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Abstract: Formation pressure is the key parameter for the analysis of wellbore safety. With increasing drilling depth, however, the behavior of this variable becomes increasingly complex. In this work, a 3D model of the formation pressure under uncertainty is presented. Moreover a relevant algorithm is elaborated. First, the logging data of regional key drilling wells are collected and a one-dimensional formation pressure profile along the well depth is determined. Then, a 3D model of regional formation pressure of the hierarchical group layer is defined by using the Kriging interpolation algorithm relying on a support vector machine (SVM) and the formation pressure of the drilled wells. To validate the method, the formation pressure of one pre-drilled well is compared with the well logging results. The comparison reveals that the maximum relative error is less than 4.5%. The software based on this model is complemented by a computer visualization technology, which provides a relevant tool for understanding and analyzing the 3D formation pressure. The outcomes of this study are intended to support the characterization of areas with missing or poor 3D seismic data and provide more accurate information for the analysis of wellbore integrity.
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1  Introduction

Formation pressure is the basic data for wellbore safety analysis. With the development of oil and gas exploration and development, the geological environment encountered is becoming more and more complex, such as strong fold fault zone, interlaced soft and hard strata, large dip angle of strata and strong anisotropy of strata. Due to the complexity of structural conditions, it is difficult to understand the spatial distribution of formation pressure in the block, which brings challenges to wellbore integrity [1]. In order to meet the engineering requirements, it is necessary to establish a three-dimensional model for the formation pressure with uncertainty in wellbores [2–4]. However, the traditional methods are all based on seismic data to obtain 3D formation pressure [5–8]. If there is no seismic data or the quality of seismic data is poor, only the logging data can be used. How to use logging data to analyze three-dimensional formation pressure is lack of practical methods. In order to solve this problem, this paper proposes an algorithm to build a three-dimensional model of formation pressure with uncertainty by using logging data. The purpose of this paper is to establish the three-dimensional formation pressure in the complex geological structure area, to understand more clearly the spatial distribution of formation pressure, and to provide the necessary technical basis for reducing the underground accidents.

2  Methodology/Material& Methods

2.1 GA-SVM-Kriging Interpolation Algorithm

In this paper, a regional description algorithm of formation pressure based on geostatistics was proposed [9]. It mainly consists of two parts: the variogram which can analyze the correlation and variogram of regional formation pressure, and Kriging interpolation algorithm which is suitable for the spatial interpolation of formation pressure.

In this paper, in view of the shortcomings of conventional spatial interpolation algorithm, which is complex and needs subjective judgment of spatial difference model, support vector machine algorithm is used to fit the experimental variogram [10,11]. This method does not need to optimize and fit the theoretical variogram coefficient, so it makes up for the shortcomings of ordinary Kriging interpolation method. In this paper, the Gaussian RBF kernel function is selected as the kernel function of SVM, and the regression function form is:


f(x)=∑i=1kαiexp⁡(−σ‖xi−xj‖2)+b
(1)

There are three parameters to be determined in SVM regression model: insensitive loss parameter ε, penalty parameter C and kernel parameter of RBF kernel function σ. In this paper, genetic algorithm (GA) [12] is used to optimize three important parameters in SVM model. The parameters of SVM model are optimized based on genetic algorithm. The steps are as follows:

a) Initialization population: M initial populations are randomly generated by binary coding, and the preset number of iterations is N.

b) Calculation of fitness: SVM is trained with the corresponding parameters of each individual in the group, and the fitness of each individual is calculated.

c) Selection: according to the roulette method, the number of individuals selected and the probability of individual selection in the initial population G(0) were determined, and the excellent individuals with high probability were selected, and then their information was transmitted to the next generation of new species.

d) Crossover: set the crossover probability PC, pair the parent population randomly, and generate new individuals.

e) Variation: for a given variation probability Pm, M × Pm individuals are randomly selected first, and the k-th character is used for mutation operation to replace the information on the corresponding position of the selected chromosome to generate new individuals.

f) Termination condition judgment: if the termination condition is met, the output result will be stopped. Otherwise, go to step b to continue the calculation.

g) Decoding: decoding the optimal individual, and finally get the optimal solution of three parameters in SVM model.

In this paper, the function that can reflect the regression performance of SVM is chosen as the fitness function:


F(xi)=1/(1m∑j=1m|yj−qj|)
(2)

In formula: 
F(xi)
—the fitness value of the i-th individual. 
yj
, 
qj
—the expected output value of SVM composed of the i-th individual and the output value of training sample respectively. m—number of training samples.

