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Abstract: The capacity to predict the occurrence and quality of source rocks in a sedimentary basin is
of great economic importance in the evaluation of conventional and non-conventional petroleum
resources. Direct laboratory examinations of rock samples are the most accurate way to obtain their
geochemical properties. However, rock information is usually sparse, and source rocks are often
sampled at positions that may not be representative of the average organic content and quality of oil
kitchens. This work proposes a work flow supported by machine learning methods (random forest,
DBSCAN, and NGBoost) to automate the source rock characterization process to maximize the use of
available data, expand data information, and reduce data analysis time. From the automated quality
control of the input data through the extrapolation of laboratory measurements to continuous well
logs of geochemical properties, culminating in the 3D estimation of these properties, we generate
volumes of total organic carbon (TOC) by applying machine learning techniques. The proposed
method provides more accurate predictions, reducing uncertainties in the characterization of source
rocks and assisting in exploratory decision making. This methodology was applied in the presalt
source rocks from Santos Basin (Brazil) and allowed us to quantify the TOC distribution, improving
the interpretation of the main source rock interval top and base based only on seismic amplitude data.
The result suggests higher TOC values in the northern and western grabens of the studied area and a
higher charge risk in the eastern area.

Keywords: source rock; TOC; machine learning; Santos Basin; presalt

1. Introduction

Risk assessment concerning the effectiveness of a petroleum system’s elements and
processes plays a major role in petroleum exploration. Source rocks are essential ele-
ments for the existence of unconventional resources (shale oil or shale gas) or conventional
petroleum accumulations. Our major goal in this work is to assist a more accurate calcula-
tion of exploratory risks, particularly the assessment of hydrocarbon charge, by improving
the quality and the vertical and lateral resolution of source rock characterization at the
basin scale, applying an agile integrated approach using machine learning techniques.

The amount of total organic carbon (TOC) in source rocks depends on the balance
between primary productivity, preservation, and mineral dilution controlled by the sedi-
mentation rate. The kerogen quality is related to the type of organic matter deposited in
the depositional substrate and the preservation degree, which is mainly regulated by the
redox potential in the water column and within sediments. Source rocks under appropriate
thermal evolution, as defined by temperature and time, can reach the process of generation
and expulsion of petroleum [1].
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Traditionally, source rocks are identified and characterized through geochemical
analysis of rock and petroleum samples from wells. Rock-Eval pyrolysis is a fast method
(approximately 30 min per analysis) and requires a small amount of pulverized rock.
It is based on the selective detection and quantification of hydrocarbon and oxygenated
compounds released by pyrolysis of organic matter on a predetermined heating schedule [2].
The amounts of hydrocarbons and CO; generated are measured as peaks as a function of
time and recorded in the form of a pyrogram. Combined with TOC measurements, it is
frequently used to measure the quantity, quality, and thermal maturity of organic matter
in rock samples [1]. However, as the main objectives of exploration and production wells
are reservoir rocks, source rocks samples are usually sparse, and are often sampled at
positions that may not be representative of the average organic content or quality of the
oil kitchens. To circumvent the limited core sample data, different methods have been
proposed to obtain an estimate of the total organic carbon using geophysical well log data
(e.g., [3/4]). However, source rock characterization involves the quantification of other
geochemical properties, such as the hydrogen index (HI), hydrocarbon potential (S;), and
maturity (e.g., Tmax), which can also be obtained through Rock-Eval pyrolysis. We take all
these properties into account in our approach.

Source rocks rich in organic matter tend to have lower density values than non-source
rocks with the same mineralogy and burial, in association with higher gamma rays (GR),
resistivity (RT), neutron porosity (NPHI), and slowness (DT) (e.g., [3,5,6]). Furthermore,
their properties vary in relation to the type and thermal history of the organic matter [3].
Due to the vertical resolution of the logs (from 0.2 to 0.8 m in the cases of the logs used
in this work), the source rocks can be identified even when their thickness is below the
resolution of the curves used, although the quantification is imprecise.

