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Abstract. Pore pressure (PP) prediction is critical for well drilling operations and oil reservoir characterization
and management. Recent advances in the development of Machine Learning (ML) models have led to a growing
application of these methods for pore pressure prediction using well log records. In this work, we have evaluated
the performance of two ML models for the task of PP prediction, one based on Random forest (RF) and another
based on Support vector machine (SVM). The study used geophysical logs (Gamma-ray, Sonic, and Density) of
stratigraphic wells drilled in the offshore Sergipe Basin, NE Brazil, to predict the PP in the regional sedimentary
column of the basin. The values obtained by the ML models were compared with values of PP obtained by
classic approaches used in the industry to establish the actual accuracy of the methods tested. We divided the
data used in the study in training and testing into the proportion of 70% and 30%, respectively. We also used the
metrics Mean square error — MSE and R-squared to evaluate the performance. The MSE of the SVM model was
about one order of magnitude greater than that obtained by the RF in the training data. The validation data
showed a similar result. This behavior appeared for different training data sizes, which shows the invariability of
the relative performance of the models related to the amount of data used. Another aspect observed was the
scalability of the models. The results show that the RF model presents a linear behavior concerning the model
fitting time as a function of the amount of data, while the SVM model has an exponential behavior. Finally, in
the test data, the RF model presented better results in all evaluated metrics, with an MSE of about 90%, which
was lower than that obtained by the SVM model. By comparing the values predicted by the models and the
actual values, the RF model has an r-squared of 0.99, while the SVM model has an r-squared of 0.96. Thus, the
performance of the RF model was superior to that of the SVM in all treated aspects.
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1 Introduction

Pore pressure (PP), also called formation pressure, is defined as the hydrostatic pressure exerted by the
fluids (oil, water and gas) inside the pores of rocks in subsurface and can be expressed in the gradient form, as
the change in pressure per unit depth (psi/ft or Pa/m) or, in field units, in (Ibs/gal) Bruce and Bowers [1]. The
formation of these pressures is associated with the compaction aspect of the different types of rocks and depends
on depositional processes, sediment composition and types of the interpore fluids present in the early deposition.

Definition of PP during drilling operations is critical for the calculation of the weight of the drilling fluid,
or drilling mud, which must be kept between the PP and the fracture pressure, which is defined as the pressure
limit to create fractures in the formation. Thus, the prevention of uncontrolled artificial fracturing needs to be
assured to avoid well damage and the consequent mud loss. On the other hand, if the weight of the mud is far
below the pore pressure of geological formations, it can result in the catastrophic escape of fluids and trigger
kicks and blowouts. The balance between these forces is particularly complex when the pore pressure is naturally
close to the fracture gradient, a typical scenario found within overpressure intervals. Thus, understanding pore
pressure behavior as a function of depth and identification of critical zones to help in the correct determination of
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the drilling mud weight is a fundamental aspect of the oil industry operation.

Recent advances in the development of Machine Learning (ML) models have led to an increase in the
application of these methods in the prediction of pore pressure, which aims more accurate models: Osarogiagbon
[2], Abdelaal and Elkatatny [3], Yu [4], Ahmed [5], Hu [6], Keshavarzi and Jahanbakhshi [7].

In this work, we evaluated the performance of two ML models, one based on Random forest (RF) and
another based on Support vector machine (SVM), through the prediction of pore pressures of stratigraphic wells
drilled in the offshore Sergipe Basin, Northeastern Brazil. The PP estimation was achieved based on the relation
of data from geophysical logs (gamma ray, sonic and density). The actual data used for comparison and training
was provided by Cuartas-Oquendo [8], who calculated the PP gradients for the same wells through classical
methods also used by the industry. This author calculated the PP gradient of wells drilled in the shallow and deep
domains of the basin and also used seismic data as pseudo wells to establish a regional distribution of PP.

2 Background

2.1 Random forest

Random Forests are a type of ML algorithm, called ensemble, originally proposed by Breiman [9], in
which a set of decision trees are combined to produce a robust prediction. For regression problems, the final
prediction is given by the average of the predictions of all the trees that produced the forest (Fig. 1).
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Figure 1. Random forest algorithm prediction process (IBM[10]).

