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A B S T R A C T   

Detecting fractures using well logs can be difficult due to the complex response of conventional logs. To address 
this issue, a novel method called Fracture Identification by window sliding and recurrent neural network (FIsr) is 
proposed. FIsr uses window sliding to generate sequence image data for training a bidirectional recurrent neural 
network (BiLSTM) classifier, with columns selected from both conventional and reconstructed logs. Under
sampling is applied to balance the data, as the number of fracture samples is much smaller than nonfracture 
samples. BiLSTM extracts features from the sequence data in two directions, considering label correlations and 
detecting local log anomalies caused by fractures. The prediction for each sample is based on multiple over
lapping sequence images to reduce uncertainties. The proposed method is validated using a dataset from car
bonate reservoirs of the Asmari Formation in the Middle East, with an accuracy of 95% and recall and precision 
metrics exceeding 90%. A blind well test shows that FIsr can detect all fracture zones, and the distribution of 
fractures along the well trajectory confirms previous knowledge of the area. The study also discusses the in
fluence of factors in FIsr.   

1. Introduction 

Fractures are not only reservoir space but also crucial seepage 
channels for oil and gas in carbonate reservoirs (Laubach et al., 2019). 
Identification of fractures in carbonate reservoirs holds paramount sig
nificance in the domain of oil exploration and developments (Rashid 
et al., 2020; Samarkin et al., 2021). 

The task of identifying fractures along a well trajectory poses chal
lenges due to the limited availability of valuable data, such as rock cores, 
borehole imaging logs and so on. These techniques, although effective, 
are costly, resulting in a scarcity of such data for numerous wells. 
Consequently, understanding the distribution of a subsurface fracture 
network system becomes increasingly difficult (Dong et al., 2020a). 
Nevertheless, there is a silver lining as conventional logs, which are 
readily accessible in nearly every well, provide an alternative source of 
information (Nouri-Taleghani et al., 2015; Yuan et al., 2021). 

Meanwhile, fractures in subsurface reservoirs can induce anomalies in 
geophysical properties, such as increased density (DEN), great separa
tion between deep resistivity (RD) and shallow resistivity (RS), and 
elevated acoustic time difference (AC or DT), and so on (Dong et al., 
2020b; Mazhari et al., 2018). Hence, the utilization of conventional logs 
offers a practical approach to comprehending the distribution of sub
surface fractures. However, it is imperative to acknowledge that 
geophysical anomalies observed in these logs can be attributed to 
various other factors, including fluid types, lithological variations, and 
more (Dong et al., 2020c). For example, the presence of a gas-bearing 
reservoir can potentially result in a high amplitude of AC (Aghli et al., 
2020). Furthermore, the high heterogeneity of a reservoir can lead to 
logging responses that make it different to distinguish fractures from 
other geological factors (Shalaby, Islam, 2017). Such challenges pose a 
significant hindrance to the identification of fractures (Gamal et al., 
2022). 

* Corresponding author. tate Key Laboratory of Petroleum Resources and Prospecting, China University of Petroleum, Beijing, 102249, China. 
E-mail addresses: dshaoqun@163.com (S. Dong), wang_leting@126.com (L. Wang), lbzeng@sina.com (L. Zeng), dxycup@126.com (X. Du), 2289343691@qq.com 

(C. Ji), 3112902624@qq.com (J. Hao), yangxucup@163.com (X. Yang), lihaim-tlm@petrochina.com.cn (H. Li).  

Contents lists available at ScienceDirect 

Geoenergy Science and Engineering 

journal homepage: www.sciencedirect.com/journal/geoenergy-science-and-engineering 

https://doi.org/10.1016/j.geoen.2023.212165 
Received 6 April 2023; Received in revised form 30 June 2023; Accepted 17 July 2023   

mailto:dshaoqun@163.com
mailto:wang_leting@126.com
mailto:lbzeng@sina.com
mailto:dxycup@126.com
mailto:3112902624@qq.com
mailto:3112902624@qq.com
mailto:yangxucup@163.com
mailto:lihaim-tlm@petrochina.com.cn
www.sciencedirect.com/science/journal/29498910
https://www.sciencedirect.com/journal/geoenergy-science-and-engineering
https://doi.org/10.1016/j.geoen.2023.212165
https://doi.org/10.1016/j.geoen.2023.212165
https://doi.org/10.1016/j.geoen.2023.212165
http://crossmark.crossref.org/dialog/?doi=10.1016/j.geoen.2023.212165&domain=pdf


