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A B S T R A C T   

Fault seal is of great significance for hydrocarbon migration, accumulation, and further hydrocarbon reservoir 
production. Approximate 32% petroleum resource is confirmed to be related to the faults. However, the existing 
fault seal evaluation methods based on statistical analysis cannot accurately predict fault seal which is influenced 
by multiple factors in a complex way. It is necessary to improve the fault seal evaluation methods for enhancing 
the exploration success rate. In this study, a new fault seal evaluation and prediction method based on decision 
tree (DT) and random forest (RF) is introduced. First, the original dataset was set by quantification and feature 
engineering work. Second, the nonlinear classification models for fault seal evaluation and prediction using a 
binary decision tree named the classification and regression tree (CART) were constructed and improved by 
overfitting calibration. Third, the random forest algorithm was selected as an ensemble learning method to 
improve the faut seal evaluation and prediction accuracy. Third, the evaluation metrics and cross-validation were 
used to evaluate the performance of the model. Finally, the validation test is applied for testing the reliability of 
the model. The result showed that among the 100,000 models constructed in this study, the DT best model could 
evaluate and predict the fault seal with a cross-validation accuracy of 80.60% after overfitting calibration by 
pruning. The best RF model showed the highest test accuracy of 86.54%, which is higher than that of the DT 
model. The models were used for predicting fault seals in another district in the Huimin Depression, and the 
prediction accuracy reached 90% and 95% for the DT and RF model, respectively. This study not only introduced 
a new method for fault seal evaluation and prediction, but also provided guidance for the application and 
development of machine learning in petroleum exploration and exploitation field and industry.   

1. Introduction 

In a sedimentary basin, the properties of faults control tectonic and 
sedimentary processes, as well as the transport geofluids, such as oil and 
gas, which show the significance of faults in petroleum industry (Hindle, 
1997; Hao et al., 2007; Alvar et al., 2009; Pei et al., 2015). Previous 
statistical studies on the petroleum industry have shown that among the 
discovered oil and gas reservoirs around the world, 32% are related to 
faults (Tan et al., 2019; Dong et al., 2021). During the exploration and 
exploitation of petroleum, fault seal evaluation is dominant in fault 
property analysis owing to its controlling effects on hydrocarbon 
migration and accumulation (Lindsay et al., 1993; Yielding et al., 1997; 
Eichhubl and Boles, 2000; Lao et al., 2020). Faults with poor sealing 
capacity could provide migrating pathways for geofluids, while faults 

with good sealing capacity could provide preserving and accumulating 
conditions for oil and gas by blocking effects (Alan et al., 2012; Wang 
et al., 2020). 

Previous studies have shown several methods for fault seal evalua
tion. Knipe (1997) introduced triangle maps of lithologies juxtaposed in 
the hanging wall and footwall for qualitative evaluation of fault seals. 
Regarding quantitative evaluation methods, some researchers have 
introduced different parameters, such as clay smear potential (CSP), 
shale smear factor (SSF), shale gouge ratio (SGR) and normal stress of 
faults, for evaluating fault seals based on statistical principles (Fulljames 
et al., 1997; Zhou et al., 2000; Fu et al., 2005; Vrolijk et al., 2016). 

Although there are several methods for fault seal evaluation, they are 
based on a single fault seal mechanism or they only consider one con
trolling factor of the fault seal. Recent studies have demonstrated that 
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Fig. 1. Location, oil reservoir distribution, fault development and stratigraphy of the Huimin Depression (a) The location of the Huimin Depression with the tectonic 
units, distribution of main faults, well location and hydrocarbon reservoir locations. (b) The cross section profile of the Huimin Depression. The location of the profile 
was showed in Fig. 1(a). (c) Generalized stratigraphic column for the Huimin Depression (Edited by Wang et al., 2020). 
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the sealing capacity of faults is controlled by multiple factors, including 
the lithology of the hanging wall and footwall of the fault, mud content, 
fault throw, fault-dip angle, normal stress, shale-smear indices, micro
fracture and carbonate cements. (Knott, 1993; Yielding et al., 1997; 
Baudon and Cartwright, 2008; Pei et al., 2015). In different geological 
backgrounds, the dominant controlling factors of fault seals are different 
(Caillet and Batiot, 2003; Zhang et al., 2011). In this case, fault seals 
could not show a good correlation to a single controlling factor based on 
linear regression using statistical analysis (Knipe et al., 1997; Færseth 
et al., 2007; Choi et al., 2016). 

The Huimin Depression is one of the major petroliferous depressions 
in the Bohai Bay Basin, which is one of the largest rift basins in eastern 
China. There are over 90 faults in the Huimin Depression, which has led 
to widely distributed fault-block, hydrocarbon reservoirs. Among the 
113 discovered hydrocarbon reservoirs, 86 are fault-block reservoirs. 
Thus, the evaluation of fault seals is of great significance for the analysis 
of hydrocarbon reservoir distribution and hence exploration and 
exploitation strategies. However, previous studies have shown that the 
fault seals in the Huimin Depression are complex and influenced by 
multiple factors (Chen et al., 2010; Feng et al., 2010). Furthermore, the 
evaluation of fault seals using existing methods (such as SGR or triangle 
maps) often provides inconsistent conclusions regarding real fault seal 
conditions (Gao et al., 2003; P.J. Ma et al., 2023). Thus, a new reliable 
recognition and classification method for weighting the analysis of the 
main controlling factors of fault seals is required. 

Machine learning is the study of computer algorithms that can 
improve automatically through experience and by the use of data 
(Mitchell, 1997). In recent years, machine learning has been employed 
in many fields and subjects and has shown significant potentials for 
dealing with complex scientific problems. In this research, the decision 
tree (DT) and random forest (RF) algorithms were used for constructing 
a model for fault seal evaluation and prediction. 

A decision tree is a set of procedures for classifying input training 
data into more homogeneous subgroups using generated rules or de
cisions called nodes (Friedl and Brodley, 1997; Quinlan, 2003). By 
training a DT, the input data can be divided into generated subsets with 
maximum information and minimum entropy (Bravo et al., 2014; Mnih 
et al., 2016). DTs have been widely used in geological analysis owing to 
the complexity of geological processes, including mineral identification, 
landslide susceptibility map determination and petroleum production 
prediction. (Li et al., 2013; Pradhan, 2013; Akkas et al., 2015). The 
analyzing results show the advantages of DT in weighting analysis and 
attribute prediction. The random forest is an ensemble learning method 
for classification, regression and other tasks that operates by con
structing a multitude of decision trees at training time (Breiman, 2001; 
Martens, 2010). For classification tasks, which were used in this study, 
the output of the random forest is the class selected by most decision 
trees (Hastie et al., 2008; Piryonesi and EI-Diraby, 2021). Therefore, the 
random forest method usually can further improve the prediction and 
evaluation accuracy of the DT model. The algorithm of RF was applied 
for favourable reservoir prediction, pore fluid identification and seismic 
inversion (Asim et al., 2017; Rakers et al., 2017; Javier and Miguel, 
2018). While, the utilization of machine learning in petroleum explo
ration is limited and unmature with several problems. 

There are two main problems for the fault seal evaluation using 
machine learning method. The first one is the difficulty for the quanti
tative characterization of the geological features which control the fault 
seal (Piryonesi and EI-Diraby, 2021). The second one is the concerns 
about the reliability of the machine learning methods which are only 
based on data analysis and lack the theoretical support of petroleum 
geology (Caillet and Batiot, 2003; Zhang et al., 2011). For the first 
problem, this study provided a systematic approach of dataset con
struction including quantitative characterization of feature variables 
and feature engineering processes for determination of feature variables. 
For the second question, we applied the correlation analysis of DTs and 
RFs to analyse the dominate controlling factors of fault seal and 

validated their geological rationality on the basis of petroleum geolog
ical knowledge and theory (Huo et al., 2021; Chan et al., 2021). This 
study not only provided a new method for fault seal evaluation and 
prediction with the utilization of DT and RF, but also proofed the ra
tionality and reliability of the machine learning methods for the petro
leum exploration, and further discussed the key factors for the 
application of machine learning in the petroleum exploration and 
exploitation, which is of great significance for the development of 
intelligent petroleum exploration technology. 

