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METHOD FOR FAST CALCULATION OF SEISMIC ATTRIBUTES USING
ARTIFICIAL INTELLIGENCE

CROSS-REFERENCE TO PRIOR APPLICATIONS

[0001] This application claims priority to and the benefit thereof from United States
Provisional Patent Application, No. 62/807,881, filed February 20, 2019, titled “METHOD
FOR FAST CALCULATION OF SEISMIC ATTRIBUTES USING ARTIFICIAL
INTELLIGENCE,” and United States Non-Provisional Patent Application No. 16/788,500,
filed February 12, 2020, titled “METHOD FOR FAST CALCULATION OF SEISMIC
ATTRIBUTES USING ARTIFICIAL INTELLIGENCE,” which are hereby incorporated by

reference in their respective entireties.
FIELD OF THE DISCLOSURE

[0002] The present disclosure relates to the fields of hydrocarbon exploration,

development and production.
SUMMARY OF THE DISCLOSURE

[0003] There exists an unfulfilled need in the fields of hydrocarbon exploration,
development and production for a technological solution that can process and analyze large
amounts of sensor data (including prestack seismic data), build accurate high-resolution
models, and implement the models effectively and efficiently to identify and implement

hydrocarbon exploration opportunities.

[0004] The disclosure provides a novel technological solution, including a method, a
system, and a computer program, that effectively and efficiently integrates and implements
deep learning for processing prestack seismic data, estimating multiparameter attributes and

identifying hydrocarbon exploration, development or production opportunities.

[0005] An aspect of the disclosure includes a fast method to calculate prestack seismic
attributes from dense and large volumes of prestack seismic data. The method can be based
on a calculation of the attributes in a limited number of locations in time and space on some
coarse regular or irregular grid using one or more approaches. The method can include
infilling of attributes in remaining locations by artificial intelligence utilizing a specially
trained deep neural network in very fast and efficient ways. The method incorporates
multiparameter attributes by a coloring scheme that can facilitate estimation of multiple

attributes simultaneously during a single run. The disclosure can be applied to enhancement
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of prestack seismic data, or other applications such as velocity analysis or seismic

tomography.

[0006] According to one non-limiting embodiment of the disclosure, a method is
provided for modelling a subsurface region of the earth for hydrocarbon exploration,
development, or production. The method comprises: receiving a seismic prestack dataset;
determining one or more multiparameter attributes on a sparse grid based on the seismic
prestack dataset; associating the one or more multiparameter attributes with color image
pixels; encoding the associated one or more multiparameter attributes to generate a low-
resolution colored image; inpainting the low-resolution colored image by a deep neural
network to build a high-resolution colored image; and decoloring the high-resolution image.
The sparse grid can comprise a coarse regular grid or a coarse irregular grid. The
multiparameter attributes can comprise a dip, a curvature or a semblance. The method can
further include converting the colored image into multiparameter attributes that are predicted
on a dense grid. The method can further include estimating local kinematic parameters using
nonlinear beamforming (NLBF). The method can further include transforming a triplet of the
multiparameter attributes for each time space coordinate (t, x) to a red (R) color pixel, a green
(G) color pixel, or a blue (B) color pixel. The method can further include determining a
kinematic parameter on an irregular grid. Determining the kinematic parameter on the

irregular grid can comprise applying a random mask to an original grid.

[0007] According to another non-limiting embodiment of the disclosure, an apparatus is
provided for modelling a subsurface region of the earth for hydrocarbon exploration,
development, or production. The apparatus comprises: an interface that receives seismic
prestack data; an attribute determiner that calculates a plurality of attributes on a sparse grid
based on the seismic prestack data; an attribute encoder that converts the plurality of
attributes to a low-resolution colored image; an image inpainter that infills the low-resolution
colored image to generate a high-resolution colored image; and an image processor that
converts the high-resolution colored image into multiparameter attributes that are predicted
on a dense grid. The sparse grid can comprise a coarse regular grid or a coarse irregular grid.
The multiparameter attributes can comprise a dip, a curvature or a semblance. The image
inpainter can comprise a convolutional deep neural network with U-Net architecture. The
image inpainter can comprise a nonlinear beamforming data enhancement process. The
attribute encoder can transform a triplet of the multiparameter attributes for each time space

coordinate (t, x) to a red (R) color pixel, a green (G) color pixel, or a blue (B) color pixel.
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The attribute determiner can calculate a kinematic parameter on an irregular grid. The
attribute determiner can apply a random mask to an original grid to calculate the kinematic

parameter on the irregular grid.

[0008] According to another non-limiting embodiment of the disclosure, a non-transitory
computer readable storage medium is provided that stores subsurface modelling program
instructions that, when executed by a computing device, cause a model of a subsurface region
of the earth for hydrocarbon exploration, development or production to be rendered on a
display device. The program instructions comprise the steps of: receiving a seismic prestack
dataset; determining one or more multiparameter attributes on a sparse grid based on the
seismic prestack dataset; associating the one or more multiparameter attributes with color
image pixels; encoding the associated one or more multiparameter attributes to generate a
colored image; inpainting the low-resolution colored image by a deep neural network to build
a high-resolution colored image; and decoloring the high-resolution image. The program
instructions can comprise the further step of converting the colored image into
multiparameter attributes that are predicted on a dense grid, or estimating local kinematic
parameters using a nonlinear beamforming data enhancement process, or transforming a
triplet of the multiparameter attributes for each time space coordinate (t, x) to a red (R) color
pixel, a green (G) color pixel, or a blue (B) color pixel, or determining a kinematic parameter
on an irregular grid. Determining the kinematic parameter on the irregular grid can comprise
applying a random mask to an original grid. The sparse grid can comprise a coarse regular
grid or a coarse irregular grid. The multiparameter attributes can comprise a dip, a curvature

or a semblance.

[0009] Additional features, advantages, and embodiments of the disclosure may be set
forth or apparent from consideration of the detailed description and drawings. Moreover, it is
to be understood that the foregoing summary of the disclosure and the following detailed
description and drawings provide non-limiting examples that are intended to provide further

explanation without limiting the scope of the disclosure as claimed.
BRIEF DESCRIPTION OF THE DRAWINGS

[0010] The accompanying drawings, which are included to provide a further
understanding of the disclosure, are incorporated in and constitute a part of this specification,
illustrate embodiments of the disclosure and together with the detailed description serve to

explain the principles of the disclosure. No attempt is made to show structural details of the
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disclosure in more detail than may be necessary for a fundamental understanding of the

disclosure and the various ways in which it may be practiced.

[0011] FIG. 1 shows an example of a fast-hydrocarbon modelling (FHM) system,

constructed according to the principles of the disclosure.

[0012] FIG. 2 shows an example of a fast-calculation modelling processor, constructed

according to the principles of the disclosure.

