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A B S T R A C T   

The prediction of favorable zone (FZ) is the most important step for conventional hydrocarbon accumulations 
(CHAs) exploration. Recently, the method of coupling multiple hydrocarbon accumulation (HA) elements is 
widely used to predict the distribution of FZ in the petroleum exploration field. However, the forming mechanism 
of CHAs is extremely complicated, which causes difficulty in accurately describing the relationship between 
multiple HA elements and HA probability (HAP). Hence, it is difficult to predict the distribution of FZ quanti
tatively and credibly using traditional methods. This study proposes a method for predicting FZ for CHAs based 
on random undersampling boosted (RUSBoosted) tree machine learning (ML) algorithm. First, the characteristics 
of data in the petroleum exploration field are clarified, and a suitable ML algorithm is selected. Second, the 
theory and knowledge of the petroleum exploration field is integrated into the data, a HAP prediction model for 
CHAs is constructed, and then the method for FZ prediction is proposed. Further, the method is applied to Jin 93 
Well Block for predicting FZ of CHAs. Finally, this study discussed the difference in performance among models 
constructed by the RUSBoosted tree and other five ML algorithms and the difference in training results between 
the original geological data and preprocessed geological data on the RUSBoosted tree ML algorithm. Results 
show that, currently, datasets in the petroleum exploration field are small and unbalanced, and the RUSBoosted 
tree ML algorithm has excellent training results on it. Compared with the original geological data, the perfor
mance of the HAP prediction model constructed by preprocessed geological data is improved. On a Jin 93 Well 
Block dataset, the HAP prediction model constructed by the RUSBoosted tree ML algorithm belongs to a good 
prediction model, and FZ of CHAs predicted by this HAP prediction model agree well with CHAs discovered 
areas. The results of this study provide an idea for intelligently predicting the distribution of FZ of CHAs and are 
of great significance to the development of intelligent petroleum exploration technology.   

1. Introduction 

Conventional hydrocarbon accumulations (CHAs) result from the 
joining of multiple hydrocarbon accumulation (HA) elements [1,2]. 
Favorable zone (FZ) prediction of CHAs is a paramount step in petro
leum exploration [1–3]. Moreover, the establishment of HA probability 
(HAP) prediction model based on real geological data of HA elements is 
the core of FZ prediction [4–6]. In statistics and petroleum geology, HAP 
exists and means the probability of hydrocarbon accumulating under 
certain geological conditions. But HAP only can be estimated manually 

based on petroleum exploration experience or using statistical methods 
based on enormous drilling data. High HAP areas will be predicted using 
geological data of unexplored areas once the HAP prediction model is 
established [2]. Petroleum system is the entirety of a source rock and all 
HAs generated by this source rock, encompassing all the HA elements 
and processes [7]. In theory, there are homologous processes and similar 
geological conditions for CHAs in a single petroleum system. Thus, there 
are also similar characteristics for conventional oil and gas accumula
tions [7]. Therefore, the HAP prediction model for CHAs is usually 
constructed and applied in a single petroleum system to improve the 
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accuracy of FZ prediction [8]. Moreover, in petroliferous basins with 
multiple petroleum systems, it is necessary to divide them into several 
single petroleum systems, and then further predict FZ for CHAs in each 
single petroleum system [3,8]. Therefore, it is an essential basis for 
predicting the distribution of CHAs in complex petroliferous basins to 
accurately predict FZ for CHAs in a single petroleum system. 

In a single petroleum system, traditional methods for constructing 
HAP prediction models based on multiple HA elements mainly include 
the expert scoring method [9], analytic hierarchy process [4], fuzzy 
comprehensive evaluation method [5], and multiple linear regression 
method [6]. These methods employ linear models to represent the 
relationship between HA elements and HAP [4–6]. The first three 
methods are qualitative analysis methods [4,5,9], whereas the last 
method is a quantitative analysis [6]. For the expert scoring method, the 
weight of each HA element is qualitatively evaluated based on the 
opinion of experts who are familiar with the geological conditions and 
oil and gas accumulation process in the study area [9]. The analytic 
hierarchy process and fuzzy comprehensive evaluation method are im
provements to the expert scoring method, making the weights of each 
HA element reflect their importance more accurately [4,5]. Actually, the 
expert scoring method, analytic hierarchy process, and fuzzy compre
hensive evaluation method are mostly used in the primary stage of HAs 
exploration, have a high degree of human interference and a high risk 
for actual exploration work. For multiple linear regression method, 
which is a representative data-based method, hydrocarbon reserve, 
hydrocarbon saturation, and hydrocarbon production always are used to 
characterize HAP and the weight of each HA element is calculated using 
the multiple linear regression method [6]. Nevertheless, owing to the 
strong heterogeneity of geology, the process of oil and gas from source to 
accumulation is extremely complicated [10–13]. There is no simple 
linear relationship between HA elements and hydrocarbon reserve. In 
addition, only a small amount of sample data is used to construct the 
linear equation; large amounts of drilled non-accumulation sample data 
are ignored in this method. Therefore, the multiple linear regression 
method also induces a high exploration risk in practical application. 

As well-known data mining methods in the past decade, machine 
learning (ML) algorithms no longer aim at constructing neat and elegant 
mathematical function models but to establish a more complex and 
accurate mapping relationship between sample features and results 
[14–16]. The mapping relationship between HA elements and HPA is 
extremely complex and difficult to express intuitively. In addition, HPA 
prediction models constructed by conventional neat mathematical 
functions hardly realize an accurate result. In theory, it is completely 
feasible to use an ML algorithm to build a highly accurate HPA predic
tion model based on petroleum exploration data [14,15]. However, ML 
algorithms are data-driven models. To build a credible prediction model, 
it is necessary to select a suitable ML algorithm and training strategy 
according to the dataset characteristics [14,16].Currently, petroleum 
exploration datasets are small and imbalanced. Recently, due to the 
constrain of cost for exploration well drilling and geophysical techno
logical survey and the impact of confidentiality rules, most researchers 
can obtain only a small dataset to conduct a study in the petroleum 
exploration field. For example, Wang et al. [3] constructed a HAP pre
diction model based on a 114 × 5 (114 samples with 5 features) dataset 
and predicted the favorable zone for oil and gas accumulation in 
Cambrian Longwangmiao Formation in Sichuan Basin, China. Zhao [17] 
used a 102 × 7 (102 samples with 7 features) dataset to predict gas 
content in shale reservoirs for Wufeng–Longmaxi Formation, west of 
Xuefeng Mountain, China. Sheremetov et al. [18] established a monthly 
oil production prediction model based on a 340 × 31 (340 samples with 
31 features) dataset. In addition, due to the low success rate of explo
ration [19], the number of hydrocarbon layers drilled is far less than that 
of nonhydrocarbon layers, making the dataset of the petroleum explo
ration field imbalanced. In imbalanced datasets, samples of one category 
(majority category) extremely outnumber samples of other categories 
(minority categories), and the prediction accuracy of minority 

categories is relatively poor [20,21]. 
Limited and imbalanced datasets make the application of ML algo

rithms face two challenges. (1) Generally, the performance of a pre
diction model constructed using an ML algorithm based on a small 
dataset is always poor [16,22,23]. (2) For most ML algorithms, imbal
anced datasets severely compromise their performance [20,21,24]. 
Regarding the first challenge, the application of ML algorithms to 
limited data has been explored and discussed extensively [24–28]. At 
present, advanced and feasible methods to solve limited data problems is 
that integrate knowledge and theory into ML algorithms or raw data 
[16,25–28]. Karniadakis et al. [22] reported a type of ML prediction 
model that uses physical knowledge and theory to solve physical prob
lems, thereby solving the problem of low accuracy of ML algorithms 
based on small datasets in the physical field. Their primary idea is the 
complementarity of theory and knowledge and data size. Without theory 
and knowledge constrain, creating a good or excellent performance 
prediction model requires massive data. Meanwhile, the amount of 
necessary data decreases when theory and knowledge constrain is in
tegrated into ML algorithms (Fig. 1) [22]. Likewise, to overcome the 
limitation of small datasets and build a high-performance prediction 
model for HAP, it is necessary to integrate theory and knowledge in the 
petroleum exploration field into ML algorithms. The second challenge 
also needs to be overcome in the petroleum exploration field. ML al
gorithms usually focus on the overall dataset prediction performance, 
resulting in insufficient attention and severely low prediction accuracy 
for the minority categories [21]. The same problem is also widely 
distributed in the credit forecasting and medical case diagnosis fields 
[20]. 