Geoenergy Science and Engineering 230 (2023) 212165

2

The advancement of artificial intelligence (AI) technology has 
brought about a remarkable revolution in handling geoscience problems 
(Desouky et al., 2021a; Liu, Wang, 2022). Recently, AI algorithms (e.g., 
deep artificial neural networks) have shown significant potentials to 
enhance the accuracy of fracture identification through the deep mining 
of fracture identification information within logging data (Bahramali 
Asadi Kelishami et al., 2022; Tariq et al., 2022a). Commonly used AI 
methods include conventional machine learning methods (e.g., LDA, 
Naive Bayes, KNN, Decision tree, Bayesian network) (Bhattacharya, 
Mishra, 2018), kernel methods (e.g., SVM, KFD, MKFD) (Dong et al., 
2016, 2020a; Shi, 2008), ensemble learning methods (e.g., random 
forest, AdaBoost, XG-Boost, LightGBM) (Dong et al., 2023a), and arti
ficial neural network algorithms (e.g., MLP, BP, CNN, RNN) (Desouky 
et al., 2020; Tian et al., 2021; Xue et al., 2014; Zazoun, 2013). 

In the majority of fracture identification cases, a vector sample 
comprising well logs at a specific depth is selected as the input data for 
the AI model identifying fractures. In the training process, the AI model 
undergoes a supervised learning approach wherein it is trained using 
labeled samples derived from rock core observations or image log 
interpretation. This process aims to augment the fracture identification 
performance of the AI model and enhance its generalization capabilities 
(Dong et al., 2022a). Log responses of fractures exhibit anomalies not 
only in absolute values but also in relative changes when compared to 
the background responses of neighboring layers (Dong et al., 2023b). 
The prevailing way to identify fractures is to treat each sample, associ
ated with a specific depth, as an independent and discrete entity. 
Nevertheless, this approach can pose difficulties in effectively extracting 
relative changes or anomalies within the data. To deal with this issue 
(Problem 1), a sequence data sample will be constructed instead of a 
discrete entity by a window sliding method. Based on conventional logs, 
some logs indicating fractures will also be reconstructed to amplify the 
logging response characteristics associated with fractures. Then the 
relative changes and the spatial location correlation can be detected by 
feature extracting in a deep artificial neural network. In this work, a 
recurrent neural network will be used to classify fracture labels ac
cording to the sequence data. 

The opposite log response sequences resulting from positive and 
reverse sedimentary cycles can hinder fracture development. To address 
this issue (Problem 2), a bidirectional Long Short-Term Memory 
(BiLSTM) network is employed for feature extraction and utilization. 
The implementation of Bidirectional Long Short-Term Memory 
(BiLSTM) addresses the difficulties presented by sedimentary cycles 
effectively. Moreover, as an extension of Recurrent Neural Network 
(RNN), BiLSTM leverages the inherent advantages suitable for process
ing sequential data, enabling it to extract classification features from the 
constructed sequence data sample proficiently. Furthermore, BiLSTM 
retains the benefits of LSTM, which can resolve the challenges associated 
with gradient vanishing or exploding gradients encountered when 
dealing with lengthy sequential data in conventional RNN models (Zeng 
et al., 2022). 

In addition, the identification of fractures is hindered by the problem 
of data imbalance (Problem 3), where the number of nonfracture sam
ples greatly surpasses that of fracture samples by a ratio of at least 10:1, 
and in some cases even up to 50:1. Consequently, conventional artificial 
intelligence models encounter difficulties in effectively distinguishing 
between these two categories, namely fractures and nonfractures. In 
such instances, there is a tendency for these models to erroneously 
classify all samples as belonging to the majority class, as the high ratio of 
the major class corresponds to the high classification accuracy (Dong 
et al., 2016; Li et al., 2022). To address this issue, this study employs the 
technique of random undersampling to balance the dataset and reduce 
the disparity in sample proportions. 

The lithological complexity and heterogeneity of carbonate reser
voirs pose challenges in accurately identifying fractures through logging 
responses. This issue turns fracture identification using logs into a 
complex nonlinear classification problem, resulting in weaker and more 

ambiguous logging responses for fractures. Introducing Recurrent Neu
ral Networks (RNN) in this study offers a promising solution, as RNN is a 
deep learning artificial neural network method that inherits the ad
vantages of handling nonlinear classification in artificial neural 
networks. 

