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Abstract

Several studies have been conducted in recent years to discriminate between fractured (FZs) and non-fractured zones (NFZs) in oil wells.
These studies have applied data mining techniques to petrophysical logs (PLs) with generally valuable results; however, identifying frac-
tured and non-fractured zones is difficult because imbalanced data is not treated as balanced data during analysis. We studied the importance
of using balanced data to detect fractured zones using PLs. We used Random-Forest and Support Vector Machine classifiers on eight oil
wells drilled into a fractured carbonite reservoir to study PLs with imbalanced and balanced datasets, then validated our results with image
logs. A significant difference between accuracy and precision indicates imbalanced data with fractured zones categorized as the minor
class. The results indicated that the accuracy of imbalanced and balanced datasets is similar, but precision is significantly improved by
balancing, regardless of how low or high the calculated indices might be.

Keywords: Accuracy; Classifier; Fractured Reservoirs; Random Forest; Support Vector Machine.

1. Introduction

Many classification techniques have been developed based on the assumption that balanced and imbalanced class datasets are equal. Eval-
uating imbalanced classification is required to determine the positive and negative accuracy of the classes. The need to define classification
procedures to determine which are suitable for imbalanced class detection is critical, especially in the case of the smaller class, or minority,
recognition. We have focused our work on the fractured zones, or minor classes, since current algorithms ignore the imbalanced datasets.
The issue with imbalanced classification has been studied recently by Kotsiantis et al. [1]. Oil spillage detection using satellite images [2],
protein sequence detection [3], face recognition [4], medical diagnosis [5], fault detection [6], anomaly detection [7], and text classification
[8] are all examples of imbalance classification research as approached by different disciplines. Sun et al. and Ali et al. thoroughly reviewed
the existing literature on imbalanced data classification and described the significant drawbacks associated with the classification of data
using this class distribution [9, 10]. These authors examined application domains, the nature of specific problems, learning difficulties,
learning objectives, evaluation measures, solutions, and multiple class recognition, enforcing the importance of using imbalanced problems
in different disciplines. Ali and associates also reviewed issues related to the application of machine learning techniques with imbalanced
class data sets. They discussed recent research trends and discovered many real-world applications for these advancements, especially in
medicine and social media.

Ouyang et al. studied 34 classifiers to detect oil spills using imbalanced learning methods. The authors reported that the selected methods
returned results with the highest accuracy; however, their approach may not be reliable [11].

Johnson and Khoshgoftar examined existing deep learning techniques to address imbalanced class data [12]. The authors mentioned that
real-word classification applications based on imbalanced data had been a challenge when examining fraud and cancer detection. They
studied available reports regarding class imbalance and deep learning to show the efficacy of deep learning classifiers when applied to
imbalanced data. The authors discussed the strengths and weaknesses of the studied journal articles, resulting in a determination that most
current work focuses on computer vision tasks, which are significantly affected by big data. Their survey concludes that various gaps in
deep learning using imbalanced data needs to be studied further.

Limited investigations have been conducted to signify the effect of imbalanced data in geoscience and oil and gas. Klyuchnikov et al.
proposed a classification approach to identify rock type at the drilling bit [13]. The authors studied samples consisting of approximately
13.5% of shale and 86.5% sand, which created highly imbalanced classes. They utilized three classifiers, Logistic Regression, Neural
Networks, and Gradient Boosting on Decision Trees, to overcome the challenges posed by imbalanced data; however, none of the studied
methods performed adequately. Pirizadeh et al. discussed various Enhanced Oil Recovery (EOR) methods developed for extracting oil
from heavy and extra-heavy reservoirs [14]. The authors also investigated the effectiveness of EOR methods categorized by reservoir type.
They proposed an ensemble learning-based approach to overcome class imbalance at the algorithmic level instead of the data level, which
effectively improved accuracy by 1.5%. The most valuable research in the oil industry was completed by Brownlee [15], who discussed
the development of a classifier for the detection of oil spills or slicks in satellite images. He developed Python scripts and has utilized
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Logistic Regression to apply the classifier to databases with different preparations. The author determined that the geometric mean (G-
mean) calculated using a balanced dataset was slightly higher than in an imbalanced dataset in all classes.