In a single petroleum system, how can a HAP prediction model be 
built based on multiple HA elements by ML algorithms for the CHAs 
exploration field? And how can FZ for CHAs be predicted automatically 
with the HAP prediction model? Aiming at this scientific question, this 
study proposed a data preprocessing method is proposed to integrate 
theory and knowledge of the petroleum exploration field into raw data. 
In addition, random undersampling boosted (RUSBoosted) ensemble ML 
algorithms are used to solve the low-performance problem due to 
imbalanced datasets. Finally, a HAP prediction model is established, and 
a strategy for automatically predicting FZ for CHAs is proposed. Further, 
all proposed methods are applied and validated for Jin 93 block in Shulu 
Sag in Jizhong Depression in Bohai Bay Basin. The results of this study 
provide ideas for constructing an intelligent and automatic module for 
predicting favorable zones for conventional oil and gas exploration. 
They are also of great significance for developing intelligent oil and gas 
exploration technology and constructing digital oil fields. 

2. Method 

The study methodology to establish HAP prediction model and pre
dict FZ in a single petroleum system will be presented by following three 
parts: data preprocessing, HAP prediction model construction, and 
favorable zones prediction strategy. The strategy for constructing fea
tures with a strong relationship to HAP based on theory and knowledge 
is discussed in detail in the first part. The dataset construction method, 
principle of the RUSBoosted tree ML algorithm, and method to train the 
HAP prediction model are introduced in the second part. The specific 
workflow for predicting favorable zones is presented in the third part. 
Finally, a comprehensive technical guide for this study is shown. 

2.1. Data preprocessing 

Petroleum system theory provides essential theoretical guidance for 
oil and gas exploration, whose core idea is that the formation of CHAs is 
a dynamic process from source to trap [7]. In this process, the three most 
important elements are source, gather, and reserve, corresponding to 
source rock, gather environment, and reservoir conditions, respectively 
[7]. To integrate the knowledge of the petroleum exploration field into 
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raw data and improve the performance of ML prediction as much as 
possible, a raw data preprocessing method is proposed based on source 
controlling theory [29–32], fluid potential theory [7,33–39], and pre
dominant reservoir theory [40–42]. Correspondingly, the source index 

(Is), relative potential index (Irp), porosity index (Iφ), and permeability 
index (Ik) are constructed to reflect the quality for source condition, 
gather environment, storage space condition, and percolation capacity, 
respectively. Each index has a close relationship with HAP. 

Fig. 1. Schematic of the complementary role of theory and knowledge and data size in the ML algorithm training process [adapted from Karniadakis et al. [22]].  

Fig. 2. Schematic of source index constructs related concepts [adapted from Jiang et al. [44]].  
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2.1.1. Construction method for source index (Is) 
The supply condition for hydrocarbon sources is an essential material 

basis and prerequisite for CHAs in petroliferous basins [40]. Based on 
the study on the characteristics of CHAs distribution in Mesozoic and 
Cenozoic continental basins in eastern China, Hu [29] found that oil and 
gas accumulations are mainly distributed in a certain range around 
hydrocarbon-generating depressions, and only 10 %–20 % of the oil and 
gas accumulations are distributed far away from the hydrocarbon- 
generating depressions. Similar studies have recognized the “source 
controlling theory,” i.e., oil and gas reservoirs are mainly distributed in 
adjacent source rock areas [29–32]. To accurately define the location of 
the source rock center and the distribution range of source rocks, the 
concept of “hydrocarbon expulsion intensity” is proposed and used to 
quantitatively characterize the hydrocarbon expulsion amount per unit 
area of source rock [32,43]. For a set of source rocks, the region with 
maximum hydrocarbon expulsion intensity is the source rock center, 
and the range of hydrocarbon expulsion intensity equal to 0 is the source 
rock boundary (Fig. 2). In terms of single HA element for source con
dition, the closer the reservoir is to the source rock, the greater the 
probability of being supplied by the oil source, which also means a 
higher HAP [44]. Thus, the index that can characterize the distance to 
source rock has an intrinsically strong relationship with HAP. 

Based on the source controlling theory, we propose a method to 
construct Is. First, the oil source correlation work is done for the target 
reservoir to clarify the source rock that provides the hydrocarbon source 
for each CHA. It is a noteworthiness point that we only consider the 
conditions within a single petroleum system in this section, which means 
all CHAs generated by one source rock. And the application of the 
method to basins with multiple petroleum systems will be discussed in 
the ‘discussion’ section. Second, the distribution characteristics of hy
drocarbon expulsion intensity of the source rock that provides hydro
carbon source for oil and gas accumulations in the target reservoir are 
calculated, and the source rock center and boundary are determined. 
Finally, Is at any point on the target reservoir is calculated using Eq. (1). 
Fig. 2 shows the key parameters in the formula. 

Is =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

L
2Lb

(L⩽Lb)

L + Lmax − 2Lb

2(Lmax − Lb)
(Lb < L⩽Lmax)

(1)  

where Is denotes the source index, dimensionless; L denotes the distance 
between any point on the target reservoir and the source rock center, 
Km; Lb denotes the distance from the source rock center to the boundary 
in the L direction, Km; and Lmax denotes the farthest distance from the 
source rock center to the target reservoir. 

When the oil and gas accumulations are located within the source 
rock boundary, Is is between 0 and 0.5, and the closer the accumulations 
are to the source rock center, the Is is closer to 0. When the oil and gas 
accumulate outside the source rock boundary, Is is between 0.5 and 1, 
and the closer the accumulations are to the source rock boundary, the 
closer Is is to 0.5. Is can accurately reflect the proximity of each location 
of the target reservoir to the source rock and hence can characterize the 
oil source supply conditions of each location of the target reservoir, i.e., 
the smaller the oil source index, the better the oil source conditions. 

2.1.2. Construction method for relative potential index (Irp) 
The secondary migration of oil and gas deeply affects the forming 

process of CHAs from the source rock to trap and directly determines the 
gather environment and distribution for CHAs [7,33,39]. Fluid poten
tial, which was introduced in the petroleum geology field by Hubbert 
[34], is the sum of mechanical energy per unit of mass fluid relative to 
the reference plane. The distribution of CHAs in different fluid potential 
regions reflects different oil and gas gather environments. In the 
migration system with strong connectivity, oil and gas are unstable in 
the high fluid potential region and tend to migrate and gather in the low 

fluid potential region [13]. Under this case, a series of CHAs with anti
cline and buried hill trap as gather environment will be formed in the 
low fluid potential region [13]. It is difficult for oil and gas to migrate to 
the low fluid potential region in a migration system with poor connec
tivity [33]. In this case, a series of CHAs based on lithologic traps will be 
formed in the high potential region [33]. Notably, the low fluid potential 
region of oil and gas accumulation is a local and relative concept [35]. 
The region whose fluid potential is lower than that of any adjacent re
gion will form a local low-energy barrier obstructing fluid flow [35], 
called the local low potential region (LLPR). The boundary of LLPR, 
called the local low potential trap boundary (LLPTB), is the closed fluid 
potential contour with the highest fluid potential in LLPR or the fluid 
potential contour with the highest fluid potential closed by combination 
with closed faults. The minimum fluid potential point in LLPR is called 
the local lowest potential point (LLPP). As shown in Fig. 3a, points A–D 
have different absolute fluid potentials, following the order point A >
point B > point C > point D. However, these points are LLPPs and local 
low-energy barriers and can provide a low-energy area for oil and gas 
accumulations (Fig. 3a). Therefore, compared with the absolute fluid 
potential, the relative fluid potential can more effectively reflect the 
gather environment of oil and gas. For the hydrocarbon accumulating 
process in certain target reservoirs in a single petroleum system, all oil 
and gas accumulations formed in the target reservoir have similar hy
drocarbon source and migration conditions. There is a large probability 
that these oil and gas accumulations form with similar gather environ
ment. Therefore, a prior probability distribution for HAP related to the 
index that can accurately reflect relative fluid potential can be estab
lished based on numerous drilled samples, which can be used to predict 
HAP for unexplored areas [3]. 

Based on the above ideas of relative fluid potential, the relative po
tential index (Irp) is constructed (Fig. 3). First, the fluid potential on the 
top surface of the study reservoir is calculated, and the contour map of 
fluid potential distribution is obtained. Second, each LLPP and LLPTB is 
recognized by a human or program module. Finally, Irp is calculated in 
each LLPTB using Eq. (2) (including LLPTB) and outside all LLPTB using 
Eq. (3) (excluding LLPTB). 

