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a b s t r a c t

Artificial intelligence has shown great performance and considerable potential in petroleum and natural 
gas prospect evaluation and prediction (PPEP). Multiple machine learning (ML) and deep learning (DL) 
methods are applied in petroleum geology, development geology and geophysical exploration. The PPEP 
work in petroleum geology field which aims to provide a probability distribution for petroleum pros-
pects with small data. The PPEP work in development field utilize seismic data as the fundamental data 
to predict petroleum reservoir features and favourable geological facies with the constrain of well log 
data. While PPEP work in geophysical exploration focus on seismic or well log facies recognition and 
prediction using multiple intelligent seismic denoising and well log augmentation methods. The pop-
ular AI algorithms are almost all used in all kinds of PPEP work without a unique choice and standard 
procedure. The decisive factors for AI application in PPEP are data quality and model interpretability. 
The current data size and precision used in PPEP work are hard to fulfill the requirement for AI model 
training, which need further augmentation and multimodal fusion. The interpretability is significant for 
evaluating the reliability and rationality of these data-driven models. At present, the dual-driven model 
driven by both of data and physical constrain may be a possible way to further decrease the requirement 
of data quality and increase the model interpretability. In the future, an artificial generative model 
which can determine petroleum prospects in multiple dimensions with a large amount of data may be 
the final goal for the utilization of AI in the petroleum industry.
© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This 
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-

nd/4.0/).

1. Introduction

Petroleum and natural gas are significant, nonrenewable fossil 
energy sources that are crucial for supplying energy around the 
world (Collett, 2002; Levorsen, 1956; Rose et al., 1984). The eval-
uation and prediction of petroleum prospects are important and 
largely determine the probability of success of petroleum explo-
ration and exploitation (Bashkova et al., 2023; Powley, 1990).

Petroleum prospect evaluation and prediction (PPEP) work was 
proposed in the 1880s by White (1885). During the 1970s to the 
1980s, petroleum system theory and petroleum play theory were

developed (Dow, 1974; Lee and Wang, 1983; Perrodon and Masse, 
1984). Based on these theories, multiple kinds of PPEP methods 
have been introduced and applied through quantitative evaluation 
of the key factors of petroleum formation processes (Cox, 1993; 
Magoon and Dow, 1992; Reed et al., 1989; Singer, 1993). From 

the 1990s to the 2000s, many giant oil and gas fields were 
discovered, which accelerated the process of industrialization and 
modernization around the world (Agterberg, 2011; Van Der Meer 
et al., 2002). In the 21st century, unconventional petroleum re-
sources have shown high resource potential and exploration value 
(Gao et al., 2024; Mileti � c et al., 2024; Zangqa et al., 2024). The large 
difference between conventional and unconventional oil and gas 
resources has led to the poor performance of traditional PPEP 
methods in unconventional resource exploration (Allan, 1989; 
Voordouw, 2011; Wang et al., 2023; Zhen et al., 2022). The large
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disparity in well production presents a major challenge for PPEP 
work.

In the course of the evolution of information technology, the 
concept of intelligence and artificial intelligence (AI) technology 
have been applied to all fields and are changing the world (Dorotic 
et al., 2024; Gafni et al., 2024; Pradhan, 2013; Wang et al., 2017). At 
present, the data-based intelligent era is beginning (Fig. 1).

This strong data analysis and calculation capability and self-
improving mechanism highlight the importance of AI technology 
in scientific research and industrialized applications, including 
PPEP work (Bengio et al., 1994; Hastie et al., 2008; Imamverdiyev 
and Sukhostat, 2019). First, the evaluation and prediction models 
constructed by AI algorithms are based entirely on the original 
dataset, and this objective process may reveal the actual rela-
tionship between the data and excavate the principles (Cortes and 
Vapnik, 1995; Hinton et al., 2011; Quinlan, 2003). Second, the 
theories applied to multiple AI methods are available to solve 
complex nonlinear problems that cannot always be solved with 
statistical methods (Denton et al., 2015; Le Roux and Bengio, 2008; 
Vapnik et al., 1996). Third, the automatic modelling process and 
self-improving mechanism make it possible to efficiently deter-
mine the best model among a large number of constructed models 
(usually thousands or millions) in a short time, which is impos-
sible for traditional PPEP methods (Hinton et al., 2006; Mnih et al., 
2015; Szegedy et al., 2015). However, the application of AI in PPEP 
faces many challenges, which concern the size and quality of the 
database, the conflicts between petroleum geological knowledge 
and the results of pure AI models, and the predicting capability and 
generalization of AI under the background of limited data (Han 
et al., 2020; Wang et al., 2023).

The remainder of this paper is organized as follows. First, the 
concepts and techniques of AI applied in PPEP are introduced 
briefly. Second, the PPEP methods, which are applied in petroleum 

geology, development geology and geophysical exploration fields, 
are reviewed for their algorithm selection, model performance, 
model limitation and optimization. Third, the accuracy, applica-
bility, generalizability and practicality of AI-based PPEP methods

are discussed. Finally, we offer a perspective on the future devel-
opment of AI in PPEP work and even in the petroleum industry.

2. Artificial intelligence concepts and techniques

In this section, the dominant AI concepts and techniques 
related to PPEP research and industry are reviewed, including the 
principles of the algorithms, the advantages and disadvantages of 
the algorithms for PPEP and their adaptability. In accordance with 
the principles and development history of AI, intelligent methods 
are introduced in the order of machine learning (ML), ensemble 
learning (EL) and deep learning (DL). Note that deep learning and 
ensemble learning are also machine learning methods, although 
these different concepts represent three different development 
stages of AI for application in the petroleum exploration and 
exploitation industry. Therefore, we distinguish EL and DL from ML 
and introduce them separately.

2.1. General machine learning

2.1.1. Decision tree models
The decision tree algorithm is one of the basic algorithms in 

ML. A decision tree is a hierarchical model that determines de-
cision rules to separate the input variables into different ho-
mogeneous subgroups (Quinlan, 1986). There are several 
algorithms for decision tree (DT) construction, including ID3, 
C4.5 and classification and regression tree (CART), which are 
more popular in PPEP work because they are binary trees with 
two categories for the target variable (whether the petroleum 

prospect is favourable or not) (Breiman et al., 1984; Quinlan, 
1986). The DT model is easily to be overfitting in PPEP applica-
tion, and there are several ways to perform overfitting calibra-
tion, including cost-complexity pruning, minimum samples per 
leaf, and minimizing the Gini index (Chan et al., 2021; Huo et al., 
2021).

The DT algorithm is one of the most common methods with 
high efficiency and high interpretability, which can be selected as

Fig. 1. The history of artificial intelligence development.
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the initial model for almost any field. However, the DT model is 
sensitive to noise in training data, which will lead to overfitting 
and weak robustness.

2.1.2. Support vector machine models
The support vector algorithm is a nonlinear generalization al-

gorithm that is powerful for optical character recognition (Boser 
et al., 1992; Guyon et al., 1992; Vapnik, 2006; Vapnik et al., 
1996). The support vector machine (SVM) can address both clas-
sification and regression problems via support vector classification 
(SVC) and support vector regression (SVR) (Burges, 1998; Drucker 
et al., 1997). The key to applying the SVM is to find a hyperplane in 
a high- or infinite-dimensional space, which plays different roles 
in SVC and SVR (Chang and Lin, 2001; Cortes and Vapnik, 1995).

For an SVC model, the best classifier depends on the largest 
distance to the nearest training data point of any class (Fig. 2(a)) 
(Huber, 1981; Keerthi et al., 2001; Lee and Mangasarian, 2001). For 
an SVR model, the hyperplane being searched is the one with the 
largest deviation ε from the farthest data point in the training set 
(Fig. 2(b)) (Bennett and Mangasarian, 1992; Cortes and Vapnik, 
1995). The kernel functions are also important for the SVM, 
which can significantly enhance the performance of SVM models. 
Common kernel functions include linear functions, polynomial 
functions, radial basis functions (RBFs), and sigmoid functions 
(Boser et al., 1992; Burges, 1998; Cortes and Vapnik, 1995; Platt, 
1998). Compared to DT, the application of hyperplane and kernel 
functions can substantially enhance the model robustness, espe-
cially in classification problems for small-sample with high-
dimensional data.