Literature reviews indicate that while valuable information was attained with studies completed on fractured zone detection using PLs and
data mining approaches, all ignored the effects of imbalanced datasets. Fracture detection by applying wavelet transformations on PLs
[16], [17] and especially porosity logs [18] are examples of fracture detection approaches. Daiguji et al. and Behrens et al. applied data
mining techniques on seismic data for fault cognition [19], [20]. The problems associated with these studies is that the seismic attribute
resolution is not suitable for fractured zone detection.

Martinez-Torres created a composite fracture log by integrating caliper, gamma-ray, sonic, self-potential, and resistivity logs with fuzzy
logic [21]. Tran integrated different logs and classified them to discriminate fractured zones from non-fractured zones [22]. Both studies
mentioned that these methods were not reliable without image logs to validate results.

Tokhmechi and his associates have published several papers where they applied wavelet transform and different classifiers and data fusion
techniques to discriminate fractured zones from non-fractured zones [23 - 25]. These authors validated their results by comparing them to
image logs, confirming that the proposed approaches were repeatable with accuracies higher than 70%. Mazaheri et al. [26], [27] developed
the Fracture Measure (FM) technique, a novel fractured zone detection criterion calculated by aperture, fracture type, azimuth, and apparent
distance. Artificial Neural Networks were used to estimate FM and cell size, optimized with a fracture zone detection accuracy of 80%.
Aghli et al. utilized PLs for fractured zone detection to develop a rapid Velocity Deviation Log (VDL) method that affects porosity and
permeability, useful in identifying fracture apertures [28]. The authors found that the differentiation method could easily recognize frac-
tured zones in high fracture density zones. Zarehparvar Ghoochaninejad et al. developed a Sugeno fuzzy inference system that estimates
the hydraulic aperture of detected fracture zones utilizing PLs [29].

Ignoring the effects of imbalanced datasets on fractured zone detection accuracy and precision has been the common shortcoming of every
cited peer-reviewed journal article. We used a machine learning approach to discriminate fractured zones from non-fractured zones using
PLs, and applied them to imbalanced and balanced datasets. This method will allow us to investigate the importance of creating balanced
data, especially in fractured zone detection, the minor and the most interesting class.

2. Database

The database used in this study was built from the data from eight wells, which were drilled in one of the largest carbonate fractured
reservoirs: the Asmari formation in South-West Iran. Four hundred fifty wells were drilled in the studied reservoir, eight of which have
both PLs and ILs. Interpreted ILs are the source of discrimination between F/NFZs since full sets of PLs were not completed in the studied
wells; therefore, 10 out of the 29 PLs were selected for our studies. Selected logs and their availability are listed in Table 1.

Table 1: The Most Available Pls in Studied Wells

Wells
PLs 1 2 3 4 5 6 7 8
Caliper Cali * * * * * * * *
CGR * * * * * * * *
Gamma Ray Thorium * * > * *
Uranium 2 2 * * *
SGR * * * * * * *
Sonic DT * * * * * * * *
Density RHOB * * * * * * * *
Photoelectric Factor PEF * * * * * * * *
Neutron Porosity NPHI * * * * * * *
Water Saturation SwW * * * * *

* means available

The correlation coefficient between PLs and FZs, the fracture label, was utilized for log selection. Table 2 displays the correlation coeffi-
cient from well 3. The correlation coefficients between FZs and all logs are less than 0.4, which confirms the complexity of FZ detection
by using PLs (Table 2).

Table 2: Cross Correlations between All Petrophysical Logs, Fracture Label, and Depth in Well 3

