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Abstract. Detailed studies on the hybrid carbonate rocks of the Morro do Chaves Formation are essential, as these 

outcrops serve as analogues to the Brazilian pre-salt carbonate reservoirs, allowing for the validation and 

application of advanced petrophysical characterization methods. However, the heterogeneity resulting from the 

complex mixture of carbonate and siliciclastic minerals significantly challenges facies classification and the 

prediction of critical properties such as porosity and permeability. Unsupervised techniques based on Self-

Organizing Maps (SOM) have gained prominence in petrophysics for their ability to project complex 

multidimensional data onto two-dimensional maps, preserving original topology and revealing clusters and 

nonlinear patterns not perceptible through traditional approaches. In this context, four distinct SOM models were 

developed in the Interactive Petrophysics (IP) software, and the best-performing model was selected. This 

spherical-topology network, comprising 1,442 nodes, was trained over 50,000 epochs (η₀=0.1). To train the SOM, 

we employed well logs, 57 core-plug measurements of porosity and permeability, and a lithologic profile based 

on core descriptions. Classification was validated using contingency tables, with the best model achieving 72.59% 

accuracy, and was complemented by qualitative analysis through Fit Flag. Subsequently, petrophysical properties 

were predicted and statistically evaluated using the mean absolute error (MAE), root-mean-square error (RMSE), 

and uncertainty bands. These bands correspond to a ±1 σ standard deviation, weighted at each node, and are derived 

from continuous calibration data, and plotted alongside the predicted curves. Finally, regression fits between 

predicted and observed values yielded correlation coefficients (R²) of 0.9398 for porosity and 0.8266 for 

permeability, corroborating the robustness and expanding the applicability of this approach to well-scale 

petrophysical characterization of hybrid carbonate systems. 

Keywords: Self-Organizing Maps (SOM), Hybrid Carbonate Rocks, Facies Classification, Porosity and 

Permeability Prediction, Petrophysical Upscaling. 

1  Introduction 

Petrophysical characterization is essential for reservoir modeling, particularly in the complex carbonates of 

the Brazilian pre-salt. The heterogeneity arising from depositional and diagenetic processes creates dual-porosity 

systems with variable connectivity and preferential wettability, posing additional challenges to flow behavior 

prediction [1–2]. The Morro do Chaves Formation (Aptian–Albian), located in the Sergipe-Alagoas Basin, stands 

out as a representative analogue of such hybrid reservoirs due to its textural and mineralogical similarity. 

Composed of hybrid lacustrine coquinas — a mixture of carbonate and siliciclastic minerals — and featuring a 

dual-porosity system with vuggy, moldic, and interparticle pores, this formation serves as a natural laboratory for 

testing advanced petrophysical characterization methodologies and evaluating their effectiveness in capturing 

heterogeneities typical of carbonate reservoirs [3–5]. 

Despite its value as an analogue, characterizing these hybrid rocks remains challenging. The multiscale 

heterogeneity resulting from the coexistence of carbonate and siliciclastic minerals leads to abrupt variations in 

facies and pore connectivity, hindering both qualitative interpretation and quantitative prediction [1,4]. This 
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geological complexity is further compounded by data limitations: although a continuous core description by 

Favoreto [4] is available at 40 cm intervals, lithogeochemical profiles are lacking and only 57 plugs with routine 

porosity and permeability measurements are available across 130.6 m of section, complicating the upscaling 

process. These data gaps demand methods capable of integrating discrete measurements with well log data to 

provide continuous property estimation. Unsupervised learning techniques — particularly Self-Organizing Maps 

(SOM) — have gained prominence for projecting multidimensional datasets into intuitive topological 

representations, enabling electrofacies identification and petrophysical property prediction even under high 

lithological complexity and limited data availability [6–8]. In this context, the present work applies SOM to 

classify facies and estimate porosity and permeability in the hybrid carbonate rocks of the Morro do Chaves 

Formation, integrating well log data with routine core petrophysical measurements to reduce uncertainty and 

support petrophysical upscaling at the well scale. 

