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The low permeability sandstone reservoir in the Ordos Basin displays heterogeneity with sedimentation and tectonic origins, which is mainly manifest by interbedding of sandstone and mudstone, bedding, and fractures (). There is a clear difference between this type of heterogeneity and pore heterogeneity and diagenetic heterogeneity. At present, academia pays less attention to this kind of heterogeneity and lacks a quantitative evaluation method. The imaging log can describe this kind of heterogeneity directly. The Tamura texture features (TTF) method was used to calculate the roughness of different heterogeneous intervals. It is found that the fracture has the largest roughness, followed by the oblique bedding and the horizontal bedding section, and the massive bedding has the smallest roughness. The GR curve roughness calculated by EMD is consistent with that calculated by TTF. Therefore, TTF can be used to quantitatively evaluate the heterogeneity of low permeability sandstone reservoirs based on the imaging log when the imaging log has the same size. The roughness of the imaging log calculated by the TTF method has a strong coupling with the sedimentary cycle. This method is accurate, objective, and easy to understand. This is another important application of TTF in addition to quantitative evaluation of the heterogeneity of low permeability sandstone reservoirs.
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INTRODUCTION
Low permeability sandstone is defined as having overburden permeability less than or equal to 1 × 10−3 μm2 (Newman, 1999; Yin and Wu, 2020). Globally, Low permeability sandstone reservoirs are increasingly becoming targets for petroleum exploration and development because they contain vast resources which were stranded before the advent of modern well completion technologies (e.g., hydraulic fracturing) (Panja et al., 2016; Yin et al., 2018; Chen J. et al., 2019; Li L. et al., 2020; Arzhilovsky et al., 2021; Liu et al., 2022). The Ordos basin contains some of the most widely distributed low permeability sandstone reservoirs in China, within which the Yangchang Formation is representative. In 2019, CNPC (China National Petroleum Corporation) announced the discovery of the billion-ton Qingcheng Oil Field within the Ch-7 oil generation layer (an oil layer of the Yanchang Formation) of the Ordos Basin, which confirmed the presence of low permeability sandstone reservoirs (Fu et al., 2020).
The Yangchang Formation in the Ordos Basin is a continental reservoir. The most unique feature of this type of petroleum system is the close association of source rocks and reservoirs to the point where they are indistinguishable; these low permeability sandstone reservoirs are extremely heterogeneous (Gong et al., 2021). To date, research on the heterogeneity of low permeability sandstone reservoirs has mainly focused on two aspects: 1) diagenetic heterogeneity (Liu et al., 2016; Cui et al., 2019; Sole et al., 2019; Li M. et al., 2020; Xie et al., 2020; Xiong et al., 2020; Yıldız and Yılmaz, 2020); and, 2) pore heterogeneity (Kadkhodaie-Ilkhchi et al., 2019; Nazari et al., 2019; Yang et al., 2020; Yin et al., 2020; Wang et al., 2021; Wang et al., 2022). This paper will focus on heterogeneity derived from sedimentation and tectonic controls, which is seldom discussed in the literature on low permeability sandstone reservoirs. There are three manifestations of this kind of heterogeneity, bedding, sand and mud interstratification, and fracture. The importance of sedimentary and tectonic derived heterogeneity in terms of its influence on physical and mechanical properties in low permeability sandstone reservoirs was most recently investigated by Liu et al. (2018). Using rock mechanical analysis, they found that subtle differences of mineralogical components within low permeability sandstone cause heterogeneous rock mechanical properties which ultimately control fracture initiation and propagation. Huang et al. (2018) noticed widespread development of the lamina in low permeability sandstones within the Ordos Basin. Their results showed that sand lamina in the low permeability sandstones significantly increases the TOC of the reservoir. Therefore, they suggested that the development of sandy laminas is the direct cause of the reservoir physical properties heterogeneity in low permeability sandstone.