2. Geological setting 

The Huimin Depression is located in the southwestern region of the 
Bohai Bay Basin, which is one of the largest rift basins in China. The 
whole depression is divided into three main tectonic zones by two first- 
level faults: the Linshang Fault in the north and the Xiakou Fault in the 
south (Fig. 1a). The three tectonic zones are the Northern Tectonic Uplift 
Belt (NTUB), the Central Deep-Sag Zone (CDSZ), and the Southern Slope 
Belt (SSB) (Fig. 1a) (Wang et al., 2019). 

The Huimin Depression is a NE-SW-trending graben that underwent 
intensive rifting during the Cenozoic (approximately 64 Ma) Era. The 
extensional stress oriented N–S led to the formation of a large number of 
faults at different levels during the Paleogene Kongdian period to the 
Dongying period (Fig. 1b) (Wang et al., 2020). In addition to the Lin
shang Fault and Xiakou Fault, there are over 10 s-level faults and over 
100 third-level faults developed in the Huimin Depression. The entire 
depression experienced two-stage tectonic evolution from the Cenozoic 
to the present: The first stage is the rift stage from the Kongdian period to 
the Dongying Period. During this stage the multi-scale faults were active 
with large-scale movements. Then the uplift and erosional processes 
occurred at the end of the Dongying period and lasted during approxi
mately 24.6 Ma to 14 Ma. Since 14 Ma, the whole depression experi
enced the second tectonic stage of subsidence and depression without 
intensive tectonic movement and activity of faults (Fig. 1c). 

The main sedimentary strata in the Huimin depression are Paleogene 
Kongdian Formation (Ek), Shahejie Formation (subdivided into 4 
members of Es4, Es3, Es3 and Es1 from the bottom to the top), Dongying 
Formation and Neogene Guantao Formation (Ng) and Minghuazhen 
Formation (Nm) (Fig. 1c). The Shahejie Formation, which is the domi
nant source rock and reservoir, is characterized by dark mudstone and 
porous sandstone in lacustrine and river-delta facies (Wang et al., 2019). 
The petroleum system of the Huimin Depression contains the Es3 source 
rock of lacustrine dark mudstone with the thickness of 200–400 m, the 
Es3 and Es2 river-delta sandstone reservoirs and the dark gray mudstone 
seals in Es2 and Es1 corresponding to the Es3 and Es2 reservoirs (Fig. 1c). 

The Huimin Depression is characterized by abundant oil and gas 
resources. At present, a total of 113 hydrocarbon reservoirs have been 
discovered in the Huimin Depression, among which 86 are fault-block 
reservoirs, which shows that the faults control hydrocarbon accumula
tion in the study area (Fig. 1a). The distribution, size and oil saturation 
of these oil and gas reservoirs are different owing to the complexity of 
fault distribution and features. 

3. Data and methods 

3.1. Identification of fault states 

To construct the evaluation model of fault seals, the states of the 
faults should be known first. Previous studies have shown that diage
netic minerals and fluid inclusions can provide evidence for fluid flow 
through faults and thus the identification of open or closed faults (Sor
khabi and Tsuji, 2005). However, it is unrealistic to collect sufficient 
core samples along a fault. Furthermore, for fault-state identification to 
determine hydrocarbon migration and accumulation, the scope of 
mineral and fluid-inclusion analysis is too small. 

Both closed and open faults influence hydrocarbon migration and 
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accumulation. An open fault serves as a pathway for hydrocarbon 
migration, while a closed fault provides a lateral barrier for hydrocarbon 
accumulation (Lindsay et al., 1993; Cartwright et al., 2007; Frery et al., 
2015). Therefore, the distribution of discovered hydrocarbon reservoirs 
and well-production data can be indicators for fault states (Zhang et al., 
2011; Caro et al., 2023). In this study, faults with or without oil and gas 
reservoirs and their related data regarding both the hanging wall and 
footwall were selected for fault-state identification and fault seal eval
uation model construction. 

Specifically, hydrocarbon reservoir distribution based on well-log 
interpretation of fluid properties (water layer, gas layer, oil layer and 
dry layer) and the productivity curves of wells were used as fault-state 
indicators in this study. Using the normal fault as an example (Fig. 2) 
and assuming that oil and gas can only migrate upward from the hanging 
wall to the footwall along the fault plane, the fault state at node B de
pends on the distribution of hydrocarbon reservoirs at node A and node 
C. If the well-log interpretation shows oil reservoirs are only distributed 
at node C, it indicates that hydrocarbon is blocked by the fault and 
cannot migrate from the hanging wall to the footwall through node B. 
Therefore, the fault at node B is closed (Fig. 2b). If well-log interpreta
tion shows that the oil reservoirs are distributed at both node A and node 
C or only at node C, then hydrocarbons can partly or completely migrate 
from the hanging wall to the footwall through node B; hence, the fault at 
node B is open (Fig. 2c and d). 

Productivity curves can also be used for fault-state identification 
(Luo et al., 2012; Lei et al., 2013; S.J. Ma et al., 2023). Additionally, for 
nodes A, B and C, if the wells at nodes A and C show similar productivity 
curves, the fluid flow of the hanging wall and footwall are connected, 
and the fault at node B is open (Fig. 3a). Otherwise, the fault at node B is 
closed (Fig. 3b). 

For the construction of the CART, the status of the fault needs to be 
assigned. Considering that there are only two states (open or closed) for 
fault seals in this study, the Boolean value assignment was used. If the 
fault status is open, then the Boolean value is 1; otherwise, the Boolean 

value is 0. 

3.2. Quantitative characterization of controlling factors of fault seals 

As previously stated, the sealing capacity of the fault may be 
controlled by many geological factors, which determine the states of the 
fault (Karlsen and Skeie, 2006; Cartwright et al., 2007; Cipr et al., 2017). 
To construct a fault seal evaluation model by applying a decision tree, 
these geological factors should be characterized by representative pa
rameters for quantitative analysis. Based on a previous study, the 
fault-dip angle, fault throw, normal stress in the fault plane, shale smear, 
development of microfractures and diagenesis are possible controlling 
factors of fault seals in the Huimin Depression (Zhao et al., 2004; Du, 
2005; Chen et al., 2010). The controlling effects and quantitative char
acterizing parameters of these factors are discussed below. 

3.2.1. Fault-dip angle 
The dip angle of the fault plane can influence the normal stress and 

buoyancy on the fault plane (Hindle, 1997; Choi et al., 2016). Large dip 
angles lead to smaller normal stress and larger buoyancy. These changes 
cause an increase in the driving force and a decrease in the resistance of 
hydrocarbon migration and hence poor sealing capacity and the 
well-connecting capacity of the fault. The dip angle of a fault is not 
constant and always changes with depth (Torabi et al., 2019). In this 
study, the fault-dip-angle value is obtained from seismic interpretation 
data provided by the Shengli Oilfield Branch of the China Petroleum and 
Chemical Corporation (SINOPEC-SOB). 

3.2.2. Fault throw (vertical) 
Previous studies have shown that fault throws have a positive cor

relation with fault connectivity (Smit et al., 2023). A large fault throw 
can cause the development of fractures and microfractures near the fault 
plane or in the fault zone and therefore provide a large number of hy
drocarbon migration pathways (Dewey et al., 1998). However, some 

Fig. 2. Fault-state identification based on well-interpretation data (Edited by Zhang et al., 2011).  

Fig. 3. Fault-state identification based on well productivity (Data from the Shengli Oilfield Branch of the China Petroleum and Chemical Corporation).  
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researchers have concluded that a large fault throw might cause strong 
cataclasis in rocks and thus sufficient pore space for rock-water in
teractions to form carbonate cements. These fine-grained rock particles 
and cements might occupy pore space and block pore throats, which 
tend to make the fault a barrier with a good-sealing capacity (Lindsay 
et al., 1993; Jobe et al., 2022). The fault-throw data were obtained from 
outcrop observations, reservoir reports and seismic interpretations in 
this study. 