Although well log data provide information with a relatively good vertical resolution,
they are scattered in the basin and provide only local information. Seismic data can
provide reliable information to spatially guide the identification of source rocks and the
characterization of their geochemical properties, especially their organic content. Seismic
inversion is an efficient technique to infer elastic properties of rocks that, in conjunction
with geophysical logs and geochemical analysis, allows for an integrated characterization
of the potential source rock interval with good vertical and lateral resolution (e.g., [7-10]).

Several authors have applied different methods to characterize the petrophysical and
elastic properties of shales rich in organic matter and attempt to predict their occurrence and
spatial variation using seismic data (e.g., [11-13]). The conventional seismic approach to
source rock characterization is performed by calibrating linear regressions between acoustic
impedance (P-impedance, the product of compressional wave velocity and density) and the
TOC using well logs and extrapolating these relationships using seismic data to generate
volumetric estimations of this property [8].

The presence of organically rich shales tends to reduce the seismic velocities and
density and increase the anisotropy in comparison to organic lean shales of similar min-
eralogy and burial (e.g., [14-16]). Vernik and Nur (1992) [15] considered those changes to
be relative to the kerogen content, microstructure, and maturity of the source rock. The
physical-chemical interactions with the pore fluids [16] and the pore pressure produced by
the conversion of the kerogen into oil [17] can also influence these parameters.

The ratio between compressional (Vp) and shear wave (Vs) velocities (Vp/Vs), which
are sensitive to lithology and interstitial fluid, can increase or decrease with the organic
content, which can be substantially affected by the variation in the mineral composition of
the shales (e.g., [6,18-24]). Because of the lower density and velocity of the organic matter
relative to the other minerals present in the rock, the acoustic impedance decreases in a non-
linear way with the increase in the organic content [8]. The decrease in acoustic impedance
and the increase in anisotropy result in characteristic seismic behavior [10]. The reflections
of rich and thick source rocks have high amplitudes when compared to reflections of non-
source rocks and are amplified with increased organic content [25], thermal maturation [11],
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and porosity [23]. The discrimination of each property that affects the seismic response is a
big challenge and is usually achieved with rock physics numerical models (e.g., [26]).

The amplitudes of organically rich shales tend to vary with the offset or angle (AVO/AVA,
respectively) in contrast to the host rocks (background) [7,10,11,23,25], which justifies the use
of AVO analyses for the characterization of source rocks. Zhu et al. (2011) [19] observed that
variation in lithology can significantly influence the AVO response of the source rock, since it
is related to the VP /VS ratio. Numerical models of rock physics revealed that the mineralogy
of the source rock can influence the class of seismically observed AVO anomaly. Silica-rich
source rocks can result in AVO class 3, which occurs when there is a reduction in P-impedance
and VP/VS (or Poisson’s ratio) between the overlying (enclosing) rock and the source rock.
On the other hand, clay-rich source rocks can result in AVO class 4, with reduced P-impedance
but with little variation or even an increase in the Poisson ratio between the overlying and
source rock.

The verification of the strong correlation between the reduction in the acoustic impedance
and the increase in the TOC, combined with the availability of seismic stacks from different
ranges of angles or offsets, allows for the quantitative evaluation of the source rock, increasing
the reliability in the prediction of its occurrence and distribution [10]. Seismic attributes (any
quantity calculated from the seismic data) can also provide relevant information and can
highlight amplitude, phase, and frequency changes in seismic data.

