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Pore pressure (PP) is one of the essential and very critical parameters in the oil and gas industry, especially in reservoir engineering, exploitation, and production. Forecasting this valuable parameter can prevent huge costs incurred by the oil and gas industry. This research aims to develop a algorithm to better predict PP in subsurface -formations. Based on this, information from three wells (F1, F2, and F3) representing one of the Middle East oil fields was used in this research. The input variables used in this research include; laterolog (LLS), photoelectric index (PEF), compressional wave velocity (Vp), porosity (NPHI), gamma ray (spectral) (SGR), density (RHOB), gamma ray (corrected) (CGR), shear wave velocity (Vs), caliper (CALI), resistivity (ILD), and sonic transit time (DT). Based on the results presented in the heat map (Spearman’s correlation), it can be concluded that the pairs of parameters RHOB-PEF, CGR-SGR, RHOB-CALL, DT-PEF, PP-RHOB, Vs-RHOB, ILD-LLS, DT-CGR, and DT-NPHI are connected. In this research the GS-GMDH methods is used for modeling which is based on the Group method of data handling (GMDH). The results of this research show that this algorithm has an average error of RMSE = 1.88 Psi and R2 = 0.9997, indicating its high-performance accuracy. The difference between this method and the conventional GMDH method is that it can use three or more variables instead of two, which can improve prediction accuracy. Furthermore, by using the input of each neuron layer, the proposed model can communicate with other adjacent and non-adjacent layers to solve complex problems in the simplest possible way.
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INTRODUCTION
Pore pressure (PP) is one of the most prominent and widely used parameters in various petroleum fields, from the start of drilling to determining and optimizing the production of oil and gas flow as well as reservoir planning (Ma et al., 2015). The high importance of this parameter in reservoir engineering, exploitation, and drilling has sparked the interest of several authors in researching such an important parameter (Peng et al., 2021). This very important parameter is measured and reported through direct measurement of PP using the Modular Formation Dynamics Tester (MDT) (Carnegie et al., 2002; Baouche et al., 2020). Another tool that measures formation pressure is the Repeat Formation Tester (RFT), which is a routine tool in the petroleum industry (MacArthur et al., 2000; Matar et al., 2019; Jafarizadeh et al., 2022). But one of the reasons that has made the use of these tools problematic is that they are expensive and time-consuming to drive (Ma et al., 2018). As a result of such reports, which are generated using expensive tools, the determination and estimation of PP for specific depths are limited. Various methods have been proposed to predict PP, including its determination through petrophysical logs and seismic data (Rajabi et al., 2022b). One of the most important good features in a drilling operation is the safety of the drilling path. Once the PP is determined, drilling engineers can drill a safe well trajectory and reach the target easily. One of the primary causes of the blowout event was the inability to accurately identify PP at various reservoir points and well trajectories. Because blowout events cause irreparable damage to the hydrocarbon fluids inside the reservoir, preventing them can be of great benefit to the oil and gas industry, environmental safety, as well as oil and gas reserves (Hassanpouryouzband et al., 2020).
LITERATURE REVIEW
Given the important and constructive role of the PP in drilling, production, and reservoir planning, it can also play a useful role in its prediction. Several authors have developed methods to predict the PP in the last few decades. Among them, we can mention the Eaton model in 1975, which is one of the oldest methods for determining this important parameter. The model used in this method includes the determination of overburden pressure using structural pressure and structural matrix (Eaton, 1975). Following this method, Ethen attempted to modify his method to improve prediction accuracy, and by incorporating porosity and shear wave velocity (Vs), he was able to present a new model (Zhang, 2011). In 1995, Bowers presented a model based on the difference in pressure wave speed and mud wave speed that was able to demonstrate effective stress analysis in this model (Bowers, 1995). In order to examine and analyze this model, two coefficients are needed, which can be examined and analyzed through these two coefficients of the Bowers model (Bowers, 1995; Zhang, 2011). Based on this model, by drawing the measurement point between the effective stress and shear wave speed, a correlation relationship can be created to generate the code and the final model. The model’s ambiguity is that the variety of lithology can have a positive effect on the model’s uncertainty and provide acceptable results (Zhang, 2011). In 2012, Atashbari and Tingay (2012) presented a model based on Eaton’s 1957 model. In this model, the porosity and compressibility parameters of the rock are related to the PP, which generates an analytical model. In this model, porosity intensity is dependent on PP. This model is one of the models that is much more practical than other models and is highly dependent on porosity and shows compressibility pressure (Atashbari and Tingay, 2012). Many researchers have used empirical equations to predict PP, which is based on Eaton’s model. The research results of these researchers show that the error presented in this model increases, especially when it is used in different sedimentary basins with different lithologies (Hutomo et al., 2019; Radwan et al., 2019).
