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Abstract. This work is devoted to an assessment of the application of machine learning
algorithms in the prediction of a fracture's aspect ratio caused by the hydraulic fracturing. By
the aspect ratio in this work is assumed the ratio of the larger half-axis of the fracture to the
smaller one. The study shows the prospects of applying data-driven surrogate model methods
(deep neural networks learning from data simulated by means of traditional solvers) to
particle dynamics modelling of hydraulic fracturing. The solution obtained allows to predict
the aspect ratio value quickly, and thus, to evaluate the volume of the hydraulic fracturing
fluid injection necessary to achieve the required fracture length.
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1. Introduction
Nowadays, hydraulic fracturing has become the main method to increase oil production from
conventional and unconventional fields. Hydraulic fracturing is a stimulation technique in
which a high-permeable fracture is created in a productive layer by a pressurized liquid [1].
Hydraulic fracturing planning, support, and optimization are implemented using the
special software (e.g. MFrac, FracPro, FracCADE, Mangrove). These tools use basic analytic
solutions in hydraulic fracturing theory [2], and some of the contemporary numerical
modelling techniques (Pseudo3D [3], Planar3D [3], and Full3D [4]). Such modelling includes
the solution of partial differential equations with corresponding initial and boundary
conditions [5]. The amount of the equations can be of high order (106–109), making such tasks
computationally expensive.
The alternatives to resource-intensive numerical modelling are meta-modelling,
surrogate modelling [6] or model order reduction approach [7]. These approaches allow to
simulate physical systems with lower resource costs while maintaining acceptable accuracy.
The modern rapid development of deep learning methods [8] makes it possible to use results
obtained by traditional numerical solvers as surrogates [9] to accelerate computationally
expensive calculations.
Deep learning technology is a subtype of machine learning most often implemented by
artificial neural networks. Deep learning allows to find implicit dependencies and predict the
desired values of the target function by processing huge data sets (big data). In particular, this
approach becomes a common instrument in problems of the petroleum industry [10,11,12].
To gain high predictive ability, deep learning instruments require large training sample
size. Therefore, the amount of data available in natural experiments may not be sufficient. In
such cases, the necessary amount of training data can be obtained by modelling: e.g., by
http://dx.doi.org/10.18720/MPM.4232019_10
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carrying out a number of numerical experiments. The models constructed on the basis of this
approach are called data-driven surrogate models [13,14]. In recent years, this approach has
shown great success, for instance, in the tasks of accelerating resource-intensive simulations
in computational fluid dynamics [13], electric potential distribution [14], heat transfer [15],
etc. In these works, deep neural networks are trained on data simulated with traditional
solvers.
In this paper, the analogous approach is used to accelerate the hydraulic fracturing
simulation process and to calculate the geometric parameter of the resulted fracture: the aspect
ratio value describing the proportional relationship between the larger half-axis of the fracture
and the smaller one. The training database is generated using the numerical simulation by
means of the particle dynamics method.
2. The steady-state hydraulic fracture modelling
The steady-state hydraulic fracture model is formulated as follows: the fracture is considered
to be located in a linearly elastic material; the material consists of three parallel layers lying in
the 𝑋𝑋𝑋𝑋 plane (Fig. 1); the productive layer is located between the semi-infinite side layers.
Parameters of the model are: 𝜎𝜎𝑖𝑖 is the reservoir stress of the 𝑖𝑖 𝑡𝑡ℎ layer; 𝐾𝐾𝑖𝑖 is the critical stress
𝐸𝐸
intensity factor of the 𝑖𝑖 𝑡𝑡ℎ layer; 𝐸𝐸′𝑖𝑖 is the elastic modulus of the 𝑖𝑖 𝑡𝑡ℎ layer multiplied by 1−𝜈𝜈𝑖𝑖 2 ,
𝑖𝑖

where 𝐸𝐸𝑖𝑖 is a Young's modulus and 𝜈𝜈𝑖𝑖 is a Poisson's ratio of the 𝑖𝑖 𝑡𝑡ℎ layer; 𝐿𝐿 is the half
thickness of the productive layer; 𝑉𝑉 is the volume of the injected hydraulic fracturing fluid.
The challenge is to determine the geometric parameters of the resulting fracture loaded
with uniform pressure.

Fig. 1. The structure of the fracture between layers with different stress values
One of the ways to determine the geometric parameters of the resulting fracture in the
material is to simulate its growth by the particle dynamics method [16,17].
The particle dynamics method is based on the representation of a material by a set of
interacting particles (material points or solid bodies), for which classical dynamic equations
are written. The interaction of particles is described by means of the interaction potentials, the
main property of which is a short-range repulsion and long-range attraction mechanisms.
Before the start of the simulation, the initial distribution of particles in space (i.e. the initial
structure of the material) and the initial distribution of particle velocities are specified. This
method allows to solve the problem in a three-dimensional formulation and to set various
reservoir stresses and physical properties of layers.
One of the benefits of this approach compared to other methods, such as the boundary
elements method [18] or the extended finite elements method [19], is that the particle
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dynamics method eliminates the necessity of the explicit analytical description of objects'
boundaries and geometry [20].