Del Monte et al. (2018) [27] compared the signature of source rocks using different
methods, including inversion, AVO analysis, and seismic attributes. Despite comparing
the results of each methodology, the integration and interpretation of data were performed
independently. As each elastic property has a different sensitivity to the petrophysical
properties of the rock, the use of multiple properties for TOC prediction instead of just one
(as is conventionally done) allows for a reduction in the intrinsic ambiguities between the
effects of porosity, pore shape/fracture, and the amount and maturity of organic matter
(OM). In this work, we use a broad set of elastic attributes as an input to a machine learning
model that relates elastic and geochemical properties. The application of machine learning
techniques provides some advantages compared with the aforementioned conventional
approaches. For example, machine learning enables the review of large volumes of data to
discover specific trends and patterns that would not be apparent to humans, and no human
intervention is needed, allowing them to make predictions and improve the algorithms
on their own. Moreover, machine learning techniques are good at learning non-linear
representations from multidimensional data [28]. Thus, machine learning methods make
it possible to obtain more accurate predictions of the properties, reducing ambiguities
and enabling a better separation of the previously listed effects, which overlap in the
elastic responses of the source rock [29]. After comparing numerous methods, random
forest [30], DBSCAN [31], and NGBoost [32] were chosen in this work for their superior
performances. A possible pitfall in the seismic estimation of geochemical properties is the
ambiguity between the properties of the reservoir and the source rock intervals rich in
organic matter. The behavior of elastic properties and electrical well logs may be similar
in both situations. The use of multiple attributes tends to reduce this ambiguity. Another
possible risk in applying this methodology is overfitting the machine learning model. To
minimize these effects, we analyzed graphs of the variation of the metrics in the training,
test, and validation data and applied a cross-validation process.

The main objective of this work was to develop an integrated work flow from rock
samples to seismic data based on the use of machine learning algorithms for source rock
evaluation. The strengths of the proposed methodology are the inclusion of automated
quality control of the input data and the estimation of the quantity, quality, hydrocarbon
potential, and maturity of the organic matter. The use of geochemical data from rock
samples, well logs, and seismic data on a machine learning basis allows us to maximize
the use of high-quality data, improving estimates of geochemical properties in terms of
assertiveness, efficiency, and speed. The geochemical volumes (with adequate vertical and
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lateral resolution) support a more accurate calculation of exploratory risks, notably those
related to the assessment of uncertainties regarding petroleum charge assessment.

2. Geologic Setting

The eastern Brazilian basins are classified as continental rift basins and are related to
the rupture of the Gondwana Supercontinent and, consequently, the opening of the South
Atlantic Ocean. They were formed during the Lower Cretaceous, when a thick succession
of continental, fluvial and lacustrine sediments, siliciclastic and carbonate, were deposited
in salty and freshwater lake environments controlled by the extensional stresses of the
rift phase. Locally, intercalation of volcanic rock can be found. After the rift interval, the
thermal subsidence phase began, with features of gravitational slip (e.g., [33]).

The Santos Basin, located in the southeastern Brazilian margin, is the biggest offshore
Brazilian basin, with an area of more than 350 thousand square kilometers along the coasts
of the sates of Rio de Janeiro, Sao Paulo, Parand, and Santa Catarina [34] and is limited by
the Cabo Frio structural high in the north and by the Pelotas structural high in the south
(Figure 1). Recently, the Santos Basin became the largest producer of oil and natural gas in
Brazil due to the discovery of large oil fields, such as Tupi and Buzios, after confirmation of
the presalt play in 2006 through the drilling of the wildcat 1-BRSA-329D-RJS (Parati).
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Figure 1. Location of the Santos Basin and the presalt province. The exact location of the research
area cannot be shown for confidentiality reasons.

The presalt play is composed of two reservoirs: the main sag reservoir, which was de-
posited during the early and late Aptian, and the rift reservoir, which was deposited during
the Late Barremian and early Aptian (Itapema Formation). The Itapema Formation, corre-
sponding to the Jiquid Brazilian Local Stage, is characterized by the intercalation of carbonates
and black shales [34] and is the main source rock for the hydrocarbon accumulations in the
basin. The wells that reached this interval have proven excellent characteristics for petroleum
generation, with TOC up to 16% and hydrocarbon potential (S;) up to 149 mg HC/g rock,
possibly related to Ocean Anoxic Event 1a (Freitas et al., 2022 [35] and references therein).
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3. Methods

To achieve the intent of this work, an area with a considerable number of wells that
acquired data of the Jiquia source rock (Itapema Formation) and covered by high-quality
seismic data was selected. The work flow for source rock characterization is summarized
in Figure 2. As presented by Damasceno et al. (2022) [36], the first steps consist of the
application of automated quality controls for the measurements of geochemical properties
in rock samples and well logs. Next, we fit a machine learning model relating the basic
suite of well logs to the measurements of geochemical properties from the automatically
validated rock samples. The final step is the fit of a model correlating elastic properties and
the TOC well logs predicted in the previous step.