Several different methods for quantitative evaluation of heterogeneity derived from sedimentation and tectonic controls have been developed. Yang et al. (2019) set up a neural network to evaluate the interbedding of low permeability sandstones in the southern Ordos Basin and used them to quantify vertical heterogeneity parameters in each layer. By calculating Lorentz Coefficients of gamma-ray logs, Yue (Yue et al., 2015) quantitatively evaluated the intraformational heterogeneity of low permeability sandstone and summarized the vertical sand body distribution pattern of the formation. Xiao (Xiao et al., 2019a) put forward a method for quantitative evaluation of the heterogeneity of low permeability sandstone reservoirs based on combining the rescaled range method and modal decomposition method and obtaining the mathematical relationship between the heterogeneity of reservoirs and oil production.
Logging curves are commonly considered to be the most efficient and accurate method of quantitatively evaluating reservoir heterogeneity (Raeesi et al., 2012; Amoura et al., 2019; Yarmohammadi et al., 2020). However, most methods focus on using conventional types of logs (i.e., gamma, resistivity, sonic, density, etc), while image log data is mostly ignored even though it can directly reflect the sedimentary characteristics of reservoirs. Image logs record changes in resistivity or acoustic velocity caused by fractures, caving, bedding, and so on, and these changes are displayed using different colored images designed to intuitively describe the characteristics of the formation. At present, image logs are assessed qualitatively with the naked eye which means that interpretations are subjective. There is an important need for quantitative parameters that can be widely used in image log analysis that will improve standardization and normalization of interpretive results.
Sedimentary strata are recognized as objects with self-similar characteristics, so the imaging log that records formation changes must be a global pattern with repeated local sub-patterns. Therefore, it is theoretically feasible to use texture analysis to extract characteristic parameters from image log data. This paper will use Tamura theory to calculate the roughness, contrast, and direction of heterogeneity captured by image logs. The mapping relationship between the roughness of imaging logs and the heterogeneity of low permeability sandstone is established, and the application of Tamura theory in the division of sedimentary cycles is assessed.
GEOLOGICAL SETTING
The Ordos Basin, located in western China, is a large-scale cratonic superimposed basin that developed during the Mesozoic (Figure 1A). The basin is characterized by weak structural deformation, multicycle tectonic evolution and many rock types characterizing sedimentary environments (Chen Y. et al., 2019; Gong et al., 2019). This study focuses on the southwestern part of the Ordos Basin, where the Upper Triassic Yanchang Formation is an important oil-producing interval (Figure 1B). The reservoir intervals comprise parts of deltaic and shallow lacustrine systems, with continuous sedimentation and stable structure. Figure 1C is a typical lithological section of the Yanchang Formation in the southern Ordos Basin. It can be seen from the figure that the lithology of the target layer is mainly siltstone and argillaceous fine sandstone, which contains thin mudstone interlayers. The interbeds of sand and mud in the Yanchang Formation are frequent and have strong heterogeneity. The study area is located in the interior of the basin, so there is no surface exposure to the target interval. However, the Yanchang Formation crops out along the edge of the Ordos Basin.
[image: Figure 1]FIGURE 1 | (A) Geographicmap of the Ordos Basin; (B) Location of the Ordos Basin in China; (C) Stratigraphic characteristics of the Yanchang Formation (Wang et al., 2020).
The profile observation shows that the Yangchang Formation in Ordos Basin is approximately horizontally distributed, with few large sedimentary structures such as folds and faults (Figure 2). But many small sedimentary structures can be observed, mainly including parallel bedding, oblique bedding, impression, and mud gravel. The vertical heterogeneity of the formation is very strong, which mainly shows that it is difficult to see a whole set of sandstone with a thickness of more than 5 m, and the formation is mostly a structure of thick sandstone with thin mudstone.
[image: Figure 2]FIGURE 2 | Profile photos of Yangchang formation in Ordos Basin. (A) Sand-mud interlayer in Ch-7 formation, located in Xunyi; (B) Mudstone interlayer in Ch-6 Formation, located in Xunyi; (C) Parallel bedding in Ch-7 Formation, located in Yanchang; (D) Oblique bedding in Ch-6 Formation, located in Jiaxian; (E) Impression in Ch-7 Formation, located in Yijun; (F) Mud gravel in Ch-6 Formation, located in Lingwu.