Fig. 2. Examples of the steady-state hydraulic fracture model in the fractured layer obtained
by particle dynamics method. Black dots denote side layers. Grey dots denote the productive
layer. White dots denote the fracture zone: a) the initial fracture; b) the fracture growing
process
The reservoir initial configuration is a rectangular parallelepiped. The initial geometry
of the fracture is a cylinder. The particle dynamics simulation continues until the least
distance between particles denoting the fracture zone and particles denoting the border zone
becomes less than 10% of the model size. The aspect ratio value in the paper is evaluated as
the ratio of the greatest distance by the axis Y between particles denoting the fracture zone to
the corresponding distance by the axis 𝑋𝑋 (Fig. 2).
The using particle dynamics method implemented with C++ is fully described in [16].
However, such simulation is computationally expensive. To speed-up the calculation process
the approximation models are commonly used, which can describe the processes occurring in
the medium under consideration. The basic idea of approximation models is to construct the
approximation function on the basis of previously performed calculations. As a result of the
construction, numerical simulation is reduced to the calculation of this function value.
There are many ways to construct an approximation function. In particular, in modern
practice major advances have been achieved in the development of machine learning methods
which allow to construct approximation functions of almost any complexity.
3. The machine learning approach
Machine learning is the scientific study of algorithms and statistical models trained on large
datasets. It is made instead of specifying their parameters explicitly [21].
The prediction of a hydraulic fracture aspect ratio belongs to the regression problem of
the class of so-called «supervised machine learning» tasks. In the regression problem the goal
is to predict a certain target variable for a given set of characteristics of the observed object.
Thus, each sample in a training dataset (the part of the dataset that is used to train the
algorithm) consists of input parameters and a target value.
At the first step, the structure of the training sample is formed thusly: preprocessed data
contains feature vectors 𝑥𝑥 of input parameters used in the particle dynamics method to obtain
the model of the fracture (item 2). These parameters (features) are transformed to
dimensionless in the following way [22]:
𝐸𝐸′ 𝐾𝐾
𝐾𝐾1 𝐸𝐸′1 𝑉𝑉
𝑥𝑥 = �𝐸𝐸′2 𝐾𝐾2 𝛥𝛥𝛥𝛥√𝐿𝐿
�.
(1)
𝛥𝛥𝛥𝛥𝐿𝐿3
1

1

Each element from 𝑥𝑥 is mapped to the certain aspect ratio value from the corresponding
vector 𝑦𝑦: 𝑦𝑦 = [𝐴𝐴𝐴𝐴], where [𝐴𝐴𝐴𝐴] means the vector of aspect ratio values, 𝛥𝛥𝛥𝛥 is the stress
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difference between the productive and the side layers and the other values are defined in
item 2, 𝐸𝐸′1 and 𝐾𝐾1 are related to the productive layer, whereas 𝐸𝐸′2 and 𝐾𝐾2 are related to the
side layers, AR is the aspect ratio value of the fracture.
The objective is to find such function 𝑓𝑓(𝑥𝑥) that would approximate the dataset with as high
accuracy as possible: 𝑓𝑓(𝑥𝑥) = 𝑦𝑦.
The chosen machine learning method to approximate this function is a deep fully
connected neural network. So, in this case, the neural network represents the function 𝑓𝑓(𝑥𝑥),
and the final objective is to find the right architecture. It is implemented using Python's
framework Keras [23]: a high-level open source API capable of running on top of TensorFlow
library.
The process of a neural network training is an iterative reduction of the loss (error)
function value by adjusting the weights of the neural network using the gradient descent
method. Each iteration is called "the epoch". One epoch consists of one complete training
cycle on the training dataset which includes several training iterations on smaller sub-datasets
(batches). The loss function on each epoch produces one value describing the difference
between the predicted values for each feature vector 𝑥𝑥 and the corresponding values of 𝑦𝑦. The
ability of the neural network to predict correctly new examples that differ from those used for
training is also evaluated on each epoch. It is evaluated the same way by using the test dataset
instead of the training dataset.
The dataset used is generated by varying the feature values of 𝑥𝑥 in ranges shown
in Table 1. Values of features are varied under the assumption of the fact that the fracture
volume increases for every configuration of listed parameters because of the permanent fluid
injection. Thus, the calculation of the aspect ratio value is performed by the particle dynamics
method for each feature set (it. 2). The process of the fracture growing is modeled several
times (for instance, four times) for the same feature values, because the initial distribution of
particles is set stochastically. Therefore, there are four different aspect ratio values for each
input feature vector.
Table 1. The range of feature values variation
𝐸𝐸′2
Feature
𝐸𝐸′1
Minimum value
0.2
Maximum value
5

