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			Petrophysical characterization of coquinas from Morro do Chaves Formation (Sergipe-Alagoas Basin) by X-ray computed tomography
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			ABSTRACT

			Carbonate rocks constitute a large number of petroleum reservoirs worldwide. Notwithstanding, the characterization of these rocks is still a challenge due to their high complexity and pore space variability, indicating the importance of further studies to reduce uncertainty in reservoir interpretation and characterization. This work was performed for coquina samples from Morro do Chaves Formation (Sergipe-Alagoas Basin), analogous to important Brazilian reservoirs. Computed tomography (CT) was used for three-dimensional characterization of rock structure. The neural network self-organizing maps (SOM) was used for CT images segmentation. According to our tests, CT demonstrated to be a consistent tool for quantitative and qualitative analysis of heterogeneous pore space, by the evaluation of porosity, connectivity and the representative elementary volume.
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			RESUMO

			As rochas carbonáticas constituem um grande número de reservatórios de petróleo no mundo, contudo a caracterização dessas rochas ainda é um desafio em virtude de sua alta complexidade e da variabilidade do espaço poroso, indicando a importância de novos estudos para reduzir a incerteza associada à interpretação e caracterização dos reservatórios carbonáticos. Este trabalho foi realizado para amostras de coquinas da Formação Morro do Chaves — Bacia de Sergipe-Alagoas —, rochas análogas a importantes reservatórios brasileiros. A tomografia computadorizada (TC) de raios X foi empregada para a caracterização tridimensional da estrutura da rocha. A rede neural Self-Organizing Maps (SOM) foi utilizada para a segmentação das imagens tomográficas. De acordo com nossos testes, a TC demonstrou ser uma ferramenta consistente para a análise qualitativa e quantitativa de espaços porosos heterogêneos, avaliando a porosidade, a conectividade e o volume elementar representativo. 

			Palavras-chave: Coquinas; Tomografia computadorizada de raios x; Petrofísica; Volume elementar representativo.

			INTRODUCTION

			Carbonate reservoirs are characterized by high heterogeneity and structural complexity, which may reflect the high variability of facies and diagenetic processes resulting in a system with high unpredictability (Lucia, 2007). The pore space is directly related to rock heterogeneity, exhibiting a variety of porosity types and poor correlation with other rock properties (Lonoy, 2006).

			Therefore, there are several works aiming the pore space characterization in carbonates rocks by using different laboratory techniques, such as traditional petrographic analysis, capillary pressure, X-ray computed tomography (CT) and magnetic resonance imaging (Vogel and Brown, 2003; Vincent et al., 2011; Hulea and Nicholls, 2012). 

			By using CT, it is possible to render porosity from a sample volume, revealing the pore sizes and shapes while also allowing for investigating heterogeneity. The advance in tomographic data interpretation is associated with the application of image analysis methods, making it possible to quantify several rock parameters (Ketcham and Carlson, 2001; Van Geet et al., 2003; Vik et al., 2013). 

			The combination of CT data with traditional petrographic analysis becomes an effective methodology for the study of carbonate rocks regarding porosity and diagenetic features (Okabe and Blunt, 2007; Reis Neto et al., 2011). Petrography is important to connect CT results to geological features and reduce mistakes in interpretation.

			Furthermore, another important aspect that can be investigated in CT images is the definition of an appropriate sample support that encompasses rock heterogeneity. In this way, the advantage of using CT is not only the pore space characterization, but also that the porosity values in different volumes can be compared and a reliable sample size can then be quantified (Razavi et al., 2007; Al-Raoush and Papadopoulos, 2010; Fernandes et al., 2012).

			Therefore, the goal of the present work is the petrophysical characterization of coquinas from Morro do Chaves Formation focused on the analysis of representative elementary volume (REV) for the main porosity types. For this purpose, the rock characterization is performed using petrographic descriptions and CT analysis.

			Materials and methods

			The rocks from Morro do Chaves Formation are composed of shell beds deposited on detrital accumulations and associated with carbonate platforms (Figueiredo, 1981). Sedimentary structures indicate the transport and deposition by storm events (Castro, 1988; Azambuja Filho et al., 1998). These rocks, also called coquinas, occur in the eastern Brazilian margin and western Africa associated with a lacustrine system of the rift basin stage during the opening of the Atlantic Ocean in the Early Cretaceous and can be considered analogous to some reservoirs in the Campos and Santos Basin.