Irp =
2Pk

lb − Pk
min − Pk

2
(
Pk

lb − Pk
min
) , (2)  

where Pk is the absolute fluid potential at any position in the kth LLPR, J/ 
kg; Pk

min denotes the minimum fluid potential in the kth LLPR, J/kg; and 
Pk

lb denotes the fluid potential value of LLPTB in the kth LLPR, J/kg. 

Irp =
Pmax − P

2(Pmax − Plb
min)

, (3)  

where P denotes the fluid potential at any position outside LLPR, J/kg; 
Pmax denotes the maximum fluid potential outside LLPR, J/kg; and Plb

min 
denotes the minimum fluid potential of each LLPTB, J/kg. 

Utilizing the above method, the Irp of the profile in Fig. 3(a) is 
calculated, which is shown in Fig. 3b. The result shows that Irp ranges 
from 0 to 0.5 between the maximum fluid potential point and LLPTB, 
that is, as the position is closer to LLPP, Irp is closer to 1. Meanwhile, Irp 

ranges from 0 to 0.5 outside LLPTB, that is, as the position is closer to 
LLPTB, Irp is closer to 0.5. Irp is a good index for describing the relative 
fluid potential of any position in the target reservoir. In addition, when 
sealing faults are developed in a study area, their influence should also 
be considered. Because of the barrier effect of a sealing fault, the pe
troleum potentials in the two walls of the fault have no communication 
[45]. In this case, Irg should be calculated independently on both sealing 
fracture walls. 

2.1.3. Construction method for porosity index (Iφ) 
Reserve condition is a crucial element for CHAs forming [40–42]. 

Physical properties, such as porosity and permeability, are critical 
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indexes commonly used to evaluate the goodness of a reservoir. How
ever, there is almost no obvious correlation between physical properties 
and HAP because the physical property interval suitable for oil and gas 
accumulation changes with buried depth [40,41,46]. In terms of 
porosity, Pang et al. [40] established the statistical relationship between 
the porosity of oil and gas accumulation and their buried depth in eight 
major petroleum-bearing basins in China, showing that there is an 
obvious porosity lower limit for oil and gas accumulations, and the 
lower limit gradually decreases with an increase in burial depth. In 
addition, when porosity is greater than the porosity lower limit, some 
scholars have found that there is a good positive correlation between 
reservoir porosity and HAP [46–49] (Fig. 4a), whereas some others have 
shown that the HAP first increases and then decreases with an increase 
in reservoir porosity [41] (Fig. 4b). Therefore, in a relatively homoge
neous reservoir section, the relationship between HAP and reservoir 
porosity may be one of the following two types of numerical models.  

(1) Model a (labeled Ma). HAP gradually increases with an increase 
in reservoir porosity. In this numerical relationship, the shape of 
a statistical map for reservoir porosity versus HAP resembles a 
left-half-normal distribution (Fig. 4a).  

(2) Model b (labeled Mb). HAP first increases and then decreases with 
an increase in reservoir porosity. In this numerical relationship, 
the shape of a statistical map for reservoir porosity versus HAP 

resembles an entire normal distribution (Fig. 4b). Moreover, the 
numerical relationship model between reservoir porosity and 
HAP may still differ in different reservoirs or the same reservoir 
with different depth ranges [10,11]. 

According to the numerical relationship between reservoir porosity 
and HAP, which have a good positive correlation, the porosity index (Iφ) 
is constructed based on drilled samples in the target reservoir (Fig. 4c). 
First, divide the target reservoir into several small depth interval res
ervoirs (reservoir unit) (Fig. 4c). The principle of dividing reservoir units 
is that lessening the depth interval of each reservoir unit as much as 
possible under the premise of the number of drilled samples in each 
reservoir unit is suitable to fit the normal distribution model. Then, fit 
the numerical relationship model between reservoir porosity and HAP 
by the normal distribution model [Eq. (4)] in each reservoir unit and 
identify the model type for the numerical relationship. In this process, 
the nonlinear fitting method used to obtain fitting parameters is the least 
square method in this study; still, other nonlinear fitting methods (such 
as the gradient descent method) may also be used. There are many pa
rameters to characterize the fitting error. Coefficients of determination 
(R2) are used to present the fitting error in this study. The numerical 
model of a reservoir unit will be identified as Ma when the maximum 
porosity of drilled samples in this reservoir unit is less thanμ + σof its 
normal distribution; otherwise, it will be identified as Mb. The reservoir 

Fig. 3. (a) Relationship between absolute fluid potential distribution and local low potential barrier [adapted from Dahlberg [35]]. (b) Result diagram for relative 
potential index construction. 
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unit with continuous burial depth and the same type of numerical 
relationship model are combined into a reservoir section (Fig. 4c), and 
the numerical relationship model between reservoir porosity and HAP is 
constructed using the normal distribution model [Eq. (4)] in each 
reservoir section. Finally, the numerical relationship model between 
reservoir porosity and HAP in each reservoir section is normalized, 
which is then taken as Iφ, the normalize function, as shown in Eq. (5). It 
should be noted that the reservoir section is a combination of reservoir 
units with similar burial depth and similar relationships between 
porosity and HAP. Thus, in different reservoir sections, the relationships 
between reservoir porosity and HAP are obviously different. The pur
pose of the reservoir section division is the more accurate character
ization of the relationship between porosity and HAP. However, this 
does not mean that the type of numerical relationship model of a 
reservoir section is necessarily the same as that of the reservoir units that 
compose it. Moreover, even if there are different types of numerical 
relationship models between them, this does not violate the original 
intention of the reservoir section division. In essence, the prior proba
bility distribution for HAP related to porosity in each reservoir section is 
constructed by the above steps based on drilled samples. Because Iφ is 
the output of normalized prior probability distribution for HAP in each 
reservoir section, there is a good positive correlation between Iφ and 
HAP. In addition, the coefficient of determination (R2) between Iφ and 

HAP is affected by the fit error of each prior probability distribution. 

HAPi =
1
̅̅̅̅̅
2π

√
σi
× e

(

−

(
φ− μi̅̅

2
√

σi

)2)

(4)  

where HAPi represents the HAP of the ith reservoir unit or section, 
dimensionless; φ denotes the porosity of the ith reservoir unit or section, 
%; and σi and μi are the parameters of the ith reservoir unit or section to 
be fitted, representing the standard deviation and mean of φ, respec
tively, both in %. 

Iφ =
HAPj

HAPjmax
(5)  

where HAPj denotes the HAP of the jth reservoir section, dimensionless, 
and HAPjmax denotes the maximum HAP of the jth reservoir section, 
dimensionless. 

2.1.4. Construction method for permeability index (Ik) 
Permeability is another paramount parameter for the physical 

properties of reservoirs [48]. In most instances, the porosity and the 
logarithm of permeability have a good linear relationship [48], which 
means that the relationship between the logarithm of reservoir 

Fig. 4. (a) Ma and (b) Mb (adapted from Huo et al. [41]]; (c) Iφ construction process including reservoir unit division, reservoir section distinguishment, and Iφ 

construction. 
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permeability and HAP is similar to that between reservoir porosity and 
HAP in most cases. However, under the influence of diageneses, such as 
cementation and recrystallization, the throat in the pore network may be 
blocked, which will cause the deterioration of the linear correlation 
between porosity and the logarithm of permeability [50]. In this case, 
the relationship between pairs of porosity, permeability, and HAP will 
differ. Therefore, the relationship between permeability and HAP needs 
to be considered separately. 

Ik is constructed using a method similar to the Iφ construction. The 
difference between the construction methods is that the former is 
completed by the logarithm of permeability. The numerical relationship 
model between reservoir permeability and HAP is fitted by Eq. (6) based 
on the normal distribution model in each reservoir unit or section. The 
final Ik construction formula is shown in Eq. (7). 

HAPi =
1
̅̅̅̅̅
2π

√
σi
× e

(

−

(
ln(k) − μi̅̅

2
√

σi

)2)

(6)  

where k denotes the permeability of the ith reservoir unit or section, mD, 
and σi and μi are the parameters of the ith reservoir unit or section to be 
fitted, representing the standard deviation and mean of k, respectively, 
both in mD. 

Ik =
HAPj

HAPjmax
(7)  

where HAPj denotes the HAP of the jth reservoir section, dimensionless, 
and HAPjmax denotes the maximum HAP of the jth reservoir section, 
dimensionless. 

