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SYSTEMS AND METHODS FOR SOLVING GEOSTEERING INVERSE PROBLEMS
IN DOWNHOLE ENVIRONMENTS USING A DEEP NEURAL NETWORK

CROSS-REFERENCE TO RELATED APPLICATIONS
{0001} This application claims the benefit of and priority to U.S. Provisional Patent
Application Serial No. 62/862,886, filed on June 18, 2019, the entire contents of which is

incorporated by reference herein.

TECHNICAL FIELD

{0002} The present disclosure relates to directional drilling in industrial practice. More
particularly, the present disclosure relates to a system and method for solving geosteering
inverse problems in downhole environments using an algorithm. The algorithm includes a
physics-driven deep neural network implemented by combining a deep neural network with a

predefined forward model function which follows physical rules.

SUMMARY

[0003] Embodiments of the present disclosure are described in detail with reference to
the drawings wherein like reference numerals identify similar or identical elements.
0004] An aspect of the present disclosure provides a method for directional drilling
in downhole environments. The method includes receiving logging data and predicting an
earth model based on the received logging data.

{0005] In an aspect of the present disclosure, the predicting may further include
inputting the logging response data into a neural network and predicting, by the neural

network, parameters of the predicted earth model. The neural network configured to
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predict parameters of a predicted earth model based on the logging response.

{0006] In another aspect of the present disclosure, the neural network may include a
deep neural network.

{0007} In yet another aspect of the present disclosure, the neural network may be
trained. The training the neural network may include receiving a set of earth models and
corresponding logging data as a training dataset, initializing weighting parameters of the
neural network, inputting the logging data into the neural network, inputting the predicted
physical subsurface model into the forward model, generating a synthetic logging
response, and determining a physics-driven loss function.

{0008] In a further aspect of the present disclosure, determining the physics-driven
loss function may include determining a first difference between the synthetic logging
response and the received logging data and determining a second difference between the
predicted earth model and the received earth model.

{0009] In yet a further aspect of the present disclosure, training may further include
backpropagating the physics-driven loss function through the neural network and
updating the weighting parameters of the neural network in a case where the weighted
sum of the first difference and the second difference are larger than a predetermined
threshold.

{0010] In an aspect of the present disclosure, the physics-driven loss function includes
model misfit information and data misfit information.

0011} In another aspect of the present disclosure, receiving logging response data
may further include collected logging response data by a logging tool.

{0012} In yet another aspect of the present disclosure, the logging tool may include at
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least one transmitter/receiver pair.

{0013] In a further aspect of the present disclosure, the at least one
transmitter/receiver pair may be deployed in different directions and frequency bands
from a second transmitter/receiver pair.

{0014} An aspect of the present disclosure provides a method for directional drilling
in downhole environments. The system includes at least one processor and a memory.
The memory includes instructions, which, when executed by the processor, cause the
system to receive logging data and predict an earth model based on the received logging
data.

[{0015] In an aspect of the present disclosure, when predicting, the instructions, when
executed, may further cause the system to input the logging data into a neural network,
the neural network configured to predict parameters of a predicted physical subsurface
earth model based on the logging data and predict, by the neural network, parameters of
the predicted earth model.

{0016} In an aspect of the present disclosure, the neural network may include a deep
neural network.

{0017} In another aspect of the present disclosure, when the neural network is being
trained, the instructions, when executed, may further cause the system to receive a set of
earth models and corresponding logging data as a training dataset, initialize weighting
parameters of the neural network, input the logging data into the neural network, input the
predicted physical subsurface model into the forward model, generate a synthetic logging
response, and determine a physics-driven loss function.

{0018} In yet another aspect of the present disclosure, determining the physics-driven
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loss function may include determining a first difference between the synthetic logging
response and the received logging data and determining a second difference between the
predicted earth model and the received earth model.

[0019] In a further aspect of the present disclosure, training further includes
backpropagating the physics-driven loss function through the neural network and
updating the weighting parameters of the neural network in a case where the weighted
sum of the first difference and the second difference are larger than a predetermined
threshold.

[0620] In yet a further aspect of the present disclosure, the physics-driven loss
function may include model misfit information and data misfit information.

{0021} In yet another aspect of the present disclosure, when receiving logging
response data, the instructions, when executed, may further cause the system to collect
logging response data by a logging tool.

[0622] In a further aspect of the present disclosure, the logging tool may include at
least one transmitter/receiver pair.

{0023} An aspect of the present disclosure provides a non-transitory computer-
readable medium storing instructions which, when executed by a processor, cause the
processor to perform a method including receiving logging data and predicting an earth
model based on the logging data.