2  Methodology 

In this study, an integrated dataset was compiled from well logs acquired in the Morro do Chaves Formation, 

Sergipe–Alagoas Basin. The logs analyzed comprise gamma ray (GR), spontaneous potential (SP), shallow 

resistivity (RES16N), deep resistivity (RES64N), lateral resistivity (RESLAT), compressional sonic (BHC), and 

a density curve derived from acoustic velocity by Gardner’s equation and subsequently calibrated through 

Bayesian inversion with a Markov-chain Monte Carlo (MCMC) algorithm, as detailed in Ribeiro et al. [9]. Direct 

calibration of the predicted petrophysical properties employed 57 discrete laboratory measurements of porosity 

and permeability obtained from core plugs. In addition, a high-resolution (40 cm) lithological profile, constructed 

from continuous petrographic core descriptions and published by Favoreto [4], was incorporated into the well 

layout as the facies reference. The workflow was organized into six main stages, described below: 

2.1 Data Pre-processing 

The dataset first underwent conditioning to identify and correct missing values and outliers. To ensure that 

every variable exerted equivalent influence on the predictive model, all geophysical logs were normalised to zero 

mean and unit variance prior to training. 

2.2 SOM Model Training 

The Self-Organizing Map (SOM) technique, originally proposed by Kohonen [10], is an unsupervised neural 

network that projects multidimensional data onto two- or three-dimensional maps while preserving their 

topological relationships. During training, neurons compete to represent input patterns closest to their weight 

vectors, iteratively updating those weights and revealing clusters and non-linear relationships among the input 

variables. In this study, a spherical-topology SOM (Figure 1) was adopted to mitigate edge effects. The network 

comprised 1,442 nodes and was trained for 50,000 epochs in the SOM module of Interactive Petrophysics (IP), 

using an initial learning rate η₀ = 0.1. 

BMU selection. For each input vector 𝑥, the Euclidean distance to each node 𝑗 is computed as Eq. (1): 

 𝐷𝑗 =   ∑ (𝑥𝑘 − 𝑤𝑗,𝑘)2𝑚
𝑘=1 .  (1) 

Where m is the number of input attributes, xk is the k-th component of the input vector, and wj,k  is the k-th 

component of the weight vector of node j. The BMU is defined as the node with the smallest Dj. 

Weight update with neighbourhood. Once the BMU is identified, its weight vector and those of its 

neighbouring nodes on the spherical lattice are updated as: 

 𝑤𝑖(𝑡 + 1) =   𝑤𝑖(𝑡) + 𝜃𝑖(𝑡)𝐿𝑡[𝑥(𝑡) − 𝑤𝑖(𝑡)].  (2) 

where Lt  is the learning rate at iteration t and the Gaussian neighbourhood gain is described as Eq. (3): 
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 𝜃𝑖(𝑡) =   𝑒𝑥𝑝 (
−𝑑𝑖𝑠𝑡(𝑖,𝐵𝑀𝑈)2

2𝜎𝑡
2 ).  (3) 

The dist(i,BMU) is the geodesic distance between node i and the BMU on the spherical lattice, and σt  is the 

neighbourhood radius at iteration t. 

Learning schedules. Both Lt  and σt  decay exponentially with iteration t according to Eq. (4) and Eq. (5), 

respectively: 

 𝐿𝑡 = 𝐿0 𝑒𝑥𝑝 (
−𝑡

𝜆
),  (4) 

 𝜎𝑡 = 𝜎0 𝑒𝑥𝑝 (
−𝑡

𝜆
),  (5) 

with L0=η0  and σ0  the initial radius (initialized in IP as a fraction of the map width), and λ the time constant 

governing the decay. 