2.1.3. K-means models
K-means analysis is a typical cluster analysis method that is an 

unsupervised learning algorithm (Ankerst et al., 1999; MacQueen, 
1967; Martin et al., 1996). The K-means algorithm is applied to 
separate the input dataset into several groups named clusters with 
genetic relationships but without labels via the determination of 
centroids (Charles, 2003; Cheng, 1995). It is one of the most pop-
ular cluster analysis methods and is also used for dimensionality 
reduction and vector quantization (Charles, 2003; Dempster et al., 
1977; Dunn, 1973). The model generates k centroids via random 

sampling (Fig. 3(a)); then each data point is assigned to the 
centroid at the shorter distance via the Euclidean distance formula 
(Fig. 3(b)). The new centroid of a certain cluster is defined and

replaces the original centroid by calculating the mean value of all 
the data points belonging to that cluster (Fig. 3(c)). The iteration 
process ends when the location of the centroid no longer changes 
(Fig. 3(d)) (Charles, 2003).

The biggest advantage of the K-means model is its universality 
as an unsupervised algorithm, which does not need labels for 
model training. Such unsupervised method is of great significance 
for PPEP with limited drilling or seismic data. However, without 
supervision and guidance, the model may provide the results 
which do not totally obey the petroleum geological knowledge 
(Comaniciu and Meer, 2002).

2.1.4. Naïve Bayes models
Naïve Bayes (NB) theory is based on probability theory (Jensen, 

1996). Generally, the probability calculated by naïve Bayes 
methods fits the naïve Bayes assumption: the feature variables are 
conditionally independent of each other. According to this 
assumption, binary classification problems can be solved via the 
following steps with naïve Bayes theory (Friedman et al., 1997):

(1) For the target variable Y and feature variable X, if the prob-
ability of Y = 1 is required, then:

P(Y= 1|X) = 
P(X|Y = 1) × P(Y = 1)

P(X)
(1)

(2) If we have i feature variables, then:

X = {X 1 = x 1 ;X 2 = x 2 …X n = x n } (2)

The value of P(Y= 1|X) can be calculated as follows:

P(X|Y = 1) = 
∏n

i=1 
P(X i = x i |Y = 1) (3)

The value of P(X) for P(Y = 1) can be calculated as follows:

P(X) = P(Y = 1) × P(X|Y = 1) + P(Y = 0) × P(X|Y = 0) (4)

Then, the value of P(Y= 1|X) can be determined via a combi-
nation of Eqs. (1) and (2). The NB algorithm is one of the basic ML 
methods based on a statistical principle, which also has high 
interpretability. However, owing to its assumption, this algorithm 

can only provide good performance for situations that all the 
feature variables are independent without relation, which is 
almost impossible for PPEP. In other words, the application of NB

Fig. 2. The workflow of the support vector machine (Cortes and Vapnik, 1995). (a) Support vector classification; (b) support vector regression.
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in PPEP requires the feature selection processes to select the in-
dependent geological features. Otherwise, the features may need 
to be transferred to independent ones by PCA or other ways.

2.2. Deep learning

2.2.1. Backpropagation neural network (BPNN) models
The BPNN is one of the most popular DL algorithms and dem-

onstrates good performance. The BPNN is characterized by a self-
optimizing ability through error-back propagation, which allows 
the mistake to be transferred back to the network and guides the 
model to change the parameters and hence improve the model 
performance (Fig. 4). Compared to the general ML algorithms, the 
BPNN model in PPEP can easily obtain higher accuracy and better 
performance with sufficient data. The self-optimizing procedure 
also leads to higher efficiency of model optimization. While as one 
of the most important DL algorithms, the BPNN is sensitive to 
noisy data, which means it may be difficult to be directly applied to 
geophysical field because of the large amount of noisy in seismic 
data. The fully-connected structure will also lead to local optima 
instead of good generalization, which will also be hard to be

applied in the region with less drilling wells (Hornik et al., 1989, 
1990).

2.2.2. Convolutional neural network (CNN) models
The CNN is one of the most important neural network DL al-

gorithms for image segmentation and classification (Alex et al., 
2012; LeCun et al., 1989, 1990, 1998). Existing CNNs have 
different architectures for dealing with different types of input 
data. Generally, CNNs focus on 2D image segmentation and clas-
sification; however, at present, CNNs for 3D data are also widely 
applied in many fields. The key to CNN is converting images into 
digital information, which is like a quantification process of image 
data that can extract sufficient information hiding in the details of 
the image and hence provide the evidence for PPEP in favourable 
zone identification, effective reservoir determination and pore 
structure reconstruction.

Comparing to other artificial neural networks, the convolu-
tional kernels have translation invariance, and pooling layers can 
also enhance noise resistance by feature extraction, which means 
CNN is an excellent solution for PPEP using geophysical technol-
ogies. The CNN is sensitive to the image transformation including 
rotation and scaling. The parameter sharing mechanism can also

Fig. 3. The workflow of a K-means cluster.
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reduce overfitting risk and lead to good robustness for CNN model. 
Furthermore, data augmentation and transfer learning strategy 
can also further optimize the CNN model.

2.2.3. Generative adversarial network (GAN) models
A GAN model consists of two independent neural networks. 

The generative model (G) is applied for capturing data and 
generating images, and the role of the discriminator (D) is to es-
timate the probability that a given distribution or image is from 

the real training examples rather than from G (Goodfellow et al., 
2014; Mirza and Osindero, 2014). Similar to CNN, GANs is also 
good at PPEP based on images. While the GANs are characterized 
by its flexibility because they can be a supervised, semi-supervised 
and even an unsupervised model. In this case, GANs can be applied 
in many scenarios with different data conditions and PPEP tasks. 
Furthermore, the interpretability of GANs and CNN is better than 
that of other ML or DL methods because they can show the images 
through pooling or convolution processes. Compared to CNN, the 
GANs may provide more creative results because of its unsuper-
vised property.

Owing to the adversarial module of GANs, the whole frame-
work is unstable and has a risk of collapse during the training 
process, which is the largest problem in GAN applications. The 
generalization of GANs largely depends on the diversity of the data 
(Denton et al., 2015). There are several ways to enhance the 
robustness of GANs, including progressive training, two-timescale 
update, and diversity loss function.

2.2.4. Recurrent neural network (RNN) models
Recurrent Neural Networks (RNNs) are defined as a class of 

artificial neural networks specifically engineered for processing 
sequential data. Distinguished from feedforward architectures,

RNNs incorporate cyclic connections that enable dynamic tem-
poral behaviour and state persistence, making them particularly 
suitable for time-series analysis, natural language processing, and 
speech recognition (Fig. 5). For any scientific field related to 
sequential problems, RNNs can be applied for predicting and 
evaluating work. Considering that well log and seismic data are 
both sequential data, the RNN can be used for PPEP in many con-
crete problems, especially in the scenarios of predicting while 
drilling (Choromanska et al., 2014). While constrained by the 
structure, the RNNs only has a short memory, which means it can 
only make decisions based on data adjacent to the target. LSTM 

and GRU have solved this problem to some extent, but they are still 
characterized by local optimum. In many cases of PPEP, the global 
optimum is our final requirement because of the complex 
geological feature and intensive heterogeneity of the petroleum 

reservoir require a global sight.

2.2.5. Transformer models
Transformer framework is one of the most popular and effec-

tive frameworks in DL in recent years, which exactly overcomes 
the disadvantage of traditional RNNs in local optima with limited 
information. It is based on self-attention mechanism which has 
promoted the development of large language models (LLM). The 
transformer framework is now widely used in translation, text 
generation, image detection, etc.

The typical transformer model consists of an encoder-decoder 
structure (Fig. 6). The encoder maps an input sequence of sym-
bol representations to a continuous sequence. For the sequence 
given by the encoder, the decoder will generate the corresponding 
output sequence. The whole process is auto-regressive. During this 
process, the attention function is applied in the Multi-Head 
Attention module. This attention function is described as

Fig. 4. The workflow of a BPNN.

Fig. 5. The architecture of RNNs.
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mapping a query and a set of key-value pairs to an output, among 
which the query (Q), key (K), value (V) and output are all vectors. 
The final output is computed as a weight of values, and the value is 
computed by compatibility of the query with the corresponding 
key:

Attention(Q ; K; V) = Softmax 

(
QK T
̅̅̅̅̅  
d k

√ 

) 

V (5)

As a global modelling algorithm with self-attention mecha-
nism, the transformer model has strong ability to resist local 
interference and has excellent robustness compared to other RNN 
architectures. In theory, transformer architecture can be applied to 
any field of petroleum geology with ideal results and generaliza-
tion ability. However, considering the data size and high-
computation equipment that the transformer model requires, 
the application of transformer model undoubtedly has a high 
threshold in PPEP. Generally, a pre-training process on large 
amount of data will generate a powerful universal model, which is 
then optimized by fine-tuning and applied to concrete scenarios.

