for KNN. Both models were 329 

trained on the combined three-well training set, consisting of 29,978 samples, and evaluated on the completely 330 

withheld blind test well, F06-01, which included 10,826 samples. Random Forest attained an overall accuracy of 331 

100.0% on the blind test, demonstrating perfect precision, recall, and F1-score (1.00) across all three lithology classes 332 

identified in F06-01 (Shale, Sandstone, Tight Sand; Carbonate was absent in this specific well under the established 333 

cut-offs). KNN achieved an overall accuracy of 98.45%, with a weighted F1-score of 0.984. The per-class F1-scores 334 

for KNN were 0.963 for Shale, 0.992 for Sandstone, and 0.971 for Tight Sand. This indicates that the majority of 335 

KNN's residual error was concentrated in the Shale class, particularly in recall (0.941). A significant fraction of true 336 

Shale samples were misclassified by KNN as a different lithology, likely reflecting gradational, lower-GR shale 337 
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intervals situated near the K-class decision boundary in standardized feature space. These results are encapsulated in 338 

the publication-ready results table, which is reproduced as Figure 7, and also presented in Table 4 below. 339 

Table 4. Per-class and overall classification performance on the blind test well (F06-01) for Random Forest and 340 

KNN. Support denotes the number of true samples of each class in the test set. 341 

Model Lithology Precision Recall F1-score Support 

Random Forest Shale 1.000 1.000 1.000 1,480 

Random Forest Sandstone 1.000 1.000 1.000 7,578 

Random Forest Tight Sand 1.000 1.000 1.000 1,768 

Random Forest Overall (weighted) 1.000 1.000 1.000 10,826 

KNN Shale 0.987 0.941 0.963 1,480 

KNN Sandstone 0.990 0.994 0.992 7,578 

KNN Tight Sand 0.961 0.981 0.971 1,768 

KNN Overall (weighted) 0.984 0.984 0.984 10,826 

 342 

Figure 7: Results table summarising per-class and overall (weighted) precision, recall, F1-score, and accuracy for 343 

Random Forest and KNN on the blind test well F06-01. 344 

3.5. Confusion Matrix Analysis 345 
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Figure 8 presents confusion matrices for both classifiers on the blind test well, represented in terms of raw sample 346 

counts and row-normalised proportions. The confusion matrix for the Random Forest model is entirely diagonal, 347 

exhibiting no off-diagonal entries across the three classes in the test well, thereby validating the 100.0% accuracy 348 

stated in Section 3.4. The KNN confusion matrix indicates a reasonable level of confusion: out of 1,480 true Shale 349 

samples, 49 (3%) were incorrectly classified as Sandstone and 39 (3%) as Tight Sand, resulting in the relatively lower 350 

Shale recall (0.941) mentioned earlier. In the comparison between Sandstone and Tight Sand, the misclassification 351 

was relatively balanced: 32 genuine Sandstone samples were incorrectly identified as Tight Sand, while 29 authentic 352 

Tight Sand samples were misclassified as Sandstone. Additionally, there were minor confusions involving Shale and 353 

Tight Sand, with 14 and 5 samples misclassified, respectively. This pattern suggests that the primary source of error 354 

for KNN on this well was the differentiation between lower-GR Shale and the neighboring Sandstone and Tight Sand 355 

populations, rather than the Sandstone-Tight Sand boundary, which might be intuitively assumed to be the most 356 

challenging to distinguish due to their common depositional origin. 357 
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 358 

Figure 8: Confusion matrices for Random Forest (left) and KNN (right) on the blind test well F06-01, shown as raw 359 

counts (top row) and row-normalised proportions (bottom row). 360 

3.6. Feature Importance 361 

Figure 9 depicts the native feature importance of Random Forest, measured by the mean decrease in Gini impurity, 362 

for all four wireline curves. This information is displayed in both a bar chart and a radar/spider chart, allowing for 363 

direct visual comparison with the corresponding KNN permutation importance profile. Random Forest analysis 364 

revealed that gamma ray (GR) is the most significant curve, exhibiting a normalized importance of 0.434. This is 365 

closely followed by bulk density (RHOB) at 0.333 and effective porosity (PHIE) at 0.221. Corrected sonic transit time 366 

