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With the development of the petroleum industry, the importance of low-permeability reservoirs becomes clear. The fracture, which serves as the notable characteristic of a low-permeability reservoir, controls the flow system of reservoir fluid and restrains the development effect. Finding ways to recognize the fracture by using the normal data and building the fracture 3-D model are the important and difficult points of low-permeability development. According to this problem, the authors use a helpful probe. First, from similar outcrop and drilling core study of the fractured original model, the knowledge base of the fracture was built. Second, based on the analysis of the principle of dual-later log identification fracture, the core calibration was used to make logging, and using dual-later log, the fracture in wells was recognized. Third, based on the analysis of the principle of the fractal kriging method, the inter-well fractures were predicted. Finally, the 3-D model of fracture was built with fractural random simulation. The result shows that the 3-D model is in accordance with the fact of the development. So, the method is correct.
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INTRODUCTION
Oil and gas in tight and low-permeability reservoirs is an important replacement resource and development field in China (Ding et al., 2015; Sun et al., 2019). Tight and low-permeability reservoirs have poor physical properties and strong heterogeneity. Natural fractures generally develop under the action of multistage structural deformation (Wu et al., 2021a). Natural fracture characterization methods include natural fracture description methods and prediction methods, among which natural fracture characterization methods include qualitative and quantitative description methods, which can be divided into 1) geological methods, including field similar outcrops, core observation, thin slices, scanning electron microscope, CT layer analysis and scanning technology, and core MRI scanning image analysis technology (Xiong et al., 2019; Liu et al., 2020; Wu et al., 2021b; Jia et al., 2021; Rao et al., 2022); 2) well logging methods, including special logging and conventional logging methods (Tang et al., 2012; Zhao et al., 2012; Wu et al., 2021c); 3) reservoir engineering methods, including well test analysis, pressure analysis, tracer analysis, water injection dynamic analysis, and microseismic monitoring (Clarkson and Qanbari, 2015; Fang et al., 2017; Jia et al., 2017; Chen et al., 2019; Li et al., 2020). The prediction methods of natural fractures mainly include the following: 1) The geological data method predicts fractures, mainly based on the geological data such as cores, logging, and seismic data of the oil field to predict the development of fractures. Core analysis is the most accurate and intuitive way to reflect the development of underground fractures. Due to the high cost of coring, core data are generally scarce. Imaging logging uses high-resolution two-dimensional images to display fracture information, but imaging logging costs are relatively high, and imaging logging implemented in actual production is limited. Using conventional logging data to accurately identify and predict fractures in the entire well section requires maximum use of drilling core and imaging logging data to calibrate conventional logging data. At present, the main technologies for predicting fractures through seismic methods include coherence analysis technology, tracking technology, seismic inversion technology, and shear wave splitting technology (Wang et al., 2014; Su et al., 2017; Teng and Li, 2019). 2) The numerical simulation method is used to predict fractures. Based on geological knowledge, the distribution law of the fractures is studied theoretically by establishing a mathematical model. The numerical simulation method is based on certain geological knowledge and establishes a mathematical model to analyze and predict the fractures theoretically. Numerical simulation methods mainly include finite element tectonic stress field numerical simulation method, rock fracture method, curvature method, energy method, and statistical method (Li et al., 2013; Wang et al., 2013; Ju et al., 2014; Dong et al., 2018). 3) Other qualitative methods are used to predict fractures, that is, based on the relationship between fracture development and structure and lithology, to qualitatively understand the distribution characteristics of fractures. Qualitative methods to predict fractures are mainly based on the relationship between fracture development and structure and lithology, to qualitatively understand fractures and distribution characteristics. Predecessors believed through analysis that fractures are more likely to develop in high structural positions and near faults. Rocks with more brittle components are more likely to develop fractures than rocks with less brittle components (Ju et al., 2013; Liu et al., 2017). 4) The non-linear theory method predicts fractures. Non-linear theoretical methods are mainly a series of technical methods emerging in the 1990s, mainly including fractal theory, gray relation theory, backpropagation neural network, and other methods (Gong et al., 2012; Wang et al., 2015; Dong et al., 2016).
After years of fracture research, although great progress has been made in the characterization of reservoir natural fractures, the current research on 3-D geological modeling of reservoir fractures is still relatively weak, which cannot meet further needs of tight and low-permeability oil and gas exploration and development.
