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ABSTRACT

Mapping of seismic and lithological facies is a very complex
process, especially in regionswith low seismic resolution caused by
extensive salt layers, even when only an exploratory view of the
distribution of the reservoir facies is required. The aimof this study
was to apply multi-attribute analysis using an unsupervised clas-
sification algorithm to map the carbonate facies of an exploratory
presalt area located in the Outer high region of the Santos Basin.
The interval of interest is the Barra Velha Formation, deposited
during the Aptian, which represents an intercalation of travertines,
stromatolites, grainstones and spherulitic packstones, mudstones,
and authigenic shales, which were deposited under hypersaline
lacustrine conditions during the sag phase. A set of seismic attri-
butes, calculated from a poststack seismic amplitude volume, was
used to characterize geological and structural features of the study
area. We applied k-means clustering in an approach for un-
supervised seismic facies classification. Our results show that at
least three seismic facies can be differentiated, representing asso-
ciations of buildup lithologies, aggradational or progradational
carbonate platforms, and debris facies.We quantitatively evaluated
the seismic facies against petrophysical properties (porosity and
permeability) from available well logs. Seismic patterns associated
with the lithologies helped identify new exploration targets.

INTRODUCTION

The Santos Basin is one of the largest sedimentary basins in Brazil,
covering an area of approximately 350,000 km2 (~135,000 mi2).
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It is limited to the north by the Cabo Frio high, which separates it
from the Campos Basin, and to the south by the Florianopolis
high, which separates it from the Pelotas Basin. Three evolu-
tionary phases of the basin are recognized (Moreira et al., 2007):
the rift phase, the sag phase, and the drift phase.

The presalt reservoirs of the Santos Basin occur in both rift and
sag phases, mainly in structural high regions. The main structural
high of the basin is the Outer high (Gomes et al., 2002, 2008),
which formed during a series of uplifts and erosions of rift
shoulders during the Barremian. Distal positioning of this struc-
tural high led to low siliciclastic sedimentation that, in turn, in-
duced presalt carbonate sedimentation in the region during the
Aptian.

According to Szatmari andMilani (2016), the carbonate rocks
of the Barra Velha Formation, upper sag phase, represent the
largest nonmarine carbonate reservoirs in the world (reaching
>500m [>1640 ft] in thickness), whichwere deposited in shallow,
highly alkaline lacustrine environments. Eruptions of basaltic lavas
began in the rift phase and continued to occur such that they are
intercalated with rocks of the sag phase, such as magnesium-
rich authigenic shales, travertines, stromatolites, grainstones, and
spherulitic packstones andmudstones. This recurrent volcanic and
associated hydrothermal activity in the lacustrine environment of
the sag phase togetherwith erosion and leaching by superficial and
subterranean water-mediated flow of, such as, Ca, Mg, and the
compound SiO2 from the surrounding volcanic terrain, provided
the necessary conditions for the deposition of nonmarine car-
bonate facies. These lithologies eventually underwent subaerial
exposure and wave reworking. In addition, through diagenetic
CO2 leaching of interdigitated volcanic rocks in the sequence,
intense karstification of the reservoirs occurred, which increased
porosity and permeability.

Wright (2012) reviewed several examples of lacustrine mi-
crobial carbonates, creating a facies distribution, architecture,
composition, and diagenesis model for these environments. He
suggests that these facies can be divided into four main types: (1)
extensive carbonate platforms formed bymicrobial mats that have
a plane-parallel architecture composed of bioherms or biostromes;
(2) hydrothermal activity–controlled carbonate buildups at the
edge of faults and isolated highs; (3) carbonate platform facies
controlled by topography and bathymetry presenting aggrada-
tional or progradational architecture; and (4) mudstones and fine
siliciclastic facies of lake bottoms. However, Wright and Barnett
(2015) later proposed an abiotic model for the formation of these
carbonates based on lake shallowing cycles; saturation of elements
such as Ca, Mg, and SiO2; and water Ph variation.

Della Porta (2015) also conducted a literature review on
nonmarine carbonate sedimentation and pointed out that buildup
facies andmicrobial mats are generally constituted of boundstones
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or cementstones and that the detrital facies laterally
associated with buildup eroded by waves or subaerial
exposure are composed of pellets, spherulites, or in-
traclasts of stromatolites and travertines. The associated
lithologies are packstones, grainstones, or floatstones.