Many researchers have recently been able to forecast the value of PP and fracture pressure using artificial intelligence algorithms in order to better predict the PP and FP in subsurface reservoirs. This is certainly relevant if the model is independent of the normal velocity trend and depends on the porosity (Rabbani and Babaei, 2019; Galkin et al., 2021; Ponomareva et al., 2021; Zakharov, 2021; Martyushev et al., 2022; Ponomareva et al., 2022). In 2000, Sadiq and Nashawi (2000) used artificial intelligence methods to predict formation failure pressure, which is the last point of formation PP. The networks used include the back propagation neural network (BPNN) and the generalized regression neural network (GRNN). The results of this research show that GRNN has a higher performance accuracy than other algorithms (Sadiq and Nashawi, 2000). In the same year, Murakami et al. (2000) predicted PP using the BPNN algorithm. The results demonstrated that this model has a high level of performance accuracy (Murakami et al., 2000). Six years later, Siruvuri et al. (2006) proposed a model employing a neural network algorithm for predicting PP in one of the fields located in the Gulf of Mexico (Siruvuri et al., 2006). Four years later, proposed a model employing a neural network algorithm to predict PP in two of the large oil fields located in Iran. The results of this article are better than the results presented in previous articles (Ashena et al., 2010). Three years later, in 2013, Hu et al. (2013) studied drilling pressure prediction and structure optimization. In this research, three algorithms, BPNN, multilayer perceptron (MLP), and GRNN, have been used to predict PP in one of Iran’s oil reservoirs. In this study, they used four input data sets, including permeability (K), depth (MD), density (RHOB), and porosity (NPHI). The results presented in this article show that the BPNN performance accuracy is higher than that of GRNN and MLP models (Hu et al., 2013). In the same year, Keshavarzi and Jahanbakhshi (2013) used the combined FF-BPNN algorithm to predict PP for one of the fields in southwest Iran. In this research, four input parameters are used to predict this important parameter. The parameters used in this research included RHOB, MD, gamma-ray (GR), and compressive wave (DTCO). The results shown in this research demonstrate the high-performance accuracy of this algorithm (Keshavarzi and Jahanbakhshi, 2013). Six years later, in 2019, Ahmed et al. (2019) used the MLP-NN hybrid algorithm to predict PP using drilling parameters (weight on bit (WOB), rotational speed (ROP), and mud weight (MW)), as well as general logs of NPHI, RHOB, and DTCO. After reviewing the results presented in this article, we came to the conclusion that the performance accuracy of this algorithm was high (Ahmed et al., 2019). Two years later, used three algorithms with the combination of multilayer extreme learning machine model hybridized (MELM), MLP, and least squares support vector machine (LSSVM) with the combination of a particle swarm optimization (PSO) algorithm to predict PP for one oil field in the south of Iran. In this article, petrophysical data were used for this purpose. The results show that the combined MELM-PSO algorithm has a higher performance accuracy than other algorithms. A year later, in 2022, used 9 ML, and four had the best accuracy for predicting PP. Out of the nine algorithms, four algorithms gave more accurate results: decision tree (DT), adaboost (ADA), random forest (RF), and transparent open box (TOB). After examining the results presented in this research, it is clear that the DT algorithm has higher performance accuracy than other algorithms. Photoelectric absorption factor (PEF), GR, temperature (T), RHOB, sonic shear-wave (DS), and compressional shear-wave (DC) were used as input data in this study.
This study aims to determine PP using petrophysical logs (12 petrophysical logs) using a GS-GMDH artificial intelligence algorithm that has not been used previously to predict this key parameter. This algorithm, which is an advanced version of the GMDH algorithm, was able to solve the problems and shortcomings of the GMDH algorithm and was able to provide an accurate prediction for PP. This method differs from the conventional GMDH (GS-GMDH) method in that it can use three or more variables instead of two. Also, this algorithm has been able to communicate with other adjacent and non-adjacent layers by using the input of each neuron layer and can solve complex problems in the simplest possible way. One of the features that distinguishes this article from other articles is that no article has used this algorithm so far, and the capability of this algorithm is that it has the ability to increase the accuracy of performance for small and large data sets at every level.