Quality control of

m—> geochemical \

measurements 1D estimation of

TOC, S,, HI, and
/ Tmax

1D (well logs) Outlier removal
3D property
estimation

m Elastic Inversion

Figure 2. Work flow for automated source rock assessment. The numbers correspond to the machine-
learning-based algorithms described in this work.

The methodology used in the application of each step of the proposed flow is described
separately for each algorithm as follows.

3.1. Algorithms 1 and 2: Quality Control of the Input Data

The use of poor-quality data can substantially impact strategic decisions. To achieve
satisfactory performance using machine learning techniques to predict the rock properties,
it is imperative to ensure good data quality before training.

The wells used in this work were drilled with oil-based drilling fluid, which can
contaminate the rock samples, considerably affecting the geochemical measurement results,
as also reported by Freitas et al. (2022) [35] for presalt rocks. The evaluation of the degree of
contamination is a costly task and is traditionally achieved by sample-by-sample evaluation
of pyrograms, the results of Rock-Eval pyrolysis, coupled with other geochemical and
geological data [37]. Therefore, Algorithm 1, which automatically qualifies the geochemical
data and excludes contaminated rock samples, is the first stage of the work flow. Rock-Eval
data from 167 rock samples from lacustrine and marine source rocks from different Brazilian
sedimentary basins were selected and grouped into two classes (non-contaminated (reliable)
or poorly contaminated and contaminated (unreliable)) based on the Rock-Eval product
analysis of each rock sample.

As each pyrogram consists of around 1200 data points (one for each time step of the Pyrol-
ysis analysis), we used principal component analysis (PCA) [38,39] to reduce the dimensions
of the normalized data to seven components, guaranteeing 99% of the cumulative explained
variance. Besides the seven components, the hydrocarbon potential (S,), the production index
(PI), and the number of free hydrocarbons normalized by the TOC (S; /TOC) were chosen as
attributes to train the model after the exploratory analysis (data visualization and analysis). A
proportion of 33% of the data was used to evaluate the model’s performance. Several machine
learning methods were tested, and the random forest method was chosen, as it provided the
best classification result on the validation set (Table 1).
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Table 1. Metrics for quality control of automated classification of geochemical rock samples into
reliable and unreliable.

PRECISION RECALL F1 SCORE
RELIABLE 1.00 0.68 0.81
UNRELIABLE 0.83 1.00 091
ACCURACY 0.88
MACRO AVERAGE 0.91 0.84 0.86
WEIGHTED AVERAGE 0.90 0.88 0.87

With the same purpose, Algorithm 2 consists of the evaluation of the quality of the well
log data, removing the outliers, mainly based on irregularities in the borehole. It is common
for well log data to contain values affected by washouts, as well as other measurements
that can be considered outliers for a given work flow. These problematic data need to be
removed so that they do not result in misinterpretations in statistical analyses and machine
learning flows. The traditional work flow is implemented manually by a geoscientist
through the visual evaluation of two-dimensional curves and cross plots. This manual
process is very time-consuming, often making it impossible to remove outliers from an
extensive database. Accordingly, we developed an automatic outlier removal flow using the
DBSCAN (density-based spatial clustering of applications with noise [29]) unsupervised
clustering algorithm. The advantage of using DBSCAN for this purpose, compared to
other clustering methods, is that in addition to classifying the data into clusters, it also
allows for the identification of outliers, that is, points that do not belong to any cluster. The
main idea of this application is to use the log data from several different wells so that the
machine learning algorithm recognizes the existing patterns in the data and can indicate
those measurements that are not part of the expected regular distribution.

3.2. Algorithm 3: 1D Property Estimation

The following step consists of the quantification of the quantity, quality, hydrocarbon
potential, and maturity of organic matter using well logs coupled with geochemical data.
Traditional methods propose the use of porosity and resistivity logs to estimate the TOC
content (e.g., [3,4]). However, it is well known that the physical properties of source rocks
allow them to be recognized in other well logs (e.g., [5,6]). Machine learning techniques
can help to automatically find relations between those data to quantify not only the TOC
but also other geochemical properties (e.g., [40,41]).

