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Abstract: Tight gas, a category of Deep Green Energy Resources, rely on advanced intelligent monitoring 

methods for their extraction. Conventional logging for reservoir evaluation relies on logging data and the 

manual setting of evaluation criteria to classify reservoirs. However, the complexity and heterogeneity of tight 

reservoirs pose challenges in accurately identifying target layers by using traditional well-logging techniques. 

Machine learning may hold the key to solving this problem, as it enables computers to learn without being 

explicitly programmed and manually added rules. Therefore, it is possible to make reservoir evaluation via 

using machine learning methods. In this paper, the reservoir quality index (RQI) and porous geometric 

parameters obtained from the optimized inversion of the spherical-tubular model are adopted to evaluate the 

reservoir. Then, three different machine learning approaches, the random forest (RF) algorithm, support vector 

machine (SVM) algorithm, and extreme gradient boosting (XGB) algorithm, are utilized for reservoir 

classification. The selected dataset covers more than 7,000 samples from five wells. The data from four wells 

are arranged as the training dataset, and the data of the remaining one well is designed as the testing dataset 

to calculate the prediction accuracies of different machine learning algorithms. Among them, accuracies of RF, 

SVM, and XGB are all higher than 90%, and XGB owns the highest result by reaching 97%. Machine learning 

based approaches can greatly assist reservoir prediction by implementing the well-logging data. The research 

highlights the application of reservoir classification with a higher prediction accuracy by combining machine 

learning algorithms with NMR logging based pore structure characterization, which can provide a guideline 

for sweet spot identification within the tight formation. This not only optimizes resource extraction but also 

aligns with the global shift towards clean and renewable energy sources, promoting sustainability and 

reducing the carbon footprint associated with conventional energy production. In summary, the fusion of 

machine learning and NMR logging based reservoir evaluation plays a crucial role in advancing both energy 

efficiency and the transition to cleaner energy sources.  

Keywords: machine learning; intelligent evaluation and prediction; spherical-tubular model; 

petrophysical parameters 

 

1. Introduction 

As the global demand of sustainable energy grows rapidly, the utilization and storage of deep 

green energy resources (conventional and unconventional gas resources, geothermal energy etc.) are 

becoming more and more significant (Li et al., 2022; Tian et al., 2022; Liu et al., 2022). Reservoir, as 

one of the underground spaces, is not only a development and production area, but also regarded as 

a favorable place for geological energy storage and greenhouse gas sequestration (Mao et al., 2021; 

Cong et al., 2022; Huang et al.,2023). Reservoir classification and evaluation is pivotal in 

understanding the geological structure and reservoir characteristics, assessing the energy reserves, 

thereby ensuring effective exploitation while reducing environmental risks (Mao et al., 2023). The 

reservoir assessment in well logging is a challenging job that involves reservoirs classifying based on 

specific well logging data and manually setting rules (Asquith et al., 2004; Ellis & Singer, 2007). 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
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Traditional methods of reservoir evaluation often fail to meet the demands for accuracy and 

efficiency. The machine learning algorithms in this context can help explore new rules and uncover 

hidden patterns within the data, which may be difficult or impossible when only conventional 

methods are applied. Importantly, the integration of machine learning and reservoir evaluation 

greatly enhances reservoir characterization, identifies productive zones, and optimizes well 

placement and production strategies (Al-Anazi & Gates, 2010; Aminian & Ameri, 2005; Pedregosa et 

al., 2011). This synergy also aligns with the broader global shift towards sustainable energy 

development and the mitigation of greenhouse gas emissions associated with traditional energy 

production. 

As the world strives for more sustainable and cleaner energy sources, the evaluation and 

development of tight oil and gas reservoirs in China, characterized by low porosity and low 

permeability, pose formidable challenges (Zou et al., 2012; Bai et al., 2020). In order to better 

understand and optimize development, scholars have conducted extensive research on the 

evaluation of tight oil reservoirs and gas-bearing reservoirs. Yang et al. (2013) proposed a five-

parameter method to evaluate low-permeability reservoirs with the main throat radius, movable 

fluid percentage, pseudo-threshold pressure gradient, crude oil viscosity, and clay mineral content 

(Yang et al., 2013). Most researchers calculate porosity and permeability data based on original 

logging data, and classify and evaluate tight oil reservoirs through artificial rules and experience 

(Guo et al., 2015). However, in the context of today's growing emphasis on clean and sustainable 

energy, machine learning stands out as a promising avenue for advancing tight oil reservoir 

evaluation studies (Al-Anazi & Gates, 2010; Aminian & Ameri, 2005; Zhao et al, 2022). Machine 

learning algorithms can overcome these limitations by identifying complex relationships and 

patterns that are difficult to discover through manual processes. By applying machine learning 

algorithms to well-logging data, researchers can explore new rules, identify previously unknown 

patterns, and improve the accuracy and efficiency of reservoir characterization and evaluation (Tang 

et al., 2021). After large volumes of well-logging data are analyzed, machine learning algorithms can 

automatically learn patterns and make predictions, improving the accuracy and efficiency of 

reservoir characterization and evaluation (Pedregosa et al., 2011). 

The evaluation of reservoir quality is an important task in petroleum exploration and 

production. Reservoir Quality Index (RQI), combining porosity with permeability, is the usual 

parameter to evaluate reservoir pore structure. The RQI can provide a macro view of the reservoir 

quality and it is widely used (Ma, 2010). The pores and throats in the reservoir formation can be 

modeled as spherical pores and tubular pores, respectively, and their configuration relationships can 

significantly affect the physical parameters of the reservoir (Liu et al., 2019; Liu et al., 2013). Therefore, 

it is necessary to analyze the size distribution of the pore and throat to perform the reservoir 

evaluations efficiently. In order to obtain the parameters of pore structure to characterize the pore 

size distribution, Liu et al. (2013) developed an optimization inversion of the spherical-tubular model. 