[0013] FIG. 3 shows an example of a fast-seismic enhancement process that can be

carried out by the fast-calculation modelling processor in FIG. 2.

[0014] FIG. 4 shows a flowchart of a process being carried out by the fast-calculation

modelling processor in FIG. 2.

[0015] FIGS. 5A and 5B show examples of prestack data before and after nonlinear

beamforming, respectively.

[0016] FIG. 6 shows an example of an RGB image representing multiparameter

attributes.

[0017] FIGS. 7A, 7B, 7C show an example of a randomly generated image mask (shown
in FIG. 7B) applied to an image (FIG. 7A), resulting in an inpainted image (shown in FIG.
7C) being built by a deep neural network (DNN) in the fast-calculation modelling processor
in FIG. 2.

[0018] FIGS. 8A-8C show an example of a U-Net DNN architecture with partial
convolutional layers that can be included in the DNN in the fast-calculation modelling

processor in FIG. 2.

[0019] FIG. 9 shows examples of multiparameter attributes in the fast-calculation

modelling processor in FIG. 2.

[0020] FIG. 10 shows an example of a 2D space, including grid coarsening with
application of a 2D mask (gray areas) to a 2D grid (points — grid nodes).

[0021] FIG. 11 shows an example of prestack data before and after nonlinear
beamforming, including intermediate processing steps, according to the principles of the

disclosure.
[0022] The present disclosure is further described in the detailed description that follows.

DETAILED DESCRIPTION OF THE DISCLOSURE
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[0023] The disclosure and its various features and advantageous details are explained
more fully with reference to the non-limiting embodiments and examples that are described
or illustrated in the accompanying drawings and detailed in the following description. It
should be noted that features illustrated in the drawings are not necessarily drawn to scale,
and features of one embodiment may be employed with other embodiments as those skilled in
the art would recognize, even if not explicitly stated. Descriptions of well-known
components and processing techniques may be omitted so as to not unnecessarily obscure the
embodiments of the disclosure. The examples are intended merely to facilitate an
understanding of ways in which the disclosure may be practiced and to further enable those
skilled in the art to practice the embodiments of the disclosure. Accordingly, the examples
and embodiments should not be construed as limiting the scope of the disclosure. Moreover,
it is noted that like reference numerals represent similar parts throughout the several views of

the drawings.

[0024] Subsurface modelling can be implemented in hydrocarbon exploration,
development or production. Subsurface models can be generated based on sensor data that
includes, for example, well log data, well test data, seismic data, production data, or any other
data that can be used to model physical properties in one or more subsurface regions. The
sensor data can include coordinate data or elevation data associated with, for example, well
log data, well test data, seismic data or production data. The subsurface models can represent
subsurface regions, including structures, cavities, faults, volumes, areas, material properties,
or fluid properties. The subsurface models can represent measured data or interpreted data
for each subsurface region. The subsurface models can represent material or fluid properties
such as, for example, temperature, pressure, density, porosity, permeability, fluid content,
volume, flow rate, or viscosity in the subsurface regions. The subsurface models can include,
for example, geological models or reservoir models. The subsurface models can be

employed in determining optimal placement of wells in the field.

[0025] Regarding seismic data, a seismic inversion process can be used to model a
subsurface region and reconstruct or estimate material or fluid properties in the subsurface
region. The seismic inversion process can include, for example, a full waveform inversion
(FWI) process, which is a nonlinear data-fitting process. The seismic inversion process can
be used to build a model of the subsurface and iteratively update the model to minimize
inconsistencies between recorded seismic sensor data and modeled seismic sensor data. The

process can combine seismic data and well log data to predict material or fluid properties in a
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subsurface region. The process can also use production data. These properties can be used to
identify hydrocarbons and reservoirs in the subsurface region. Seismic inversion can remove
imprints of wavelets in the seismic data, such as, for example, by deconvolution and

conversion of results into impedance.

[0026] In building a seismic model, a variety of wave phenomena can be taken into
account, including, for example, diving waves, precritical reflections, postcritical reflections,
multi-scattering, free surface, internal multiples, or compressional (P) to shear (S) converted
waves. A model that takes into account as many of these wave phenomena as possible can
facilitate generation of a high-resolution image of the subsurface region. The model should
provide an accurate parameterization of a target subsurface region that fully describes
physical properties in the region and that minimizes noise, including for example, crosstalk

noise between different classes of parameters.

[0027] Acquisition technology advances and needs to explore and produce hydrocarbons
from challenging areas are pushing the amount of data to be processed and analyzed into the
“big data” category. For instance, the prestack data from high-density seismic surveys can
reach anywhere from hundreds to thousands of terabytes (terabyte = 10'? bytes) in size with
reduced signal-to-noise ratio. Therefore, a technological solution is necessary to efficiently

process and interpret these large amounts of data.

[0028] A way to leverage large seismic datasets is to use prestack seismic attributes, such
as, for example, derivatives of the recorded sensor data, and to represent the datasets in more
compressed and informative form. These attributes can be used at different steps of data
processing and analysis. An example of an attribute is a normal-moveout velocity, which can
be selected on a coarse grid and then interpolated between grid points to obtain a stacked
seismic section. In many cases, the number of attributes that correspond to each point in a
data cube can be greater than one, and the attributes can be calculated simultaneously.
Multidimensional data-driven local stacking and data-enhancement techniques can be used,
including, for example, a partial common-reflection surfaces stack, nonhyperbolic multi-
focusing or nonlinear beamforming, which can be based on estimations of locally coherent
events in the data. The estimations can be performed on a regular grid, and the output can
include locally estimated dips, curvatures and semblance of seismic wavefronts. This part of
the process can be the most time consuming, and its speed-up can be of significant interest

and practical need. Similarly, prestack kinematic attributes can be used in seismic reflection
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tomography based on, for example, stereotomograpy approaches, as well as for other

processing steps.

[0029] According to a non-limiting embodiment of the disclosure, a fast-seismic
attributes determination process is provided that can include a deep neural network (DNN).
The DNN can include a deep neural network with partial convolutional layers. The process
can include training the deep neural network to provide a high-resolution output for a given

low-resolution input.

[0030] FIG. 1 shows an example of a fast-hydrocarbon modelling (FHM) system 1,
constructed according to the principles of the disclosure. The FHM system 1 includes a
subsurface region modelling (SRM) server 10 and a communicating device 20. The FHM
system 1 can include sensor equipment 30, an implementation tool 40, or a network 50. The
various components in the FHM system 1 can be communicatively coupled to each other

directly via communication links 5, or via communication links 5 and the network 50.