3.2.3. Fault length 
The fault length represents the size of a fault, which also contains 

information on the intensity of tectonic movement (Hao et al., 2010; 
Morris et al., 2016). Faults with longer lengths tend to be more open 
than those with shorter lengths (Liu et al., 2018; Dong et al., 2022). Fault 
length was measured by outcrop observations and seismic interpretation 
in this study. 

3.2.4. Normal stress of the fault plane 
The normal stress of the fault plane is considered as a major con

trolling factor for fault seals (Harper and Lundin, 1997; Lu and Wang, 
2010). Previous studies have shown that the normal stress determines 

the threshold pressure of lateral hydrocarbon migration through the 
fault plane (Lu et al., 1996; Lyu et al., 2023). A larger normal stress 
indicates a better lateral-sealing capacity of the faults. In general, the 
normal stresses of reverse faults are larger than those of normal faults 
(Linjordet and Skarpnes, 1992; Lao et al., 2022). Many researchers have 
introduced methods for calculating normal stress (Cowie and Scholz, 
1992b; Fu et al., 2005, 2015). In this study, Fu et al.’s (2015) calculation 
model was used: 

P=P1 +P2 = δ sin β sin α+H(ρb − ρw) × 0.009876 cos α (1)  

where P represents the normal stress (MPa), P1 represents the lateral 
stress from tectonic activity (MPa), P2 is the overburden stress (MPa), δ 
is the regional tectonic principal stress (MPa), β is the angle between the 
direction of the fault strike and δ (◦), α is the fault-dip angle (◦), H is the 
burial depth (m), and ρb and ρw are the densities of overburden sedi
ments and formation water (g/cm3), respectively. 

In this research, the value of δ is from published articles (Hou et al., 
2006; Guo et al., 2009; Wang et al., 2020), and the values of β and α are 
from reservoir reports and seismic profiles provided by SINOPEC-SOB. 
The values of ρb and ρw are calculated by using density well-log data. 

Fig. 4. Missing value imputing methods in machine learning. (a) Imputing value by mean value. (b) Imputing value by mode value. (c) Imputing value by con
structing regression relation. 

Q. Wang et al.                                                                                                                                                                                                                                   



Geoenergy Science and Engineering 228 (2023) 212064

6

Table 1 
Results of chi square test by feature selection process in sklearn software.  

parameter Fault throw (m) Fault-dip angle (◦) Fault length (m) Normal stress (MPa) SGR Ccarbonatea (%) Dsf (cm/cm2) 

Chi square 0.511 0.580 0.525 0.508 0.528 0.685 0.702  

a Ccarbonate: content of the carbonate cements. 

Fig. 5. Workflow chart of the construction and application of evaluation and prediction model by a decision tree.  
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3.2.5. Shale smear 
Shale smears have been observed in outcrop studies and experiments 

by many researchers (Lindsay et al., 1993). They have noted that the 
faulting of sand-shale sequences can form a continuous, multilayered 
clay gouge along the fault plane (Caro et al., 2023). The structure of the 
clay smear is an effective seal to fluid flow. Several algorithms for 
characterizing the shale-smear effect have been introduced, including 
the CSP, SSF and SGR (Fulljames et al., 1997; Torabi et al., 2019). 
Considering that the SGR is the most commonly used parameter and is in 
the database we obtained, the SGR value was selected as the charac
terizing parameter for the effect of shale smears: 

SGR=

∑
[(Zone thickness) × (Zone shale fraction)]

fault throw
× 100% (2)  

3.2.6. Development of microfractures 
The cataclasis of sand grains can produce a fault gouge of finer- 

grained material that increases the sealing capability of the fault. 
However, cataclasis can also lead to fractures and microfractures along 
the fault (Hull, 1988). The development of microfractures can increase 
the permeability of fault zones and hence provide conduits for hydro
carbon migration (Kalani et al., 2015; Liu et al., 2017; Teixeira et al., 
2017; Panahi et al., 2019). In this study, the surface density of micro
fractures (Dsf) was used to characterize the development of micro
fractures. Dsf is defined as the total length of microfractures in a unit area 
observed by microscopy (Bergosh and Lord, 1987): 

Dsf =
1
As

∑n

i=1
Li (3)  

where Dsf is the surface density of the microfracture, cm/cm2; As is the 
unit area under the scope of microscopy, cm2, which was calculated by 
Microimage software; and Li is the length of the microfracture, cm, 
which was measured in the selected photo of the thin section. 

3.2.7. Diagenesis 
The movement of the fault and cataclasis of sand grains can provide 

an open environment and connect deep-burial and shallow-fluid flows 
(Bruna et al., 2021; Schultz and Hofmann, 2021). Frequent fluid flow 
may provide good conditions for water-rock interactions and the gen
eration of cementation, especially carbonate cements, which can 
partially or completely fill pore space and pore throats, ultimately 
creating a hydraulic seal in the fault zone (Hodson et al., 2016; Michie 
et al., 2021). The development of carbonate cements is characterized by 
cement content observed and calculated by Zeiss Merlin microscopy 
with the image analysis software Microimage. The software can recog
nize certain cements by identifying their colour, shape and texture and 
can then calculate the content of the cement. 

3.3. Feature engineering 

The feature engineering process is required for determining the 
characterization parameters and improving the quality of the original 
dataset (Dai et al., 2020). In this paper, the standardization, imputing for 
the missing value and feature selection processes were used for dealing 
with the original dataset. 

3.3.1. Standardization 
For the convenience of model construction and calculation, all the 

original data needs standardization. In this study, we used the tool of 
standardization in sklearn software and chose Z-score standardization to 
make all the collected data to range from − 1 to 1 and conform to normal 
distribution (Botu and Ramprasad, 2015). 

3.3.2. Imputing for the missing value 
The missing value existed in a total of 19 pairs of the data in the 

original dataset. The missing value includes fault dip angle, content of 
carbonate cements and microfracture. As usual, the imputing methods 
for the missing value include mean value replacement, mode replace
ment and regression replacement (Fig. 4) (Breiman, 2001; Caillet and 
Batiot, 2003). In this study, we used the mean of the existed value to 
replace the missing value of content of carbonate cement and micro
fracture, and the missing value of fault dip angle was imputed by the 
mode. 

3.3.3. Feature selection by correlation analysis 
Previous studies have shown that fault dip angel, fault throw, fault 

length, normal stress, shale smear, carbonate cements and development 
of microfracture are main controlling factors to fault seal. However, the 
correlation between these characterization parameters and the fault seal 
needs further analyses to select the proper features for machine learning. 
In this study, feature selection process of “filter” was employed for 
feature selection (Kreimeyer et al., 2021). The chi square test showed 
that the content of carbonate cement and the development of micro
fracture had highest chi square (Table 1). Furthermore, all the param
eters had the chi square lager than 0.5. Considering that the fault state 
was influenced by multiple factors which may influence each other, we 
concluded that all the 7 characterization parameters had influences on 
the fault seal and should be used as the feature value of the DT and RF. 

3.4. Fault seal prediction using decision trees 

A decision tree is a hierarchical model that splits independent input 
variables into homogeneous subgroups by finding decision rules called 
nodes (). DTs can be divided into a classification tree or a regression tree 
based on whether the input variables are discrete or continuous, 
respectively (). Previous studies have introduced many algorithms for 
constructing decision-tree models, including ID3, C4.5 and classification 
and regression tree (CART) (Breiman et al., 2007; Quinlan, 1993). ID3 
cannot overcome the overfitting of the model compared with C4.5 and 
CART. Compared with C4.5, CART is a binary tree, which is more suit
able because the target variable contains only two categories. In this 
study, the target variable-fault, state-only contains two categories: open 
and closed. Therefore, the CART was selected for this research. 
Considering that the required outcome of fault seal prediction is a 
discrete category rather than a numerical value, the classification tree is 
more comfortable for predicting fault seals. Therefore, the classification 
decision tree based on CART algorithms was used to perform the 
decision-tree algorithm by using sklearn software in this study. 

