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The brittlenessindex is one of the most important parameters in geomechanical
analysis and modeling. Many methods have been proposed to estimate the
brittleness index. One of the recently used methods is the intelligent method. In
this paper, firstly the aim is to introduce a new algorithm using deep learning
algorithms to predict the brittleness index in one of the wells of the hydrocarbon
field in southwest Iran. In this article, first, the effective features for the input of
the algorithms were determined using Pearson's correlation coefficient, and then
using (recurrent neural network + multi-layer perceptron neural network) (LSTM
+ MLP) and (convolutional neural network + recurrent neural network) (CNN+
LSTM) brittleness index was estimated and the mean error value (MSE) and
coefficient of determination (R?) were calculated for the training and test data.
For both training and test data, both algorithms have a coefficient of
determination close to 1 and a very low error. Also, in order to ensure the results
of the algorithms, a part of the data was set aside as blind data, and the error and
coefficient of determination were calculated for this data, and the error was
MSEcnn+LsTM = 26.0425, MSE;stmamip = 32.0751 and the coefficient of
determination was RZyynirstm = 08064, R¥gryimip = 0.7615. The results show
the effectiveness of the introduced deep learning algorithms as a new method in
predicting the brittleness index, and comparing the two algorithms presented, the
CNN+LSTM algorithm has higher accuracy and less error.

Introduction

failure (Ramsay, 1976). There are many

Brittleness is one of the most obvious properties
of rock mechanics, that has a major impact on
the process of rock failure and the general
response of the rock to drilling and construction
activities. In general, rocks with more brittle
characteristics show lower plastic deformation
values at the time of failure compared to softer
rocks (Morley, 1954). In other words, in rock
mechanics, brittleness refers to a type of fracture
in which there is little or no permanent
deformation, as opposedto soft failure, in which
significant plastic deformation occurs prior to

definitions of the brittleness index, including
(Morley, 1954; Havel, 1970; Hetenyi, 1966;
Ramsay, 1976; Obert and Duvall, 1967; Hucka
and Das, 1974; Altindag, 2003) pointed out.

In general, brittleness is expressed as a function
of rock strength (Altindag, 2010). However,so
far there is no direct and standard method for
measuring brittleness, but indirectly it can be
used to determine the concept of brittleness by
using some relationships about stone, such as
different ratios of compressive and tensile
strength of rock (Goktan, 1991; Lawn and
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Marshall, 1979). The brittleness index is
determined by three methods: 1- by elastic
moduli. 2- from laboratory samples. 3- from the
volume of minerals. Dynamic brittleness index
is obtained from dynamic Young's modulus and
dynamic Poisson's ratio. Equations 1, 2 and 3
respectively show dynamic Young's modulus
(E_dyn), dynamic Poisson's ratio (v_dyn) and
dynamic brittleness index (Bl_dyn) respectively
(Valim and Antia, 2021).

_ o 3VE—4VZ
Edyn - .DVS sz_Vsz (1)
VZ-2vZ
Udyn = 2(1;/5_‘/52) (2)
v
Bldyn = Edyn + dzyn (3)

Due to the fact that the brittleness index is one of
the important geomechanical parameters that
have important applications in hydraulic
fracturing and well stability and etc., so its
accurate determination becomes very important.
In this article, two deep learning algorithms
including CNN+LSTM and CNN+MLP are used
to predict the dynamic brittleness index. The

purpose of this study is to present an algorithm
for predicting the dynamic brittleness index and
compare these results with each other, which
results show the application of deep learning to
predict the brittleness index.

Materials and Methods

In this article, the data of RHOB, CHAL, NEUT,
LL7, PEF, Vp, Vs, MLL, GR logs were available
to determine the brittleness index using deep
learning algorithms.

In order to select the effective features and
suitable inputs to the algorithms, the correlation
coefficient of the features with the brittleness
index should be checked. . One of the methods
to selectthe feature is to calculate the Pearson's
correlation coefficient. According to Pearson's
correlation, Vp, RHOB, NEUT logs were
selected as the input of the algorithms, and
adding other logs increases the error and
decreases the accuracy. Figure 1 shows the
selection of features using the Pearson
correlation matrix.

Pearson Correlation Matrix

RHOB DEPTH

NEUT GR Vs

MLL

LT

Bldyn  CALI

DEPTH RHOB  Vp Vs GR

MEUT  MLL LLY CALl  Bldyn

Fig. 1. selection features using Pearson correlation matrix.