			Cimpor quarry, located in the city of São Miguel dos Campos,Alagoas, was chosen for the study of coquinas from Morro do Chaves Fm, Sergipe-Alagoas Basin. The fieldwork was carried out aiming the main lithofacies identification and sampling. From the collected samples, four of them were selected based on the classification of Lucia (1983) to represent the different petrophysical behaviors. Figure 1 shows the workflow used for sample characterization.
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			A Siemens industrial tomography device, model SWFVD30C, was used for image acquisition, at the Center for Petroleum Studies of the University of Campinas (Cepetro/Unicamp). By using this device, only pores larger than 0.2 mm could be identified. At this resolution, it was possible to scan samples larger than 30 cm in order to assess the appropriate volume to represent rock heterogeneity, which is especially important in vuggy carbonates.

			One of the main uses of CT in reservoir characterization is the study of petrophysical properties. Nevertheless, before carrying out the petrophysical analysis, it is necessary to segment the images by separating them in rock and pore regions. There are many techniques usually used to segment three-dimensional (3D) CT images, such as the image thresholding by indicator kriging (Oh and Lindquist, 1999), the piecewise constant level set method (Lie et al., 2006), the Ridler and Calvard method (Ridler and Calvard, 1978), Otsu threshold method (Otsu, 1979) and the edge based kriging segmentation algorithm (Arns et al., 2005). 

			In order to segment the 3D CT images, the neural network self-organizing maps (SOM) was used. Two of the advantages of SOM are being a non-supervised technique of segmentation and it does not require prior information for data set classification. Therefore, this tool is adaptable to different types of data and assists the characterization of data with absence or scarcity of information (Kohonen, 2001; Bhatt and Helle, 2002; Arzuman, 2009). SOM has been successfully used in many scientific fields, such as geology, engineering and medicine. Li and Chi (2005) and Mei et al. (2017) show the use of SOM for brain images segmentation. Besides, Coléou et al. (2003) describes the advantage of using SOM compared to other multivariate statistical techniques such as Principal Component Analysis (PCA), Independent Component Analysis (ICA) and K-means. More details of SOM technique and the algorithm parameters settings can be found in Kohonen (2001).

			Regarding the segmented images, for evaluating rock connectivity, an algorithm to calculate the volume of connected pores from the total porosity, which is equivalent to the effective porosity, was also applied. The algorithm was developed in C++ and it compares the value of a central point with its neighbors, establishing a relationship between them based on the intensity values of each point and then defining the connected pores throughout the rock. 

			After segmentation, concerning the petrophysical analysis, it is essential that the sample support encompasses the pore space heterogeneity. The minimum volume required for a reliable analysis can be defined by the REV (Bear, 1972). 

			To delimit the REV, measurements are made on a block that is continuously divided into subvolumes until values of mean and variance remain constant or stationary (Corbett and Jensen, 1992; Tidwell and Wilson, 1997; Nordahl and Ringrose, 2008).

			The variography was also used as geostatistical parameter to assess rock heterogeneity. Variograms are commonly used in petrophysical analysis to define the variable spatial continuity in different directions, which is controlled by geological factors (Lucia and Fogg, 1990; Wang et al., 1994; Sahin et al., 1998).

			To simplify the application of the connectivity algorithm and also the REV calculations, samples were cut into the volume of interest (VOI), which is defined by the maximum parallelepiped inside the sample.

			In order to validate the method presented in this paper, plugs of 1” in diameter were produced to calculate porosity and permeability by gas injection (nitrogen). For it, we have used the UltraPore Porosimeter and UltraPerm Gas Permeameter (Core Laboratories, Amsterdam). 

			The basic petrography was performed in transmitted light using a polarizing microscope, aiming the description of textural components, porosity types and diagenetic modifiers.

			Results and discussion

			Sample data and classification

			The samples consist of coquinas formed predominantly by bioclasts of pelecypod bivalve, with sizes ranging from less than 1 to 15 mm. The samples were classified as calcarenites and calcirudites, according to Grabau’s classification (Grabau, 1904). The classification was based on the detrital origin of coquina samples, which is evident from its fragmentation, transport and deposition. Samples have little or no carbonate matrix and significant percentage of siliciclastic matrix and grains. 

