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CO2 flooding and burial efficiency can be improved by establishing a standard for screening suitable CO2 flooding reservoirs for the Daqing Oilfield. Moreover, the influencing factors of CO2 flooding can be classified into geological factors, fluid properties, and development factors. An evaluation index system and hierarchical structure are created based on the importance of multiple factors. The subjective analysis error of human beings is quite large when establishing the evaluation index system, especially in the fitting curves that are drawn by different analysts. Based on the geological characteristics of block Bei14 in the Daqing Oilfield, a typical CMG model is presented in this article. A total of 15 factors in the 72 models are used as independent variables, and the recovery factor is used as a dependent variable for multiple linear regression calculations. In addition to sensitivity tests based on how much significance is indicated by the t value in the results, a unique result can be calculated using standard statistical methods when analyzing the calculation results of the multiple linear regression model. The results of the screening standard evaluation system are consistent with the production history of the oilfield based on the mathematical understanding of multiple factors of CO2 flooding. Around the high-score well group, oil saturation decreases significantly, and the cumulative production is generally higher than that of the low-score well group. The calculation results of block Bei 14 show that 74% of well groups have an evaluation value greater than 0.50, and 72% of well groups have an annual oil exchange ratio above 40%, which means that over 70% of well groups can benefit from CO2 flooding. Thus, CO2 flooding can be applied in the Daqing Oilfield, and multiple linear regression can provide effective guidance for the Daqing Oilfield’s development.
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1 INTRODUCTION
In the past few decades, greenhouse gas emissions have become increasingly serious, and a solution to the carbon dioxide problem is imminent with the use of fossil fuels (Zandalinas et al., 2021). Many countries and regions have proposed policies to address carbon emissions, including initiatives such as gasoline taxes, new energy sources, and emission subsidies (Finke et al., 2021). China still faces the challenge of reaching peak total CO2 emissions by 2030 and achieving 21 carbon neutrality by 2060 (Liu et al., 2021). China has also proposed solutions for its own energy structure, including green energy saving and emission reduction, carbon capture, carbon burial, and other technological innovation directions (Li, 2021). Low-permeability and extra-low-permeability reservoirs make up a large proportion of the reservoirs in China, so water-driven mining is easy to encounter the situation of not being able to inject and recover oil, and the recovery rate of water-driven mining is generally low compared with that of CO2-driven technology (Li et al., 2021; Yu et al., 2021). CO2 flooding technology can improve recovery while storing greenhouse gases in the ground, responding to today’s carbon neutrality policy (Jiang and Ashworth, 2021; Xu et al., 2021). However, in CO2 flooding, the effect of formation development is not understood, which leads to the lack of obvious effects of CO2 flooding to improve recovery. Moreover, the influence of temperature, formation inclination, development method, and other factors on the effect of CO2 flooding is not fully recognized (Feng et al., 2016; Xiaolong et al., 2021). For this reason, it is necessary to evaluate CO2 flooding blocks and establish a complete selection index to provide a basis for the gas injection and extraction plan (DaneshFar et al., 2021; Angarita et al., 2022).
The change in recovery is frequently affected by various essential aspects in the research of practical problems, such as effective temperature, viscosity, and permeability. For example, oil reservoirs extracted at high temperatures can result in lower crude oil viscosity, which leads to less resistance of the subsurface fluid when driven by CO2, and under the condition of low permeability, CO2 is easily retained in the rock micropore throat, resulting in a poor CO2 oil production effect (Zhou et al., 2019; Pu et al., 2022). At this point, two or more factors must be used as independent variables to explain the change in recovery. Nevertheless, the error of subjective analysis is relatively large when determining the impact of multiple factors on recovery (Mellor, 1965; Colclough, 1987). This is because while analyzing the experimental results of multi-factor CO2 flooding-enhanced recovery, some individuals will focus on temperature, while others will focus on permeability, demonstrating that various people have different perspectives on experimental data. With the multiple linear regression method, this problem can be effectively solved as long as the data and model are identical, and a unique result can be calculated by using standard statistical methods (Etemadi and Khashei, 2021; Maaouane et al., 2021; Piekutowska et al., 2021). In order to establish the screening standard of CO2 flooding reservoirs in the Daqing Oilfield more scientifically, after using the multiple linear regression method to judge the sensitivity, according to the influence of various factors on oil recovery, it is divided into multi-factor categories, and the effect indicators of CO2 flooding are divided into three categories: geological factors, fluid properties, and development indicators. According to the importance of sorting, the evaluation index system is established, and the hierarchical structure is constructed. The screening standard of CO2 flooding reservoirs in low-permeability reservoirs in the Daqing Oilfield is established (Chai et al., 2021; Pokoradi et al., 2021; Sun, 2021). When calculating the evaluation value of enhanced oil recovery by CO2 flooding, because the reservoir data are complex and the units of different factors are different, the geological data of the field should be normalized (Gao et al., 2021; Moreira et al., 2021). According to the normalized data, the reservoir suitability evaluation of CO2 flooding is calculated. This method can be used in all blocks of the whole Daqing Oilfield, and the evaluation value of all blocks will be calculated (Bhatti et al., 2019; Foukerdi et al., 2021; Zheng et al., 2022).