[0031] The SRM server 10 can include a fast-calculation modelling (FCM) processor 100
(shown in FIG. 2). The SRM server 10 can receive sensor data Si, So, ... Sm (where m is a
positive integer greater than 2) directly or via the network 50 from land or marine seismic
surveys that can be carried out using the sensor equipment 30. The received sensor data can
include seismic data, well log data, well test data, production data, and other available data to
model a subsurface region. The received sensor data can include prestack seismic data. The
received sensor data can include coordinate data or elevation data. The received sensor data
can include two-dimensional (2D) data, three-dimensional (3D) data, or four-dimensional
(4D) data. The SRM server 10 can filter raw sensor data from different types of noise that
might exist in the received sensor data Si, S, ... Sm and generate one or more models for a
subsurface region based on the raw sensor data. The model can include, for example, a
geological model or a reservoir model. The SRM server 10 can carry out a seismic-to-
simulation process to construct the model, which can accurately reflect the original well log

data, seismic data, well test data, or production data.

[0032] The SRM server 10 can generate a seismic model based on the raw sensor data,
which can include raw prestack seismic data. The SRM server 10 can generate a geological
model based on the seismic model. The SRM server 10 can estimate one or more physical
properties, such as, for example, porosity, permeability, density, temperature, pressure,

viscosity, fluid content, fluid saturation, or flow rate in a target subsurface region.
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[0033] The sensor equipment 30 can include one or more transducer devices (not shown)
that can be arranged to generate and emit signals, including, for example, acoustic pulses, and
receive reflected signals from a target area to form an image (for example, an ultrasound
image) of the target area. Each transducer device (not shown) can include an energy source
(for example, an ultrasound pulse generator and transmitter) and a receiver (for example, an
ultrasound signal receiver). The sensor equipment 30 can include, for example, geophones,
seismometers, or other wave energy emitting devices, or wave energy sensing devices. The

sensor equipment 30 can include arrays of transmitters or receivers.

[0034] The implementation tool 40 can include, for example, a drilling rig (not shown) or
wellbore casing installation equipment (not shown) for drilling or casing boreholes. The
implementation tool 40 can be fully automated. The implementation tool can include human
control. The implementation tool 40 can be positioned at a geographic location based on

coordinates determined by the SRM server 10.

[0035] FIG. 2 shows a nonlimiting embodiment of a fast-calculation modelling (FCM)
processor 100, constructed according to the principles of the disclosure. The FCM processor
100 can receive sensor data Si, Sz, ... Sm. The FCM processor 100 can output
multiparameter attribute data A1, Az, ... A, (where n is a positive integer greater than 2, and
where n can be the same as or different from m). The sensor data or attribute data can be
received or transmitted over the communication link 5 (shown in FIG. 1). The FCM
processor 100 can be arranged to carry out a process 200 (shown in FIG. 3) to calculate
prestack seismic attributes from dense and large volumes of prestack seismic data. The
process 200 can include calculating attributes in a limited number of locations in time and
space on a coarse regular or irregular grid using one or more approaches, such as, for
example, migration algorithms. The migration algorithms can include, for example, prestack
andpoststack migration, time/depth migration, Kirchoff, or beam or wave migration. The
process 200 can include infilling of attributes in remaining locations by a trained deep neural
network in a fast and efficient way. The process 200 can include multiparameter attributes
and a coloring scheme that facilitates estimation of multiparameter attributes simultaneously
during a single run. The process 200 can be implemented for applications involving

enhancement of prestack seismic data, as well as velocity analysis or seismic tomography.

[0036] In a nonlimiting implementation, the FCM processor 100 can be included in the
SRM server 10 (shown in FIG. 1). As seen in FIG. 2, the FCM processor 100 can include a
graphics processing unit (GPU) 110, a read-only memory (ROM) 115, a random-access
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memory (RAM) 120, a disk drive (DD) 125, a network interface 130, an input and output
(I/O) interface 135, a video driver 145, an attribute determiner 150, an attribute encoder 155,
an image inpainter 160, an image processor 165, or a database (DB) 170. The various
components in the FCM processor 110 can be connected to a bus 105 via one or more
communication links. The FCM processor 100 can receive the sensor data Si1, Sz, ... Sm via,

for example, the network interface 130, I/O interface 135, DD 125, or the DB 170.

[0037] The system bus 105 can be any of several types of bus structures that can further
interconnect to a memory bus (with or without a memory controller), a peripheral bus, and a

local bus using any of a variety of commercially available bus architectures.

[0038] The GPU 110 can be any of various commercially available processors. Dual
microprocessors and other multi-processor architectures can also be employed as the GPU

110. The GPU 110 can be a central processing unit (CPU).

[0039] The FCM processor 100 includes a computer-readable medium that can hold
executable or interpretable computer code (or instructions) that, when executed by the GPU
110, cause the described steps, processes and methods to be carried out. The computer-
readable medium can be provided in the ROM 115, RAM 120, DD 125, DB 170, or an
external computer-readable medium connected to the FCM processor 100 via the network
interface 130 or the I/O interface 135. The computer readable medium can include sections
of computer code that, when executed by the GPU 110 (or the attribute determiner 150,
attribute encoder 155, image inpainter 160, or image processor 165) cause the process 200
(shown in FIG. 3) to be carried out, and all other process steps described or contemplated in

the description.

[0040] A basic input output system (BIOS) can be stored in a non-volatile memory in the
FCM processor 100, such as, for example, the ROM 115. The ROM 115 can include a ROM,
an erasable programmable read-only memory (EPROM), or an electrically erasable
programmable read-only memory (EEPROM). The BIOS can contain the basic routines that
help to transfer information between components within the FCM processor 100, such as

during start-up.

[0041] The RAM 120 can include a high-speed RAM such as static RAM for caching
data. The RAM 120 can include a non-volatile random-access memory (NVRAM), solid-
state device (SSD), or a burst buffer (BB) for high-performance computing (HPC)

environments.
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[0042] The disk drive (DD) 125 can include a hard drive, such as, for example, an
enhanced integrated drive electronics (FIDE) drive, or a serial advanced technology
attachments (SATA) drive. The DD 125 can include an optical disk drive that can read from
and write to a compact disk read-only memory (CD-ROM) disk (not shown), or, read from or
write to other high capacity optical media such as a digital video disk (DVD). The DD 125
can be configured for external use in a suitable chassis (not shown). The DD 125 can be
connected to the system bus 105 by a hard disk drive interface (not shown) and an optical
drive interface (not shown), respectively. The hard disk drive interface (not shown) can
include a Universal Serial Bus (USB) (not shown) or an IEEE 1394 interface (not shown) for

external applications.

[0043] The DD 125 and associated computer-readable media can provide nonvolatile
storage of data, data structures, or computer-executable instructions. The DD 125 can
accommodate the storage of any data in a suitable digital format. The DD 125 can include
one or more apps that are used to execute aspects of the architecture described in this

specification.