2.2. HAP prediction model construction 

2.2.1. Dataset construction 
Although four features of drilled reservoir samples have been con

structed, their HAP has not been quantitatively characterized. Some 
continuous variables, such as hydrocarbon saturation [17], hydrocarbon 
reserves [6], and hydrocarbon production [18], are considered to 
characterize HAP for drilled reservoir samples. This is a regression 
problem for ML algorithms trained on the dataset comprising four fea
tures and continuous HAP of drilled reservoir samples. However, a large 
proportion of data is a nonhydrocarbon layer whose HAP is zero in the 
exploration field dataset, which will significantly affect the performance 
of the regression ML prediction model [51]. In addition, the regression 
problem for imbalanced datasets is not mature, and only a few studies 
focus on this topic [51]. However, there are numerous study results of 
classification problems for imbalanced datasets [20,21,52]. Therefore, a 
dispersed variable is used to quantitatively characterize HAP, i.e., HAP 
is equal to 1 and 0 for hydrocarbon and nonhydrocarbon layer samples, 
respectively. The final dataset comprises four features, i.e., Is, Irp, Iφ, and 
Ik, and one label including two categories (0 and 1). A suitable ML al
gorithm will be selected to solve the classification problem on this 
dataset. 

2.2.2. RUSBoosted tree ML algorithm principle 
The application of the RUSBoosted tree method to unbalanced 

datasets has achieved excellent performance [53]. RUSBoost algorithm 
is an ensemble ML algorithm introduced by Seiffert et al. [21] to 
improve the accuracy of classifier problems on unbalanced datasets. The 
ensemble ML method accomplishes the classification task by training 
many base classifiers. Base classifiers are commonly trained using de
cision tree (DT), support vector machine (SVM), and neural network 
algorithms [21]. Compared with neural network algorithms, DT and 
SVM are more suitable for training small datasets of natural science. 
Because both DT and SVM have good interpretability and can easily find 
the decision boundaries of the prediction model, we can more easily 
understand the principle of the prediction model work through model 

decomposition [54,55]. But this is difficult when using multilayer neural 
network algorithms [56]. In addition, the application effect of SVM 
mainly depends on the type of kernel functions, and selecting the 
optimal kernel function is always a complex process [55]. Because DT 
has good decomposition and applicability, it is used as the base classi
fiers in most RUSBoost algorithm studies. Therefore, the DT algorithm is 
selected to train the base classifier in the RUSBoost algorithm in this 
study. Therefore, RUSBoosted tree is the name of the final algorithm. 
The DT algorithm solves the classification task according to the infor
mation gain principle, whose theoretical research is mature (see Ross 
Quinlan [54] for the detail). The RUSBoost algorithm trains an unbal
anced dataset by the random undersampling method, which makes the 
dataset balanced by randomly selecting a certain number of majority 
category samples and mixing them with all minority category samples 
until the desired mixture rate is achieved. Many balanced subdatasets 
are selected randomly from the original unbalanced dataset, each of 
which is trained using the DT model as a base classifier iteratively. After 
each base classifier is trained, the weight of each sample will be changed 
to correctly classify samples in the base classifier. The final ensemble 
model is constructed by all base classifiers with a weighted vote. The 
RUSBoost algorithm’s training is efficient on imbalanced datasets 
[20,21]. 

Considering the dataset of this study as an example, the specific 
implementation process of the RUSBoosted tree algorithm is as follows: 

① Select DT as a base classifier and set the balance rate (BalRate) of 
subdataset and iteration time (T). 

② Input original dataset: D = [(x1, y1), (x2, y2), ……(xn, yn)], where 
n represents the number of samples in the original dataset; xi denotes a 
feature vector composed by Is, Irp, Iφ, and Ik of the ith sample in the 
original dataset; and yi denotes the label of the ith sample in the original 
dataset (HAP equals 0 or 1). 

③ Set initial weight for each sample of the original dataset: 

w0(i) =
1
n 

④ Begin iteration, assuming the iteration time is t, t ranges from 1 to 
T.  

a. Construct subdataset (Dt) using the undersampling method; the 
subdataset comprises all hydrocarbon layer samples (the number of 
it is m) and (m × BalRate) nonhydrocarbon layer samples.  

b. Train the tth base classifier (ht) using DT on Dt and its samples weight 
(wt− 1).  

c. Calculate the loss (∊t) of ht: 

∊t =
∑

(i,y):yi∕=y

wt− 1(i)(1 − ht(xi, yi) + ht(xi, y))

d. Calculate the weight (αt) of ht: 

αt =
∊t

1 − ∊t
.

e. Update the weight of the original dataset (wt): 

wt(i) = wt− 1(i)αt0.5(1+ht(xi ,yi)− ht(xi ,y:y∕=yi) ).

f. Normalize the weight of wt: 

wt(i) =
wt(i)
∑

iwt(i)

⑤ Finish iteration and establish the final ensemble classifier [H(x)]: 

H(x) = sign

(
∑T

t=1
ht(x, y)*log

1
αt

)

.
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The DT and RUSBoost algorithms used in this study are both from 
modules of MATLAB R2019a. In order to avoid over-fitting of each DT 
base classifiers caused by too many branches, the maximum splitting 
number of the DT algorithm is set to 20. The number of base classifiers 
was set to 30 by comprehensively considering the calculation amount 
(optimization time) and the change trend of model loss with the number 
of base learners And balance rate takes the default value of the RUSBoost 
algorithm in MATLAB R2019a. 

2.3. Favorable zones prediction strategy 

The HAP prediction model will be trained using the RUSBoosted tree 
algorithm on the final dataset. Based on the HAP prediction, a strategy of 
favorable zone prediction for unexplored areas in the target reservoir is 
proposed. First, the unexplored areas in the target reservoir were evenly 
divided into many grids. Second, according to the porosity distribution 
prediction map, permeability distribution prediction map, fluid poten
tial distribution prediction map, and hydrocarbon expulsion intensity 
map, the predicted geological parameters of each grid are obtained, 
including the mean of porosity, permeability, fluid potential, and the 
distance from the source rock center and boundary. Finally, the HAP of 
each grid in the target reservoir is predicted using the HAP prediction 
model, and the prediction map for favorable zones is formed by filling 
color to the grids whose HAP prediction value is 1. 

Fig. 5 shows the comprehensive technical guide of the entire research 
method in this study. 

3. Geological setting 

Jizhong Depression is located in the west of Bohai Bay Basin 
(Fig. 6a), which was formed during the Late Cretaceous to Paleogene 
[57,58]. Shulu Sag, located in the southeast corner of Jizhong Depres
sion (Fig. 6a), is a paramount petroliferous sag in Jizhong Depression 
[59]. Shulu Sag, covering an area of approximately 700 Km2, is adjacent 

to Xinhe Fault in the east and Leizjiazhuang Fault in the south with a 
northeast–southwest trend [60] (Fig. 6a). It can be divided into two 
structural units the western sag belt and eastern slope belt which have 
oil and gas accumulations discovered in the south (Fig. 6b). Paleogene to 
Quaternary Formations are widely deposited in Shulu Sag. From the 
bottom to top are Paleogene Shahejie Formation (Es), Paleogene Don
gying Formation (Ed), Neogene Guantao Formation (Ng), Minghuazhen 
Formation (Nm), and Quaternary Pingyuan Formation (Qp). Es and Ed 
are the studied formations; Es can be further divided into three parts: the 
third member of Es (Es3), the second member of Es (Es2), and the first 
member of Es (Es1), from bottom to top (Fig. 6c). In terms of lithology, 
the bottom of Es3 is mainly dark mudstone accompanied by a small 
amount of carbonate rock and argillaceous limestone, and the top is 
mainly interbedded with sand and mudstone. Es2 is filled with pebble 
sandstone interbedded rock of sandstone and thin mudstone. A small 
amount of carbonate rocks is deposited at the bottom of Es1, which 
gradually transition upward to dark mudstone and sand mudstone 
interbedding. Ed mainly comprises thick sandstone and thin mudstone 
(Fig. 6c). The dark mudstone and carbonate rocks at Es3 and the bottom 
of Es1 are good rock sources in Shulu Sag [59,61] (Fig. 6c). However, Es1 
source rock has limited hydrocarbon generation due to its low maturity 
[58]. Therefore, Es3 is the most important source of oil and gas in Shulu 
Sag [58,61]. A single petroleum system is composed by Es3 source rock 
and Es and Ed reservoirs (Es3-Es, Ed petroleum system). The tectonic 
evolution of Shulu Sag in the Paleogene can be divided into two stages: 
rifting period from 45 to 24.6 Ma and postrifting period after 24.6 Ma 
[62] (Fig. 6c). 

