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Classifying natural gas hydrate reservoirs effectively and carrying out reservoir classification modelling is crucial, but to date, research on building artificial intelligence-assisted logging curve reservoir classification models is not abundant. As exploration and development have progressed, an increasing number of fine-grained reservoirs are being discovered, and their strong heterogeneity makes correct reservoir classification even more important. Two wells used for detecting hydrates in the Qiongdongnan (QDN) Basin are used to explore the relationship between logging response parameters and reservoir quality, as well as the method of building a logging-based reservoir classification model. Through K-means clustering and Adaboost methods, the K-means method is considered to be able to correspond to the hydrate enrichment degree, while the random forest method can establish an effective reservoir classification model (the recognition accuracy is 95%). In the different categories of reservoirs, the physical properties of the reservoirs are obviously poor, and the corresponding hydrate saturation is also low, which indicates that heterogeneity has indeed affected the enrichment of hydrates in fine-grained reservoirs. This reservoir classification research method can effectively recognize reservoirs.




Keywords: gas hydrate, reservoir classification, K-means (KM) clustering, Adaboost,, Qiongdongnan area




1 Introduction

As a type of unconventional fossil energy, methane hydrates are solids composed of methane molecules trapped in a water cage, which remain stable at low temperatures and high pressures (Collett, 2002; Cai et al., 2022a; Li et al., 2022a; Zhu et al., 2023b). These hydrates are found in the oceans and frozen soil, and the largest natural gas hydrate resources are located in the oceans. Studying gas hydrates is important for various fields, such as energy, marine environments, and carbon cycles (Boswell and Collett, 2011; Berndt et al., 2014; Ketzer et al., 2020; Wan et al., 2020; Song et al., 2021).

Sandy sediments with simple structures and sufficient space create hydrates that are found in various locations, such as Mexico’s deep-water bays and Japan’s Nankai Trough (Konno et al., 2015; Cook and Portnov, 2019; Johnson et al., 2022). These reservoirs have good physical properties, high hydrate levels, and even hydrate distribution. Coarse-grained reservoirs have high hydrate saturation, but it is difficult to produce a nonhomogenous hydrate distribution (Winters et al., 2011; Liu et al., 2020; Singh et al., 2022). In contrast, fine-grained reservoirs, such as those in the Hikurangi subduction margin of New Zealand and the northern South China Sea (Wei et al., 2018; Cook et al., 2020; Dutilleul et al., 2020; Greve et al., 2020; Su et al., 2021; Wei et al., 2021; Behboudi et al., 2022), have complex pore structures resulting in massive visible hydrate forms (such as fractured, massive, thinly layered, vein-like, thickly layered and pore-like, which have been found and have shown strong heterogeneity). These reservoirs consist mainly of silt and clay, have low hydrate saturation levels and poor physical properties, and require further research for classification and evaluation using logging. Therefore, identifying optimal hydrate-rich reservoirs before drilling is challenging.

Classifying fine-grained reservoirs is crucial due to their high heterogeneity in hydrate distribution (Ye et al., 2019; Lai et al., 2021; Zhang et al., 2022a). Zhu et al. (2022b) confirmed that fine-grained hydrate-bearing reservoirs with different physical properties should be modelled with different saturation models. Bai et al. (2022) found that fine sorting, high calcareous ultramicrofossil abundance, and a high clay mineral content have a significant impact on hydrate generation. Riedel et al. (2013) attempted to identify seismic facies using principal component analysis and achieved good results. Wang D. et al. (2021) found that microfractures and fine-grained sediments both influence hydrate generation. Lubo-Robles et al. (2023) conducted stratigraphic classification using principal component analysis and self-organizing maps. Despite recent advances in reservoir classification, particularly in the area of logging-based classification, there is still much room for improvement. The Guangzhou Marine Geological Survey conducted the GMGS5 cruise, drilling multiple times in strata with obvious continuous seabed-like bottom-simulating reflectors (BSRs), finding that hydrate-bearing layer thicknesses in different wells range from 4 to 165 metres, presenting significant differences. Due to ongoing research on saturation calculations based on resistivity or acoustic logging, it is difficult to determine the enrichment of hydrates in geological formations (Pan et al., 2020 Li et al., 2022; Wan et al., 2022; Zhu et al., 2022b; Zhu et al., 2023a). This study is based on K-means clustering and the Adaboost method and provides reliable reservoir classification results.