Small sedimentary structures are also observed in cores (Figure 3). There is mainly oblique bedding, parallel bedding, massive bedding, convoluted bedding, mud gravel, and fractures. The profile and core data show that the low permeability sandstone reservoir in the study area is characterized by frequent sand mud interbed, bedding and fractures. This feature directly results in a very strong reservoir heterogeneity, which affects the physical and mechanical properties of the reservoir (Zeng et al., 2022).
[image: Figure 3]FIGURE 3 | Core photos of Yangchang formation in study area. (A) Cross bedding; (B) Massive bedding; (C) Parallel bedding; (D) Convoluted bedding; (E) Oblique bedding; (F) Fractures; (G) Mud gravel; (H) Muddy strip; (I) Scratch.
THEORY AND METHODOLOGY
Texture refers to the local patterns that appear repeatedly in the image and their arrangement rules, reflecting the law of grayscale changes in the macro sense (Coggins and Jain, 1985). Although textures are ubiquitous in digital images, there is currently no formal texture definition (Lin et al., 2003). However, texture analysis has been applied to graphic analysis in various industries, such as medicine, remote sensing, photography, and other industries (Hashim et al., 2018; Delibas and Arslan, 2020). Based on the human visual perception test, Tamura proposed physical quantities to describe the texture features, namely: coarseness, contrast, directionality, linearity, regularity, and roughness (Tamura et al., 1975). The three most important parameters are coarseness, contrast, and directionality (Castelli and Bergman, 2002).
Coarseness
Roughness is a parameter that reflects the granularity in the texture and is the most basic texture feature. When the sizes of the two texture patterns are different, the patterns with larger sizes are coarser. The calculation of roughness can be divided into the following steps:
1) Calculate the average intensity of pixels in the active window with the size of [image: image] pixels in the image:
[image: image]
Where, [image: image] is the gray value of the pixel at [image: image].
2) For each pixel, calculate the average intensity difference between windows that do not overlap each other in the horizontal and vertical directions:
[image: image]
[image: image]
Where, for each pixel, there is a [image: image] The max value makes the [image: image] value the maximum, using this [image: image] is the best size:
[image: image]
3) By calculating the average value of [image: image] in the whole image to roughness:
[image: image]
Contrast
The contrast is obtained by the statistics of the pixel intensity distribution. The contrast is determined by four factors: dynamic range of gray level, polarization degree of the black and white part on the histogram, edge sharpness, and period of repetition pattern. In general, contrast refers to the first two factors. The calculation formula is as follows:
[image: image]
[image: image]
Where, [image: image] The fourth interval of the image is used to measure the steepness of the gray density function near the gray mean. [image: image] is the image variance.
Directionality
Directivity is the global characteristic of texture region, which describes how the texture diverges or concentrates in some directions. The calculation steps are as follows:
1) Calculate the gradient vector for each pixel:
[image: image]
[image: image]
2) Calculate the magnitude [image: image] and the local edge direction [image: image]:
[image: image]
[image: image]
3) Discretize [image: image], and use the histogram to count the number [image: image] of pixels in each [image: image] where [image: image] is greater than a given threshold
[image: image]
Where, [image: image] is the number of points at which [image: image] and [image: image] > t.
4) The directivity can be obtained by calculating the sharpness of the peaks. in the histogram. The method used is that if it is determined that there are multiple peaks, the second moments of the two valleys of the peak are added. This measure can be defined as follows:
[image: image]
Where [image: image] is the number of peaks, [image: image] is [image: image] th peak position of [image: image], [image: image] is the range of [image: image] th peak between valleys, [image: image] is the normalizing factor related to quantizing levels of [image: image], [image: image] is quantized direction code (cyclically in modulo 180°).
FEASIBILITY OF TEXTURE ANALYSIS OF IMAGING LOG
Texture analysis is the process of extracting texture feature parameters through image processing technology, to obtain a quantitative or qualitative description of the texture. In addition to certain directivity and periodicity, the image used for texture analysis also needs to have very high-frequency information to extract accurate texture features.
