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H I G H L I G H T S  

• A new method of petroleum resource potential prediction based on SVC and SVR. 
• A combination of classification and regression models is applied for the first time. 
• A systematical quantitative procedures for feature variable construction and selection. 
• Discussion of the key factors for utilization of machine learning to energy research.  
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A B S T R A C T   

Petroleum and natural gas resources (PNGR) are some of the major forms of fossil energy that are important for 
the development of industry and energy security. Along with the growing demand of petroleum consumption and 
the requirement for enhancing drilling success rate, reducing the exploration risk and saving exploration cost, 
prediction method for PNGR potential with high accuracy and wide practicability is needed. However, the 
existing PNGR evaluation and prediction methods based on traditional statistical principles are far from meeting 
the requirements of the present petroleum exploration and exploitation. Therefore, this study introduces a novel 
method for PNGR potential prediction by applying support vector machines (SVM) in the context of the rapid 
development of artificial intelligence and machine learning. This novel machine learning methodology first 
proposed a combination of support vector classification (SVC) for hydrocarbon accumulation probability pre
diction and then support vector regression (SVR) for reserve abundance prediction. The combining use of 
classification and regression model can fully utilize the professional knowledge of petroleum geology and the 
powerful data processing capabilities of machine learning algorithms and hence significantly improve the per
formance of the method. Furthermore, the dataset is set based on petroleum geology knowledge with the feature 
variables of source rock, sandstone reservoirs, sealing capacity and hydrocarbon migration, whose distribution 
are predictable and thus ensures the predictive effect in practical petroleum exploration. The results show that 
the testing accuracy of the hydrocarbon accumulation probability evaluation model by SVC ranges from 80% to 
100% with an average of 88.92%. The performance of the SVR model for evaluating reserve abundance also 
performs well with the highest correlation coefficient of 0.767. In addition, several validation ways are applied 
for testing the reliability and stability of the model. For a hold-out test for a new zone, the model provides precise 
prediction of hydrocarbon accumulation probability and reserve abundance with an accuracy of 72.5% and a 
correlation coefficient of 0.744. The evaluation metric of the F1-score shows an average of 0.91 for the SVC 
models, the 4-fold cross-validation shows an average correlation coefficient of 0.663 for SVR model, which in
dicates the good performance of the SVC and SVR model. To conclude, this study not only provides an intelligent 
ML method system for PNGR potential precisely evaluation and prediction with the combination of SVC and SVR 
which is firstly used by application of ML in petroleum industry field, but is also significant for the application of 
ML in petroleum and natural gas exploration and exploitation.  
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1. Introduction 

As major forms of fossil energy, petroleum and natural gas resources 
(PNGR) play crucial roles in the development of industry and people’s 
lives worldwide. In recent years, the consumption of petroleum and 
natural gas has shown a straight increasing trend, although COVID-19 
has constrained the demand for fossil energy [2]. Along with the Rus
sia–Ukraine conflict this year, the energy shortage is becoming 
increasingly serious. In this context, the evaluation and prediction of 
PNGR potential are of great significance for both the development of the 
petroleum industry and the stabilization of the whole industry system 
[3–6,9]. The precise evaluation and prediction of PNGR has been 
demonstrated to largely enhance the efficiency and economic benefits of 
petroleum and natural gas exploration and exploitation [7,8,10,11,14]. 
While along with the development of petroleum industry, the previous 
evaluation methods are unable to meet the requirements of the explo
ration, especially for enhancing the success rate of drilling, reducing the 
exploration risk and saving exploration cost. In this case, a novel PNGR 
evaluation and prediction method with high accuracy, high efficiency 
and wide practicability is imperative. 

The prediction of PNGR potential has existed since the initial 
development of the petroleum geology industry and discipline and is 
widely used in many petroliferous basins or districts [3,15–17,29]. After 
years of development, qualitative and semiquantitative evaluation and 
prediction methods based on mathematical geology and petroleum ge
ology professional knowledge have formed with statistical principles as 
the main theoretical support [18,19,24,25,27,34]. Specifically, Dow, 
Singer and Reed et al. used petroleum systems analysis to evaluate the 
probability of hydrocarbon accumulation in Alaska and the Williston 
Basin to select favourable zones in the 1970s and 1980s [11,25,26]. 
McCammon et al., Cox and Freek et al. predicted the petroleum reserves 
of Montana, Venezuela and Puerto Rico using a professional evaluating 
system based on weights of evidence in the 1990s and 2000s [20,21,33]. 
Additionally, Agterberg, Jiang et al. and Chen et al. used quantitative 
calculations based on confidence function theory to predict oil satura
tion of reservoirs in the Dongpu Depression and Junggar Basin in China 
in recent years [13,14,39]. However, hydrocarbon accumulation has 
been confirmed to be a series of complex and interrelated geological 
processes, which are difficult to characterize quantitatively by statistical 
and regression principles [22,23,28]. Therefore, these methods often 
perform poorly in basins that have experienced multiple sedimentary 
and tectonic processes. 

Along with the information technology revolution, machine learning 

(ML) algorithms have shown increasing superiority in data management 
and analysis and have been widely applied in transportation, medicine, 
agriculture, education and other fields [30–32,36]. Compared with 
traditional methods, evaluation and prediction methods based on ML 
can integrate the existing theoretical knowledge for model building and 
enhancement and can maximize objectivity in the decision-making 
process to reduce the subjectivity of human judgement [35,42–45]. 

In recent years, the utilization of ML in petroleum and natural gas 
exploration fields has been increasing. At present, the ML is mainly 
applied for petroleum production prediction, geological feature recog
nition and classification, and the resource potential prediction for a 
petroliferous basin or district (Table 1). The oil and gas production 
prediction of individual wells by ML algorithms is widely used with 
mature models. For production prediction, the size of data is often large 
enough. An individual well with 1-year production can provide over 
10,000 couples of data including 8–20 variables [99–101]. Therefore, 
the prediction models with good performance are easily to be con
structed especially when the advanced ML algorithms such as support 
vector machines (SVM), decision tree (DT), gradient boosting decision 
tree (GBDT), random forest (RF) and artificial neural network (ANN) are 
applied [102–104]. The application of ML in feature recognition and 
classification is mainly based on well logging and seismic data, which 
can also provide enough data size for the construction of the ML models. 
The recognition and classification of lithologies (shale, sandstone and 
carbonate, etc.) and geofluids (water, gas and oil) by ML models are 
widely used with high accuracy. The multiple well-log data with 
numerous wells and the interpretation results with the calibration of the 
drill tests provide data with high quality [40,105,106]. The develop
ment of the SVM and convolutional neural networks (CNN) provides a 
good way for seismic feature extraction and seismic interpretation 
[41,107–109]. The sedimentary facies and sandstone reservoirs identi
fication by ML models can significantly improving the predicting accu
racy and therefore the efficiency of petroleum exploration. However, 
comparing to the production prediction and feature recognition, the 
application of ML in PNGR potential is immature. The largest problem in 
resource potential prediction is that the data size based on the petroleum 
exploration is small (usually 100 to 300 couples of data) for the ML al
gorithms to construct an ideal model ([110]; [112]). Furthermore, there 
are many alternative feature variables owing to the complex geological 
processes which all have influences on the petroleum accumulation 
processes. With the different feature selection, feature fusion or 
dimensionality reduction processes, the final performances of the 
models are of large disparity. With the different output, the resource 

Table 1 
Application of ML methods on petroleum and natural gas exploration fields.  

Output Data source Data size ML algorithm Performance Representative 
References 

Shale gas production 

Production 18 variables 
1 well 

RF, SVM, ANN (individual) Accuracy:96% [99] 

Production 20 variables 
10,000 wells 

ANN Corelation coefficient:0.94 [102]; 

Production 
9 variables 
4256 wells GBDT Accuracy: 73%–79% [129] 

Lithologies Well-log 
7 variables 
3232 samples DT, SVM Accuracy: 38%–62% [105] 

Oil and gas layer Well-log 9 variables 
3 wells 

CNN Accuracy:28%–82% [106] 

Sandstone reservoir distribution Seismic 5 variables 
2 seismic profiles 

ANN Corelation coefficient:0.83–0.86 Ariza et al., 2021 

Sweet pot distribution Seismic 
8 variables 
1 seismic profile SVM Identification of 8 favourable zone types [110] 

Sedimentary facies Seismic 
7 variables 
2 seismic profiles 

CNN A division of 6 sedimentary facies [108] 

Hydrocarbon accumulation 
probability 

Exploration 4 variables 
519 samples 

GBDT 72.45% [113] 

Gas content Exploration 7 variables 
102 samples 

ANN Corelation coefficient: >0.65 [114]  

Q. Wang et al.                                                                                                                                                                                                                                   
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potential prediction model can be both classification and regression 
model. The classification models usually provide the probability of hy
drocarbon accumulation or the location of the sweet pot for a district. 
While without the quantity evaluation of the petroleum resources, the 
classification model can only provide limited help in petroleum 

exploration practice [113]. The regression model often provides the 
distribution of oil saturation or oil and gas reserve which is useful for 
determining the location of exploration wells. However, the perfor
mances of the present regression models on resource potential predic
tion are not as good as the classification ones [114]. 