Numerous parameters can be obtained, including the geometric mean value of T2 spectrum (T2lm), 

the separation coefficient of spherical holes (SPS), the separation coefficient of tubular holes (SPC), 

the mean radius of spherical holes (dms), and the mean radius of tubular holes (dmc). And the 

parameters can be used as a foundation for reservoir evaluation. The optimization inversion of the 

spherical-tube model proposed by Liu et al. (2020) shows an effective way to analyze the pore 

structure and provides parameters for reservoir evaluation. The RQI combining with pore structure 

analysis can provide a comprehensive understanding of the reservoir and optimize reservoir 

development strategies (Ferreira et al., 2015; Liu et al., 2019; Liu et al., 2013; Liu et al., 2020). 

In an era marked by a pressing need for sustainable and clean energy sources, this paper delves 

into innovative approaches to reservoir evaluation. In this paper, we combine the Reservoir Quality 

Index (RQI) and the pore geometry parameters obtained after the optimization inversion of spherical-

tubular model, then we use the machine learning method to evaluate and identify sweet spots. In this 

study, three different machine learning methods including random forest algorithm (RF), support 

vector machine algorithm (SVM) and extreme gradient boosting algorithm (XGB) are used for the 

reservoir evaluation. There are more than 7000 datasets from five wells that are involved in this study. 
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We arrange the datasets of four wells as the training dataset, and the datasets of the remaining one 

well as the prediction to analyze the variations for the different machine learning methods in the 

aspect of reservoir evaluation. 

2. Method 

This chapter discusses the machine learning techniques and reservoir classification methods 

employed in the article. Three machine learning methods were utilized in the study: the Random 

Forest algorithm, Support Vector Machine algorithm, and Extreme Gradient Boosting algorithm.  

The article employed reservoir quality factors and optimized inversion methods by Spherical-tubular 

Model of NMR Logging for reservoir classification. The schematic of the workflow used in this work 

is shown in Figure 1. 

 

Figure 1. Schematic of the workflow presented in this work. 

2.1. Machine Learning Methods 

Machine learning methods encompass a set of algorithms designed to construct models that 

learn and improve autonomously based on data and statistical principles. These methods exploit 

patterns and regularities in the data, thereby enabling computers to perform tasks such as prediction, 

classification, clustering, and optimization. This paper uses random forest algorithm (RF), support 

vector machine algorithm (SVM) and extreme gradient boosting algorithm (XGB) for reservoir sweet 

spot prediction. 

2.1.1. Random Forest Algorithm 

The Random Forest algorithm, or RF for short, is a powerful and widely used supervised 

learning algorithm that can address both regression and classification problems. As an ensemble 

learning algorithm, RF integrates multiple decision trees to produce a final prediction result. In 

classification problems, RF determines the output class by taking the mode of the individual tree 

outputs. In regression problems, on the other hand, it uses the average output of each decision tree 
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to obtain the final regression result. RF allocates samples to each tree by randomly drawing from the 

dataset and replacing the drawn samples. With each data extraction, a decision tree model is built, 

and ultimately, all the decision trees are integrated to form a "forest". The final prediction is 

determined through a voting decision process. Unlike the decision tree algorithm, RF introduces two 

distinct random conditions: 1) Extract training datasets randomly from the entire dataset, and each 

extraction is attributed to be a decision tree; 2) Select a subset of feature attributes randomly from the 

datasets which are attributed into the extracted training dataset. These two random conditions enable 

RF to achieve better performance compared with a single decision tree. To address limitations 

including overfitting and high variance, Random Forest (RF)， as a variant of the decision tree 

algorithm, is firstly introduced by Breiman(Breiman., 2001). Liaw and Wiener (2002) confirmed the 

effectiveness of RF on a range of datasets, showing that it outperformed other popular classification 

algorithms, such as support vector machines and artificial neural networks (Liaw & Wiener, 2002). 

Since then, RF becomes a favorable algorithm in many applications, including image classification, 

gene expression analysis, and credit scoring. 

The algorithm of RF is a powerful and versatile supervised learning algorithm that combines the 

strengths of decision trees with ensemble learning. The algorithm owns an excellent strength to 

handle various problems, such as regression and classification problems, and data missing problems, 

and maintains high performance on datasets with a large number of variables. As a consequence, it 

is a valuable tool in many research works. 

Figure 2 depicts the regression process of the RF, which involves the generation of multiple 

decision trees produced by the bootstrap sampling method with replacement and random feature 

selection. Through each decision tree is independent, and it contributes to the prediction process. The 

final prediction of the Random Forest regression model is obtained by calculating the arithmetic 

mean of the predictions from each individual decision tree. This ensemble approach enhances the 

prediction accuracy and generalization performance of the model (Liaw & Wiener, 2002; Breiman, 

2001). In addition to the number of decision trees, the maximum number of features in a single tree 

is also an important parameter that should be adjusted during the modeling process of the RF. Other 

key parameters include the minimum number of samples required to split a node and the minimum 

number of samples required to be at a leaf node. These parameters can be tuned to optimize the 

performance of the model for different applications. 

 

Figure 2. Schematic diagram of the RF. 
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There are three steps included in the algorithm of RF, and they can be performed as the following 

operations. First of all, the bootstrap resampling method is used to extract k samples from the original 

training set, so that the sample size of each sample is consistent with the original training set. Then, 

use the obtained k samples to build a decision tree respectively model to obtain k different 

classification results; the final result is obtained by arithmetically averaging the results of each 

decision tree. 