In this study, Jin 93 Well Block in Shulu Sag was selected as the study 
area. Jin 93 Well Block is located in the CHAs enrichment area on the 
southern slope of Shulu Sag (Fig. 6b), and the CHAs whose type is mainly 
fault accumulation are mostly distributed in Ed and Es (Fig. 7). In the 
study area, many oil and gas reservoirs are continuously distributed 
along the footwall of the fault from shallow to deep (Fig. 7). These ac
cumulations were mainly formed in the postrifting period, during which 

Fig. 5. Comprehensive technical guide for the research method.  
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the fault activity was weak and had excellent sealing performance [58]. 
Jin 93 Well Block in Shulu Sag has a high degree of exploration, 
considerable conventional oil and gas accumulation discovery, and rich 
data accumulation, which are suitable for ML research. 

4. Data sources and characteristics 

In this study, the HAP prediction model was established based on the 
drilling data of Es1, Es2, Es3, and Ed in Jin 93 Well Block of Shulu Sag, 
and Es2 is taken for favorable zone prediction. A total of 2,645 drilled 

Fig. 6. (a) Distribution characteristics of main petroliferous depressions in Bohai Bay Basin [adapted from Jiang et al. [59]]; (b) distribution characteristics of 
structural units in Shulu Sag [adapted from Jiang et al. [59]]; (c) stratigraphic system and lithologic characteristics in Shulu Sag [adapted from Jiang et al. [59]]. 
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reservoir samples from 47 exploration wells in Jin 93 Well Block in 
Shulu Sag were collected, and drilling data of each drilled reservoir 
sample include well name, drilling depth, drilling Formation, type of 
reservoir (hydrocarbon layer or nonhydrocarbon layer), porosity, 
permeability, argillaceous content, hydrocarbon expulsion intensity and 
distance from source rock center (Table S.1). In addition, contour 
structures maps, distribution maps of discovered accumulations, 
porosity distribution prediction maps, and permeability distribution 
prediction maps of Ed, Es1, Es2, and Es3 were collected. These were 
collected from PetroChina Huabei Oilfield Company. The wells collect
ing drilling data were numerous and widely distributed in the study area 
(Fig. 8), and the data collected were representative. However, there 
were only 519 hydrocarbon layer samples, accounting for only 19.6 % of 
the entire collected data (Table S.1), attributable to the low success rate 
for oil and gas accumulation exploration. From 2009 to 2018, the 
exploration success rate of international oil companies was approxi
mately 20 %–50 %, with mean of approximately 30 % [19]. Owing to the 
low success rate of exploration, the number of hydrocarbon layers 
drilled is far less than that of nonhydrocarbon layers, making the dataset 
of the petroleum exploration field imbalanced. In our dataset, the ratio 
of hydrocarbon layer samples to nonhydrocarbon layer samples is 
approximately 1:4 (Table S.1). 

5. Result 

The result of this study is also presented in three parts, i.e., data 
preprocessing, HAP prediction model construction, and favorable zone 
prediction results. 

5.1. Data preprocessing result 

5.1.1. Construction result for source index (Is) 
There are two sets of source rocks in Shulu Sag, among which the Es3 

source rock is the main source for oil and gas accumulations [61]. The 
shape of the hydrocarbon expulsion intensity contour is approximately a 
north–south ellipse (Fig. 9). Jin 93 Well Block is close to the hydrocar
bon expulsion boundary, and the west and east are outside and inside 
the boundary, respectively (Fig. 9a and b). The characteristic of Is dis
tribution for the Es3 source rock is acquired using the method described 
in Subsection 2.1.1. Is within the hydrocarbon expulsion boundary of Jin 
93 Well Block is less than 0.5, and Is gradually decreased as closing to the 
hydrocarbon expulsion center and gradually increased as far away the 
source rock (Fig. 9c). There is a good consistency between Is and the 

degree of adjacent source rocks. 

5.1.2. Construction result for relative potential index (Irg) 
The residual pressure of Es and Ed is mainly distributed in the sag 

center and gradually decreases to the slop region. Because Jin 93 Well 
Block is far from the sag center, the formation pressure of this area is 
normal to weak overpressure, indicating that the hydrodynamic forces 
have little effect on the fluid potential in this region [58]. The concept of 
petroleum energy proposed by England et al. [33] can quickly and 
accurately characterize the fluid energy of oil and gas under hydrostatic 
conditions without capillary force. The mathematical model is as 
follows: 

Eo = v0(ρw − ρo)gz (8)  

where Eo denotes the petroleum energy, J; v0 denotes the volume of oil 
and gas, m3; ρw denotes the density of formation water, kg/m3; ρo de
notes the density of oil and gas, kg/m3; g denotes the gravitational ac
celeration, m/s2; and z denotes the burial depth, m. 

To obtain the potential of oil and gas per unit volume (called pe
troleum potential), we divide both sides of Eq. (8) by v0, as follows: 

ϕo = (ρw − ρo)gz (9)  

where ϕo denotes the petroleum potential of oil and gas, J/m3. 
The absolute petroleum potential of Es3, Es2, Es1, and Ed is calculated 

using Eq. (10), and the characteristic of Irg distribution in these four 
formations is obtained according to method shown in Subsection 2.1.2. 
Owing to the barrier effect of sealing fault, the petroleum potential in 
the two walls of the fault cannot be communicated [45]. The faults in Jin 
93 Well Block are mainly sealing faults during oil and gas accumulation 
[58]. Therefore, in this study, Irg was calculated independently on both 
sealing fracture walls. 

Compared with the absolute petroleum potential, Irg can more 
accurately characterize the oil and gas accumulation conditions at each 
structural location. The petroleum potential of Es2 is lower in the east 
and higher in the west. Six LLPRs are developed, namely A, B, C, D, E, 
and F regions (Fig. 10a). Most oil and gas wells are drilled in these six 
areas, suggesting that these six areas have good conditions for HA ele
ments, including oil and gas gather environment (Fig. 10a and 10b). 
However, the absolute petroleum potential has a good matching rela
tionship with LLPR only in A and B. In the other four LLPRs with high 
absolute petroleum potential, the absolute petroleum potential loses its 
indication to LLPR (Fig. 10a and 10b). The Irg of these six LLPRs and trap 

Fig. 7. The profile of Jin 93 Well Block in Shulu Sag [adapted from Jiang et al. [59]], the location of the profile is showed by B-B’ line in Fig. 6.  
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range of all low potential energy areas of the Es2 reservoir are close to 1 
and greater than 0.5, respectively, which has a good indicative function 
for LLPR and is a good index for oil and gas gather environment. Based 
on the drilled reservoir samples in the study area, the prior probability 
distribution for HAP related to the index is created by counting the HAP 
of each Irg interval (Fig. 10). The real value of HAP can be approximated 
using a statistical method, and it is estimated using Eq. (10) in this study. 
Overall, the HAP of each Irg interval increases gradually with an increase 
in Irg. HAP reaches the maximum value when it is greater than 0.7, 
suggesting that there is a large probability of oil and gas gathering in the 
relatively low potential environment of the study area. Moreover, HAP 
ranges from 0.04 to 0.16 when Irg ranges from 0.2 to 0.7, indicating the 
possibility of finding oil and gas accumulations in relatively high po
tential environments, such as lithologic traps, but its probability is 
lower. 

HAP =
NHL

NNHL + NHL
(10)  

where HAP represents the HAP of a reservoir, dimensionless; NHL de
notes the number of hydrocarbon layer discovered in the reservoir, unit; 
and NNHL denotes the number of nonhydrocarbon layers discovered in 

the reservoir. 

5.1.3. Construction result for porosity index (Iφ) 
According to the distribution characteristics of the number of sam

ples in different burial depth intervals, 50 m is taken as the depth in
terval for each reservoir unit. The numerical relationship between 
porosity and HAP in each reservoir unit is fitted. The type of each nu
merical model is then distinguished, and the reservoir sections are 
divided (Fig. 11a). Finally, the numerical model for Iφ construction is 
established. 

Ed and Es can be divided into three reservoir sections in Jin 93 Well 
Block of Shulu Sag: 1,784.7–2,234.7 m with Ma, 2,234.7–2,734.7 m with 
Mb, and 2,734.7–3,084.7 m with Ma (Fig. 11a). In addition, there is a 
good Gaussian distribution relationship between Iφ and HAP in each 
reservoir section, and their coefficient of determination (R2) is 0.99, 
0.989, and 0.989, respectively (Fig. 11a). The numerical model for Iφ 

construction in each reservoir section is obtained by normalizing the 
numerical relationship model between reservoir porosity and HAP; the 
specific mathematical expression given by Eq. (11). The Iφ of each 
sample in the dataset is calculated using Eq. (11), showing a good pos
itive correlation with HAP (Fig. 11b). 