2 Geological settings

The QDN area, which is adjacent to the Xisha trough in the east and Hainan Island to the north, is located in the western section of the northern continental slope of the South China Sea (Zhang et al., 2018; Zhao et al., 2018; Xie et al., 2019). With an area larger than 80,000 km2 and most of it being in deep water, the QDN area exhibits promising potential for hydrate exploration, given the large presence of gas chimneys and BSRs and the favourable conditions of seafloor water temperatures (2-3°C) and the average geothermal gradient (40°C/km) (Liang et al., 2019; Ye et al., 2019; Zhang et al., 2020). During the GMGS5 expedition by the Guangzhou Marine Geological Survey in 2018, hydrate exploration drilling was carried out in the Songnan low uplift in the QDN Basin, with considerable hydrate discoveries in wells, such as W8 and W9, in water depths of 1600-1800 m. In recent years, numerous publications have provided detailed descriptions of the location and characteristics of the area, and therefore, we do not repeat them here (Cheng et al., 2021; Deng et al., 2021; Lai et al., 2021; Ren et al., 2022).

The hydrates in the Qiongdongnan area consist primarily of seepage-type and type-II hydrates, with thinly layered, thickly layered, and massive distributions (Wei et al., 2019; Meng et al., 2021). Gas chimneys act as important vertical migration channels for the formation and accumulation of natural gas hydrates (Snyder et al., 2020; Callow et al., 2021), and whether their cracks extend to the Quaternary system determines the quality of gas sources for hydrate enrichment.




3 Materials and methods



3.1 Logging while drilling and coring

During the GMGS5 expedition, the operating mode for hydrate exploration activities in the South China Sea was followed, with pilot hole drilling and logging-while-drilling (LWD) measurements using Schlumberger measurement tools. The LWD tools provided conventional logging curves, including UCAV, GR, RD, AC, CNL, DEN, NMR, FMI, and other special logging curves that could help identify hydrate layers based on curve responses (Kang et al., 2020). However, special logging data were not collected from wells W8 and W9, which were selected for this study. While only UCAV, GR, RD, AC, CNL, and DEN logging curves were obtained from well W8, well W9 had only UCAV, GR, RD, AC, and DEN logging curves. Nevertheless, the conventional logging curves enabled the evaluation of some macroscopic reservoir parameters. Multiple boreholes are typically drilled at each site with close distances between them to ensure that logging curves obtained from some wells can be correlated with hydrate-bearing cores obtained from other wells. Conventional coring and pressure coring are effective in determining parameters such as particle size, gas composition, and mineral composition. In both the W8 and W9 wells, hydrates were found and valid core samples were obtained.




3.2 Reservoir classification methods and modelling processes

Hydrate saturation was used as a comparison parameter to evaluate the effectiveness of the classification method. Parameters such as the clay content, porosity, and grain size, which are commonly used in previous literature to reflect rock and physical properties, were used as input parameters for classification using the K-means clustering algorithm (Yu et al., 2021). These data were sourced from previous articles (Deng et al., 2021; Lai et al., 2021; Wei et al., 2021). The hydrate saturation was calculated through pore water analysis or obtained by decomposing hydrates after pressure coring. The grain size data of the core were obtained through a laser particle size analyser. The clay content data of the core were obtained through X-ray diffraction experiments. Subsequently, an Adaboost model was established, with the class as the output and the logging curve response as the input, to achieve the continuous evaluation of reservoirs (Al-Mudhafar et al., 2022). Figure 1 shows the distribution of data for the clay content, average grain size and hydrate saturation.




Figure 1 | Core data.