3.4.1. Preparation of training and testing datasets 
For the prediction model constructed by CART, pairs of data con

taining the feature variables and target variable are required (Fig. 5). 
Specifically, for a pair of data, the feature variables are fault-dip angle, 
fault throw, normal stress, SGR value, surface density of microfractures 
and carbonate cements. The target variable is the fault state, which 
contains two attributes: open or closed. In this study, 171 pairs of data 
were used to form a total dataset. The total dataset is then divided into 
two subsets: (1) part one, which contains 80% of the data that are used 
in the training phase of the fault seal prediction model and provides the 
decision tree of the CART, and (2) part two, which contains the 
remaining 20% of the data that are used for validation of the prediction 
model and to confirm its accuracy. Considering that different sampling 
compositions of the training and testing datasets will lead to different DT 
prediction models with different accuracies, 100,000 compositions of 
the training and testing datasets by random sampling were used to find 
the best prediction model with the highest accuracy. 

3.4.2. CART construction 
The fault seal evaluation model by CART is constructed in four steps 

presented below (Fig. 5): 
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(1) Purity calculation 

The training data for CART construction are divided into different 
subgroups with the outcomes of fault seals (open or closed) following 
the decision rules, which are called nodes in the decision-tree algorithm. 
The node represents the method of partitioning, which is selected by a 
key parameter named “node purity” (Nikolaev and Slavov, 1998; Nock 
and Jappy, 1999). In a certain group of data, node purity is defined as 
the ratio of data with a certain attribute to the total data (Quinlan, 
2003). In the CART, impurities are more commonly used and charac
terized by the Gini index (Quinlan, 2003; Leibovici et al., 2011): 

Gini= 1 −
∑c− 1

i=0
[p(i|t)] (4)  

where c is the category of the attributes of the target variable, which is 2 
in this study (open and closed), and p(i|t) is the ratio of data with 
attribute i to the total data for given node t. In other words, p(i|t) is the 
purity of node t.  

(2) Decision of nodes 

A higher purity or a lower Gini index indicates that the node is 
effective for the classification of target variables. Therefore, the target of 
CART construction is to find the nodes with the highest total Gini index 
of all nodes (Itani et al., 2020; Huang et al., 2020).  

(3) Subgroup determination 

The first selected node with the lowest purity or highest Gini index is 
used to binarily divide the total training data into two subgroups. Then, 
the purity of the two subgroups is calculated again for selecting new 
nodes, which will divide each subgroup (which is called the parent 
subgroup) into another two subgroups (which is called the descendant 
group). When every descendant subgroup contains only one attribute of 
the target variable, which indicates that the given decision tree provides 
the unique outcome of the fault status for each pair of input parameters 
of fault-seal-controlling factors, the partition is terminated, and the 
fault-seal evaluation model based on CART is constructed. 

Note that the nodes were formed by setting the critical values of 
selected feature variables, which are the controlling factors of fault seals 
in this study. Therefore, the Gini indices can also reflect the information 
gain of all feature variables and can make the correlation analysis be
tween fault seals and the controlling factors available. 

3.4.3. Reasonable model selection 
The accuracy of the prediction model constructed by the DT is 

determined by the training error and generalization error (Kim, 2016). 
The training error represents the misclassification of the training data by 
the training model, while the generalization error represents the 
misclassification of the testing data. An ideal prediction model must be 
characterized by both low training error and low generalization error (Li 
et al., 2009; AbouEisha et al., 2016). In this study, a 100,000 CART 

Fig. 6. Utilization of 10-fold cross validation (Edited by Kang et al., 2019; T = Average test accuracy, Ti = iterated test accuracy).  
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model was constructed to select the best model with the lowest training 
error and generalization error as the reasonable model. 

3.4.4. Overfitting calibration by model pruning 
During the training process, the training error of a predicting model 

can be minimized by the information gain algorithm of the DT (Jega
deeshwaran and Sugumaran, 2013; Huo et al., 2021). Therefore, the 
methods for decreasing the training error include enlarging the sample 
size of training data or changing the type of DT (Chandra et al., 2010; 
Saettler et al., 2017). 

However, the decrease in training error always leads to an increase in 
generalization error because the training model may only fit the specific 
given training data instead of providing a universal prediction model for 
any input data. The training model with low training error and high 
generalization error is called an overfitting model (Quinlan, 2003). The 
calibration of overfitting DTs is called pruning. In this study, we pruned 
the overfitting trees by the following steps:  

(1) Constrain of layers (Lmax) 

The layer of the DT represents the time of decision of descendant 
subgroups. Too many subgroup divisions will decrease the generaliza
tion of the model.  

(2) Constrain of the samples of subgroups (Smin) 

The number of samples in a subgroup showed the effectiveness of the 
nodes. A subgroup containing only a few samples indicates that this 
subgroup and its nodes only focus on a specific dataset.  

(3) Minimum of the impurity decrease (Ginimin) 

The impurity also shows the effectiveness of nodes, and a lower Gini 

index corresponds to a lower effectiveness of the nodes. Nodes with 
extremely low Gini indices should be abandoned to improve the 
generalization of the evaluating model. 

3.4.5. Reliability test 
The calibrated model should be tested by new testing data. While 

considering the amount of data is not enough, the cross-validation is 
used in this research. Cross-validation is a resampling method that uses 
different portions of a dataset to test and train a model on different it
erations (Geisser and Eddy, 1979; Kelter, 2021). The goal of 
cross-validation is to estimate the performance of reliability and 
generalization of a model (Burman, 1989). In this paper, we selected 
k-fold cross-validation for reliability test of the model. In 10-fold 
cross-validation, the original sample is randomly partitioned into 10 
equal sized subsamples, of which a single subsample is retained as the 
test data for testing the model, the remaining 9 subsamples are used as 
training data. The cross-validation is then repeated 10 times. With each 
of the 10 subsamples used exactly once as the test data, the 10 results can 
then be averaged to produce a single estimation (Fig. 6). The advantage 
of this method over repeated random sub-sampling is that all observa
tions are used for both training and testing, and each observation is used 
for testing exactly once. Furthermore, cross-validation is more effective 
when the amount of data is small (Kang et al., 2019; Wainer and Cawley, 
2021). 

3.5. Fault seal prediction using random forest method 

Based on the CART model, the random forest method was used to 
improve the rationality of the model by a single decision tree (Asim 
et al., 2017; Rakers et al., 2017). The random forest algorithm is an 
ensemble learning method for classification and regression (Javier and 
Miguel, 2018). It works by constructing multiple decision trees and 
giving the final output by combining all the results of the decision trees it 

Fig. 7. Workflow chart of the construction and application of evaluation and prediction model by random forest method.  
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contains (Kam, 1995). In the random forest method used in this study, 
20 CART models were held for judging the state of the fault. The output 
of the random forest was the class selected by most decision trees among 
the 20 DTs (Fig. 7). As an algorithm of ensemble learning, random forest 

usually can improve the evaluation accuracy and rationality compared 
with the DT. 

Fig. 8. Distribution of the feature variables of fault seal. (a) Distribution of fault throw; (b) Distribution of fault length; (c) Distribution of fault normal stress; (d) 
Distribution of fault dip angle; (e) Distribution of SGR value; (f) Distribution of carbonate cement content; (g) Distribution of surface density of the microfracture; 

Fig. 9. Thin section photos of carbonate cements at fault zone in the Huimin Depression (The well locations are showed in Fig. 1c). The carbonate cement of calcite is 
dyed red and highlighted with yellow dotted circles and arrow, the pore space is dyed blue. (a) Developed calcite cement which occupied pore spaces (Ccarbonate =
20.4%), Well X-326, 3130 m. (b) Developed calcite cement filled-in primary pores, (Ccarbonate = 15.5%), Well X-507, 2819 m. (c) Less calcite cement filled-in 
intragranular pores, (Ccarbonate = 7.7%), Well X-510, 3032 m. (d) Less calcite cement between quartz, (Ccarbonate = 5.5%), Well S-543, 3322 m. 
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4. Results 

4.1. Training and testing datasets 

4.1.1. Original dataset 
A total of 184 pairs of data of the characteristics and status of faults 

in the Huimin Depression were obtained for the construction and cali
bration of the CART. The complete dataset was showed in the appendix 
of the paper (see Appendix A). Considering that the fault throw and 
fault-dip angle for a fault are not constant, the median of the fault throw 
and fault-dip angle were used. The distribution of the feature variables 
of the fault seal showed large disparities. The distribution of fault dip 

angle and SGR value was characterized by normal distribution, while the 
development of carbonate cements and microfracture showed unbal
anced distribution (Fig. 8). In addition, based on the observation of thin 
sections and previous studies, the carbonate cements in the Huimin 
Depression were dominated by calcite cements with intensive hetero
geneity along the faults (Fig. 9). The content of calcite cements ranged 
from 0.27 to 31.22% with an average of 5.76% according to the image 
analysis software (Fig. 10). Calcite cements developed more near the 
fault zone and showed strong heterogeneity in different area (Fig. 9). 
Microfractures were also widely distributed in the Huimin Depression. 
The microfractures were characterized by lengths ranging from 
approximately 13.4 to 146.2 μm and an average width of approximately 

Fig. 10. Measurement of the content of calcite cements by image analysis software Microimage (The well locations are showed in Fig. 1c). (a) Thin section photo of 
optical microscopy with calcite cements dyed in red, Well X-33, 3302 m. (b) Calcite cements recognized (in yellow) by image software Microimage. (c) Calcite 
cements determined and marked in black by image software Microimage. (d) Determination of calcite cement content by gridding and calculation of black part. 

