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ESTIMATING EMISSION SOURCE
LOCATION FROM SATELLITE IMAGERY

BACKGROUND OF THE INVENTION

[0001] The present invention relates generally to the field
of data processing, and more particularly to estimating
emission source location from satellite imagery.

[0002] Ground truth emission data is rarely available, but
public data provides small amounts for known releases of
methane (i.e., a greenhouse gas (GHG)). The problem with
this public data is that the release moment and amount is not
always well aligned with available satellite data. Many
sources are intermittent in nature and will emit stochastically
requiring almost constant remote satellite observations to
capture emission patterns. Satellites observe earth from
space at many electromagnetic bands. Among these are
observations that when processed yield information on
atmospheric concentrations of GHGs. These observations
allow for monitoring of GHG data and are useful in climate
models. Examples of satellites in this category include, but
are not limited to, the Sentinel-5P and private satellite data.
An issue with satellite concentration data is that it is typi-
cally less resolved in time and space than needed. Addition-
ally, granular local wind data is not easily available. Thus,
direct inversion of concentration data and wind data may not
be possible.

SUMMARY

[0003] Aspects of an embodiment of the present invention
disclose a method, computer program product, and computer
system for estimating emission source location from satellite
plume data. A processor creates a dataset of plume concen-
tration data. A processor down samples the dataset to an
array at satellite resolution. A processor partitions the array
into two separate datasets according to a preset proportion.
A processor trains two machine learning models on at least
one of the two separate datasets, wherein a first machine
learning model of the two machine learning models is for
identifying a presence of a plume and a second machine
learning model of the two machine learning models is for
identifying a source position and magnitude of the plume. A
processor applies the two machine learning models to new
concentration data.

BRIEF DESCRIPTION OF THE DRAWINGS

[0004] FIG. 1 is a functional block diagram illustrating a
distributed data processing environment, in accordance with
an embodiment of the present invention.

[0005] FIG. 2 is a flowchart depicting operational steps of
an emission source locator program, for estimating an emis-
sion source location from satellite plume data, running on a
server of the distributed data processing environment of
FIG. 1 in accordance with an embodiment of the present
invention.

[0006] FIG. 3 is an example process flow of a downsam-
pling step of the emission source location program, in
accordance with an embodiment of the present invention.

[0007] FIG. 4 depicts a block diagram of components of
the server of the distributed data processing environment of
FIG. 1, for running the emission source location program, in
accordance with an embodiment of the present invention.

Dec. 28, 2023

DETAILED DESCRIPTION

[0008] Embodiments of the present invention recognize
that the current art for identifying emission sources in
concentration data rely on processing whole images at a time
to identify features, e.g., concentration gradients or peaks in
the data, that are used to estimate a plume location. These
methods often rely on simplification and inversion of the
advection diffusion equation. These estimates are in some
cases further refined using large-scale wind data to bias the
estimates of the plume source locations.

[0009] Embodiments of the present invention provide a
system and method for estimating emission source location
from satellite plume data. Embodiments of the present
invention use and analyze imagery ranging from visible
range to radio frequencies to produce emission concentra-
tion data that is used to identify sources of the emissions.
Different spectral bands may create different concentration
maps as they may have slightly different sensitivity to
absorption by GHG of the light. While the scattering and
absorption sensitivity can change, the underlying dispersion
of the GHG or particulates are well understood across the
whole observation ranges. The emissions can be any type of
pollution emission, e.g., GHGs, particulates, etc. GHGs of
interest include, but are not limited to, methane, carbon
dioxide, nitrogen dioxide, other oxides of nitrogen, sulfur
dioxide, and hydrogen sulfide.

[0010] Embodiments of the present invention utilize syn-
thetic and/or actual plume concentration data and known
source position data to train a neural network to estimate the
presence and location of a source at a given location in
actual satellite data. Embodiments of the present invention
further embed variable wind conditions and source magni-
tudes into the training data, just not as an explicit input. The
neural network is able to estimate first the presence and then
second the position of a source with subpixel resolution.
Embodiments of the present invention separate computing
the presence and position of a source into two sequence
steps: (1) test to determine the presence or absence of a
source in a center pixel and (2) if present, determine the
subpixel location of the source inside that center pixel.
Embodiments of the present invention look to train a neural
network to identify a single point emission source in a
two-dimensional (2D) concentration field at better than
satellite resolution (i.e., subpixel resolution). In case con-
tinuous satellite observation is not available, then the system
will try to reconstruct the emission from snapshots where the
plume may or may not be present.