DEPTH  Fracture  CALI CGR RHOB SGR DT PEF NPHI POTA URAN THOR
DEPTH 1 -0.07336 -0.57776 -0.09963 -0.05912 -0.32121 0.227034 -0.0844  0.161339 -0.11378 -0.32386 -0.03263
Fracture -0.07336 1 -0.07464 0.013317 -0.16876 0.149943 0.198929 -0.28905 0.154407 0.022499 0.161401 -0.00121
CALI -0.57776  -0.07464 1 0.170612 0.041254 0.123247 -0.1629  0.068334 -0.18031 0.163828 0.081759 0.091154
CGR -0.09963 0.013317 0.170612 1 -0.01025 0.436472 -0.04695 -0.10667 -0.07539 0.859329 0.142732 0.766563
RHOB  -0.05912 -0.16876 0.041254 -0.01025 1 -0.03041 -0.78033 0.6722 -0.9072  -0.03469 -0.02825 0.013941
SGR -0.32121  0.149943 0.123247 0.436472 -0.03041 1 -0.04126 -0.22342 -0.02338 0.398561 0.948783 0.367711
DT 0.227034 0.198929 -0.1629  -0.04695 -0.78033 -0.04126 1 -0.46904 0.824402 -0.03039 -0.03018 -0.04583
PEF -0.0844  -0.28905 0.068334 -0.10667 0.6722 -0.22342  -0.46904 1 -0.63973 -0.12778 -0.20908 -0.04885
NPHI 0.161339 0.154407 -0.18031 -0.07539 -0.9072  -0.02338 0.824402 -0.63973 1 -0.04937 -0.00321 -0.06076
POTA  -0.11378 0.022499 0.163828 0.859329 -0.03469 0.398561 -0.03039 -0.12778 -0.04937 1 0.128948 0.435153
URAN  -0.32386 0.161401 0.081759 0.142732 -0.02825 0.948783 -0.03018 -0.20908 -0.00321 0.128948 1 0.122347

THOR  -0.03263 -0.00121 0.091154 0.766563 0.013941 0.367711 -0.04583 -0.04885 -0.06076 0.435153 0.122347 1

The availability and usability, as well as the physical effect of fractures in the PLs were the critical factors for PL selection. The physical
effects of FZs over PLs are briefly discussed as follows:
e  Fractures cause lower density in rocks; therefore, density log (RHOB) might be lower in FZs.
e  The P-wave velocity is lower in porous rock and fluid; therefore, sonic log (DT) might be increased in FZs.
e  Gamma Rays, natural radioactivity, are produced by Uranium, Thorium, and Potassium.
e  Potassium, Thorium, and Cumulative Gamma Ray (CGR), which is the summation of Potassium and Thorium, are all found in clayey
formations. Clay behaves plastically, which could indicate NFZ.
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e  Uranium can dissolve in water and be deposited in fractures; therefore, high Uranium and Summation of Gamma Ray (SGR) levels
could indicate FZs.

e  Higher water saturation (Sw) could be an indicator of FZs.

o Ifbrine is trapped in the fractures, resistivity decreases, meaning the NFZ has a high resistivity (RT).

Water traps indicate high Photoelectric Factor (PEF) levels since connate water elements, such as Barite, have a higher atomic

number than the surrounding rock.

Neutron Porosity (NPHI) is increased if an FZ is filled with fluid or Hydrogen.

Dolomite and limestone are brittle, with elastic behavior, capable of fracturing.

Shale and Anhydrite are ductile, capable of plastic behavior, and could be an indicator of NFZs.

Caliper tools are used to measure the diameter of boreholes instead of bit size; however, rock edges are chipped away during drilling

in FZs. As a result, mud accumulation in open fractures may result in lower borehole measurements, to the point where the meas-

urement is less than the bit size.

Overall, caliper, CGR, SGR, RHOB, DT, PEF, NPHI, and Sw measurements are useful; therefore, total porosity was selected for FZ

detection. Classifiers will be defined to discriminate between F/NFZs in 10D feature space.

3. Methodologies

3.1. Data pre-processing and imbalance checking

Depth shifting and matching, tolls pickup correction, tolls malfunction correction, cycle skipping correction, and wash out error removing
methods were preprocessing procedures completed on PLs. The imbalance index was introduced as a relative measure of imbalance and is
defined as the difference between the non-fractured and fractured data, divided by the number of fractured zones (Equation 1). This index
approaches zero if the two classes are balanced, and increases in imbalanced situations:

No.of NonFractured—No.of Fractured (1)

Imbalance Index =
No.of Fractured

Table 3 compares the fractured and non-fractured zones - indicating that the number of FZs are less than NFZs for all wells.