(DT_CORR) had minimal impact on the ensemble's decision-making, exhibiting a normalized importance of merely 367 

0.012. This ranking can be directly understood in relation to the rule-based labeling scheme (Table 2): GR serves as 368 

the main criterion distinguishing Shale from all other classes and plays a significant role in the Carbonate cut-off, 369 
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which likely accounts for its primary importance. Meanwhile, RHOB and PHIE are incorporated directly into the 370 

Sandstone/Tight Sand and Carbonate criteria. DT_CORR, which does not engage with the labelling logic, contributes 371 

a minimal discriminating signal. This outcome is reassuring from a model-validity perspective: the classifier has 372 

accurately learned to ignore an input variable that provides no information regarding the (rule-based) target it was 373 

designed to predict. 374 

 375 

Figure 9: Feature importance comparison between Random Forest (native Gini importance) and KNN (permutation 376 

importance) across all four wireline curves, shown as a grouped bar chart (left) and radar chart (right). 377 

3.7. Prediction Confidence and Model Agreement 378 

With a binary agreement/disagreement track, Figure 10 analyzes the per-sample prediction confidence (highest 379 

predicted class probability) for both classifiers along the depth of the blind test well. Both models reached a consensus 380 

on the predicted lithology for 10,658 out of 10,826 blind-well samples, representing 98.4%. The disagreement was 381 

limited to 168 samples, accounting for 1.6%, and was primarily observed around the Shale boundary and, to a lesser 382 

extent, in the Sandstone/Tight Sand transition zones, as anticipated from the confusion-matrix analysis. Among the 383 

168 samples where the two models exhibited disagreement, the predictions made by Random Forest aligned with the 384 

rule-based label in 100.0% of instances. In contrast, KNN's predictions corresponded with the rule-based label in 0.0% 385 

of the disagreement cases. This indicates that in every instance of divergence between the two classifiers, Random 386 

Forest was accurate while KNN was not. This finding offers robust, sample-level evidence (in addition to the aggregate 387 

accuracy figures presented in Section 3.4) that the classification advantage of Random Forest on this dataset is not 388 
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merely a result of class-imbalance-weighted averaging. Instead, it demonstrates a true and consistent superiority in 389 

addressing the specific ambiguous cases where the decision boundaries of the two algorithms diverge. 390 

 391 

Figure 10: Prediction confidence (maximum class probability) for Random Forest (left) and KNN (middle) along the 392 

depth of the blind test well F06-01, with a binary model-agreement track (right) highlighting depth intervals of 393 

disagreement. 394 

3.8. Full Well-Log Track Visualization 395 

The final geoscience visualization for this analysis is shown in Figure 11, which is a seven-panel composite well-396 

log track for the blind test well F06-01. It displays three lithology columns—the rule-based ('true') label, the Random 397 

Forest prediction, and the KNN prediction—as well as the four raw wireline curves (GR, RHOB, DT_CORR, and 398 

PHIE) against a common depth axis. Visual inspection validates the quantitative results of the confusion matrix: the 399 

Random Forest prediction track appears visually identical to the rule-based true lithology track at the shown scale, 400 

accurately reproducing each thin shale break and sand interval with remarkable fidelity. The KNN prediction track 401 

closely resembles the true track in general; however, it displays noticeable, scattered misclassifications, especially in 402 
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thin, gradational Shale intervals where individual samples are occasionally misclassified as Sandstone or Tight Sand. 403 

This observation aligns with the heightened Shale-class confusion discussed in Section 3.5. This figure demonstrates 404 

that, in addition to the overall statistics, the practical, depth-localised reliability of Random Forest predictions excels 405 

in tasks like pinpointing exact shale-cap or reservoir-to-non-reservoir contacts, where minor misclassifications could 406 

significantly impact net-pay calculations or seal-integrity evaluations. 407 

 408 

 409 

Figure 11: Full seven-panel well-log track for the blind test well F06-01: GR, RHOB, DT_CORR, and PHIE curves 410 

alongside the rule-based ('true') lithology column, Random Forest prediction column, and KNN prediction column, 411 

all plotted against a common depth axis. 412 

3.9. Leave-One-Well-Out Cross-Validation 413 
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The result from the blind well mentioned above is based on a specific selection of the held-out well. To evaluate 414 

the generalizability of the Random Forest advantage across various selections of held-out wells, the Leave-One-Well-415 