[0044] A number of program modules can be stored in the DD 125, ROM 115, or RAM
120, including an operating system (not shown), one or more application programs (not
shown), other program modules (not shown), and program data (not shown). Any (or all) of
the operating system, application programs, program modules, and program data can be

cached in the RAM 120 as executable sections of computer code.

[0045] The network interface 130 can be connected to the network 50 (shown in FIG. 1).
The network interface 130 can include a wired or a wireless communication network
interface (not shown) or a modem (not shown). When used in a local area network (LAN),
the FCM processor 100 can be connected to the LAN network through the wired or wireless
communication network interface; and, when used in a wide area network (WAN), the FCM
processor 100 can be connected to the WAN network through the modem. The modem (not
shown) can be internal or external and wired or wireless. The modem can be connected to

the system bus 105 via, for example, a serial port interface (not shown).

[0046] The I/O interface 135 can receive commands and data from an operator via a user
interface device (not shown), such as, for example, a keyboard (not shown), a mouse (not

shown), a pointer (not shown), a microphone (not shown), a speaker (not shown), or a display

10
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(not shown). The received commands and data can be forward to the GPU 110 from the 1/0

interface 135 as instruction and data signals via the bus 105.

[0047] The video driver 145 can include a graphics driver (not shown), a video adaptor
(not shown), or any other device necessary to render an image signal on a display device,

such as, for example the display device in the communicating device 20 (shown in FIG. 1).

[0048] The attribute determiner 150, attribute encoder 155, image inpainter 160, or image
processor 165 can each be a device or a module. One or more of the attribute determiner 150,
attribute encoder 155, image inpainter 160, and image processor 165 can be integrated with

the GPU 110 or provided separately, as seen in FIG. 2.

[0049] FIG. 3 shows an example of a fast-seismic enhancement process 200, according to
the principles of the disclosure. Referring to FIGS. 2 and 3, sensor data can be received by
the FCM processor 100 (Step 210). The received sensor data can include seismic prestack
data. The sensor data can include raw seismic data. The received sensor data can be
processed by the attribute determiner 150. The attribute determiner can analyze seismic
prestack data and calculate multiple parameter (or multiparameter) attributes on a sparse grid
(or small array) from the sensor data (Step 220). The attribute determiner 150 can include
either a coarse regular grid (or array) or an irregular grid (or array) with refining in more
complex areas, or even a random grid (or array) that can allow the FCM processor 100 to
capture the main peculiarities in the dataset. The attribute determiner 150 can provide an
estimation of the multiparameter attributes on the sparse grid. Multiparameter attributes on a
sparse grid can be output from the attribute determiner 150 and forwarded to the attribute

encoder 155.

[0050] The attribute encoder 155 can associate the received multiparameter attributes
with a colored image by an encoding scheme that facilitates treatment of the multiparameter
attributes as a single-color image (Step 230). Once the encoded image is obtained (Step 230),
the resultant low-resolution color image of the multiparameter attributes can be forwarded to
the image inpainter 160. The image inpainter 160 can include a deep neural partially
convolutional network that can predict a high-resolution (HR) colored image of the
multiparameter attributes (Step 240). The image inpainter 160 can build a high-resolution
(HR) colored image of the multiparameter attributes without any gaps or holes. The HR
colored image can be output to the image processor 165, which can decode the HR colored

image and convert it into multiparameter attributes that are predicted on a dense grid (Step

11
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250). The resultant multiparameter attributes can be output by the FCM processor 100 (Step
260). The multiparameter attributes can be output as attribute data A1, Ao, ... Ap (where n is

a positive integer greater than 2 that is the same as, or different from m).

[0051] A “high-resolution” color image can comprise an image having, for example, but
not limited to, at least a density of 512 x 512 pixels. A “low-resolution” color image, in the
context of this disclosure, is a masked image of the same size as the original, high-resolution

image. As such, “low-resolution” refers to a loss of image quality due to zero masking.

[0052] FIG. 4 shows a flowchart of the process 200 being carried out by the FCM
processor 100 (shown in FIG. 2). In FIG. 4, the parallelograms show input and output data
and the rectangles show the processes carried out by certain of the components in the FCM
processor 100 (shown in FIG. 2). As seen in the flowchart, prestack seismic data can be input
to a calculation process that analyzes and calculates multiple attributes on a sparse grid. The
calculated multiple attributes can be fed to a coloring process, which can generate color data
based on the multiple attributes and output a low-resolution colored image of the multiple
attributes to a deep neural partial convolutional network. The deep neural partial
convolutional network can process the low-resolution colored image and inpaint or infill gaps
or holes in the low-resolution colored image to create a high-resolution colored image of the
multiple attributes. The high-resolution colored image can be input to a decoloring process

that decodes the high-resolution to multiple attributes on a dense grid.

[0053] FIGS. 5A and 5B show examples of seismic prestack data before and after
nonlinear beamforming, respectively. As seen in FIG. 5B, carrying out the process 200 on
the prestack data can result in significant reduction of random noise and increased continuity
of main events in estimations of local kinematic parameters used in nonlinear beamforming
(NLBF) data enhancement. The estimation part of the NLBF can be based on, for example,
an assumption that the wavefront can be locally approximated by a second-order surface

providing the following relation for its moveout:

At =1t(x,y)—t,(x,,¥,) = AAx + BAy + CAxAy + DAx* + EAy~,

where A, B, C, D, E are unknown beamforming coefficients and Ax and Ay represent spatial
shifts of a summed trace with respect to the output trace; and, where Afis the travel time
from an initial point in time #Xo, yo) at an initial position Xo, yo in an x-y plane to a time #(x,
y) at a position x, y in the same x-y plane. The unknown coefficients A, B, C, D, E can be

estimated by maximizing values of a semblance function S, representing coherency of local
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events. Considering an example of this approach in one direction (for example, in the x-
direction), the estimation of a dip A, curvature D and semblance S can be simplified greatly.
A triplet of multiparameter attributes <A, D, S> for each time-space coordinate (t, X) can be
transformed to a <Red, Green, Blue> color image pixel. This transformation can be carried
out by, for example, the attribute encoder 155 (shown in FIG. 2). The local kinematic
parameters A, D and semblance S can be thought of in terms of colored images, as seen in

FIG. 6.

[0054] Although one or more examples of the disclosure include three multiparameter
attributes, the disclosure can include more (or less) than three multiparameter attributes, such
as, for example, four, five, or more multiparameter attributes. Additional multiparameter
attributes can include auxiliary attributes such as, for example, orthogonal complements, as

well as other attributes.

[0055] FIG. 6 shows a grayscale rendering of an example of an RGB image representing
the multiparameter attributes that can be observed at an output of, for example, the attribute
encoder 155 (shown in FIG. 2). In FIG. 6, the multiparameter attributes include a locally

estimated dip, curvature and semblance.