Imaging logging map is quite different from maps in the fields of medicine, photography, remote sensing, and so on. It is the continuous monitoring of formation by resistivity detection brush. Generally, six brushes are set in the sampling process of the imaging logging map, and the brushes are separated from each other. Therefore, the final resistivity image is the resistivity trace with blank intervals in the transverse direction. In the imaging log, will the periodic 6 blank intervals change the directivity and periodicity of the original image? Will it create more high-frequency information that is difficult to distinguish? Given this, this study will set up two experiments to verify the feasibility of texture analysis of imaging logging.
Periodicity and Directivity of Imaging Log
Take an imaging log map in the study area as an example. The resolution of the log map is 482 × 482, the stratum thickness is 4 m. A group of gray data is randomly selected in the horizontal and vertical directions of the image to draw the gray curve, and then the box dimension method is used to calculate the fractal dimension of the two gray curves. The calculation method of the box dimension of the one-dimensional curve is not repeated here. For details, see references (Zaitouny et al., 2020).
The calculation flow of fractal dimensions in different directions of the imaging logging map is shown in Figure 4. Finally, the horizontal fractal dimension is 1.08 and the vertical fractal dimension is 1.31. It shows that the horizontal periodicity of the imaging log is very strong, and the texture is very simple. It can be seen from the horizontal gray distribution map that the horizontal gray presents extremely strong periodic characteristics, which is caused by six blank intervals in the imaging logging map. In the vertical direction, there is no blank interval, and it is difficult to observe the obvious periodicity of gray distribution. However, the linear fitting degree of the vertical box dimension is very good, which reflects that the imaging log map is also a fractal pattern in the vertical direction.
[image: Figure 4]FIGURE 4 | Calculation flow of fractal box dimension in different directions of imaging logging map.
Of course, the length of the imaging log map used in Figure 4 is short, and the distribution of six blank intervals is regular. However, in practice, the six blank intervals in the imaging log map will gradually change the position and extension angle with the increase of depth. When this happens, will it reduce the periodicity of the imaging log map? The author calculates the fractal dimension in different directions by selecting the 110 m imaging logging of the whole well section of Ch-7 member of the Yanchang formation. The results obtained are shown in Figure 5.
[image: Figure 5]FIGURE 5 | Characteristics of vertical and horizontal fractal curves of imaging log.
It can be found that the vertical fractal dimension is between 1.52 and 1.59 and the horizontal fractal dimension is between 1.00 and 1.48. Even if affected by six blank intervals, the vertical fractal characteristics of the imaging log are more stable. Horizontally, the fractal dimension of the imaging log is affected by 6 blank intervals, and the variation range is large.
Therefore, it can be determined that the blank intervals in the imaging log map do affect the periodicity in the horizontal direction of the imaging log to some extent, but the vertical imaging log map has stronger fractal characteristics, and its periodicity is mainly controlled by the light and dark changes of the imaging log itself, which has little to do with the blank intervals Figure 6
[image: Figure 6]FIGURE 6 | Frequency analysis of different types of imaging log.
High-Frequency Characteristics of Imaging Log
Generally, texture features are closely related to the high-frequency components in the image spectrum. Only when the image contains enough high-frequency information, the result of image texture analysis can be more accurate. Smoother images (mainly including low-frequency components) are generally not treated as texture images.
Therefore, to analyze the texture of the imaging log map, the imaging log map must contain enough high-frequency information. However, the frequent occurrence of six blank intervals in the imaging logging map causes the pixel mutation of the image, which directly leads to the increase of high-frequency information in the imaging logging map. Therefore, we designed the following experiments to determine whether the six blank intervals in the imaging log will weaken the high-frequency information caused by resistivity transformation.
Firstly, two imaging logging maps (Image A and Image B) with developed and undeveloped stratigraphic bedding are screened. Then Fourier transform the two images to obtain the Fourier spectrum. The white stripes in the Fourier spectrum are high-frequency information. It can be found that the high-frequency information in the spectrum of Image a is more than that of Image B. In order to more intuitively compare the frequency distribution characteristics of the two images, the frequency distribution on 0–45° of the two images is represented by the polar coordinate method. It is found that the frequencies of Image A and Image B are almost 10 times different in value.