𝐾𝐾2
𝐾𝐾1
0.2
5

𝐾𝐾1

𝛥𝛥𝛥𝛥√𝐿𝐿
0.01
1

𝐸𝐸′1 𝑉𝑉
𝛥𝛥𝛥𝛥𝐿𝐿3
0
20

Hence, the input (training set) is the matrix of the dimension 𝑁𝑁 × 𝑀𝑀, where 𝑁𝑁 is the
number of elements in training dataset and 𝑀𝑀 is the dimension of the feature vector 𝑥𝑥. The
used dataset is split into 630000 samples for the training set and 157000 for the test set
(approximately 80% to 20% of the whole dataset).
The values of the resulting input (training matrix) are linearly scaled from 0 to 1 for a
fair comparison between them. Also, it is a well-known fact that feature scaling can improve
the convergence speed of the gradient descent algorithm used while adjusting the weights of
the neural network [24]. The most widely used measure of forecast accuracy is "Mean
Absolute Percentage Error" (MAPE) [25]. It is used in the paper as the loss function.
4. Architecture setting
Any neural network in addition to the weights adjusted during the training process is also
characterized by a set of hyperparameters defining the neural network architecture. The
quality of results produced by an artificial neural network depends significantly on the proper
hyperparameters configuration. The selection of the model hyperparameters in this work is
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implemented using the random search algorithm: different neural network architectures are
generated by selecting the hyperparameters' values randomly.
The number of hidden layers of the neural network is varied and some hyperparameters
are varied within each hidden layer: the number of neurons (32, 64, 128, and 256); the
neurons' activation function ("relu", "tanh", "linear", "sigmoid"); the dropout value (0, 0.1,
0.2, 0.3); the size of batch sub-datasets: 8, 16, 32.
Neural
networks
generated
with
different
hyperparameters
values
(different architectures) are then evaluated via the cross-validation method [26], and the best
architecture is chosen. Cross validation is used to eliminate the effect of the dataset splitting
into the training and test set when evaluating the quality of the choice of the neural network
hyperparameters.
For each set of hyperparameters the new configuration of the neural network is
constructed, trained and cross-validated on the equal number of epochs. The final
configuration of the neural network that demonstrated the most optimal result is shown in
Fig. 3.

Fig. 3. The configuration of the neural network
5. Results
As anticipated, the loss values of the neural network used decline with the epoch number
increasing for both the train and test sets. The training process is stopped after the 300th
epoch: the chosen loss value (MAPE) on the number of epochs for test dataset fluctuates
around a constant value. Figure 4 demonstrates that the MAPE value does not exceed 5% on a
significant part of the test set (more than 80% of 157000 test samples). Figure 5 shows the
example of the comparison between the fracture's aspect ratio values calculated by means of
the particle dynamics method and neural network results. These results are obtained by
assuming that parameters

𝐸𝐸′2 𝐾𝐾2 𝐾𝐾1
, ,
𝐸𝐸′1 𝐾𝐾1 𝛥𝛥𝛥𝛥√𝐿𝐿

𝐸𝐸1′ 𝑉𝑉
𝛥𝛥𝛥𝛥𝐿𝐿3

are constant. For this reason, we can see how the

dimensionless parameter
affects the changes in fracture growth.
A scatter of aspect ratio values is caused by the fact that the initial distribution of the
fracture particles was set stochastically. Therefore, fracture distribution process is modelled
four times for the same feature vector.
These examples show that the fracture's aspect ratio values calculated with the neural
network accurately approximate fracture's aspect ratio values calculated with particle
dynamics method.
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Fig. 4. The neural network's MAPE distribution on the test data

Fig. 5. The example of the results comparison for:
𝐸𝐸′2
𝐸𝐸′1

=2.8; 𝐾𝐾𝐾𝐾2 = 0.2;
1

𝐾𝐾1

𝛥𝛥𝛥𝛥 √𝐿𝐿

= 1.2875

6. Conclusion
As a result of this work, the practical scientific and technical significance of the proposed
approach is proved. The data-driven surrogate modeling approach is successfully applied to
the task of evaluating the steady-state hydraulic fracture shape. The most optimal architecture
and the hyperparameters of the deep neural network are found by means of the random search
algorithm. The artificial neural network is trained and validated using the dataset generated by
the particle dynamics. During the surrogate modeling process, the neural network's
hyperparameters are varied for each hidden layer and the most optimal ones are used.
Thus, the calculation time is decreased from 1.5 hrs. to 0.05 sec. At the same time, the
accuracy is maintained on a high level since the MAPE value does not exceed 5%. The
number of examples with larger error values decreases significantly with the percentage error
increasing. The result obtained demonstrates the promising perspectives of machine learning
application in the area of such problems as physical quantities prediction on the basis of
numerically obtained data. Unlike the existing numerical simulation methods to solve the
task, the application of machine learning algorithms does not involve significant time and
computational costs and can be considered as the most optimal.
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