The GA-SVM-Kriging interpolation algorithm is mainly divided into the following three steps:

a) Calculation of experimental coefficient of variation 
γ∗(h)
.

b) The SVM algorithm optimized by genetic algorithm is used to regression fit the experimental coefficient of variation 
γ∗(h)
, and the theoretical coefficient of variation 
γ(h)
is obtained.

c) For the position 
xo
to be estimated, the corresponding weight vector [ λ1, λ2, . . ., λn ] is obtained, and then the estimated value 
p∗(x0)
on the position 
xo
is calculated by substituting Kriging interpolation formula.

2.2 Construction of 3D Model of Formation Pressure with Uncertainty

Previous studies have proved that the same or similar geological, seismic, logging and other parameters have the same or similar response to the same formation and the formation in the profile [13]. Therefore, the key geological parameters of the same formation and section in the region are consistent. Taking the target formation as the basic unit and considering the geological characteristics of the target formation, this paper studies and establishes the three-dimensional model for the formation pressure in the target area. The calculation method is mainly divided into the following steps:

(1)   Calculation of formation pressure with uncertainty

According to the uncertainty analysis method of formation pressure proposed by the authors [14,15], the formation pressure with uncertainty can be established (P = [u, cv], u—mean value, cv—standard deviation), as shown in Fig. 1.

(2)   Virtual well deployment

Virtual well deployment is to grid the formation in the area. The target formation is divided into areas with the same volume size in equal steps. The grid numbers NX and NY are divided in the X and Y directions on the plane, which respectively represent the well pattern density of the virtual wells in the two directions. The grid number NZ is divided in the Z direction on the depth, which represents the density of the formation pressure dispersion point along the vertical well depth direction of the virtual wells. A matrix of size 
(NX×NY×NZ)
is used to represent the 3D spatial position of the formation and the corresponding formation pressure information 
P(i, j, k)
in the 3D formation, including the mean value and coefficient of variation, which is represented by 
P=[μ, cv]
. Fig. 2 shows the deployment of virtual wells.

(3)   Calculation of formation pressure of virtual well based on GA-SVM-Kriging

Suppose there are N drilled wells in this area, and the coordinates of the drilled wells are 
(Xi, Yi)
, 
i=1, 2, …, N
. In a certain formation j, there are n discrete point geomechanical parameters in the i-th drilled well, which are expressed as follows:


Pij=[Hi1j…Hikj…Hinjpi1j….pikj…pinj]
(3)

If the target well location is 
(Xo, Yo)
, according to the GA-SVM-Kriging algorithm, in formation j, the pressure of the i-th formation transferred to the target well is:


Pji¯=[[(HjuO−Hjux(HjdO−HjuO)Hjdi−Hjui)[1⋮1⋮1]n×1+ HjdO−HjuOHjdx−Hjux[Hj1i   ⋮ Hjki    ⋮ Hjni ]]Krig(λi, [ p1i  ⋮   pki ⋮    pni])]
(4)

In formula: 
λi
—weight coefficient of the i-th well.

According to the above method, the formation pressure of all N wells has been transplanted to the target well, and the formation pressure of the target well on formation j is finally obtained as follows:


PjO¯=[[Hj1O   ⋮ HjkO    ⋮ HjnO ][Krig(λ1, [ p1O1  ⋮    pkO1 ⋮    pnO1])+⋯+Krig(λi, [ p1Oi  ⋮    pkOi ⋮    pnOi])+⋯+Krig(λN, [ p1ON  ⋮   pkON ⋮    pnON])]]
(5)

(4)   Construction of 3D model of drilling geomechanics with uncertainty

According to the above algorithm, the formation pressure of each virtual well in the target area can be calculated. Then, based on the calculation results, the depth h of the virtual well along the Z direction, plus the X and Y directions, is reconstructed to form a 3D formation space position matrix H3, the matrix size is 
(NX×NY×NZ)
; the first and second dimensions represent the virtual well position coordinates, and the third dimension represents the interpolation points in the depth direction of the virtual well. Similarly, the 3D formation pressure matrix P3 is obtained by reconstructing the formation pressure P along the Z direction of the virtual well. Through the above algorithm, the 3D regional model of formation pressure of the target formation can be obtained.