Fig. 11. Microfractures observed by optical microscopy. The area of microfractures were highlighted with yellow dotted circles. (a) Developed microfractures filled 
by asphalt and connected pore spaces, Well X-510, 3032 m. (b) Less microfractures filled by asphalt, Well X-501, 3503 m. 
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3.3 μm (Fig. 11). Microfractures were more developed near the fault 
zones with asphalt filling, which indicated that the hydrocarbons had 
migrated through the microfractures of the faults (Fig. 11). The calcu
lation of Dsf also showed that the microfractures were more developed 
near the faults. However, the microfractures also showed a complex 
distribution with heterogeneity, with Dsf ranging from 0 to 3.22 cm/cm2 

in the Huimin Depression. To conclude, the possible controlling factors 
showed complex relationships to the distribution of faults and hence led 
to difficulty in analysing and predicting the capability of fault seals. 
Considering the heterogeneity of the distribution of carbonate cements 

and microfractures, 10 thin section samples were collected for each test 
point of the fault seal, and the content of carbonate cements and value of 
Dsf were the average from the 10 thin sections. 

4.1.2. Determination of training dataset and testing dataset 
For the construction of the CART, 181 pairs of data were divided into 

two attributes of training data and testing data by random sampling. In 
each dataset, 145 data points were used as training data for constructing 
the fault-seal evaluation model by CART. Another 36 data points were 
applied to test the accuracy of the model. In this study, a total of 100,000 

Fig. 12. CART fault seal evaluation and prediction model based on Python code using sklearn software.  

Fig. 13. Records of training accuracy for 1000 constructed CARTs.  
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pairs of training and testing data were determined to find the best fault 
seal evaluation model by CART. 

4.2. Model training 

4.2.1. Construction of CART 
In this study, sklearn software was applied to construct the CART 

decision tree based on Python code. The CART with the highest accuracy 
(smallest training error) is shown in Fig. 12. This CART was a 13-level 
decision tree with 38 ending subgroups in total in this research, which 
were highlighted in pure coloured ellipses with red circles. The ending 
group in pink represented the output of closed fault, while the ending 
group in green indicated the output of open fault, The subgroups were 
marked in mixed colour and showed the fault state composition of the 
data points in certain subgroup. The node and the Gini index were also 
showed near the subgroup. 

With the classification of the group and generation of subgroups, the 
Gini index of the nodes gradually decreased; if the Gini index for a node 
reached 0, the classification stopped. When all Gini indices reached 0, 
the construction of the CART was completed. The ending subgroup for a 
node could appear at any layer of the decision tree. In the given CART in 
Fig. 12, the ending subgroups appeared in the third to the thirteenth 
layer of the decision tree. 

4.2.2. Training accuracy and training error 
The training accuracy and training error represent the evaluation 

accuracy of the CART for the training data. In this study, an iteration 

procedure was applied to search for the best evaluation model. During 
this iteration process, 100,000 models were compared one by one to 
determine the model with the highest training accuracy. The training 
accuracies of the last 1000 models are shown in Fig. 13. The training 
accuracy for the CART sample mainly ranged from approximately 65 to 
80%, with maximum and minimum values of 97.96% and 46.63%, 
respectively. 

4.3. Model testing 

The high training accuracy of a CART might indicate that this deci
sion tree was overfitting to a certain training dataset and hence lost 
generalization for the testing data and other groups of data. The over
fitting of a decision tree would then lead to low accuracy for the testing 
data and high generalization error. For the 1000 constructed CARTs 
shown in Fig. 14, the results of the testing accuracy mainly ranged from 
approximately 40%–55% with maximum and minimum values of 
19.23% and 72.28%, respectively. The average testing accuracy was 
44.87%, and the generalization error reached 45.13%. Therefore, the 
best model was selected with the highest testing accuracy of 72.28%. 
Compared with the high training accuracy, the results of testing accu
racy indicated that most CARTs were overfitted, which indicates that 
overfitting calibration by pruning is necessary. 

4.4. Overfitting calibration and cross validation 

As shown above, the CART was overfitted, and overfitting calibration 
by pruning was required. In this study, the best selected model shown in 
Fig. 12 was calibrated by the process of pruning and setting three 
hyperparamters in the following ways: (1) constraining of the layers, 
which means that the maximum of the layer of a decision tree (Lmax) will 
be defined and the subgroups over the maximum will be pruned. (2) 
Constraining of the samples of subgroups, which defined the minimum 
of the samples in a subgroup (Smin). Subgroups with samples less than 
the defined minimum will be pruned. (3) Minimum impurity decrease 
(Ginimin), which means that the classification of the group (subgroups) 
will not appear when the Gini index is less than the defined minimum. 

In this study, the grid search method was used for selecting the best 
hyperparameters. The grid search was an exhaustive searching through 
a manually specified subset of the hyperparameter space of a learning 
algorithm. Considering the large time consumption of the grid search 
method, an estimated value range of each hyperparameter was defined. 

The value of Lmax was firstly tested and the Lmax of 6, 7, 8 and 9 

Fig. 14. Records of testing accuracy for 1000 constructed CARTs.  

Table 3 
Records of hyperparameters and testing accuracy.  

Lmax Testing 
accuracy (%) 

Smin Testing 
accuracy (%) 

Ginimin Testing 
accuracy (%) 

2 50.5 4 60.5 0.04 62.2 
3 55.2 8 76.3 0.08 65.4 
4 70.1 12 77.7 0.12 58.9 
5 62.4 16 80.2 0.16 78.5 
6 92.1 20 68.2 0.2 80.2 
7 82.2 24 65.5 0.24 85.4 
8 79.5 28 65.5 0.28 69.5 
9 71.1 32 63.2 0.32 64.8 
10 53.2 36 63.2 0.36 72.2 
11 52.1 40 58.1 0.4 63.2 
12 53.1 44 58.1 0.44 58.1 
13 50.1 48 58.1 0.48 58.1  
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showed better performance on testing accuracy. Then the value of Smin 
was tested with the Lmax of 7. The testing result showed higher testing 
accuracy when the Smin ranged from 8 to 36. Finally the Ginimin was 
defined when Lmax and Smin equalled to 7 and 12, respectively. The result 
showed that the testing accuracy was higher when Ginimin ranged from 
0.16 to 0.28 (Table 3). 

According to the hyperparameter test, the grid search programme for 
Lmax, Smin and Ginimin was determined: The searching range of the Lmax 
was from 6 to 9 with the step width of 1, the searching range of the Smin 

was 8–36 with the step width of 1, the searching range of the Ginimin was 
from 0.16 to 0.28 with the step width of 0.01. The iteration method was 
also used for searching the best couple of hyperparameters. 

After the iteration and testing, the best couple of hyperparameters 
was found: Lmax = 7, Smin = 10, and Ginimin = 0.21. The pruned model 
was shown in Fig. 15. After pruning, the prediction model was tested 
again with the testing data. The results showed that the testing accuracy 
of the pruned model improved from 72.28% to 80.60%, which showed 
the necessity of overfitting calibration. 