This article mainly focuses on the multi-factor experiment of CO2 miscible flooding numerical simulation in ultra-low-permeability reservoirs on the basis of calculation results, typical model design of reservoir engineering numerical simulation, and the multi-factor screening criteria. With the sensitivity of experimental results by the multiple linear regression method, screening criteria are established by the analytic hierarchy process (AHP), and the CO2 gas drive well groups in ultra-low-permeability reservoirs of the Daqing Oilfield are evaluated and divided. The purpose is to establish a screening index and provide technical support for field test demonstration zones for enhanced oil recovery in the Daqing Oilfield (Yu et al., 2021; Zhou, 2021). The novelty of this study is to apply the regression equation to the gas injection evaluation of ultra-low-permeability reservoirs. While calculating the suitability of well groups for CO2 flooding, it can provide suggestions on readjusting for the gas injection wells with various evaluation values.
2 CO2 FLOODING SENSITIVITY EVALUATION MODELING
2.1 Model Building
The Bei14 block, with an area of about 4.5 km2, is located in the western Sudeerte tectonic belt of the Hailar Basin. The main oil-bearing reservoirs are fan delta front subfacies with formation temperatures ranging from 45.7 to 72.0°C and burial depths ranging from 1775 to 1820 m. This block’s rock types are mostly tuffaceous sandstone with a few conglomerates that mostly exist in the form of a bottom conglomerate.
As formation water in the Xinganling formation in the Bei14 block is not well developed, the CMG-GEM simulator was used to create a typical reservoir model without marginal bottom water (Figure 1). The typical model has a crude oil density of 0.8389 g/cm3 under surface conditions and an average rock compression coefficient of 13.74 × 104 MPa−1 and uses typical oil–water and oil–gas relative permeability curves for low-permeability reservoirs (Figure 2). Based on well testing and production data, the model reservoir temperature is set as 65 °C, the original formation pressure is set as 17.60 MPa, and the average oil saturation is set as 44%. According to the porosity and permeability distribution of different well test depths in the Bei14 block, the average porosity of the model is set to 13%, and the average permeability is set to 1.2 mD (Table1). The typical model is divided vertically into 26 small layers, each with a thickness of 1 m and a uniform thickness in the plane. An orthogonal grid system is used to construct the typical model, which has a size of 410 m × 350 m × 15 m, grids of 41 × 35 × 26 = 37,310, a depth of 1815 m in the center, a height of 1830 m at the oil–water interface, a dip angle of 0° for the formation, and a geological reserve of 25.69 × 104 t. INJ-1, the gas injection well, is located in the models center, and the production mode of the production well is consistent with that of the oilfield site. Eight production wells are distributed by the nine-point method, and the well spacing is set to 300 m.
[image: Figure 1]FIGURE 1 | Permeability model.
[image: Figure 2]FIGURE 2 | (A) Oil–water relative permeability; (B) oil–gas relative permeability.
TABLE 1 | Modeled permeability and porosity.
[image: Table 1]2.2 Phase Matching
In order to improve the prediction accuracy of oil reservoir fluid properties, well fluid components are combined into seven components according to the principle of similar component properties without affecting the simulation results. CMG-Winprop software is used to fit the relative volumes, oil density, and oil viscosity at different pressures by adjusting more than 10 component critical state parameters of each component (Figure 3). Repeated trial calculations of the constant component expansion experimental data with high accuracy, within 5% of the fitting accuracy, are performed. The results of the component fitting show ‘CO2’ for 0, ‘C1′ for 0.086144, ‘C2+’ for 0.054421, ‘C4+’ for 0.030105, ‘C6+’ for 0.22996, ‘C9+’ for 0.28357, and ‘C11+’ for 0.3158.