2.3 Calibration for Input Curves 

Discrete calibration — facies classification. The continuous lithologic profile (Favoreto [4]) was presented 

as a calibration curve. For each calibration sample (xi, ci), node j receives a distance-based weight (inverse square 

of Dj); node classes are assigned by maximizing the accumulated weights per class. Each depth is then classified 

by its BMU with optional percentile display for confidence. 

Continuous calibration — porosity and permeability. Plug measurements linked to each node define a 

calibrated node value yj (arithmetic mean for porosity, geometric handling for permeability). Predictions at depth 

Figure 1 – Spherical geometry of the Self-Organizing Map (SOM) selected for facies classification. On the left, 

the lattice of 1,442 nodes displays the final distribution of classes: Sandstones (yellow), Rudstones (dark blue), 

Mudstones (dark green), Grainstones (light green), and Chert (gray). On the right, the minilogos (weight maps) 

show, from top to bottom, the relative influence of the calibration curve (Calibration Weight) and the input 

curves RES64N, GAMMA, RESLAT, and RES16N for each neuron, highlighting in a color scale (blue → red) 

the regions from low to high values for each attribute. 
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d are obtained by projecting node values from the BMU and its neighbours via the Gaussian kernel above: 

 𝑦(𝑑) =
∑ 𝜃𝑗𝑗 (𝑑)𝑦𝑗

∑ 𝜃𝑗𝑗 (𝑑)
.  (6) 

2.4 Facies Validation 

Validation of the SOM-derived facies classes combined quantitative and qualitative assessments. 

Quantitatively, contingency tables were built by cross-referencing the SOM predictions with the reference 

classification obtained from Favoreto’s detailed petrographic core description [4], allowing the global accuracy of 

the model to be computed as the primary performance metric. Qualitatively, the Fit Flag method was employed to 

visually pinpoint depth intervals where the lithological reference curve and the SOM-classified facies exhibited 

the highest concordance, thereby reinforcing the consistency of the results. 

2.5 Prediction and Assessment of Petrophysical Properties 

Continuous porosity and permeability logs were estimated entirely within the SOM module of IP software. 

After training the spherical map, each neuron inherited the core-plug measurements located within its area of 

influence and was assigned their arithmetic mean (porosity) or geometric mean (permeability). Simple linear 

regressions were then applied between these neuronal mean values and the 57 laboratory measurements to remove 

residual bias and extrapolate the relationship to depths lacking direct data. The resulting coefficients (a and b) were 

applied to the SOM weight matrix to generate continuous curves along the well, obtained by inverse-distance 

weighting to the Best Matching Unit at each depth. Uncertainty was propagated by retaining, for every sample, an 

envelope of ±1 standard deviation (±1 σ) around the calibrated value. Model performance was summarized by 

comparing the predicted curves with plug data, using the Mean Absolute Error (MAE) and the Root-Mean-Square 

Error (RMSE) to quantify average accuracy and dispersion, respectively. 

2.6 Integration and Visualization of Results 

The results obtained were integrated and presented in comparative logs, containing calibrated versus 

classified facies curves, and laboratory-measured porosity and permeability curves versus SOM model predictions. 

Heatmaps were also used to provide a quick and intuitive visualization of the distribution of lithological classes 

and predicted petrophysical properties throughout the analyzed interval, assisting in the qualitative and integrated 

interpretation of the results. 