In general, to improve fracture identification, a novel approach, 
termed Fracture Identification by window sliding and recurrent neural 
network (FIsr), is proposed, which combines the aforementioned tech
niques to address the three problems associated with fracture identifi
cation. To evaluate the effectiveness of the proposed FIsr method, a 
dataset from the carbonate reservoirs of the Asmari Formation in the 
Middle East is utilized, where numerous fractures are known to occur in 
the target formations. 

2. Geological settings 

The dataset is from A Oilfield located in the Zagros Mountain folded 
belt, adjacent to Mesopotamia plain in the west and Iranian plateau in 
the east (Fig. 1(a)) (Al-Banna, 2008; Ghanadian et al., 2017; Le Garzic 
et al., 2019). The target reservoirs are carbonates of Palaeogene 
Oligocene-Neogene Miocene Asmari Formation. Due to the Himalayan 
Movement, Zagros Mountain was formed by rapid uplift under the ac
tion of NE-SW huge horizontal compression tectonic stress caused by 
continuous collision between Arabian plate and Eurasian plate (Ala 
et al., 1980). Affected by the compressive stress, the oilfield is charac
terized by a NW-SE anticlinal structure. Several NW-NE trending 
strike-slip faults are developed in the west, while NNW-SSE trending 
normal faults are prevalent in the central region. The target formation is 
the Asmari member of Tertiary Oligocene-Lower Miocene Asmari For
mation (Fig. 1(b)). The lithology is mainly dolomite and anhydrite mass 
dolomite, and anhydrite mostly appears in clumps (Luo et al., 2019; 
Wang et al., 2018). Asmari Formation is deposited to semi-confined 
platform deposition, mainly carbonate deposition, with less terrige
nous clastic deposits. The upper layer is overlain by evaporites, which 
are extensively distributed in Gachsaran formation (Lower Fars). The 
sedimentary facies of member A are confined platform, and the abun
dance of evaporites (generally anhydrite masses) in dolomite generally 
shows an upward trend. The reservoir has an average porosity of 8.7% 
and average permeability of 10.6mD. There are few primary pores, and 
pore types are mainly secondary pores produced by dissolution during 
diagenesis. Moreover, fractures develop widely within the targeted 
reservoirs significantly impacting the oil production (Dong et al., 
2022b). 

3. Method of fracture identification 

The proposed fracture identification method, FIsr, incorporates three 
distinct components as described in Section 3.1. These components are: 
(1) the reconstruction and selection of input logs for fracture identifi
cation (Section 3.2) corresponding to Fig. 2(a), (2) the training and 
prediction process utilizing window sliding in FIsr (Section 3.3) corre
sponding to Fig. 2(b)–(c), and (3) the recurrent neural network classifier 
employed in FIsr (Section 3.4) corresponding to Fig. 2(b). 

3.1. Workflow of FIsr for fracture identification 

The workflow for utilizing FIsr to identify fractures can be summa
rized into three steps, as depicted in Fig. 2. 

The first step involves the reconstruction of fracture-indicating logs 
based on theoretical geophysical responses and the selection of input 
logs from conventional and reconstructed logs for fracture identifica
tion, as illustrated in Fig. 2(a). Once the appropriate logs are deter
mined, the window sliding method is employed to scan the well logs and 
corresponding labels in a top-down fashion. This scanning process 
generates sequence data samples that serve as inputs for the RNN. 
Furthermore, a random undersampling method is utilized to ensure data 
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balance is achieved. 
The second step entails training a BiLSTM classifier to differentiate 

sequence samples’ labels, as depicted in Fig. 2(b). The training dataset, 
comprising approximately 80% of the data, will be utilized to train the 
BiLSTM model. The remaining data will serve as the test dataset to assess 
the efficacy of the developed BiLSTM classifier. Upon satisfactory eval
uation, the model will undergo blind well tests, where fracture inter
pretation from rock core observations or image logging interpretation 
will be employed. If this evaluation yields satisfactory results, the 
BiLSTM model can then be employed to predict fracture labels for new 
wells. 

In the third step, the developed model in Fig. 2(c) is utilized to 
predict fracture labels for a new well. Similar to the previous training 
step, log reconstruction and window sliding techniques are applied to 
generate sequence data samples for this particular well. Subsequently, 
the BiLSTM classifier is employed to predict the label for each individual 
sample. By aggregating the labels of various sequence data points, the 
probability curve illustrating the development of fractures in this new 
well is generated. 

This comprehensive workflow provides a systematic approach to 
fracture identification using FIsr, encompassing data reconstruction, 
RNN-based classification, model training, evaluation, and prediction for 
new wells. 