[image: Figure 3]FIGURE 3 | (A) Oil density fitting; (B) volume factor fitting; (C) viscosity fitting; (D) saturation pressure fitting; (E) relative volume fitting.
After setting the corresponding components in the initial typical model, the resultant operations can be performed. When the production gas–oil ratio reaches 1000 m3/m3, the cumulative production is 4.705 × 104 t, which corresponds to an oil recovery rate of 18.32%.
2.3 Dynamic Model
A total of 72 reservoir models are designed to determine CO2 flooding screening criteria for the Daqing Oilfield based on 17 factors, including formation pressure (5–20 MPa), formation temperature (35–45°C), effective thickness (6–56 m), average permeability (0.1–50 mD), and well spacing (100–500 m) (Table2).
TABLE 2 | Model factor design.
[image: Table 2]3 SENSITIVITY ANALYSIS
3.1 Model Calculation Results
In terms of the calculation results of 72 models, it is known that in the geological factors, oil saturation and thickness of the oil reservoir have the most obvious influence on the enhanced oil in place. A thicker effective thickness and a steeper dip angle are detrimental to the recovery rate, but the effect of oil saturation on the recovery rate is the opposite with the recovery rate increasing from 19.40 to 32.68% with an increase from 44 to 74%. The recovery of the heterogeneity model is significantly lower when there is CO2 flooding in the layer due to the vertical heterogeneity of multilayer reservoirs, which results in notable interlayer interference. Since increases in temperature and pressure lead to lower crude oil viscosity and increased CO2 solubility in crude oil, it is easier to induce a miscible phase and thus increase the recovery rate. An inflection point occurs in the oil recovery ratio at around 1.2 mD, which is due to the theory that high gas flow rates at high permeability lead to high recovery rates that are not suitable for CO2 flooding processes; when the permeability is too large, the CO2 breakthrough time is too early and the contact time with oil is too short, all of which prevent gas flooding from making full use of its advantages (Figures 4A–J). In the fluid properties, viscosity and density of the oil play a similar role in enhanced oil recovery of CO2 flooding because the decrease of oil viscosity and density leads to the decrease of seepage resistance of CO2 flooding and the increase of oil displacement efficiency (Figures 4M,N. In the development index, the inverse 9-point well pattern has higher cumulative oil production and a higher burial rate than the 5-point well pattern and inverse 7-point well pattern; a smaller distance between wells leads to the larger driving area of CO2 flooding. In the process of gas flooding, CO2 tends to advance rapidly along the upper part of the reservoir, the negative rhyme accelerates the trend with the worst recovery effect, and the positive rhyme slows down the trend with the best recovery effect, while in the compound rhyme, the superposition of the two rhymes has the middle effect on the recovery improvement (Figures 4K, 5). Due to the higher sweeping volume, greater gas injection facilitates better oil displacement performance, which is advantageous for the daily oil production of well groups (Figures 4L,O).
[image: Figure 4]FIGURE 4 | (A) Effect of KV/KH; (B) effect of Ky/Kx; (C) effect of dip angle; (D) effect of depth; (E) effect of pressure; (F) effect of thickness; (G) effect of temperature; (H) effect of average permeability; (I) effect of oil saturation; (J) effect of permeability variation coefficient; (K) effect of well spacing; (L) effect of injection volume; (M) effect of viscosity; (N) effect of density; (O) effect of yield on oil recovery ratio and cumulative gas–oil ratio.
[image: Figure 5]FIGURE 5 | (A) Effect of well pattern on recovery ratio; (B) effect of well pattern on cumulative gas–oil ratio; (C) effect of sedimentary rhythm on recovery ratio; (D) effect of sedimentary rhythm on cumulative gas–oil ratio.