The dataset used to train the machine learning models to predict the TOC content
and other properties comprises 92 wells. These wells were separated into two distinct
datasets: a training dataset, with about 80% of the wells, and a test dataset, with the
remainder of the data, acting as a blind test case. The test dataset was used to evaluate
the model performance concerning new data, such as the newly drilled well case. The
selection of the best model consists of choosing the one with the best performance on
the test dataset. The following machine learning algorithms were evaluated: random
forest [30], support vector machine (SVR) [42], XGBoost [43], NGBoost [32], and neural
networks (multilayer perceptron (MLP)) [44]. TOC and Rock-Eval parameters from the non-
contaminated and poorly contaminated cuttings, as well as sidewall and core samples from
the Jiquia source rock from Santos and Campos basins, were selected as targets to perform
exploratory data analysis for log selection. At the end of this step, a total of 606 samples
were selected, considering only sidewall and core samples due to the high inaccuracy of
depths from the cuttings samples. The logs selected as input data to estimate TOC were
gamma rays, density, neutron, deep resistivity, compressional sonic, and the burial depth of
each well log measurement. These logs were selected due to their known correlation with
TOC values [3-6]. The same logs were used for Tmax value estimation, as proposed by
Tariq et al. (2020) [40] and Shalaby et al. (2020) [41].

To train these models, the scikit-learn python library was used [45]. Hyperparameter
tunning of each algorithm was performed using scikit-learn’s grid search with cross valida-
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tion tool. This tool allows several parameters to be tested and compared. For each model,
the best parameter combination is obtained by selecting the one with the lowest average
error on the cross-validation dataset. In this study, 5 cross-validation groups were used.
Finally, the best parameter of each algorithm was used to train a model with all the data
available in the training dataset. To compare the performance of the models, we evaluated
the correlation coefficient between the test data and the results obtained by each model,
with Pearson and Spearman correlations explaining linear and non-linear relationships,
respectively (Table 2). The F1 score was obtained by considering the TOC quality (poor
when TOC < 0.5, fair when 0.5 < TOC < 1, and good when TOC > 1 [46]) generated by
the discretization of the TOC values. The models, in general, showed equivalent perfor-
mance regarding the correlation between the estimates and the measured laboratory data.
However, the NGBoost model showed better performance in terms of F1 score (Table 2).
Additionally, besides predicting only a real value, NGBoost incorporates uncertainty esti-
mation through probabilistic prediction, which is the approach whereby the model outputs
a full probability distribution [32]. Accordingly, this was the model selected as the best
model for TOC and Tmax estimation.

Table 2. Metrics for each applied method.

METHOD PEARSON SPEARMAN F1-SCORE
RANDOM FOREST 0.72 0.77 0.68
SVR 0.66 0.76 0.67
MLP 0.74 0.81 0.68
XGBOOST 0.74 0.81 0.67
NGBOOST 0.72 0.80 0.74

A linear regression between the TOC and the hydrocarbon potential (Sp) measurements
was used to obtain the Sylog, and the hydrogen index (HI) was derived from the following
relation: Sylog/TOClog x 100.

3.3. Algorithm 4: 3D Property Estimation

The low density and velocity characteristic of organic matter allow source rocks to
be identified in the seismic data. Therefore, the following step is the 3D estimation of the
geochemical properties. Although the application in this work was limited to obtaining
a volume of TOC, it can also be applied to estimate other geochemical parameters. As
shown in Figure 3, the set of elastic attributes used as an input for this study show a trend
similar to that of the TOC well log obtained in the previous step. Hence, the focus of the
methodology developed in this work is to capture these relationships according to the fit of
a machine learning model relating the properties.

To train the model for 3D prediction of geochemical properties, we used a set of elastic
attributes from the seismic inversion as features to obtain the TOC values, as represented
by the TOC well log (target) described in Algorithm 3.