Fig. 1. Location, tectonic belts and oil reservoir distribution of the Es3 Formation in the Dongpu Depression in the Bohai Bay Basin, eastern China. (a) Location of the 
Dongpu Depression. (b) Tectonic structures of the Dongpu Depression and location of the study area. (c) Oil reservoir distribution of the study area. 
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To conclude, there are two main problems for the utilization of ML 
algorithms in PNGR exploration fields. The first is the difficulty in 
feature variable selection and characterization owing to the complex 
and interrelated geological processes, which often lead to low accuracy 
of the evaluation and prediction results. The second is the poor perfor
mance of the ML regression model (oil saturation, oil and gas reserves, 
etc.) which is attributed to the small dataset. These two problems are 
also the main challenges in PNGR potential evaluation and prediction. 

To address these two problems, this study takes the Dongpu 
Depression in the Bohai Bay Basin as an example and proposes a 
quantitative evaluation and prediction method system for PNGR po
tential. To address the first problem, this method system uses a feature 
variable decision method based on petroleum geological knowledge to 
determine effective parameters and further enhance the quality of the 
dataset and predicting accuracy. For the second problem, this study uses 
a method containing two SVM models to enhance the final prediction 
accuracy. First, the probability of hydrocarbon accumulation is judged 
by the support vector classification (SVC) algorithm. Second, the reserve 

abundance in the favourable zones of hydrocarbon accumulation is 
determined by the application of the support vector regression (SVR) 
algorithm. This study provides an intelligent ML method system for 
PNGR potential precisely evaluation and prediction with the combina
tion of SVC and SVR which is firstly used by application of ML in pe
troleum industry field. The construction of dataset with variable features 
is also predictable for the modelling application in practical. Further
more, the construction of the novel method is also significant for the 
application of ML in petroleum and natural gas exploration and 
exploitation. 

2. Geological setting 

The Dongpu Depression is located in the southwest of the Bohai Bay 
Basin, which is one of the largest petroliferous basins in China (Fig. 1a). 
The Dongpu Depression is characterized by a rift basin with developed 
faults of different sizes. The depression is divided into 4 main tectonic 
zones, which are the western slope belt, western sag, central uplift belt 

Fig. 2. Generalized stratigraphic column for the Dongpu Depression, Bohai Bay Basin (Edited by [49]).  
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and eastern slope belt from east to west (Fig. 1b). Oil and gas resources 
are abundant in the Dongpu Depression and distributed mainly in the 
northern part; hence, this region is selected as the study area of this 
research. The oil reservoirs in the study area are dominated by fault 
block reservoirs, which are cut into hundreds of units of different sizes 
and shapes by faults (Fig. 1c). At present, 4 large oilfields with over 300 
oil reservoirs have been discovered, which indicates the high resource 
potential of the study area. 

From the bottom to the top, 12 formations developed in the Dongpu 
Depression with large disparities in sedimentary environment and li
thologies (Fig. 2). The main source rocks are dark mudstone and shale in 
the 3rd member of the Shahejie Formation (Es3 Fm). These two main 
source rocks are located in the southwest and southeast sags of the study 
area named the Haitongji and Qianliyuan Sags (Fig. 1b). The main res
ervoirs are the sandstone or siltstone reservoirs in the Es3 Fm, 2nd 
member of the Shahejie Formation (Es2 Fm), 1st member of the Shahejie 
Formation (Es1 Fm), Dongying Formation (Ed Fm) and Guantao For
mation (Ng Fm). The main caprocks are low-permeability mudstone and 
gypsum salt in Es3 and Es2 [47,48]. To conclude, there are multiple 
petroleum systems and hydrocarbon accumulating units consisting of 
different combinations of source rocks, reservoirs, and caprocks [48,49]. 

The Dongpu Depression experienced three main tectonic events from 
the Palaeogene period to the present. The whole Palaeogene period was 
dominated by a rifting stage with frequent fault movement [46,49]. 
Following deep burial of the sediments, the source rocks began to 
generate hydrocarbons. Oil charging and migration were active in the 
late Palaeogene period [46,48]. Then, the whole depression experienced 
a tectonic uplift and erosion process at the end of the Dongying period. 
From the Neogene period to the present, the depression experienced a 
stable thermal subsidence stage without large-scale fault movement 
(Fig. 2). The disparities in depositional processes and tectonic 

movements led to the complexity of the geological conditions in the 
Dongpu Depression and therefore a disparity in the distribution and 
enrichment of petroleum and natural gas resources. 

3. Method and data 

The construction of the evaluation and prediction model of PNGR 
potential can be divided into 4 steps. First, the dataset is constructed by 
data processing. Considering that the amount of data is relatively small, 
the original data are optimized based on petroleum geological knowl
edge. Second, the probability of hydrocarbon accumulation is deter
mined based on the SVC algorithm. Third, the dataset for reserve 
abundance prediction is constructed and used to construct the SVR 
model for reserve abundance evaluation and prediction. Finally, the 
PNGR potential evaluation and prediction model based on two SVM 
models is tested using the data from the adjacent petroleum district 
(Fig. 3). 

3.1. Data processing 

The hydrocarbon accumulation probability and reserve abundance 
are influenced by multiple interrelated factors, which are characterized 
by both quality and quantity [12,50–52,57]. Owing to the differences in 
data resources, there are often problems associated with data mis
matching and missing data. In addition, the amount of data is often too 
small to meet the requirements of ML. Therefore, it is necessary to 
identify independent and dependent variables based on professional 
knowledge and dimension reduction. 

3.1.1. Feature variable setting 
Based on petroleum geological principles, the hydrocarbon 

Fig. 3. Workflow of the PNGR potential evaluation and prediction model construction by SVC and SVR.  
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accumulation process of conventional resources is controlled by source 
rock conditions, sedimentary reservoir conditions, seal conditions, trap 
conditions and migration conditions [19,22,23,53] (Fig. 4). The char
acterization methods for the hydrocarbon accumulation factors are lis
ted below.  

(1) Source rock conditions 

The condition of the source rocks is considered one of the most 
important factors in hydrocarbon accumulation [54–56,60]. Previous 
studies have identified some quantitative parameters of source rocks, 
including the thickness, maturity, and total organic content (TOC) 
[9,50,57–59]. However, considering that only the hydrocarbons 
expelled from the source rocks can accumulate in reservoirs, the hy
drocarbon expulsion intensity (HEI), which is defined as the quantity of 
hydrocarbon expulsion per unit area, is introduced to characterize the 
source rock conditions [61]. The HEI can be calculated as follows 
[61–63]: 

HEI =
∫ z

z0

0.1×Pe ×H × ρ× TOC× dz (1)  

Pe = Pg− original − Pg− remain (2)  

where HEI is the hydrocarbon expulsion intensity (t/km2); z is the burial 
depth (m); and z0 is the burial depth of the hydrocarbon expulsion 
threshold (m), which is determined by the crossplot of (S1 + S2)/TOC 

and Ro. Pe is the hydrocarbon expulsion ratio (mg/g), which can be 
calculated with Eq. (2) (Fig. 5a). Previous studies have shown such a 
relation and parameters in the Dongpu Depression [64]. H is the thick
ness of the source rocks (m), ρ is the density of source rock (g/cm3), and 
TOC is the total organic content (%). 

Note that in a simple petroleum system, there is always a single 
source rock (points A and D in Fig. 5b). However, in complex petroleum 
systems, there are always multiple source rocks (points B and C in 
Fig. 5b). In this case, the final HEI is the sum of the HEI values of each 
source rock.  