Image B is the imaging logging map of homogeneous formation. It can be found from the map that the change of image fringe is moderate and the high frequency is not very prominent. Image A is an imaging log of heterogeneous formation. The image contains many dark stripes, resulting in extremely prominent high-frequency information, which is much larger than low-frequency information. Both images contain similar white intervals, but the changes of light and dark stripes caused by the heterogeneity of the formation itself will cause higher and more high-frequency information than the white intervals in the imaging logging map. It also shows that texture analysis is completely feasible for the analysis of imaging logging maps.
DATA AND RESULTS
In the imaging log map of well A, four types of main developed heterogeneity layers in the study area are selected: oblique bedding, massive bedding, parallel bedding, and fracture layers. The representative imaging log map is selected for each heterogeneous type, and to facilitate the unified calculation of data, try to ensure that the size of each image is the same. According to this screening standard, the unified calculation standard is the stratum thickness of 10 m. Based on the data of resistivity imaging and diameter logging of well A, six images are selected for each type of heterogeneity, and a total of 24 images are obtained (Figures 7, 8).
[image: Figure 7]FIGURE 7 | Resistivity imaging logging map of different heterogeneous intervals. (A–F): Parallel bedding; (G–L): Oblique bedding.
[image: Figure 8]FIGURE 8 | Resistivity imaging logging map of different heterogeneous intervals. (A–F): Massive bedding; (G–L): Fracture.
The roughness, contrast, and directivity of these 24 logging images are calculated by the Tamura texture features method (TTF), and the results are shown in Table 1. After normalizing the calculation results of the three parameters, draw a ternary diagram (Figure 9). It can be seen from the figure that the four types of heterogeneity are partitioned on the ternary map. Therefore, it can be concluded that it is feasible to quantitatively evaluate the formation heterogeneity based on TTF Method, and the specific evaluation effect needs to be further explored.
TABLE 1 | Calculation results of roughness, contrast and directionality of imaging well logs of 4 types of heterogeneous intervals in well A.
[image: Table 1][image: Figure 9]FIGURE 9 | Ternary graph of roughness, contrast and directivity.
DISCUSSION
Quantitative Evaluation of Reservoir Heterogeneity Based on Tamura Texture Features Method
Conventional logging curves reflect the inherent characteristics of a series of sedimentary strata such as lithology, electricity, and porosity. In the measurement process, the logging tool detects the characteristics of the formation with a fixed sampling frequency (one data is recorded every 0.25 m) and records information with the depth as the scale. Therefore, in essence, a conventional logging curve is a one-dimensional time series with self-similarity (Xiao et al. 2019b). Due to the time series characteristics of the logging curve, the roughness of the logging curve can be calculated. Compare the roughness of the imaging log with the roughness of the conventional logging curve. If the two roughness is linearly related, it shows that the TTF can quantitatively reflect the formation heterogeneity.
At present, empirical mode decomposition (EMD) is commonly used to calculate the roughness of the logging curve (Subhakar and Chandrasekhar, 2016; Xiao et al. 2019). EMD method was proposed by Norden E. Huang et al., in 1998 (Huang et al., 1998). This method is based on the time scale characteristics of the data itself to decompose the signal, without any pre-set basis function. It has a very obvious advantage in dealing with non-stationary and non-linear data (Martins et al., 2016).
Figure 10 shows the calculation process of the EMD method, which can be divided into three steps:
(1) The maximum and minimum points of the original data [image: image] are fitted by the cubic spline difference function to form the upper [image: image] and lower [image: image] envelope lines of the original data, and the average envelope function is calculated:
[image: image]
(2) Subtracting the average envelope line data [image: image] from the original data [image: image] to obtain a new data series [image: image]. Judge whether [image: image] meets the conditions of the IMF. If it does, the next step will be taken. Otherwise, perform the first two operations on [image: image] until [image: image] meets the conditions of the IMF;
(3) If the filtering process is completed successfully, the first IMFj is achieved. Subtract IMFj from the original data and repeat the above process to get the next IMFj+1. Until the residual R(t) is a single point signal or only one base point exists.