[0011] Embodiments of the present invention utilize a
synthetic set of spatial GHG concentration data for an
associated set of source positions, magnitudes, and time
variable ground conditions including wind speed, wind
direction, wind turbulence, and atmospheric conditions that
are generated at a high resolution. Alternatively, embodi-
ments of the present invention utilize satellite concentration
data at a given resolution with known emission source
locations as a dataset. Alternatively, embodiments of the
present invention utilize a combination of synthetic data
generated from physics models that have higher spatial and
temporal resolution than the satellite data and models the
distribution of the plumes using the weather data by con-
sidering both the two- and three-dimensional distribution of
the data. If three dimensional simulations are carried out, the
data can be sliced in a horizontal direction to assess the
concentration maps at different heights above the ground.
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These physics models can be computational fluid dynamics
(CFD) models or stochastic Lagrangian models where par-
tial differential equations like advection diffusion or Navier
Stokes equations are solved at arbitrarily high spatial and
temporal resolution. If the synthetic data are at a higher
resolution, the data are reduced to satellite resolution by
resampling and then used to train multiple sequential neural
network models. Embodiments of the present invention
apply satellite data to the physics simulations models to
determine the presence or absence of a source at a given
position and, if present, a location of the source. These
datasets can be calculated using a variety of plume models,
e.g., superposition of gaussians (SOG), puff models, and
computational fluid dynamics models.

[0012] It is to be understood that the terms “emission”,
“dispersion”, and “plume” are used interchangeably within
the present invention. It is to be understood that the term
“source” refers to “an emission source”, “a plume source”,
or “any source of pollutant”. It is to be understood that the
emission from the source is carried around by a surrounding
fluid to make the plume in the surrounding fluid, which, in
one embodiment, can be air. It is also understood that the
pollution can be lighter or can be heavier than air and
naturally will rise to the upper atmosphere or will fall to
ground.

[0013] Implementation of embodiments of the invention
may take a variety of forms, and exemplary implementation
details are discussed subsequently with reference to the
Figures.

[0014] FIG. 1 is a functional block diagram illustrating a
distributed data processing environment, generally desig-
nated 100, in accordance with one embodiment of the
present invention. The term “distributed,” as used herein,
describes a computer system that includes multiple, physi-
cally distinct devices that operate together as a single
computer system. FIG. 1 provides only an illustration of one
implementation and does not imply any limitations with
regard to the environments in which different embodiments
may be implemented. Many modifications to the depicted
environment may be made by those skilled in the art without
departing from the scope of the invention as recited by the
claims.

[0015] Distributed data processing environment 100
includes server 110 and user computing device 120, inter-
connected over network 105. Network 105 can be, for
example, a telecommunications network, a local area net-
work (LAN), a wide area network (WAN), such as the
Internet, or a combination of the three, and can include
wired, wireless, or fiber optic connections. Network 105 can
include one or more wired and/or wireless networks capable
of receiving and transmitting data, voice, and/or video
signals, including multimedia signals that include voice,
data, and video information. In general, network 105 can be
any combination of connections and protocols that will
support communications between server 110, user comput-
ing device 120, and other computing devices (not shown)
within distributed data processing environment 100.

[0016] Server 110 can be a standalone computing device,
a management server, a web server, a mobile computing
device, or any other electronic device or computing system
capable of receiving, sending, and processing data. In other
embodiments, server 110 can represent a server computing
system utilizing multiple computers as a server system, such
as in a cloud computing environment. In another embodi-
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ment, server 110 can be a laptop computer, a tablet com-
puter, a netbook computer, a personal computer (PC), a
desktop computer, a personal digital assistant (PDA), a
smart phone, or any programmable electronic device
capable of communicating with user computing device 120
and other computing devices (not shown) within distributed
data processing environment 100 via network 105. In
another embodiment, server 110 represents a computing
system utilizing clustered computers and components (e.g.,
database server computers, application server computers,
etc.) that act as a single pool of seamless resources when
accessed within distributed data processing environment
100. Server 110 includes emission source locator program
112 and database 114. Server 110 may include internal and
external hardware components, as depicted and described in
further detail with respect to FIG. 4.

[0017] Emission source locator program 112 operates to
estimate an emission source location from satellite plume
data. In the depicted embodiment, emission source locator
program 112 is a standalone program. In another embodi-
ment, emission source locator program 112 may be inte-
grated into another software product, e.g., a data analytics
software package. Emission source locator program 112 is
depicted and described in further detail with respect to FIG.
2.