(2) Reservoir conditions 

The characteristics of sandstone reservoirs are another important 
factor for hydrocarbon accumulation. The distribution of sandstone 
reservoirs and their physical properties largely determine the proba
bility of hydrocarbon accumulation and oil and gas reserves. The dis
tribution of sandstone reservoirs can be described by sedimentary facies 
distribution or sandstone thickness evaluation [23,67], while the 
physical properties of reservoirs are always characterized by porosity 
and permeability [65]. The sedimentary facies and sandstone thickness 
are always determined by petroleum geological signals (core analysis, 
stratigraphy determination and well log data) and knowledge, and their 
distributions are generally continuous and thus predictable [66,68]. 
However, sedimentary facies descriptions in words need to be translated 
into digital data. In this study, we create the sedimentary facies index 
(FIs) to quantitatively characterize the sedimentary facies by Eq. (3): 

Fig. 4. Hydrocarbon accumulation processes and key parameters defined in petroleum geology.  
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FIsi =

∑
Ri

Si
(3)  

where FIsi is the sedimentary facies index for type i sedimentary facies, 
mt/km2; 

∑
Ri is the total reserve distributed in type i sedimentary 

facies, mt; and Si is the total area of type i sedimentary facies, km2. 
Considering that the value range will influence the accuracy of the 

SVM algorithm ([79]), FIsi is normalized to NFIsi, which is calculated by 
Eq. (4): 

NFIsi =
FIsi

FIsi− max
(4)  

where NFIsi is the normalized sedimentary facies index for type i sedi
mentary facies, dimensionless, and FIsi− max is the maximum of Isi in the 
study area, mt/km2 (Fig. 6). There are 4 main sedimentary facies in the 
study area: fluvial facies, delta-plain facies, delta-front facies, and 
lacustrine facies. The fluvial facies has the largest total petroleum 
reserve with the highest NFI of 1.00, and the NFI values for the delta- 

Fig. 5. Definition and calculation of hydrocarbon expulsion intensity.  

Fig. 6. Definition and characterization of the normalized facies index (NFI).  
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plain, delta-front, and lacustrine facies are 0.37. 0.25 and 0.01, 
respectively. The lateral distribution of the NFI is shown in Section 
4.1.1. 

The porosity and permeability of sandstone reservoirs can be ob
tained from laboratory experiments and well logging analysis. Previous 
studies have shown that the relationships between sandstone porosity 
and depth and between porosity and permeability provide a method to 
obtain continuous porosity and permeability distributions for prediction 
work [69,70]. In this study, the porosity and permeability distribution of 
the study area is determined based on the 10,044 pairs of tested porosity 
and permeability data from different depth ranges (Fig. 7).  

(3) Caprock conditions 

The caprocks of a petroleum system are generally a stably distributed 
low-permeability layer that prevents oil and gas from escaping [19]. 
Good caprocks often show obvious differences in well log data or seismic 
profiles. In this study, the caprock conditions are classified as good and 
poor, which are represented by 1 and 0 (1 for present and 0 for missing) 
for ML model construction and prediction.  

(4) Trap conditions 

The trap is a local structure underground that provides favourable 
hydrocarbon accumulation space [19,65]. The crucial parameter for a 
trap is the closing height, which is defined as the elevation difference 
between the highest point of the trap and the overflow point (Fig. 4). It is 
obvious that the greater the closing height is, the higher the probability 
of hydrocarbon accumulation.  

(5) Migration conditions 

The migration process of oil and gas from source rocks to sandstone 

reservoirs is crucial for hydrocarbon accumulation and directly in
fluences the reserve abundance in reservoirs [71,72,77]. The hydro
carbon migration process is complicated and difficult to describe in 
detail. Hubbert [74] introduced the definition of fluid potential, which is 
applied for characterizing the possible migration direction and path
ways and is widely used for petroleum migration analysis in many 
petroliferous basins worldwide [75,76]. The fluid potential is defined as 
the total mechanical energy of a unit underground relative to the set 
base level (usually sea level) [74]. In this case, the pore fluid will 
migrate from a high-fluid potential place to a low-fluid potential place. 
In this study, the fluid potential is also selected as the feature parameter 
for characterizing the migration conditions of petroleum and natural 
gas. The fluid potential is calculated by Eq. (5) as follows [73,74]: 

φf = ρf gz+P (5)  

where φf is the fluid potential of geofluids, J/kg; ρf is the density of 
geofluid, kg/m3; g is the gravitational acceleration, 9.8 m/s2; z is the 
distance between the calculating point and the base level, m; and P is the 
fluid pressure, Pa. In this study, the geofluid is formation water with a 
density of 1.0 g/cm3. 

Other than the above feature variables, the reservoir temperature, 
pore pressure. 

3.1.2. Target variable setting 
In this study, the PNGR potential is determined by the hydrocarbon 

accumulation probability and reserve abundance, which are considered 
the target variables for ML model construction.  

(1) Hydrocarbon accumulation probability 

The hydrocarbon accumulation probability is divided into two labels 
of success and failure and encoded as 1 and 0, respectively. The 

Fig. 7. Porosity–permeability relationships for different depth ranges: (a) <2000 m, (b) 2000–2500 m, (c) 500–3000 m and (d) >3000 m in the Dongpu Depression.  
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hydrocarbon accumulation probability label is judged by oil and gas 
data from exploratory wells.  

(2) Reserve abundance 

The reserve abundance of a hydrocarbon reservoir is defined as the 
ratio of reserve and the area of the reservoir. The reserve abundance can 
reflect favourable zones of hydrocarbon accumulation and the economic 
value for the PNGR. 

3.2. Feature engineering 

The feature engineering processes are important for enhancing the 
quality of the data of feature variables and thus the final performance of 
the evaluation and prediction models. The feature engineering analysis 
in this paper includes standardization, missing value compensation and 
the noisy feature elimination. 

3.2.1. Standardization 
The standardization process is always the first step for the feature 

engineering and it can significantly improve the efficiency of the ML 
model by reducing the calculation time. In this research, the Z-score 
standardization is selected to make the value of the dataset to range from 
− 1 to 1and conform to normal distribution. 

3.2.2. Missing value compensation 
The original dataset is usually incomplete which needs the 

compensation or fixing by several statistical methods, including mode 
value replacement, mean value replacement and regression replacement 
(Fig. 8) ([139]). In the original data applied in this research, 22 pairs of 
data are incomplete, including 9 sandstone thickness data, 6 porosity 
data and 7 permeability data. The sandstone thickness data is replaced 
by the mean value from the adjacent wells because of the gradual change 
of the sandstone thickness, while the porosity and permeability value 
are compensated by the regression replacement because the well rela
tionship between porosity and permeability in different depth ranges 
(Fig. 7). 

Fig. 8. Missing value compensation methods in ML. (a) Mode value replacement; (b) Mean value replacement (applied for sandstone thickness missing value); (c) 
Regression replacement (applied for porosity and permeability missing value). 

Q. Wang et al.                                                                                                                                                                                                                                   



Applied Energy 351 (2023) 121836

10

3.2.3. Noisy feature elimination 
For constructing a prediction model with generality, some of the 

noisy feature value should be eliminated from the original dataset, 
which do not follow the general distributions or rules. In this research, 
the noisy feature values exist in porosity and permeability value. In this 
research, 19 pairs of porosity-permeability data are recognized as noisy 
feature because of the large deviation between these values and normal 
trend (Fig. 9). All the porosity and permeability values are higher than 
those of the normal trend because the development of the fracture (due 
to improper experimental operation) for these measured samples can 
cause an increase in the pore spaces and fluid pathways which will 
significantly improve the porosity and permeability values. 

3.3. Evaluation and prediction models based on SVM 

The support vector algorithm is a nonlinear generalization of the 
generalized portrait algorithm, which is firmly based on the framework 
of statistical learning theory [78,79]. The SVM method was largely 
developed and applied in optical character recognition [80–82]. SVC is 
effective for dealing with classification problems became competitive 
with the robust available systems [83]. Additionally, SVR with excellent 
performance is soon obtained [84,85]. As the application of kernel 
functions has matured, SVM has become the most powerful machine 
learning algorithm for both classification and regression problems 
[86–88]. 

3.3.1. Hydrocarbon accumulation probability prediction by SVC 
The principle of the SVM is extremely complex. In brief, the support 

vector addresses classification problems by constructing hyperplanes in 
a high- or infinite-dimensional space [89,90,96]. The best classifier is 
determined with the largest distance to the nearest training-data point of 
any class [91–93]. In this study, the hydrocarbon accumulation proba
bility prediction model based on the SVC algorithm is constructed as 

follows:  

(1) The training dataset of n points is formed: 

(x1, y1),…, (xi, yi),…, (xn, yn)

where xi represents a p-dimensional vector (p is the number of feature 
variables) and yi is labelled 1 or − 1 for the success or failure of hy
drocarbon accumulation, respectively.  

(2) The hyperplanes for the SVC model are determined: 

The hyperplane that can divide the group of points xi for which yi =

1 from the group of points for which yi = − 1 can be written as the set of 
points x satisfying: 

wT x − b = 0 (6)  

where w is the normal vector to the hyperplane and b is the intercept. 
For a normalized or standardized dataset, each hyperplane must 

satisfy: 

wT xi − b ≥ 1, if yi = 1 (7)  

wT xi − b ≤ − 1, if yi = − 1 (8) 

Eq. (8). and Eq. (9) can be written as one equation: 

yi
(
wT xi − b

)
≥ 1, 1 ≤ i ≤ n (9)    

(3) The best hyperplane is determined: 

The offset of the hyperplane from the origin along the normal vector 

Fig. 9. Noisy feature value recognition for porosity-permeability feature variables for different depth ranges. (a) <2000 m, 5 pairs of noisy data are eliminated; (b) 
2000–2500 m, 3 pairs of noisy data are eliminated; (c) 500–3000 m, 10 pairs of noisy data are eliminated; (d) >3000 m, 1 pair of noisy data are eliminated. 
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w is b
‖w‖

, which should be as large as possible. To conclude, the problem 
of finding the best SVC model for hydrocarbon accumulation probability 
prediction can be written as follows: 

Minimize ‖w‖ subject to yi
(
wTxi − b

)
≥ 1, for 1 ≤ i ≤ n. 