2.3. Ensemble learning

Ensemble learning combines several weak learners (ML 
models) with poor performance into a strong learner with good 
performance (Breiman, 2001; Kam, 1995). Therefore, ensemble 
learning serves mostly to enhance the performance of existing ML 
models instead of creating new algorithms (Freund, 1995, 1999; 
Friedman, 2001). Adaptive boosting (AdaBoost), extreme 
gradient boosting (XgBoost), gradient boosting decision tree

(GBDT) and random forest (RF) are typical ensemble learning 
models for enhancing the performance of DT models (Breiman, 
2001; Chen et al., 2016; Freund, 1995; Friedman et al., 2000;
Kami� nski et al., 2018). Note that the ensemble learning models
mentioned in this manuscript are the conventional EL models 
based on ML without the ensemble DL methods.

2.3.1. Bagging models
The bagging model is actually a voting system. For a given 

problem based on the same dataset, a series of different general 
machine learning models can be constructed by different com-
positions of training, validation, and testing data determined by 
random sampling (Breiman, 2001; Kim, 2016). The final output of 
the classification or regression problem is determined by the dis-
tribution of all the outputs of each single model (Fig. 7).

2.3.2. Boosting models
The boosting model is another way to enhance the performance 

of a weak single ML model (Freund, 1995, 1999). When the first 
model is constructed, the data points incorrectly predicted by such 
a model are given more attention by increasing the weight of these 
data and reconstructing the model based on the processed dataset. 
In this way, the model can be fixed and improved compared to the 
former model. After a certain number of iterations, the final model 
will show satisfactory performance (Fig. 8) (Chen et al., 2016; Kim, 
2016).

3. Artificial intelligence in PPEP work

In the 2000s, ML methods were first applied in PPEP pro-
cedures, which were based mainly on NB (Chen and Osadetz, 
2006; Martinelli et al., 2011; Van Wees et al., 2008). DT and 
SVM were subsequently applied for PPEP in petroliferous basins 
(Armitage and Stright, 2010; Virieux and Operto, 2009; Wang 
et al., 2023). In the early 21 st century, neural networks were 
widely used in the petroleum industry for petroleum reservoir 
modelling and then for exploration target determination. In pe-
troleum industrial system, the PPEP is achieved by petroleum 

geology, development geology and geophysical exploration with 
different scopes, data sizes and types, and concrete predicting 
and evaluating targets.

3.1. AI application in petroleum geology

The PPEP by petroleum geological methods are characterized 
by relatively larger scope with high data dimension and small data 
size. The target of petroleum geological evaluation is a petroleum 

reservoir trap, which means we will only obtain dozens to hun-
dreds of data points. In this case, the data size is always the biggest 
problem in AI application.

3.1.1. Gas layer probability prediction by NB
The NB algorithm was used for PPEP in the early stage of pe-

troleum exploration and exploitation. With the provision of pa-
rameters related to hydrocarbon accumulation and oil and gas 
reservoir formation processes and the discovery of petroleum 

prospect messages, an original dataset with labels can be obtained 
(Martinelli et al., 2011; Jensen, 1996). Specifically, the labels can be 
obtained from the productivity and well interpretation results of 
drilled wells or the hydrocarbon traps discovered. Owing to dif-
ferences in labels, the result of the NB model can also be the po-
tential petroleum prospects or the locations of drilling wells (Chen 
and Osadetz, 2006). The input data include the node attribute, 
which contains the source, prospect, and segment (Chen and 
Osadetz, 2006; Van Wees et al., 2008), and any quantitative

Fig. 6. The architecture of transformer framework.
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Fig. 7. The workflow of a bagging model (Kim, 2016).

Fig. 8. The workflow of a boosting model (Kim, 2016).
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feature values such as the porosity and permeability of the sand-
stone reservoirs and the thickness of the source rocks and caprocks 
(Fig. 9).

As a machine learning method based on probability theory, NB 
has higher objectivity than traditional petroleum geological eval-
uation methods based on statistical principles. Furthermore, the 
calculating process is simple with less time cost. While, consid-
ering that NB assumes all the geological features are independent, 
which is impossible in real situation, the NB is not suitable in the 
petroleum geology field in theory.

3.1.2. Hydrocarbon accumulation probability evaluation and 
prediction by DT

DTs are among the most typical ML algorithms with visuali-
zation, which means that they are easier for geologists to under-
stand and use (Coimbra et al., 2014; Fang et al., 2024; Quinlan, 
1986). Deciding on a prospect during petroleum exploration and 
exploitation shares many parallels with the construction of a de-
cision tree. As a typical classification algorithm, the DT is suitable 
for PPEP work, which determines whether a place is an ideal 
prospect for petroleum exploration and exploitation.

Generally, many hydrocarbon accumulation controlling factors 
exist, which can be considered feature variables (Collett, 2002; Lee 
and Wang, 1983; Magoon and Dow, 1992). However, some of the 
feature variables are qualitative, such as sedimentary facies, 
source rock conditions, and primary hydrocarbon pathways, and 
thus need to be quantified (Ma et al., 2022; Wang et al., 2023) 
(Fig. 10). The target variable is often the result of exploration, 
where success and failure correspond to a well with production 
and a well without production, respectively.

A DT model can show the concrete process for determining 
petroleum prospects by the standard visual images (Fig. 11). For an 
image of DT, the most important decision node is on the top (root) 
of the tree, and the classification result shown by the decision 
node is displayed in the leaf (fan diagram in Fig. 11). Considering 
the simple structure of the algorithm and the low requirement of 
data size (hundreds of data), DT is suitable for PPEP in the aspect of 
petroleum geology with good performance and less time cost.

However, there are two main problems for the constructed 
model. First, the DT model can easily overfit without the pruning 
procedure (Coimbra et al., 2014; Sarailidis et al., 2023). Second, 
PPEP datasets are typically small, which will decrease the 
robustness of model (Ma et al., 2022; Wang et al., 2023). For the

Fig. 9. The probability prediction of gas wells in the North Sea Basin (Martinelli et al., 2011).

Fig. 10. The quantification processes of sedimentary facies (Wang et al., 2023). FI: facies index; S1–S4: area of facies 1 to facies 4; R1–R4: reserve of area 1 to area 4; NFI: 
normalized facies index.
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first problem, the calibration process named pruning is necessary 
for all DT models (Akkaş et al., 2015; Ma et al., 2022). The dominant 
hyperparameters for pruning include the maximum depth, mini-
mum samples for splitting, and minimum samples per subgroup 
(Lawson et al., 2017; Sun et al., 2022). Considering the limited data, 
maximum depth is the most effective hyperparameter to keep as 
many samples as possible. For the second problem, cross-
validation is a general way to check the performance of the DT 
model with small data (Gjelsvik et al., 2023; Kelter, 2021; Wainer 
and Cawley, 2021). The synthetic minority over-sampling tech-
nique (SMOTE) is also a representative over-sampling method for 
class imbalance of the data, which often occurs in PPEP related 
dataset. The SMOTE generates data by combining the selected data 
and its randomly adjacent data points, which can overcome the 
overfitting and keep the integrity of the original data. Generally, 
the oversampling methods can significantly improve the perfor-
mance of the model in total accuracy and sensitivity. Furthermore, 
some promoted DT structures, such as the RUSBoosted tree, can 
also be helpful for small and unbalanced datasets (Ma et al., 2022).

3.1.3. Favourable petroleum prospect determination by SVC
As an advanced algorithm, the SVM has been shown to be 

applicable for PPEP at both large and small scales (Bennett and 
Mangasarian, 1992; Cortes and Vapnik, 1995; Keerthi et al., 2001; 
Wahba, 1998). The SVC model construction process for PPEP in 
petroleum geology is similar to that of the DT. However, the pri-
ority of the SVM is classification, which makes binary classification 
easy because of the increasing dimensionality and hyperplane

theory. By applying the SVC, an effective PPEP model with good 
performance and strong generalization ability can be constructed 
with a relatively small dataset (Wang et al., 2023). Wang et al. 
(2023) applied the SVC model to evaluate and predict favourable 
zones in the Dongpu depression using 187 pairs of hydrocarbon 
trap data. The final result indicated a prediction total accuracy of 
88.92%, precision of 0.88, and F1-score of 0.91, which is high 
enough for basin-scale petroleum prospect exploration (Fig. 12).