[0018] Database 114 operates as a repository for data
received, used, and/or output by emission source locator
program 112. Data received, used, and/or generated may
include, but are not limited to, synthetic plume concentration
data computed from a synthetic plume model, actual satellite
concentration data, datasets created from a combination of
synthetic and actual plume data, and any other data received,
used, and/or output by emission source locator program 112.
Database 114 can be implemented with any type of storage
device capable of storing data and configuration files that
can be accessed and utilized by server 110, such as a hard
disk drive, a database server, or a flash memory. In an
embodiment, database 114 is accessed by emission source
locator program 112 to store and/or to access the data. In the
depicted embodiment, database 114 resides on server 110. In
another embodiment, database 114 may reside on another
computing device, server, cloud server, or spread across
multiple devices elsewhere (not shown) within distributed
data processing environment 100, provided that emission
source locator program 112 has access to database 114.

[0019] User computing device 120 operates as a comput-
ing device associated with a user on which the user can
interact with emission source locator program 112 through
an application user interface. In the depicted embodiment,
user computing device 120 includes an instance of user
interface 122. In an embodiment, user computing device 120
can be a laptop computer, a tablet computer, a smart phone,
a smart watch, an e-reader, smart glasses, wearable com-
puter, or any programmable electronic device capable of
communicating with various components and devices within
distributed data processing environment 100, via network
105. In general, user computing device 120 represents one or
more programmable electronic devices or combination of
programmable electronic devices capable of executing
machine readable program instructions and communicating
with other computing devices (not shown) within distributed
data processing environment 100 via a network, such as
network 105.
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[0020] User interface 122 provides an interface between
emission source locator program 112 on server 110 and a
user of user computing device 120. In one embodiment, user
interface 122 is a mobile application software. Mobile
application software, or an “app,” is a computer program
designed to run on smart phones, tablet computers, and other
mobile computing devices. In one embodiment, user inter-
face 132 may be a graphical user interface (GUI) or a web
user interface (WUI) that can display text, documents, web
browser windows, user options, application interfaces, and
instructions for operation, and include the information (such
as graphic, text, and sound) that a program presents to a user
and the control sequences the user employs to control the
program. User interface 122 enables a user of user comput-
ing device 130 to input data and view and/or manage output
of emission source locator program 112.

[0021] FIG. 2 is a flowchart 200 depicting operational
steps of emission source locator program 112, for estimating
an emission source location from satellite plume data, run-
ning on server 110 of distributed data processing environ-
ment 100 of FIG. 1 in accordance with an embodiment of the
present invention. It should be appreciated that the process
depicted in FIG. 2 illustrates one possible iteration of
emission source locator program 112.

[0022] In step 210, emission source locator program 112
creates a dataset of plume concentration data. In an embodi-
ment, emission source locator program 112 creates a dataset
of plume concentration data using a synthetic plume model
to compute 2D concentration data for a variety of wind and
atmospheric conditions from variable positions and at vari-
able magnitudes. In the situation in which the plume model
performs the computation at a higher resolution than can be
observed with a given satellite, emission source locator
program 112 reduces the resulting dataset in dimension by
re-sampling to satellite resolution. As would be recognized
by a person of skill in the art, many plume models exist and
can be used to create the dataset including, but not limited
to, superposition of gaussians (SOG) model, puff models,
and CFD models.

[0023] In another embodiment, emission source locator
program 112 creates a dataset of plume concentration data
by collecting actual 2D satellite concentration observations
(i.e., data) at a given resolution from known emission source
locations. In yet another embodiment, emission source loca-
tor program 112 creates a dataset of plume concentration
data using both the synthetic plume concentration data and
the actual satellite concentration data.

[0024] In step 220, emission source locator program 112
down samples the dataset to an array at satellite resolution.
In an embodiment, emission source locator program 112
down samples the dataset by arranging data of the dataset as
an array (i.e., patch), e.g., 7x7 pixels array of concentration
data, with the plume at or near the center of the array. The
numbers used in this example are representative and the
high-resolution images can have an arbitrarily fine spatial
resolution. FIG. 3 is an example process flow of this
downsampling step 220 with high resolution synthetic
plume data 305 at 70x70 pixels (exemplified by a resolution
of'350 m per pixel) that is down sampled by emission source
locator program 112 to satellite resolution plume data array
310 at 7x7 pixels (of resolution 3500 m per pixel). The down
sampling can happen on a grid that fills the original extent
of the images from plume data 305, where a new resolution
grid is fitted with different locations to create multiple
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datasets where the high-resolution image is sampled. In
another embodiment, emission source locator program 112
shifts the grid to create down sampled array 310 where the
averaging can be a statistical feature like mean, average,
maximum, or minimum of all values of the fine resolution
pixels falling within the grid cell of the coarser image.
Ideally, half of this array data contains the plume with the
source location in a center or off-center pixel with the
remainder containing no plume. In an embodiment, emission
source locator program 112 expresses a position of the
plume source as a position in the center pixel of the array at
higher resolution than the high-resolution corresponding
image resolution, e.g., center pixel array 315 as shown in
FIG. 3. An expanded view of the center pixel array 315 can
be converted into a flattened array for processing by a
machine learning model, in which the flattened array is a
one-dimensional array made by arranging the pixels in the
2D array of center pixel array 315 into a linear sequence. In
an embodiment, emission source locator program 112
encodes the source position as a single number correspond-
ing to the pixel position in the center pixel array (i.e., relative
to the center pixel) at high resolution. In an embodiment,
emission source locator program 112 aggregates the asso-
ciated plume array and position value in a single dataset. In
the case where the source position is outside the center pixel,
emission source locator program 112 encodes the position
value as zero (0).