Moreover, for dealing with the nonlinear classification for the 
problem in this study, kernel functions are also applied. In this study, 
several functions are tested, and the radial basis function is used as the 
final kernel function. 

3.3.2. Reserve abundance prediction by SVR 
Similar to the classification problem, the support vector algorithm 

also addresses regression problems by constructing hyperplanes [94]. 
The goal of the SVR is to find a regression hyperplane that has the most 
deviation ε from the farthest training data point. In other words, the 
deviation of all the data points must be smaller than ε [89,95,96]. In this 
study, the reserve abundance prediction model based on SVR is con
structed as follows:  

(1) The training dataset of n points is formed: 

(x1, y1),…, (xi, yi),…, (xn, yn)

(2) The hyperplanes for the SVR model are identified: 

For a normalized or standardized dataset, each regression hyper
plane must satisfy: 

yi − wT xi − b ≤ ε (10)  

wT xi + b − yi ≤ ε (11)    

(3) The best regression hyperplane is determined: 

To determine the best regression hyperplane, our goal is to find a 
hyperplane that has the highest ε from the actually obtained targets yi 
and at the same time is as flat as possible [94,97]. In other words, we 
have to find the minimum of 12‖w‖2. 

However, we cannot always obtain all the training data points by 
setting a small ε, and it is also unreasonable to enlarge ε for several 
abnormal points, which may interfere with the determination of the 
regression hyperplane. The slack variable ξ is then introduced to cope 
with otherwise infeasible constraints of the problem [82,98]. With the 
slack variable, the problem of finding the best SVR model for reserve 

abundance prediction can be written as follows: 

Minimize
1
2
‖w‖2 +C

∑n

i=1

(
ξi + ξ*

i

)
(12)  

Subject to

⎧
⎪⎪⎨

⎪⎪⎩

yi − wT xi − b ≤ ε + ξi

wT xi + b − yi ≤ ε + ξ*
i

ξi, ξ
*
i ≥ 0

(13)  

where ξi is the upper bound slack variable and ξ*
i is the lower bound 

slack variable. 
Moreover, for demonstrating the well performance and highlighting 

the advantages of the method introduced in this paper, a comparison 
between our method and other classification or regression algorithms 
including DT, RF, naïve bayes (NB), k-nearest neighbour (KNN), 
multiple-liner regression (MLR), polynomial regression (PR) and GBDT 
algorithms is also used to construct PNGR prediction models with the 
same dataset. 

3.4. Model boosting and evaluation 

The constructed SVM models need calibration and boosting to 
overcome overfitting and enhance the performance for new data. In this 
research, the hyperparameter tuning is applied for both SVC and SVR 
model boosting. For evaluating the classification results and perfor
mance, the evaluation metrics are used for SVC models. While consid
ering the relatively small data size for regression model construction, the 
cross validation is applied for evaluating the stability of the regression 
model and eliminating the influence of training and validating data 
composition on the model performance [133,134]. 

3.4.1. Hyperparameter tuning for SVC and SVR model calibration 
The determination and tuning of hyperparameters are a key step for 

ML application for its significant influence on the final performance of 
the ML models. The most important hyperparameters for the SVM model 
are type of kernel function, gamma value and C value [135]. The kernel 
function is the way for SVM to map the input space to a high- 
dimensional feature space by nonlinear transformation [112]. The 
different kernel functions have different influences on linear and 
nonlinear problems. In this research, the linear, polynomial and radial 
basis function (RBF) are used as alternative functions for the determi
nation of the kernel for both the SVC and SVR models. The gamma value 
is a coefficient of the kernel of the polynomial and RBF which can in
fluence the model performance by influencing the kernel [112,136]. The 

Fig. 10. Evaluation metrics for classification problems in machine learning ().  
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C value is named as the penalty coefficient, which represents the 
tolerance of the model for errors [137]. The larger C value represents 
lower tolerance level of error which may lead to complex model with 
high training accuracy but also an overfitting trend; the smaller C value 
represents higher tolerance level of error which may lead to simple 
model with certain generalization ability but under-fitting trend. 
Therefore, the determination of the suitable composition of kernel, 
gamma value and C value is the key for boosting the evaluation and 
prediction model. In this study, the gamma and C value are determined 
by random sampling for enhancing the efficiency of the model con
struction process. The searching range of the random research for the 
gamma value is from 1 to 10 and 0.1 to 1 for SVC and SVR model, 

respectively, the searching range of the SVR model is from 0.01 to 0.1. 
Furthermore, in order to search for the best parameter combination, 
each model will undergo 100 iterations. 

3.4.2. SVC model evaluation by evaluation metrics 
The evaluation metrics of classification problems applied in this 

research because the testing accuracy cannot completely reflect the 
performance of the classification models ([43]). The output result for a 
binary classification model can be divided into 4 types owing to the 
different situations between the predicted class and actual class 
(Fig. 10). Correspondingly, there are 4 basic evaluation criteria called 
sensitivity, specificity, precision and negative predictive value (NPV) to 

Fig. 11. Utilization of 4-fold cross validation (Edited by Wang et al. [141]).  

Fig. 12. Composition and distribution of training and testing data. (a) Distribution of the HEI. (b) Distribution of sandstone thickness in the Es3 Formation. (c) 
Distribution of reservoir porosity. (d) Distribution of permeability. (e) Distribution of fluid potential. (f) Distribution of NFI. (g) Composition of seal development. (h) 
Composition of hydrocarbon accumulation probability. (i) Distribution of reservoir abundance. 
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evaluate the performance of the classification model on the positive 
class and negative class (Fig. 10). Furthermore, the F1-score is also 
introduced to evaluate both sensitivity and precision: 

F1 − score =
2*Precision*Sensitivity
(Precision + Sensitivity)

(14)  

3.4.3. SVR model evaluation by 4-fold cross validation 
The cross-validation is an effective validation method to estimate the 

performance of the reliability and generalization of models [137]. The 
cross-validation is a resampling method which equally divides the 
original data to several parts, and uses the different parts of data to train 
and test a model on different iterations [133]. When one subgroup is 

Fig. 13. Lateral distributions of feature variables: (a) HEI, (b) NFI, (c) sandstone thickness, (d) seal development and (e) fluid potential in the study area.  
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selected as testing data, the other subgroups are selected as the training 
data (Fig. 11). In this study, a 4-fold cross validation is applied, through 
which the original dataset for RA prediction is divided into 4 subgroups. 
In the process of the 4-fold cross-validation, each part of the data is used 

as testing data exactly once, which will overcome the repeat random 
sampling for certain data [134]. 

Fig. 13. (continued). 
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3.5. Peculiarity of the method 

For dealing with the small data size and lower regression accuracy 
for PNGR potential prediction, there are two main innovations of the 
new ML method in this research: 

(1) The feature variables are constructed and calibrated by integra
tion and noise reduction. 

Feature integration is an effective method to compensate the insuf
ficiency of data size. Based on the petroleum geological knowledge, the 
feature variables of HEI and FI are firstly introduced for ML application 
in the PNGR prediction model. The new feature variables contain many 
messages of source rocks and sedimentary facies which can significantly 
influence the hydrocarbon generation, migration and accumulation 
processes and therefore can improve the performance of the prediction 
model.  

(2) The PNGR is predicted by classification and regression processes 
by the combination of SVC and SVR model. 

Considering the poor performance by a single regression ML model, 
the PNGR is predicted first by the hydrocarbon accumulation probability 
prediction by the SVC model and then the reserve abundance prediction 
by the SVR model. Based on the result of SVC model, the distribution of 
favourable zones for hydrocarbon accumulation is determined. Con
strained by the range of favourable zones, the accuracy of the reserve 
abundance prediction by SVR model increases obviously. 

4. Result 

4.1. Data processing result 

In this study, the whole dataset is divided into two parts: one is 
applied for model training and testing and covers the middle and eastern 
portions of the study area named zone A; the other is used for validation 
and covers the western portion of the study area named zone B (Fig. 1). 