3.1.4. Favourable petroleum prospect determination by EL 
Constrained by the limited data, the single AI model applied in 

petroleum geology cannot always perform well, while EL is an 
ideal way to enhance the model performance and robustness. 
Furthermore, the relatively small data size also indicates that even 
if we need to train multiple models, this process won't require too 
much time or too expensive hardware.

In this case, the ensemble PPEP model is consistently applied 
for large-scale PPEP. Owing to the relatively small dataset, the 
utilization of the bagging and boosting models can significantly 
enhance the performance of a single model in less than 1 GPU hour 
(Fang et al., 2024; Saikia et al., 2020) (Fig. 13). The final result 
showed a predicting accuracy improvement of approximate 23% 
using the boosted model for predicting the petroleum prospect, 
which is an effective strategy for AI applications in petroleum 

geology.
To conclude, the AI application to PPEP by petroleum geological 

analysis concentrates on general ML methods including NB, DT and 
SVC owing to the relatively small data size of petroleum geology

Fig. 11. DT model for PPEP work (Wang et al., 2023).

Q.-C. Wang, D.-X. Chen, S. Li et al. Petroleum Science 23 (2026) 3110–3135

3118



data. DT has the best visualization ability, while its overfitting and 
weak robustness make it difficult to be applied for prediction 
work. SVC is suitable for PPEP work in the aspect of petroleum 

geology with the hyperplane theory. EL is an effective way to

enhance the accuracy and robustness of general ML models 
without too much time cost. NB is no longer suitable for PPEP work 
owing to the independent feature assumption (Table 1). Further-
more, the feature importance can be obtained by DT and SVM,

Fig. 12. Favourable zone determination via the SVC (Wang et al., 2023). (a) The actual distributions of petroleum prospects (oil reservoirs) and oil/failed drilling wells; (b) the 
prediction results of the petroleum prospects via the SVC with the correctly and incorrectly predicted drilling well locations.
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which can be regarded as the controlling factor analysis of hy-
drocarbon accumulation. Such quantitative analysis is also an ideal 
way to verify the rationality of the ML results by professional pe-
troleum geological knowledge.

In some situations, the total accuracy cannot reflect the 
actual performance of a ML model, for which different 
evaluation metrics are introduced (Quinlan, 2003). In the 
context of PPEP, the evaluation criteria may have more

Fig. 13. Hydrocarbon height prediction via ensemble neural networks (Wang et al., 2024). (a) The definition of hydrocarbon height in petroleum exploration; (b) the actual and 
predicted hydrocarbon heights of the oil reservoirs; (c) the application of ensemble learning models for petroleum prospect prediction for the W1 well; (d) the actual petroleum 

prospect distributions for the W1 well block.

Table 1
Comparison of ML models applied for PPEP in petroleum geology.

Algorithm Target Data type Data size Accuracy Advantage Limitation

NB Gas layer probability Well log <100 70%–80% Low cost Accuracy; unsuitable 
assumption

DT Hydrocarbon accumulation 
probability

Laboratory test, well log, 
seismic interpretation 

150–200 65%–88% Visualization; high 
efficiency

Overfitting; weak 
generalization 

SVC Hydrocarbon accumulation 
probability

Laboratory test, well log, 
seismic interpretation 

500–1000 84%–92% High accuracy; high 
efficiency

Visualization; 
robustness 

EL Hydrocarbon accumulation 
probability

Well log 5000–10000 92%–95% High accuracy; good 
robustness

Visualization; high cost
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practical significance for petroleum exploration strategies 
and decision-making (Table 1). The focus on different 
criteria reflects the different requirements for petroleum 

exploration.

3.2. AI application in development geology

AI application in development geology is different from that in 
petroleum geology in research scale, data origin and evaluating 
targets (Adnan et al., 2024; Saikia et al., 2020; Zhao et al., 2023). 
Based on the petroleum geological theory, the target of PPEP by 
development geology focuses on the favourable petroleum reser-
voirs with the thickness of several meters. With the smaller 
research scale, well log and seismic data are the dominant data 
which size is larger than that applied in petroleum geology (Avalos 
and Ortiz, 2019; Yue et al., 2019; Zhang et al., 2020). In develop-
ment geology works, the well log data is always regarded as the 
supervised label or the validation of the model, while the pre-
dicting work primarily relies on seismic data. Along with the 
exploration of unconventional reservoirs, which are characterized 
by intensive heterogeneity, the PPEP model in development ge-
ology requires more drilling wells for validation test. With limited 
well log data, the efficiency of the model cannot be guaranteed. In 
other words, how to apply the data-driven ML and DL model in an 
unconventional resource exploration field (characterized by 
insufficient well log data) is not only the main problem in AI 
application in PPEP, but also the primary problem in petroleum 

industry.

3.2.1. Hydrocarbon reservoir prediction by SVR
In the development geology field, 2D–3D seismic datasets can 

provide enough effective data for an SVR to determine the oil and 
gas prospects by predicting physical properties of sand bodies 
including sandstone thickness, porosity, permeability, etc. 
(Fig. 14(a)) (Al-Anazi and Gates, 2010; Demyanov et al., 2015). In 
addition, the well-log curves and the corresponding parameters 
extracted from the well-log data are applied as the supervised data 
to constrain the prediction results (Fig. 14(b)) (Gjelsvik et al., 2023; 
Li et al., 2020; Yue et al., 2019). However, regression model training 
is more difficult than classification model training. In this case, an 
optimizing procedure is required. For example, Li et al. (2020) 
applied adjacent reservoir thickness to further constrain the pre-
dicted reservoir thickness using development geological statistic 
conclusions. The final correlation coefficient of the model reached 
0.806, which significantly enhanced the predicting accuracy of the 
sandstone thickness (Fig. 14(c)).

3.2.2. Favourable reservoir model construction by GAN
The SVC can provide satisfactory results using the supervised 

well log data. However, in new exploration areas or deep strata and 
deep-sea areas, which are characterized by fewer well log data, it is 
difficult to gather supervised data to construct an effective PPEP 
model (Song et al., 2021, 2022). As an unsupervised algorithm, the 
GAN is introduced in PPEP for reservoir modelling, geological 
facies modelling, and for the favourable zone determination in 
development geological analysis (Sun et al., 2023).

For PPEP by the GAN, the generator is applied to generate 
reservoir models or geological facies models that match real 
models underground, and the role of the discriminator is to 
discriminate the models generated by the generator with the help 
of real facies and reservoir models in 2D and 3D (Fig. 15(a)) (Linde 
et al., 2015). Generally, the input data for the discriminator can 
include images provided by satellites, outcrop pictures, dominant 
typical facies maps or reservoir distribution maps in 2D and 3D 
with different attributes (Fig. 15(b) and (c)) (Goodfellow et al.,

2014; Jiang et al., 2023; Song et al., 2021). With a high-
performance GPU, models for PPEP can be constructed in 
different patterns when the loss of the generator and the 
discriminator reach a balance (Fig. 15(d)). This procedure will cost 
several to hundreds of GPU hours according to the data size. The 
key to the practicability of the GAN model is the calibration pro-
cess. The most common method for testing and calibrating the 
GAN model are the “post-GAN” approach and. Markov chain 
Monte Carlo (MCMC) algorithms. Such methods will record the 
loss between generated images and real ones and construct a loss 
function. Then the latent vector will be set with the aim of 
decreasing such loss until it is small enough (Laloy et al., 2018; 
Zhang et al., 2019).

Besides the data size, the geological rationality and training 
stability are main problems owing to the random generating 
procedure. Without sufficient well log data as supervised labels, 
the model with obvious mistake that violated the common rules or 
the training instability and mode collapse will largely decrease the 
practicality of GANs. In fact, well log data are not the only 
restricting conditions and supervised labels for geological facies or 
reservoirs. As real or formerly existing geological bodies, facies and 
reservoir models should follow some natural rules, namely, the 
global features of rivers, mountains, lakes, bars, channels, caves, 
etc. (Song et al., 2022).