Based on the data obtained in the factor sensitivity analysis, multiple linear regression is performed by integrating pressure and depth as one-factor consideration, viscosity and density as one-factor consideration, and 15 factors from the 72 models as independent variables with recovery rate as the dependent variable. The reason for combining some of them into one variable, such as pressure and depth, and viscosity and density, in this article is the extreme similarity of their effects on recovery, in order to avoid the multi-collinearity that arises in regression analysis (Gunst and Webster, 1975; Montgomery and Voth, 1994). Let [image: image] be the dependent variable and [image: image] be the independent variable, and when the relationship between the independent variable and the dependent variable is linear, the multiple linear regression model is as follows:
[image: image]
In Eq. 1, [image: image] is the recovery factor, [image: image] is the formation dip angle, formation pressure, formation temperature, and other independent variables. The [image: image] value is calculated to represent the mathematical degree of sensitivity of each parameter to the recovery rate when considering the correlation between the independent variables. Based on a multiple linear regression model, the standard set of equations for solving the regression parameters is as follows:
[image: image]
Equation 2 is a matrix solution equation, where it is possible to solve for the value of [image: image] through the interactive effects among those parameters and the recovery rate [image: image]. The regression analysis has a prerequisite that the variables are independent of each other and also satisfy multi-collinearity. Therefore, the independence verification in the results is as follows. The results of the calculation are shown in Table 3; the more the " [image: image]" value converges to 1, the better the independence of the sample. For more details, please see the equations shown below:
[image: image]
[image: image]
TABLE 3 | Multiple linear regression table for CO2 flooding in the Daqing low-permeability reservoir.
[image: Table 3]In Eqs. 3 and 4, [image: image] is the actual value, [image: image] is the mean value, [image: image] is the estimated value, and [image: image] is the multi-collinearity value of the [image: image] reservoir model. The formula for calculating the apparent value [image: image] of the regression equation is as follows:
[image: image]
In Eq. 5, [image: image] is the regression coefficient and [image: image] is the standard deviation of the regression coefficient. According to the calculation result, the [image: image] value is positive, which proves that the influence of this factor on the recovery rate is positive feedback, and the larger the value is, the stronger the influence is. The [image: image] value is negative, which proves that the influence of this factor on the recovery rate is negative feedback. Various factors such as the trend of recovery rate change and cumulative gas–oil ratio, combined with the magnitude of the absolute value of [image: image] in the multiple linear regression, are considered (Table 3). Some understandings applicable to CO2 flooding reservoir screening in low-permeability reservoirs of the Daqing Oilfield can be obtained, as shown in Table 4.
TABLE 4 | Sensitivity judgment.
[image: Table 4]3.2 CO2 Flooding Reservoir Suitability Ranking in the Daqing Oilfield
All the indicators affecting the effect of CO2 flooding are divided into three categories: geological factors, fluid properties, and development indicators. According to the importance of the ranking, the evaluation index system is established, and the hierarchical structure is constructed. Using the principle of hierarchical analysis, the calculation can be derived from the weights of indicators at all levels as shown in Table 5. The better indicators in the given reservoir geological data are the effective thickness of the oil layer, depth pressure of the oil layer, average permeability of the reservoir, oil saturation, single-well injection of CO2, and single-well production of recovery wells. Therefore, the indicator weights need to be proportionally assigned to these six indicators, and the final weights of each indicator after the assignment are shown in Table 6.
TABLE 5 | CO2-driven reservoir screening index weighting values for the Daqing Oilfield.
[image: Table 5]TABLE 6 | CO2-driven reservoir screening index weighting values and best values/worst values used for reservoir index normalization in the Daqing Oilfield.
[image: Table 6]The reservoir geological data are normalized, assuming that there are [image: image] reservoirs and [image: image] indicators that can be obtained for each reservoir, and the value of the [image: image] indicator of the [image: image] reservoir is [image: image]
[image: image]
In Eq. 1, the optimal value [image: image] , the corresponding indicator takes the value [image: image] , the worst value [image: image] , and the corresponding indicator takes the value [image: image] . Considering that the cumulative gas–oil ratio does not touch the economic limit value of 0.2 for various values of the six indicators, the recovery rate is used as the main reference standard to determine the optimal and worst values in the normalization formula. The recovery rate and cumulative gas–oil ratio are only evaluated comprehensively in the case of a very insensitive recovery rate. The optimal and worst values used for the normalization of each index are shown in Table 6.
[image: image]
In Eq. 2, [image: image] denotes the normalized reservoir geological data and [image: image] is the weight value of the [image: image] index calculated by the hierarchical analysis. [image: image] is the evaluation value of the block. Using the above theory and the obtained results, the evaluation of CO2 flooding reservoir suitability can be calculated for all blocks in the whole Daqing Oilfield. The evaluation scores of all the calculated blocks are ranked, and the CO2 flooding potential of the Daqing Oilfield can be evaluated by statistics with the evaluation value of 0.50 as the limit. Specific evaluation results are shown in Table 7.
TABLE 7 | CO2 flooding scoring for low-permeability reservoirs in the Daqing Oilfield.
