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ABSTRACT 

Accurate permeability prediction from wireline well logs remain a persistent 

challenge in reservoir characterization, as conventional empirical correlations 

often fail to capture the heterogeneous nature of reservoirs, while core-derived 

permeability data are costly and rarely available across all wells. Machine learning 

offers a data-driven alternative capable of modelling these complex relationships, 

but most existing studies rely on random train-test splitting, which ignores the 

spatial autocorrelation inherent in well log data and can overstate model 

generalizability. In this research, five different models of machine learning: 

random forest (RF), support vector machine (SVM), extreme gradient boosting 

(XGBoost), one-dimensional convolutional neural network (1D-CNN), and 

CNN–LSTM network were compared in terms of their ability to predict formation 

permeability based on well log data collected from three wells (Jay_01, Jay_02, 

Jay_03) in the Jay field, Niger Delta Basin, Nigeria. Four log curves, namely 

gamma ray (GR), neutron porosity (NPHI), deep resistivity (RT), and bulk density 

(RHOB), were used as inputs. The methodology used in this paper compares 

model performance through two validation procedures: random train-test splits 

(80% and 20%), and Leave-One-Well-Out (LOWO) cross-validation where every 

well in turn was left out as test data to take into account spatial autocorrelation in 

sequential in-depth logging data. R² values estimated through random splits (0.83-

0.97) overestimate generalization capacity of the models in comparison with 

LOWO R² values (0.63-0.73). Among the five models, XGBoost performs the best 

under LOWO procedure (R² = 0.734±0.163, MAE = 0.654 log-mD), followed by 

Random Forest (R² = 0.725±0.169). 
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INTRODUCTION 

Permeability is an important parameter governing fluid 

flow through porous media, one of the most critical 

petrophysical parameters for reservoir characterization, 

simulation model initialization, and well performance 

evaluation (Okoro et al., 2025). Direct measurement 

using core analysis procedures is costly, time-consuming, 

and not applicable in most wells drilled (Ottesen & 

Hjelmeland, 2008). Well logging data on the other hand 

can be collected continuously in almost all the drilled 

wells, and several empirical equations have utilized the 

data in predicting permeability (Abdulwahab et al., 2026; 

Timur, 1968; Coates & Denoo, 1981). However, these 

empirical equations assume mathematical forms which 

do not account for the heterogeneous nature of clastic 

reservoirs such as those of the Niger Delta Basin 

(Adamolekun, 2023). Machine Learning (ML) and Deep 

Learning (DL) models excel at modeling complex, multi-

dimensional permeability behaviors from well logs 

relative to traditional correlation methods (Mohaghegh, 

2000; Al-Anazi & Gates, 2010; Wood, 2020; Gu et al., 

2021). However, the majority of the research suffer from 

a fundamental limitation in their methodology: the 

process of randomly splitting data into train/test sets 

ignores the fact that well log data is inherently spatially 

auto-correlated (Okunlola et al., 2021). Nearby points at 

depths of several feet away from each other are highly 

correlated to each other in a single well; hence, a random 

split allows the model to learn from the nearest neighbors 

of its own test points (Bichri et al.,2024). This paper 
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bridges the gap by evaluating two validation techniques, 

random splitting and Leave-One-Well-Out (LOWO), 

through the application of five machine learning 

algorithms on three wells within the Jay field in Niger 

Delta. This paper makes the following contributions: a 

spatio-temporal LOWO validation methodology; the first 

comprehensive comparison of five algorithms under the 

two validation techniques on a Niger Delta data set; an 

explicit quantification of the random splitting inflation 

factor for all the five algorithms; and recommendations 

for algorithm selection in Niger Delta reservoirs. 

 

MATERIAL AND METHODS  
Niger Delta Basin 

The Niger Delta Basin is situated along the passive 

continental margin of West Africa and is one of the 

world’s most productive basins with proven reserves 

over 34 billion barrels (Tobiloba, 2024). The 

stratigraphic layers include the marine Akata which is 

predominantly a shaly formation, the paralic Agbada 

formation which is sandstones with the intercalation of 

shales (which is the reservoir), and the overlying Benin 

formation which is sandstones (which is the continental) 

(Short & Stäuble, 1967.). Sandstone of the Agbada 

formation forms distributary channels, barrier bars, and 

tidal flats with pore volumes between 15% and 30%, and 

permeabilities of 0.1 mD to 2,000 mD, with grain size of 

the formations being the most important factor 

influencing both the permeability and porosity 

(Egbokhare et al., 2026). 