GEOLOGICAL CONDITION OF XINLI OIL FIELD
Xinli oil field is located on the westernmost Xinli anticline in the central depression of the Songliao Basin, Fuyu-Xinmu uplift zone. It is a dome anticline complicated by faults, with two groups of normal faults in the NNW direction and NNE direction. The Fuyu reservoir is of meandering river facies, mainly composed of fine sandstone, siltstone, and largely siltstone. The average porosity of the matrix reservoir is 12.8%, and the average permeability is 2.5 × 10−3 μm2. Xinli oil field was discovered by exploration in 1973, opened a production experimental area in 1980, and carried out a comprehensive infill adjustment stage from 1997 to 1999. At present, the oil field has entered the stage of ultrahigh water cut development. Exploration indicates that there are large amounts of high-angle fractures in a shaft of the oil field. Unclear understanding of fracture characteristics and distribution seriously constrains the highly efficient oil field development.
FRACTURED ORIGINAL MODEL
The original fracture model is mainly studied by fracture investigation in similar outcrop areas and core fracture observations.
Study of Similar Crop
From a study of a similar crop in the research area, we find the following characteristics of fractures (Table 1) (Figure 1).
1) There are four groups of high-angle fractures (nearly EW, SN, NW, and NE direction). The group of fractures in nearly SN direction is developed earlier than the other three groups. Fractures in nearly EW direction are main fractures. NW and NE direction fractures show as conjugate shear fractures of the nearly SN direction fractures.
2) Fractures in the study area are mainly high-angle fractures, and 80% of the fractures are with angles larger than 70°.
3) Fracture density in the study area is mainly affected by lithology and tectonic stress. The measured data show that there are 14.6 fractures per meter in fine sandstone, 10.4 per meter in siltstone, and 3.8 fractures per meter in pelitic siltstone. The density of fractures in nearly EW direction is dramatically larger than that of fractures in nearly SN direction.
4) Length of tectonic fissures in similar outcrops ranges in a large scope from few centimeters to tens of meters. Fracture aperture also varies widely. Fractures in nearly EW direction have largest apertures up to several centimeters, followed by fractures in nearly NE and NW direction, and fractures in nearly SN direction have apertures of only a few millimeters. This is affected by the orientation of principal stress (nearly EW direction) in the area.
5) Fractures in nearly SN direction are commonly filled with calcite, while those in nearly EW direction have fewer fillings.
TABLE 1 | Strike distribution characteristics of similar outcrop fractures in the target reservoir.
[image: Table 1][image: Figure 1]FIGURE 1 | Fracture inclination observed by similar outcrops. (A) High-angle fractures developed in fine sandstone. (B) High-angle and vertical fractures developed in fine sandstone.
Study of Drilling Cores
From the observation of drilling cores of Xinli oil field, we get the following results (Figure 2A):
1) Fuyang reservoir in Xinli oil field develops multiple groups of fractures with different angles, aperture, and cutting depth. For example, the core drilled from the well section 1,359.5–1,359.85 m of Xin 318 shows groups of fractures and their spatial relationships.
2) Statistics of core fracture density indicate that there are 0.23 fractures per meter in sandstone, 0.1 in pelitic siltstone barrier, and 0.88 fractures per meter in calcareous sandstone at the bottom of the reservoir.
3) Core fracture aperture ranges in a large scope from few micrometers to millimeters and is filled with calcium or argillite (Figure 2B).
4) The study area has a good oil-bearing ability, which benefits from the developed fractures (Figure 2C).
[image: Figure 2]FIGURE 2 | Observation of typical fracture characteristics in the target reservoir core. (A) Fracture characteristics of X318. (B) Fracture characteristics of R32. (C) Fracture characteristics of J41-24.
PRINCIPLE OF FRACTURE DETECTION BY WELL LOGS
Using logging methods to detect fractures is mainly based on the fact that fractures and matrices have different geophysical characteristics. Therefore, when fractures develop in the formation, different logging responses may be caused. Based on these response characteristics, fractures can be identified and analyzed.