3.2. Reconstruction and selection of logs for input of FIsr 

The objective of log reconstruction is to enhance the log responses 
induced by fractures. Consequently, logs exhibiting geophysical re
sponses are theoretically constructed to serve as potential inputs for FIsr 
(as discussed in Section 3.2.1). Subsequently, a comprehensive selection 
method (as detailed in Section 3.2.2) can be employed to choose the 
input logs. This selection process aims to prioritize logs that not only 
contribute significantly to the accuracy of fracture identification but also 
demonstrate strong correlations with each other. This ensures that both 
conventional logs and reconstructed logs are considered during the se
lection procedure. 

3.2.1. Log reconstruction for distinguishing fractures 
Table 1 displays several reconstructed logs as examples. To account 

for the abnormal log responses caused by fractures, change rates of logs 
are constructed, wherein Slope represents a specific log at the i-th depth. 
Here, vi is a well log. As opened fractures can result in a disparity be
tween deep and shallow resistivity, the ratio of deep and shallow re
sistivity (RSD) is constructed. Fractures can lead to high AC, high CNL, 
and low DEN values, hence the ratio of AC and DEN (ADR) and the ratio 
of CNL and DEN (CDR) are constructed. 

3.2.2. Logs selection for fracture identification 
The combination of feature contributions in the random forest 

method, hierarchical clustering, and correlation heat map is employed 
to select logs for fracture identification.  

(1) Random forest is an ensemble learning method, in which the 
randomness means randomly sampling data and randomly 
selecting features (Dong et al., 2023a; Tariq et al., 2022b). It 
employs the Gini index metric to calculate the weight of each 
feature value, determining their contribution towards building 
decision trees (). This analysis enables comparison of the degree 
of importance of each feature value, which in turn facilitates 
feature ranking based on their relative contributions. It aims to 
generate trees in which nods have high purity (namely low Gini 
value). The contribution degree of the j-th feature is the change of 
Gini index on all nodes of a tree as shown in Eq. (1). 

VIMj =
∑n

i=1

∑

m∈M
VIMjm (1)  

where n is the number of decision trees in the random forest, and M is the 
set of all nodes on a decision tree; VIMjm = GIm-GIl-GIr, VIMjm represents 
the Gini index change of feature j on node m, reflecting the weight of 
feature j in the CART tree. GIm represents the Gini index before node 
branch, and GIl, GIr represents the Gini index of left node and right node 
after node branch respectively. 

As an example, the process of calculating the weight of feature x2 
using dataset D is depicted in Fig. 3. The dataset D comprises two 

Fig. 1. Location of A Oilfield and the target formation (Dong et al., 2022a).  
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features, x1 and x2, and five data points. Firstly, the Gini index of the two 
features is computed, with the feature having the lower Gini value 
chosen as the primary node in the decision tree. This process leads to the 
generation of decision tree 1 and decision tree 2. The contribution or the 
weight of feature x2 in these two decision trees is then determined by 
calculating the Gini index of feature x2 before and after the branch at 

node m1 by using Eq. (1). The sum of the weights of feature x2 in all 
decision trees, which is 0.33, represents the weight of feature x2 in 
dataset D.  

(2) Correlation heat map method 

The correlation coefficient is usually used to describe the correlation 
degree between two variables (Eq. (2)) (Tariq et al., 2022b). Logs that 
exhibit a high correlation coefficient can be consolidated into a single 
representative log. 

r=
∑

(x − x)(y − y)
∑

(x − x)2
(y − y)2 (2)  

where the absolute value of r is between 0 and 1. Let x and y represent 
the sequence data of the logging curves. x and y represent the weighted 
arithmetic means of two variables. The higher r, the higher correlation 
of x with y.  

(3) Hierarchical clustering 

Fig. 2. The workflow of FIsr.  

Table 1 
Reconstructed curves.  

Reconstructed logs Equation 

Change rates of logs 
Slope =

(|vi − vi− 1| + |vi+1 − vi|)

2 
Ratio of deep and shallow resistivity RSD =

RD
RS 

Ratio of AC and DEN ADR =
AC

DEN 
Ratio of CNL and DEN CDR =

CNL
DEN 

Ratio of the difference in micro resistivity MRR =
Rmax − RXO

Rmax − Rmin 
Difference in relative magnitude of resistivity 

RDS =
|RD − RS|

RS   
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Hierarchical clustering is a process of categorizing analyzed data 
based on similarity using distance as a metric. Initially, each sample is 
treated as a unique cluster. The algorithm then iteratively performs two 
key steps: first, it identifies the two clusters with the highest similarity, 
and second, it merges the most similar clusters. This iterative process 
continues until all clusters are merged, resulting in a complete hierar
chical clustering structure. 