As in the 1D property estimation case, NGBoost with decision tree as the base learner
was the chosen model. The training data were composed of the continuous TOC well logs
(from Algorithm 3) from 3 wells (target), which represent a total amount of 626,372 samples
for training, and the respective features were traces of each elastic attribute extracted at
the location of the training wells. For validation, we used one well, which corresponds to
17,972 samples (16% of data). After the training step, we applied the trained model to the
test data using one blind well with 26,758 samples (25% of data). All wells used in this step
are located inside the limits of the 3D seismic data.

Before training, it was necessary to filter the TOC well logs to adapt the frequency of
features and the target, since the well logs (target) have a wider-frequency bandwidth than
the traces of the seismic inversion attributes (features).
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Figure 3. Set of well logs for well 3. From tracks 3 to 7, a set of elastic attributes is exhibited (acoustic
impedance, difference between acoustic and shear impedances, brittleness, Young’s modulus, and
Mu-Rho). On track 8, the TOC log is overlaid with the laboratory measurements of this property.
Note the good relation between TOC and all the elastic attributes (higher TOC values correspond to
lower elastic attribute values).

4. Results and Discussion

As Algorithm 1 was not yet completed at the time of the development of Algorithm
3, validation of the rock measurements was performed manually. Based on the reliable
sidewall and core data, the source rock corresponds predominantly to type I organic
matter according to the Langford and Blanc-Valleron (1990) [47] diagram (Figure 4) and
has excellent hydrocarbon potential, with an average and maximum TOC of 6% and 36%,
respectively, and an average S of 46 up to 358 mg HC/g rock.
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Figure 4. Classification of the source rock measurements using S, vs. TOC diagram based on Langford
and Blanc-Valleron (1990) [47].
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The use of the DBSCAN unsupervised clustering algorithm to recognize and remove
outliers from the well-log curves used as features in the TOC prediction flow also presented
consistent results. The inputs for the classification were P-sonic, S-sonic, and density well
logs. Figures 5 and 6 show the results of the identification of outliers for a given well in the
studied area. One can notice that the identified outliers correspond to the higher values of
caliper, which suggests that well washout is the cause of the anomalous measurements.

DBSCAN
CALI GR DENS P-SONIC S-SONIC Outiics
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Figure 5. Identification of outliers (red) after performing the DBSCAN algorithm with the following
well logs as features: density (DEN), compressional sonic (P-SONIC), and shear sonic (S-SONIC).
The outlier flag is shown in the last track. The caliper well log was not used as a feature.
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Figure 6. Cross plots of P-sonic as a function of density, colored by caliper before and after the removal
of the outliers. Note that the data classified as outlier predominantly correspond to anomalously low
densities (lower than 2 g/cc).
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The validated rock measurements and well logs were used to train and test the 1D
machine learning model, providing good estimations of the geochemical properties contin-
uously in depth, as observed in the blind test result presented in Figure 7 and as indicated
in Table 2. One can notice the trend of increasing maturity with increasing depth, as well as
the intercalation between carbonates and black shales described by Moreira et al. (2007) [34],
where TOC, HI, and S, contents tend to be higher in shales, laminites, and mudstones and
lower in carbonate reservoir facies.
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Figure 7. Well logs for well 3: caliper (CAL, in), interpreted lithology (LITHO), Gamma ray (GR, API),
resistivity (RES, ohm.m), sonic compressional (P-SONIC, us/ft), density (DENS, g/ cm?), neutron (%);
and geochemical logs: TOC (%), HI (mg HC/g TOC), S, (mg HC/g rock), and Tmax (°C) for one of
the blind test wells, compared with the rock samples measurements (blind test data are represented
as black dots, while continuous lines correspond to results obtained by our model).

Different combinations of elastic attributes were tested, aiming for greater accuracy in TOC
prediction. Although the importance of the attributes for TOC prediction varies depending on
the combination tested in the training, the acoustic impedance (IP) attribute remained with the
highest index of importance (Figure 8). The TOC calculated from linear regression with the
shear impedance (IS) was used as a benchmark for the prediction (Figure 9), as it is the most
conventional approach to estimate TOC volumes from seismic data.