The lacustrine carbonate facies of the sag phase in
the Santos and Campos Basins have been associated
with seismic facies in the regions of the Sapinhoá,
Carcará, Itaipava, and Sagitário fields (Kattah and
Balabekov, 2015) and in the Sugar Loaf high (Buckley
et al., 2015). The seismic facies observed by these
authors were generally classified as follows: (1) car-
bonate platforms of great areal extension, charac-
terized by parallel to subparallel reflectors of
moderate amplitude and with aggradational or pro-
gradational architecture; (2) isolated buildups nu-
cleated above carbonate platforms and characterized
by chaotic reflectors of moderate to low amplitude;
(3) buildup alignments along main faulting zones;
or (4) carbonate strings with evaporites around the
bodies and reworking of facies by currents or subaerial
exposure, characterized by chaotic to progradational
reflectors with low to moderate amplitudes.

Saller et al. (2016) characterized thepresalt rocks of
the Kwanza Basin as seismic facies of carbonate plat-
forms and fault-aligned buildups, comprising shrubby

boundstones and spherulitic grainstoneswith intraclasts.
These latter two facies types represent the best res-
ervoir facies, which are intercalated with wackestones
and packstones with intergranular dolomite. Microbial
boundstones predominate in isolated buildup seismic
facies, which are intercalated with wackestones,
packstones, and grainstones composed of microbialite
fragments. Seismic facies present in deeper regions of
the sag phase are composed of stevensitic mudstones,
with or without the presence of spherulites.

Seismic facies classification involves identifying
patterns accounting for the variability among seis-
mic attributes, thereby revealing information about
geological features (Song et al., 2017). Generally,
associated algorithms compare seismic attribute
traces in an interval to generate clusters (Barnes and
Laughlin, 2002). Importantly, the clusters reflect all
the signals contained in the input data, that is, they
can represent the continuity associated with geo-
logical and structural features, the redundancy related
to strong correlations between attributes, and the noise
created by artifacts that interfere with any classification
process (Coléou et al., 2003).

Jesus et al. (2017) performed a very successful
evaluation of a presalt reservoir area in the Santos
Basin using hybrid spectral decomposition,maximum

Figure 1. Location of the Santos Basin and its main production fields, exploration areas, and presalt main reservoirs of the Outer high.
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curvature, and coherence attributes in an unsuper-
vised classification by using a self-organizing maps
approach, the objective of which was to individualize
carbonate mounds, effectively demonstrating the
feasibility of unsupervised classification methodolo-
gies for presalt areas.

Critical analyses of applied seismic attributes and
reconstruction of the depositional model of a study
area are essential to validate any classification process
by unsupervised classification algorithms of a reservoir.
Our objective was to identify geological and structural
features and to perform a qualitative and quantitative
characterization of the carbonate reservoirs of the
Barra Velha Formation, focusing on an exploratory
area located in the Outer high of the Santos Basin
(Figure 1). To do this, we analyzed three seismic at-
tributes and generated a multi-attribute seismic facies
classification using k-means clustering.

METHODOLOGY

Our data set consisted of a poststack seismic volume
and well logs from four wells provided by the com-
pany Galp Energia. A prestack depth migration flow
was performed, focused on imaging of presalt layers,
and basically consisted of initial velocity model
building, three sediment tomography stages (salt
flood, intra salt, and presalt), final Kirchhoff migration,
residual multiple reduction, stacking, and poststack
processing. The region of the seismic survey, well
locations, and inlines or arbitrary lines represented in
this study are shown in Figure 2. Principal component
analysis (PCA) was employed to aid in the determi-
nation of attributes to be used, and multi-attribute
classification of the seismic facieswas performedusing
a k-means clustering algorithm (both detailed below).

Figure 2. Region of the seismic survey, well locations, and inlines (IL) or arbitrary lines (AB) represented in this study.
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Depositional characteristics of lacustrine car-
bonate environments and, more specifically, analogs
of the Santos, Campos, and Kwanza Basin sag phases
were used to create a conceptual model of the res-
ervoirs to assist in our seismic facies characteriza-
tion of the BarraVelha Formation.A preconditioning
workflow was applied before the seismic inversion
to improve resolution and to increase the signal-to-
noise ratio. This workflow consisted of applying filters
to remove noise and to recover the attenuation effects
(described in Lupinacci et al., 2017).