For further testing the generalization and reliability of the CART 
model and avoiding the selection bias of the test dataset, 10-fold cross- 
validation was used in this research. The result showed that the average 
of the testing accuracy by 10 times cross-validation was 80.6% (Table 4), 
which showed the well generalization and high reliability of the model. 

4.5. Improvement of the model by using random forest 

Based on the CART model by decision tree algorithm, the random 

Fig. 15. The CART sample with the highest testing accuracy after overfitting calibration by pruning.  

Table 4 
Testing accuracy of 10-fold cross-validation for the CART model.  

Iteration 1 2 3 4 5 

Testing accuracy (%) 83.3 72.2 77.8 88.9 72.2 
Iteration 6 7 8 9 10 
Testing accuracy (%) 94.4 88.9 66.7 77.8 83.3  

Fig. 16. Comparison of performance between DT and RF model trough 10-fold cross validation.  
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forest method was used for further improving the accuracy and ratio
nality of the model. In this study, 20 CARTs were used for random forest 
construction by sklearn software. The dataset for every CART were still 
made by random sampling. For each CART in the random forest, the 
ratio of the training data and testing data was 70%–30%. The con
structing process of each tree was the same as the constructing model by 
CART which was shown above. In this study, we totally constructed 100 
groups of random forest for finding the best random forest. The evalu
ating results by RFs showed that the highest accuracy of the model 
among the 100 RFs was 86.54%, which is indeed slightly higher than the 
CART model. The 10-fold cross validation of the RF model showed that 
the accuracy ranged from 73.68% to 100% with an average of 86.32%, 
which was also slightly higher than that of the CART model (Fig. 16). 

4.6. Evaluation metrics of the testing accuracy 

The testing accuracy was easily to be affected by the composition of 
training and testing dataset and hence cannot reflect the real reliability 
of the evaluation model. In this research, sensitivity (recall), precision, 
specificity, negative predictive value and F1-score were used as the 
metrics for the evaluation of the model accuracy. 

For a binary classification model, the output result could be divided 
into four types (Fig. 17). The case that actual class of positive was 

correctly predicted as positive by the model was called true positive 
(abbreviated as TP), the case that actual class of negative was correctly 
predicted as negative was called true negative (abbreviated as TN). 
While, the case that actual class of positive was falsely predicted as 
negative was called false negative (abbreviated as FN), the case that 
actual class of negative was falsely predicted as positive was called false 
negative (abbreviated as FP). The sensitivity reflected the evaluation 
accuracy of the actual positive class for a dataset and was defined as the 
ratio of TP and the sum of TP and FN: 

Sensitivity=
TP

(TP + FN)
(5) 

The precision reflected the evaluating accuracy of the predicted 
positive class for a dataset and was defined as: 

Precision=
TP

(TP + FP)
(6) 

The specificity reflected the evaluating accuracy of the actual 
negative class for a dataset and was defined as: 

Specificity=
TN

(TN + FP)
(7) 

The negative predicted value reflected the evaluating accuracy of the 

Fig. 17. Classification of evaluation metrics for classification problems in machine learning.  

Table 5 
Evaluation metrics for the Testing accuracy of 10-fold cross-validation.  

Iteration Accuracy Sensitivity Precision specificity negative predicted value F1-score 

1 0.833 0.800 0.875 0.889 0.778 0.842 
2 0.722 0.600 0.875 0.857 0.636 0.706 
3 0.778 0.667 0.800 0.400 0.923 0.500 
4 0.889 0.857 1.000 1.000 0.667 0.923 
5 0.722 0.600 0.875 0.857 0.636 0.706 
6 0.944 0.667 1.000 1.000 0.938 0.800 
7 0.889 0.600 1.000 1.000 0.867 0.750 
8 0.667 0.714 0.500 0.833 0.333 0.769 
9 0.778 0.800 0.667 0.923 0.400 0.857 
10 0.833 0.833 0.833 0.714 0.909 0.769 
Average 0.806 0.714 0.843 0.847 0.709 0.775  
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predicted negative class for a dataset and was defined as: 

Negative predictive value=
TN

(TN + FN)
(8) 

The F1-score was an evaluation metric for testing both of sensitivity 
and precision: 

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

(9) 

In this paper, the fault state of open was defined as positive, and the 
state of closed was defined as negative. The value of the evaluation 
metrics for the testing accuracy of the 10-fold evaluation was listed in 
Table 5. The value of sensitivity ranged from 0.600 to 0.833 with an 
average of 0.714, the value of precision ranged from 0.667 to 1.000 with 
the average of 0.843, the value of specificity ranged from 0.400 to 1.000 
with the average of 0.847, the value of negative predicted value ranged 
from 0.333 to 0.909 with the average of 0.709, the value of F1-score 
ranged from 0.500 to 0.923 with the average of 0.775. The distribu
tion of sensitivity and precision showed the high efficiency and reli
ability of the model in predicting open state of faults, while the 

Fig. 18. Profile B–B’: Fault seals determined by geological analysis and CART in the Huimin Depression.  

Table 6 
Fault-state evaluation results of profile A-A’ in the Huimin Depression.  

Testing points Depth (m) Fault number Fault state CART RF SGR value SGR result* SSF value SSF result* Normal 
Stress value 

Normal stress result* 

1 3101.2 F1 Open Open Open 0.722 Closed* 1.22 Closed 8.3 Closed 
2 3211.9 F1 Open Open Open 0.231 Open 8.13 Open 8.5 Closed 
3 3484.1 F1 Closed Closed Closed 0.322 Open 7.32 Open 8.9 Closed 
4 2062.2 F1 Closed Closed Closed 0.292 Open 7.11 Open 6.9 Uncertain 
5 2143.2 F1 Closed Closed Closed 0.277 Open 8.14 Open 7.1 Uncertain 
6 2240.8 F1 Closed Closed Closed 0.454 Uncertain 2.98 Closed 7.3 Uncertain 
7 2798.4 F1 Open Open Open 0.475 Uncertain 5.32 Uncertain 7.8 Closed 
8 2832.9 F1 Open Open Open 0.112 Open 8.99 Open 7.8 Closed 
9 3421.1 F2 Closed Closed Closed 0.677 Closed 2.23 Closed 9.0 Closed 
10 2730.2 F3 Closed Closed Closed 0.311 Open 7.75 Open 7.7 Closed 
11 2810.3 F3 Closed Closed Closed 0.862 Closed 6.88 Open 7.9 Closed 
12 3300.4 F4 Closed Open Open 0.143 Open 7.98 Open 8.6 Closed 
14 2683.9 F5 Open Open Open 0.302 Open 7.32 Open 7.5 Closed 
15 2765.8 F5 Closed Closed Closed 0.318 Open 0.71 Closed 7.5 Closed 
16 2794.3 F5 Closed Closed Closed 0.235 Open 7.49 Open 7.8 Closed 
17 2253.9 F6 Open Open Open 0.343 Open 8.75 Open 6.5 Uncertain 
18 2399.1 F6 Closed Closed Closed 0.355 Open 7.15 Open 6.8 Uncertain 
19 2471.6 F6 Closed Closed Closed 0.283 Open 7.35 Open 7.0 Uncertain 
20 2200.2 F7 Open Closed Open 0.214 Open 8.54 Open 6.7 Uncertain 

*: The incorrect evaluation results by fault seal evaluation methods are in bold. 
*: The criteria of the SGR, SSF and normal stress methods are listed in Table 7. 

Table 7 
Criteria of SGR, SSF and normal stress methods.  

Fault state Open Uncertain Closed References 

SGR method <0.45 0.45–0.75 >0.75 Yielding et al., 1997 
SSF method >6.5 3–6.5 <3 Yielding et al., 1997 
Normal stress method <5 5–7.5 >7.5 Fu et al., 1996  
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distribution of specificity and negative predicted value showed the high 
efficiency and reliability of the model in predicting closed state of the 
faults. The distribution of F1-score indicated that the model performed 
stable during the evaluating processes. Therefore, the evaluation metrics 
showed the high reliability of the fault seal evaluating model. For the 
petroleum exploration and exploitation, the different metrics represent 
different meanings. The selection and prior evaluation metrics in 

different situations will be discussed in section 5.2.1. 