{0024} Further details and aspects of exemplary embodiments of the present disclosure

are described in more detail below with reference to the appended figures.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0025] A better understanding of the features and advantages of the disclosed technology
will be obtained by reference to the following detailed description that sets forth illustrative
embodiments, in which the principles of the technology are utilized, and the accompanying
figures of which:

[0626] FIG. 1 illustrates parameters for an exemplary 3-layer geosteering model, in
accordance with the present disclosure;

[0027] FIG. 2 is a diagram of an exemplary system for training a deep neural network
for solving geosteering inversion problems, in accordance with the present disclosure;
[0028] FIG. 3 is a diagram of an exemplary system for training a deep neural network
using both data misfits and model misfits, in accordance with the present disclosure;
[0029] FIG. 4 illustrates an exemplary integrated training loss for an exemplary
training set, in accordance with the present disclosure;

[0630] FIGS. 5A-C illustrate a comparison of an exemplary inversion result, in
accordance with the present disclosure;

[0031] FIGS. 6A-B illustrate an exemplary comparison of observed and synthetic
values of selected curves, in accordance with the present disclosure;

[0832] FIG. 7 is a diagram of an azimuthal resistivity tool, in accordance with the
present disclosure;

[0033] FIG. 8 is a diagram of an exemplary 3-layer model, in accordance with the
present disclosure;

[0634] FIG. 9 is a diagram of the network architecture for the physics-driven deep

neural network, in accordance with the present disclosure;
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[0035] FIGS. 10A-B illustrates a visualization of the training loss, in accordance with
the present disclosure;

[0636] FIGS. 11A-D illustrates an example of predicted earth model m from different
methods, in accordance with the present disclosure;

{0037] FIGS. 12A-C illustrates exemplary predicted measurements d from different
methods for an example, in accordance with the present disclosure;

[0838] FIG. 13 illustrates exemplary numerical testing results of different exemplary
methods, in accordance with the present disclosure;

[0639] FIGS. 14A-B illustrate exemplary misfits during the training phase for an
exemplary 3-layer artificial neural network, in accordance with the present disclosure;
[0040] FIGS. 15A-B illustrates an exemplary predicted earth model sample from two
exemplary artificial neural networks, in accordance with the present disclosure;

[0041] FIG. 16 is a table which illustrates an exemplary numeric evaluation for the
model misfit and data misfit, in accordance with the present disclosure;

[0042] FIG. 17 is a table which illustrates two exemplary geosteering inversion
scenarios, in accordance with the present disclosure;

[0043] FIG. 18 is a table that illustrates exemplary time consumptions for predicting
one sample, in accordance with the present disclosure;

[0044] FIG. 19 is a table that illustrates exemplary memory consumption for
predicting one sample, in accordance with the present disclosure;

[0045] FIG. 20 is a table that illustrates exemplary estimated misfits for predicting

one sample, in accordance with the present disclosure;
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[0046] FIG. 21 is a table that illustrates exemplary estimated misfits for predicting 80
points with an artificial neural network, in accordance with the present disclosure;

[0647] FIG. 22A is a flowchart that illustrates an exemplary method for training a
Physics-Driven Deep Neural Network, in accordance with the present disclosure;

[0048] FIG. 22B is a flowchart that illustrates an exemplary method for directional
drilling in downhole environments using the Physics-Driven Deep Neural Network, in
accordance with the present disclosure; and

{0049} FIG. 23 is a high-level block diagram of an exemplary computing system that
may be used with directional drilling in downhole systems, in accordance with aspects of
the present disclosure.

[6050] Further details and aspects of various embodiments of the present disclosure are

described in more detail below with reference to the appended figures.

DETAILED DESCRIPTION

{0051} This disclosure relates to systems and methods for directional drilling in downhole
environments. More specifically, an aspect of the present disclosure provides a method for
solving geosteering inverse problems in downhole environments using a physics-driven deep
neural network.

{0052} Although the present disclosure will be described in terms of specific
embodiments, it will be readily apparent to those skilled in this art that various modifications,
rearrangements, and substitutions may be made without departing from the spirit of the
present disclosure. The scope of the present disclosure is defined by the claims appended

hereto.
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{0053} For purposes of promoting an understanding of the principles of the present
disclosure, reference will now be made to exemplary embodiments illustrated in the drawings,
and specific language will be used to describe the same. It will nevertheless be understood
that no limitation of the scope of the present disclosure is thereby intended. Any alterations
and further modifications of the inventive features illustrated herein, and any additional
applications of the principles of the present disclosure as illustrated herein, which would
occur to one skilled in the relevant art and having possession of this disclosure, are to be
considered within the scope of the present disclosure.