Considering this point, Song et al. (2021) introduced an 
improved GAN model, GANSim. The improvement of GANSim is to 
put the well interpretation data, channel probability map, and 
global features of channels (characterized by the parameter of the 
channel complex proportion) into the generator as restricted 
conditions that the generated model must follow (Fig. 16(a)) (Song 
et al., 2021). Such an operation will achieve the constraining of 
generating image by geological knowledge and global feature of 
geological bodies (Fig. 16(b)). Compared with the traditional GANs 
model, GANSim has high efficiency with a lower time cost and high 
accuracy with the correlation coefficient of 0.99 in channel facies 
prediction (Fig. 16(c)). Furthermore, the application of multiple 
supervised information significantly shortened the training time 
from several hundreds of GPU hours to less than 100 GPU hours 
without frequent mode collapsing.

To summarize, the SVR is effective for PPEP by development 
geological analysis with high-quality seismic data and sufficient 
well log data as the supervised label. While with less drilling wells, 
the GANs model can be applied for PPEP due to its ability of 
generating, which is a dominate method for study area with 
insufficient fundamental data. However, the randomly generating 
process not only leads to meaningless outputs but also tend to 
cause mode collapsing. In this case, GANSim with multiple 
restricting conditions which do not rely on well log but on global 
features is an ideal solution for the disadvantages of normal GANs 
(Table 2).

3.3. AI application in geophysical exploration

The data origin of AI application is also seismic and well log 
data, which is similar to that of development geology. While the 
PPEP based on geophysics aims to enhance the quality of original 
data, especially for seismic data which is characterized by multiple 
sources of noise. In fact, the AI-based seismic data denoising is 
already an independent research field with significant break-
through and favourable results comparing to traditional seismic 
denoising methods such as F-K filtering and wavelet thresholding.

3.3.1. Geological facies distribution prediction by CNN
The CNN can be applied for either supervised or unsupervised 

model construction (de Matos et al., 2007; Laloy et al., 2018).
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Supervised CNNs are usually used for petroleum prospect recog-
nition and are based on magnitude-labeled data (Huang et al., 
2017; Laloy et al., 2017; Zeiler and Fergus, 2014). As unsuper-
vised algorithms, CNN models with different kinds of autoen-
coders can create feature maps according to the input seismic 
images. Through convolution processes without labels, the CNN 
model is able to learn the features and obtain the information 
about the characteristics of oil and gas prospects (Long et al., 
2015).

(1) Recognition model with a supervised CNN

Most of the original input data for CNNs are labeled seismic 
images that are processed by eliminating exceptional values and 
standardizing them to obtain high-quality data (Chevitarese et al., 
2018; Zhao, 2018). Then, the convolution of the image allows CNN 
model to extract the most important features of different 
geological facies or petroleum reservoirs (Fig. 17(a)). For the 
training process, the original seismic image with labels of petro-
leum prospect (facies 2 in Fig. 18) will be convoluted and pooled, 
during which the feature for each facies is extracted. In this way,

the classification rules are determined to recognize the geological 
facies and potential targets for hydrocarbon accumulation 
(Fig. 17(b)–(d)). The CNN model can significantly enhance the 
geological facies recognizing efficiency and the accuracy 
comparing to traditional methods based on experiences of pro-
fessional engineers. At present, the traditional geological facies 
recognition methods are gradually being replaced by intelligent 
methods with standard procedure and better performance. While 
as a supervised algorithm, the CNN model for classification and 
recognition requires sufficient tagged images (Zeiler and Fergus, 
2014). Therefore, the supervised CNN is usually applied in a 
mature exploration area characterized by enough drilling wells. 
However, for a district with limited wells and label data, the su-
pervised CNN is often ineffective, and an unsupervised CNN can be 
applied in this situation.

(2) Prediction model with an unsupervised CNN

The seismic attribute images without labels are processed 
(usually separated) to meet the requirements of convolution pro-
cesses (Fig. 18(b)). The input images are subsequently provided to

Fig. 14. Sandstone reservoir prediction via SVR (Li et al., 2020). (a) The actual distribution of sandstone reservoir thickness; (b) the predicted distribution of sandstone reservoir 
thickness via SVR; (c) the correlation between the actual and predicted sandstone thickness.
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the autoencoder for the CNN model to generate feature maps 
through a convolutional model. After 4 convolutional processes, 
the original image is transferred to quantitative information 
recorded by a latent vector. The deconvolution is exactly the 
reverse process which will reconstruct the latent vector to a 
feature map of petroleum reservoir (Fig. 18(a)) (Yue et al., 2019). 
The convolutional part generates a fully connected layer or an 
expression layer for the decoder to create a distribution map of 
geological facies or favourable oil and gas reservoirs, which can be 
used for the prediction of petroleum prospects. Generally, the 
output will be transferred to a probability map to indicate the 
favourable hydrocarbon accumulation region by uncertainty 
quantification (Fig. 18(c)). (Laloy et al., 2018). The results can also 
be tested and calibrated with limited drilling data as an example of 
supervision.

To conclude, CNN is a dominant algorithm for PPEP by 
geophysical analysis based on 2D and 3D seismic data. The quality 
of seismic data determines the final performance of CNN models. 
Therefore, the seismic denoising methods are often set as a general 
step for the application of CNN in PPEP. The CNN can be directly 
used for predicting noise by residual neural network, the varia-
tional autoencoder (VAE) can learn the distribution of seismic 
signals and filter noise when reconstructing the seismic data. 
GANs are also an unsupervised algorithm to denoise by generating 
noise data and distinguishing them by training the discriminator. 
Furthermore, active learning achieves noise filter by marking a 
small part of the key training data with high uncertainty. Such 
methods can significantly enhance the denoising efficiency 
(Alfarraj and AlRegib, 2022; Yu et al., 2024).

3.3.2. Tight gas layer prediction by BPNN
As one of the most popular neural networks, the BPNN is 

usually used for PPEP in reservoir modelling and favourable dis-
trict recognition by well log data (Jiang et al., 2023; Zhao et al., 
2023). There are more than 20 types of well log data and more 
than 100 attributes of seismic data, which can provide enough data 
for conducting a DL process via a neural network. Generally, the 
label of the PPEP model built by the BPNN is the demonstrated 
favourable space, district or depth range interpreted from well log 
and seismic data with production responses. Theoretically, a BPNN 
model can approximate any complex nonlinear continuous func-
tion with arbitrary precision due to its powerful nonlinear map-
ping capability and its self-learning and adaptive ability. However, 
such a complex nonlinear mapping procedure may lead to intense 
overfitting and local optima, especially when the data quality is 
low or noisy, which is unavoidable for the well log data.

There are three main methods to avoid overfitting or local op-
tima for BPNN model: First, the original model is optimized by 
some advanced optimizers including Momentum, Adam and 
RMSprop to accelerate convergence and save the training time
(Jolliffe, 1986; Sch€olkopf et al., 1998). Second, activation function
can largely mitigate the vanishing gradient problem. Third, the 
regularization techniques including dropout and L1/L2 regulari-
zation are all effective ways for controlling overfitting. The present 
BPNN model for oil/gas layer identification and prediction for tight 
gas/shale oil reservoirs is usually composed of 1–2 hidden layers 
and applies Adam optimizer based on 8–10 types of well log curves 
(Fig. 19). The predicting accuracy is generally higher than 88% with 
the training time of about 1–2 GPU hours (Zhao et al., 2023).

Fig. 15. The structure of GANs for PPEP work in geological facies. (a) The workflow of GANs for geological facies prediction; (b) the 2D facies maps generated by the GAN model; 
(c) the original 3D geological facies distribution; (d) the prediction of the 3D geological facies distribution shown in (c).
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3.3.3. Hydrocarbon reservoir prediction by transformer
Comparing to BPNN, the transformer architecture solves the 

local optimum problem through its advanced architecture, which 
shows impressive robustness and global optimum ability, which is 
required for the PPEP of unconventional resources that are char-
acterized by intensive heterogeneity (Hua et al., 2024; Lan et al., 
2025). In this case, a local optimum can easily lead to errors in 
predicting duty.

The transformer-based framework requires a large data size 
and advanced equipment (High-computing-power GPU) (Zhu

et al., 2025). Therefore, the data size and data quality control the 
performance of the transformer model used in PPEP. The most 
suitable data for transformer application are multiple types of well 
log curves with numerous data points. The complete well log data 
are always split into small segments to save computation. In the 
case showed in Fig. 20, a total of 10,973 sample points are used for 
transformer model training to predict the tight gas layer. The 
multi-head attention mechanism is configured with 5 heads and 3 
fully connected layers. The learning rate is set at 0.01, with an 
iteration count of 500 (Fig. 20(a)) (Hua et al., 2024). The final result

Fig. 16. The favourable carbonate reservoir facies prediction by GANSim (Song et al., 2021). (a) The workflow of GANSim; (b) the distribution of constraint conditions; (c) the 
prediction results by GANSim.