RF constructs different training sets by randomly extracting samples from the original training 

sets. Accordingly, there will be differences in the generation of classification models using training 

sets, which can improve the classification performance of combined classification models as a whole. 

The k samples obtained from sampling are used to construct classification models respectively. Each 

classifier will correspond to an output result and vote all the results obtained. The final result is 

obtained by arithmetic averaging the results of each decision tree. 

The category with the most votes shall be regarded as the final classification result. The final 

classification decision is shown in Eq. (1): y′ = 1𝑛 ∑ 𝑦′𝑛 (1) 

Where, represents the output structure of the classification model and represents the result of a 

single decision tree. 

 

Figure 3. Application diagram of RF. 

RF is an integrated algorithm that combines multiple decision trees, and the final output of its 

regression is the average output of all tree numbers. Randomness mainly embodies two aspects: 

random selection of data and random selection of features. The random selection of data is to build 

a data subset from the returned sampling in the original data set and use the data subset to build a 

sub-decision tree. This data selection method is called Bootstrap sampling. Then, random feature 

selection is introduced in the training process, and the optimal feature is selected from these features. 

This operation generates a large number of decision trees, which are unrelated to each other and each 

of which participates in the judgment process. Different trees are good at choosing different features, 

that is, the input data can be judged from different angles. Finally, the results of each decision tree 

are summarized to jointly determine the final output to improve the diversity of the system, thus 

improving the accuracy of the prediction model. RF is often used in real analysis. Compared with a 

single decision tree, this method can easily reduce model errors and has better generalization 

performance. The random forest mainly adjusts two parameters: the number of decision trees and 

the maximum number of features in a single tree. Because it is not sensitive to outliers in the data set 

and does not require too much parameter tuning, the setting of hyper-parameters will not fluctuate 

greatly for this method. Even if default parameters are used, better results can be achieved and it is 

robust. 
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2.1.2. Support Vector Machine Algorithm 

The algorithm of Support Vector Machine (SVM) is an important method in machine learning, 

specifically for tasks such as classification, regression, and anomaly detection (Cortes & Vapnik, 1995). 

The fundamental concept of SVM is to identify the optimal hyperplane that can effectively separate 

data points belonging to different classes while maximizing the margin between the closest points of 

the two classes. SVM is known for its high prediction accuracy, robustness, and generalization ability. 

Another advantage of the SVM algorithm is the ability to use kernel functions, which can transform 

non-linear problems into linear ones (Schölkopf et al., 2002). Linear, polynomial, and radial basis 

functions are the most commonly used kernel functions. The three-kernel functions are suitable for 

different types of data. The choice and parameters of the appropriate kernel function may put a 

significant influence on the performance of the SVM. Therefore, it is a key step how to select an 

appropriate kernel function in the SVM modeling process. 

SVM is a popular method in supervised learning, and it has been shown to be effective even 

with small sample sizes. SVM is initially proposed for classifications and its success is due to its ability 

to find the optimal hyperplane that maximizes the margin between the closest points in different two 

classes. 

To expand on the concept of maximizing the margin, Figure 4 demonstrates that there are 

countless lines that can separate the data samples. However, only the one line with the maximum 

margin, which is represented by the distance between the two parallel dashed lines, will correctly 

divide the data. The points on this line are known as the support vectors and are the critical points 

used in determining the hyperplane. In practice, it is not always possible to find a hyperplane that 

perfectly separates the data, and the SVM may avoid some misclassifications in a certain degree 

through the use of a penalty parameter. 

 

Figure 4. Schematic diagram of the SVM. 

The goal of SVM is to find a hyperplane of n-dimensional space (n is the number of features) 

that can classify data points. In the sample space, the partition hyperplane can be written in the form 

of a generalized vector, which is described by the following linear equation: wTx + b = 0 (2) 
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Where x is the input vector, the vector in the sample set. W=(w1,w2,w3,…… ,wd) is a normal 

vector, representing the direction of the hyperplane, and each vector is an adjustable weight vector. 

b is the intercept, also known as bias, and represents how far the hyperplane is offset from the origin. 

Let's call this plane (w,b). According to the calculation formula from point to line, the distance 

between any point x in the sample space and the hyperplane (w,b) can be written as: r = |wTx + b|‖w‖  (3) 

Suppose that the hyperplane (w,b) can correctly classify training samples, that is, for (x i,yi)∈D, 

if yi=1, wTx+b > 0. If yi is equal to negative 1, wTx plus b is less than 0. { wTx + b ≥ 1， yi = 1wTx + b ≤ −1， yi = −1 (4) 

As shown in the figure, the distance of a point from the hyperplane can be expressed as the 

degree of certainty or accuracy of classification prediction. The sample closest to the hyperplane 

makes the equal sign in the above equation true. These are the support vectors. 

 

Figure 5. Application diagram of SVM. 

SVM is a powerful and widely used machine learning model. It can deal with linear classification 

problems, can deal with nonlinear classification problems and outlier detection. It is one of the most 

popular machine learning models, especially suited for complex classification problems with small 

to medium data sets. 

2.1.3. Extreme Gradient Boosting Algorithm 

Boosting is an ensemble learning algorithm that combines multiple weak learners to create a 

powerful model. It keeps iteratively trains new models, and then focuses on the samples that were 

misclassified in the previous iterations. Boosting algorithms are divided into two main categories: 

gradient boosting and adaptive boosting. Extreme Gradient Boosting (XGB) is a type of gradient 

boosting algorithm that has been shown to outperform traditional gradient boosting techniques in 

many machine learning tasks. XGB sequentially combines base learners to improve the model's 

accuracy. The algorithm works by adding decision trees in each iteration to fit the residuals in the 

previous iteration's prediction (Figure 6). During the construction of new decision trees, XGB 

considers the importance of each feature to optimize the model effectively. 