{0054} Geosteering is the act of adjusting a well trajectory on the fly. A highly
accurate inversion technique may be useful for conducting a successful geosteering
service. The traditional lookup table approach is unable to provide high inversion
accuracy due to the hardware limitation on the size of the table. The disclosed method
includes replacing the lookup table with a deep neural network (DNN). Deep learning is a
class of machine learning algorithms that uses multiple layers to progressively extract higher
level features from the raw input. Typically, a DNN has multiple hidden layers. Compared to
the lookup table, the method provided in the present disclosure is faster and requires
much less memory space. Further, various embodiments include a physics-driven loss
function that includes both model misfit and data misfit information, which significantly
improves inversion performance. Moreover, the inversion accuracy and the training loss
of the DNN can be improved by introducing a data misfit that measures the disagreement
between the observed logging measurement and the output of a forward model. The
network may be trained under the loss function provided in the present disclosure, which

balances the model misfit and the data misfit.
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{0055] With reference to FIG. 1, an exemplary 3-layer geosteering model 100
assuming the drilling tool is in the center layer and unknown parameters for a 3-layer
geosteering model 100 as described in the present disclosure. The unknown parameters
may include resistivities (R1, Rz, R3) 102, 104, 106, distance-to-boundary (Dup, Ddn) 110,
112, and relative dip angle (Dip) 108. For example, supposing that one parameter (Dip)
108 is known, various embodiments include inverting the remaining unknown parameters
(R1, R2, R3, Dyp, and Dan) 102, 104, 106, 110, 112, that characterize the structure of
underground formation from azimuthal resistivity measurements, and provide guidance
to keep the drilling trajectory in the desired bed.

{0056} Given a geosteering forward model y = f{u), where u is the vector of model
parameters (i.e., resistivity, distance to boundary, and relative dip angle), the inverse
relationship can be written as u = f/()), where f ! defines the inverse mapping and ¥ is
the logging tool responses. As most inverse problems are fundamentally undetermined
(ill-posed) when the parameter space is large, measurements are sparse, and local minima
are unavoidable. The problem may be solved by minimizing Q(u) + AR(u), where Q is
the objective function, and R serves the role of a regularizer with regularization constant
A > 0. Under the least-square criterion, the objective function may be written as Iy -
flw)?, which minimizes the data misfit between measurement curves and forward
responses.

{0057} Solving a forward problem includes calculating the synthetic measurements
(d € RM) of a physical model (F) given its earth model parameter set m, i.e., d = F(m),

where F is derived based on Maxwell’s equations. The inverse relationship may be

written as m = F _1(&), where F~1 defines the inverse mapping and d is the observed
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measurements. Hence, solving geosteering inverse problems is aimed at solving F 1. In
a case where no additional information is available, the solution for m is either highly
unstable, or highly undetermined, or both. A regularization method may be employed in
order to obtain a stable solution. A differential method may be used to solve the complex
forward function (F(-)). The gradients of the forward model may be computed by
estimating the Jacobian matrix.

{0058}  With reference to FIG. 2, a diagram of an exemplary system 201 for training a
DNN 204 to solve geosteering inversion problems is shown in accordance with the
present disclosure. In methods, an approach that follows the physics and leverages the
regression power of the DNN 204 may be used. The first component of the system may
be a DNN 204 for predicting physical subsurface earth model parameters 206 based on a
logging response 202, and the second component of the system may be a physics engine
driven by a forward model 208 to recover the logging response given a subsurface model.
During the training stage, the system 201 may sequentially compute the model
parameters based on logging responses and generates corresponding responses 209
through the forward model. The system may adapt to both the neural network and the
differentiable forward model 208, which can be jointly trained.

{0059} In machine learning, a DNN may include a convolutional neural network
(CNN), which is a class of artificial neural network (ANN), most commonly applied to
analyzing data. The convolutional aspect of a CNN relates to applying matrix processing
operations to localized portions of the data, and the results of those operations (which can
involve dozens of different parallel and serial calculations) are sets of many features that

are used to train neural networks. A CNN typically includes convolution layers,
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activation function layers, and pooling (typically max pooling) layers to reduce
dimensionality without losing too many features. Additional information may be included
in the operations that generate these features. Providing unique information that yields
features that give the neural networks information can be used to ultimately provide an
aggregate way to differentiate between different data input to the neural networks.

{06060] With reference to FIG. 3, an exemplary diagram of two neural networks is
shown in accordance with the present disclosure. Unlike the conventional supervised
learning method that only considers the model misfit inaccuracy of the inverted result,
various embodiments include data misfit (logging responses) driven by a physical
forward model (the physics engine). In order to meet the physical constraints of the
model, the present disclosure includes a scaling layer to regularize the outputs of the

network as follows:

(xmax - xmin)
2

(xmax + xmin)

tanh(yx + f) + > ,

Scale(x, Xmin, Xmax) =

where y, f are trainable. The present disclosure denotes xmin and xmax as the lower bound and the
upper bound of the scaled vector x, respectively. To avoid gradient vanishing, generally a more
flexible boundary than the actual one may be used. By adding trainable parameters, y, f, the
gradients back-propagated from the loss function can be re-calibrated so that they match with
those of the boundary positions.