The imbalance indices are highest for wells 3 and 4, at 2.18 and 5.73, respectively. The imbalance index for wells 2 and 6 were approxi-
mately 0.1; therefore, a comparison between classification in imbalance and balance scenarios for those four wells could indicate the
importance of balancing. The Near Miss Under balance sampling algorithm was applied instead of NFZ to create a balanced dataset.
Random Forest (RF) and Support Vector Machine (SVM) were scripted in Jupyter iPython Notebook. The database was decomposed to
train (70 %), test (30 %), and classify imbalanced and balanced data. The confusion matrix (CM), accuracy or correct classification rate
(CCR), precision, and recall were calculated as the classifier’s performance index. These evaluation parameters are introduced as follows:

Table 3: Comparison between the Numbers of Fractured and Non-Fractured Zones in Studied Wells and Their Imbalance Indices
Non-Fractured

Well Fractured Imbalance Index
. 1215 028
2 o 0.11
3 Py 218
4 e 573
5 o 053
e i
7 ol 0.54
8 P 0.63

CM is a square matrix in which entry diagonals represent the number of accurate classified data, with the rest representing misclassified
data (Fig 1). The current study is the two-class problem, in which C00 represents the count of true positive, which means true classified
fractured zones. CO1 represents true negatives, or non-fractured zones misclassified as fractured. C10 represents false positives, or non-
fracture zones misclassified as fractured. C11 represents true positives, or the zones are correctly classified [30].

Model Class
NFZ FZ
Acal NFZ--_ Actual NFZ

) NFZ ) . ) TN  TF
ﬁ *Classified as NFZ U]as;lﬁed as FZ
S B
< Actual FZ. _ Actal FZ

FZ P P

Classified as NFZ ™~ -Classified as F, )

Fig 1: Trace of Confusion Matrix Used to Indicate Classification Accuracy.
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Accuracy, or CCR, represents the number of correctly classified data divided by the total data [30] (Equation 2):

TN+TP

Accuracy or CCR = ——— )
TN+FP+TP+FN

In Equation 2, TN/TP and FN/FP are true negative or positive results, or false negative or positive results, respectively. Accuracy may not
be a good measure if the dataset is not balanced, where fractured and non-fractured classes have different amounts of data. Precision, or
positive predictive values, might be better validation tools [30] (Equation 3):

TP

Precision = (3)
TP+FP

In this Equation, one represents the highest precision, which happens when FP equals zero.
Recall is known as sensitivity or true positive rate. The highest recall is also equal to one, which means FN is zero [30] (Equation 4):

TP
TP+FN (4)

Recall =

3.2. Random forest

RF is a tree-based classifier that can classify with high accuracy, stability, and ease of interpretation. This approach employs features, or
modes, of categorical features. RF is a popular classification and regression algorithm in sci-kit-learn; it combines several decision trees
trained by different sets of observations. The final prediction, illustrated in Fig 2, is created by averaging the prediction of each tree.

o Class A
$ 55

3 Class B

Class D

ONILOA ALIHOIVIN
SSY1D WNI4

Class E

Fig. 2: A schematic view of RF.

The best splitting node in Decision Tree classification refers to obtaining nearly-homogenous sub-nodes or child nodes upon splitting a
parent node. The Gini Index (Gl), used in this paper, is one of the best methods to complete this work. Gini is an index of the number of
random data points misclassified, varying between 0 and 0.5. A lower Gini indicates a lower chance of obtaining misclassified random
data points. This index allows us to make better decisions with lower ambiguity [31], [32] (Equation 5).

G= 2?:1 p(l-p)=1- i'(=1 v? (5)
3.3. Support vector machine
SVM is one of the most popular methods of machine learning. This method classifies datasets by developing hyperplanes in multidimen-

sional space. It iteratively generates the best-general hyperplane that contains a minimum error and a maximum margin, which, in turn,
results in discrimination between different classes (Fig 3).

4

( Class A
| < € I ,&“
E ¥
| <« L ok

C * *x

( b Margin

Class B

X-Axis
Fig. 3: A Schematic View of SVM and Support Vectors.
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The kernel in SVM has a vital role because it is implemented to transform input data into a higher-dimensional space with optimal class
discrimination. The wrong kernel choice may lead to higher error. The most popular kernels are 1) Linear, 2) Polynomial, and 3) Radial
Basis Function (RBF). We used the RBF kernel [31], [32] (Equation 6).