Out (LOWO) cross-validation method specified in Section 2.4.2 was utilized, systematically withholding each of the 416 

four wells in succession. Table 5 provides a summary of the results. Random Forest attained a mean LOWO accuracy 417 

of 99.58% (with a range of 98.82-100.00% across the four folds) and consistently outperformed KNN across all four 418 

held-out wells. KNN achieved a mean LOWO accuracy of 97.10% (range: 94.55-98.99%). Its weakest performance 419 

occurred when F02-01 was held out, resulting in an accuracy of 94.55%. This well's distinctive log character, 420 

characterized by an elevated mean GR and a Tight-Sand-dominated lithology distribution, differs significantly from 421 

the other three wells used to fit the StandardScaler and the KNN neighbourhood structure during that fold (Tables 1 422 

and 3). This single result is particularly instructive: it exemplifies the inter-well distributional shift discussed 423 

theoretically in Section 4.1, which disproportionately degrades KNN in comparison to Random Forest. F02-01 serves 424 

as a direct, empirical illustration of that mechanism within this dataset. The accuracy of Random Forest on the held-425 

out set (98.82%) demonstrated a significantly greater resilience to the same distributional shift. 426 

Table 5. Leave-One-Well-Out (LOWO) cross-validation results: weighted accuracy and weighted F1-score for 427 

Random Forest and KNN, for each of the four wells held out in turn, plus the overall mean across all four folds. 428 

Held-Out Well RF Accuracy RF F1 KNN Accuracy KNN F1 Winner 

F02-01 0.9882 0.9883 0.9455 0.9457 Random Forest 

F03-02 0.9950 0.9926 0.9641 0.9626 Random Forest 

F03-04 1.0000 1.0000 0.9899 0.9899 Random Forest 

F06-01 1.0000 1.0000 0.9845 0.9844 Random Forest 

Mean 0.9958 0.9952 0.9710 0.9707 Random Forest (4/4 wells) 

 429 

Here is the final comparison dashboard (Figure 12). It combines the per-well LOWO accuracy bar chart, per-well 430 

LOWO weighted F1-score bar chart, aggregate mean-performance comparison, and a qualitative model-properties 431 

reference table. The table summarizes the practical trade-offs between the two algorithms, including their requirements 432 

for feature scaling, training and prediction speed, robustness to noise, interpretability, and typical multi-well transfer 433 

performance. It also discusses the importance of native versus permutation-based features, transparency, and 434 

robustness to noise. The consistency of the Random Forest advantage across all four LOWO folds , particularly in the 435 
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F02-01 fold, which experienced the most significant inter-well distributional shift — along with its lack of requirement 436 

for feature scaling and its inherent feature-importance output- reinforces its selection as the preferred classifier for this 437 

multi-well lithology prediction task.  438 

 439 

Figure 12. Final comparison dashboard: per-well LOWO accuracy (top left), per-well LOWO weighted F1-score 440 

(top right), aggregate mean-performance comparison (bottom left), and qualitative model-properties reference table 441 

(bottom right).  442 

4. Discussion 443 

The single blind-well test and all four folds of the Leave-One-Well-Out cross-validation showed a wide and 444 

statistically significant performance disparity between Random Forest and KNN, consistent with several theoretical 445 

and practical properties of both algorithms. Random Forest's recursive, axis-aligned partitioning of feature space 446 

remains unchanged when features are monotonically rescaled. Thus, Random Forest decision boundaries are 447 

unaffected by systematic inter-well differences in the absolute level of a single log curve, such as F02-01's higher 448 
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mean GR than the other three wells (see Table 1). This is valid if lithology and log response correlation follows a 449 

consistent ordering and threshold structure across all wells. KNN classifies using Euclidean distance and a consistent 450 

feature space. This work correctly trained the scaler exclusively on the training wells to relocate the test well into the 451 

feature space relative to the training neighborhood structure if the training data does not contain any regular inter-well 452 

offset. The nearest-neighbor vote is directly influenced by this change. 453 

The Random Forest bagging approach averages trees based using bootstrapped subsets of the training data. This 454 

strategy frequently produces decision boundaries that are robust to each training set's noise. KNN, a one-pass, local 455 

technique, does not employ the ensemble structure's implicit regularization for training data quirks. Thirdly, as each 456 