The visualisation of the hierarchical clustering dendrogram with four 
features is shown in Fig. 4(b), from which we can see that Feature 2 and 
Feature 3 are easily clustered together, indicating a high correlation. By 

using random forest to select the top four features with high weights 
among the seven features (Fig. 4(c)), it can further improve the accuracy 
of the removal of the highly linearly correlated Feature 3 by performing 
correlation heat map analysis and hierarchical clustering. 

3.3. Window sliding in the training and prediction processes in the FIsr 

In this study, the utilization of the "segment" by window sliding as a 
replacement for "point" is employed within the conventional fracture 
identification method. Similarly, the window sliding approach is 

Fig. 3. Schematic diagram of contributions of features for classification.  

Fig. 4. Schematic diagram of features selection.  
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adopted during the training of FIsr and in the prediction of fractures for a 
new well using FIsr. 

3.3.1. Window sliding for obtaining training and test data 
Fig. 5 illustrates the application of the window sliding methodology 

to obtain a series of sequential data samples. The majority of these 
samples are utilized as training data for constructing a fracture identi
fication model, while the remaining samples are used as test data to 
evaluate the performance of the developed model. The window height 
and sliding stride are set as k and s, respectively. If this window touches a 
fracture zone, the label of this sequential data sample will be set as 
fracture ("1″), otherwise nonfracture ("0″). 

It should be noted the problem of data imbalance still exists in the 
sequential data samples. To address the issue of data imbalance in the 
labeled sequence data samples, where there is a significant disparity 
between the number of fracture and nonfracture samples, it becomes 
necessary to employ data balancing techniques. Data balance refers to 
the process of equalizing the distribution of each group by reducing the 
difference in sample numbers. In this work, the Random Undersampling 
(RUS) method is utilized to achieve data balance, as depicted in Fig. 6. 
This approach involves randomly selecting a certain number of samples 
from the class with an abundance of examples and removing them from 
the dataset until the desired distribution is attained. By adopting RUS, 
the data is effectively rebalanced, enabling a more equitable represen
tation of both fracture and nonfracture samples within the dataset. 

3.3.2. Window sliding for predicting labels of data samples 
In the prediction of the fracture identification by FIsr, window 

sliding is a necessary step (Fig. 7). Typically, the sliding step size (or 
stride) is set as one, which results in each point being overlapped by k 
windows. The predicted labels are aggregated, and then divided by k to 
obtain the fracture development probability in Eq. (3) at a depth point. 
By sliding the window from top to bottom, a curve representing the 
probability of fracture development can be generated. The fracture in
tensity score (FIsr), ranging from 0 to 1. A higher value on the curve 
signifies a greater probability of fracture development. 

FIsr =
∑k

1yi

k
(3)  

where yi is the predicted result of the i-th sequence data sample. 
As illustrated in Fig. 7, at the depth point x, three (k = 3) windows 

traverse through this specific depth. In the context where two sequence 
data samples corresponding to the first two windows are identified as 

fractures ("1″), and one data sample corresponding to the third window 
is recognized as a nonfracture ("0″). Then the FIsr will be calculated as 2/ 
3. 

3.4. Recurrent neural network as a classifier in FIsr 

The structure of the BiLSTM is shown in Fig. 8. Compared with the 
hidden state of front-to-back transmission of traditional recurrent neural 
network, the hidden layer of back-to-front transmission of information is 
added, making it more flexible in dealing with longer sequence data 
(Zhou et al., 2021). Assume that the state of the forward hiding layer is 

h
→

t (Eq. (4)), and the reverse hidden state be h
←

t (Eq. (5)). The calculation 
formula is as follows: 

h
→

t =φ
(

XtW(f )
xh + h

→
t− 1W(f )

hh + b(f )
h

)

(4)  

h
←

t =φ
(

XtW(b)
xh + h

→
t+1W(b)

hh + b(b)
h

)

(5)  

where the weights W(f)
xh , W(f)

hh , W(b)
xh , W(b)

hh and deviation b(f)h , b(b)h are the 
model parameters and φ are activation function, Xt is the sequence data 
extracted from the logging curve after window sliding. 