4.1.1. Training and testing data 
Zone A is one of the most favourable hydrocarbon accumulation 

zones in the Dongpu Depression, with 130 exploration and exploitation 
wells and 102 discovered hydrocarbon reservoirs. As previously stated, 
the feature variables selected by this study are characterized by a 
continuous distribution and are therefore predictable. In this research, a 
total of 130 × 8 = 1040 pieces of data were collected and used as 
training and testing data in zone A. Different feature variables are 
characterized by different distributions. The porosity, permeability and 
sandstone thickness are characterized by a nearly normal distribution, 
while the HEI shows unbalanced distributions concentrated at small 
values, and the distribution of fluid potential is characterized by a uni
form distribution (Fig. 12a-g). The target variable of hydrocarbon 
accumulation probability is determined by oil and gas shows and pro
duction signals from exploration and exploitation wells. Among the total 
130 wells, 72 are oil wells, and the other 58 are failed wells (Fig. 12h). 
The distribution of the other target variable, reserve abundance, is 
characterized by large disparities, ranging from 4.62 to 165.73 mt/km2, 
while over 70% of the reserve abundance values range from 0 to 60 mt/ 
km2 (Fig. 12i). 

For the feasibility of further prediction of hydrocarbon accumulation 
probability and reserve abundance, continuous lateral distributions of 
the HEI, sandstone thickness, NFI, caprocks and fluid potential are 
needed. The lateral distributions of these feature variables are obtained 

Fig. 13. (continued). 
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by interpolation based on the measured data or well log and seismic data 
(Fig. 13). The distribution of HEI is characterized by a gradually 
increasing trend from the northeast to the southwest of the study area 
with two hydrocarbon generation centres in the southwest and southeast 
of the study area (Fig. 13a). The distribution of NFI shows different 
characteristics from the HEI distribution. The wells with high NFI value 
are located in the central portion of the study area and characterized by 
a gradually decreasing trend from the central edge area. While there are 
also some high NFI which are locate in the western edge of the study 
area (Fig. 13b). The sandstone thickness distribution is similar to the NFI 
distribution, which is also characterized by gradually decreasing trend 
from the central to the edge of the study area. The sandstone thickness of 
the central portion can reach 15 to 20 m (Fig. 13c). The caprocks is 
mainly distributed in the northwest, central, and northeast regions. Note 
that the central portion with high NFI and large sandstone thickness are 
also characterized by good sealing condition for oil and gas storage 
(Fig. 13d). The distribution of fluid potential is similar to that of the HEI, 
the hydrocarbon generation centres are characterized by the largest 
fluid potential values of approximate 25,000 kJ/m3. From the northeast 
to the southwest, the fluid potential shows a gradually decreasing trend 
(Fig. 13e). In this study, the lateral distribution of the favourable zones 
for hydrocarbon accumulation and the distribution of reserve abun
dance are predicted based on the constructed model of SVC and SVR, 
which are shown and discussed in Section 4.4. 

4.1.2. Validating data 
Zone B is selected for validation of the evaluation models of SVC and 

SVR. There are 40 exploration wells and a total of 40 × 8 = 320 pieces of 
data that have been collected for the validation test. The feature 

variables for validation are also characterized by different distributions. 
The HEI and closing height of traps are characterized by unbalanced 
distributions and concentrated distributions with small values, while the 
sandstone thickness is characterized by concentrated distributions with 
larger values. Porosity shows a concentrated distribution ranging from 8 
to 16%, permeability is mostly distributed from 1 to 10 mD, and fluid 
potential mainly ranges from 1000 to 5000 kJ/m3 (Fig. 14a to g). For the 
target variable of hydrocarbon accumulation probability, there are 15 
oil and gas wells and 25 failed wells (Fig. 14h). The target variable of 
reserve abundance shows an unbalanced distribution, with over 75% of 
the data ranging from 0 to 40 mt/km2 (Fig. 14i). To conclude, the dis
tribution of validation data is very different from the training and testing 
data, and this situation is suitable for validating the evaluation models. 

4.2. Hydrocarbon accumulation probability evaluation model by SVC 

4.2.1. Training and validating of the SVC model 
The hydrocarbon accumulation prediction model is considered the 

first step in evaluating or predicting the PNGR potential. In this study, 
75% of the data from the original dataset are set as the training data, and 
the other 25% of the data are set as validating data for searching for the 
best hyperparameters (Kernel, gamma and C value). In this research, the 
best hyperparameters are determined by random search. The whole 
process is achieved by SPSS modeller software. With a random sampling 
process, a certain composition of training and validating dataset is 
separated. After the determination of hyperparameters, a model with the 
highest validating accuracy of 82.14% and the corresponding training 
accuracy of 95.1% is constructed (Fig. 15). In this model, only 3 oil wells 
and 5 failed wells are predicted by mistake. The 3 wrongly predicted oil 

Fig. 14. Composition and distribution of training and testing data. (a) Distribution of the HEI. (b) Distribution of sandstone thickness. (c) Distribution of reservoir 
porosity. (d) Distribution of permeability. (e) Distribution of fluid potential. (f) Distribution of NFI. (g) Composition of seal development. (h) Composition of hy
drocarbon accumulation probability. (i) Distribution of reservoir abundance. 
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wells are located in the middle part of the Zone A with a concentrated 
distribution, while the 5 wrongly predicted failed wells are character
ized by a discrete distribution at the edge of the study area. 

Considering that our dataset is small and the prediction model is 
easily influenced by the composition of training and validating data, we 
constructed 20 models based on different compositions of training and 
testing data by random sampling. For achieving higher validating 

accuracy, the kernel function of the RBF, polynomial function and linear 
function are all used in this study. For searching the best gamma value 
and C value, the random search is applied in the hyperparameter 
determination processes. The training accuracy of the 20 models ranges 
from 90.91% to 96.77%, and the validating accuracy of the models 
ranges from 80.0% to 100.0%. Table 2 shows the constructing result of 
the 20 models with the best validating accuracy after the determination 

Fig. 15. Training and testing results of hydrocarbon accumulation probability evaluation by the SVC model.  

Table 2 
Training and testing accuracy for 20 SVC models.  

Number Kernel Gamma C value Validating accuracy (%) Training accuracy (%) 

RBF Polynomial Linear 

1 √   1.02 0.01 82.14 95.1 
2 √   1.52 0.16 83.78 96.77 
3 √   1.17 0.011 93.55 93.94 
4    1.10 0.14 84.21 93.48 
5    1.00 0.17 90.48 92.05 
6 √   1.69 0.014 100 91.26 
7 √   2.28 0.011 83.87 95.96 
8 √   1.04 0.016 88.24 95.83 
9 √   1.84 0.18 84.62 93.41 
10 √   1.15 0.19 96.43 94.12 
11   √ / 0.11 87.1 90.91 
12  √  1.78 0.015 85.71 92.16 
13 √   1.01 0.13 94.29 92.63 
14 √   1.06 0.19 92.68 93.26 
15 √   1.74 0.10 96.55 92.08 
16   √ / 0.017 80 92.63 
17   √ / 0.018 82.5 92.22 
18  √  1.57 0.09 88.24 93.75 
19 √   1.39 0.017 87.86 95.06 
20 √   1.00 0.016 96.15 91.35  
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of the hyperparameters (the corresponding training accuracies of the 
models are also shown). The determination result of Kernel function 
shows the obvious advantage of the RBF among the three functions. The 
gamma value ranges from 1.00 to 2.62, while the C value ranges from 
0.01to 0.19. Note that when the linear function is selected as the kernel, 
the gamma value is not available. With the constraint of gamma and C 
values, the overfitting of models is corrected with high validating ac
curacy. Furthermore, the result also shows the influence of data 
composition on the performance of the model (Table 2). 

4.2.2. Testing of the SVC model 

4.2.2.1. Model testing by evaluation metrics. As previously stated, the 
evaluation metrics are applied in this research for further analysing the 
classification performance of the SVC models. The results of the evalu
ation metrics show that the precision value of the 20 SVC models ranges 
from 0.86 to 1.00, with an average of 0.88; the sensitivity value ranges 
from 0.82 to 1.00, with an average of 0.94; the specificity value ranges 
from 0.69 to 1.00, with an average of 0.83; and the negative predictive 
value ranges from 0.73 to 1.00, with an average of 0.91. The F1-score 
value ranges from 0.82 to 1.00, with an average of 0.91. The SVC 
models show better performance on Sensitivity and NPV than that on 
precision and specificity, which means most SVC models are better at oil 
well location prediction than the failed oil well location prediction. The 
possible reason for the performance is that the amount of oil well is far 
more than the failed well. In total, the SVC models show good perfor
mance in the evaluation metric parameters (Table 3). 

The value of the F1-score can reflect the performance of the SVC 

model in a more subjective way [94]. Therefore, the F1-score is selected 
as the evaluation criterion for the SVC model. Accordingly, models 6, 10, 
14, 15 and 20 with the highest F1-scores are selected as the best models 
for the validation test using the dataset of zone B. 