Seismic interpretations of the top and bottom of
the Barra Velha Formation, represented respectively
by the upper Aptian (base of salt layer) and lower
Aptian (Sub-Alagoas) surfaces, were performed ac-
cording to seismic reflection termination patterns
that indicate sequence limits and surfaces delimiting
seismic units and depositional system tracts, with the
most commonly used being onlap, downlap, toplap,
lapout, truncation, and conformity. Seismic reflections
preserve the geological factors that generated them,
such as stratification, lithology, and depositional fea-
tures (Brown and Fisher, 1977). The interpreted

seismic-stratigraphic horizons in an inline are shown
in Figure 3.

We then studied the seismic patterns using am-
plitude seismic data and several seismic attributes
calculated from amplitude, phase, and frequency for
our unsupervised facies classification. Finally, we se-
lected three attributes that best represented geological
meaning to be employed: two stratigraphic attributes
(acoustic impedance and envelope) and one struc-
tural attribute (high-resolution eigenstructure-
based coherence). Acoustic impedance was derived
using themodel-basedmethod defined by Russell and
Hampson (1991), the envelope was calculated from
the method proposed by Taner et al. (1979), and our
estimate of the high-resolution eigenstructure-based
coherence followed the method proposed by
Gersztenkorn and Marfurt (1999). This analysis
identified three seismic patterns of the lacustrine
carbonate depositional subenvironments: buildups,
debris facies, and aggradational or progradational car-
bonate platforms. Type representations of those seis-
mic patterns and their features areprovided in Figure 4.

Figure 3. (A) Uninterpreted seismic section and (B) interpreted seismic section with presalt seismic–stratigraphic surfaces andmain faults
for the region of interest.
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aggradational

aggradational

aggradational

aggradational

Figure 4. Type representations of main seismic patterns and their features for the original seismic and selected attributes. The red
and black dashed lines indicate the seismic patterns in the given examples.
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Following the observation of the seismic patterns
in the selected attributes, we performed an unsu-
pervised seismic facies classification using k-means
clustering method in conjunction with PCA. Zhao
et al. (2015) defined PCA as a data projection
technique that aims to reduce the size of the sample
space to be classified by identifying the main com-
ponents (or higher variance directions), called ei-
genvectors, thereby reducing redundancy and noise
of the sample space. Definition of the eigenvectors
consisted of a cross-correlation analysis among all
input volumes and identification of the vector with
the greatest variance. This vector was then rescaled
and subtracted from the original sample space be-
fore a second main component vector was calcu-
lated from within the residual sample space. This
process was repeated until all vectors representing
the data set had been established. Then, user-defined
eigenvectors, the ones that represent the most per-
centage of the sample space, were used in the classi-
fication algorithm.

The first stage of the k-means clustering algorithm
(Macqueen, 1967; Zhao et al., 2015) begins with
choosing the number of facies or clusters into which
the sample space will be divided. The seed points of
each cluster are randomly positioned in the sample
space, and the Euclidean distances between the seeds
and the data points in the sample space are calculated.
Then, the data points in the sample space are asso-
ciatedwith the cluster represented by the nearest seed
point. Finally, the seed points are centered in relation
to the cluster of data points that they represent, and
new iterations of this process are performed until the
association of each data point in the sample space
with a given cluster is well defined.

For our study, the input volumes in the unsu-
pervised classification algorithm were the volumes
resulting from the analysis of principal components
performed with the three volumes of selected attri-
butes: acoustic impedance, envelope, andhigh-resolution
eigenstructure-based coherence.

Table 1 shows that there is little redundancy
among the seismic attributes, given the low values of
the cross-correlation matrix. The cross-correlation
matrix in Table 2 shows that the sample space is
largely represented by each of the individual PCA

Table 1. Cross-Correlation Matrix between the Attribute
Eigenvectors Used in Our Unsupervised Multi-Attribute Seismic
Facies Classification

Cross-
Correlation
Matrix

Acoustic
Impedance, %

High-Resolution
Eigen, % Envelope, %

Acoustic
impedance

100 2 8

High-resolution
eigen

2 100 20

Envelope 8 20 100

Table 2. Representativeness of Each of the Principal Component
Analysis Eigenvectors Generated in Relation to the Total
Sample Space

PCA Volume Representativity Individual, % Cumulated, %

PCA1 41 41
PCA2 33 74
PCA3 26 100

Abbreviation: PCA = principal component analysis.