Then the hidden state h
→

t and h
←

t are merged into the hidden state ht 
and inputs it to the output layer. Output layer calculation output Ot (Eq. 
(6)): 

Ot = htWhq + bq (6)  

where the weight Whq and deviation bq are the model parameters of the 
output layer, and the number of hidden layer units in different directions 
can also be different. 

4. Fracture identification in tight carbonate reservoirs of Zagros 
basin 

4.1. Reconstruction and selection of input logs for fracture identification 

The set of 17 candidate variables comprises the 8 original conven
tional logs (GR, CAL, CNL, DEN, AC, logRD, logRS, and logRXO) and the 
9 reconstructed logs (SlopeAC, SlopeCAL, SlopeGR, RSD, MRR, ACR, 
ADR, CDR, and RDS). Their contributions to fracture identification, as 
determined by the random forest approach, are illustrated in Fig. 9(a). 
Variables that exhibit high contribution weights should be given priority 

Fig. 5. The training process of window sliding for logs.  
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in the selection process, namely RSD, CNL, AC, DEN, ADR, CAL, CDR, 
logRS and GR. When applying random forests for curve selection on the 
17 logs, the time consumed was 57.9s. 

As shown in Fig. 9(b) and (c), a strong positive correlation exists 
between AC and CDR, as well as between ADR and logRS. Due to the 
relatively higher contributions of AC and ADR compared to CDR and 
logRS, the latter two variables (CDR and logRS) are eliminated. There
fore, a subset of seven logs (RSD, CNL, AC, DEN, CAL, RS, and GR) is 
selected as input variables for fracture identification. 

The original conventional well logs and the selected three con
structed logs (RSD, ADR, and CDR) are shown in Fig. 10. Fracture 
description from rock observation is shown in the last column of Fig. 10, 
which is used to generate fracture labels of well logs. The red lines 

indicate the zones with fractures. As shown in Fig. 10, fractures are 
associated with higher values of ADR and CDR, whereas nonfracture 
regions exhibit lower RSD. By examining the sections demarcated by the 
blue rectangle in the illustration, it becomes apparent that the recon
structed curves possess the ability to enhance the conventional logging 
response characteristics at locations where fractures have developed. 

4.2. Development of fractures identification model 

Three wells containing rock cores were observed, with a combined 
length of 528 m. The logging data sampling interval is 0.125 m, meaning 
that there are 8 sampling points for every 1-m depth. The initial dataset 
consists of 5243 discrete samples, comprising 4969 fracture 

Fig. 6. Schematic diagram of data balance by the random undersampling method.  

Fig. 7. Fracture prediction process of window sliding for logs.  

Fig. 8. Schematic diagram of BiLSTM.  
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Fig. 9. Logging curve optimization results.  

Fig. 10. The original conventional logs and the selected reconstructed curves.  
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observations and 274 nonfracture observations. After applying a win
dow sliding approach with a window height of 5 and a sliding stride of 1, 
a total of 5239 sequential data samples were generated. Among these 
samples, there were 572 samples corresponding to fractures and 4667 
samples representing nonfracture. Then the random undersampling of 
the nonfracture data was performed, with the sampling coefficient 
determining the proportion of the data. In the original data, fracture 
data accounted for 11%, while nonfracture data accounted for 89%. 
When the undersampling rate was 0.35, the proportions of fracture data 
and nonfracture data were 26% and 74%, respectively, and the pro
cessing time was 3.1s. Then there left 2200 sequential data samples (572 
fracture and 1628 nonfracture). The 80% of data will randomly selected 
as training data to generate a BiLSTM model while the rest 20% will be 
as the test to evaluate this model. 

Besides another well will be as a blind well to assess the efficiency of 
the built model for fracture identification. Noted the blind well data will 
not undergo the undersampling process. 

The FIsr method classifier, as shown in Fig. 11(a), includes a 
sequence data input layer, two BiLSTM layers, two Batch Normalization 
layers, a Dropout layer, a fully connected layer, a Softmax layer, and a 
classification output layer. The hidden layer contains 500 neural units in 
the BiLSTM with two layers. The method predicts training data with an 
accuracy of 95% after 400 iterations, taking a total time of 11 min. The 
technologies, corresponding parameters, and CPU time involved in the 
FIsr fracture identification process using all the provided fracture data 
are shown in Table 2. The training and validation process of the model is 
depicted in Fig. 11(b). The accuracy of both the training set and vali
dation set gradually increased and ultimately stabilized with the in
crease in the number of iterations. The final training data accuracy is 
98%, and the validation data accuracy is 95%. 