[0056] Attribute estimation can be computationally expensive. To reduce computational
time, kinematic parameters can be calculated on an irregular grid by applying a random mask
to an original grid. In the point (t, Xx) where the mask is applied, the kinematic parameter
need not be estimated, thereby speeding up the process. In essence, the cumulative area of
the mask as a percentage of the total area can represent the total savings in computational
cost. The deep neural network (for example, the DNN in the image inpainter 160, shown in

FIG. 2) can handle irregular masks.

[0057] FIGS. 7A, 7B, 7C show grayscale renderings of an example of a randomly
generated image mask (shown in FIG. 7B) applied to an image (FIG. 7A), resulting in the
image inpainting results image (shown in FIG. 7C) built by the DNN.

[0058] The DNN can include a convolutional deep neural network with U-Net
architecture, which can include partial convolutions. To properly handle irregular masks, the
DNN can use partial convolutions layers comprising a masked and re-normalized convolution

operation followed by a mask-update step.

[0059] FIGS. 8A-8C show an example of a U-Net DNN architecture with partial

convolutional layers that can be included in the DNN and with both mask and image.
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[0060] The DNN can be trained on a small subset of the prestack seismic data used in
NLBF, so the calculation time of creating the training dataset along with time required to
train the DNN are negligible. The trained partial convolutional DNN can be used for image
in-painting (for example, shown in FIGS. 7A-7C) of encoded kinematic parameters to
provide a high-resolution image. Applying decoding to the high-resolution image (for
example, by the image processor 165) can finalize the enhancement workflow and provide,

for example, the multiparameter attributes shown in FIG. 9.

[0061] FIG. 9 shows grayscale renderings of examples of the multiparameter attributes
that can be output by, for example, the image processor 165 (shown in FIG. 2). Referring
from left to right in FIG. 9, the illustrations depict dips, curvatures and semblance. Referring
from top to bottom, the illustrations depict masked parameters (input), true parameters
(ground truth results used for validation), and parameters predicted by the DNN. As seen in
FIG. 9, the infilled attributes using the DNN can be similar to the attributes calculated using
NLBF, but the computing resources implemented in the infilling process can be reduced, for
example, by a factor of two or more compared to using NLBF. The time consumed by the
inpainting process can be negligible in comparison to the time required by, for example, other

processes that can be used to estimate kinematic parameters.

[0062] According to a nonlimiting embodiment of the disclosure, if the DNN is trained
with previously acquired seismic datasets and new datasets are similar enough to the original
datasets, then there is zero (or near-zero) computational cost associated with additional
training. If the received seismic data differs significantly from the previously acquired
seismic datasets, which can be expected to happen in only rare circumstances, then the DNN
training or re-training can be achieved on a small, but diverse subset of the new data,

representing only a small percentage of the original data volume.

[0063] Performance of the DNN can depend on, for example, the complexity of the
wavefield and on the density of the original sparse grid (or small digital array) used for initial
estimation. A random input grid (or array) can be used for the original sparse grid.
Alternatively, a regular grid can be used instead, or in addition to the random input grid. The
DNN can estimate parameters in, for example, every second trace, and every second time
sample can provide a speed-up of, for example, about four times for a two-dimensional (2D)

space, and about eight times for a three-dimensional (3D) cubic space.
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[0064] FIG. 10 shows an example of a 2D space, including grid coarsening with
application of a 2D mask (gray areas) to a 2D grid (points — grid nodes). A four-times
reduction in computing resources can be achieved by, for example, estimating attributes in

only the white areas in FIG. 10 and infilling the rest using the DNN.

[0065] FIG. 11 shows an example of prestack data before and after nonlinear
beamforming by the process 200 (shown in FIG. 3), or the flow diagram (shown in FIG. 4),
including intermediate processing steps. As seen in illustrations, attributes can be extracted
directly from, for example, prestack seismic data, encoded to a color (shown in grayscale),
and then interpolated from a sparse grid into a full grid to output high-resolution image data.
As seen in FIG. 11, via a two-stage process, which can be performed by the FCM processor
100 (shown in FIG. 2), prestack seismic data can be analyzed and infilling data interpreted

and included as inputs to a nonlinear beamforming stage to create high-resolution image data.

[0066] In implementations where the seismic data cube has, for example, five dimensions
(for example, shot and receiver coordinates in x and y directions and time), the DNN can
estimate parameters in every second point about thirty-two (32) times faster than an NLBF
implementation alone, which is a significant decrease in calculation time for huge prestack

seismic datasets of hundreds or thousands of terabytes in size.

[0067] While the description has provided examples of applications of seismic data
enhancement with nonlinear beamforming, it is noted that the same or similar approach can
be applied to a wide collection of problems requiring estimation of seismic attributes on
massive volumes of prestack seismic data. For example, the disclosure can be applied to
estimation of isotropic or anisotropic velocity fields, parameter fields for common-reflection
surface (CRS) stack, parameters for multifocusing, or estimation of isotropic and anisotropic
Amplitude-versus-offset (AVO). Likewise, in the field of seismic monitoring, where
multiple images are obtained in time and corresponding attributes extracted many times over,
there is additional benefit of interpolating these parameters with the DNN (for example, in

the image inpainter 160) without repeating expensive processing or acquisition.

[0068] Acquisition of highly-redundant data can be justified by 1) the ability to extract
attributes (such as, for example, velocities that can only be estimated from prestack data), and
2) summation of redundant signals during imaging process to increase signal-to-noise ratio.

Computational requirements can be lessened by requiring only a fraction of the data to be
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acquired for sparser estimations, and infilling remaining attributes via the DNN. The

disclosure can facilitate cost-effective seismic or geophysical acquisition.

[0069] The disclosure provides significant advances in seismic processing results of
modern high-channel count and signal-sensor data and enables extracting more usable

information from the modern land data surveys leading to better oil and gas exploration.

[0070] The terms “a,” “an,” and “the,” as used in this disclosure, means “one or more,”

unless expressly specified otherwise.

[0071] The term ‘“communicating device,” as used in this disclosure, means any
hardware, firmware, or software that can transmit or receive data packets, instruction signals
or data signals over a communication link. The communicating device can include a

computer or a server. The communicating device can be portable or stationary.

[0072] The term “communication link,” as used in this disclosure, means a wired or
wireless medium that conveys data or information between at least two points. The wired or
wireless medium can include, for example, a metallic conductor link, a radio frequency (RF)
communication link, an Infrared (IR) communication link, or an optical communication link.
The RF communication link can include, for example, WiFi, WiMAX, IEEE 802.11, DECT,
0G, 1G, 2G, 3G or 4G cellular standards, or Bluetooth.