{0061} With reference to FIG. 4, an exemplary comparison of the training loss with
and without a physics engine is shown in accordance with the present disclosure. The
training loss decreases significantly after explicitly incorporating the data misfit driven
by the forward model. The loss function £ may include two parts, Lm and La. These two

loss functions may be measured by mean square errors (MSE). The first part (L) is the

11
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model misfit compared to the ground truth of the geosteering model. Ground truth is a
term used to refer to information provided by direct observation (i.e., empirical evidence) as
opposed to information provided by inference. The second part (La) is the data misfit by
comparing observed logging responses to the output of the forward model. The integrated
loss function is defined: £ = Y2( L + La)). For example, an Adam optimizer with a
learning rate of le-3 to train the network for 80,000 steps may be deployed. An Adam
(adaptive moment estimation) optimizer is an adaptive learning rate method, which means, it
computes individual learning rates for different parameters. Adam optimizers use estimations
of first and second moments of gradient to adapt the learning rate for each weight of the
neural network. For example, the batch size may be set to 64. A 3-layer earth model may
include five parameters to be decided. The exemplary training set may be created by
uniformly sampling 16 values for each parameter, and there are a total of 2.36 x 10°.
{0062} With reference to FIGS. 5A-C, a geosteering model, and its inversion results
are shown in accordance with the present disclosure. With reference to FIGS. 6A and B,
data fit on selected logging response curves is shown in accordance with the present
disclosure. In all cases, the method provided in the present disclosure achieved more
accurate inversion results by leveraging the physics-driven DNN.

{0063} With reference to FIG. 7, a diagram of an azimuthal resistivity tool is shown in
accordance with the present disclosure. An azimuthal resistivity logging tool 700 may be
used to collect observed measurements. The logging tool 700 may be equipped with both
transmitting antennas and receiving antennas. Both the transmitting antennas and the
receiving antennas may be deployed in different directions and frequency bands. T 1,

T_2, T_3, and T_4 are z-direction transmitting antennas, T_S and T_6 are x-direction

12
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transmitting antennas. R_1 and R_2 are z-direction receiving antennas, and R_3 and R_4
are x-direction receiving antennas. In each specific position, the collected results from the
logging tool may be referred to as a group of observed measurements, or curves (d € RV,
where N is the number of curves). In the process of geosteering using logging-while-
drilling (LWD) azimuthal resistivity measurements, experiments, and observations may
include physical theories, which in turn may be used to predict the outcome of
experiments.

[0064] With reference to FIG. 8, an illustration of an exemplary 3-layer model is
shown, in accordance with the present disclosure. For example, the underground
formation may be viewed as a 3-layer model, and five parameters may be used to
describe the underground formation. Apart from three resistivities, (R1, R2, and R3) the
boundaries between two adjacent layers (for example, if the tool is in the middle layer,
there would be an upper boundary Dyp and a lower boundary Dan), and the relative dip
angle of the logging tool, may also be used. Each group of the six parameters may be
referred to as an “earth model” (m € RY).

[0065] With reference to FIG. 9, a diagram of the network architecture for the
disclosed physics-driven deep neural network (PhyDNN) 900 is shown. The PhyDNN
900 may be used for solving geosteering inversion. A differentiable forward model may
be used to regulate the backpropagation process. The PhyDNN 900 generally uses
observed measurements 902 (e.g., a logging response), as an input to DNN 204. The
DNN 204 predicts parameters of a predicted physical subsurface earth model 206. The
parameters of the predicted physical subsurface earth model 206 are used by a forward

model 208 to calculate synthetic measurements 914 (e.g., d € RY) of the predicted

13
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physical subsurface earth model 206. A physics-driven loss function 918 £ includes both
the model misfit 910 L and data misfit 916 La information. These two loss functions
may include mean square errors (MSE). The first part (Lm) is the model misfit 910 by
comparing the predicted physical subsurface earth model 206 to the ground truth (e.g., a
real earth model 908). The second part (La1) is the data misfit 916 by comparing observed
measurements 902 (e.g., observed logging responses) to the output of the forward model
208 (e.g., the synthetic measurements 914).

[06066] With reference to FIGS. 10A-B, visualization of the training loss is shown, in
accordance with the present disclosure. The training metrics for both model misfit and
data misfit are visualized in the FIG 10A and FIG. 10B, respectively. FIG 10A shows
that model misfit is not influenced by whether or a physical forward model may be used
during the backpropagation. FIG. 10B shows that data misfit may be significantly
reduced by using a physical forward model during the backpropagation. Comparing
PhyDNN to the data-driven only network, data misfit may be significantly reduced by
incorporating a physical model to drive the backpropagation during the training.

{0067] With reference to FIGS. 11A-D, diagrams that illustrate an example of
predicted earth model m from different methods is shown in accordance with the present
disclosure. The x-axis represents the distance along the horizontal direction. The z-axis is
along the vertical direction, the green line represents the trajectory of the wellbore, and
the different resistivities from different layers in the three-layer model are illustrated by
different colors.