In each tree, the regression process proceeds as follows: the predicted value at each node (jl\i) will be the

average of all instances () ) belonging to the node (eq. (1)). Then, the Mean square error — MSE between the
predicted value and the values of all instances present in the node is measured (eqg. (2)).
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The process of choosing the attributes that will compose the root node and the internal nodes is done
recursively, over all training data features (or a subset of these). The best configuration will be the one that
produces the smallest overall error. Thus, the split node will be considered the one that presents the minimum
residual sum of squared errors or the mean squared error.
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2.2 Support vector machine

Support vector machine is a discriminative machine learning model used for both classification and
regression tasks, whose conception is based on statistical learning frameworks developed by Vapnik [11]. For
linear regression problems an SVM model finds the hyperplane that best fits the data (solid line in Fig. 2), given
a certain error tolerance, defined by an error margin, called maximum error (&). A higher value of ¢ leads to a
higher error tolerance. Thus, the objective is to find a function h(x) (eq. (3)), with optimal parameters and whose
errors with respect to the training points y do not exceed the value defined for ¢.
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Figure 2: Regression scheme of a SVM model. Adapted from Gron [12].

In this way, let the hyperplane be defined by:
h(x) =WTX + b =0 ®)

where X are the training features and W and b are the parameters to be optimized.
Let T = (X, y) be the training set, then the following convex optimization problem is formulated:

1
min(W,b)EWTW sit. |lyi— WTx; + b)| <&V (x;,v) €T Q)

It is possible to adjust the value of € to obtain the desired model accuracy, as shown in Fig. 2. However,
these restrictions may be too strict for certain problems. To work around this problem, a pair of slack parameters
(g5, &) is introduced for each training data point, so that the optimization problem results in eq. (5):

n
1
mingy p) EWTW + CZ(sl- + &) ®)
i

subject to, V (x;,y;) € T:
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o £2=>0
e =0

The constant >0 is a regularization term that controls the trade-off between the optimization of the
hyperplane parameters and the tolerance for errors that the model can make and, therefore, helps to avoid
overfitting.

3 Methodology

The dataset, composed of a total of 28,946 samples of profiles of Gamma ray, Sonic and Density, was
divided into training data (70% of the total) and test data (remaining 30%). The model's hyperparameters tuning
were obtained using the RandomizedSearchCV function of scikit-learn.

We used Mean Square Error (eq. (6)) and R-squared (eq. (7)) as the metrics to evaluate the models.
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Where $° € is the i-th prediction of the model, y® is the corresponding real value and ¥ is the mean of

the values.

4  Results and discussion

Figure 3 shows the mean squared error of the models during the hyperparameters tuning stage. The model based
on SVM presents a good consistency between the training and test values, which shows a good control of

overfitting. However, the final MSE is much higher and with much more variability than that obtained by the RF
model.
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Figure 3. MSE scores obtained during the hyperparameter tuning process.

The learning curves in Fig. 4 show that both models have similar MSE scores in training and cross-
validation. This procedure demonstrated a small generalization error. However, as in Fig. 3, the performance of
the RF model is superior to the SVM. It is important to note that the SVM has consistently improved with the
increases in training data, showing that, for a sufficiently large amount of data, its performance tends to approach
the RF.
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Figure 4. Learning curves (left), scalability (center) and performance (right) of the models.
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Regarding scalability, results show that despite having an approximately linear behavior, the
computational cost growth rate of the RF model is lower than that of the SVM for training sample sizes greater
than 10,000. This fact can also be noticed by analyzing the performance of the models regarding the adjustment
time.

The histograms in Fig. 5 show the distribution of the test data and of the values predicted by the RF and
SVM models. A visual analysis shows that the RF model performed better than SVM.
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Figure 5. Histograms showing the distributions of predictions obtained by the RF (right) and SVM (left) models
compared with actual values.

The qualitative interpretation of results shown in Fig. 5 is confirmed by the MSE scores of the models in
the test data, which are shown in Fig. 6. The SVM score is 7 times higher than the RF score.

140000 |
120000
100000

t 80000 |

s
60000 1

40000 |

20000 1
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Figure 6. MSE scores of the models in test data.
Furthermore, the R-squared between the test data and the predictions of each model is shown in Fig. 7. One

can note that the RF performs better, with more stable forecasts and an r-square of 0.996, compared to the SVM
performance, which exhibits more dispersed forecasts and an r-square of 0.961.
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Figure 7. R-squared scores of the models in test data

5 Conclusion

The results showed that the RF model was superior to the SVM model performance in the pore pressure
prediction task for the case study presented here. This superiority of the SVM model was observed in the stages
of hyperparameter tuning, training, and testing in all analyzed metrics. In addition, the RF model proved superior
in terms of scalability, with a lower computational cost than the SVM.
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