If a base learner makes imperfect predictions due to inherent algorithmic flaws, another base 

learner can be used to compensate for the "imperfect parts". The key principle of XGB is built up 

based on the rule above. By adding multiple base learners, the algorithm can continuously refine 

these "imperfect parts" and produce an ensemble model with excellent predictive accuracy and 

generalization performance. 

Boosting is a popular ensemble learning technique, and the Gradient Boosting Decision Trees 

(GBDT) is a well-known example (Friedman, 2001). The GBDT algorithm trains a sequence of 
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decision trees by fitting each tree to the residual errors left by the previous trees. In this process, the 

overall model error is reduced and the powerful model is then created.  XGB, another boosting 

algorithm, was developed by Chen Tianqi and others as an open-source project to minimize model 

bias in supervised learning (Chen & Guestrin, 2016). While the XGB is also a gradient boosting 

algorithm, it offers several improvements over the GBDT. For instance, the XGB employs a second-

order Taylor expansion to calculate the objective error function (loss function), which enhances its 

ability to model complex relationships among variables. Additionally, the XGB introduces a 

regularization term in the loss function, which simplifies the model's computations and enhances its 

predictive accuracy and generalization performance (Sagi & Rokach, 2021).  

 

Figure 6. Schematic diagram of the XGB. 

Extreme gradient lifting algorithm XGB is a tree-boosting algorithm. Compared with traditional 

gradient lifting decision tree algorithm, XGB algorithm innovatively makes use of the second 

derivative information of loss function. This makes the XGB converge faster, ensures higher solving 

efficiency, and also increases expansibility. Because as long as a function meets the condition of the 

second derivative, this function can be used as a custom cost function under appropriate 

circumstances. Another advantage of the XGB is that it draws on the column sampling method of the 

RF, which further reduces the computation and overfitting. Currently, the widespread adoption of 

XGB stems not only from its model's impressive performance and rapid processing speed, enabling 

it to handle large-scale data computations, but also from its versatility in addressing both 

classification and regression problems effectively. 

XGB algorithm can be expressed as: 

yî = ∑ 𝑓k(xi)K
k=1  (5) 

Where K represents the number of trees, and represents the classification result of the i-th sample 

in the K-th tree. 

As can be seen from the expression of the XGB, this model is a set of iterative residual trees, and 

one tree will be added in each iteration. Each tree will eventually form a model formed by the linear 

combination of K trees by learning the residual of the previous (K-1) trees. 

The XGB provides a number of metrics, including the total number of times each feature is used 

for splitting Fcount, the average gain of each feature, and the average coverage rate of samples after 
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each feature splits nodes, ensuring the construction of a decision tree. The accuracy of node 

segmentation in the process makes the XGB have good performance. 

For any tree whose structure is determined, there are: Fcount = |C| (6) 

Gain̅̅ ̅̅ ̅̅ = ∑ GainCFcount  (7) 

Cover̅̅ ̅̅ ̅̅ ̅̅ = ∑ CoverCFcount  (8) 

Where C is the feature set used by all trees to generate nodes,  is the gain value generated after 

each tree is divided by features in C, and  is the number of samples falling on each node when the 

tree is divided by features in C. 

 

Figure 7. Application diagram of XGB. 

XGBoost, which stands for Extreme Gradient Boosting, is a powerful machine learning 

algorithm widely used for both classification and regression tasks. This algorithm is particularly 

effective at handling structured data and is renowned for its exceptional predictive performance. The 

application diagram in Figure 7 likely outlines a specific use case or implementation of XGBoost in a 

particular context. 

In essence, XGBoost is an ensemble learning technique that combines the predictions of multiple 

weak models, typically decision trees, to create a strong and highly accurate model. It operates by 

iteratively building and optimizing these decision trees to minimize a specified objective function, 

such as mean squared error for regression or log-loss for classification. 

2.2. Reservoir Classification Method 

Reservoir classification is one of the important tasks in subsurface energy exploration and 

development. It aims to classify the underground reservoirs to provide valuable information about 

reservoir properties and hydrodynamics characteristics. In order to achieve accurate reservoir 

classification, researchers have proposed various reservoir classification methods. In this paper, the 

classification method of reservoir quality index and the optimization inversion method of the 

spherical-tube model are used to classify and evaluate the reservoir in the study area. 

2.2.1. Classification by Reservoir Quality Index 

The complex pore structure and strong reservoir heterogeneity make it challenging to accurately 

evaluate reservoirs based on simple parameters, such as porosity and permeability alone. The 

reservoir quality index (RQI) has been introduced to provide a more comprehensive assessment of 

reservoirs. Both porosity and permeability are the essential macro parameters for evaluating 

reservoirs, but they do not always provide a complete picture of the pore structure. The RQI is a 

macro parameter that combines porosity with permeability to provide a more accurate representation 

of the pore structure and reservoir quality. The RQI approach has been widely adopted in 
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petrophysical classification and reservoir characterization (Ma, 2010). The micro pore-throat 

structure can be also characterized in the RQI, which has been used to identify the complex pore 

structure and pore heterogeneity in reservoir evaluations.  

Define the reservoir quality factor RQI: 

RQI = √K∅ (9) 

Where: ∅ is the effective porosity, %; 

K is permeability, 10-3 um2. 

When combined with reservoir micro pore-throat structure parameters, the RQI facilitates 

smooth evaluations of the complete pore structure in reservoir classification through presenting the 

pore-throat structures and petrophysical properties within the reservoir (Amaefule et al., 1993; 

Anovitz et al., 2015). The RQI serves as an effective method in petrophysical classification and a 

characteristic parameter reflecting the micro pore-throat structure. The higher the RQI, the better the 

micro pore-throat structure in the reservoir. Therefore, the RQI is a crucial tool in reservoir evaluation 

and management, allowing for the identification of potential reservoirs for development and the 

optimization of production strategies. 