K(x,x;) = exp (—gamma = sum(x — x;)?) (6)

In (Equation 6), gamma is in the range of 0 tol.
Data needs to be normalized before classification with the SVM method. Equation (7) depicts the relation used to normalize an SVM [33]:

o= g > [0,1] )

Xmax— Xmin

In Equation 7, x, is the normalization, and xi is the primary amount of one log at the same depth, and x,,,;;, and X, are the minimum and
maximum ranges of data, respectively.

4. The experimental results

We applied RF and SVM to balanced and imbalanced PLs to discriminate F/NFZs.
4.1. Classification using imbalanced data

4.1.1. RF

Table 4 lists the results of the discrimination of F/NFZs using RF. The table indicates that CCRs or accuracy = 91 — 98%, precision = 83 —
95%, recall = 89 — 97%, and support = 435 - 918.

Table 4: The Results of Discrimination of Fzs from Nfzs Using RF. Imbalanced Versions of Selected Pls are used.

Well Confusion Matrix Accuracy or CCR Precision Recall Support
1 [33492 22407] 0.91 0.86 0.92 648
2 [43606 32984] 0.94 0.93 0.93 018
g [31358 793] 0.94 0.83 0.89 435
4 [51329 539] 0.98 0.83 0.95 613
5 [31059 131] 0.95 0.93 0.96 524
6 [42402 31775] 0.96 0.95 0.96 854
7 [2;9 11763] 0.95 0.95 0.92 477
8 [41087 220] 0.96 0.93 0.97 682

The difference between accuracy and precision is significant. Wells 3 and 4 have the highest Imbalance Index.

4.1.2 SVM

Table 5 displays the results of applying SVM on imbalanced data. CCRs are higher than 91%, confirming that FZ detection using petro-
physical logs is possible. CCR and precision for well 4 are 95% and 78%, respectively, indicating that for well 4, SVM is biased toward
NFZs. CCR and precision are above 98% for well 8. Therefore, we can report that for well 8, a synthetic image log has been created.

Table 5: The Results of Discrimination of Fzs from Nfzs Using SVM. Imbalanced Versions of Selected Pls are Used.

Well Confusion Matrix Accuracy or CCR Precision Recall Support
1 [32141 23830] 091 092 0.89 648
2 [425;3 fl“g] 0.95 0.94 0.94 018
3 [31205 ég] 0.94 0.89 0.83 435
4 [51178 ég] 0.95 0.78 0.79 613
5 [32003 132] 0.95 0.90 0.96 524
6 [41367 31838] 0.97 0.96 0.97 854
7 [21604 187] 0.97 0.95 0.97 477
8 [420 2§4] 0.99 0.98 0.99 682
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4.1.3. Comparison of classification using imbalanced data

In Fig 4, CCR as well their average for two classifiers in all studied wells are presented. Surprisingly, the best results have been for well 4,
which has the highest imbalance index. This clearly shows that in an imbalanced situation, CCR might be perfect compared to the precision
of the previous study with low precision. Therefore, making a judgment based on the result using CCR could be misleading. In average,
SVM performance is a little bit better than RF.

1
0.99 A
0.98 ®
0.97 A A
0.96 ® ®
B oos
9 055 A 'y & ®
e !
0.93
0.92
0.01 @
1 2 3 4 5 & 7 8

Average
Well

ASupport Vector Machine ®Random Forest
Fig. 4: Comparison between the CCR of F/Nfzs of Imbalanced Data Differentiation by Applying RF and SVM to Studied Wells.
4.2. Classification using balanced data
4.2.1.RF
Table 6 displays the results of applying RF to balanced data. CCR and precision for all wells are higher than 88%, representing the method’s
effectiveness for the proper differentiation of F/NFZs. The result of well 4 is interesting, as it indicates that the precision is higher than the
accuracy, while in the case of the imbalanced data (Table 4), the precision was 15% lower than the accuracy. This approach reveals the

advantage of the F/NFZs methods.

