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Abstract Summary

Permo-porous facies are very important to characterize reservoirs, it is possible to use different well
logs info and split the data according to its petrophysical features such as porosity and permeability.
In this work, we use different types of machine learning techniques, supervised and unsupervised, to
classify well log data in three different facies, the first facie is represented by a low porosity lithology,
the second facie with high porosity and low permeability caused by magnesian-clay, and the third
facie with high porosity and high permeability. The algorithms use as input the acoustic impedance
and the vp/vs ratio of the medium. The supervised method achieved a better accuracy but the
unsupervised was also able to correctly identify the third facie, which is related to the reservoir.

Introduction

The discovery of hydrocarbons in the Santos Basin dates back to the 1970s. Currently, the largest
producers’ fields are the Tupi and Buzios fields, which host large oil reserves in the pre-Salt carbonate
reservoir. Only the Buzios field contributes with 25% of the current Brazilian pre-salt hydrocarbon
production, operating since 2018 (ANP, 2024). Santos Basin (Figure 1) was formed during the
Mesozoic opening of the South Atlantic Ocean, limited Northeast and Southeast by the Cabo Frio
High and the Floriandpolis Platform, respectively. The basin is filled with siliciclastics, carbonate
rocks and evaporites formed during three main tectonic episodes: rift, post-rift and drift.
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Figure 1: Map of the study area.

The work of De Castro and Lupinacci (2019) evaluated the Buzios field reservoirs within the
Itapema and Barra Velha Formations. The authors highlighted the different types of carbonates to
magnesian clay-rich reservoirs, whose quality may vary from poor to good porosity and permeability,
which affects their quality. Due to the complexity and heterogeneity of the area, robust analysis and
coherent interpretation combined with advanced techniques are necessary to understand the reser-
voirs. Although methods for classifying seismic facies using machine learning techniques have been
extensively applied, we present an adaptation code for the supervised and unsupervised algorithms,
therefore providing an estimation of geological accurate permo-porous facies.

Method and/or Theory

Methods for classifying seismic facies using machine learning are very resourceful when applied
to reservoir characterization. Supervised learning consists of available training data that provides
information on the pattern to be discovered. The model is trained by considering labeled data to
learn how to predict a specific outcome. In the case of unsupervised learning, the goal is to find
patterns or structures in the data for grouping, association, or dimensionality reduction, for example
(Mohri, 2018).

Using the data from five wells, we classified three reservoir facies in carbonate strata of the pre-
salt that were used as ground truth for applying a supervised and an unsupervised machine learning
algorithms. The reservoir facies classification was based on porosity calculations using neutron and
density logs and lab permeability measurements. For the first, we applied the formulae proposed by
Dewan (1983), based on neutron porosity and density Using a cut of of 8% and 50mD for porosity and
permeability, respectively, we classified three facies: i) facies 1, showing lower permo-porosities; ii)
facies 2 exhibiting high porosity and low permeability; iii )facies 3, showing higher permo-porosities.

Afterward, we applied the LightGBM and K-means algorithms to predict the previously classified
facies using acoustic impedance and the Vp/Vs ratio logs. The LightGBM is a supervised method
developed to handle large-scale data. With a loss function that allows the model to take a smaller
prediction step and prevent overfitting of the data, while K-Means is an unsupervised method based
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on clustering unlabeled data that share greater similarity than points from another group (MacQueen
et al., 1967). The model was trained using four wells and validated on a single well.

Results

Here we present the 8-BUZ-27D well results. The clusters with the distribution of facies along the
well were then generated first through the supervised learning algorithm, as shown in Figure 2 a.
Facies 1 is green, facies 2 pink, and facies 3 blue in the image. For the current well, the calculated
normalized accuracy is 0.7134. The K-means algorithm requires Vp, Vs, and Rho curves as input
data for training. The result of the facies classification and the color pattern for facies distribution
is the same followed by the supervised algorithm. Figure 2 b shows the result of the normalized
accuracy, which for the K-means algorithm is 0.6158.

a) b)

Figure 2: a) LightGBM classification algorithm. b) K-means classification algorithm

According to Figures 2 a and b for both algorithms, the lower portion of the results shows better
permo-porosity properties and less presence of facies 2. In Figure 2, it was observed that the
supervised algorithm LightGBM finds greater correlation with facies 3. The accuracy of the facies
1 correlation is the highest among them. Therefore, LightGBM accurately locates regions with low
porosity and permeability, which could be classified as non-reservoir areas. On the other hand, the
unsupervised algorithm (Figure 2 b) exhibits less consistent results. K-means was quite accurate in
the porous carbonate facies (facies 3) compared to the ground truth. For facies 2 and 1, there was
low correlation, often confusing one for the other, and failing to make a consistent classification.

Conclusions

After analyzing the classification images, some conclusions can be drawn about the effectiveness
of the classification algorithms used, thereby providing a better understanding of the distribution
of porosity and permeability in the pre-salt region studied. LightGBM is the one that presents the
best accuracy when compared to the ground truth. K-means, in turn, loses accuracy but is also
capable of identifying the zone with the best permo-porosity characteristics, such as the lower portion
corresponding to the Itapema Formation. Also, the implication of facies 2 in the results highlights the
occurrence of magnesian clays on the upper part which corresponds to the Barra Velha Formation.
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