The comprehensive study in this paper shows that good correspondence with the reservoir 

quality index exists in four types of reservoirs, as shown in Table 1 below. 

Table 1. Classification basis of reservoir. 

Reservoir 

Classification 

Reservoir Quality 

Index (RQI) 

Permeability 

K（10-3 um2） 

Porosity 𝛗（%） 

Ⅰ ＞0.62 ＞5 9-21 

Ⅱ 0.23-0.62 0.5-5 8-17 

Ⅲ 0.1-0.23 0.07-0.5 3-14 

Ⅳ ＜0.1 ＜0.07 2-13 

2.2.2. Optimization Inversion of NMR spherical-tubular model 

The pore structures in real reservoir rocks are too complex to characterize them using any 

analytical methods. However, if reasonable approximation conditions are set up, specific models can 

be employed to approximate the pore structure of rocks. In this study, the sphere-tubular model is 

utilized to classify and categorize reservoir rocks. Provided that the rock pores can be approximated 

by the combination of tubular pore and spherical pore, the spherical-tubular model is used to perform 

our research in this paper. By analyzing the parameters of the sphere-tubular model, the 

characteristics of the rock pore structure can be estimated to provide valuable references for the 

evaluation and development of subsurface reservoirs. 

The spherical-tubular model is a useful tool to approximate the complex pore structures 

embedded in real reservoir rocks. This model is based on the idea that rock pores can be 

approximated as a combination of spherical pores (the pore part) and tubular pores (the throat part) 

(Liu et al, 2006, 2014). The different matching ways between spherical pores and tubular pores 

represent the different types of pore structures. The model assumes that pores are sorted by their 

volume size and that each group contains a set of spherical-tubular models with identical shapes. The 

spherical-tubular models in different groups have similar shapes, but their different radii of tubular 

pore and spherical pore exhibit different configurations, which represent the different numerical 

relationships between the radii of tubular pore and spherical pore (Figure 8). Not only is the 

spherical-tubular model a perfect representation of the actual pore structures embedded in rocks, but 

also it provides a useful approximation to understand and classify better the different types of 

reservoir rock. 
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Figure 8. Simulation and parameter description of the spherical-tubular model. 

After performing the spherical-tubular model optimization inversion, a mapping relationship 

between the parameters of the spherical-tubular model and core nuclear magnetic resonance (NMR) 

data or NMR logging data is established, as suggested by Liu et al (2006; 2014). The pore shapes 

within the rock are assumed to be sorted in terms of their volume size, and each pore component 

contains different spherical-tubular models. The data inversion of NMR echo is performed in the 

transverse time distribution of NMR, the parameters of the spherical-tubular model can be 

determined using Eq. (10) and Eq. (11). T2i = f(Rs, Cd, Re) (10) Cd = RcRs (11) 

Where, T2i is the i-th distribution point value of echo signal inversion, ms; 

Rs, Rc, Re, are the spherical pore radius, tubular pore radius and equivalent spherical pore 

radius in um, respectively; 

Cd is the radius ratio of the tubular pore to the spherical pore, and its dimensionless. 

The optimization inversion based on the sphere-tube model is a powerful algorithm to 

understand the pore-throat structure in reservoirs. By conducting the optimization inversion, a great 

many parameters, can be obtained, which includes the optimized inversion T2 spectrum (ms), T2 

spectrum of spherical pore (T2S, ms), T2 spectrum of tubular pore (T2C, ms), geometric mean of T2 

spectrum (T2lm, ms), sorting coefficient of spherical pores (SPS, dimensionless), sorting coefficient of 

tubular pores (SPC, dimensionless), mean radius of spherical pore (dms, um), and mean radius of 

tubular pore (dmc, um), etc. The distributions and combinations of spherical and tubular pores are 

described by the parameters in reservoirs from different perspectives, allowing for a more 

comprehensive understanding of the pore-throat structure. 

In order to evaluate the reservoir, we selected the parameters derived from the optimized 

inversion to conduct our research. The parameters include the geometric mean of the T2 spectrum 

(T2lm, ms), sorting coefficient of spherical pores (SPS, dimensionless), sorting coefficient of tubular 

pores (SPC, dimensionless), mean radius of spherical pores (dms, um), and mean radius of tubular 

pores (dmc, um), and they provide a comprehensive evaluation of the reservoir pore-throat structure 

from different perspectives. 

3. Data Selection and Analysis 

3.1. Data Preprocessing 

The effective data preprocessing is essential to build an accurate and reliable pore-permeability 

model using machine learning techniques. This job involves several critical steps, including data 

feature analysis, data clustering analysis, data standardization, and data set partitioning. By 

performing these steps, we can ensure that the data is appropriately prepared and organized for the 

subsequent modeling process, which can lead to more accurate and effective predictions. 
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The data used in this study are sourced from the XX area, which is known for its complex pore 

reservoir, flow system buried deeply and subjected to strong diagenesis, resulting in a complex pore 

structure. The selected dateset comprises post-logging data, including the geometric mean of T2 

spectrum (T2lm, ms), the sorting coefficient of spherical pore (SPS, dimensionless), the sorting 

coefficient of tubular pore (SPC, dimensionless), mean radius of spherical pore (dms, um), mean 

radius of tubular pore (dmc, um), permeability (K, 10-3 um2), porosity (POR, %), and reservoir 

quality factor (RQI, dimensionless).  