Table 6: The Results of Discrimination of Fzs from Nfzs Using RF. Balanced Versions of Selected Pls are used

Well Confusion Matrix Accuracy or CCR Precision Recall Support
1 [23337 23661] 0.88 0.89 0.88 567
2 [44025 32985] 0.92 0.90 0.93 870
3 [134 962] 0.94 0.93 0.94 209
4 [713 769] 0.96 0.99 0.93 159
5 [138 11898] 0.93 0.95 0.91 414
6 [31893 31964] 0.96 0.95 0.96 812
7 [118 11812] 0.96 0.98 0.94 375
8 [228 21641] 0.96 0.98 0.95 519
4.2.2.SVM

The results of applying SVM to balanced data are displayed in Table 7. The average accuracies and precisions are above 90%.

Table 7: The Results of Discrimination of Fzs from Nfzs Using SVM. Balanced Versions of Selected Pls are used.

Well Confusion Matrix Accuracy or CCR Precision Recall Support
1 [22533 22647] 0.92 0.92 0.92 567
2 [42194 33952] 0.93 0.93 0.92 870
3 [% é?] 0.88 0.90 0.85 209
4 [Eﬁ 620] 0.91 0.81 0.97 159
5 [132 13923] 0.91 0.96 0.86 414
6 [41124 31688] 0.96 0.97 0.95 812
7 [123 11715] 0.96 0.97 0.94 375
8 [221 2;0] 0.98 1 0.97 519
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4.2.3. Comparison of classification using balanced data

In Fig 5, CCR and their average for two classifiers in all studied wells are presented. Based on the results, in average, performance of RF
has been better than SVM. In well 4, with the highest imbalance index, RF has performed significantly better than SVM. Overall, RF was
better discriminated F/NFZs for balanced dataset.

1 2 3 4 5 g 7 g
Well

Average

®Random Forest  ASupport Vector Machine
Fig. 5: Comparison between the CCR of RF and SVM to Differentiate F/Nfzs Using Balanced Data.

4.3. Comparison between classifications using imbalanced and balanced data

The average accuracy and precision achieved using two classifiers on imbalanced and balanced data are represented in Table 8. The dif-
ference between average accuracy and precision for imbalanced and balanced data is significant. Table 8 indicates that the average accuracy
for balanced data decreased from 92.8% to 91.4%, while the average precision was increased from 88.4% to 91.9%. Using imbalanced
data and the inability of FZ recognition are the main shortcomings of classifiers, as illustrated with the CM values found in Tables 4-7.
NFZs are dominant in imbalanced data, which is the primary contribution to failed recognition; therefore, the classifiers are biased in their
attempts to improve CCR. Creating a balanced dataset solves the problem of minor class (FZ) recognition, as shown in Table 8.

Table 8: Comparison between Average Accuracy and Precision of Different Classifiers for Eight Studied Wells While Using Imbalanced and Balanced
Data

Well Imbalance Data . Balanced Data .
Average Accuracy or CCR Average Precision Average Accuracy or CCR Average Precision
1 0.895 0.875 0.880 0.880
2 0.912 0.902 0.905 0.900
3 0.927 0.850 0.912 0.922
4 0.962 0.810 0.925 0.900
5 0.935 0.897 0.917 0.945
6 0.915 0.905 0.902 0.902
7 0.942 0.932 0.945 0.960
8 0.937 0.900 0.927 0.940
Average 0.928 0.884 0.914 0.919

The difference between accuracy and precision, which might be an index of the classification’s reliability, is illustrated in Fig 6. The low
difference between accuracy and precision shows that the classifier has distinguished both F/NFZs. On average, the difference between the
accuracy and the precision of balanced data is approximately zero, whereas the accuracy of the imbalanced data is approximately 4% (Fig
6). The classifiers for imbalanced data were biased toward the dominant class, NFZ. The importance of balancing data is highlighted in
wells 3 and 4, with imbalance indices of 2.18 and 5.73, respectively (Table 3). The most significant result lies in the difference between
average accuracy and precision for well 4. Using original data, the difference was approximately 15% but declined to approximately 2%
after balancing. These results indicate that balancing is mandatory if the imbalance index is higher than 1.