[image: Figure 10]FIGURE 10 | Calculating flow of EMD method.
Finally, the original signal is expressed as:
[image: image]
Where, n is the total number of IMF obtained by EMD decomposition of the original signal.
At present, most scholars (Flandrin et al., 2004; Azadeh et al., 2013; Gaci and Zaourar, 2014) regard EMD as a second-order filter in the wavenumber domain. Therefore, for a given signal, its average wave number [image: image] is inversely proportional to the IMF number m:
[image: image]
Where, k is a constant, ρ can be obtained by fitting the linear relationship between m and log([image: image]). Since EMD signals according to the time scale characteristics of the data, it is found that ρ is related to the EMD scale. When ρ is high, the corresponding characteristic scale is low, and vice versa. Therefore, ρ can be used to quantitatively judge the complexity of the original signal. Previous researchers (Gairola, 2017) obtained the relationship between ρ and the formation lithology heterogeneity, that is, the lower the ρ value, the more complex the lithologic unit.
GR logging curve can reflect the shale content in the formation precisely and has good feedback for the heterogeneity characteristics in the formation. Therefore, the heterogeneity of the natural gamma curve (GR) corresponding to 24 imaging logs can be calculated by the EMD method. Then, the box type map which can reflect the distribution of original data is used to compare the formation heterogeneity calculated by the two methods (Figure 11).
[image: Figure 11]FIGURE 11 | Comparison between TTF analysis results and EMD analysis results. (A) Roughness of image log; (B) Directivity of image log; (C) contrast of image log; (D) Roughness of GR curve.
The results show that the ρ value of the GR curve is the largest in massive bedding, followed by parallel bedding and oblique bedding, and the smallest in fracture layer. Because the ρ value is inversely proportional to the heterogeneity of the stratum, the order of the heterogeneity of the GR curve corresponding to the four types of heterogeneity is fracture development section, fracture bedding, parallel bedding, and massive bedding. Among them, the heterogeneity of fracture layer is the largest, and that of massive bedding is the smallest. This result has the same relationship with the roughness of the imaging log calculated by the TTF. However, the other two important parameters of TTF, directionality, and contrast, have little correlation with the heterogeneity coefficient calculated by the EMD.
Based on the knowledge gained above, it can be determined that TTF can quantitatively evaluate reservoir heterogeneity based on the imaging log data. The premise is that the selected imaging log should have the same size to ensure that the calculated roughness is comparable.
The Coupling Relationship Between Tamura Texture Roughness and Sedimentary Cycle
The GR curve can sensitively reflect the change in mud content, and an important role in sedimentology is to divide the sedimentary cycles. However, this method is too subjective. Especially when dividing the strata with more sedimentary cycles, different scholars have different sedimentary cycles. The TTF method can calculate the image roughness of the imaging log to quantitatively evaluate the formation heterogeneity. If the roughness of a continuous imaging log is calculated at a fixed scale, a set of data that can reflect the vertical heterogeneity of the formation can be obtained. This set of data contains various types of heterogeneous information in the stratum, and lithological changes are one of them. Therefore, the TTF method can be further explored, that is, whether the sedimentation cycle can be divided by the roughness of the imaging log image.
Select 1,600–2060 m formation of Well A in the research area as the research stratum (Figure 12). The interval discussed in this paper includes Ch-2, Ch-3, Ch-4+5, and some Ch-6 formations. The sedimentary characteristics of these strata have been fully studied by scholars, and a sedimentary system recognized by the academic community has been established. A more reliable conclusion can be obtained by comparing the sedimentary cycle of this formation with the sedimentary cycle divided by the TTF. The three-level cycle in Figure 12 is a recognized division plan in academia, and the fourth-level cycle is divided by the author according to the actual situation of the study area.