[0073] The terms “computer” or “computing device,” as used in this disclosure, means
any machine, device, circuit, component, or module, or any system of machines, devices,
circuits, components, or modules which are capable of manipulating data according to one or
more instructions, such as, for example, without limitation, a processor, a microprocessor, a
graphics processing unit, a central processing unit, a general purpose computer, a super
computer, a personal computer, a laptop computer, a palmtop computer, a notebook
computer, a desktop computer, a workstation computer, a server, a server farm, a computer
cloud, or an array of processors, microprocessors, central processing units, general purpose
computers, super computers, personal computers, laptop computers, palmtop computers,

notebook computers, desktop computers, workstation computers, or servers.

[0074] The term “computer-readable medium,” as used in this disclosure, means any
storage medium that participates in providing data (for example, instructions) that can be read
by a computer. Such a medium can take many forms, including non-volatile media and
volatile media. Non-volatile media can include, for example, optical or magnetic disks and

other persistent memory. Volatile media can include dynamic random access memory
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(DRAM). Common forms of computer-readable media include, for example, a floppy disk, a
flexible disk, hard disk, magnetic tape, any other magnetic medium, a CD-ROM, DVD, any
other optical medium, punch cards, paper tape, any other physical medium with patterns of
holes, a RAM, a PROM, an EPROM, a FLASH-EEPROM, any other memory chip or
cartridge, a carrier wave, or any other medium from which a computer can read. The
computer-readable medium can include a “Cloud,” which includes a distribution of files
across multiple (for example, thousands of) memory caches on multiple (for example,

thousands of) computers.

[0075] Various forms of computer readable media can be involved in carrying sequences
of instructions to a computer. For example, sequences of instruction (i) can be delivered
from a RAM to a processor, (ii) can be carried over a wireless transmission medium, or (iii)
can be formatted according to numerous formats, standards or protocols, including, for
example, WiFi, WiMAX, IEEE 802.11, DECT, 0G, 1G, 2G, 3G, 4G, or 5G cellular

standards, or Bluetooth.

[0076] The term “database,” as used in this disclosure, means any combination of
software or hardware, including at least one application or at least one computer. The
database can include a structured collection of records or data organized according to a
database model, such as, for example, but not limited to at least one of a relational model, a
hierarchical model, or a network model. The database can include a database management
system application (DBMS) as is known in the art. The at least one application may include,
but is not limited to, for example, an application program that can accept connections to
service requests from clients by sending back responses to the clients. The database can be
configured to run the at least one application, often under heavy workloads, unattended, for

extended periods of time with minimal human direction.

[0077] The terms “including,” “comprising” and their variations, as used in this

disclosure, mean “including, but not limited to,” unless expressly specified otherwise.

[0078] The term “network,” as used in this disclosure means, but is not limited to, for
example, at least one of a local area network (LAN), a wide area network (WAN), a
metropolitan area network (MAN), a personal area network (PAN), a campus area network, a
corporate area network, a global area network (GAN), a broadband area network (BAN), a

cellular network, or the Internet, any of which can be configured to communicate data via a
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wireless or a wired communication medium. These networks can run a variety of protocols

not limited to TCP/IP, IRC or HTTP.

[0079] The term “server,” as used in this disclosure, means any combination of software
or hardware, including at least one application or at least one computer to perform services
for connected clients as part of a client-server architecture. The at least one server
application can include, but is not limited to, for example, an application program that can
accept connections to service requests from clients by sending back responses to the clients.
The server can be configured to run the at least one application, often under heavy workloads,
unattended, for extended periods of time with minimal human direction. The server can
include a plurality of computers configured, with the at least one application being divided
among the computers depending upon the workload. For example, under light loading, the at
least one application can run on a single computer. However, under heavy loading, multiple
computers can be required to run the at least one application. The server, or any if its

computers, can also be used as a workstation.

[0080] The term “transmission,” as used in this disclosure, means the conveyance of
signals via electricity, acoustic waves, light waves and other electromagnetic emissions, such
as those generated with communications in the radio frequency (RF) or infrared (IR) spectra.
Transmission media for such transmissions can include coaxial cables, copper wire and fiber

optics, including the wires that comprise a system bus coupled to the processor.

[0081] Devices that are in communication with each other need not be in continuous
communication with each other unless expressly specified otherwise. In addition, devices
that are in communication with each other may communicate directly or indirectly through

one or more intermediaries.

[0082] Although process steps, method steps, or algorithms may be described in a
sequential or a parallel order, such processes, methods and algorithms may be configured to
work in alternate orders. In other words, any sequence or order of steps that may be
described in a sequential order does not necessarily indicate a requirement that the steps be
performed in that order; some steps may be performed simultaneously. Similarly, if a
sequence or order of steps is described in a parallel (or simultaneous) order, such steps can be
performed in a sequential order. The steps of the processes, methods or algorithms described

in this specification may be performed in any order practical.
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[0083] When a single device or article is described, it will be readily apparent that more
than one device or article may be used in place of a single device or article. Similarly, where
more than one device or article is described, it will be readily apparent that a single device or
article may be used in place of the more than one device or article. The functionality or the
features of a device may be alternatively embodied by one or more other devices which are

not explicitly described as having such functionality or features.

[0084] While the disclosure has been described in terms of exemplary embodiments,
those skilled in the art will recognize that the disclosure can be practiced with modifications
in the spirit and scope of the appended claims. These examples are merely illustrative and
are not meant to be an exhaustive list of all possible designs, embodiments, applications, or
modifications of the present disclosure, which is defined by the set of recitations in the
following claims and by structures and functions or steps which are equivalent to these

recitations.
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WHAT IS CLAIMED IS:

1. A method of modelling a subsurface region of the earth for hydrocarbon exploration,

development, or production, the method comprising:
receiving a seismic prestack dataset;

determining one or more multiparameter attributes on a sparse grid based on the

seismic prestack dataset;
associating the one or more multiparameter attributes with color image pixels;

encoding the associated one or more multiparameter attributes to generate a low-

resolution colored image;

inpainting the low-resolution colored image by a deep neural network to build a high-

resolution colored image; and

decoloring the high-resolution image.

2. The method in claim 1, further comprising:

converting the colored image into multiparameter attributes that are predicted on a

dense grid.

3. The method in claim 1, wherein the sparse grid comprises a coarse regular grid.
4. The method in claim 1, wherein the sparse grid comprises a coarse irregular grid.
5. The method in claim 1, further comprising:

estimating local kinematic parameters using a nonlinear beamforming data

enhancement process.

6. The method in claim 1, wherein the multiparameter attributes comprise a dip, a

curvature or a semblance.
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7. The method in claim 1, further comprising:

transforming a triplet of the multiparameter attributes for each time space coordinate

(t, x) to ared (R) color pixel, a green (G) color pixel, or a blue (B) color pixel.

8. The method in claim 1, further comprising:

determining a kinematic parameter on an irregular grid.

9. The method in claim 8, wherein the determining the kinematic parameter on the

irregular grid comprises applying a random mask to an original grid.