4.2.2.2. Model testing by hold-out test dataset in zone B. In this study, 
zone B is selected for testing the performance of the SVC model. The 
results of the best 5 SVC models with the highest F1-scores are applied 
for the validation test. The results show that the testing accuracies of the 
5 models are 65%, 67.5%, 72.5%, 60% and 72.5%, with an average of 
67.5% (Table 4). The results of the evaluation metrics show that the 
specificity and NPV are better than the precision and sensitivity for all 
the models, which also indicates the better performance of these models 
to predict oil well location than the failed ones. Models 14 and 20 show 
the best performances of hydrocarbon accumulation probability pre
diction with F1-scores of 0.65 and 0.62, respectively. The successfully 
evaluated data points are distributed in the middle part of zone B, while 
the incorrectly evaluated data points are distributed in the northwestern 
and southwestern portions. The 5 wrongly predicted oil wells (Well B- 
33, B-37, B-38, B-39 and B-40) are characterized by a concentrated 
distribution on the north edge of the Zone B for all the 5 models. The 
failed wells of Well B-1 to Well B-6, which are concentrated on the 
southwest part of Zone B, are also easily to be predicted by mistake 
(Fig. 16). Comparing to the training and validating dataset, the testing 
data is characterized by larger proportion of failed wells, which may 
lead to the deviation of the predicting results. 

4.3. Reserve abundance evaluation model by SVR 

4.3.1. Training and validating of the SVR model 
The reserve abundance prediction model is constructed by the SVR 

algorithm with the kernel function, which is applied to enhance the 
performance of the SVR model in regression. By random sampling, 10 
pairs of SVR models are constructed. For achieving higher validating 
accuracy, the determination of hyperparameters is still required. The 
RBF, polynomial function and linear function are used for kernel func
tion selection. Also, the hyperparameters of gamma and C value for each 
model are determined by random search. 

The training and validating results show large disparity of the cor
relation coefficients (Ccoe) with different dataset and hyperparameters. 
The kernel functions of RBF and linear perform better than the poly
nomial. With the constraint of the gamma and C value, the final vali
dating Ccoe ranges from 0.564 to 0.862 with an average of 0.7042, and 
the training Ccoe ranges from 0.566 to 0.721 with an average of 0.6395, 
which is slightly lower than that of the validating Ccoe (Table 5). On the 
one hand, the higher Validating Ccoe indicates the effect of the hyper
parameter of gamma and C value for overcoming the overfitting of the 
model which will lead to better training performance and worse 
generalization performance of the model. On the other hand, the un
stable performances for the 10 models also show the large influence of 
the original dataset on the final performance of the models, especially 
when the size of the dataset is not large enough. The models with RBF 
have an average validating Ccoe of 0.7403 and training Ccoe of 0.6514, 
while the models with Polynomial are characterized by the average 
validating Ccoe of 0.6200 and training Ccoe of 0.6117. The Linear 
function has not provided a good model with high validating Ccoe, 
which indicates the nonlinear characteristic of the problem. Considering 
both the stability and the reliability of the predicting model, the fifth 
model with the best training Ccoe and the secondary highest validating 
Ccoe is determined as the best model for RA evaluation and prediction. 
The training and testing results of the fifth model using the RBF are 
shown in Fig. 17. 

Table 3 
Evaluation metric values of SVC models for the testing process.  

Number Precision Sensitivity Specificity NPV* F1- 
score 

Testing 
accuracy 
(%) 

1 0.88 0.83 0.80 0.73 0.86 82.14 
2 0.78 0.95 0.72 0.93 0.86 83.78 
3 0.88 1.00 0.88 1.00 0.93 93.55 
4 0.75 1.00 0.70 1.00 0.86 84.21 
5 0.95 0.88 0.94 0.85 0.91 90.48 
6 1.00 1.00 1.00 1.00 1.00 100 
7 0.93 0.82 0.93 0.81 0.88 83.87 
8 0.91 0.91 0.83 0.83 0.91 88.24 
9 0.86 0.86 0.82 0.82 0.86 84.62 
10 0.95 1.00 0.90 1.00 0.97 96.43 
11 0.79 1.00 0.75 1.00 0.88 87.1 
12 0.85 0.94 0.70 0.88 0.89 85.71 
13 0.94 0.94 0.94 0.94 0.94 94.29 
14 0.89 1.00 0.82 1.00 0.94 92.68 
15 1.00 0.93 1.00 0.94 0.96 96.55 
16 0.80 0.84 0.75 0.80 0.82 80 
17 0.82 0.96 0.69 0.92 0.88 82.5 
18 0.87 0.95 0.77 0.91 0.91 88.24 
19 0.87 0.93 0.81 0.89 0.90 87.86 
20 0.93 1.00 0.92 1.00 0.97 96.15 
Average 0.88 0.94 0.83 0.91 0.91 88.92 

NPV*: Negative predictive value. 

Table 4 
Evaluation metric values of SVC models for the testing processes.  

Number Precision Sensitivity Specificity NPV F1- 
score 

Testing 
accuracy 
(%) 

6 0.55 0.40 0.80 0.69 0.46 65.0 
10 0.58 0.47 0.80 0.71 0.52 67.5 
14 0.63 0.67 0.76 0.79 0.65 72.5 
15 0.44 0.27 0.80 0.65 0.33 60.0 
20 0.64 0.60 0.80 0.77 0.62 72.5 
Average 0.57 0.48 0.79 0.72 0.52 67.5  
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4.3.2. Testing results of the SVR model 

4.3.2.1. Model testing by 4-fold cross validation. For eliminating the in
fluence of dataset on the model performance, the 4-fold cross validation 
is applied. The whole dataset is equally divided into 4 subgroups, and 4 
SVR models are constructed by the application of RBF with each sub
group set as the testing data. The result of the 4 models shows similar 
Ccoe with an average of 0.663. The predicted reserve abundance by the 

4 models also show the similar distribution to the model by random 
sampling (Fig. 18). In addition, the average Ccoe of the 4 models is close 
to the average Ccoe of the SVR model by random sampling, which in
dicates good reliability and stability performance of the SVR model for 
reserve abundance prediction. 

4.3.2.2. Model testing by hold-out dataset in zone B. In this study, zone B 
is also selected for testing the performance of the SVR model. The 

Fig. 16. Testing results in zone B by the best 5 SVC models. (a) Actual distribution of oil wells and failed wells in zone B. (b) Validation test result of the No. 6 SVC 
model. (c) Validation test result of the No. 10 SVC model. (d) Validation test result of the No. 14 SVC model. (e) Validation test result of the No. 15 SVC model. (f) 
Validation test result of the No. 20 SVC model. 

Table 5 
Correlation coefficients of the SVR models with different kernel functions.  

Number Kernel Gamma C value Validating Ccoe Training Ccoe 

RBF Polynomial Linear 

1 √   0.17 0.011 0.791 0.622 
2 √   0.11 0.016 0.862 0.596 
3  √  0.12 0.014 0.622 0.678 
4 √   0.12 0.014 0.613 0.651 
5 √   0.11 0.017 0.803 0.721 
6  √  0.19 0.010 0.564 0.591 
7 √   0.12 0.012 0.671 0.682 
8 √   0.14 0.018 0.739 0.611 
9 √   0.16 0.011 0.703 0.677 
10  √  0.17 0.014 0.674 0.566  
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selected SVR model shows good performance in evaluating the reserve 
abundance for 15 data points with a Ccoe of 0.744. The testing result 
shows that the SVR model can provide a good estimate of the distribu
tion of reserve abundance and performs better in the evaluation of 
relatively small reserve abundance with values close to the real ones 
(Fig. 19). However, the model cannot precisely evaluate a large reserve 
abundance in terms of absolute value. The relatively weak ability for the 
model to provide the precise prediction of the large reserve abundance 
attributes to the composition of the dataset, in which the reservoirs with 
larger reserve abundance (>50mt/km2) are rare (Fig. 14h). 

4.4. Prediction performance of PNGR potential by SVC and SVR 

The models constructed show good performance with respect to the 
dataset from exploration and exploitation wells. However, during the 
PNGR exploration process, the prediction of PNGR potential must be 
performed without enough well data, which means that ML models 

should provide the lateral continuous distribution of PNGR potential, 
which is hard to achieve. Based on the method of feature variable 
characterization introduced in this study, prediction of the lateral 
continuous distribution of hydrocarbon accumulation probability and 
reserve abundance can be accomplished. To further enhance the pre
diction accuracy of the PNGR potential, we used the SVC and SVR 
models in combination to first predict the hydrocarbon accumulation 
probability and then the reserve abundance. 