(5)   Model visualization

The 3D visualization of regional formation pressure can more intuitively understand the regional distribution of the formation, which is of great significance for the optimal design of directional wells, risk aversion and regional exploration and development [16]. Based on the formation matrix, through the analysis of the 3D depth matrix H3 and the 3D formation pressure matrix P3, we can get: ① the 3D distribution of the formation pressure of the target formation; ② the horizontal two-dimensional regional formation pressure at a certain depth; ③ the pressure curve of the whole well section in the vertical well depth. In this paper, a program based on MATLAB is developed to realize the visualization of 3D model of formation pressure area.
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Figure 1: Schematic diagram of drilling geological mechanics parameters with uncertainty
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Figure 2: Schematic diagram of virtual well deployment

3  Results and Discussion

The geological research results of XX block show that the fold fault zone is strong, the geological situation is complex, the stratum is soft and hard interlaced, the stratum dip angle is large, and the stratum anisotropy is strong. Because of its complex structural conditions, it is difficult to understand the spatial distribution of formation pressure in the block, which leads to various downhole complex situations and accidents such as blowout, leakage, collapse, jamming and drilling tool breaking. In order to meet the requirements of drilling engineering, it is necessary to study the distribution of formation pressure in three dimensions. In this paper, N102, N104, N1-2-10, N2, N1, N3, N5 and N7 wells in XX block are selected for example analysis, and well location deployment is shown in Fig. 3. Geological stratification information is shown in Table 1. Taking the regional description of formation pore pressure with uncertainty as an example, the calculation process and application effect of this algorithm are described in detail. The N102 well in this area is selected as the target well to be drilled, and the rest wells are adjacent drilled; the LLH group is selected as the research horizon, and the geological stratification information of LLH group is shown in Table 1, and the specific steps are as follows.
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Figure 3: Diagram of well deployment
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1.    Calculate the formation pore pressure profile with uncertainty in the whole well section of each drilled well; select the mean value of formation pore pressure of each well for mapping, and the results are shown in Fig. 4.

2.    The mean value of formation pore pressure of each well is calculated by layer group statistics, and the expectation of formation pore pressure of each layer group is calculated, respectively. Then, Kriging algorithm based on GA optimization SVM parameters established in Section 2.2 is used to calculate the theoretical variation function. Taking LLH group as an example for specific calculation, the parameter values are shown in Table 2, and finally the SVM based variogram regression fitting results are obtained. After theoretical calculation, it is found that the variogram fitting goodness coefficient of Kriging algorithm based on GA optimized SVM parameters 
R2=0.9870
is greater than that of ordinary Kriging algorithm 
R2=0.8673
, and Kriging algorithm based on GA optimized SVM parameters does not need to make theoretical changes The choice of different function model can get more accurate regression results, which shows that Kriging algorithm based on GA optimized SVM parameters is better than ordinary Kriging algorithm.

3.    Based on the algorithm in this paper, the formation pressure of 7 adjacent wells is transplanted to the depth of the target well to be drilled, and then the spatial interpolation curve of the pressure of the target well to be drilled is obtained on the basis of comprehensive consideration of the geological structure of the block. Similarly, the formation pressure of any virtual well in the area can be obtained by the above method, and the 3D model of the formation pressure of the target layer group is constructed based on the pressure interpolation result of the virtual well. The 3D visualization of the model is realized by programming. Based on this method, the 3D formation pressure model mean value and variation coefficient of LLH formation is constructed, and the results are shown in Figs. 5 and 6.
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Figure 4: Profile of mean formation pore pressure of drilled wells
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Figure 5: 3D model of spatial distribution of pore pressure in LLH layer of XX block
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Figure 6: 3D model of spatial distribution of variation coefficient in LLH layer of XX block

4  Conclusions

a) In this paper, the method three-dimensional model for the formation pressure with uncertainty in wellbores based on the drilled well logging data is established. The 3D formation pressure of the area is constructed layer by layer based on the formation group, and the reliability of the method is verified by the calculation of an example. The algorithm of 3D model of formation pressure makes full use of the characteristics of well logging data with good continuity and high separation rate, and solves the problem of 3D formation pressure construction lack of seismic exploration data or poor seismic data quality.

b) The supporting software has been developed to realize the 3D visualization of regional formation pressure, which can display the regional formation pressure layer by layer, rotate, cut the profile arbitrarily, etc., and also can obtain any pressure profile to be drilled in the region, which provides the basis for the refined design of the well structure to be dri/lled and the drilling fluid density.

c) The accuracy of adjacent well data, the complexity of regional geological structure and the continuity of target formation are the key factors affecting the accuracy of regional formation pressure calculation. For the area with complex geological structure, it is necessary to fully grasp the geological structure and calculate the regional formation pressure by structure and block.
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Table 1: Geological stratification information

Well Top boundary depth/m Bottom boundary depth/m
Target-N102 1524 2050
N104 1600 2090
N1-2-10 1424 1928
N2 1440 1930
N1 1620 2160
N3 1430 1975
N5 1635 2210

N7 1495 1899
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Table 2: GA optimization SVM algorithm parameter control value

Algorithm Parameter elements Control value
GA Group size—M 50
Evolutionary generation—N 100
Crossover probability—P, 0.8
Mutation probability—P,, 0.2
SVM Insensitive loss parameter —¢ 0.06
Penalty parameter C 55.68

RBF kernel function ¢ 0.316
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