10. An apparatus for modelling a subsurface region of the earth for hydrocarbon

exploration, development, or production, the apparatus comprising:
an interface that receives seismic prestack data;

an attribute determiner that calculates a plurality of attributes on a sparse grid based

on the seismic prestack data;

an attribute encoder that converts the plurality of attributes to a low-resolution colored

image;

an image inpainter that infills the low-resolution colored image to generate a high-

resolution colored image; and

an image processor that converts the high-resolution colored image into

multiparameter attributes that are predicted on a dense grid.

11. The apparatus in claim 10, wherein the image inpainter comprises a convolutional

deep neural network with U-Net architecture.

12. The apparatus in claim 10, wherein the sparse grid comprises a coarse regular grid.

13. The apparatus in claim 10, wherein the sparse grid comprises a coarse irregular grid.
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14. The apparatus in claim 10, wherein the image inpainter comprises a nonlinear

beamforming data enhancement process.

15. The apparatus in claim 10, wherein the multiparameter attributes comprise a dip, a

curvature or a semblance.

16. The apparatus in claim 10, wherein the attribute encoder transforms a triplet of the
multiparameter attributes for each time space coordinate (t, x) to a red (R) color pixel, a green

(G) color pixel, or a blue (B) color pixel.

17. The apparatus in claim 10, wherein the attribute determiner calculates a kinematic

parameter on an irregular grid.

18. The apparatus in claim 10, wherein the attribute determiner applies a random mask to

an original grid to calculate a kinematic parameter on an irregular grid.

19. A non-transitory computer readable storage medium storing subsurface modelling
program instructions that, when executed by a computing device, cause a model of a
subsurface region of the earth for hydrocarbon exploration, development or production to be

rendered on a display device, the program instructions comprising the steps of:
receiving a seismic prestack dataset;

determining one or more multiparameter attributes on a sparse grid based on the

seismic prestack dataset;
associating the one or more multiparameter attributes with color image pixels;

encoding the associated one or more multiparameter attributes to generate a colored
image;
inpainting the low-resolution colored image by a deep neural network to build a high-

resolution colored image; and
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decoloring the high-resolution image.

20. The non-transitory computer readable storage medium in claim 19, the program

instructions comprising the further step of:

converting the colored image into multiparameter attributes that are predicted on a

dense grid.

21. The non-transitory computer readable storage medium in claim 19, wherein the sparse

grid comprises a coarse regular grid.

22. The non-transitory computer readable storage medium in claim 19, wherein the sparse

grid comprises a coarse irregular grid.

23. The non-transitory computer readable storage medium in claim 19, the program

instructions comprising the further step of:

estimating local kinematic parameters using a nonlinear beamforming data

enhancement process.

24. The non-transitory computer readable storage medium in claim 19, wherein the

multiparameter attributes comprise a dip, a curvature or a semblance.

25. The non-transitory computer readable storage medium in claim 19, the program

instructions comprising the further step of:

transforming a triplet of the multiparameter attributes for each time space coordinate

(t, x) to ared (R) color pixel, a green (G) color pixel, or a blue (B) color pixel.

26. The non-transitory computer readable storage medium in claim 19, the program

instructions comprising the further step of:
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determining a kinematic parameter on an irregular grid.

27. The non-transitory computer readable storage medium in claim 26, wherein the
determining the kinematic parameter on the irregular grid comprises applying a random mask

to an original grid.

24



WO 2020/172019 113 PCT/US2020/017916

SENSOR %@

EQUIPMENT

G [N\,

NETWORK

(50)

SRM c 5 IMPLEMENTATION

SERVER |7 TOOL
(10) (40)

FIG. 1



WO 2020/172019 PCT/US2020/017916
2/13

100
GPU
(110) VIDEO
DRIVER
(145)
ROM
(115) ATTRIBUTE
DETERMINER
RAM (150)
(120) ATTRIBUTE
ENCODER
DD (155)
(125)
IMAGE
NETWORK INPAINTER
INTERFACE (160)
(130)
IMAGE
/0 INTERFACE PROCESSOR
(135) (165)
I >
105 —
ﬂO)/

FIG. 2



WO 2020/172019

3/13

START
(200)

y

RECEIVE SENSOR DATA
(210)

v

DETERMINE MULTIPARAMETER
ATTRIBUTES (220)

v

ENCODE MULTIPARAMETER
ATTRIBUTES (230)

v

PREDICT HR IMAGE
(240)

v

DECODE PREDICTED HR IMAGE
(250)

v

OUTPUT DERIVED MUTLIPARAMETER
ATTRIBUTES (260)

END

FIG. 3

PCT/US2020/017916



4/13

PCT/US2020/017916

WO 2020/172019

v Old

pub asuap
uo sajnquue
a|dyiny

sobeuwl
uonnjosas ybiy
Jo Bulojooa(

sajnguye s|dijnw
JO abewl palojod
uonnjosas ybiH

sajnguye s|dijnw
Jo Bulojo)

sa)nqupe s|diynw
Jo abewl palojod
uoiNjosal MO

}Jomjau
[BUOIIN|OAUOD
[enued jeanau deop
Bunuiedur sabew

pub asieds
uo saynhguye
a|dniny

uonenojeod
sajnqupe
a|dniny

ele(
olwsIag
yoejsald




5/13

PCT/US2020/017916

WO 2020/172019

% 7 7 4 57 g
= 77
% 5z G 7 %k
%
2 7

\\ e X % % 7

2 % s % %
Z % ; % A i
75 7 7 Z S

% 25 % Z
7 i . /
2 % 2 Y% % \ 7 7 .A"u\

_
.

A
\ A
e

2 744
7 R,
)

s \\\ 1







713
WO 2020/172019 PCT/US2020/017916

FIG. 7C

FIG. 7B

\ N & \
- S 3 N
N

TR\
T N\ T

AR
. - =

S } \\\\\\\\
m




WO 2020/172019

L

concatenate

8/13

PCT/US2020/017916

A
-

090 - T
L o
2 2 2 |
(0] © (0]
S S & |
3 3 3
c S S
8 o (&} |
(o)
o wsen |3 |
Q abew|
o] vobe |
oo} @ o
af  wsen [ wsew
Q abeuw| é abew
- © 821821 ~ 8ZL8Z) |
[s2)
3 NSBIN 53 NSen
< abew) < abew) |
© ©
o] 952.95¢ 95¢2.95¢ |
[s2)
® ASEIN
® obeuw| |
ClG«ClS %
o |
S
€
S |
L