Fig. 8. Structural contours and oil and gas accumulations distribution map of Es2 and sampling well location map of this study.  
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Iφ =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

e− (
φ− 28.93

7.077 )2
(1784.7m⩽H < 2234.7m)

e− (
φ− 17.11

7.128 )2
(2234.7m⩽H < 2734.7m)

e− (
φ− 21.16

7.754 )2
(2734.7m⩽H⩽3084.7m)

(11)  

where H denotes the reservoir depth, m. 

5.1.4. Construction result for permeability index (Ik) 
The depth interval of each reservoir unit is still 50 m for Ik con

struction. There are also three reservoir sections for Ik, which are slightly 
different from reservoir sections of Iφ in depth interval (Fig. 12a). 
Reservoir sections for Ik are 1,784.7–2,284.7 m with Ma, 
2,284.7–2,784.7 m with Mb, and 2,784.7–3,084.7 m with Ma (Fig. 12a). 
There is also a good Gaussian distribution relationship between Ik and 
HAP in each reservoir section, and their decision index (R2) is 0.997, 
0.989, and 0.989, respectively. The final calculation model of Ik is as 
follows: 

Iφ =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

e− (lnk− 2.806
0.9952 )2

(1784.7m⩽H < 2284.7m)

e− (lnk− 1.576
0.8486 )

2
(2284.7m⩽H < 2784.7m)

e− (lnk− 2.348
1.237 )2

(2784.7m⩽H⩽3084.7m)

(12) 

Similar to the relationship of Iφ versus AHP, Ik calculated using Eq. 
(12) also has a good correlation with AHP (Fig. 12b). Owing to the 
diagenesis, there is no good consistency between the porosity and log
arithm of permeability in Jin 93 Well Block, causing a slight difference 
in the depth interval of the reservoir sections between Iφ and Ik. This also 
suggests that it is necessary to characterize the reserve condition for oil 
and gas accumulation by Iφ and Ik together. 

5.2. HAP prediction model construction result 

5.2.1. HAP prediction model construction 
The 2,645 collected drilled reservoir samples in Jin 93 Well Block 

were preprocessed, and the dataset was established by considering Is, Irp, 
Iφ, and Ik of each drilled reservoir sample as features and considering the 
HAP (0 or 1) of each drilled reservoir sample as a label (Table S.2). Based 
on the dataset, the final prediction model for HAP is obtained by training 
the RUSBoosted tree ML algorithm. Further, how can the goodness of 
this prediction model be evaluated? Accuracy—the ratio of the number 
of samples correctly predicted by the prediction model to the total 
number of tested samples is commonly used to evaluate the classifica
tion prediction model. However, accuracy cannot represent the real 
performance of a prediction model trained on an imbalanced dataset in 
most cases [20,21,52]. For example, assuming that the HAP prediction 
model constructed in this study predicts the HAP of all test samples to be 

Fig. 9. (a) Distribution map for hydrocarbon expulsion intensity of Es3 source rocks of Shulu Sag [adapted from Huo et al. [61]]; (b) distribution map for hydro
carbon expulsion intensity of Jin 93 Well Block; (c) distribution map for Is of Jin 93 Well Block. 
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0, the model accuracy can reach 80.4 %, although the performance of 
this prediction model is terrible. Therefore, more effective indicators 
should be used to evaluate the performance of the HAP prediction 
model. 

5.2.2. Evaluation system for HAP prediction model 
The confusion matrix is introduced to display the test results for the 

HAP prediction model. The precision, recall, and F-measure method are 
employed to evaluate the prediction model. A confusion matrix is a 
matrix that intuitively shows the test results of a classification prediction 
model [52]. In this study, the confusion matrix divides the test results 
into four parts, i.e., true hydrocarbon layer (TH), true nonhydrocarbon 
layer (TNH), false hydrocarbon layer (FH), and false nonhydrocarbon 
layer (FNH) (Fig. 13). The TH layer refers to hydrocarbon layer samples 
predicted as hydrocarbon layer by the prediction model. The TNH layer 
refers to nonhydrocarbon layer samples predicted as nonhydrocarbon 
layer by the prediction model. The FH layer refers to hydrocarbon layer 
samples predicted as nonhydrocarbon layer. The FNH layer refers to 
nonhydrocarbon layer samples predicted as hydrocarbon layer by the 
prediction model (Fig. 13). 

Precision and recall are obtained based on the number of the four 
parts in the confusion matrix, which are used to evaluate the ability of 
the HAP prediction model to predict hydrocarbon layers. Precision 
represents the probability that the predicted hydrocarbon layer is a real 
hydrocarbon layer, which can characterize the reliability of the HAP 
prediction model and can be calculated using Eq. (13) [20]. Recall 

represents the probability that the hydrocarbon layer sample is correctly 
predicted, which can characterize the proportion of the hydrocarbon 
layer samples predicted correctly to total hydrocarbon layer samples 
and can be calculated using Eq. (14) [20]. The precision and recall 
values range from 0 to 1, and the performance for the HAP prediction 
model is optimal when the precision and recall values are close to 1 
simultaneously, which is impossible in most cases. Therefore, it is 
necessary to choose between a high recall rate and a high accuracy rate. 

Precision =
NTH

NTH + NFH
(13)  

Recall =
NTH

NTH + NFNH
(14)  

where NTH, NFH, and NFNH represent the numbers of TH, FH, and FNH 
layers, respectively, dimensionless. 

F-measure can comprehensively evaluate the performance of the 
classification prediction model by integrating precision and recall and 
can be calculated using Eq. (15). Whether F-measure can effectively 
evaluate the performance of the classification prediction model depends 
on whether the appropriate weight (β) can be selected. Different fields 
pay different attention to recall and precision and select different β [20]. 
For example, in the medical field of tumor prediction, recall is much 
more imperative than precision, and β is greater than 1. For bad debt 
prediction in the field of bank loans, precision is much more imperative 
than recall, and β is less than 1. At present, there is no recognized value 

Fig. 10. (a) Absolute petroleum potential distribution of Es2; (b) relative potential index distribution of Es2; (c) relationship between relative potential index 
and AHP. 
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of β and evaluation system for F-measure in the petroleum exploration 
field, so it is necessary to select the appropriate value of β and build an 
evaluation system for F-measure according to the actual situation of the 
petroleum exploration field. 

Fβ =
(
1+ β2) Precision*Recall

Recall + β2Precision
(15)  

where Fβ denotes the F-measure value, dimensionless, and β denotes the 
weight between precision and recall, in which precision and recall have 
the same weight when β = 1, the weight of precision is greater than that 
of recall when β < 1, and the weight of precision is less than that of 
recall when β > 1, dimensionless. 

From 2009 to 2018, the exploration success rate of international oil 
companies was approximately 20 %–50 %, with a mean of approxi
mately 30 % [19]. Before drilling an exploration well, a favorable zone 
for oil and gas accumulation will be determined in the target reservoir, 
and the well set will be finally decided in the favorable zone. We assume 
that the favorable zone includes all oil and gas accumulations in the 
target reservoir and that the drilling exploration well in the favorable 
zone is a random process. Under these assumptions, the recall of current 
exploration technology is a constant 1, and the precision of it ranges 
from 20 % to 50 %. Let Fβ equal to 0.8 as precision equal to 50 % and 
recall equal to 1, which represents the higher level for current explo
ration technology. According to this setting for Fβ, β is calculated to be 

Fig. 11. (a) The numerical model between porosity and HAP in each reservoir unit and section in Jin 93 Well Block; (b) the relationship between porosity index and 
HAP in Jin 93 Well Block. 
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√
using Eq. (15). Based on this weight (β), when recall equal to 1, 20 % 

precision and 30 % precision represent the lower and medium level for 
current exploration technology, corresponding Fβ value of them is 0.5 
and 0.63, respectively. Above all, the evaluation system of the petroleum 
exploration field for F-measure is established (Table 1). The prediction 
model with Fβ ≥ 0.8, 0.8 > Fβ ≥ 0.63, 0.63 > Fβ ≥ 0.5, and 0.5 > Fβ will 
be evaluated as the excellent, good, fair, and poor model. However, the 
assumptions we make deviate from reality. Actually, the favorable zone 
selected by a human cannot cover all oil and gas accumulations, and the 
location of the exploration well set is carefully chosen in the favorable 
zone. All assumptions we make overestimate the level of current 

exploration technology; thus, an evaluation system for F-measure built 
under this assumption will be conservative and reliable, although it 
deviates from reality. 