The peak frequency attribute was not used due to its low importance in TOC prediction.
Also, we verified that removing the shear impedance (IS) attribute from the list of input
attributes did not reduce the prediction accuracy, probably due to redundant attributes
in the set generated from simple arithmetic combinations of IS with others. Figure 10
shows a blind test for the model whose metrics are indicated to be the best choice of
parameters and attributes as features for TOC prediction. Note that the machine-learning-
predicted TOC log (red) is very similar to that used as the target for the prediction (blue),
whereas the regression with the IS attribute alone (green) does not provide a satisfactory
prediction of this property. The values of Pearson’s correlations between the predicted
well logs and the target, also shown in Figure 10, validate the greater accuracy of NGBoost
prediction. In addition to greater accuracy in prediction using machine learning compared
to the benchmark, another advantage of using NGBoost is predicting parameters of a
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normal statistical distribution, allowing for the estimation and analysis of uncertainty in
the predictions. The red line represented as the TOC prediction using NGBoost in Figure 10
is the P50 of the prediction, and the highlighted red space around the curve is the interval
between P10 (pessimistic) and P90 (optimistic) predictions.

Feature Importance

00 0.05 0.10 0.1
importance

Figure 8. Feature importance of tested attributes. P-impedance always shows the highest value of
importance. Among all nine tested attributes, peak frequency and S-impedance were discarded for
the final training set.
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Figure 9. TOC as a function of S-impedance (IS). The linear regression is calculated as
TOC =8.57 — 1.37 x 107¢ x IS +5.31 x 10714 x IS%.
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Figure 10. The plot above shows the results of the total organic carbon (TOC) prediction. The red strip
is the range of possible TOC values between the P10 and P90 quantiles. The blue line is the well-log
TOC (target), the red line is the NGBoost prediction (or P50), and the gray line is the TOC estimate
from the linear regression with the single S-impedance attribute. The TOC calculated only with the
S-impedance attribute (green line) shows a lower correlation with the target than that generated
using machine learning (highlighted in red on the right side of the figure) in all tested scenarios.

Finally, based on the performed tests, the attributes chosen to generate the final trained
model were P-impedance, brittleness, Young’s modulus, Lambda-Rho, Mu-Rho, Poisson
ratio, and the difference between P- and S-impedance. This trained model was used for the
3D prediction of TOC, as described below.

The vertical resolution of the input seismic data for this study is 105 m, and the
inverted data (used as a feature for TOC prediction) have a resolution of 80 m. The
inversion resolution gain is due to the deconvolution of the seismic pulse intrinsic to the
inversion process. When the inversion results are used as input to machine learning models,
which are complex and non-linear, this increase in vertical resolution is further enhanced,
which translates into a better definition of the top and bottom of the richest layers in OM.
Figure 11 shows a cross section from the P50 predicted TOC volume compared with the
target well logs. One can observe a large vertical and lateral variability of TOC content on
the source rock, alternating between rich and poor organic matter intervals, possibly due
to the intercalation of carbonates and black shales described by Moreira et al. (2007) [34]
and observed in the wells. The TOC well logs are shown in Figure 11 (black wiggle)
superimposed on an arbitrary cross section of the TOC volume that crosses the wells. Note
that the behavior of the TOC log agrees with that of the volumetric estimate of this property,
evidencing the good fit between the logs (also generated via ML) and the predicted volume.
The property contrasts observed in the wells can be traced laterally. Owing to the good
lateral continuity of the estimated volume using ML techniques, the interpretation of the
top and base of the main source rock intervals becomes a much easier task (Figure 12).
After analyzing the TOC volumes generated in this study, the intervals with the highest
TOC became more evident. Figure 13 depicts another cross section of the TOC volume
where there is an indication of intervals rich in organic matter. Two of those intervals
appear to be present only inside grabens (e.g., in the structural low in Figure 13, where the
intervals highlighted by the yellow arrows seem to pinch out to the right-hand side of the
figure, against the structural high) and possibly were not yet identified in any drilled wells.
That is probably due to those intervals not being deposited over the adjacent structural
highs (where there was a shallower paleobathymetry) or being eroded there. As well
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locations were selected with a focus on exploring better-quality carbonate reservoirs (thus,
in shallower paleobathymetries), only the organically rich intervals also deposited on top
of structural highs can be identified in wells. In our example, some of these organically rich
intervals interpreted from our results were sampled by wells drilled in the area, but they do
not appear as such in conventional seismic data. That is possibly due to the lower thickness
of those potential source rock intervals relative to the original seismic data resolution,
while our TOC volume has a higher resolution than that of the original seismic data, as
mentioned above. Thus, TOC volumes can also be used to complement seismic and well
data as indicators of potential source rock intervals.