[image: Figure 12]FIGURE 12 | Comparison of TTF analysis results and sedimentary cycles at different scales. When the thickness of the formation is 16 m, the change trend of the roughness of the imaging log perfectly matches the change of sea level.
To avoid the noise interference of the logging curve, the selected GR curve is processed by a Gauss filter. In this section, two third-order sedimentary cycles can be identified from the bottom to the top. Based on the third-order sedimentary cycle, the fourth-order cycle can be further divided by analyzing the change of GR curve details. Similarly, sea-level changes can be plotted by the overall change of the GR curve.
The results show that the overall trend of image roughness perfectly matches the trend of sea-level change. And in some sequence boundary numbers, such as 1750, 1880, and 1965 m, the image roughness also shows extreme value.
Therefore, it can be concluded that the roughness of the imaging log based on the TTF method has a strong coupling with the sedimentary cycle of the formation. This conclusion undoubtedly confirms the right direction of this discussion. To verify and compare the accuracy of this method in sedimentary cycle division, it is necessary to find a mature method for comparative analysis. In this discussion, it is decided to adopt the continuous wavelet transform as the comparison method.
Continuous wavelet transform (CWT) is a continuous function of time for a decomposition, so that it becomes several wavelets. Mathematically, a function that is continuous-time and integrable [image: image] Can be expressed by the following integral:
[image: image]
Where: [image: image] is the wavelet coefficient, [image: image] matrix; [image: image] is the scale factor, which indicates the scaling associated with the rating; [image: image] is the time shift factor, which indicates the shift of the wavelet function; [image: image] is the signal data; [image: image] is Wavelet basis function; [image: image] is the conjugate of the wavelet basis function.
The algorithm of CWT can be divided into four steps (Figure 13). It can be found that the correlation C can be obtained by analyzing the similarity between wavelet basis function and signal on different scales. The division of sedimentary cycles is to select the interval that best fits the sedimentology model at different scales. Both are to change the observation scale to extract the internal information of the time series (logging curve). This is the reason why continuous wavelet transform is widely used in the division of sedimentary cycles.
[image: Figure 13]FIGURE 13 | Flow chart of continuous wavelet transform (CWT) (Kadkhodaie, 2017).
When CWT is used to identify sedimentary cycles, the wavelet basis function should be selected first, and then the wavelet coefficient curve can be obtained by changing the scale of the wavelet basis function (Perez et al., 2013). By analyzing the change in the local energy group of the wavelet time-frequency energy spectrum and the periodic oscillation characteristics of the wavelet coefficient curve, the cyclicity of strata can be obtained. And then establish a corresponding relationship with sequence boundaries at all levels to achieve the purpose of dividing stratigraphic sedimentary cycles.
The analysis object is the GR logging curve of 1592–5064 m in well A. It can be seen from the previous analysis that the kind of wavelet basis function is the decisive factor for the accuracy of signal analysis when CWT is used to identify sedimentary cycles. Therefore, the Morlet wavelet, Haar wavelet, and Gaussian wavelet are the wavelet basis functions of CWT respectively (Figure 14). By comparing the energy map and wavelet coefficient map with the scale of 500, it is found that the local part of the energy map obtained by using the Morlet wavelet basis function is the best, and each energy cluster can be identified. In addition, the oscillation of its wavelet coefficient curve is also better than the others. Therefore, the GR curve is processed by CWT of the Morlet wavelet basis function.
[image: Figure 14]FIGURE 14 | (A) GR curve; (B-1): Energy spectrum of CWT based on Morlet wavelet; (B-2): Wavelet coefficient curve of CWT based on Morlet wavelet; (C-1): Energy spectrum of CWT based on Haar wavelet; (C-2): Wavelet coefficient curve of CWT based on Haar wavelet; (D-1): Energy spectrum of CWT based on Gaussian wavelet; (D-2): Wavelet coefficient curve of CWT based on Gaussian wavelet.
Figure 15 shows the analysis results of the GR curve by CWT. By observing the distribution characteristics of local energy clusters on a wavelet energy spectrum with a time scale of 1,000, three levels of energy cluster distribution characteristics can be identified. They are small-scale 200–450, mesoscale 450–700, and large scale 700–1,000. According to these three scales, three levels of sedimentary cycles can be divided.