Table 2
Comparison of ML and DL models applied for PPEP in development geology.

Algorithm Target Data type Data size Accuracy Advantage Limitation

SVR Sandstone reservoir 
thickness 

Well log; seismic 4×10 5 –8×10 5 80%–85% Low cost Accuracy

GAN Favourable facies 
prediction 

Seismic >10 8 90%–98% High accuracy Robustness; high cost; 
model collapse

GANSim Favourable facies 
prediction

Well log; seismic >10 8 95%–99% High accuracy; good 
robustness;
low requirement to 
supervised data

High cost
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Fig. 17. Favourable facies recognition by a supervised CNN. (a) The geological facies classification and recognition processes of the CNN; (b) the training input seismic image with 
labels; (c) the testing input image without labels; (d) the classification results of the facies shown in (c) by the CNN model shown in (a) (Chevitarese et al., 2018).

Fig. 18. PPEP for primary sandstone reservoir distribution prediction via an unsupervised CNN. (a) The autoencoding and decoding processes of the CNN; (b) the division of the 
complete input seismic image to provide a proper image size for convolution; (c) the complete output of the petroleum prospect distribution, which shows the probability of 
hydrocarbon accumulation (Zhang et al., 2019).
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shows a prediction accuracy of 94% for gas layer prediction 
(Fig. 20(b)).

Owing to the positioning operation by attention mechanism, 
the transformer model always has wider applying scenarios and

better performance. The only requirement of the transformer 
application is data. For further enhancing the dataset quality, 
the symbolic aggregate approximation (SAX) method is always 
used for transferring the well log data to symbolic

Fig. 19. Gas prospect prediction by the BPNN. (a) Processes of the BPNN model for gas prospect prediction; (b) well log dataset and gas prospect prediction results by the BPNN 
(Zhao et al., 2023).
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representations, and then the term frequency-inverse document 
frequency (TF-IDF) method is used for selecting the best well log 
curve data.

To conclude, the PPEP in geophysical analysis concentrates on 
the application of high-quality seismic and well log data. The CNN 
is suitable for seismic data-based PPEP work owing to the strong 
image feature extraction ability, while multiple well log data can 
provide enough data size for the utilization of BPNN and trans-
former. The denoising strategy of seismic data determines the 
performance of CNN, while the well log data augmentation also 
affects the performance of BPNN. Although transformer can 
fundamentally avoid the model from local optima, it has the 
highest requirement of data both in size and quality (Table 3).

4. Perspective and future challenges

To conclude, AI methods have been applied to PPEP in many 
aspects, which has led to good performance. However, there are 
also ways to further enhance the performance of the models and 
the practicality of the intelligent method systems for PPEP. In this 
section, ways of enhancing the accuracy and practicality and 
future development directions of AI application to PPEP are 
discussed.

4.1. Accuracy

The accuracy of the ML models is influenced by many factors. 
Improving the accuracy of an ML model is an extremely complex 
process. In PPEP, several important factors control model accuracy.

4.1.1. Data (data normalization and data compensation)
Data are the basis of ML and therefore the most important 

factor for controlling the accuracy of the ML model (Bistline and 
Merrick, 2020; Breiman, 2001; Huber, 1981; Itani et al., 2020; Le 
Roux and Bengio, 2008). Generally, the more data we have, the 
better the model training effect is and the higher the model ac-
curacy is. Unfortunately, in PPEP work, the datasets are relatively 
small, with hundreds or thousands of data points (except for those 
based on seismic images). The reason is that the target for PPEP is 
petroleum prospects or the location of drilling wells. For a petro-
liferous basin or depression, dozens to hundreds of petroleum 

reservoirs and drilling wells are as many as are possible (Ma et al., 
2022; Wang et al., 2024).

However, there are still several ways to overcome the shortage 
of small data. Here are two main directions:

(1) Enlarging the data size with custom-made data

Self-made data are usually used to train CNNs and GANs in 
image recognition and feature extraction (Alex et al., 2012; Denton 
et al., 2015; Szegedy et al., 2015). Some researchers have applied 
rotation, flipping, and symmetry operations to increase the 
amount of training data based on limited real images of geological 
facies and petroleum reservoir bodies, such as rivers, caves and 
fractures. While the data enlargement has a risk of overfitting, 
which needs K-fold cross-validation, validation dataset, or learning 
curve, for validation.

(2) Increasing the quality of the data

Fig. 20. Tight gas layer prediction by transformer model (Hua et al., 2024). (a) Fluid identification framework based on the transformer; (b) nine-fold cross-validation error bar. It 
shows identification accuracy for gas layers and all strata classes.

Table 3
Comparison of ML and DL models applied for PPEP in geophysical exploration.

Algorithm Target Data type Data size Accuracy Advantage Limitation

Supervised CNN Seismic facies recognition Seismic >10 8 88%–95% Low cost Generalization
Unsupervised CNN Seismic facies prediction Seismic >10 8 80%–85% Generalization;

unsupervised
Accuracy; geological
rationality

BPNN Tight gas layer prediction Well log >10 6 85%–90% Self-optimize Weak robustness; 
generalization

Transformer Lithology recognition; gas/ 
water layer prediction

Well log >10 6 88%–94% High accuracy; good 
robustness; self-
optimize

High cost
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For PPEP work conducted with using most of the general ML 
methods, the image is not the dominant data type. The best way to 
overcome the issue of small datasets is to enhance the data quality 
via professional knowledge. Different kinds of data have different 
information provision for the ML model. Isolated data can provide 
only limited data, such as thickness, porosity, permeability etc., 
whereas some classic and comprehensive evaluation parameters 
applied in professional fields may contain many types of infor-
mation (Table 4). With respect to data with professional back-
grounds, ML models with small datasets can also achieve good 
performance, with accuracies greater than 90% (Fig. 21).

(3) Transfer learning

Transfer learning (TL) is a paradigm shift in machine learning 
wherein knowledge acquired from a source domain is systemati-
cally transferred to enhance model performance in a distinct but 
related target domain (Pan and Yang, 2010). This approach cir-
cumvents the conventional requirement for extensive labeled 
datasets in target tasks, offering significant efficiency gains across 
computational geoscience, remote sensing, and resource explora-
tion applications (Weiss et al., 2016). For a petroliferous district 
without efficient drilling and seismic data, the TL can be applied. 
Based on the professional knowledge extraction and target domain 
adaption tasks, the TL can generate geological models with high 
accuracy, enhanced generalization and less computation. Consid-
ering the data requirement for the original model and the

Table 4
Classic evaluation parameters in PPEP work based on petroleum geology analysis.

Parameter Definition Function References

Hydrocarbon expulsion
rate (HER)

Hydrocarbon quantities produced by 
source rock per unit area in million 
years

Evaluating the petroleum and gas 
provision of the source rocks

Durand (1983); Peters (1986); 
Tissot and Welte (1978)

Hydrocarbon expulsion
intensity (HEI)* 

The quantity of hydrocarbon expulsion 
per unit area

Evaluating the petroleum and gas 
provision of the source rocks 

Collett, 2002

Normalized facies index
(NFI)

The total reserve distributed in a 
certain type of sedimentary facies

Quantifying the sedimentary facies and 
then reservoirs

Wang et al. (2023)

Hydrocarbon height (HCH) The height of hydrocarbon 
accumulation in a trap

Evaluating the abundance of petroleum 

prospects
Magoon and Dow (1992)

Fluid potential (φ f ) The total mechanical energy of a unit 
underground relative to the set base 
level

Quantifying favourable zones for 
geofluid migration

England et al. (1987); Hubbert 
(1953)

Note: HEI = 
∫ z
z0
0:1 × P e × H × ρ × TOC × d z ; where z is the burial depth, m; and z 0 is the burial depth of the hydrocarbon expulsion threshold, m, which is determined by the 

crossplot of (S 1 +S 2 )/TOC and R o ; H is the thickness of the source rocks, m; ρ is the density of source rock, g/cm 3 ; and TOC is the total organic content, %.

Fig. 21. Dataset construction guided by professional knowledge.
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similarity of the transferred task, TL is often used for petroleum 

reservoir characterization and reservoir property prediction. Gao 
et al. (2024) applied transfer learning framework to predict the 
tight gas reservoir physical properties in a study area with limited 
drilling data in Sichuan Basin. The result showed a correlation 
coefficient of 0.95 between predicted and real data, which in-
dicates the efficiency of TL.