METHODOLOGY
In the past, in order to determine the key and important parameters of the oil and gas industry, old methods, experimental equations, and laboratory methods were used. Among these methods are those that can be used to determine reservoir key parameters; nano-polymer (Khodaeipour et al., 2018; Mohamadian et al., 2022); drilling (Darvishpour et al., 2019); preventing blow out (Abdali et al., 2021); formation damage (Mohammadian and Ghorbani, 2015; Mohamadian et al., 2022); experimental equations for production and reservoir parameters (Tehrani et al., 2022). However, today, with the advancement of technology and a set of artificial intelligence algorithms that are accessible, cheap, and fast, it is possible to replace the old methods that are sometimes full of bugs. Among the articles that used artificial intelligence to determine and predict key parameters, the following can be mentioned: key parameters for reservoirs (Naveshki et al., 2021; Alakbari et al., 2022; Rajabi et al., 2022a; Ayoub Mohammed et al., 2022; Hassan et al., 2022; Jafarizadeh et al., 2022); drilling (Beheshtian et al., 2022; Rajabi et al., 2022c); petrophysics (Ayoub et al., 2022; Gao et al., 2022; Kamali et al., 2022).
FLOW DIAGRAM
The flow diagram presented in Figure 1 shows the determination and prediction of PP value using the GS-GMDH algorithm. As it is clear in this flow diagram, first the data are collected for the wells of an oil field. Later, by using the normalization method (Eq. 1) (Hazbeh et al., 2021; Beheshtian et al., 2022), the input and output variables are normalized. After that, by using the heat map matrix, it is possible to detect the effect of the parameters on each other, and then, by using technical analysis, a comparison was made between the experimental models and this method. Finally, according to the comparison of the error parameters, the results of this method and its GS-GMDH were evaluated and obtained the most acceptable results.
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[image: Figure 1]FIGURE 1 | Flow diagram for PP prediction.
GMDH FOR DETERMINATION OF PP
One of the most useful and self-organizing methods is the group data processing method (GMDH). This method is one of the ANN methods and is widely used to predict PP (Ahmadi et al., 2007; Nasir et al., 2019; Kamali et al., 2022). This method is among the methods that act like the human brain (Rahman et al., 2012). This method works in such a way that it uses a multiple input D = [d1i, d2i and .... dni] and after passing through the hidden layers (N) to the output Si [i=1, 2 and .. .] will arrive with complex networks (Nguyen et al., 2019). In this method, the analytical functions are transferred to the quadratic nodes and using complex mathematical methods to solve the equations with the quadratic method, they are connected together and new nodes are created, as well as a new way of communicating with the nodes (Nariman-Zadeh et al., 2002). Using the analytical method and finding the f function, a solution to reach the desired output can be found. The function f can be used as a function close to the output and a number close to the number of the output function (Jafarian et al., 2017). Therefore, the output function (Si) can be shown as follows (Eq. 2):
[image: image]
In order to determine the training related to GMDH, the difference between the least squares estimate and its actual value should be calculated (Armaghani et al., 2022). This equation is shown as Eq. 3:
[image: image]
In order to optimize and find several inputs and pairs of outputs, the following function is used for this purpose (Eq. 4):
[image: image]
In order to express the form of polynomial equation, Eq. 5 is used:
[image: image]
In order to create a general mathematical relationship between limited inputs and individual outputs, this can be done by drawing a quadratic equation and groups related to the neuron (Atashkari et al., 2007). The form of Equation 6 can be obtained by determining and minimizing the coefficients from the relationship between Eqs 3 and 4 (Elbaz et al., 2021). In order to minimize the RMSE, the quadratic equation (δmin) can be expressed as binary [0,1] to obtain and create the values with the highest R value and the lowest RMSE, respectively (Naderpour et al., 2020). Combined Eq. 6 is shown in the following form:
[image: image]
In order to solve and reach the least squared error value, we must use Eq. 7. In this equation, a parameter is defined as a matrix, which is defined as follows:
[image: image]
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The processes shown previously have been used to determine the hidden layer connectivity for neurons (Kordnaeij et al., 2015). Therefore, in order to determine the accuracy, the following equation is used (Eq. 8):
[image: image]
GS-GMDH FOR DETERMINATION OF PP
One of the problems and disadvantages of GMDH is that this algorithm can hardly solve nonlinear problems with high input variables in sentences with only two neurons in each polynomial (Bonakdari et al., 2020). Since the problems related to determining PP using petrophysical variables are non-linear and complex. As a result, in this study, a type of artificial intelligence algorithm called GS-GMDH is investigated, which can solve non-linear problems easily (Tsai and Yen, 2017; Shahbazbeygi et al., 2021). Among the other limitations of this algorithm is that it has only two variables as input for each neuron, and this algorithm has not been able to analyze patterns with complex nonlinear polynomial equations (López-Belchí et al., 2018). In order to solve these problems with this algorithm, a method called GS-GMDH has been used. In order to code this algorithm, MATLAB R2012b software was used. For the suggested method more variables can be used instead of two variables. Also, this algorithm has been able to create communication with other adjacent and non-adjacent layers by using the input of each neuron layer and can solve complex problems in the simplest possible way (Jahed Armaghani et al., 2020). In this method, two adjacent layers and one non-adjacent layer can be selected for each light, and at the end, by using the following equation, the optimal structure can be formed and the problem solved by the Akaike information criterion (AIC). The flowchart of this method is presented in Figure 2 which adapted from Jahed Armaghani et al., 2020.