In this study, the reservoirs were divided into four categories based on the reservoir 

classification presented in Table 1. Both the distributions of porosity and permeability of the four 

categories in the reservoirs are shown in Figure 9, and the four categories are clearly distinguished. 

The studies in the paper suggest that the proposed classification is effective in differentiating the 

storage and flow characteristics of the reservoirs. 

Furthermore, the findings of this study demonstrate the potential of reservoir classification to 

enhance reservoir characterization and management. By accurately categorizing reservoirs based on 

their storage and flow characteristics, petroleum engineers can develop more targeted zones and 

effective management strategies to optimize production and maximize recovery. 

 

Figure 9. Analyses of reservoir porosity and permeability characteristics. 

Generally, the applicability of a model to new samples is judged by its generalization 

performance. It is necessary to establish a "test data set" to test the generalization performance for the 

model and convert the "test error" of the test data into a generalization error. The test samples are 

usually extracted from the sample data and follow the principle of avoiding test samples as much as 

possible from appearing in the training set. Currently, there are three main ways to perform the 

model evaluation, namely cross-validation, holdout and bootstrapping. 

3.1.1. Setting Aside Method 

The "set-aside method" is a technique to partition a data set D into two subsets, a training set (S) 

and a test set (T), to assess the effectiveness of a model. During the partitioning process, D is divided 

into S∪T, where S and T are disjoint sets. In the model-building process, the training set (S) is used 

for training, and once completed, the estimation accuracy of the model is verified by the test set, 

which is used to estimate the model's generalization error. 

3.1.2. Cross-Validation Method 

In the "cross-validation method", all the data in dataset (D) is first divided into k mutually 

exclusive subsets in a similar size, namely D=D1∪D2∪D3∪…∪Dk, where Di∩Dj=∅. Each subset 

Di tries to maintain the consistency of the data distribution that is obtained from D through stratified 

sampling. Then, the union of k-1 subsets is taken as the training set, and the remaining subset is taken 

as the test set. Both of the two sunsets are designed to train and test the model, respectively. The 

stability and truthfulness of the cross-validation method in evaluating the model largely depend on 

the value of k (Zhou, 2021). 
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Similar to the setting aside method, different methods can be used to partition the training set 

and test set based on the characteristics of the samples in the dataset. In order to optimize the model 

dataset, multiple modeling and averaging are often used to verify the effectiveness of the model 

according to the subset number k of the dataset partition. Typically, k is set to 10. 

3.1.3. Bootstrap Method 

In order to mitigate the impact of varying training sample sizes and improve experimental 

estimation efficiency, researchers have proposed the "bootstrap sampling method", commonly 

known as the "bootstrap method". Given a dataset A containing n samples, a dataset A' is generated 

by n iterations of sampling with replacement. This method may result in the occurrence of repeated 

under-sampling during the data set extraction process. Using simple estimation, the probability of a 

single sample not being selected during n iterations of random sample data is approximately 0.368 

(as shown in Eq. (12)). lim𝑛→∞ (1 − 1𝑛)𝑛 = 1e ≈ 0.368 (12) 

Therefore, it can be observed that 36.8% of the samples are left out during the process of data 

sample extraction with this method. However, when dealing with small sample data, it becomes 

challenging to establish an effective training/test dataset using the bootstrap method. On the other 

hand, this method can generate multiple independent training datasets during the data partitioning 

process, which is beneficial for ensemble learning methods. Nevertheless, the drawback of the 

bootstrap method is that the generated datasets change the distribution of the initial dataset, leading 

to estimation bias. Hence, when dealing with sufficiently large sample data, the setting aside method 

and cross-validation method are typically preferred. 

In this study, in order to verify the accuracy of the machine learning method for reservoir 

prediction, we classified the required data by ourselves. In total, we selected five wells with over 

7,000 sets of data. We chose four wells as the training data and the remaining one as the prediction 

data. Then, we used three machine learning algorithms, namely SVM, RF, and XGB, to perform the 

model training and prediction. 

3.2. Data Correlation Analysis 

Correlation analysis is a statistical technique used to analyze the degree of association between 

one variable and another variable. In order to visually represent the correlation results, in this study, 

the heatmap function in the Seaborn package of the Python programming language is utilized.  

The Pearson correlation coefficient represents the agreed meaning of the covariance between 

two variables and the standard deviation difference. It ranges from -1 to 1. The coefficient of 1 

indicates a perfect positive correlation, while the coefficient of -1 indicates a perfect negative 

correlation, and the coefficient of 0 indicates no correlation. The specific formula to calculate the 

Pearson correlation coefficient is presented as follows (Eq. (13)): ρx,y = Cov(x, y)√Var(x)Var(y) (13) 

Where the Cov(X, Y) is the covariance of X and Y; the Var(X) and Var(Y) are the variances of X 

and Y, respectively. 

Because the Correlation analysis enables us to understand the relationship between various rock 

physical parameters and provides the foundation for subsequent modeling and prediction, it is a 

critical step in reservoir intelligent evaluation and prediction. In this study, the Pearson correlation 

coefficient was used to measure the correlation between different parameters. The range of the 

coefficient is from -1 to 1, which indicates the strength and direction of the linear relationship between 

the two parameters. The coefficient close to 1 suggests a strong positive correlation between the two 

feature vectors, while the coefficient close to -1 indicates a strong negative correlation. A coefficient 

close to 0 indicates a low correlation between two features. 
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For instance, the high correlation coefficient between porosity and permeability indicates a close 

linear relationship between the two parameters, while the low correlation coefficient between 

porosity and depth suggests that the linear relationship between the two features is relatively weak. 