Acoustic Logging Curve
The study area is mainly based on compensated acoustic logging, and the detected longitudinal wave head waves are more sensitive to horizontal fractures and low-angle fractures, and cycle jumps and abnormal high-value characteristics of acoustic waves may occur in the fracture section. However, the fractures in this area are dominated by high-angle fractures. At the same time, the length of the fractures observed by the core is basically between 20 and 30 cm. Therefore, there are no obvious acoustic anomalies and cycle skipping characteristics in the sonic logging section of the fracture development section.
Radioactive Logging
Density logging, natural gamma, neutron, and other radioactive logging have a certain response to fractures. In the fracture section, it is characterized by low density, high neutron porosity, and low gamma. Due to the changes in stratum lithology and radiation intensity in the target area, these curves are irregular in the fracture section and have no response to the fracture.
Well Diameter and Well Temperature Logging
The hole diameter is also a method to identify fractures. When drilling into fracture-developed zones, it will generally cause diameter expansion or well wall collapse. Well temperature logging is also a means of identifying fractures. Usually, mud invades and the formation temperature gradually decreases, which causes a local temperature drop in the well and a negative well temperature anomaly. In the logging series in this area, there are no caliper and temperature logging curves, so these curves cannot be used to identify fractures.
Principle of Resistivity Tools to Identify Fractures
Theoretical study (Quillan, 1973; Philippe and Roger, 1990; Jian and Li, 2001) indicates that when fractures developed in low-permeability reservoirs, the anisotropy coefficient of electrical resistivity can be given as follows:
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where
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where [image: image] is the anisotropy coefficient of electrical resistivity, dimensionless; [image: image] is the additional conductivity coefficient of fractures, dimensionless; [image: image] and [image: image] are the resistivity of fluids in bedrock and fractures, respectively, Ω m; [image: image] and [image: image] are the conductivity of fluids in bedrock and fractures, respectively, S/m; [image: image] is the fracture angle, °; and [image: image] is the fracture porosity, %.
From Eq. 1 and Eq. 2 we can see that [image: image] is a good indicator of the additional conductivity coefficient of fracture. The larger the [image: image] is, the stronger the anisotropy of electrical resistivity will be.
Eq. 2 can be rewritten as follows:
[image: image]
According to Eq. 3, we know that [image: image] is only associated with [image: image] when fractures are fixed. The larger the [image: image] is, the larger the [image: image] and the stronger the anisotropy of electrical resistivity will be. Therefore, preferable fracture identification results can be obtained with resistivity tools if the electrical resistivity of bedrock is large.
Resistivity Method to Identify Fractures
Both theory and practice indicate that the electrical resistivity of a fractured reservoir is lower than that of a normal reservoir. From Figure 3 which is the fracture identification result of well Ji 10–17, we know that there is a high-angle fracture with few fillings in oil-immersed fine sandstone in section 1,176.00–1,176.50 m. The characteristic of a dual-later log is as follows: deep and shallow resistivities of sections where fractures developed are about 18 Ω m and 16 Ω m, respectively, while those of the near sections without fractures are larger than 35 Ω m; difference on a dual later log of fracture sections changes from normal value 5 Ω m–10 Ω m to 2 Ω m–3 Ω m, even 0 Ω m locally. The characteristic of a micro log is as follows: micro-resistivity of sections with fractures is lower than 7 Ω m, while that of the near sections without fracture is higher than 10 Ω m; difference on a micro-log of fracture sections changes from 4 Ω m–10 Ω m for normal sections to 1 Ω m–3 Ω m, and even 0 Ω m locally.
[image: Figure 3]FIGURE 3 | Lithology electric fracture response analysis of Well Ji10-17.