			By using CT images and petrographic analysis, it was possible to identify a wide variety of pore sizes, shapes and distributions, which are directly related to the petrophysical properties. According to Lucia (1983), samples were classified based on their porosity types (Figure 2). The author has compared the rock fabric with petrophysical properties in carbonates and proposed a pore space classification based on groups with similar petrophysical behaviors, recognizing the importance of different pore types: 

			•	interparticle for pores located between grains or crystals; 

			•	separate vugs for pores located within grains, or pores significantly larger (typically two times larger) than the particles and connected only by interparticle porosity; 

			•	touching vugs for pores significantly larger than the particles, located between grains or crystals, that are interconnected by other vugs. 

			The porosity types are associated to the diagenetic processes occurring after the rock burial. The cement dissolution is the main controlling factor in the actual porosity. Interparticle porosity is associated with cement dissolution in the intergranular space and also in the contact between the crystals (Figures 2A and 2B). The sample with separate vugs shows dissolution inside the grains, creating isolated pores (Figure 2). The touching vugs are related both to cement dissolution and fracturing system, exhibiting connection pathways throughout the rock (Figure 2D).
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			Computed tomographic images 

			SOM algorithm was used to define a porosity threshold for each sample, separating the CT images into two sets (pore and rock phases) (Figure 3). The images are composed of voxels that represent average measurements of small regions in the rock. The voxel size depends on the spatial resolution of CT. The relatively low resolution of CT (0.2 mm) explains the Gaussian shape of the histograms in Figure 3. Due to the partial volume effect each voxel may contain not only pore or grain, but also a mix of them, thus creating an average intensity value that hinders segmentation, making the use of computational techniques, such as SOM, necessary, to reduce uncertainty in this process (Ketcham and Carlson, 2001).
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			The porosity values obtained by image segmentation were very close to the values obtained in the plugs by gas injection. Besides, the effective porosity (percentage of connected pores) was directly related to the permeability values obtained in the laboratory. 

			Table 1 shows that samples A1, A2 and C (Figure 4A1, A2 and C) have the highest permeabilities and the highest effective porosities, where sample B (Figure 4B) has low permeability and low effective porosity.
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			The 3D imaging of pore space (Figure 4) shows that the calcarenite (Figure 4A1) contains small pores (approximately 0.9 mm3) regularly distributed throughout the rock. Using the effective porosity, it is possible to evaluate that 92% of pore space are connected in A1 (Figure 4A1). Calcirudite A2 (Figure 4A2) has large pores with average size of 1.4 mm3 and 73% of its pores are connected.

			The calcirudite B (Figure 4B) has a porosity of 10.87% and large pores (approximately 1.5 mm3), however the permeability (0.86 mD) and connected pores (only 53%) are very low as a result of the isolated pores. Furthermore, this sample has horizontal lamination, which divides the rock in fine layers with different porosities depending on the material comprising each one. The highest porosity is associated with the layer consisting of calcirudite without matrix. The calcarenite layer contains siliciclastic matrix, which greatly decreases the porosity. 

			The calcirudite C (Figure 4C) presents touching vugs, in which the pores are connected by a very irregular network, which increases significantly the permeability—even though the porosity is somewhat smaller than A1 (Figure 4A1), the sample presents the higher permeability (52 mD) and 84% of connected pores. 
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			Representative elementary volume 

			The determination of the REV is essential to validate the petrophysical analysis and is also a useful tool in the evaluation of rock heterogeneity. 

			In order to calculate the REV, five subvolumes were selected in different areas of the sample, increasing progressively the cube dimensions to evaluate the scale effect on the porosity value (Figure 5). 
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			For each subvolume, the porosity values and variograms were calculated in three directions: x and y, orthogonal to each other and both on the horizontal plane, and z (depth) at a 90º angle with the horizontal plane (Figure 6). 