3  Results and Discussions 

Figure 2 presents the input curves (tracks 2 to 8) and the results obtained from facies classification using the 

spherical SOM model (track SOM Model7) applied to the well logs of the SMC-02-AL well in the Morro do 

Chaves Formation. The Facies Percentiles track displays one curve for each facies, indicating their relative 

weighting at each depth level and enabling the assessment of confidence in facies selection. It is observed that the 

facies with the highest weighting correspond to the classifications produced by the model. The Fit Flag curve, 

showing high agreement, reinforces the accuracy of the SOM model in recognizing facies. The initial qualitative 

analysis based on this track shows that the curve remains predominantly in the beige (“match”) class throughout 

most of the evaluated section, indicating excellent agreement between the SOM-predicted facies and those defined 

by the calibrated lithologic profile (Facies Calibration track). Small intervals with occasional deviations are 

observed, represented by the absence of color (“mismatch”), but these do not significantly affect the overall 

classification quality. This strong qualitative agreement is further supported quantitatively by the contingency table 

associated with SOM Model 7, which shows an overall accuracy of 72.59%, considered excellent for hybrid facies 

sets with strong overlap in petrophysical properties. This remarkable value demonstrates the robustness and 

effectiveness of the SOM method in the automated identification of the various facies present in this complex 

lithologic context, representing a substantial improvement over traditional methods previously employed. 
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A detailed analysis of the contingency table results highlights the SOM model’s ability to accurately classify 

Mudstone facies, achieving an accuracy of 90.8%. This high performance is primarily due to the highly distinctive 

and characteristic log signatures associated with Mudstones compared to other facies identified in the well. These 

rocks are characterized by a very fine-grained matrix, predominantly composed of clay and silt particles. Such fine 

particles produce a homogeneous and compact texture, often associated with low permeability and reduced fluid 

storage capacity. Due to this significant clay content, Mudstones typically exhibit high responses in the gamma 

ray (GR) log, resulting from the abundant presence of clay minerals containing radioactive elements in their 

structure. In addition, these rocks present reduced electrical resistivity, caused by the high water retention capacity 

of clays, as well as equally low porosity, consistent with their compact and poorly porous matrix. This unique 

petrophysical pattern greatly facilitates the accurate differentiation and identification of these facies by the applied 

SOM model, as confirmed by both the quantitative and qualitative results obtained in this study. 

Figure 2 – Integrated layout of facies classification and petrophysical property prediction along the SMC-02-AL 

well in the Morro do Chaves Formation. From left to right: (i) lithologic description based on core observations 

(track 2); (ii) input curves used in the modeling (gamma ray, spontaneous potential, density estimated via 

Gardner’s equation fit, compressional sonic, and resistivities RES64N, RES16N, and Lateral – tracks 5 to 8); 
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(iii) facies calibration curve (track 9); (iv) SOM classification results (track 11), indicating the facies assigned 

along the well; (v) facies percentile curve for evaluating classification confidence (track 12); and (vi) porosity 

and permeability predictions with uncertainty intervals (±1σ), highlighting agreement with laboratory data 

(tracks 13 and 14). The lower panel displays the contingency table comparing calibrated and classified facies, 

showing an overall accuracy of 72.59%, and pie charts illustrating (i) the percentage distribution of classes in the 

calibration set and (ii) the proportion of correct matches obtained by the model. 

Another important point is the well-known difficulty in distinguishing between different carbonate facies, 

especially Rudstones and Grainstones. Texturally, Rudstones are characterized by coarse carbonate fragments 

supported by larger grains, whereas Grainstones consist of finer, well-sorted, and generally well-rounded grains, 

with no significant muddy matrix [11–12]. Despite these textural differences, the two facies have similar mineral 

compositions, which results in very similar response patterns in the well logs, making precise separation 

challenging. This difficulty is clearly reflected in the contingency table, which shows that approximately 98.5% 

of Grainstones were correctly classified by the SOM model, whereas only 66% of Rudstones were correctly 

identified. Moreover, about 23.5% of Rudstones were misclassified as Grainstones, demonstrating the method’s 

limitation in reliably distinguishing between these two facies. Nevertheless, this is a well-known challenge, widely 

reported in the petrophysical literature [3,13]. If a single generalized class such as “carbonates” were considered, 

instead of the specific textural subdivision into Grainstones and Rudstones, the overall classification accuracy 

would certainly be higher, due to the reduced ambiguity in petrophysical responses. 