FRACTURE IDENTIFICATION METHOD
Plate Method to Identify Fractures
According to the logging response characteristics of fractures, based on selecting the best response curve of fractures, the double lateral and its amplitude difference and the microelectrode and its amplitude difference are used to make plates (Figure 4, Figure 5, Figure 6). There is a clear difference between the fracture and non-fracture sections on the chart. The resistivity of the fracture sections is generally low, and they are concentrated in the lower left of the chart. Table 2 is the statistical data table of the fracture identification resistivity lower limit, the positive judgment rate of the microelectrode system and its amplitude difference, the double-lateral curve, and its amplitude difference determined by each interpretation plate. It can be seen from the table that the standards for identifying fractures by the difference between the bilateral lateral amplitude and the microelectrode amplitude are both no more than 5 Ω m, and the correct rate of the two cross-platforms for identifying fractures is as high as 94%; the standards for micro-gradient and micro-potential identification of fractures are, respectively, as follows: if greater than 8 Ω m and no greater than 12 Ω m, the correct rate of the two intersecting plates to identify fractures is 91%; the standard for identifying fractures in shallow and deep lateral directions is not greater than 28 Ω m and not greater than 30 Ω m in the shallow side. The correct rate of fractures identified by the cross-directional and double-lateral amplitude difference plates was 89%, and the correct rate of the fractures by the deep-lateral and double-lateral amplitude difference cross plates was 90%. The quantitative identification of fractures using these standard plates is accurate and credible.
[image: Figure 4]FIGURE 4 | Intersection chart of bilateral lateral amplitude difference and microelectrode amplitude.
[image: Figure 5]FIGURE 5 | Intersection diagram of micro-gradient and micro-potential.
[image: Figure 6]FIGURE 6 | Shallow deep lateral and bilateral lateral amplitude difference intersection chart.
TABLE 2 | Standards for fractures in the plate method.
[image: Table 2]Discriminant Analysis Method to Identify Fractures
Discriminant analysis is an analysis method to find the discriminant function based on the variable values that indicate the characteristics of things and their categories and to classify things with unknown categories according to the discriminant function.
Although all the aforementioned multiple logging curves respond to fractures, they do not have the same effect. To retain the main characteristic curves and eliminate the secondary characteristic curves, the discriminant function tends to be simplified, and the stepwise judgment analysis method is adopted.
The selected 85 samples are divided into two parts, of which 1 to 55 samples are used to establish the discriminant function, and the 56 to 85 samples are used to test the reliability of the discriminant function.
Using the stepwise discriminant analysis procedure, the core calibration results are processed, and through the introduction and removal of several variables, several logging curves that play a major role in fracture discrimination are finally selected. Here, the dual lateral direction and its amplitude difference and micro-scale are mainly used. The electrode and its amplitude difference are used as the discriminant function:
[image: image]
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where X1 is the micro-gradient logging value, Ω m; X2 is the micro-potential logging value, Ω m; X3 is the microelectrode system amplitude difference, Ω m; X4 is the shallow lateral logging value, Ω m; X5 is the deep lateral logging value, Ω m; X6 is the double-lateral logging amplitude difference, Ω m; and y1 and y2 are the fracture and non-fracture discriminant function values, respectively.
Using the discriminant function established by samples 1 to 55, the accuracy of the discriminant function is nearly 92.7%, and only four samples are judged wrong. The positive judgment rate of the inspection samples 56 to 85 is 90%, and there are three samples wrong. The accuracy of the discriminant function is relatively high.
Neural Network Pattern Recognition
This fracture study uses the BP network to predict. The BP network realizes forward mapping by weights. For a multilayer network with hidden units added between the input and output, when there is an error in the output, the error of the output layer unit is propagated back to the input layer by layer to “apportion” to each layer unit, to obtain the reference error of each layer unit. To adjust the corresponding connection rights, the cycle continues until the error of the output layer unit meets the requirements.
The characteristic parameters of the samples that have identified fractures and non-fractures are input into the computer to form a training set for the network to learn, to obtain the classification knowledge of fractures and non-fractures, and then use the classification knowledge to identify the samples to be discriminated, and the network will, according to the learned knowledge, judge whether the sample has fractured. Samples from 1 to 55 are still used to establish the discriminant function, and samples from 56 to 85 are used to test the reliability of the discriminant function.
The trained network is used to judge the learning samples, and the positive judgment rate is 96%, while the trained network has a positive judgment rate of 93% for the known samples to be judged, which proves the reliability of the network.
Discrimination Error Analysis of Various Research Methods
According to Table 3 that among all the methods, the intersection method of microelectrode amplitude difference and bilateral amplitude difference has the highest positive judgment rate; the lowest positive judgment rate is the shallow lateral and bilateral amplitude difference intersection pattern method.
TABLE 3 | Comparative analysis of discriminant errors of various research methods.