Fig. 19. The Gini index value calculated by DT.  

Fig. 20. Well-log profile of Well X-503: Calcite is more developed in fault zones with low porosity and low permeability and hence good seal capacity. The carbonate 
cement was dyed in red and marked by yellow dotted circles in the thin section photo. The location of the well is shown in Fig. 1. 
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5. Discussion 

5.1. Comparison between decision tree and random forest 

5.1.1. Algorithm and accuracy 
A DT is based on a set of features or attributes present in the dataset 

and combined with a series of sequential decisions made to reach a 
specific result, the construction of a DT only requires one set of training 
data (Quinlan, 1993). Therefore, the model of decision tree is easily 
affected by certain training data. Without the constraint of hyper
parameters, the model of DT learns particular features of one dataset, 
which often leads to overfitting and poor generalization (Fratello and 
Tagliaferri, 2019). 

The random forest is a tree-based machine learning algorithm that 
uses the power of multiple DTs for making decisions (Kam, 1995). 
Comparing to DT algorithm, the random forest algorithm overcomes 
overfitting by randomly splitting and selecting training and testing 
datasets for constructing different DTs and hence generate the final 
output by combining the output of each individual DT. Therefore, the 
random forest algorithm showed the characterization of “random” 
during the model training process, which led to better performance in 
model accuracy and reliability (Speiser et al., 2019). In this research, the 

model of random forest indeed showed higher accuracy than that of the 
DT model. However, constrained by the amount of data, the advantage 
of random forest algorithm was not fully reflected on testing accuracy. 

5.1.2. Effectiveness 
As is stated above, the algorithm of DT is simple, the training and 

testing of a DT costs less time than almost all other machine learning 
algorithms. Furthermore, the calibration of a DT model is also conve
nient by setting the key superparameters (Kaminski et al., 2017). While 
the RF algorithm requires large amount of data to construct a “forest”, 
and also requires much more training and testing time than the DT al
gorithm (Smith et al., 2013). The calibration of the RF model also costs 
much time comparing to the overfitting calibration of DT. To conclude, 
the DT algorithm shows higher effectiveness in utilization and time 
consumption. 

5.1.3. Interpretability and visualization 
Previous studies have shown that the greatest advantage of the DT 

algorithm is the interpretability and visualization (Quinlan, 2003). So 
far, most machine learning algorithms can only provide a black box 
model for users. The constructing processes and the logic of judgements 
cannot be clearly showed (Tom, 1997; Bishop, 2006). The 

Fig. 21. Matches of burial history, oil injection period, evolution of fault, diagenesis history and evolution of porosity (Modified by Shi et al., 2017).  
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interpretability or visualization is one of the most important problems 
when the machine learning methods are used in other research fields, 
including petroleum exploration and exploitation. Although random 
forest seems to just combine multiple DTs, the calculating and judging 
processes of random forest are difficult to interpret (Denisko and Hoff
man, 2018). The advantages of interpretability and visualization make 
DT algorithm easier to use and understand. 

In summary, DT performs better in interpretability and visualization, 
while RF indeed showed slightly higher testing accuracy. However, 
constrained by the amount of data, the disparities on reliability and 
effectiveness between the two algorithms were not reflected in this case. 

5.2. The reliability of the predicting model by machine learning 

5.2.1. Application of the machine learning for fault seal prediction in the 
Huimin depression 

The constructed prediction model was applied to evaluate fault seals 
in the Huimin Depression to test the accuracy and reliability of the 
model under the geological background. The fault state was judged by 
both geological methods (stated in section 3.1) and the prediction model 
based on machine learning, and the results are shown in Fig. 18 and 
Table 6. The results showed that the DT model provided 18 correct 
judgements at all 20 testing points; the accuracy of the model in the 
Huimin Depression reached 90%. The RF model provided 19 correct 

judgements of all the test points with the accuracy of 95%. 
Table 6 also shows the results of some previous fault seal evaluation 

methods, which contained the SGR, SSF, and normal stress of the fault 
plane. The calculating formula of SGR is shown in equation (2), the 
calculating formula of normal stress of the fault plane is shown in 
equation (1), the calculation of SSF is listed below: 

SSF=
Fault throw

Shale layer thickness
(10) 

According to the criteria of the SGR, SSF and normal stress methods 
(Table 7), the evaluation results showed that the three methods provided 
10, 11 and 8 correct judgements among the 20 test points, which cor
responded to accuracies of 50%, 55% and 40%, respectively. Therefore, 
the prediction model based on machine learning was more appropriate 
for evaluating fault seals in the Huimin Depression. Note that the two 
test points along fault F4 and fault F7 (test points 12 and 20 shown in 
Table 5, respectively) at which the prediction model provided an 
incorrect judgement of the fault state were relatively farther from the 
fault plane. Therefore, the data collected by these two points and the real 
characteristics of the fault may have some differences, which indicates 
that the selection of the test points may influence the accuracy of the 
fault state by using machine learning methods. The test points on the 
fault plane or near the fault plane are appropriate for the application of 
the prediction models. 

Fig. 22. Precision of data generally used in geological research and suggested in machine learning in fault seal analysis.  
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5.2.2. Geological rationality of the controlling factor analysis by DT 
The prediction model not only predicts fault seals but also dominates 

the controlling factors of fault seals in a certain study area by calculating 
the information gain by the Gini index. A higher Gini index indicates a 
more dominant controlling factor of the fault seal capacity. Note that the 
value of the Gini index provides the relative importance of the con
trolling factors instead of the absolute importance. According to the 
calculation results, the carbonate cement content is the most important 
controlling factor on fault seals in the Huimin depression. In addition, 
the development of microfractures and the shale-smear effect also have 
some influence on faut seals. The fault throw and fault length show 
limited controlling effects on fault seals, while the controlling effects of 
fault-dip angle and fault length on fault seals are not obvious in the 
Huimin Depression in this study (Fig. 19). 

5.2.2.1. Carbonate cements. Observation of core samples and the anal
ysis of thin sections also showed the significant influence of carbonate 
cements on fault seals. Previous studies have shown that volcanism in 
the Huimin Depression was active from the Mesozoic Era to the Qua
ternary Period (Song et al., 2007; Sun et al., 2008). Hydrothermal fluids 
with higher temperatures deep in the Earth could have migrated to 
shallower depths along the faults and provide abundant carbon dioxide 
(CO2). CO2 first dissolved in water and then generated H2CO3, which 
could then become HCO3

− and H+:  

CO2(g)+H2O=H2CO3                                                                    (11)  

H2CO3=H++HCO3
− (12) 

The Ca2+, Mg2+ and Fe2+ in pore fluids could interact with HCO3
−

and generate calcite and dolomite cements along fault zones:  

Ca2++2HCO3
− = Ca(HCO3)2                                                          (13)  

Ca(HCO3)2 = CaCO3 (calcite)+HCO3
− + H+ (14)  

2H2CO3+Ca2++Mg2+→CaMg(CO3)2 (dolomite)+4H+ (15) 

The calcite and dolomite cements filled in pore space and blocked 
pore throats, which could have largely decreased the permeability of 
fault zones. Furthermore, the sealing capacity of fault zones could have 
been strengthened. Previous studies have shown that the average con
tents of dolomite and calcite cements near fault zones were 19.7 and 
30.5%, respectively. However, these cements far from the faults were 
only 5.3% and 4.4%, respectively. Furthermore, the permeability of the 
rocks near and far from fault zones also showed large disparities. The 
permeability of rocks near faults ranged from approximately 0.1 to 5.5 
mD with an average of 3.7 mD. However, the permeability of rocks far 
from the faults ranged from 7.7 to 97.4 mD with an average of 68.4 mD 
(Fig. 20). Therefore, the development of carbonate cements could have 
largely enhanced the sealing capacity of the faults and could have 
blocked oil and gas from migrating through the faults. 