3.2.1 K-means clustering

K-means is a highly classical and effective clustering method (Macqueen, 1967). Unlike regression, discrimination, and generative machine learning methods, clustering methods aim to automatically give potential categories based on the intrinsic features of data. K-means is used to group data points with similar features and provide categories. It is an unsupervised learning method that groups data points based on their similarity or distance. The K-means clustering method can partition data points into K clusters, which can be manually set. The algorithm continuously iterates and gradually assigns data points to ensure that the similarity between the data points in each cluster is as high as possible. Formula (1) gives the similarity calculation formula (in a one-dimensional situation):

 

Formula (1) is a similarity calculation formula based on Euclidean distance theory and is also the most commonly used method for measuring similarity. Advantages of K-means include ease of implementation, efficiency, and ease of interpretation. Note that some outliers are deleted before use.




3.2.2 Adaboost method

Adaboost (adaptive boosting) is an ensemble learning method that evolves weak classifiers into strong classifiers and improves classifier accuracy (Schapire, 1990). Like the K-means algorithm, it is also an iterative algorithm. In each iteration, Adaboost biases the data distribution towards misclassified data by assigning weights to the data. When building a new classifier, Adaboost then biases the new classifier towards correcting the errors of the previous classifier, building a weaker classifier that is easier to predict accurately. Finally, the prediction results of each classifier are assigned a weight based on their accuracy, and all classifier results are combined to form a strong classifier and obtain the final classification result. Adaboost has many advantages, such as high accuracy, resistance to overfitting, and insensitivity to noisy data, and obtains the best model in a concatenated way.






4 Results



4.1 Intelligent classification of hydrate-bearing sedimentary reservoirs

Here, to verify the reliability of the method, we use the data from well W8 to build a model and predict the reservoir types of both well W8 and well W9. Previous studies have found that in hydrate-bearing sedimentary formations in the Qiongdongnan Basin, the enrichment of hydrates is mainly related to porosity, clay content, grain size, and pore structure (Deng et al., 2021; Wu et al., 2021; Wang et al., 2022). When the porosity of the formation is larger, the pore structure tends to be simpler, and natural gas is more easily trapped in the pores to form hydrates. An increase in the clay content can increase the capillary pressure in the pore space, preventing natural gas from further entering the pores and reducing the formation of natural gas hydrates (Wang et al., 2022). In addition, an increase in the clay content can reduce the growth space of hydrates by filling the pores, further increasing the difficulty of hydrate formation (Li et al., 2021a; Li et al., 2022b). Moreover, when the reservoir is dominated by fine-grained sediments, the complexity of the pore structure, especially the reduction in the pore size, can also increase the difficulty of hydrate formation (Li et al., 2021b; Wang S. et al., 2021).

For well W8, we collected core data for porosity (determined by porosity logging curves, although it may be affected by reservoir heterogeneity), but because porosity has not undergone significant diagenetic alterations, the accuracy of porosity logging calculations can still be guaranteed (Tavakoli and Jamalian, 2019; Nazemi et al., 2021; Tavakoli et al., 2022), as well as the clay content and grain size. Therefore, by using the K-means clustering method in combination with the above core data, the reservoir can be classified. We used the commercial software MATLAB R2020b to implement the K-means clustering method. In the collected data, there were a total of 43 samples, which were divided into 3 categories after normalization and clustering. The classification results after clustering are shown in Table 1, and the category results after clustering are shown in Figure 2.


Table 1 | Classification results of all core samples used for modelling.






Figure 2 | Shows the clustering results. X1 represents the normalized clay content, X2 represents the normalized porosity, and X3 represents the normalized average grain size. From the clustering results, the relationship between the clusters and X2 and X3 is stronger.



Figure 2 shows that the clustering algorithm gave reasonable results based on the parameter information of the core. Combined with previous research on the impact of the above geological parameters on hydrate enrichment, we believe that this reservoir classification method is indeed effective. The next step is to explore whether effective stratigraphic division can be achieved based on logging curve responses to deepen our understanding of hydrate enrichment.