{0068} With reference to FIGS. 12A-C, diagrams that illustrate predicted

measurements d from different exemplary methods are shown, in accordance with the

14
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present disclosure. The prediction d is compared with the ground truth d. The x-axis
represents the distance along the horizontal direction. Since d, d € RY, five representative
measurements are chosen to draw fives curves. The number of the measurement is
notated near the y-axis, which represents the signal value.

{0069] The training phase of the PhyDNN may be formulated as follows,

arg min E ) [£mi(m, d, ©)],
Lmi(m, d,0) = ||De(d) —mll3,

where (m, d) is a sample that is randomly selected from the training set, Dg represents a DNN
with tunable parameters 0. Hence, Dg(d) is the prediction for an earth model, and £, is the
model misfit. Training the PhyDNN may include learning the network parameters © to minimize
the error between the predictions and true earth models. After the network gets well-trained,
given a group of measurements d, the prediction could be given by M = Dg(d), i.e. Dg serves
as F~1. F~1 is implicitly learned from the statistical features of the dataset, since the train set
follows the distribution such that m ~ F(d).

{0070} A physical forward model may be introduced as a constraint into the network

explicitly. The training phase of the PhyDNN may be formulated by

arg mén Emnay[aLlm(m, d,0) + BLy (d, 0)],
2
La(d,©) = ||F(De(d)) —d||-
To optimize the loss function defined in the above equation, calculation of the gradient of the

aF

data misfit Ly is required. A Jacobian matrix for F (), may be denoted as J(d) := O ()
m=»Dg

The derivative of Ly can be written as

15
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.
Va® =—2(d - T(D@(d)))](d)£ .

This equation shows that the gradient of a differential physical model F will affect the back-

propagation of the network during the training to minimize both model misfit.

{00671} The predefined forward model function F(-) may be used to generate a lookup
table as the training set, where each sample (m, d) is called a “point.” m is the model

parameter and m:=(Ry, Ry Rs,Dyp,Dan), where Ry,Ry Rs € (1071,102)[Q-m],

up’
Dyp € (—25.0,0)[ft] and Dy, € (0,25.0)[ft]. Dip is fixed at 90 degree in this case. Such
a configuration ensures that Dy, < Dgyp, which indicates that the logging tool is kept in
the middle layer and the two boundaries are restricted in the sensing range of the logging
tool. For each resistivity, for example, the present disclosure provides dividing the
logarithmic range into 16 intervals. For each boundary, for example, the present
disclosure provides dividing the depth range into 24 intervals. For example, 163 X 242,
i.e., 2.3,6 X 10° points may be used in the training set. In practice, if the points are stored
in the ascending order of m, it will be unnecessary to store m in the table. For example,
each d, if it has 92 values and each value takes 8 bytes, the total size of the lookup table
is approximately 1.61 GB.

{0072 For example, there may be, for example, 100 samples in the testing set, and
each sample may have 80 points, ie., 80 pairs of(m,d). The 80 points in the same
sample may share the same resistivities, while the boundaries may change continuously.
It is contemplated that, all parameters of m may be generated randomly.

{0073} The network may be trained and tested to demonstrate its effectiveness in

solving geosteering inverse problems. For example, the network may be deployed on
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Python® 3.5+ and TensorFlow® r1.4+. For example, the forward model function may be
implemented in C++ with a Python® -C-API wrapper. OpenMP® may be used to enable
parallel computing for the forward model to accelerate the CPU computation. During the
training and testing phases, the program, except the implementation of the forward model
function, may be run on both a CPU and a GPU. The Jacobian matrix of the forward
model may be estimated in a routine function implemented in C++ with a Python® -C-
API wrapper. Further, the Jacobian matrix of the forward model may subsequently be
registered to the TensorFlow® via tf.py_func. Further, a tensor may then be defined and
it may serve as a part of the network architecture.

[0074] For example, the training may be performed on an NVIDIA ® DGX
workstation, equipped with GPUs. Further, parallel computing may be used for the
forward model function, in which case all CPUs may be utilized. One or more GPUs may
be used to train the DNN. It is contemplated that other computer systems may be used to
train the above-mentioned methods, and the present disclosure should not be construed to
be limited to the above-mentioned computer system.

{0075] For example, during each step of the training, 64 pairs of (m,d) may be
randomly selected from the training as a batch during the batch-wise optimization. For
example, the network may be trained for a total of 80K steps. The training process for the
network may be divided into two phases. For example, in the first phase, for the first
0~20K steps, the DNN may be pre-trained solely by Ly}, and in the second phase, during
the 20K~80K steps, the DNN may be trained by both L,; and Ly, i.e., the gradient from
data misfit would be back-propagated to DNN. In addition, as an exemplary comparison,

a data-driven DNN may be trained. The data-driven DNN may be trained, for example,
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with only the model misfit loss function L, for 80K steps. Except for the absence of the
physical forward model, all configurations of this data-driven DNN (including the
network configurations) may be the same with the PhyDNN.