Based on the lateral continuous feature variable distribution, the 
hydrocarbon accumulation probability of the study area is predicted. 
The whole study area is gridded to 191 × 140 = 26,740 prediction units, 
and the values of the feature variables in each prediction unit are ob
tained by interpolation (Fig. 20a). The prediction results show that most 
of the discovered oil reservoirs are successfully predicted by the 14th 
SVC model selected in this study. The predicted oil reservoir range is also 
similar to the actual range (Fig. 20b). The final statistical result shows 
that the prediction accuracy of the hydrocarbon accumulation proba
bility reaches 84.3%. 

The reserve abundance prediction is based on the hydrocarbon 
accumulation probability prediction result. In other words, only the area 
with positive hydrocarbon accumulation probability prediction results is 
selected as the data points of reserve abundance prediction. In this 
study, the predicted reserve abundance results for the study area also 
show a similar distribution to the actual reserve abundance distribution 
(Fig. 20c). Based on these prediction results, the value of reserve 
abundance for every grid can be provided for comparison and further 
determination of exploration and exploitation strategies (Fig. 20d). 

5. Discussion 

5.1. Effectiveness evaluation of the combination of SVC and SVR 

In this study, the PNGR potential is predicted first by hydrocarbon 
accumulation probability prediction by SVC and then by reserve 

Fig. 17. Training and validating results of reserve abundance evaluation by the 
SVR model. 

Fig. 18. 4-fold cross validation test results for the reserve abundance prediction models by SVR. Figure (a) to (d) shows the 4 SVR models of the 4-fold 
cross validation. 
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abundance prediction by SVR. One of the most important reasons for this 
two-step prediction process is that the PNGR potential prediction only 
by the regression process always leads to a low accuracy, which will 
increase the risk of a failed well. However, the SVC model shows good 
performance. Constrained by the result of the SVC model, RA prediction 
by SVR is accomplished in an area with a high probability of hydro
carbon accumulation. 

To prove the effectiveness of the combination of the SVC and SVR 
models in this study, the reserve abundance prediction model without 
the constraint of SVC results is also constructed. The result of reserve 
abundance prediction shows that the favourable hydrocarbon accumu
lation zone with different RA values is much larger than the actual range 
of oil reservoirs and the prediction results by the combination of SVC 
and SVR models (Fig. 21). Additionally, the model also provides a 
number of reserve abundance values in the area of actual failed wells 
(Fig. 21b and Fig. 1). Furthermore, the model using only SVR failed to 
provide an reserve abundance distribution similar to that of the model 
based on SVC and SVR, which means that the model cannot provide the 
best location of exploration wells for obtaining the most PNGR 
(Fig. 21b). To conclude, without the constraint of hydrocarbon proba
bility prediction by SVC, the regression model overestimates the PNGR 
potential in the study area, which enhances the risk of failed wells. 

5.2. Comparison between multiple machine learning algorithms 

5.2.1. Classification model comparison 
Although previous studies have shown that the SVC algorithm is one 

of the best algorithms for solving classification problems by determining 
the best class boundaries (SVMs), there are also several popular algo
rithms for dealing with classification problems. In this study, hydro
carbon accumulation prediction models based on decision tree (DT), 
random forest (RF), naïve Bayes (NB) and K-nearest neighbour (KNN) 
are also constructed for comparison. 

Using the same dataset, 20 models for each algorithm are con
structed and tested. The results show that the performance of the SVC 
model is indeed the best, with the best performance in all the evaluation 

parameters (Fig. 22). The KNN model and NB model are characterized 
by good stability with an accuracy >60%, while the maximum accuracy 
of the KNN and NB model can reach only 80.4% and 81.8%, respec
tively. The DT and RF models are characterized by instability. In other 
words, the maximum accuracy of the DT and RF models can reach 100%; 
however, the minimum accuracies of these two models are also <50% 
and 60%, respectively. 

5.2.1.1. Comparison between KNN and SVC. The KNN algorithm is a 
typical unsupervised learning algorithm which divides data into several 
groups based on the requirements of the practical problems. The KNN 
model is always used for the classification of data without label and thus 
the classification result of the KNN may or may not match the actual 
situation of the original data (Fig. 23a). In this study, the data for the 
classification processes has the label, which means KNN is unable to 
exert its advantages of unsupervised learning comparing to SVC or other 
supervised learning algorithms. Furthermore, there are only two clas
sification results for the hydrocarbon accumulation probability, which 
also increases the difficulty for KNN to make a good classification of the 
dataset which contains 7 feature variables. The comparison between the 
KNN and SVC shows that almost every SVC model has higher testing 
accuracy than the corresponding KNN model with the same dataset, 
which indicates the advantage of SVC model (Fig. 23b). 

5.2.1.2. Comparison between DT and SVC. The DT algorithm is one of 
the most popular supervised learning algorithms which is both suitable 
for classification and regression problems ([140]). In this research, the 
binary classification tree is applied for hydrocarbon accumulation 
probability prediction (Fig. 24a). The hyperparameters including the 
maximum of the layer of a decision tree, the minimum of the samples in 
a subgroup and the minimum impurity decrease are determined for 
improving the performance of DT by overfitting calibration ([49,121]). 
The advantage and disadvantage of the DT algorithm are equally 
prominent: hhe DT model may provide an excellent performance with 
the testing accuracy as high as 100% (4 of 20 models in this research); 
however, 5 models show the test accuracy of <50% with the minimum 

Fig. 19. Testing result of zone B by the selected SVR model.  
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Fig. 20. PNGR potential prediction processes. (a) Gridding of the study area. (b) Hydrocarbon accumulation probability prediction by SVC. (c) RA prediction by SVR. 
(d) Precise prediction of reserve abundance for the selected grid. 
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of approximate 35%, which indicates the intensive overfitting of the 
models (Fig. 24b). In other words, the performance of DT model is un
stable and can be easily affected by few features of the dataset ([141]). 

5.2.1.3. Comparison between RF and SVC. The RF algorithm is an 
ensemble learning algorithm based on decision tree. Comparing to the 
DT algorithm, the RF algorithm can significantly improve the accuracy 

Fig. 20. (continued). 
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Fig. 21. Reserve abundance prediction by (a) the combination of SVC and SVR models and (b) single SVR model.  
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and stability by making decision from multiple single prediction DT 
models [116,122,123]. In this research, every RF model is constructed 
by 10 individual binary decision trees (Fig. 25a). The testing result 
shows the obvious improvement of the stability by RF models comparing 
to the corresponding DT models (Fig. 22). Almost all the models show 
the testing accuracy of higher than 60%. However, the SVC models still 
show better performance than that of the corresponding RF models in 
general by the higher average testing accuracy (Fig. 25b). On the one 
hand, the overfitting may still exist for the trees which compose the RF 
and may lead to the deviation of the classification; on the other hand, the 
size of the dataset is small for an ensemble learning algorithm to show 
the advantage. 

5.2.1.4. Comparison between NB and SVC. The NB algorithm is a su
pervised learning algorithm that directly measures the probability 
relationship between labels and features [124]. Comparing to the 
traditional Bayes method, the naïve bayes algorithm presumes that all 
the feature variables are independent of each other [125]. While as 
preciously stated, the feature variables in this research are related and 
can influence each other. Therefore, it is reasonable that the NB model 

cannot provide a good performance for the hydrocarbon accumulation 
probability prediction with the lowest testing accuracy maximum of 
79.4%. Comparing to the NB model, the SVC models also provide better 
performance in both testing accuracy and stability (Fig. 26). To 
conclude, the SVC model is the most suitable model for the mode con
struction of hydrocarbon accumulation in this study. 

5.2.2. Regression model comparison 
In addition to the SVR algorithm, there are several other popular 

algorithms for solving regression problems. In this study, we also 
selected several regression algorithms, including MLR, PR and GBDT, to 
compare to the SVR model. The training and testing datasets are also the 
same as those of the SVR model used in this study. The result shows that 
the SVR model is also the best model, with Ccoe values ranging from 
0.502 to 0.767 with an average of 0.602. Among the other models, the 
GDBT model also performs well, with the highest Ccoe of 0.735 and 
average Ccoe of 0.582. The MLR and PR models are characterized by 
poor performance with low Ccoe values (Fig. 27). Although the models 
show large disparities, the results of the comparison represent the per
formance of the models only in terms of the problems examined in this 
study instead of all the actual problems. 

Fig. 22. Performance of different classification models in hydrocarbon accumulation probability prediction.  

Fig. 23. The comparison between the KNN and SVC algorithms for the prediction of hydrocarbon accumulation probability. (a) The unsupervised process of KNN 
without labels; (b) The prediction results of the KNN and SVC algorithms for 20 models using the same data. 
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5.2.2.1. Comparison between MLR and SVR. The MLR algorithm is the 
simplest regression algorithm which characterizes the linear correlation 
between an independent variable and multiple dependent variables. The 
MRL model has a wide application range except for the multicollinearity 
problem, which means the explanatory variables are characterized by 
precisely or highly correlated relationship [127]. In this research such 
precisely correlated relationship does not exist between the variables. 
The testing result shows that the testing Ccoes of most of the MLR 
models are lower than the corresponding SVR models with a relatively 
large disparity (Fig. 28). 8 of the 10 models are characterized by the 
testing correlation coefficient lower than 0.5 with the minimum of 
0.272. The result also indicates the nonlinear characteristic of the 
reserve abundance prediction process. 