The history of fault movement and diagenesis showed the faults in 
the Huimin Depression were active from approximate 40 to 25 Ma 
(Wang et al., 2019), during which period the hydrothermal fluids with 
large amount of CO2 migrated to shallower depth along the faults. Then, 

Fig. 23. Influence of evaluation metric of sensitivity on petroleum exploration. The lower profile shows the low sensitivity may lead to underestimation of 
exploration range and potential of the petroliferous district. 
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the carbonate cementation mainly developed from 25 to 15 Ma (Shi 
et al., 2017). During this period, the porosity of the sandstone reservoirs 
decreased from approximate 25%–17%, which led to the enhancement 
of fault seal. Finally, oil and gas migrated from source rocks to hydro
carbon traps and were blocked by faults with well sealing capacity from 
approximate 10 to 2 Ma (Fig. 21). 

5.2.2.2. Microfracture. The generation of microfractures near the faults 
was the second most important controlling factor on fault seals in the 
Huimin Depression. Previous studies have shown that friction along 
fault planes due to the movement of faults can lead to widely distributed 
microfractures in the fault zone (Kalani et al., 2015). Microfractures can 
largely change the physical properties of faults, especially in increasing 
the permeability of faults (Hodson et al., 2016; Teixeira et al., 2017). In 
this study, microfractures were observed to be more developed near 
faults filled with asphalt, which was evidence of hydrocarbon migration 
(Fig. 11). The results indicated that the microfractures could have 
enhanced the migrating capacity of the faults. 

The evolutionary processes of fault movement and diagenesis also 
showed that the microfractures mainly developed from approximate 40 
Ma to 25 Ma as the main faults of the Huimin Depression moved 
frequently (Wang et al., 2019). The diagenetic history indicated that the 
microfractures mainly developed before the formation of carbonate 
cements, therefore, the former generated hydrocarbon migrating paths 
by microfractures could be filled by carbonate cements and hence 
became barriers for hydrocarbon migration (Fig. 21). The result of Gini 
index also showed similar message: Carbonate cementation and 

development of microfractues are two main controlling factors on fault 
seal, while carbonate cementation is the dominant one. 

5.2.2.3. Fault-dip angle. The statistical data showed that the distribu
tion of the fault-dip angle of the faults in the Huimin Depression showed 
a concentrated distribution ranging from 40 to 50◦ (Fig. 8). Additionally, 
measurements of the fault-dip angle in geological analyses are generally 
in a range of approximately 5–10◦. Therefore, the measurement of the 
fault-dip angle probably leads to a large error in the construction of 
CART and hence hides the real relationship between the fault seal and 
the fault-dip angle. Improving the accuracy of fault-dip angle mea
surements by using high-resolution seismic technology would be helpful 
for dealing with this problem. 

Essentially, as shown above, the key to the successful employment of 
artificial intelligence or machine learning in petroleum geology is the 
quality of the dataset. First, an ideal model based on machine learning 
requires at least hundreds or thousands of data and even millions of 
data, which is sometimes difficult to satisfy in a petroliferous region. 
Second, the accuracy requirements of computer science and petroleum 
geology are often different. The requirement of high-precision data in 
machine learning will not often be provided in geological research 
(Fig. 22). In this case, some new technology should be used for providing 
precise geological data, such as image software in microscopy, micro- or 
nano-CT Scans, imaging logging, etc. Combined with multiple technol
ogies or methods, machine learning will have broad application pros
pects in geological research. 

Fig. 24. Influence of evaluation metric of precision on petroleum exploration. The lower profile shows the low precision may lead to overestimation of exploration 
range and potential of the petroliferous district. 
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5.3. Evaluation metrics and predicting model selection 

The evaluation metrics including sensitivity, precision, specificity, 
negative predicted value and F1-score could reflect the reliability and 
stability of a classification model. While, different evaluation metrics 
represent different situations of fault seal, hydrocarbon migration and 
accumulation and have different meanings for petroleum exploration 
and exploitation. 

5.3.1. Sensitivity 
In this research, the sensitivity of the evaluation model is the ratio of 

the open faults correctly identified by the model to the actual open faults 
among the whole dataset. Therefore, the sensitivity is important for the 
decision of exploration range and evaluation of the exploration potential 
of a petroliferous district. If the model shows low sensitivity, the 
migrating capability of the fault systems might be underestimated. 
Therefore, the exploration range might be restricted and hence the 
exploration potential might be underestimated (Fig. 23). 

5.3.2. Precision 
The precision of the evaluation model is the ratio of the open faults 

correctly identified by the model to all the open faults identified by the 
model. The precision directly reflects the ability of the model to predict 
the open state of the faults. If the model shows low precision, the 
migrating capability of the fault systems might be overestimated. 
Therefore, the exploration range might be larger than the actual one. On 
the one hand, part of hydrocarbon reservoirs might be missed; On the 
other hand, the exploration range might be wrongly expanded, which 

might lead to the waste of time and wrong guidance (Fig. 24). 

5.3.3. Specificity 
The specificity of the evaluation model is the ratio of the closed faults 

correctly identified by the model to the actual closed faults among the 
whole dataset. The specificity can reflect the ability of the model to 
evaluate the sealing capacity of faults. The low specificity of the faults 
might lead to underestimation of the sealing capacity of faults and hence 
the missing of the fault block reservoirs (Fig. 25). 

5.3.4. Negative predicted value 
The negative predicted value of the evaluation model is the ratio of 

the closed faults correctly identified by the model to all the closed faults 
identified by the model. The negative predicted value is of great sig
nificance for the well location design and exploitation strategy design. If 
the model shows low negative predicted value, the sealing capacity of 
faults might be overestimated and directly lead to mistake of well 
deployment (Fig. 26). 

In conclusion, the evaluation metrics showed different importance 
and priority in different stage of petroleum exploration and exploitation. 
If the primary goal of exploration and exploitation is to find as many as 
resource potential and hydrocarbon reservoirs, the sensitivity and 
specificity might be prior evaluation metrics. However, if the primary 
goal of exploration and exploitation is to reduce exploration risk and 
improve economic efficiency, the precision and negative predicted value 
should be firstly considered. While, the selection of prior evaluation 
metrics and final evaluation models depend on the actual situations and 
dominate problems we face. 

Fig. 25. Influence of evaluation metric of specificity on petroleum exploration. The lower profile shows the low specificity may lead to missing of reservoirs.  
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6. Conclusion 

Fault seals are influenced by multiple factors in a complex way. 
Formal fault seal evaluating methods, which focused on a single fault 
seal controlling factor show relative low accuracy. Therefore, the deci
sion tree and random forest algorithms, which are characterized by non- 
liner regression analysis of multiple factors, are appropriate for evalu
ating fault seals. In this research, the evaluation model based on the 
CART and RF were used to evaluate fault seals in the Huimin Depression, 
Bohai Bay Basin. The results showed that the accuracy of the evaluation 
CART and RF models were 90% and 95%, respectively. The testing ac
curacies are higher than those of methods based on a single controlling 
factor. 

The consistency between analytical results by DT and the geological 
analysis showed the rationality of the fault seal evaluating model. The 
Gini index calculated by CART showed that the development of car
bonate cements and microfractures are the dominant controlling factors 
on fault seals in the Huimin Depression, which is consistent with 
geological analysis. Analysis of the dominant controlling factors also 
indicates the possible reasons for the low accuracy of previous fault seal 
evaluation methods, which only consider the shale-smear effect, fault- 
dip angle, fault throw or normal stress of the fault plane. 

DT and RF algorithms showed advantages in different aspects. As one 
of the ensemble learning methods, RF usually has higher accuracy and 
reliability than the DT when the amount of data is large. However, the 
algorithm of DT has short training time and high efficiency. Further
more, DT is easy to understand and shown in figures or work flows. The 

high interpretability and visualization are necessary in some fields or 
situations. 

Errors in the evaluation and prediction by machine learning might be 
attributed to quality of data and calibration processes. Higher accuracy 
of the original dataset and a proper strategy for pruning of the decision 
tree can improve the reliability for a machine learning model. The 
testing accuracy usually needs evaluation metrics for further evaluating 
the reliability of the model. Different evaluation metrics including 
sensitivity, precision, specificity, negative predicted value and F1-score 
have different priorities according to the goals of petroleum exploration 
and exploitation. Furthermore, addressing the disparity in the amount 
and precision of the data between geological research and computer 
science may be the key to the employment of machine learning in pe
troleum geology. 
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