9/13

L

WO 2020/172019 PCT/US2020/017916
N
5| isein
| Nl sbew
ROy FZ5W 7
| S o
N o
O BN |5 | Oisew
| J[ ebew | | ebew
X9}
- | A4S © |91.91
< [ap]
| S o =
O dseN |5 5| dsew
Y| ebew; | & ebew
o
| S 9ol ° o] 8.8
< ™
S a9
| S| se S 5 )SEeN
S| ebeuw N sbew
o X9}
< [ap]
S| vsen 2
| ~ — ]
S| ebew
o
O L e e e « se
- T
|% T = - = = sbeuw|
O O O
3 5 5 5 S § o
|“? 8] 3] 3] 3]
jo o~ 2:53
'-'6 o| YSBIN o © ASEeIN
| = Nl obew 5 abew|
o + vy Ve
| o~ > S
o| MseiN OE ASEeIN
| | sbeuw | sbeuw
o] 88 € 8.8
o~ > S2)
| ol dASen 05 Msel
N ebew CS abew
| O o ohel © T 9nLol
o~ > S
| o ASEeIN OE ASEeIN
o sbew N ebew
| ol teee © A4S
© [s2)
& visen
Q| ebeuw
N

¥9:¥9

FIG. 8B



64 64

3

3

10/13

—

WO 2020/172019 PCT/US2020/017916
o |
o 0]
(@)
2
e
o
"
ASEIN
abew| |
L1 ClS.Clg
2 |
NSen S 3| wsen
abew| ‘g abew |
I ciseis D | 952952
[ sise 5 & SNSEN |
o| ebeuw K obew| |
o 4 962+9G¢ T M 18cClL«8CL
(o)
2 SSEN 58 NS
> abeuw 3 obeuw|
[ap] N |
1821821 O] 799
@ [oX
o e 13
§ obew|
i V9:¥9 |
e .
o o
Lo

<1



11/13
WO 2020/172019 PCT/US2020/017916

Masked Dips Masked Curvatures Masked Semblance

Predicted Dips Predicted Curvatures Predicted Semblance

Original Dips Original Curvatures Original Semblance




WO 2020/172019

12/13

PCT/US2020/017916

FIG. 10



13/13

R : N EF TRy
e v\‘\\\.\ NG ‘:\\ ;
o 3 \

R
W




INTERNATIONAL SEARCH REPORT

International application No

PCT/US2020/017916

A. CLASSIFICATION OF SUBJECT MATTER

INV. GO1v1l/30
ADD.

According to International Patent Classification (IPC) or to both national classification and IPC

B. FIELDS SEARCHED

GO1lv

Minimum documentation searched (classification system followed by classification symbols)

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched

EPO-Internal, WPI Data

Electronic data base consulted during the international search (name of data base and, where practicable, search terms used)

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category™

Citation of document, with indication, where appropriate, of the relevant passages

Relevant to claim No.

A DAVID ALUMBAUGH ET AL:
enhancement",

2018,

2081-2085, XP055698085,
Summary

page 2081, right-hand column,

line 27
figure 2

"Deep
learning-enabled seismic image

SEG TECHNICAL PROGRAM EXPANDED ABSTRACTS
27 August 2018 (2018-08-27), pages

DOI: 10.1190/segam2018-2996943.1

Tine 13 -

1-27

Further documents are listed in the continuation of Box C.

See patent family annex.

* Special categories of cited documents :

"A" document defining the general state of the art which is not considered
to be of particular relevance

"E" earlier application or patent but published on or after the international
filing date

"L" document which may throw doubts on priority claim(s) or which is
cited to establish the publication date of another citation or other
special reason (as specified)

"O" document referring to an oral disclosure, use, exhibition or other
means

"P" document published prior to the international filing date but later than
the priority date claimed

"T" later document published after the international filing date or priority
date and not in conflict with the application but cited to understand
the principle or theory underlying the invention

"X" document of particular relevance; the claimed invention cannot be
considered novel or cannot be considered to involve an inventive
step when the document is taken alone

"Y" document of particular relevance; the claimed invention cannot be
considered to involve an inventive step when the document is
combined with one or more other such documents, such combination
being obvious to a person skilled in the art

"&" document member of the same patent family

Date of the actual completion of the international search

29 May 2020

Date of mailing of the international search report

12/06/2020

Name and mailing address of the ISA/

European Patent Office, P.B. 5818 Patentlaan 2
NL - 2280 HV Rijswijk

Tel. (+31-70) 340-2040,

Fax: (+31-70) 340-3016

Authorized officer

Tympel, Jens

Form PCT/ISA/210 (second sheet) (April 2005)

page 1 of 2




INTERNATIONAL SEARCH REPORT

International application No

PCT/US2020/017916

C(Continuation). DOCUMENTS CONSIDERED TO BE RELEVANT

Category™

Citation of document, with indication, where appropriate, of the relevant passages

Relevant to claim No.

A

WO 2018/148492 Al (SCHLUMBERGER TECHNOLOGY
CORP [US]; SCHLUMBERGER CA LTD [CA] ET
AL.) 16 August 2018 (2018-08-16)
paragraph [0035]

paragraph [0059]

paragraph [0230]

US 9 977 996 B2 (SCHLUMBERGER TECHNOLOGY
CORP [US]) 22 May 2018 (2018-05-22)

claim 1

column 6, line 14 - Tine 16

DIMITRI BEVC ET AL: "Inpainting of local
wavefront attributes using artificial
intelligence",

SEG TECHNICAL PROGRAM EXPANDED ABSTRACTS
2019,

16 September 2019 (2019-09-16), pages
2212-2216, XP055697968,

DOI: 10.1190/segam2019-3214642.1

1-27

1-27

Form PCT/ISA/210 (continuation of second sheet) (April 2005)

page 2 of 2




INTERNATIONAL SEARCH REPORT

Information on patent family members

International application No

PCT/US2020/017916
Patent document Publication Patent family Publication
cited in search report date member(s) date

WO 2018148492 Al 16-08-2018 AU 2018219304 Al 29-08-2019
CA 3053259 Al 16-08-2018
CN 110462445 A 15-11-2019
EP 3580586 Al 18-12-2019
US 2019383965 Al 19-12-2019
WO 2018148492 Al 16-08-2018
US 9977996 B2 22-05-2018 US 2016155021 Al 02-06-2016
WO 2014209879 A2 31-12-2014

Form PCT/ISA/210 (patent family annex) (April 2005)




	Page 1 - front-page
	Page 2 - front-page
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - claims
	Page 23 - claims
	Page 24 - claims
	Page 25 - claims
	Page 26 - claims
	Page 27 - drawings
	Page 28 - drawings
	Page 29 - drawings
	Page 30 - drawings
	Page 31 - drawings
	Page 32 - drawings
	Page 33 - drawings
	Page 34 - drawings
	Page 35 - drawings
	Page 36 - drawings
	Page 37 - drawings
	Page 38 - drawings
	Page 39 - drawings
	Page 40 - wo-search-report
	Page 41 - wo-search-report
	Page 42 - wo-search-report