			The spatial continuity of variograms is associated with the sedimentary structures, which makes it relevant to perform this analysis at macro-scale to represent large structures such as vertical and lateral variations. Furthermore, the degree of correlation, which is calculated in the variogram as the sill value, is directly related to the number of samples required to calculate the rock property. This occurs because the greater degree of correlation means that the samples are similar, thus a few samples would be necessary to represent the overall rock property (Rautman, 1991). In this way, the spatial correlation shown in the variogram also relates to the representative elementary volume, once the REV is the minimum volume necessary to represent the overall rock property.

			The variograms of smaller volumes have short continuity and a non-constant sill, because the sample volume is below the rock heterogeneity scale. As the volumes increase, the sill becomes stable, indicating the data stationarity. Indeed, data correlation depends only on the distance between the points and not on their location, which was demonstrated by the same porosity values obtained for the different regions V1, V2, V3, V4 and V5.

			The results reveal that increasing the sampling volume the porosity values reduce dispersion and present stationary behavior. Thus, it is possible to determine REV for the porosity parameter from which the porosity measurements, for different areas, have little or no variation and approach the overall value (Figure 6).

			It is also possible to infer the REV from the variogram parameters as the volume in which the data becomes stationary, i.e., the heterogeneity scale is representative of the overall heterogeneity (Figure 6). Therefore, both ways of determining REV allow a better control of the heterogeneity evaluation. 

			Table 2 shows the REV obtained for the four samples. 

			The spatial continuity of variograms is associated with the spatial rock structures. Thus, in these samples, spatial continuity is related mainly to the pore size: the calcarenite with interparticle porosity has the lowest range, and the calcirudite with touching vugs has the highest range, indicating the most heterogeneous pore space distribution. 

			The lowest REV calculated corresponds to the calcarenite (Figure 6A1). This sample presents little dispersion of porosity values even in small volumes as a result of the homogeneous pore distribution and little vertical and horizontal variations in addition to the small particles (< 2 mm) and pores (0.9 mm3). 

			The calcirudite presenting interparticle porosity (Figure 6A2) and the calcirudite with separate vugs (Figure 6B)show intermediate REV volumes (Table 2). These samples present large particles (> 2 mm) and pores (between 1.4 and 1.5 mm3), which affect the rock heterogeneity since the spatial continuity depends on the spatial structures scale. Moreover, in sample B (Figure 6B) the sedimentary structures of deposition roots the rock anisotropy, which can be seen in the variogram by the different sills in directions x, y and z.

			At last, the calcirudite with touching vugs (Figure 6C) presents the largest REV related to the highest pore space heterogeneity. In this sample, in addition to the large pores (1.7 mm3) the very irregular network connecting the vugs also contributes to increase the rock heterogeneity. 
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			The results show that a small volume is required to obtain a representative volume of the overall pore distribution in the studied samples, with the maximum value of 12 cm3, which is approximately equivalent to a small plug of 1” in diameter per 2,5 cm of height (Table 2).
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			CONCLUSIONS

			CT is an effective tool in 3D pore space characterization, capable of providing not only the porosity and connectivity values, but also as an input to the evaluation of heterogeneity by variogram and REV analyses. The segmentation of CT data by the algorithm based on the SOM technique for 3D volumes proved to be a consistent method for image segmentation. 

			In addition, as demonstrated by our results, REV calculation contributes to reduce data computational processing and to perform reliable analyses at laboratory scale. 

			The pore space heterogeneity is controlled by lateral and vertical variations, which can be analyzed by the variograms in different directions. It is possible to characterize the rock heterogeneity, as well as the anisotropy.

			Integrating the petrographic and heterogeneity analysis, such as REV and variography, it is possible to relate micro to macroscales features. The cement dissolution is the mainly diagenetic process that controls the present pore space. The dissolution can result in vugs and interparticle pores depending on two main factors: grain size and packing. Grain size is a result of sedimentation, while packing is a combination between sedimentation and diagenesis, once compactation might heavily modify the rock structure. Furthermore, increasing density of packing results in interparticle porosity and smaller pores, while a loose packing tend to originate larger pores. Another factor that can affect pore space heterogeneity, specially the vertical variability, is the horizontal laminations, as demonstrated in the analysis of sample B (Figure 4B).

			Although there are many factors controlling the pore space heterogeneity, a detailed description may help understanding the configuration of pore distribution and how it relates to the petrophysical properties. 
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