By using the heat-map visualization tool, we can easily identify groups of features with high 

correlation and understand the relationship between different rock physical parameters. Figure 10 

shows the results obtained from data visualization combined with the heatmap function. The heat-

map provides an intuitive way to visualize the correlation between different parameters, which can 

aid the group identification of highly correlated features. By examining the heatmap, we can gain 

insights into the underlying relationships among features and improve the accuracy of predictive 

models. 

 

Figure 10. Correlation analysis diagram. 

Figure 10 reveals several key findings related to the interrelationship among the different rock 

physical parameters. First, the geometric mean of T2 spectrum (T2lm, ms) is strongly correlated with 

permeability (K, 10-3 um2), porosity (POR, %), reservoir quality factor (RQI, dimensionless), and the 

mean radius of tubular pores (dmc, um). Second, permeability (K, 10-3 um2) has a significant 

correlation with the geometric mean of T2 spectrum, porosity, and reservoir quality factors. Third, 

the reservoir type is well correlated with most of the parameters, except the mean radius of the 

spherical pore (dms, um). 

By identifying the relationships among different rock physical parameters, we can gain insights 

into the reservoir properties and optimize production strategies. The results presented in Figure 10 

suggest that some parameters are more strongly correlated than others, highlighting the potential of 

predictive modeling based on these parameters. 
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4. Applications 

Reservoir prediction analysis is a critical step in reservoir intelligent evaluation and prediction. 

In this study, machine learning algorithms were utilized for intelligent reservoir evaluation and 

prediction. In order to verify the effectiveness of this technology, we selected the xx oilfield reservoirs 

as the research area and carried out intelligent evaluation and prediction. By leveraging machine 

learning algorithms, we can gain deeper insights into the reservoir properties and optimize 

production strategies. These algorithms are designed to identify patterns and relationships within 

complex datasets, enabling us to make more accurate predictions about reservoir behavior. In this 

study, in order to verify the accuracy of the machine learning method for reservoir prediction, the 

required data were classified by ourselves. In this paper, a total of 5 wells were selected, with a total 

of more than 7,000 sets of data. We selected four of them as training data, and the remaining one for 

prediction. 

Figure 11 shows the confusion matrix and accuracy graph of the prediction. It is evident from 

Figure 11 that all the three prediction methods performed well, with an accuracy greater than 90% in 

predicting the behavior of the reservoir. Notably, the Extreme Gradient Boosting algorithm achieved 

an accuracy of up to 97%, demonstrating its effectiveness in evaluating and predicting reservoirs. 

Through the application of prediction analysis to the reservoir, we can understand the nature and 

distribution of the reservoir entirely, which provides valuable support for subsurface energy 

exploration and development. Furthermore, this technology can be utilized in petroleum prospects 

to offer reference and inspiration for other fields if the prediction analysis is required. 

  
a) Prediction of confusion matrix by RF b) Prediction of confusion matrix by SVM 

  

c) Prediction of confusion matrix by XGB d) Different algorithm accuracy graph  

Figure 11. Confusion matrix and accuracy graph. 
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In order to understand the predictions of the three models better for the different reservoir types, 

the predictions were presented in the form of histograms for each model, as shown in Figure 12. 

Histograms provide a visual representation of the distribution of the predicted values for each 

reservoir type, enabling us to compare the performance of the three models across different types of 

reservoirs. By examining the histograms, we can gain insight into the effectiveness of each model in 

predicting the behavior of different reservoir types, which can inform the subsequent modeling and 

prediction efforts. 

 

Figure 12. Prediction results of different prediction models for different reservoirs. 

Figure 12 demonstrate that the SVM model achieved a prediction accuracy of 100% for Class I 

reservoir, while the Extreme Gradient Boosting model achieved a prediction accuracy of 100% for 

Class Ⅳ reservoir. When combined with the correlation analysis of previous reservoir classification 

and prediction parameters, it is clear that high porosity and high permeability exist in the Class I 

reservoir, and the porosity and permeability show a pretty strong relationship resulting in clear 

reservoir characteristics. In contrast, the Class Ⅳ reservoir is divided into the class of low porosity 

and low permeability, and the relationship between porosity and permeability seem to be weak, 

making comprehensive essential analysis if necessary. The Extreme Gradient Boosting algorithm 

model is better suited for comprehensive reservoir analysis, and it demonstrates lower prediction 

errors when compared to other models. By leveraging the strengths of this algorithm and examining 

all given training parameters, we can gain deeper insights into the reservoir behavior and optimize 

production strategies to maximize yields. 

5. Discussion 

In this study, the selected prediction data and well log data are plotted and analyzed. Among 

the three algorithms, the extreme learning algorithm demonstrates the highest accuracy. This is 

evident from the reservoir prediction classification in the figure, where the predictions derived from 

the XGB are chosen, as illustrated in Figure 13. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 7 December 2023                   doi:10.20944/preprints202312.0444.v1

https://doi.org/10.20944/preprints202312.0444.v1


 17 

 

 

Figure 13. Predicted results well-log plot. 
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In Figure 13, the three different reservoirs are depicted in both the predicted and actual 

classifications:  

(1) The actual classification of the first member is Class I, while the predicted classification is 

Class II. The analysis of reservoir parameters reveals that high porosity, high permeability and high 

saturation are present in the reservoir. According to the optimization inversions of the spherical-

tubular model, the geometric mean T2lm (T2) falls within the mid-range across the entire interval. 

Based on the four parameters, the sorting coefficient of the spherical pore (SPS, dimensionless), the 

sorting coefficient of the tubular pore (SPC, dimensionless), the mean radius of spherical pore (dms, 

µm) and the mean radius of tubular pore (dmc, µm), the development of spherical pore is superior 

to that of tubular pore, indicating that the reservoir has favorable properties. However, due to the 

weak development of tubular pores, the permeability of the reservoir segment is limited. The 

prediction model of the extreme learning algorithm integrates seven parameter factors, leading to the 

prediction that the reservoir segment belongs to Class II reservoir. 