5.2.3. Performance of HAP prediction model 
The k-fold cross-validation method, which is a well-known test 

method [63], is used to obtain the test result of the constructed HAP 
prediction model. In this method, the dataset is randomly divided into k 
portions first. One of the portions is then selected as test data (testing 
set), and the other k-1 portions are used as training data (training set). 
Further, the testing set is used to verify the prediction model trained by 
the training set. Finally, repeat the previous process k times to ensure 

Fig. 12. (a) The numerical model between permeability and HAP in each reservoir unit and section in Jin 93 Well Block; (b) the relationship between permeability 
index and HAP in Jin 93 Well Block. 
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each portion of the dataset as the testing set verifies the prediction 
model trained by the other k-1 dataset portions, and the k times vali
dation results are analyzed together [64]. Because the prediction model 
will be tested by all data in the dataset, the k-fold cross-validation 
method is an excellent test method when the dataset is small. Howev
er, the test result is affected by the division results of the dataset. To 
suppress this effect as much as possible, the test results of many k-fold 
cross-validations are considered [65]. 

In this study, the test results are obtained by ten times tenfold cross- 
validation method. Table 2 calculates and presents the evaluation in
dicators for the prediction model performance of each tenfold cross- 
validation. For the constructed HAP prediction model, its recall 
ranged from 0.8 to 0.82 with a mean of 0.81, its precision ranged from 
0.44 to 0.45 with a mean of 0.45, and its Fβ ranged from 0.66 to 0.68 
with a mean of 0.67. According to the built performance evaluation 
system, the prediction model is good. 

5.3. Favorable zone prediction result 

Es2 is selected for predicting a favorable zone. Es2 is evenly divided 

into 61,919 grids of 0.01 × 0.01 km2. In addition, according to the grid 
pattern, contour structure maps, porosity distribution prediction maps, 
and permeability distribution prediction maps are grided, and the dis
tance from the center and boundary of the Es3 source rock, which is 
mainly a hydrocarbon source for the Es2 reservoir of each grid, is ob
tained. Because the area of the grid is very small, the geological pa
rameters in each grid can be regarded as uniform distribution, and the 
geological parameters of each grid center are considered to represent the 
geological characteristics of the entire grid. Based on the distance from 
the source rock center and boundary of each grid, the IS of each grid is 
calculated using Eq. (1). Based on the petroleum potential of each grid, 
the Irg of each grid is calculated using Eqs. (2) and (3). Based on the 
porosity and burial depth, the Iφ of each grid is calculated using Eq. (11). 
Based on the permeability and burial depth, the Ik of each grid is 
calculated using Eq. (12). The data of each grid of Es2 in Jin 93 Well 
Block, including grid center coordinates, IS, Irg, Iφ, and Ik, are assembled 
as a dataset (Table S.3). The favorable zone for oil and gas accumula
tions of Es2 is obtained (Fig. 14a) by inputting the IS, Irg, Iφ, and Ik of each 
grid into the HAP prediction model and coloring the grid predicted as a 
hydrocarbon layer green. 

The favorable zone predicted by the model is highly consistent with 
the discovered oil and gas accumulation range (Fig. 14a). The total area 
of discovered oil and gas accumulations in Es2 in Jin 93 Well Block is 
0.82 km2. In the area of discovered oil and gas accumulations, a total of 
5,942 grids are predicted as hydrocarbon layer, with a predicted area of 
0.59 km2. Using the favorable zone prediction method, 72.45 % area of 
discovered oil and gas accumulations are predicted as favorable zone 
and almost hydrocarbon wells within the prediction favorable zone 
(Fig. 14a). Overall, our model for predicting a favorable zone for oil and 
gas accumulation is effective, but it has some shortcomings. Some hy
drocarbon wells and their adjacent areas are not predicted as favorable 
zones by the HAP prediction model, such as J93-52, J93-21X, and J93- 
25X wells (Fig. 14a). In addition, some water well distribution areas 
were predicted as favorable zones by the model, such as J93-19, J93- 
16X, J93-13, J93-22X, and J93-50X wells (Fig. 14a). Most of these wells 
are distributed in the favorable zone boundary, suggesting that the HAP 
model is not accurate and precise enough to predict the boundary con
ditions between oil and gas accumulations and non-oil and gas accu
mulations. In addition, the precision of the prediction map of geological 
parameters is a critical factor affecting the accuracy and precision of 
favorable zones. The final favorable zones for oil and gas accumulations 
of Es2 are obtained by removing the favorable zone boundaries that do 
not agree with the drill result (Fig. 14b). The results show that the south 
of J93-46x, north of J93-41x, east of J93-7, and west of J93-48x have 
good exploration prospects (Fig. 14b). 

6. Discussion 

6.1. ML model selection 

In terms of the dataset in the petroleum exploration field, is the 
training result of the RUSBoosted tree ML algorithm better than other 
well-known ML algorithms? Five well-known ML algorithms were 
selected to train our preprocessed dataset (Table S.2), i.e., K-nearest 
neighbor (KNN) algorithm (for the specific algorithm, refer to Abey
wickrama et al. [66]), SVM with Gaussian kernel algorithm (for the 
specific algorithm, refer to Wang et al. [55]), Naive Bayes algorithm (for 
the specific algorithm, refer to Langley P et al., [67]), logistic regression 
algorithm (for the specific algorithm, refer to Peduzzi et al., [68]), and 
DT algorithm (for the specific algorithm, refer to Ross Quinlan, [54]). 
Ten times tenfold cross-validation and F-measure with β =

̅̅̅
3

√
are also 

used to evaluate the performance of the HAP prediction model con
structed by the six ML algorithms. For conciseness, the HAP prediction 
model constructed by ML algorithms is abbreviated as the ML model. 
The test results of the six HAP prediction models significantly differ. 

Fig. 13. Schematic of the confusion matrix for this study.  

Table 1 
ML performance evaluation table for F-measure (β =

̅̅̅
3

√
).  

F-measure value 0 < Fβ ≤

0.5 
0.5 < Fβ ≤

0.63 
0.63 < Fβ ≤

0.8 
0.8 < Fβ ≤

1 

ML performance 
evaluation 

poor fair good excellent  

Table 2 
Ten times tenfold cross validation result for prediction model.  

Validation times Indicator Value Validation times Indicator Value 

1 Recall  0.82 2 Recall  0.81 
Precision  0.45 Precision  0.44 
Fβ  0.68 Fβ  0.67 

3 Recall  0.80 4 Recall  0.81 
Precision  0.44 Precision  0.45 
Fβ  0.66 Fβ  0.68 

5 Recall  0.80 6 Recall  0.81 
Precision  0.44 Precision  0.44 
Fβ  0.66 Fβ  0.67 

7 Recall  0.81 8 Recall  0.82 
Precision  0.45 Precision  0.44 
Fβ  0.68 Fβ  0.67 

9 Recall  0.82 10 Recall  0.81 
Precision  0.45 Precision  0.45 
Fβ  0.68 Fβ  0.68  
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According to the median or average of Fβ, the following sequence is 
realized: RUSBoosted tree model (mean = 0.673, median = 0.675) >
KNN model (mean = 0.610, median = 0.613) > Naive Bayes model 
(mean = 0.557, median = 0.556) > DT model (mean = 0.506, median =
0.509) > SVM with Gaussian kernel model (mean = 0.483, median =
0.479) > logistic regression model (mean = 0.296, median = 0.298) 
(Fig. 15 and Table S.4). The RUSBoosted tree model outperforms other 
models. In addition, the performance of the KNN model is the most 
similar to the RUSBoosted tree model. The mean precision and recall of 
the KNN model are 0.61 and 0.60, respectively, and the RUSBoosted tree 
model has a higher mean recall (0.81) and lower mean precision (0.45) 
(Table S.4). Thus, will the KNN model be better than the RUSBoosted 
tree model in predicting favorable zones? The KNN model is used to 
predict favorable Es2 zones. The results show that the favorable zones 

predicted by the KNN model are very limited. A total of 9118 grids are 
predicted as hydrocarbon layers by the KNN model, which only accounts 
for 42.19 % of that predicted by the RUSBoosted tree model (Fig. 16). 
Moreover, the favorable zones predicted by the KNN model have poor 
continuity and are mainly distributed in local areas near the hydrocar
bon well, and they have a low overlap rate with discovered oil and gas 
accumulation areas. This is most likely caused by the low recall, indi
cating that the model can correctly predict only a small part of hydro
carbon layer samples, which limits the favorable zones predicted. A 
conservative style is shown for this model. Compared with the KNN 
model, the RUSBoosted tree model, which has a higher recall, has a more 
radical style and is more suitable for favorable zone prediction. This also 
suggests that recall should be set at a higher weight than precision in the 
petroleum exploration field. 