5.2.2.2. Comparison between PR and SVR. The PR algorithm is an 
improvement of the linear regression algorithm and can be applied to 
deal with the nonlinear regression problems by ascending dimension 
[128]. The final polynomial will be complex without unified expression 
by ascending dimension and multiple features in the dataset. The testing 
result shows that the PR models perform better than the MLR models in 
average, which proves the advantage of the nonlinear algorithm for the 
reserve abundance prediction in this research. While the SVR models 
also perform better than the PR models for most groups (Fig. 29). The 
average testing Ccoe of the PR models is 0.564, which is also lower for 
the requirement of the RA prediction in practical. 

5.2.2.3. Comparison between GDBT and SVR. The GDBT algorithm is an 
ensemble learning algorithm which is applied for dealing with regres
sion problems [130,132]. While different from RF, the GBDT uses 
boosting instead of bagging to construct an ensemble learning model. In 
the GBDT, every decision tree model is constructed for improving the 
prior DT model [129,131]. In this situation, the single DT model in the 
GBDT is not independent but related. The testing results show that the 

GBDT models have the similar performance both in the accuracy and the 
stability with the similar average Ccoe and the Ccoe distribution 
(Fig. 30). Therefore, the GBDT may have the potential to be a better 
choice because the advantages of the ensemble learning model may be 
more obvious with the increase of the data size. However, the compu
tation of the ensemble learning model will also increase rapidly, so the 
SVR model with relatively small computation and therefore high effi
ciency is still competitive, especially when the data size is difficult to be 
enlarged significantly in practical. 

5.2.2.4. Comparison between the linear and nonlinear regression models. 
The regression algorithms can be simply divided into two types, which 
are liner regression and nonlinear regression. While, most of the prob
lems which need the ML methods are nonlinear problems in practical. 
Therefore, the nonlinear seems to have better applicability. The 
nonlinear regression models can always show good performance on 
linear data, but the linear regression models always have poor perfor
mance on nonlinear data (Fig. 31a and b). However, the linear regres
sion also has its advantage of the higher efficiency and smaller 
computation than the nonlinear regression algorithms. Different from 
most ML algorithms, the SVM can provide both linear and nonlinear 
models with the different kernel functions (Fig. 31c). Therefore, the 
SVM algorithm has the potential to provide the evaluation and predic
tion model with both high efficiency and high accuracy, which makes 
the SVM the preferred algorithm for solving practical problems. 

5.3. Improvement of the model 

There are multiple factors that influence the performance and 
practicability of an ML model. In other words, the performance of the 
ML model can be improved in many ways. In this study, we have 
checked the whole process of PNGR resource prediction and provided 
the following ways to improve the performance of the model: 

Fig. 24. The comparison between the DT and SVC algorithms for the prediction of hydrocarbon accumulation probability. (a) The structure of a binary decision tree; 
(b) The prediction results of the DT and SVC models for 20 algorithms using the same data. 
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Fig. 25. The comparison between the RF and SVC algorithms for the prediction of hydrocarbon accumulation probability. (a) The structure of a RF constructed by 10 
binary decision trees; (b) The prediction results of the RF and SVC algorithms for 20 models using the same data. 

Fig. 26. The comparison between the NB and SVC algorithms for the prediction of hydrocarbon accumulation probability by 20 couples of models.  

Fig. 27. Performance of different regression models in reserve abundance prediction.  

Q. Wang et al.                                                                                                                                                                                                                                   



Applied Energy 351 (2023) 121836

28

(1) Enlarging the data size. The data are the foundation of the ML 
process. Compared to the application of ML in medical treatment, 
transportation, and commerce, the data size of the petroleum 
exploration industry is small. Owing to the lack of a larger reserve 
abundance value for model training, the final prediction results of 
reserve abundance show poor performance in PNGR potential 
prediction for oil and gas reservoirs with large reserve abun
dance. If the data size is large enough, the evaluation and pre
diction performance of the ML model will be better and could 
meet the requirements of precise petroleum exploration and 
exploitation.  

(2) Optimizing the feature variable construction process. Feature 
variables based on petroleum geological knowledge can 
compensate for the influence of a small amount of data. An 
appropriate scheme of feature variable construction can make the 
dataset reflect more useful information and therefore improve the 

performance of the ML model. Furthermore, the advanced and 
reasonable construction of feature variables can also compensate 
for the defects of insufficient data.  

(3) Using the ensemble learning model. The ensemble learning 
model is proved to improve the accuracy and stability of the 
single evaluating and predicting models especially when the data 
size is large enough. When the single model by SVC and SVR in 
this research cannot meet the requirement, an ensemble learning 
model based on multiple SVC or SVR models may improve the 
performance of the evaluating and predicting work. 

Furthermore, this model can be employed in other rift basins with 
similar tectonic and sedimentary evolution processes. Under similar 
geological backgrounds, the controlling factors of hydrocarbon accu
mulation are always consistent. Otherwise, this evaluation and predic
tion model should be modified. For example, for unconventional 

Fig. 28. The comparison between the MLR and SVR algorithms for the prediction of reserve abundance by 10 couples of models.  

Fig. 29. The comparison between the PR and SVR algorithms for the prediction of reserve abundance by 10 couples of models.  

Fig. 30. The comparison between the GBDT and SVR algorithms for the prediction of reserve abundance by 10 couples of models.  
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resources, the development of caprock is not a necessary condition for 
hydrocarbon accumulation, and the decisive factors may be the devel
opment of fractures and well pore connections that construct the “sweet 
spots” of tight gas sandstone or shale gas reservoirs. Overall, the con
struction of PNGR resource potential prediction models should be 
guided by petroleum geological knowledge. 

6. Conclusion  

(1) This study introduces a PNGR potential prediction method, which 
is based on ML and firstly applies the SVC and SVR as a combi
nation for dealing with a practical problem in petroleum explo
ration and exploitation field. Based on the data preprocessing and 
construction of feature variables, which are constrained and fixed 
by petroleum geology knowledge, the PNGR potential is first 
predicted by hydrocarbon accumulation probability prediction 
by SVC and then reserve abundance prediction by the SVR al
gorithm. Furthermore, the predictability of the feature variables 
can support the model to make lateral continuous distribution of 
PNGR potentials, which is essential for the model application in 
practical. 

(2) The two-step SVM prediction model of PNGR shows good per
formance with high accuracy, high stability and good general
ization. The classification model based on SVC provides a 
hydrocarbon accumulation probability evaluation with tested 
accuracies ranging from 80% to 100% and an average of 88.92%. 
Based on the constrain of SVC model, the SVR model provides the 
reserve abundance evaluation with the tested Ccoe ranging from 
0.502 to 0.767, with an average of 0.602. The validation results 
show that the model can predict the hydrocarbon accumulation 

probability with an accuracy of 72.5% and the reserve abundance 
with a Ccoe of 0.744, which is <0.4 without the constrain of SVC 
model. Therefore, the proper classification processes based on the 
professional knowledge system can significantly improve the 
performance of the regression model in this research, which is 
also referable for the application of ML. In total, the predicted 
results by the SVC and SVR models match well with the actual 
exploration situations in the Dongpu Depression. The result in
dicates the effectiveness of the combination of SVR and SVC, 
which is firstly applied in the PNGR prediction.  

(3) The PNGR prediction model based on SVC and SVR also shows 
better performance comparing to single classification or regres
sion algorithms. The DT and RF model show similar upper limit of 
accuracy as the SVC model but also show instability with lowest 
accuracy of 36.3% to 49.4%. While the KNN and NB model show 
good stability but lower upper limit of the predicting accuracy. 
The advantage of the SVR model constrained by the SVC model is 
obvious comparing to the other single regression models both in 
accuracy and stability. Furthermore, the ensemble learning 
model of GBDT shows obvious improvement comparing to the 
single model both in the improvement of upper limit and the 
stability. 

(4) There are several ways to improve the performance of the pre
diction model, including enlarging the data size, optimizing the 
feature variable construction process and using the ensemble 
learning model. The utilization of ML in PNGR potential predic
tion has broad prospects and will be helpful in guiding the 
exploration and exploitation of petroleum and natural gas 
resources. 

Fig. 31. Comparison of the linear and nonlinear regression algorithms for dealing with different kind of problems. (a) The poor performance of the linear regression 
models to deal with nonlinear problems. (b) The good performance of the non-linear regression models to deal with linear problems. (c) The SVM can provide the 
linear models by linear kernel and the nonlinear models by polynomial, RBF and sigmoid kernels. 
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