In the following, the total data was 8591 data and
from the beginning 1634 data were left as blind
data to ensure the results of the algorithm and the
other data were divided into two parts, training
and testing, and 80% of the data (5565 data) were
used for training. And 20% of the data (1392

data) were used for testing. In the next step, data
normalization was performedto achieve higher
accuracy. For normalization, the Min-Max
Normalization function is used, which adjusts
the available data between zero and one. The
Adam optimizer function is then used for
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optimization.. To evaluate the model and
compare the results of deep learning algorithms,
RMSE error, MSE error, and R2 have been used,
and their relationships are according to equations
4,5 and 6.

In this article, the results of two deep learning
algorithms  including LSTM+MLP and
CNN+LSTM were examined and RMSE error,
MSE error and R2 were calculated for training,
test and blind data. Tables 1, display Bl _dyn

MSE :% N (Zmesured — Zpredict)” (6) pre_di_ction errors and accuracies base_d on the
RMSE = +MSE @) training (80%) §ubsets and Tables 2, dl_splay the
n 2 Bl_dyn prediction errors and accuracies based

Rz —1_ 21:1(Zmesured—zpredict) =1— E (8) . )
e on the test (20%) subset, respectively. Figure 2,

2
Z?:1(Zmesured_zaverage)

Results and Discussion

shows the comparison of Bl_dyn predicted and
Bl_dyn measured for training and test data.

Table 1. Blgy, Prediction errors and accuracy for train data records using deep learning algorithm.

Deep RMSE R?
Learning models
LSTM+MLP 0.0048 0.0693 0.9999
CNN+LSTM 0.0191 0.1384 0.9998

Table 2. Blyy, Prediction errors and accuracy for test data records using deep learning algorithm.

Deep Learning models MSE RMSE R?
LSTM+MLP 0.2201 0.4692 0.9971
CNN+LSTM 0.1802 0.4253 0.9976
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Fig. 2. Display of BI_dyn predict using deep learning algorithms for train and test data. (a), Bl_dyn prediction
using LSTM+MLP algorithm. (b), BI_dyn prediction using CNN+LSTM. Black log (BI_dyn measured for
training (original data)), red log (BI_dyn predicted for training data), blue log (Bl_dyn measured for test data
(original data)), green log (BI_dyn predicted for test data).



Journal of Engineering Geology, Volume 18, Issue 3, 2024

344

Tables 3, display the Blg,,,, prediction errors and
accuracies based on the blind subsets,
respectively.

Figure 3, shows the comparison of BIl_dyn
predicted and BI_dyn measured for blind data.

Table 3. BI_dyn prediction errors and accuracy for blind data records using deep learning algorithm.

Deep MSE RMSE R?
Learning models
LSTM+MLP 32.0751 5.6635 0.7615
CNN+LSTM 26.0425 5.1031 0.8064
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Fig. 3. Display of B_dyn predict using deep learning algorithms for blind data.

Conclusions

Considering the importance of the brittleness
index in determining hydraulic fractures and
geomechanical models, it is necessary to use a
cheap and accurate method to predict the
brittleness index. For this purpose, in this study,
deep learning and LSTM+MLP and
CNN+LSTM algorithms were used to estimate
the brittleness index. In order to apply the
algorithm on the data, it is necessary to first
determine the effective and influential features
on the brittleness index. Vp, RHOB, NEUT were
determined as the input to the algorithms. Then,
the presented models were applied and RMSE,
MSE and R2 were calculated to evaluate the

results of the models. The comparison of the
results obtained from these two algorithms
shows that both algorithms have obtained good
results for training and test data, and for blind
data, the CNN+LSTM algorithm has the
LSTM+MLP algorithm has a better performance
for predicting the brittleness index, because a
lower error and a higher coefficient of
determination have been obtained than the
LSTM+MLP algorithm. Therefore, it can be said
that deep learning algorithms can be used as an
efficient, simple and cost-effectivemethod to
estimate the brittleness index using conventional
logs.
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Fig. 1. Hydrocarbon field location (Gholipour and Haghi,1990)
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Table 2. parameters related to deep learning algorithms
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Table 3. Bl Prediction errors and accuracy for train data records

Deep Learning models MSE RMSE R?
LSTM+MLP 0.0048 0.0693 0.9999
CNN+LSTM 0.0191 0.1384 0.9998
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Table 4. Bl Prediction errors and accuracy for test data records

Deep Learning models MSE RMSE R?
LSTM+MLP 0.2201 0.4692 0.9971
CNN+LSTM 0.1802 0.4253 0.9976
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Fig. 11. Display of Bl predict using deep learning algorithms for train and test data. (a) Bl prediction for train and
test data using LSTM+MLP algorithm, (b) BI prediction using CNN+LSTM. black log (Bl measured for training
(org_train)), red log (Bl predicted for training data(pred_train)), blue log (Bl measured for test data (org_test)),

green log (BI predicted for test data (pred_test)).
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