After the successful validation of the facies classification, the same spherical SOM model was applied in the 

subsequent stage for the quantitative prediction of petrophysical properties—porosity and permeability. All 

previously used hyperparameters were maintained, with only the target curves for calibration being replaced. The 

network was directly calibrated with laboratory measurements from 57 core plugs along the studied interval, 

ensuring a solid basis for validating and adjusting the model’s predictive capability. The results of this stage are 

shown in Figure 2, specifically in the Predicted Phi and Predicted Perm tracks. In these tracks, the continuous 

curves represent the estimates generated by the SOM model, while the dots correspond to the laboratory data used 

as reference. Additionally, yellow bands surrounding the predicted curves define the uncertainty interval 

corresponding to ±1σ (standard deviation), providing a robust assessment of the variability of the estimated 

properties throughout the depth profile. To objectively quantify the model’s performance, linear regressions were 

performed between the laboratory measurements and the SOM predictions, yielding coefficients of determination 

(R²) of 0.9398 for porosity and 0.8266 for permeability. These values clearly demonstrate the accuracy and 

consistency of the adopted method in capturing petrophysical variations from well logs, even in heterogeneous 

lithologic contexts such as the hybrid coquinas of the Morro do Chaves Formation. 

Table1 – Descriptive statistics and prediction errors for porosity and permeability (Lab vs. SOM). 

Properties Minimum Mean Median Mode Maximum. SD MAE RMSE 

Phi_LAB 0.0400 0.1518 0.1630 0.0870 0.2490 0.0484 N/A N/A 

Phi_SOM 0.0660 0.1487 0.1457 0.1421 0.2398 0.0404 0.0100 0.0155 

PermeabilidadeALL 0.04 160.72 70.77 0.04 853.53 213.15 N/A N/A 

Perm_SOM 0.12 102.56 30.39 0.12 723.85 151.03 61.79 126.71 

The SOM errors indicate high performance for porosity and adequate performance for permeability (Table 

1). For Phi, MAE = 0.010 and RMSE = 0.0155 demonstrate precise predictions with limited tails; the SD of 

Phi_SOM (0.0404) is slightly lower than Phi_LAB (0.0484), suggesting mild smoothing without bias. For 

permeability, MAE = 61.79 mD and RMSE = 126.71 mD reflect heterogeneity and the presence of high-mD 

outliers (RMSE > MAE); even so, the SOM reduces dispersion (SD = 151.03 mD vs. 213.15 mD in the laboratory) 

while preserving the central tendency. These indicators support the applicability of the SOM to well-scale 

upscaling, with clear gains for porosity and consistent performance for permeability in heterogeneous coquinas. 

4  Conclusions 

The application of Self-Organizing Maps (SOM) proved effective both in the accurate classification of facies 

and in the quantitative prediction of essential petrophysical properties—porosity and permeability—in hybrid 
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carbonate rocks of the Morro do Chaves Formation, characterized by high lithological heterogeneity. The careful 

use of a spherical-topology SOM model, calibrated with well logs and laboratory data from 57 core plugs, achieved 

an overall accuracy of 72.59% in facies classification relative to the reference lithologic profile, with notable 

recognition rates of 98.5% for Grainstones and 90.8% for Mudstones. This outstanding performance, combined 

with the careful selection of hyperparameters—determined through distortion analysis—and the reduced 

computational time, demonstrates the robustness and operational efficiency of the method. In the petrophysical 

property prediction stage, the model achieved high coefficients of determination (R² of 0.9398 for porosity and 

0.8266 for permeability) and provided continuous estimates accompanied by explicit uncertainty bands (±1σ), 

substantially increasing the reliability of the results. Therefore, the proposed approach stands out as a promising 

and practical tool to support petrophysical upscaling at the well scale, significantly contributing to the reduction 

of uncertainties and enhancing the technical characterization of complex carbonate reservoirs. 
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