P50 TOC
Mean between Top and Base of SR
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100 1
n
£
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Q
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400
I 800 m i
Figure 11. TOC well logs displayed on the same scale as seismic volumes. Note the good fit with
the well logs and the vertical resolution gain provided by the ML application. The blue lines are the
interpreted top and base of the main source rock (SR) interval.
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Figure 12. Seismic sections showing the seismic amplitude (above) and predicted TOC (below) with
the interpreted top and base of the source rock (yellow dashed lines above and blue lines below).
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Figure 13. Seismic section showing the predicted TOC volume with the interpreted top and base
of the main source rock (SR; black dashed lines). In addition to allowing for tracking of known
organically rich source rock intervals, the TOC volume can also indicate new intervals presenting
potential source rocks.

Figure 14 displays a map of the average TOC (P50) in the interval between the top and
base of the source rock, showing the spatial variations of this property. It can be observed
that TOC tends to increase from high structure blocks towards the lows in the northern and
western portions of the studied area. However, in the eastern portion, the richness of the
source rock is relatively lower. At shallower depths, the source rock was not deposited or
was eroded. As the model provides a volumetric probabilistic result, it is possible to obtain
a statistical distribution of the predicted property and to extract the information through
maps and sections. Figure 15, for example, shows geobodies with high TOC values (higher
than 2.5%) for optimistic (P90), pessimistic (P10), and realistic (P50) scenarios. One can
observe that even in the pessimistic scenario, there are high values of TOC in the grabens
on the north and west, and the eastern area represents the higher charge risk. All the
information revealed from the application of this methodology is available for petroleum
system analysis assessment and to be incorporated in the numerical basin modeling to
reduce uncertainties in the quantification of exploration risks.

6979, 1905
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Figure 14. Average TOC map extracted between the top and the base of the source rock interval
(a) and depth map of the base of the source rock (b).
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Figure 15. Geobodies of high TOC values (higher than 2.5%, in red) for pessimistic (a), realistic (b),
and optimistic (c) scenarios.

5. Conclusions

We propose an integrated work flow based on machine learning methods to char-
acterize source rocks from rock to seismic. Despite being a pilot project and the need to
test it in other areas, as shown in the discussion of the results, the methodology provided
satisfactory results. It improved the evaluation of input data quality and the estimation
of geochemical properties when laboratory data are scarce or absent, ensuring the use
of only reliable information and the integration of different datasets at different scales.
The use of multiple attributes to estimate TOC combined with the application of machine
learning techniques allowed for the estimation of TOC volumes with higher precision and
resolution than the input seismic volumes. Once the machine learning models are trained, it
is possible to predict 1D and 3D geochemical properties in real time. Therefore, it provided
more robust results in a reduced time compared to traditional approaches.

The application of the methodology in the Jiquid interval suggests that in the studied
area, higher TOC values are located in the northern and western grabens, and the eastern
area presents a higher charge risk. At the structural high, the source rock was not deposited
or eroded. The reported results can be used as input in petroleum systems analysis and
are important to mitigate charge risks and fluid assessments in exploration prospects. The
interpretation of these results must be deeply allied to the geological knowledge of the
area, since, even using sophisticated techniques of multiattribute predictions, ambiguities
remain in shales poor in organic matter and reservoirs. We intend to continue this work
by applying the methodology to study the Jiquia source rock in similar areas, as well as to
study other source rocks, possibly applying transfer learning techniques.
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