4.1.2. Algorithm
The advantages and disadvantages of existing algorithms have 

been a topic of constant debate since the birth of AI. However, with 
decades of development, ML algorithms have been improved by 
scientific researchers (Alex et al., 2012; Duchi et al., 2011). Previous 
research has revealed that the priorities of algorithms and the 
differences between algorithms are evident only if the dataset is 
large enough (Fig. 22).

For classification problems, models based on DTs, SVMs, and 
BPNNs performed similarly better than the NB model with dozens 
or hundreds of data points (Fig. 23(a)). The lower accuracy of the 
NB model is related to its assumption that the input feature vari-
ables are generally independent, which is incorrect because the 
geological processes are interrelated and interact with each other 
(Amyx et al., 1960; Gvirtzman and Stanislavsky, 2000; Singer, 
1993). For regression problems, the SVR and boosting algorithms 
showed some advantages (Fig. 23(b)). Notably, this comparison is 
based on a data size of approximately 1000, which is relatively 
small for testing the capability of different algorithms. In conclu-
sion, the selection of algorithms is not the key problem in the 
application of AI in the petroleum industry (the p-value between 
any two algorithms in accuracy is all lower than 0.05, which 
indicate the reliability of the comparison results). Instead, the size

and quality of the data should still be the most important areas of 
focus.

Instead of determining the bottom-level logic, determining the 
algorithms while considering the characteristics of the data can be 
more effective. Some researchers have noted the unbalanced dis-
tribution of data labels, which is characterized by many more 
successfully drilled wells and fewer dry (failed) drilled wells; 
therefore, RUSBoosted decision trees have been applied to 
enhance model performance (Ma et al., 2022).

4.1.3. Calibration and hyperparameters
The calibration process is very important for model perfor-

mance, which is achieved mainly by hyperparameter adjustment. 
The dominant hyperparameters of the different algorithms are 
listed in Table 5. There are also several methods for hyper-
parameter determination.

(1) Determination by experience

Experience-based hyperparameter adjustment could be the 
best or worst method for model calibration. The final results of the 
calibration depend on the experience of the operators. It is 
generally applied at the early stage of ML utilization.

(2) Enumeration

Enumeration is the simplest way to search for the best hyper-
parameter or parameter combination. It begins at the start and 
ends by trying all the values of the parameters and finding the best 
one. When there is only one hyperparameter with a limited value 
range, enumeration can be selected as a method for model cali-
bration. However, when there are several hyperparameters with a 
wide value range, enumeration to find the best hyperparameter 
combination may be too time-consuming.

(3) Random search

The principle of random search is similar to enumeration with 
the only difference being the search order. Therefore, the effect of 
random search is also unstable because it may find the best 
hyperparameter(s) on the first attempt or after 100,000 attempts.

(4) Loss function

The loss function is the most common model calibration 
method and is applied to characterize the relationship between

Fig. 22. Accuracy‒data size correlation in PPEP work.

Fig. 23. Comparison of different algorithms used in PPEP work. (a) Accuracy comparison of classification algorithms for PPEP work; (b) accuracy comparison of regression al-
gorithms for PPEP work.
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the predicted and actual values (Girshick, 2015). The hyper-
parameters are subsequently adjusted with the aim of decreasing 
the loss, which is the dependent variable of the loss function. The 
commonly used loss functions for different ML algorithms are 
listed in Table 6. Generally, L1 Loss and Mean Squared Error (MSE) 
Loss are widely used for sandstone thickness prediction, and 
Cross-Entropy Loss and KL Divergence (KLDiv) Loss are applied for
geological facies prediction (K€ oksoy, 2006; Lin et al., 2020; Liu
et al., 2023; Sudre et al., 2017). Binary Cross-Entropy Loss and 
Soft-Margin Loss are used for hydrocarbon accumulation proba-
bility prediction models, in which the target of the model usually 
contains two classes (success or failure) (Bosman et al., 2020; 
Pihlak and Riid, 2021).

(5) ML optimizers

Besides the hyperparameter and constraints of multiple loss 
functions, there are also some intelligent ML and DL optimizers 
applied for ML model optimization. The optimization of ML is 
usually based on momentum-based optimizers, which include 
stochastic gradient descent (SGD), Momentum, and Nesterov 
accelerated gradient (NAG).

The DL models usually use adaptive learning rate optimizers to 
automatically adjust the learning rate for each parameter, making

them much easier to use and the current default choice. The most 
popular optimizers are AdaGrad, RMSProp and Adam (adaptive 
moment estimation). For the selection of optimizers, the SGD, 
Momentum, or NAG are all effective for ML models usually con-
structed for PPEP application for hydrocarbon probability predic-
tion; whereas Adam is the best optimizer for DL model based on 
seismic or well log data in development geology and geophysical 
applications.

4.2. Generalization and practicality

4.2.1. Workflow standardization
In many fields, the utilization of AI or ML follows a unique 

workflow, including data preparation and engineering, software, 
and opening ports for model calibration, which means that the 
constructed model can be directly used by any unit or individual 
with authorization. Standardization is important for utilization 
and improvement in an interdisciplinary context (Duchi et al., 
2011). However, in the petroleum exploration field, there is no 
unified standardization for intelligent PPEP work. The main rea-
sons are listed below:

(1) The data engineering process

Table 5
Dominant hyperparameters of the ML algorithms for PPEP work.

Algorithm HP * Definition/effects References

DT Max depth The maximum layer of a decision tree Breiman (2001); Quinlan (1986)
Min samples split The minimum samples for splitting
Min samples leaf The minimum samples in a subgroup

SVM Kernel Map the input space to a high-dimensional feature space by 
nonlinear transformation

Burges (1998); Chang and Lin (2001); 
Cortes and Vapnik (1995); Guyon et al. 
(1992)γ (Gamma) The kernel parameter of RBF

C-value The penalty coefficient represents the model tolerance of errors 
BPNN Learning rate The stride of weights updating for each iteration Gori and Tesi (1992); Hornik (1991); 

Robert (1989)Batch size Sample size of the iteration
Regularization parameters The parameters for evaluating the overfitting behaviour and the 

generalizability of the BP model
Hidden layer The amount of the hidden layer
Node The number of the node for a certain hidden layer

CNN Image pixels The pixels of the input images Alex et al. (2012); LeCun et al. (1990); 
Zeiler and Fergus (2014)Kernel size The size of the convolutional kernels (3 × 3, 5 × 5)

Kernel amount The amount of the kernel size used for convolution
Stride The stride of the convolutional process
Padding The added pixels around images during convolution
Activation function Enhances the expressional ability of a model by nonlinear 

transformation (ReLU, Sigmoid, Tanh)
GANs Image size The generated image size Denton et al. (2015); Goodfellow et al.

(2014); Long et al. (2015); Mirza and
Osindero (2014)

Latent dimension The dimension of the input latent vector for the generator network
Temporal resolution The interval for output data
Training epochs The times or iterations for network training

EL n-estimators The number of the weak learner in an ensemble model Chen et al. (2016); Freund (1999)
Bootstrap Sampling with replacement or not

Note: HP * represents hyperparameter.

Table 6
Domain loss functions of the ML algorithms for PPEP work.

Loss function Definition Application scenarios References

L1 Loss The absolute value of the difference 
between the output and the target 

Reservoir prediction Girshick (2015)

Mean Squared Error (MSE) Loss The MSE between the output and the 
target

Logging facies prediction K €oksoy (2006); Liu et al. (2023)

Cross-Entropy Loss The difference between the predicted
probability distribution and the real
probability distribution

Seismic facies prediction Lin et al. (2020); Sudre et al.
(2017)KLDiv Loss

Binary Cross-Entropy Loss The difference between the output and
the target in a binary problem

Hydrocarbon accumulation
probability prediction

Bosman et al. (2020); Pihlak
and Riid (2021)Soft Margin Loss
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There are large disparities in the original data among different 
oil and gas companies, research institutes and even universities. 
There are more than 100 data types, including well log data, 
seismic data and productivity data. In many situations, these data 
are not compatible with each other, which means that they can be 
opened and edited only by designated software. Furthermore, the 
quantification process leads to many different quantification 
methods based on different understandings and criteria (Ma et al., 
2022; Wang et al., 2023).

(2) Professional interpretation software

As stated above, the incompatibility of the original data re-
quires using different professional interpretation software, which 
will lead to a data gap and inconvenience in the utilization of ML 
for PPEP.