[image: Table 3]Inter-Well Fracture Prediction and Development of 3-D Model
Principle of Fractural Kriging Method
Theoretical bases of the fractural kriging method are fractional Brownian motion and the geostatistical method. Fractional Brownian motion is a Gaussian process with an average value of 0 and variance [image: image], where H is the Hurst index, ranging from 0 to 1. One distinctive feature of the Gaussian process is that the increment of X(t) with the parameter H has statistical self-similarity. The relationship between H and fractal dimension D is D = d + 1-H, where d is the topological dimension. This helps to fractional Brownian motion from the time domain to the spatial domain. Suppose there are two points at a distance of h in the reservoir with parameters z(x) and z (x + h), respectively. If the parameters have fractal features and meet fractional Brownian motion (Barnsley, 1986; Barton and La Pointe, 1995; Cello, 1997; Malek and Maryam, 2010), then
[image: image]
This formula is highly similar to the variation function in geostatistics, that is,
[image: image]
Suppose the linear estimate z*(x) is the linear combination of several given points, kriging equations are follows:
[image: image]
where [image: image] is the Lagrange multiplier and[image: image] is the weight coefficient. When there are only two vertical wells at a distance of h, the previous equations can be written as follows:
[image: image]
By substituting [image: image] and [image: image] into Eq. 9, we obtain the estimate of z(x) as follows:
[image: image]
where [image: image], [image: image] z (0) is the parameter of the first well, and z(h) the second well. Eq. 10 is the fractal kriging equation, by which the parameter of any point can be obtained.
Inter-Well Fractures Prediction
If all the parameters provided by logging information are distributed vertically, then how to predict the laterally distributed fracture parameters? Hardy’s research suggests that vertical fractal dimensions are nearly equal to lateral fractal dimensions, so the parameters provided by logging can also be used to predict inter-well fractures. Fractal dimensions of fracture are generally obtained by using the “box-counting method”. Figure 7 is the prediction result of the distribution of the fracture of the study area, from which we know that if fracture fractal dimensions of two wells are close, then the characteristic of the fractures, genetic mechanism, and fracture properties would also be close, and the inter-well continuity will be good; on the contrary, if fracture fractal dimensions of two wells have great difference from each other, then the characteristics of the fractures, genetic mechanism, and fracture properties will also be highly different, and the inter-well continuity will be bad.
[image: Figure 7]FIGURE 7 | Predicting map of fracture distribution in Xinli oil field. (A) Better continuity. (B) Poor continuity.
Develop Dynamic Data to Verify the Reliability of Fracture Prediction Between Wells
A demonstration tracer test was conducted in the J25-4 well group, and the distance between the J25-4 well and the J25-6 well was 200 m. The tracer was injected into Well J25-4, and the peak of the tracer quantity was displayed in Well J25-6 after 3 days. For reservoirs with good reservoir quality in this area, the peak detection time of tracer quantity is more than 60 days. Such a fast tracer shows that it can be determined that it is due to the existence of high permeability fractures.
Tracer testing was also carried out in the J31-9 well group, and the distance between the J31-9 well and the J31-7 well was 200 m. The tracer was injected into Well J31-9, and the tracer display was seen in Well J31-7 only 55 days later, indicating that there is no fracture communication between Well J31-9 and Well J31-7.
Development of the 3-D Model
Figure 8 is the fracture 3-D model of the study area developed with the fractal stochastic method based on the study of the fractured original model. From the figure, we can see that fracture density in the local area is large and inter-well continuity is good. This is consistent with the actual development of the study area, which has a higher production in the early stage and is severely flooded later. All of these show that the developed model is precise enough.
[image: Figure 8]FIGURE 8 | Fracture’s 3-D model of the study area.
CONCLUSION

1. Synthesize similar outcrops and drilling cores, explore the fracture development characteristics of the target reservoir, and establish a prototype model of the target reservoir.
2. Using the fracture described by the core and scaling it to the logging curve, and it is found that among all logging curves of the target reservoir, only the resistivity logging curve has a good response to the fracture.
3. The fusion of multiple methods carried out the quantitative identification of the fractures at the target reservoir well points, and the application of dynamic data to verify the reliability of the identified fractures.
4. Applying the fractal theory to predict the development characteristics of inter-well fractures in the target reservoir, and establishing a three-dimensional fracture distribution model.
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