4.3. Validation test of fracture identification model  

(1) Validation from statistical aspect 

A confusion matrix of a classifier for test data is the common way to 
evaluate the built classifier (Desouky et al., 2021b). The confusion 
matrix of the built fracture identification model for test data is shown in 
Fig. 12(a). Rows represent predicted classes, while columns represent 
actual classes. The overall accuracy is 95%. The recall and precision of 
fracture category are 90.2% and 94.8%, respectively, while those of the 
nonfracture are 97.4% and 95.1%, both above 90%. Accuracy provides a 
general measure of a prediction’s performance. Precision focuses on the 
accuracy of the identified results, while recall leans towards the 
comprehensiveness of the identified results. In general, the built fracture 
identification model performs well from the statistical perspective.  

(2) Blind well test 

A blind well test is implemented, and the result is shown in Fig. 13, in 
which the logs are data normalized. A comparison between conventional 
well logging curves and reconstructed well logging curves is performed, 
while rock core images and imaging logs are employed to display the 
fractures serving as the input for the study. The middle row in the figure 
represents the position of core fracture development, and it can be seen 
that there are 15 fracture development sections. The probabilistic 
interpretation result of the FIsr bidirectional neural network fracture 
recognition model is on the right. It can be seen that all fracture zones 
can be recognized by FIsr. The more densely developed the core 

Fig. 11. The classifier of RNN model.  

Table 2 
Parameter table of FIsr method.  

Technique Name Parameter CPU 
Time 

RNN classifier Input dimensions of the 
sequence 

7 15min 

BiLSTM layer 2 
Batch normalization layer 2 
Dropout layer 1 
Dropout rate 50% 
Full connected layer 2 
Softmax layer 1 
Classification layer 1 
MaxEpochs 9500 
MiniBatchSize 400 
L2 regularization 0.001 
Learn rate 0.01 

Random 
Undersampling 

N_samples(fracture) 4969 3.1s 
N_samples(nonfracture) 274 
Undersampling rates 0.1–0.8 

Window sliding Window height 5 2.6s 
Sliding stride 1 

Random Forest Number of CART trees 500 57.9s 
Min_samples_leaf 5 

Hierarchical 
clustering 

Number of clusters 2 2.3s  

Fig. 12. Confusion matrix of test data.  

S. Dong et al.                                                                                                                                                                                                                                    



Geoenergy Science and Engineering 230 (2023) 212165

10

fractures, the greater the probability of FIsr predicting the fractures. 
However, near the ③ and ⑧ fractures, FIsr identifies fractures with a 
certain probability but actually has no fractures in the cores. This is 
because fractures develop around these locations. Although window 
sliding reduces the uncertainty, it also decreases the vertical resolution. 

5. Discussions 

5.1. Influence of height of window sliding on fracture identification 

The window height can affect the performance of the FIsr. Small 
window may not capture the influence of fractures on the adjacent 
logging curves. Large window contains curves of long depth, but it may 
amplify the response of other factors, leading to reduced accuracy. 

The study evaluated the RNN performance under different window 
heights for logs with a sampling interval of 0.125m. The recall for 
samples with fractures (Rfrac) and with nonfracture (Rnon), as well as the 
accuracy for samples with fractures (Afrac) and the overall accuracy of 
the model were analyzed. Results in Fig. 14 show that window heights 
between 2 and 5 intervals exhibit a significant increase in Rfrac and Afrac 
as the window height increases. Additionally, Rnon and overall accuracy 
rate also increase slightly. However, window heights between 5 and 10 
intervals show a significant decrease in Rfrac and Afrac, indicating inac
curate prediction of fracture location due to excessively large window 
heights. Based on the above evaluations, the best prediction corresponds 
to the window height of 5 intervals (about 0.625m). 

5.2. Influence of data balance on fracture identification 

The random undersampling method is used to address this problem 
of data imbalance, as explained in Section 3.3.1. The ratio of random 
undersampling is an important parameter affecting fracture identifica
tion. The original data had 4969 fractures and 274 nonfracture data. 
Fig. 15 shows the accuracy of RNN under different undersampling ratios. 
When the undersampling rate is high (0.6–1), the accuracy of fractures is 
very low, although the overall accuracy of the model can be high (90%– 

Fig. 13. Blind well test.  