4.2.2. Generalization and reliability assessment
Considering the complex geological conditions that exist be-

tween different petroleum basins or districts, the generalization 
and reliability of the AI models for PPEP work are significant. While 
there is no standard. In petroleum geology, the traditional way of 
prediction is attributed to the predictability of geological facies 
and geological bodies, whose structure and distribution follow 

some natural rules described by professional knowledge and 
visible evidence (Middleton, 1973; Shanmugam, 1997).

For ML and DL methods, the uncertainty analysis for the model 
is significant for testing the reliability of the model. There are two 
main types of uncertainty including model-driven uncertainty and 
data-driven uncertainty. In fact, the uncertainty caused by data 
may have more influence on the prediction results of the ML 
model. The data quality enhancement is also the key for AI ap-
plications in all fields. For the model-driven uncertainty, there are 
two popular ways to evaluate it:

(1) Cross-validation. The K-fold validation is the most suitable 
way to test the uncertainty of the PPEP models owing to the 
small data size. The general evaluation metrics (AUC, F1-
score) can reflect the reliability of the model. A low varia-
tion indicates a robust model that is not overfitting to local 
spatial structures.

(2) Ensemble learning. The uncertainty analysis through 
ensemble learning treats the final model as an ensemble. For 
the multiple predictions by the model, the mean prediction 
and the standard deviation at each location are calculated. In 
brief, a high standard deviation indicates areas where the 
model's predictions are inconsistent and thus less reliable 
(high cognitive uncertainty). The model results for these 
regions require much more work.

While, there is another method for the uncertainty analysis of 
the PPEP models, which is post-hoc analysis of errors. This pro-
cedure is similar to the analysis of dry wells in petroleum industry. 
The outputs that are wrongly predicted by the PPEP models are 
analysed by petroleum geological knowledge, which directly links 
the model performance to geological understanding. Based on the 
results of feature importance evaluated by the PPEP model, the 
differences of “exploration decision” between human and machine 
can be found.

In summary, the uncertainty analysis of the PPEP model can be 
regarded as a quantitative response to the petroleum exploration 
degree and an indication of the exploration success. The high 
confidence of the model reflects more precise data from seismic 
and drilling, which will provide more geological information for 
the decision of exploration location and development strategy. In

contrast, the low confidence of the model is attributed to the poor 
quality of the data, which cannot provide sufficient information for 
making an accurate decision in PPEP.

4.3. Future challenges and perspective

With the emergence of GPT-4 and Sora, the world has changed. 
The future will be significantly transformed by super artificial in-
telligence. There is no doubt that the current utilization of AI in 
PPEP has some limitations, but with the development of AI in PPEP, 
traditional patterns of the petroleum industry will also change.

4.3.1. Current limitations of AI in PPEP
Although the application of AI in PPEP has developed fast in 

recent years, there are also some limitations need to be noticed.

(1) Data quality. The data applied in PPEP is still of relatively low 

quality. On the one hand, the data size of PPEP is generally 
small compared to medicine, transportation and image 
detection, etc. On the other hand, the industrial property 
leads to an unbalanced structure for PPEP data, which is 
characterized by a lack of negative sample (dry well, empty 
trap and insufficient target, etc.). Furthermore, the precision 
of the data is uncertain because of multiple origins including 
outcrop observation, core sample measurement and well 
log, which is easily influenced by human mind.

(2) The interpretability of PPEP model is insufficient. Generally, 
the PPEP models are merely black box models, which makes 
it difficult to show the calculation or determination pro-
cesses for the PPEP and hence decreasing the reliability. 
Also, the limitation of interpretability will increase the dif-
ficulty for model optimization.

(3) The current AI model for PPEP lacks the guidance from 

geological knowledge. In other words, the combination of AI 
and traditional petroleum geological framework is still 
weak. The data-driven AI models can be optimized by 
embedding domain-specific knowledge to enhance the 
robustness (Wang et al., 2023; Zhu et al., 2025). We believe 
that the geological knowledge can provide certain re-
strictions or guidance for AI model construction and opti-
mization in PPEP. However, such a combination also needs 
creative ideas and novel ways.

4.3.2. Challenges and chances for AI application in unconventional 
resources

As mentioned before, the heterogeneity, limited well log data, 
and multiple sources of noise in seismic data lead to some 
challenges for AI application in unconventional resources. 
Although the data augmentation strategy, unsupervised model 
and multiple denoising AI methods have been applied to deal 
with these issues, there is still a lot of room for improvement in 
the current ML and DL models. However, the complexity of un-
conventional resources and the poor performance of traditional 
PPEP methods exactly highlight the importance and the oppor-
tunities for AI application. Compared to traditional methods, the 
data-driven ML model and DL model have excellent information 
mining capabilities from large-scale data. Furthermore, the 
higher efficiency and lower cost of AI models will greatly accel-
erate the unconventional resources research compared to 
expensive laboratory experiments and optical microscopes. To 
conclude, although there are indeed many challenges currently, it 
is necessary to develop AI applications in PPEP for unconven-
tional resources.
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4.3.3. Future development direction
To improve the performance of PPEP, there are several ways 

that worth further research. First, a combination of different AI 
models is a worthwhile way to harness the different advantages of 
algorithms. Previous studies have shown the potential of 
combining multiple AI models. Wang et al. (2023) first applied an 
SVM to predict petroleum prospects and then constructed an SVR 
model to predict the reserve distribution while restricting the SVC 
model's results. Fu et al. (2018) inserted an SVM classification 
model into a geological facies prediction model via a CNN to in-
crease the number of classification labels and greatly improved the 
prediction performance.

Along with the development and application of transformer 
models, the multimodal data fusion, which provides a unified 
framework for text, image and data, will be more and more 
important. The multimodal fusion can not only effectively 
expand the data size, but also provide information from 

different dimensions, which may lead to better performance of 
AI models.

In addition to data-driven models, the dual-driven models of 
physics and data are also a development direction of PPEP. Physics-
informed neural network (PINN) framework provides a deep 
neural network architecture that incorporates physics-driven loss 
functions to constrain and guide the data-driven model, thereby 
generating results that are physically and geologically consistent. 
Such framework can not only improve the performance of DL 
models, but also enhance their interpretability and alleviate po-
tential “black box” issues, which is of great significance in PPEP 
work.

Furthermore, an artificial general intelligence (AGI) model, 
which is an AI model with high learning and generalization abil-
ities, will be the final form for petroleum industry. It can also have 
its own logic and ideas, including its own knowledge map for a 
region. With a large amount of data, the AGI is able to learn most of 
the professional knowledge and skills in the petroleum industry 
and can further apply itself to solve problems that humans cannot 
solve. While constrained by data quality, computing hardware and 
industry competition, the accomplishment of AGI needs more time 
but is expectable.

5. Conclusions

(1) The application of AI in petroleum prospect evaluation and 
prediction (PPEP) focuses on petroleum geology, develop-
ment geology and geophysical exploration through favour-
able prospect classification and recognition, geological 
facies prediction and hydrocarbon reservoir prediction. 
Machine learning methods and deep learning methods are 
both applied in multiple concrete scenarios without a 
unique choice or standard procedure. Compared to tradi-
tional PPEP methods, ML and DL models show higher ac-
curacy and efficiency in most fields, which is attributed to 
the quick development of AI industry in workflow creation 
and algorithm optimization. With their excellent data pro-
cessing and self-optimization ability, the AI application will 
play an increasingly important role in PPEP works.

(2) The dominant limitations for utilization of AI method in 
PPEP and petroleum industry are data quality and model 
interpretability. Data size and data precision are mainly 
constrained by limited drilling wells and magnitude of 
seismic noise. Although multiple data augmentation 
methods, ensemble learning and transfer learning are 
helpful for enhancing the accuracy of ML or DL models, they 
do not solve the data-driven problem fundamentally. Model 
interpretability is significant for the reliability evaluation. In

fact, the interpretability of AI model determines the accep-
tance of AI technology in the petroleum industry, especially 
for the petroleum geology field in which PPEP works re-
quires abundant theoretical basis and rigorous logical 
processes.

(3) At present, the physics- and data-driven dual models and 
multimodal fusion technologies are important research 
directions for the intelligence and digitization of the oil 
and gas industry, which may greatly enhance data quality 
and model interpretability. Furthermore, the AGI model, 
which has high learning and generalization abilities, 
should be the final goal for the application of AI in the 
petroleum industry.
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