Figure 5. Proposed workflow used in this work for the un-
supervised seismic facies classification.
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Figure 6. Comparisons between seismic patterns in the original volume and the results of our multi-attribute seismic facies classification
for (A) inline 3424 that intersects Well 1 and (B) inline 4623 that intersects Well 3.
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(~16,404 ft)

(~19,685 ft)

(~16,404 ft)

(~19,685 ft)

(~16,404 ft)

(~19,685 ft)

(~16,404 ft)

(~19,685 ft)

Figure 7. Comparisons between seismic patterns in the original volume and the results of our multi-attribute seismic facies classification
for (A) arbitrary line (AB)1 that intersects Well 4 and (B) AB2 that intersects Wells 1, 2, and 3.
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volumes used in our k-means classification algo-
rithm. Although the number of PCA eigenvectors
is equal to the number of seismic attributes we
used, they can still better represent with greater
geological coherence the original sample space,
further reducing the low redundancy between at-
tributes and limiting the influence of noise in the
data set.

We performed our multi-attribute seismic facies
classification with k-means clustering using 13 seeds,
with this number being based on a trial-and-error
approach in which several cluster numbers were
attempted between 3 to 20 clusters. Each result was
visually evaluated and compared with the seismic
patterns recognized in the amplitude seismic data
to choose the cluster number that best related to
geological and structural features. The workflow we
used is summarized in Figure 5.

RESULTS AND DISCUSSION

A comparison of the seismic patterns and the results of
our unsupervised multi-attribute seismic facies classifi-
cation for inlines (northwest–southeast) perpendicular
to the main directions of syn-rift faults of the Santos
Basin are shown in Figure 6. In Figure 7 we show this
comparison for arbitrary lines (southwest–northeast)
parallel to the largest syn-rift faults. In addition, in
Figure 8 we show the results of our multi-attribute
seismic facies classification for the surface of the upper
Aptian. These threefigures show that seismic facies 1, 2,
3, 4, 11, and 12 predominate in the flat or soft ramp
regions of structural highs, whereas the seismic facies 5,
6, 7, 8, 9, and 10 predominate on the edges of these
highs or in local highs. Seismic facies 1, 2, 3, 4, 10, 11,
and 12 also occur in structural lows.

Wells 1 and 2 were drilled in areas of aggrada-
tional or progradational platforms, where the results

Figure 8. Multi-attribute classification of seismic facies for the surface of the upper Aptian that represents the top of the main reservoirs
of the Barra Velha Formation.
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of our multi-attribute seismic classification point to
intercalation of seismic facies 1, 2, 3, 4, 11, and 12.
Well 3 was drilled in a region with a preponderance
of buildups in the basal and intermediate parts and
debris facies at the top. The results of our seismic
classification for the area of this well indicate that
intercalation of seismic facies 5, 6, 7, 8, and 9 occur in
the basal and intermediate parts and that seismic
facies 10 predominates as the top. Well 4 was drilled
in an area consisting largely of buildups at the base and
aggradational or progradational platforms at the top.
Our multi-attribute seismic facies classification re-
veals a predominance of seismic facies 5, 6, 7, 8, and
9 at the basal part of this area and seismic facies 1, 2,
3, 4, 11, and 12 at the top.

Figure 9 shows a crossplot for the PCA eigen-
vectors, revealing individual representability in the
sample space. The white polygons link the multi-
attribute seismic facies with observed seismic pat-
terns. As can be noted, the clusters discriminate
seismic patterns very well, even if little overlapping
exists. Seismic facies 1, 2, 3, 4, 11, and 12 are

associated with intercalations of carbonate platforms.
Seismic facies 5, 6, 7, 8, and 9 represent buildups.
Seismic facies 10 reflects debris facies, and seismic
facies 13 is associated with fracture zones.