[image: Figure 15]FIGURE 15 | Recognition results of sedimentary cycle based on CWT method.
DWT can obtain different levels of sedimentary cycles by selecting different wavelet analysis scales, while TTF can make the data-dense by reducing the thickness of the analysis layer, thereby obtaining a smaller level of sedimentary cycles.
The Tamura texture roughness of imaging logging is obtained by using stratum thickness of 16, 8, and 4 m respectively. According to the obtained roughness curve, three sedimentary cycles in different scales are also divided. A comparison of the two sedimentary cycles is shown in Figure 16.
[image: Figure 16]FIGURE 16 | Comparison between TTF and CWT sedimentation cycle recognition results.
It can be seen from Figure 16 that there are two main features of sedimentary cycle division results of CWT and TTF. First of all, the large-scale sedimentary interfaces are the same, and the small-scale sedimentary cycle interfaces are different. Taking the 1760–1945 m stratum as an example, the continuous wavelet transform method identifies this stratum as a positive cycle with the change of stratum lithology from coarse to a fine from bottom to top. However, the TTF method divides 1760–1945 m into 1885–1945 m stratigraphic lithology reverse cycle and 1760–1885 m positive cycle. It can be seen from the GR curve that in the 1885–1945 m section, the GR curve is in the shape of a superimposed funnel, and there is a reverse cycle. Therefore, the interpretation of the latter is more reasonable.
Second, the small-scale sedimentary cycles identified by the TTF method are more precise. The principle of the TTF method to identify sedimentary cycles is to set a stratum thickness as the scale coefficient, calculate the Tamura roughness of the imaging log map on the scale, and identify sedimentary cycles by the change of roughness. The results obtained by this method are unique, accurate, and objective. CWT also needs to set a scale to identify sedimentary cycles, but compared with the former, the scale is the multi-solution, abstract and subjective. Therefore, the sedimentary cycles identified by the CWT method vary greatly and are not accurate relative to the TTF method.
Thirdly, the TTF method is more accurate to judge the cyclicity of sequence. The CWT sedimentary cycle recognition method is based on the distribution of local energy groups on the wavelet energy spectrum to divide the sequence. TTF method is to divide the sequence according to the roughness change of the imaging log. This method can see the precise numerical change from the roughness curve, so it can judge whether the sequence is a positive cycle or reverse cycle, to improve the reliability of sedimentary cycle division.
In a word, the TTF method is accurate, objective, and easy to understand in sedimentary cycle identification of low permeability sandstone reservoirs. This is another important application of TTF in addition to quantitative evaluation of the heterogeneity of low permeability sandstone reservoirs.
CONCLUSION
(1) The low permeability sandstone reservoir in the Ordos Basin has developed a kind of heterogeneity controlled by sedimentation and tectonic action, which is mainly manifested by a sand-mud interlayer, bedding, and fracture. There is a clear difference between this type of heterogeneity and pore heterogeneity and diagenetic heterogeneity;
(2) Resistivity imaging log is a kind of picture with periodicity, directivity, and rich high-frequency information. In the resistivity image, the white interval caused by data acquisition will not weaken the periodicity, directivity, and high-frequency information caused by the change of formation heterogeneity. Therefore, Therefore, the texture analysis of the imaging logging is completely feasible.
(3) The GR curve roughness calculated by EMD is consistent with that calculated by the TTF method. Therefore, the TTF method can be used to quantitatively evaluate the heterogeneity of low permeability sandstone reservoirs based on the imaging log when the imaging log has the same size.
(4) The reservoir heterogeneity coefficient calculated by the TTF method can be used to divide sedimentary cycles, and the accuracy is better than the wavelet transform method and manual identification method. Texture analysis of imaging logging is a new idea and method, and the division of sedimentary cycles is only one of its popularization and application. It is hoped that the reservoir heterogeneity evaluation method based on the TTF method can get more practical applications in the future.
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