[image: image]
[image: Figure 2]FIGURE 2 | GS-GMDH flowchart for PP prediction.
Figure 3 shows the structure of GS-GMDH for predicting PP with three layers and a dip. As shown in this figure, the connection of the input variables (i.e., SGR, PEF, NPHI, ILD, LLS, DT, RHOB, CGR, CALI, Vs. and Vp) to neurons (i.e., N1, N2 and N3) and the network is introduced in this figure. Accordingly, a model for predicting PP has been established and developed.
[image: Figure 3]FIGURE 3 | GS-GMDH flowchart for PP prediction.
ERROR PARAMETERS
To determine and validate the results of the GS-GMDH model with predictive empirical methods to predict PP based on laterolog (LLS), PEF, compressional wave velocity (Vp), porosity (NPHI), gamma ray (spectral) (SGR), density (RHOB), gamma ray (corrected) (CGR), Vs, caliper (CALI), resistivity (ILD), sonic transit time (DT), the following statistical methods are used for this purpose: root mean square error (RMSE), Nash–Sutcliffe model (EN–S), R-square (R2), mean square error (MSE), and scatter index (SI).
Mean square error (MSE):
[image: image]
Root means square error (RMSE):
[image: image]
Nash–Sutcliffe model (EN–S):
[image: image]
R-square (R2):
[image: image]
Scatter index (SI):
[image: image]
DATA DESCRIPTION
The data used in this article includes three wells (F1, F2 and F3) related to one of the oil fields located in the Middle East. In order to build this algorithm, data related to two wells, F1 and F2 (1511 data points), has been used, and in order to test this algorithm, data related to well F3 (1237 data points) has been used. Some data points in this study were outliers, and with outlier detection, they were removed from the main data collection. The input and output variables used in this research include: laterolog (LLS), PEF, Vp, porosity (NPHI), SGR, density (RHOB), CGR, Vs, caliper (CALI), resistivity (ILD), DT, PP. The statistical information related to the data related to this article is presented in Table 1.
TABLE 1 | Statistical information related to three wells F1, F2 and F3 related to one of the oil fields located in Middle East.
[image: Table 1]Among the equations that can be used to obtain relationships between variables is Spearman’s correlation coefficient (R). Spearman’s relationship is mentioned as Eq. 10:
[image: image]
Figure 4 shows the heat map diagram for input and output variables to determine and predict PP based on Spearman’s correlation. As the information in this figure shows, the pairs of variables RHOB-PEF, CGR-SGR, RHOB-CALL, DT-PEF, PP-RHOB, Vs-RHOB, ILD-LLS, DT-CGR, and DT-NPHI are dependent on each other. The results depicted in this figure show the relationship between the variables, which determines the closeness and relationship between the parameters.
[image: Figure 4]FIGURE 4 | Heat map diagram for relationship between input variables.
RESULT AND DISCUSSION
Two wells, F1 and F2, with a total of 2151 data sets, were used to obtain and develop the GS-GMDH algorithm. During the algorithm’s development, 1511 data sets (70% of the total data) were utilized as training data sets. This algorithm was validated using 320 data sets (15% of the total data) and tested using 320 data sets (15% of the total data). In order to obtain the performance accuracy of this algorithm (GS-GMDH), the error parameters mentioned in this article have been used. The results of the training, testing, and validation of the data are presented in Table 2.
TABLE 2 | Prediction of PP based on GS-GMDH model for train (70% of total data), test (15% of total data), validation (15% of total data) and total data (100% of total data) based on two wells F1 and F2 (1511 data points).