Fig. 14. Performance comparison of RNN corresponding to different win
dow heights. 
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95%). As the undersampling rate decreases, the accuracy gradually in
creases. However, when the undersampling rate falls below 0.3, the 
overall accuracy and fracture precision of the model begin to decline due 
to too few nonfracture labels. Based on the above analysis, it is 
concluded that the appropriate undersampling rate is 0.35, which yields 
an accuracy rate and precision rate ranging from 90% to 95%. 

5.3. Distribution of fractures along well trajectory 

Fig. 16 provides a graphical representation of the vertical distribu
tion of fractures identified by the FIsr method. The plot displays the FIsr 
and the fracture density of each layer (FFI) (Dong et al., 2020b). The 
amplitude reflects the magnitude of the probability of fracture 
development. 

The plot clearly shows that Section A has a higher probability of 
fracture development than Section B. This observation is indicated by 
the black arrow in the plot, which highlights the difference in fracture 
probability between the two sections. These findings align with previous 
knowledge of the area, suggesting that the FIsr method is a reliable 
approach for identifying and characterizing fractures in logging data. 

5.4. Application of FIsr fracture identification method 

The FIsr fracture prediction method, developed in this study, not 

only serves as a valuable tool for predicting fractures in reservoirs but 
also plays a crucial role in fracture network modeling, oil or gas devel
opment adjustment, and hydraulic fracturing design.  

(1) This method can effectively reveal the vertical distribution of 
fractures within the study area, enabling analysis of key factors 
influencing fracture development, such as sedimentation and 
tectonic influences. 

(2) Establishing a subsurface natural fracture network model neces
sitates incorporating spatial constraints on fracture density. By 
interpolating FIsr values obtained from multiple wells, a 3D 
constraint model for fracture network modeling can be created 
and refined using image logging interpretation.  

(3) The distribution of the natural fracture network holds significant 
importance for oil and gas development and adjustment. For 
instance, well productivity often correlates with fracture density. 
Consequently, identifying well locations with higher fracture 
connectivity to oil and gas can guide the placement of new wells.  

(4) The methodology presented in this paper offers a comprehensive 
interpretation of individual wells, enabling analysis of fracture 
network connectivity in subsurface reservoirs. This knowledge 
helps address various development challenges. For example, 
water invasion is commonly encountered during the development 
of many gas fields, particularly in tight reservoirs. Understanding 
the connectivity of the fracture network allows for proactive 
deployment of appropriate development strategies to mitigate 
water invasion risks. For wells connected to water, it may be 
advisable to decrease gas production or drill additional drainage 
wells.  

(5) The well-established knowledge of subsurface natural fracture 
networks also proves valuable in hydraulic fracturing operations, 
facilitating the creation of more efficient fluid channels by 
leveraging the existing fracture network. 

Moreover, this method exhibits potential for application in reservoir 
fracture identification across different lithologies. 

6. Conclusions 

The identification of fractures using conventional logging responses 
is a challenging task, as these responses are often intricate and feeble. To 
address this issue, a novel method for intelligent fracture identification, 

Fig. 15. Accuracy against different undersampling ratios.  

Fig. 16. Longitudinal distribution of fractures.  
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known as FIsr, is proposed. The efficacy of this method is validated using 
a dataset from carbonate reservoirs in the A Oilfield of the Middle East. 
The following conclusions are obtained: 

(1) Through the utilization of a combination of random forest, cor
relation coefficient heat map, and hierarchical clustering 
methods, a total of seven logs were selected as inputs for FIsr from 
both the original and reconstructed logs. These logs include RSD, 
CNL, AC, DEN, CAL, RS, and GR. The statistical validation of the 
FIsr method revealed a remarkably high accuracy of 95% and 
impressive recall and precision metrics, both exceeding 90%. 
Moreover, a blind well test demonstrated that FIsr was capable of 
detecting all fracture zones. The distribution of fractures along 
the well trajectory revealed that Section A was more likely to 
develop fractures than Section B, a finding consistent with prior 
knowledge of the area. Overall, the validation results indicate 
that the FIsr method is a reliable approach for the identification 
and characterization of fractures in logging data.  

(2) The influence of key factors in FIsr method on prediction results is 
clarified. The height of the window sliding affects the accuracy of 
fracture identification, with window heights of 2–5 intervals 
(0.25m–0.625m) showing the best performance. The data 
imbalance issue was addressed by undersampling, and an 
undersampling rate of 0.35 was found to be appropriate for 
achieving high accuracy rates and precision rates in fracture 
identification. 

Enough labeled data is the basis of good performance of FIsr. How
ever, labeled data is costly. Hence, in future work, semi-supervised 
learning will be considered into improving FIsr. 
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