4.2 Prediction of gas hydrate sediment reservoir types

As previously mentioned, Adaboost was chosen as the classifier, with multiple logging curve responses as inputs for prediction. For wells W8 and W9, only a few reliable conventional logging curves have been collected, including density, neutron porosity, natural gamma and resistivity logging curves, so we used these 4 curves for model training. It is worth noting that in Adaboost, we used decision trees as the base classifier model, so there is no need to normalize the logging curves. MaxNumSplits is a critical parameter in the Adaboost algorithm. A large MaxNumSplits increases the accuracy of the model in the training samples but also decreases its generalization ability to some extent. After testing, we found that when all decision trees were allowed to split only once, the accuracy of back-testing on the training samples was 79%, and when they were allowed to split twice, the accuracy was 95%. When allowed to split more than three times, the accuracy of back-testing can reach 100%. Considering the need for back-testing accuracy and generalization ability, we chose to allow a maximum of two splits. After building the model, we predicted the reservoir types of the W8 and W9 wells. The predicted results of the reservoir types for wells W8 and W9 are shown in Figures 3, 4, respectively.




Figure 3 | Reservoir classification prediction result for well W8.






Figure 4 | Reservoir classification prediction result for well W9.



Figures 3, 4 clearly demonstrate the results of reservoir classification. The yellow-highlighted intervals are potential high-quality gas hydrate reservoirs that were identified through a combination of intelligent reservoir classification and comprehensive subdivision. First, the results of reservoir classification should be acknowledged because the identified optimal reservoirs (Cluster 3) are often located in intervals with relatively high gas hydrate saturation (as the gas hydrate saturation measured from core samples can be considered relatively accurate). This means that the reservoir categories obtained through clustering based on the clay content, porosity, and average grain size can effectively guide reservoir classification based on well logs.

Furthermore, the correspondence between the reservoir classification results and the logging responses also indicates that the logging curves have successfully learned the rules of reservoir classification. For example, according to the clustering results, Cluster 3 should be the best reservoir type, which has a higher porosity, lower clay content, and coarser grain size. Corresponding changes can also be observed in the logging responses. For instance, the low natural gamma ray logging response value of Cluster 3 indicates a lower clay content and coarser grain size; the low-density logging response value reflects high-porosity characteristics; and the high resistivity logging response value is due to the high hydrate enrichment degree of the high-quality reservoirs, which affects the conductivity of the electric current. This consistency between reservoir classification and prediction can be explained. Moreover, the advantage of this study is that although we can roughly distinguish potential high-quality reservoirs from logging responses, we cannot clearly define effective reservoir classification boundaries without relying on core data. Combining the results of core-based reservoir classification solved this problem. Currently, logging-based reservoir classification and prediction technologies are not widely used in drilling for hydrate reservoirs globally, including the Qiongdongnan area in the South China Sea. Therefore, the research in this paper can support future exploration and trial production of hydrates.





5 Conclusions

Exploration and trial production of gas hydrates are progressing rapidly, but the corresponding detailed methods for understanding gas hydrate reservoirs using well logging data are still lacking. In this paper, we studied a method for reservoir classification and prediction based on both core and well logging data and obtained certain insights and good results, as follows.

The enrichment of hydrates in sedimentary reservoirs is related to the clay content, porosity, and average grain size. An increase in the porosity, a decrease in the clay content, and a finer reservoir grain size make hydrate formation more difficult. Based on the three parameters of clay content, porosity, and average grain size, rock data can be classified into different reservoir categories, which represent the quality of the reservoir.

The Adaboost algorithm can effectively predict the reservoir category, using the logging curve response as input and the rock core reservoir type as output. When the maximum number of splits is 2, the back-testing accuracy of the rock core data can reach 95%. Based on the established model, the reservoir categories of wells W8 and W9 were predicted. It is believed that logging curves can learn the difference information of reservoir categories, and the predicted Cluster 3 corresponds to the high-quality reservoir in the formation. The average water saturation of gas hydrates obtained from the high-quality reservoir is higher than that of other types of reservoirs. The logging-based reservoir classification and prediction method plays a key role in further understanding gas hydrate reservoirs.
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