 

Well Log Dataset 

The dataset comprises wireline logs for three wells, 

namely Jay_01, Jay_02, and Jay_03. After quality check 

and elimination of null values, 4,109 valid depth 

measurements at an interval of 0.5 feet remained. There 

were four input features for ML that included: gamma ray 

(GR, API); bulk density (RHOB, g/cc); neutron porosity 

(NPHI, v/v); and deep resistivity (RT, Ω.m). Dataset 

properties are shown in Table 1 while Figure 1 displays 

stratigraphic correlation of reservoir sands in the three 

wells using Gamma Ray log and Deep Resistivity log. 

Two reservoir Sand A and Sand B was picked using the 

GR and Resistivity logs signatures and correlated across 

the three wells in Jay field; regions with low GR values 

and high resistivity are picked as the reservoir [sand]. 

 

 
Figure 1: Stratigraphic Correlation of three wells (Techlog 2015) 

 

Table 1: Well log dataset characteristics for the Jay field, Niger Delta 

Well Depth Range (ft) N Samples GR (API) RHOB (g/cc) RT (Ω·m) NPHI (v/v) 

Jay_01 6760–7450 1,380 20–145 2.10–2.65 0.8–120 0.08–0.38 

Jay_02 6640–7370 1,461 18–138 2.08–2.63 1.0–110 0.07–0.40 

Jay_03 6580–7210 1,268 22–152 2.12–2.67 0.9–105 0.09–0.36 
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Target Variable 

Permeability was determined using the Timur equation 

(Timur, 1968): 

𝑘 =
8581 𝑥∅𝐸

4.4

𝑆𝑤
2     (1) 

where ØE is effective porosity and Sw is water saturation; 

all predictions are in log₁₀(k). The use of a synthetic target 

variable instead of core data is a common technique in 

cases when core data are not available. 

 

Data Preprocessing 

The input curves were normalized with Z-scores that 

were estimated only on the training set to avoid data 

leakage (Schipper et al., 2025). All samples having even 

one missing value were removed from the dataset 

(Palanivinayagam & Damaševičius, 2023). 

 

Algorithm Descriptions 

Random Forest (RF) 

Ensemble consisting of 300 uncorrelated decision trees 

based on bootstrap samples (Breiman,2001). Parameters: 

𝑚𝑎𝑥_𝑑𝑒𝑝𝑡ℎ = 12,𝑚𝑖𝑛_𝑠𝑎𝑚𝑝𝑙𝑒𝑠_𝑠𝑝𝑙𝑖𝑡 = 4, 
𝑚𝑖𝑛_𝑠𝑎𝑚𝑝𝑙𝑒𝑠_𝑙𝑒𝑎𝑓 = 2, 𝑚𝑎𝑥_𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 = 0.8. 

 
Support Vector Machine (SVM) 

Support Vector Regression with RBF kernel (C=100, 

ε=0.1, γ=scale). Standardization of inputs is mandatory 

(Zhuo et al., 2026). 

 
XGBoost 

Gradient boosting with L1 (α=0.1) and L2 (λ=1.0) 

penalties, row/column subsampling (0.8/0.8), and 

learning rate η=0.05 

 

1D-CNN 

3-Layer 1D-CNN (filters 16/32/64; kernel=3; ReLU) on 

11 sample sliding window of depth. Head: 128→64→1 

with 30% dropout. Optimized with Adam (lr=5×10⁻⁴), 

with gradient clipping. 

 
Hybrid CNN+LSTM  

2 CNN layers (32/64 filters) + two-layer LSTM (64 units) 

on a 15-sample window capturing deep range sequential 

dependence (Hochreiter and Schmidhuber, 1997). 

Optimized with Adam (lr=2×10⁻⁴). 

 
Validation Methodology 

Random 80/20 Split 

Standard random split (80% training / 20% testing; 

seed=42) used for all depth samples (Tripathi et 

al.,2025). Useful for comparing to existing work but 

known to exaggerate generalizability metrics (Huang et 

al., 2026). 

 
Leave-One-Well-Out (LOWO) Cross-Validation 

Leave one well out (LOWO): Each of the three wells 

completely left out as the test set, while model trained on 

the other two wells (Ahdritz et al., 2024). Feature scaler 

is refit per fold on training wells. LOWO mimics 

deploying on a completely novel well and is the primary 

reported metric (Soccodato et al., 2024). 