[06076] With reference to FIG. 13, a diagram that compares three methods is shown in
accordance with the present disclosure. The three methods compared in FIG. 13 include:
(1) lookup table (2) data-driven network (3) PhyDNN. Each method was tested on 100
earth models. Among these three exemplary methods, the lookup table has the highest
model and data misfits on average. The prediction from the data-driven network returns
small model misfit but high data misfit. The PhyDNN has the lowest overall misfit.
Further, as an example, each test result was evaluated by average model misfit and data
misfit among 80 observations in the same sample. The x-axis represents the average
model misfit and the y-axis represents the average data misfit. Each point represents the
estimation for a sample with 80 observations. A comparison between the predicted
measurements and the observed ones for the same sample are shown. The results show
that the predicted earth model is very inaccurate using the lookup table method even if
there is a good match for the measurements. Further, the data-driven network may predict
the boundary positions well. The PhyDNN obtained the most accurate earth model with
low measurement misfit.

{6077} With reference to FIGS. 14A-B, exemplary misfits during the training phase
for an exemplary 3-layer artificial neural network (ANN) are shown in accordance with
the present disclosure. The misfits are measured by mean squared error (MSE).

{0078} Referring to FIGS. 15A-B, the predicted earth model sample from two

exemplary ANNs, which have the same network structure, is shown in accordance with
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the present disclosure. This sample containing 80 points is the same sample shown in
FIG. 11.

[6679] With reference to FIG. 16, a table that illustrates the mean squared error
(MSE) numeric evaluation results for the model misfit and data misfit is shown in
accordance with the present disclosure. The proposed model in the present disclosure was
tested on a set of randomly generated earth models. Numerical evaluation results show
that both data fit and model fit were reduced by using the physics-driven approach.

{0080} Referring to FIG. 17, a table which illustrates the advantages and
disadvantages of two geosteering inversion methods is shown in accordance with the
present disclosure. There are two possible scenarios of calling geosteering inversion: one
is performed on the surface and the other is conducted downhole. For geosteering
inversion on the surface, the logging tool sends collected data back to the ground, and the
data can be analyzed by computers on site or on the cloud. The bottleneck of this method
is the law data transmission rate. As a result, not all the collected data can be transmitted
back in time. Thus, the inversion could only be applied on incomplete data. In downhole
computing scenarios, the logging tool which is equipped with the microprocessors could
process data directly. However, due to the extreme underground environment, the
computational resources deployed downhole are very limited. The lack of data for
geosteering data processing on the surface would cause the inverse problem to become
more undetermined. Since it may be difficult to overcome the problem brought by
inadequate data, various embodiments include a method with low computational costs for

directly solving the inverse problem in downhole environments using a PhyDNN.
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{0081} With reference to FIGS. 18 and 19, the time consumptions and the memory
consumptions of different exemplary methods are shown, respectively. The
computational efficiency of different methods including the lookup table, PhyDNN, and
an iterative algorithm (LMA) are estimated, in which both the time consumption and
memory consumption are taken into consideration. Referring again to FIG. 18, a table
that illustrates exemplary time consumption for predicting one sample consisting of 80
points is shown. 10K and 2M indicate different lookup table size. Referring again to FIG.
19, a table that illustrates exemplary memory consumption for predicting one sample of
80 points is shown. In this table, only memory space used to save the parameters for the
prediction model are considered.

[06682] With reference to FIG. 20, a table that illustrates the average inversion
accuracy for different methods is shown in accordance with the present disclosure. In this
table, estimated misfits for predicting one exemplary sample of 80 points is shown. In
this table, both the data and model misfits are considered. The results indicate that the
overall inversion accuracy of the PhyDNN is comparable to LMA. The computing speed,
however, is approximately 500 times faster. The PhyDNN result may be used as the
initial guess for the deterministic method, which will help the system converge much
faster.

[6683] With reference to FIG. 21, a table that illustrates estimated misfits for
predicting 80 points with an Artificial Neural Network is shown in accordance with the
present disclosure. In this table, both the data misfit and model misfit are considered.
{0084 With reference to FIG. 22A, a flowchart that illustrates an exemplary method

for training a Physics-Driven Deep Neural Network for directional drilling in downhole
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environments using, is shown in accordance with the present disclosure. Initially, at step
2206, the method collects a set of physical subsurface models (e.g., earth models) and
corresponding logging response data as a training dataset.

{0085] At step 2208, the method initializes the weighting parameters of the neural
network. The neural network may include pretrained weight parameters.

{06086] At step 2210, the method inputs the logging response data into a neural
network. The neural network predicts a physical subsurface model based on the logging
response data. The physics-driven deep neural network (PhyDNN) may capture the
physics for solving geosteering inversion problems. For example, a DNN may be used.
[0087] At step 2212, the method inputs the predicted physical subsurface model into
the forward model and generates a synthetic logging response.