Fig. 14. The prediction result of favorable zones for oil and gas accumulations of Es2 in Jin 93 Well Block.  

Fig. 15. Box figure for ten times tenfold cross-validation results of RUSBoosted tree model and other five well-known ML models on the dataset of this study.  
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6.2. Data preprocessing effect 

In terms of a small dataset, the performance of the HAP prediction 
model can be promoted by integrating professional knowledge into 
original data or embedding professional knowledge into the ML model 
as a regularization item or a constraint module [16,25–28]. In this study, 
professional knowledge of the petroleum exploration field is integrated 
into original data via a data preprocessing method based on source 
controlling theory [29–32], predominant reservoir theory [40–42], and 
fluid potential theory [7,35–39,69]. Nevertheless, owing to the hetero
geneity of the geological body, the theories of the petroleum exploration 
field cannot accurately reflect the real underground situation in most 
cases. Can the constructed data preprocessing method effectively 
improve the performance of the ML model? To discuss this question, 20 
types of sub-datasets are randomly selected from each of original 
geological dataset (Table S.1) and the preprocessed dataset (Table S.2), 
which contain 5 %-100 % data volume of the two datasets at 5 % in
tervals, respectively. In order to reduce the uncertainty caused by 
random selection, five sub-datasets were randomly selected for each 
type of sub-dataset. To maintain the same ratio of hydrocarbon layer to 
nonhydrocarbon layer as the original dataset in each sub-dataset, the 
same proportion of data is randomly selected from the hydrocarbon and 

nonhydrocarbon layer samples to form each of the sub-dataset. Further, 
the performances of the HAP prediction model trained by the sub- 
datasets selected from original geological dataset and the preprocessed 
dataset datasets under the same amount of data are compared. The mean 
of Fβ for ten times tenfold cross-validation is used to evaluate their 
performance. In general, the performance of the RUSBoosted tree model 
trained on the preprocessed dataset is better than that trained on the 
original geological dataset, and the difference between them has an 
obvious decreasing trend as the amount of data increases (Fig. 17). This 
indicates that, in the case of sufficient data, the performance of the ML 
model trained on the original geological dataset can achieve similar 
results to that trained on the preprocessed dataset. This explanation is 
consistent with the complementary relationship between data volume 
and theoretical knowledge proposed by Karniadakis et al. [22]. 

6.3. Applicability in complex petroliferous basin 

It is difficult to obtain good prediction results by directly applying FZ 
prediction method to complex petroliferous basin with multiple petro
leum systems. The geological conditions of hydrocarbon accumulating 
in different petroleum systems are quite different, including the differ
ence of source strata, the difference of hydrocarbon supply capacity, the 

Fig. 16. Prediction results of favorable zones for oil and gas accumulations of Es2 in Jin 93 Well Block based on the KNN model.  
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difference of migration system, the difference of reservoir distribution, 
the difference of trap type and the difference of source-reservoir contact 
relationship, etc [7]. The distribution characteristics of oil and gas ac
cumulations in different petroleum systems are also different [7]. It is 
difficult to establish a reliable and accurate HAP prediction model based 
on HA elements through the unified analysis of CHAs formed in different 
petroleum systems [70]. Therefore, in complex petroliferous basins, the 
complex multiple petroleum systems should be divided into several 
single petroleum systems. Then, the HAP prediction model should be 
established in each single petroleum system. Thereafter, the FZ distri
bution for the petroleum system is predicted. Finally, the FZ predicted in 
each petroleum system are comprehensively analyzed to get the final FZ 
prediction result for the complex petroliferous basins. This strategy has 
been widely used in complex petroliferous basins and has achieved good 
results [3,8,70]. It can also help the method proposed by this study 
achieve good applicability in complex petroliferous basins with multiple 
source rocks. 

6.4. Deficiencies and improvement 

This study proposed a method of predicting favorable zones for 
conventional oil and gas accumulation based on ML, which provides an 
idea for the development of intelligent oil and gas exploration tech
nology. However, at present, the results of this method are roughly 
equivalent to the average level of manual oil and gas exploration, which 
still cannot meet the requirements for industrial application. There are 
some deficiencies for application of this method: 

(1) The number of features is small. The size of the original geolog
ical dataset and the preprocessed dataset used in this study is 
2645 × 6 and 2645 × 4, respectively, making the performance of 
the ML model inadequate. Some studies show that the optimal 
performance of ML models tends to be stable when the amount of 
data reaches a certain threshold, which is related to the number 
of features of the dataset [24,71,72]. In this study, when the data 
sample exceeds 2,000, the performances of the model built based 
on the original geological and preprocessed datasets are generally 
similar and tend to be stable (Fig. 17), mainly attributable to the 
small number of features in the datasets. The only three most 
important HA elements with mature theory are considered in this 
study. However, besides the three HA elements, there are still 
many factors which have important influence on CHAs forming, 
such as cap conditions, preservation conditions, reservoir 

heterogeneity conditions and reservoir connectivity, etc. A study 
conducted by Lerche and Thomsen [73] showed that about 270 
geological factors have an impact on the distribution and accu
mulation of CHAs. But how to use the theory of other elements to 
preprocess the raw data still needs further studies, which is also 
the next study direction. 

(2) Strong constraints on the ML model. The method of data pre
processing essentially uses theory and knowledge to constrain the 
distribution of data features, making it difficult for ML models to 
exploit the relationship between original data and labels. In 
addition, directly preprocessing the data by a theory that is not 
entirely correct in the petroleum exploration field may introduce 
errors.  

(3) Noise of data. Original geological data mainly come from 
geophysical instruments. Owing to the complicated lithologic 
composition and fluid distribution, geophysical data always 
include many noises. 

(4) Hardly application in unexplored and low-explored areas. Pres
ently, data-driven methods can hardly provide exploration di
rections for unexplored or low-explored areas. Theoretically, the 
HAP prediction model constructed on mature exploration blocks 
can be applied to unexplored or low-explored areas in a single 
petroleum system as they have similar geological conditions and 
conventional oil and gas formation processes. However, there are 
great uncertainties for geological data of reservoirs in unexplored 
or low-explored areas, which are primarily deduced from seismic, 
geomagnetic, and other geophysical data, especially in lacustrine 
basins with strong heterogeneity. The accuracy of input geolog
ical parameters is an important effect factor for the HAP predic
tion model. Therefore, the HAP prediction model constructed in 
mature exploration is still hardly applied to unexplored or low- 
explored areas in the same petroleum system. Moreover, in un
explored petroleum systems, the method proposed by this study is 
not applicable because of the lack of data. 

To further improve the ML model performance, our next study tar
gets are as follows: (a) Considering more HA elements and expanding 
the number of features in the dataset by collecting more independent 
features related to HAP, (b) exploiting the constraint effect of theory and 
data mine ability of ML by creating a theory and knowledge constrain 
module and embedding it into loss function of ML model, and (c) 
removing the obvious noisy data from the original dataset by estab
lishing data cleaning standards for the petroleum exploration field. 

7. Conclusion 

(1) The proposed data preprocessing method based on source con
trolling theory, predominant reservoir theory, and fluid potential 
theory can effectively represent the quality of oil and gas storage 
space of reservoir, percolation capacity, accumulation condi
tions, and source conditions.  

(2) Currently, the dataset of the petroleum exploration field is small 
and imbalanced. In addition, the training results of the RUS
Boosted tree model are better than those of the other five ML 
models. Moreover, compared with the original geological data, 
the ML performance constructed by preprocessed data is 
improved.  

(3) The prediction model built by the RUSBoosted tree algorithm and 
drill dataset of Jin 93 Well Block is a good model with recall and 
precision of 0.81 and 0.44, respectively. Favorable zones for oil 
and gas accumulation predicted by this prediction model agree 
well with discovered oil and gas accumulation areas.  

(4) Considering more HA elements and expanding the number of 
features in the dataset, exploiting the constraint effect of theory 
and data mine ability of ML, and removing the obvious noisy data 

Fig. 17. Comparison map for the performance of RUSBoosted tree model 
trained on a preprocessed dataset and original geological dataset. 
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from the original dataset may be three strategies to further 
enhance the performance of the prediction model. 
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