 
Performance Metrics 

Model performance metrics are R², MAE (log-mD), and 

RMSE (log-mD) in log₁₀(k) (Hlaing et al.,2024) 

 

RESULTS AND DISCUSSION  
Random-Split Performance 

All five models achieved high R² values under random 

split, with RF (0.9652) and XGBoost (0.9639) leading the 

field. Figure 2 to figure 4 shows actual-vs-predicted 

scatter plots and residual distributions for the three scikit-

learn models; RF produced the tightest residual spread 

(MAE = 0.219 log-mD). 
 

  
Figure 2: Actual vs predicted log₁₀(k) scatter plots and residual distributions under random 80/20 split for Random 

Forest 
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Figure 3: Actual vs predicted log₁₀(k) scatter plots and residual distributions under random 80/20 split for Support 

Vector Machine 

 

 
 

Figure 4: Actual vs predicted log₁₀(k) scatter plots and residual distributions under random 80/20 split for XGBoost 
 

Feature Importance 

Figure 5 sets out feature importance for RF and XGBoost 

alongside the Pearson correlation matrix. Both models 

rank RT and RHOB as the most influential predictors — 

a result consistent with their petrophysical roles as 

proxies for fluid saturation/connectivity and porosity, the 

two primary controls on permeability in clastic 

reservoirs. 
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Figure 5: Feature importance. (a) RF built-in gain vs permutation importance (error bars = ±1 std, 30 permutations). 

(b) XGBoost gain importance. (c) Pearson correlation matrix 
 

Leave-One-Well-Out Performance 

All models show substantial R² reductions under LOWO validation relative to the random-split results (Table 2; Figure 

4), confirming spatial autocorrelation leakage. XGBoost leads with mean LOWO R² = 0.734 ±0.163, followed by RF 

(0.725 ±0.169), CNN+LSTM (0.695 ±0.175), 1D-CNN (0.673 ±0.171), and SVM (0.633 ±0.133). Jay_01 proved most 

predictable when held out (R²: 0.777–0.964), while Jay_02 posed the greatest generalisation challenge (R²: 0.456–

0.607) — a contrast that points to lithofacies differences between wells. 

 
Figure 6: Five-model comparison. (A) Random-split vs LOWO R². (B) Per-well LOWO R² breakdown. (C–E) Scatter 

plots for RF, SVM, XGBoost  

 

Table 2: Performance metrics — all five models, both validation strategies 

Model Rand 

R² 

Rand 

MAE 

Rand 

RMSE 

LOWO R² 

(mean±std) 

LOWO 

MAE 

LOWO 

RMSE 

Jay_01 Jay_02 Jay_03 

Random Forest 0.9652 0.219 0.397 0.725±0.169 0.658 0.933 0.963 0.585 0.627 

SVM (RBF) 0.9382 0.351 0.529 0.633±0.133 0.804 1.164 0.777 0.456 0.667 

XGBoost 0.9639 0.237 0.404 0.734±0.163 0.654 0.921 0.964 0.607 0.631 

1D-CNN 0.8254 0.706 0.889 0.673±0.171 0.825 1.068 0.913 0.575 0.531 

CNN+LSTM 0.9154 0.519 0.619 0.695±0.175 0.746 1.004 0.942 0.550 0.593 
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Validation Strategy Gap Analysis 

Table 3 quantifies the R² gap between random-split and 

LOWO results. Every model loses more than 0.15 R² 

units, and SVM suffers the largest relative drop at 32.5%. 

Even XGBoost declines by 23.9% this show that no 

algorithm can totally escape spatial leakage inflation. 
 

Table 3: Validation strategy gap: ΔR² = Random-Split R² minus LOWO R², and relative performance drop 

Model Random-Split R² LOWO R² (mean) ΔR² (gap) Relative drop (%) 

Random Forest 0.9652 0.7253 0.2399 24.8% 

SVM (RBF) 0.9382 0.6333 0.3049 32.5% 

XGBoost 0.9639 0.7339 0.2300 23.9% 

1D-CNN 0.8254 0.6727 0.1527 18.5% 

CNN+LSTM 0.9154 0.6949 0.2205 24.1% 

 
Permeability Depth Tracks 

Figure 7 plots XGBoost depth-track predictions against 

the Timur–Coates reference for all three wells. The 

predicted profiles closely track the reference through 

high-permeability intervals (k > 100 mD), diverging 

more noticeably in tight zones. Orange shading at 

intervals where reference permeability exceeds 100 mD. 