{0088} At step 2214, the method calculates the difference between the synthetic
logging responses and the collected logging response data and further calculates the
difference between the predicted subsurface model and the collected physical subsurface
model.

{0089} At step 2216, if the differences are larger than a predetermined threshold, the
method backpropagates the difference through the neural network and updates the
weighting parameters of the neural network. If the differences are not larger than a
predetermined threshold, end the training.

{0090} In various embodiments, the system may adapt to both the neural network and

the differentiable forward model, which can be jointly trained.
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{6091} With reference to FIG. 22B, a flowchart that illustrates an exemplary method
for directional drilling in downhole environments using a Physics-Driven Deep Neural
Network, is shown in accordance with the present disclosure.

{0092} Initially, at step 2202, the method receives logging response data based on a
physical logging response. Logging response data may be collected by a logging tool, for
example, by an azimuthal response tool. The logging tool may be equipped with both
transmitting antennas and receiving antennas. Both the two kinds of antennas may be
deployed in different directions and frequency bands.

{0093} Next, at step 2204, the method inputs the logging response data into a neural
network. The neural network predicts a physical subsurface model (e.g., an earth model)
based on the logging response data. The physics-driven deep neural network (PhyDNN)
may capture the physics for solving geosteering inversion problems. For example, a DNN
may be used.

{06094 Referring now to FIG. 23, high-level block diagram of an exemplary computing
system 200 that may be used with directional drilling in downhole systems of the present
disclosure. The computing system 200 may include a processor or controller 220 that may
be or include, for example, one or more central processing unit processor(s) (CPU), one
or more Graphics Processing Unit(s) (GPU or GPGPU), a chip or any suitable computing
or computational device, an operating system, a memory 230, a storage 210, input
devices and output devices. Modules or equipment for collecting or receiving or
transmitting logging data collected by the logging device 212 (FIG. 2) may be or include,
or may be executed by, the computing system 200 shown in FIG. 3. A communication

component 240 of the computing system 200 may allow communications with remote or
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external devices, e.g., via the Internet or another network, via radio, or via a suitable
network protocol such as File Transfer Protocol (FTP), etc. The neural networks of the
disclosed method may be trained on the computing system or on a remote computing
system (e.g., a remote server).

{0095] A database can be located in the storage 210. The term “storage” may refer to any
device or material from which information may be capable of being accessed, reproduced,
and/or held in an electromagnetic or optical form for access by a computer processor. A
storage may be, for example, volatile memory such as RAM, non-volatile memory, which
permanently hold digital data until purposely erased, such as flash memory, magnetic devices
such as hard disk drives, and optical media such as a CD, DVD, Blu-ray disc, or the like.
{0096] Certain embodiments of the present disclosure may include some, all, or none
of the above advantages and/or one or more other advantages readily apparent to those
skilled in the art from the drawings, descriptions, and claims included herein. Moreover,
while specific advantages have been enumerated above, the various embodiments of the
present disclosure may include all, some, or none of the enumerated advantages and/or
other advantages not specifically enumerated above.

{6097} The embodiments disclosed herein are examples of the disclosure and may be
embodied in various forms. For instance, although certain embodiments herein are described
as separate embodiments, each of the embodiments herein may be combined with one or more
of the other embodiments herein. Specific structural and functional details disclosed herein
are not to be interpreted as limiting, but as a basis for the claims and as a representative basis

for teaching one skilled in the art to variously employ the present disclosure in virtually any
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appropriately detailed structure. Like reference numerals may refer to similar or identical
elements throughout the description of the figures.

[6G98] The phrases “in an embodiment,” “in embodiments,” “in various embodiments,”
“in some embodiments,” or “in other embodiments” may each refer to one or more of the
same or different embodiments in accordance with the present disclosure. A phrase in the
form “A or B” means “(A), (B), or (A and B).” A phrase in the form “at least one of A, B, or
C” means “(A); (B); (C); (A and B); (A and C); (B and C); or (A, B, and C).”

{0099} Any of the herein described methods, programs, algorithms, or codes may be
converted to, or expressed in, a programming language or computer program. The terms
“programming language” and “computer program,” as used herein, each include any language
used to specify instructions to a computer, and include (but is not limited to) the following
languages and their derivatives: Assembler, Basic, Batch files, BCPL, C, C+, C++, Delphi,
Fortran, Java, JavaScript, machine code, operating system command languages, Pascal, Perl,
PL1, scripting languages, Visual Basic, metalanguages which themselves specify programs,
and all first, second, third, fourth, fifth, or further generation computer languages. Also
included are database and other data schemas, and any other meta-languages. No distinction is
made between languages which are interpreted, compiled, or use both compiled and
interpreted approaches. No distinction is made between compiled and source versions of a
program. Thus, reference to a program, where the programming language could exist in more
than one state (such as source, compiled, object, or linked) is a reference to any and all such
states. Reference to a program may encompass the actual instructions and/or the intent of

those instructions.
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{0100} It should be understood that the foregoing description is only illustrative of the
present disclosure. Various alternatives and modifications can be devised by those skilled in
the art without departing from the disclosure. Accordingly, the present disclosure is intended
to embrace all such alternatives, modifications and variances. The embodiments described
with reference to the attached drawing figures are presented only to demonstrate certain
examples of the disclosure. Other elements, steps, methods, and techniques that are
insubstantially different from those described above and/or in the appended claims are also

intended to be within the scope of the disclosure.
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CLAIMS