We present correlations of our multi-attribute
seismic facies classification with well log analysis

Figure 9. Crossplot between the principal component analysis (PCA) eigenvectors revealing individual representability in the sample
space. The white polygons associate the multi-attribute seismic facies classification with the observed seismic patterns.

Table 3. Comparison of the Porosity and Permeability Well Log
Results (Based on Total Magnetic Resonance–Derived Porosity
and Neutron Logs) with the Recognized Seismic Patterns

Seismic Patterns
Mean

Porosity, %
Mean

Permeability, md

Aggradational or progradational
carbonate platform (low-
impedance layers)

11.5 17

Aggradational or progradational
carbonate platform (high-
impedance layers)

7 6.7

Buildups 9 17
Debris 11 21.3
Fractured zones 10 5.3

FERREIRA ET AL. 1007



Figure 10. Comparison of multi-attribute seismic facies classification (Facies) results with porosity and permeability (Perm) data derived from
total magnetic resonance–derived porosity (TCMR) and neutron well log data, in meters (feet in parentheses).
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in Table 3 and Figure 10. This comparison of the
seismic facies with porosity and permeability was
done by analyzing mean porosity and permeability
values, obtained from the magnetic resonance (total
magnetic resonance–derived porosity) and neutronwell
logs, with the multi-attribute seismic facies present in
thewell locations. These results show that seismic facies
5, 6, 7, 8, and 9 (i.e., associated with buildups) col-
lectively exhibit a mean porosity of 9% and a mean
permeability of 17 md. Seismic facies associated with
debris patterns present mean porosity and mean per-
meability values of 11% and 21.3 md, respectively.

Aggradational or progradational carbonate plat-
forms exhibit two sets of seismic facies, one with
the lowest values of porosity and permeability (7%
and 6.7 md, respectively, represented by seismic
facies 1, 2, 3, and 4) and another set with the
highest porosity and permeability values (11.5%
and 17 md, respectively, represented by seismic
facies 11 and 12).

Conceptual geological models for the study area
generated through the zonation of seismic patterns
related to their multi-attribute seismic facies, as es-
tablished in Figure 9, for the upper Aptian surface
and inline 3424 are shown in Figures 11 and 12,
respectively. Thesemodels support the idea proposed
by several previous studies (Wright, 2012; Della
Porta, 2015; Saller et al., 2016) that the seismic
patterns of buildups predominantly lie at the edges
of the southwest–northeast faults but also can be
observed at local highs as isolated buildups, possibly
with stromatolites or shrubs as associated lithologies.

The aggradational or progradational carbonate
platforms’ seismic patterns are found in flat or soft-
ramp regions of both structural highs and structural
lows. These carbonate platforms in the structural lows
may be connected to muddier carbonate lithologies,
whereas in the structural highs, they are connected to
the carbonate sedimentation originating from mi-
crobiological mats or spherulitic precipitation.

Figure 11. Seismic pattern area zonation at the upper Aptian surface.
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Figure 12. Seismic pattern area zonation for inline 3424, showing (A) the original seismic pattern, (B) the multi-attribute seismic facies
classification results, and (C) seismic pattern zonation.
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Finally, the debris seismic patterns are always in
the lower terrain near the edges of faults and are
possibly related to wave or subaerial reworking of
facies during periods of lower lacustrine water levels.
The lithologies associatedwith debris seismic patterns
are probably grainstones, packstones, andwackestones
with stromatolitic and spherulitic intraclasts.

CONCLUSIONS

We generated an unsupervised multi-attribute seis-
mic facies classification using a k-means clustering
approach based on seismic attributes to identify
seismic patterns and to facilitate qualitative and
quantitative characterization of the sag-phase reser-
voirs in the study area. We could identify and char-
acterize three seismic patterns based on their seismic
facies: buildups, aggradational or progradational car-
bonate platforms, and debris facies. By comparing our
multi-attribute seismic facies classification and well
log data, we could establish that the most porous and
permeable multi-attribute seismic facies are those
associated with patterns of buildups, low-impedance
aggradational or progradational carbonate platform
layers, and debris facies. The results of our multi-
attribute seismic facies classification allowed us to
build a map of the top level of the reservoirs and
a section view of the sag phase reflecting seismic
pattern associations in the region to predict the best
prospective drilling areas.
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