 

 
Figure 7: XGBoost permeability depth tracks vs Timur–Coates reference: (a) Jay_01, (b) Jay_02, (c) Jay_03 

 
Discussion 

Ensemble Methods vs Deep Learning in Low-Data 

Regimes 

The XGBoost and RF models performing better than the 

CNN models under the LOWO validation is a trend 

consistent with the general pattern seen in the ML 

literature involving small and medium-sized tabular 

datasets (Grinsztajn et al., 2022). In this case, there are 

approximately 2,600-2,800 samples for each LOWO fold 

and four input features. Gradient Boosted Trees and 

Random Forests fit the dimensionality of the task better 

than deep learning models that require a lot of data to 

account for the complexity introduced by the extra 

parameters. The results also show that the CNN + LSTM 

model performed better than the 1D-CNN model (LOWO 

R² = 0.695 vs. 0.673). This shows that the sequence 

context information provided by the LSTM is helpful. 
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Spatial Autocorrelation and the LOWO Imperative 

In this study, one of the main methodological findings is 

that there is always a big difference between the 

performance values obtained through random split and 

LOWO approaches for the five algorithms used. Spatial 

autocorrelation exists in the data taken from the wells 

with the interval of 0.5 feet, and in the random-split 

approach, spatially autocorrelated data points get 

distributed between the training and test samples, thus 

increasing the performance value. The same failure mode 

has been recognized by remote sensing and 

environmental machine learning (Roberts et al., 2017); 

however, in the aspect of petrophysical machine learning, 

this issue has not been properly addressed. 

 
Per-Well Variability and Implications for Field 

Application 

Variations of LOWO R² values are found between wells 

(Jay_01: 0.777–0.964; Jay_02: 0.456–0.607; Jay_03: 

0.531–0.667), but these variations indicate that the 

prediction ability depends on the geological resemblance 

between training wells and tested wells. Indeed, Jay_02 

proved to be difficult to predict, and this implies that 

there might be slight variation in the geological rock 

formation and structures of the Jay field. 

 

Limitations and Future Directions 

There are four main limitations to the results obtained. 

The first is that the artificial Timur-Coates target is an 

equivalent of the core-based data, so the validation using 

core-based data is very important prior to the use of the 

models in practice. Secondly, there are only three wells 

in the LOWO dataset that can be used in the analysis. 

Thirdly, the models were not conditioned by the facies 

types, and facies stratification of the models could show 

different permeability characteristics depending on the 

lithotype. 

 

CONCLUSION  
This study presents a comparative machine learning 

framework for well-log-based permeability prediction in 

the Jay Field, Niger Delta Basin, and shows that the 

choice of validation strategy strongly affects the 

reliability of reported model performance.  

XGBoost and Random Forest achieved the best cross-

well generalizability under LOWO validation (mean R² = 

0.734 and 0.725, respectively), implying that tree-based 

ensemble methods are the more reliable choice for 

permeability prediction. 

R² values fell by 18–33% when validation moved from 

random splitting to LOWO, showing that random-split 

metrics substantially overstate real-world predictive 

performance. LOWO (or an equivalent spatially aware 

scheme) should therefore be adopted as the minimum 

acceptable validation standard for petrophysical machine 

learning studies, to avoid overoptimistic reserve and 

productivity estimates. 

CNN+LSTM outperformed the 1D-CNN under LOWO 

validation (R² = 0.695 vs. 0.673), indicating that where 

deep learning is used, architectures that explicitly capture 

depth-sequence context should be favoured over purely 

convolutional designs. 

Per-well LOWO R² ranged from 0.456 to 0.964, showing 

that predictive accuracy depends on how geologically 

similar a new well is to the wells used for training. This 

implies that models should be recalibrated, or 

supplemented with local well data, before being applied 

to structurally or lithologically dissimilar parts of a field. 

The target variable was derived from the Timur equation 

rather than measured core permeability, model outputs 

should be validated against core data before operational 

use; doing so is essential to avoid propagating systematic 

bias into well completion, stimulation, and reserve-

estimation decisions. 

Collectively, these findings establish LOWO validation 

as a stricter and more field-realistic benchmark for 

petrophysical ML, identify tree-based ensembles as the 

currently most robust and cost-effective tool for 

permeability prediction in Niger Delta reservoirs. 
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