WHAT IS CLAIMED IS:

1. A method for directional drilling in downhole environments, the method comprising:
receiving logging data; and

predicting an earth model based on the received logging data.

2. The method of claim 1, wherein the predicting further includes:
inputting the logging data into a neural network, the neural network configured to predict
parameters of a predicted physical subsurface earth model based on the logging data; and

predicting, by the neural network, parameters of the predicted earth model.

3. The method of claim 2, wherein the neural network includes a deep neural network.

4. The method of claim 2, wherein the neural network is trained, and
wherein the training the neural network includes:
receiving a set of earth models and corresponding logging data as a training
dataset;
initializing weighting parameters of the neural network;
inputting the logging data into the neural network;
inputting the predicted physical subsurface model into a forward model;
generating a synthetic logging response; and

determining a physics-driven loss function.
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5. The method of claim 4, wherein determining the physics-driven loss function comprises:
determining a first difference between the predicted logging response and the
received logging data; and
determining a second difference between the predicted earth model and the

received earth model.

6. The method of claim 5, wherein training further comprises:

backpropagating the physics-driven loss function through the neural network and

updating the weighting parameters of the neural network in a case where a weighted sum of the

first difference and the second difference are larger than a predetermined threshold.

7. The method of claim 6, wherein the physics-driven loss function includes model misfit

information and data misfit information.

8. The method of claim 1, wherein receiving logging response data further comprises collected

logging response data by a logging tool.

9. The method of claim 8, wherein the logging tool includes at least one transmitter/receiver pair.

10. The method of claim 9, wherein the at least one transmitter/receiver pair is deployed in a different

direction and a different frequency band from a second transmitter/receiver pair.

11. A system for directional drilling in downhole environments, the system comprises:
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at least one processor; and
a memory, including instructions, which when executed by the processor, cause the
system to:
receive logging data; and

predict an earth model based on the received logging data.

12. The system of claim 11, wherein when predicting, the instructions, when executed, further
cause the system to:

input the logging data into a neural network, the neural network configured to predict
parameters of a predicted physical subsurface earth model based on the logging data; and

predict, by the neural network, parameters of the predicted earth model.

13. The system of claim 12, wherein the neural network includes a deep neural network.

14. The system of claim 12, wherein when the neural network is being trained, the instructions,
when executed, further cause the system to:
receive a set of earth models and corresponding logging data as a training dataset;
initialize weighting parameters of the neural network;
input the logging data into the neural network;
input the predicted physical subsurface model into a forward model;
generate a synthetic logging response; and

determine a physics-driven loss function.
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15. The system of claim 14, wherein determining the physics-driven loss function comprises:
determining a first difference between the synthetic logging response and the
received logging data; and
determining a second difference between the predicted earth model and the

received earth model.

16. The system of claim 15, wherein training further comprises:
backpropagating the physics-driven loss function through the neural network and
updating the weighting parameters of the neural network in a case where a weighted sum of the

first difference and the second difference are larger than a predetermined threshold.

17. The system of claim 16, wherein the physics-driven loss function includes model misfit

information and data misfit information.

18. The system of claim 11, wherein when receiving logging response data, the instructions,

when executed, further cause the system to:

collect logging response data by a logging tool.

19. The system of claim 18, wherein the logging tool includes at least one transmitter/receiver pair.

20. A non-transitory computer-readable medium storing instructions which, when executed by a

processor, cause the processor to perform a method comprising:

receiving logging data; and
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predicting an earth model based on the logging data.
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Table 1: The Numeric Evaluation (MSE) for the Model Misfit and Data Misfit

Method Model Misfit (Lml) Model Misfit ( Ldl)
DNN (with physics engine) 2.836e-2 1.427e-2
DNN (without physics engine) 6.970e-2 0.2298

FIG. 16
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Lookup Table | Lookup Table LMA
PhyDNN (10K) (2M) Optimization
0.297s 1.8055 68.734s 169.754s
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Lookup Table | Lookup Table LMA
PhyDNN (10K) (2M) Optimization
34.8MB 70.1MB 1.61GB <1K
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Lookup Table | Lookup Table LMA

PhyDNN (10K) (2M) Optimization
Lot | 00392 1.0686 1.4300 0.0517
Lq | 00130 0.0439 0.0269 0.0013
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