(2) The actual class of the second member reservoir is class Ⅳ, but the prediction class is class 

Ⅲ. By analyzing the reservoir parameters, it can be seen that the porosity, permeability and saturation 

in the reservoir in this section show poor relationship. According to the optimization inversions of 

the spherical-tubular model, the low geometric mean of T2lm exist in the section. After checking the 

sorting coefficient of the spherical pore (SPS, dimensionless), the sorting coefficient of the tubular 

pore (SPC, dimensionless), the mean radius of the spherical pore (dms, um) and the mean radius of 

the tubular pore (dmc, um), it shows that the development of both spherical pore and tubular pore 

in this section is pretty poor. The prediction model of the ultimate lifting algorithm is based on the 7 

parameters in comprehensive consideration, so the prediction class of the second reservoir member 

is divided into class III with a certain deviation.  

(3) The third member of the reservoir is partitioned into class III in the actual class, but it’s 

divided into class II by the prediction model. After checking the parameters in the third member of 

the reservoir, all the parameters, such as the porosity, permeability, and saturation, seem to be low 

and poor. The greater geometric mean of T2lm (T2) is derived from the optimization inversion of the 

spherical-tubular model, and it is pretty great.  The sorting coefficient of the spherical pore (SPS, 

dimensionless), the sorting coefficient of the tubular pore (SPC, dimensionless), the mean radius of 

the spherical pore (dms, um) and the mean radius of the tubular pore (dmc, um) are analyzed in these 

studies. All the parameters show that the development of spherical pores and tubular pores in this 

section is quietly weak. The prediction model of the ultimate lifting algorithm is based on the seven 

parameters in comprehensive consideration. Therefore, this reservoir segment is divided into class II 

by the prediction model with certain deviation. 

In summary, the prediction model of the XGB algorithm integrates seven factors to predict 

reservoirs. Although the prediction deviations may occur in individual reservoir, the overall accuracy 

is relatively high. The main reason for this incorrect partition is the lack of distinct characteristic 

parameters in the reservoir. 

Accurate reservoir prediction holds significant importance for exploitation and utilization of 

underground resources. Precise forecasting of reservoir properties and pore structure can yield 

accurate reserve estimations, which in turn enable more efficient management and utilization of 

geological resources. In addition, reasonable reservoir classification can determine the optimum 

construction locations and determine stimulation methods to maximize resource recovery. The 

reservoir assessment can also assist us in identifying possible environmental risks, such as gas 

leakage and formation subsidence that may be caused by injection and production, thus ensuring 

risk prevention and sustainable development. 

6. Conclusions  

In this study, we have developed a reservoir classification approach by combining NMR-based 

pore structure, reservoir quality factor, and machine learning algorithm. There into, pore structure 

can be characterized by the optimized inversion of spherical-tubular model based on NMR logging. 

We make the following conclusions： 
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1) All the machine learning algorithms including Random Forest (RF), Support Vector Machine 

(SVM), and Extreme Gradient Boosting (XGB), can achieve predictive accuracies of more than 90%, 

and XGB owns the highest accuracy of up to 97%. 

2) The results demonstrate that the pore structure information can be fully extracted by 

combining the reservoir quality factor with the porous geometric parameters obtained from the 

optimized inversion of the spherical-tubular model, which highly correlates with the porosity and 

saturation of the target reservoir.  

3) In practical log interpretation applications, the XGB model is employed to predict reservoir 

properties. This model amalgamates reservoir quality factors with pore geometry parameters, which 

are derived from the optimized inversion of the NMR spherical-tube model. Although the overall 

predictive accuracy of the model is impressive, certain discrepancies are noted in the prediction of 

individual reservoirs. These deviations primarily stem from the indistinct characteristics of geometric 

structure parameters within the reservoir. 

In conclusion, the approach of reservoir classification in this study can significantly improve the 

accuracy and efficiency of reservoir evaluation, providing valuable support for exploration and 

utilization of geological resources. As the world increasingly shifts its focus towards clean and 

sustainable energy sources, the optimization of conventional energy extraction, geological storage of 

sustainable energy and greenhouse gas become even more critical. The reservoir assessment with 

combining intelligent technology and low-cost logging data can guide the rational utilization and 

exploitation of underground resources, ensure the risk-free engineering activities and environment, 

thus giving insights for sustainable development. 
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Appendix A 

Nomenclature: 𝑦′ the output structure of the classification model. 𝑦′𝑛 the result of a single decision tree. 

x the input vector, the vector in the sample set. 

W=(w1,w2,w3,…… ,wd) the normal vector. 

b the intercept. 

K the number of trees. 𝑓k(xi) the classification result of the i-th sample in the K-th tree. 

Fcount the total number of times each feature. Gain̅̅ ̅̅ ̅̅  the average gain of each feature Cover̅̅ ̅̅ ̅̅ ̅̅  the average coverage rate. 

C the feature set used by all trees to generate nodes. GainC the gain value generated after each tree is divided by features in C. CoverC 
the number of samples falling on each node when the tree is 

divided by features in C. 

  the effective porosity, %. 

K the permeability, 10-3 um2. 

T2i the i-th distribution point value of echo signal inversion, ms. 

Rs the spherical pore radius, um. 

Rc the tubular pore radius, um. 

Re the equivalent spherical pore radius in um. 

Cd 
the radius ratio of the tubular pore to spherical pore, 

dimensionless. 

Cov(X, Y) the covariance of X and Y. 

Var(X) the variances of X. 
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Var(Y) the variances of Y. 
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