[image: Table 2]The results in Table 2 demonstrate this algorithm’s high-performance accuracy for training, testing, validation, and total data. As shown in Table 2, the error value for this algorithm for test data is MSE = 3.35 Psi, RMSE = 1.83 Psi, R2 = 0.9994, and SI = 0.04.
The results shown in Figure 5 demonstrate the accuracy of this algorithm. As it is well shown in this figure, the output of training, testing, validation, and total data has been shown with good performance accuracy. The results of R2 of the data shown in this algorithm for the whole data are about 0.9995.
[image: Figure 5]FIGURE 5 | Cross plot for PP prediction by GS-GMDH based on two wells F1 and F2 data points (1511 data points).
Based on the results presented in Figure 6 and Table 3, which are reported from the information related to well F3 (1200 data points) and by using this algorithm (GS-GMDH), it can be concluded that this algorithm has high performance accuracy. This algorithm has the capability to show high performance accuracy even with low and high data sets, and it can also be used to determine and predict PP for other models. According to the results presented in this article, this algorithm can even be used to determine other key parameters of the reservoir.
[image: Figure 6]FIGURE 6 | Cross plot for PP prediction by GS-GMDH based on wells F1 and F2 data points (1511 data points) for well F3 (1200 data points).
TABLE 3 | Prediction of PP based on GS-GMDH model for well F3 (1200 data point) based on wells F1 and F2 data points.
[image: Table 3]RECOMMENDATION FOR FUTURE WORK
The PP parameter is one of the most critical elements that has many applications in drilling engineering, reservoir, operation, and petrophysics. Because the industry must pay a large fee to obtain this critical parameter, the best (low-cost and fast) way to determine this method is to use other optimizer and network algorithms, or their hybrids. Among the suggestions that can be made to predict this important parameter, the following articles can be mentioned: teaching-learning-based optimization algorithms (TLBO) (Choubineh et al., 2017; Ponomareva et al., 2022); firefly algorithm (FF) (Ghorbani et al., 2017c; Rao and Krishna, 2019; Zakharov et al., 2022); multilayer perceptron’s (MLP), ANN and genetic optimization algorithm (GA) (Zaranezhad et al., 2019; Ghorbani et al., 2020a; Ghorbani et al., 2020b; Abad et al., 2021a; Ranaee et al., 2021); multiple hidden layers extreme learning machine algorithms (MELM) (Hazbeh et al., 2021a; Rajabi et al., 2021; Abad et al., 2022); distance-weighted K-nearest-neighbor (DWKNN) (Rashidi et al., 2020; Farsi et al., 2021); deep learning and fuzzy algorithm (Abad et al., 2021b; Barjouei et al., 2021).
CONCLUSION
Pore pressure is one of the important and key parameters directly related to drilling and drilling engineers. This parameter is also indirectly related to production, petrophysics, and reservoir engineering. To determine this key parameter, it is necessary to spend a lot of money and time and use special tools, which makes the work difficult for petroleum engineering and the petroleum industry. Therefore, researchers have started to think of a solution to determine this key parameter using artificial intelligence algorithms. The GS-GMDH method was used to predict PP using data from three wells F1, F2, and F3 (2711 data points) associated with an oil field in the Middle East. The developed model was built using 70% of the data related to wells F1 and F2 (1511 data points), then using 15% of the data as test (320 data points) and 15% of the data as validation (320 data points). Input variables to predict PP consist of laterolog (LLS), PEF, Vp, porosity (NPHI), SGR, density (RHOB), CGR, Vs, caliper (CALI), resistivity (ILD), and DT. For this purpose, the coding of a GMDH method called GS-GMDH has been used. This method differs from the traditional GMDH method in that it can use three or more variables instead of two. Furthermore, this algorithm has been able to communicate with other adjacent and non-adjacent layers by using the input of each neuron layer and can solve complex problems in the simplest possible way. Based on the results presented in the heat map (Spearman’s correlation), it can be concluded that the pairs of parameters RHOB-PEF, CGR-SGR, RHOB-CALL, DT-PEF, PP-RHOB, Vs-RHOB, ILD-LLS, DT-CGR, and DT-NPHI have been connected. In order to check this method for predicting PP, data from well F3 (1200 data points) has been used. After checking the results, it is clear that the error of this method is RMSE = 1.88 psi and R2 = 0.9997, which shows the high accuracy of this algorithm. It is suggested to use this method in determining other widely used reservoir parameters that have many input variables. The reason for using this method for these key parameters with many input variables is that the best outcome can be achieved by connecting the variables.
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