0.16
0.14
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0.1
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002 & . .
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Accuracy - Precision

1 2 3 4 3 6 7 g Average

AImbalanced weBalanced

Fig. 6: Average Accuracy minus Average Precision of Utilized Classifiers for Balanced and Imbalanced Data.
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One of fundamental graphical evaluation tool for test result is Receiver Operating Characteristic (ROC) curve. This curve plots the sensi-
tivity (true positive rate) of a test versus its specificity (false positive rate) for different cut-off points of a parameter. The accuracy of a test
is measured by the area under the ROC curve (AUC).

Sensitivity is the probability of a depth will be positive given as a fracture zone. Specificity is the probability of a depth will be negative
given as a nonfracture zone.

In Figs 7-8, the ROC curve for both balance and imbalance data (one well as train and one well as a test), while RF classifiers are utilized,
are shown respectively. As these figures show, the closer the apex of the curve toward the upper left corner, the greater the dis-criminatory
ability of the RF classifier. This is measured quantitatively by the AUC such that a value of >0.97 indicates excellent discriminatory ability.

AUC(ROC curve)

Sensitivity (True Positive Rate)

| — ROC curve (area = 0.97)‘

L] [H a8 10

0s 06
Specifity (Fals Positive Rate)

Fig. 7: Receiver Operating Characteristic Curve for RF Classifier on Balanced Data and While One Well Is as A Train an Another Is as A Test.

AUC(ROC curve)
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Sensitivity (True Positive Rate)

| — ROC curve (area = 0.98) |
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04 [}
Specifity (Fals Positive Rate)

Fig. 8: Receiver Operating Characteristic Curve for RF Classifier on Imbalanced Data and While One Well Is as A Train an Another Is as A Test.

5. Conclusions

We applied two classification methods to PLs in a carbonate-fractured reservoir to differentiate between F/NFZs. We used 10 of 29 PLs
for FZ detection using a caliper, CGR, SGR, RHOB, DT, PEF, NPHI, SW, and effective and total porosity measurements. The key contri-
butions of this study can be summarized as follows:

Statistical studies indicate that the correlation coefficient between fractured zones and various logs differ in the range of -0.25 to
0.25; therefore, fractured zone detection using individual PLs is impossible because of the low correlation. Statistical studies also
indicated that the correlation coefficient between some of the PLs is high, such as between CGR, Potassium, and Thorium. In these
cases, one of the high correlation PLs could be selected for FZ detection instead of using them all.

The number of FZs is less than NFZs in studied wells. The imbalance index was defined to represent the imbalance situation in
different wells. The results indicated that well 6 is the most balanced well with an index of 0.1, and well 4 is the most imbalanced
well with an index of 5.73.

RF and SVM were applied to discriminate FZs from NFZs by using selected PLs for each well. Results indicated that the average
CCR for the imbalanced and balanced datasets was approximately 92%.

Precision and accuracy for balanced datasets were similar in all cases; however, the precision was inaccurate when using imbalanced
data. These results reinforce the importance of creating balanced data when the imbalance index is high.

In the wells with a high imbalance index, RF performed significantly better than SVM. The difference between accuracy and preci-
sion was high, indicating that classifier bias to NFZs, the major class, and FZ, the minor and most important class, might be better
recognized. These results reinforce the importance of creating a balanced dataset before applying classifiers.
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6. Future work

PLs are usually captured inside oil well boreholes, while ILs rarely are. In the studied oil field, more than 450 wells were drilled. Of these
wells, ILs were captured in only eight boreholes. Modelers need fracture data for network modeling and fluid flow simulation, and currently
developed models suffer from data limitations. FZ detection by running classifiers on PLs is possible; therefore, classifiers must be trained
in the wells with both IL and PL data.

Current studies have reported that both accuracy and precision are high in wells containing low imbalance factors, while precision is low
in high imbalance index wells. These results indicate that the data is challenging to balance; therefore, wells must be differentiated between
high and low imbalance indices. Training well databases can train the classifiers used to discriminate F/NFZs in the wells with low imbal-
ance indices. The dataset must be balanced before the classifiers are trained to discriminate between the F/NFZs when the imbalance index
is high.

Differentiation of high and low imbalance indices in oil wells using PLs, rock type, tectonics, and seismicity, among other methods, could
be the subject of future research.
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