[image: Table 7]3.3 Production Effect Evaluation of the Daqing Oilfield
In order to facilitate fine management in the production process of the Daqing Oilfield, block Bei14 of the Daqing Oilfield is divided into four sub-blocks, and the formation pressure of four sub-blocks can reach the minimum miscibility pressure of 16.6 MPa. Block SU12 has accumulated gas injection for about 10 years since February 2022, and blocks B1, B2, and B3 have accumulated gas injection for about 6 years since October 2016. The maximum reservoir capacity of block SU12 is 330 × 104 t, followed by block B3 is 292 × 104 t, and the reservoir capacity of blocks B1 and B2 is about 150 × 104 t. Statistics of the annual production of major well groups in the Bei14 block in Table 8 shows that the average annual gas injection volume is 0.81 × 104 t, the average annual oil production volume is 0.30 × 104 t, the average annual oil change rate of well groups is about 41%, and the reservoir development effect is splendid.
TABLE 8 | Daqing Oilfield well group production data.
[image: Table 8]According to the historical production data of the Bei14 block in the Daqing Oilfield, it can be seen that in the development process of the SU12 block, taking the oil saturation of the 16th simulated layer of SU12 as an example, the development spread area is mainly in the middle part of the oil group, and the spread range of the second half is large. Among them, the central part of the field is centered on the X58-58 well group with 0.62 × 104 t/year and bordered by the surrounding well groups with 0.30 × 104 t/year, forming a CO2 flooding belt through the SU12 block. Taking the oil saturation of the 20th simulation layer in the B1 block as an example, the development-affected area is mainly in the middle of the oil group, and the edge angle affected is less. The development effect of the X56-48 well group and X50-46 well group is the best with the production of 0.30 × 104 t/year and 0.38 × 104 t/year, respectively; the oil saturation is centered on the gas injection well and decreases in the surrounding area (Figure 6). Taking the oil saturation of the 23rd simulation layer in the B2 block as an example, the development-affected area is mainly in the middle of the oil group, and the edge angle affected is less. The oil saturation around the X42-52 well group decreases most obviously with the production of 0.14 × 104 t/year. Taking the oil saturation of the 17th simulated layer in Block B3 as an example, the development area is mainly in the upper half of the oil group, and the lower half is less affected. The oilfield development is mainly centered on the X68-66 well group, X66-64 well group, and X70-68 well group with the production of about 0.50 × 104 t/year (Figure 7). In the multiple linear regression screening evaluation system of the Daqing Oilfield, the corresponding high-score well groups are 0.76 points in X58-58, 0.63 points in X68-66, 0.59 points in X50-46, and 0.54 points in X42-52, and the corresponding annual oil exchange rates are 58% in X58-58, 51% in X68-66, 46% in X50-46, and 45% in X42-52. Thus, using the multiple linear regression method in the Daqing Oilfield development process can provide guidance, suggestions, and a dynamic development analysis basis.
[image: Figure 6]FIGURE 6 | (A,B) Oil saturation of simulated layer 16 in SU12; (C,D) oil saturation of simulated layer 20 in B1.
[image: Figure 7]FIGURE 7 | (A,B) Oil saturation of simulated layer 23 in B2; (C,D) oil saturation of simulated layer 17 in B3.
4 CONCLUSION
Multiple linear regression equations are used to perform the suitability evaluation of CO2 flooding reservoirs based on CMG numerical simulation results. The recovery rate can be considerably promoted by optimizing the well selection and gas injection scheme in block Bei14 (Enab and Ertekin, 2021; Olabode et al., 2021). As a proof, for well groups with an annual oil exchange ratio of 50% or more and evaluation values of 0.55 or more, later CO2 injection mining can be considered to increase the amount of gas injection for groups with a smaller amount of gas injection. For well groups with an annual oil exchange ratio between 40 and 50% and evaluation values between 0.55 and 0.50 and producing well groups that do not see gas, it is rationed with stable gas injection; for well groups with an annual oil exchange ratio between 30 and 40% and evaluation values of 0.50 or less, gas injection is reduced to control the gas–oil ratio for producing well groups that have already seen gas. Block Bei14 calculation results show that 76% of the well groups have an evaluation value above 0.50, and the annual oil exchange ratio of 72% of the well groups is about 40%; more than 70% of the well groups are suitable for CO2 flooding to increase oil recovery. Thus, CO2 flooding can be a good application prospect in the Daqing Oilfield and brings great economic benefits.
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