Random Forest tree randomly subsets two of the four features at each split, the ensemble finds several partially 457 

redundant decision routes that produce the same classification result. This strategy may improve resilience if a single 458 

feature (like GR) is less reliable or more variable in an unknown well than in the training wells. 459 

As stated in Section 3.7, Random Forest was correct in 100% of the 168 blind test disagreements between the two 460 

models. This sample-level conclusion rules out the notion that class-imbalance-weighted averaging conceals 461 

compensating faults, giving Random Forest an accuracy advantage. However, Random Forest regularly beats all other 462 

classifiers, especially when borders are ambiguous and hard to resolve. 463 

Along with its improved accuracy on this dataset, Random Forest's intrinsic and cost-effective feature importance 464 

output, generated without model evaluations beyond the training period, is a major practical benefit for geoscience 465 

applications. The discriminating curves' order—gamma ray (GR) at 0.434 (normalized Random Forest importance), 466 

bulk density (RHOB) at 0.333, effective porosity (PHIE) at 0.221, and corrected sonic transit time (DT_CORR) at 467 

0.012—explains the results in geological terms. GR is both part of the Carbonate cut-off and the main criterion for 468 

classifying the Shale class in this rule-based labeling technique. RHOB and PHIE affect carbonate and sandstone 469 

criteria. Thus, these three curves may affect classifier performance. Two structurally independent algorithms agreeing 470 

on which input variables are most and least significant gives geoscientists more confidence in that ranking than a 471 

single model. KNN's independently computed permutation importance (Figure 9) was near to the top and bottom of 472 

the ranking, with GR being the most important curve (normalized importance 0.50) and DT CORR the least important 473 

(0.04). It's a useful crosscheck. Both algorithms ranked RHOB and PHIE in the middle differently. Random Forest 474 

favored RHOB over PHIE, whereas KNN favored PHIE due to permutation significance. This partial disagreement 475 

indicates that both curves include substantial, overlapping discriminating information for this labeling method, which 476 
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is useful. However, their accurate second-order ranking is less stable and more affected by the importance approach 477 

utilized, such as eliminating contaminants during tree construction or employing permutation-based accuracy 478 

deterioration. 479 

The rule-based labeling approach utilized in this study partially explains the importance ranking. Table 2 indicates 480 

that this strategy labels GR, RHOB, and PHIE as explicit cut-off variables but not DT_CORR. Since the aim variable 481 

may have been an alternate labeling scheme or true core-calibrated lithology, DT_CORR's relative priority ranking 482 

may have been changed. Petrophysically, porosity and matrix lithology affect sonic transit time, although this metric 483 

was not utilized to label. 484 

 485 

5. Conclusions 486 

The paper presents a comprehensive and versatile, machine-learning framework designed for the automated 487 

classification of lithology from wireline logs, based on multi-well datasets. In contrast to traditional single-well 488 

workflows, the proposed framework highlights the ability to predict inter-well performance by applying blind-well 489 

testing and Leave-One-Well-Out (LOWO) validation. This approach offers a practical evaluation of how well the 490 

model can be applied to wells that have not been previously encountered. By incorporating four broadly obtained 491 

wireline logs (GR, RHOB, DT_CORR, and PHIE), the framework effectively categorized four primary lithologies 492 

(Shale, Sandstone, Tight Sand, and Carbonate) while ensuring high predictive accuracy across diverse geological 493 

conditions. The results indicate that ensemble learning provides consistent and dependable performance despite inter-494 

well variability, underscoring its applicability for extensive subsurface characterization. Feature importance analysis 495 

revealed that gamma ray serves as the primary predictor of lithology, whereas corrected sonic transit time has a 496 

minimal contribution. This insight offers valuable direction for future log acquisition and feature selection strategies. 497 

The proposed workflow establishes a scalable and computationally efficient approach for automated lithology 498 

prediction, which can be easily extended to additional wells, larger basins, and more complex geological settings. 499 

Future work will concentrate on the integration of resistivity logs, core-calibrated lithological labels, advanced 500 

ensemble and deep learning models, along with uncertainty quantification, to improve the reliability and practical 501 

applicability of machine-learning-driven subsurface characterization. 502 

 503 
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