[0025] In step 230, emission source locator program 112
partitions the array into two separate datasets. In an embodi-
ment, emission source locator program 112 partitions or
splits the array dataset created in step 220 into two separate
datasets that can be divided according to a preset proportion,
e.g., 80% for training and 20% for validation. A first dataset
(e.g., containing 80% of the data) of the two separate
datasets is used to train a first machine learning model to
identify the presence (or not) of a plume in the center pixel
and train a second machine learning model to identify the
position of the plume (if one is identified by the first machine
learning model) as the coded position entries in the first
dataset used to identify the location in the flattened array
from previous step 220. For this first dataset, emission
source locator program 112 recodes position entries as zero
(0) when the plume source is outside the center pixel and one
(1) when the plume source is contained in the center pixel.
A second dataset (e.g., containing 20% of the data) of the
two separate datasets is used to validate the results of the
first machine learning model and the second machine learn-
ing model.

[0026] In step 240, emission source locator program 112
trains a set of machine learning models with the two separate
datasets. In an embodiment, emission source locator pro-
gram 112 trains and validates a set of machine learning
models with the two separate datasets, respectively. In an
embodiment, the set of machine learning models includes
two neural network models, in which one is for identifying
the presence of a plume and the other is for identifying the
source position of the plume. Types of machine learning
models that can be used include, but are not limited to, linear
autoencoder, convolutional autoencoder, modified Resnet-
18, random forest classifier, generative adversarial network
(GAN). The key property is the ability of the trained models
to learn plume shapes to allow the position of the plume
source to be located with better than single pixel precision.
Additionally, the neural network model for identifying the



US 2023/0418999 Al

source position of the plume is also trained for identifying a
magnitude of the plume as input training data contains
plumes with given positions and magnitude.

[0027] In step 250, emission source locator program 112
applies the trained set of machine learning models to new
data. In an embodiment, emission source locator program
112 applies the trained set of machine learning models to
new (i.e., more current, newly collected, or real-time) sat-
ellite concentration data that is downsampled to a data patch,
e.g., 7x7 pixels. In an embodiment, emission source locator
program 112 applies the trained set of machine learning
models to each pixel of the data patch in sequence. Again,
if the first model determines the plume source to be in the
center pixel, then the second model is used to determine the
source location and magnitude of the plume. As each pixel
is run through the set of machine learning models, emission
source locator program 112 logs (i.e., stores in some man-
ner) the position of any detected plume sources, in which the
individual pixel being run through the models and the
subpixel position output by the second machine learning
model are combined mathematically to form a single coor-
dinate and logged. In other words, responsive to receiving an
output from the second machine learning model of a sub-
pixel position of a detected plume source, emission source
locator program 112 mathematically combines the indi-
vidual pixel being run through the models and the subpixel
position. In some embodiments, emission source locator
program 112 excludes border pixels of the data patch from
analysis by the set of machine learning models. In some
embodiments, emission source locator program 112 outputs
the log of positions of any detected plume sources, e.g., to
a user of user computing device 120 through user interface
122.

[0028] FIG. 4 depicts a block diagram of components of
computing device 400, suitable for server 110 running
emission source locator program 112 within distributed data
processing environment 100 of FIG. 1, in accordance with
an embodiment of the present invention. It should be appre-
ciated that FIG. 4 provides only an illustration of one
implementation and does not imply any limitations with
regard to the environments in which different embodiments
can be implemented. Many modifications to the depicted
environment can be made.

[0029] Computing device 400 includes communications
fabric 402, which provides communications between cache
416, memory 406, persistent storage 408, communications
unit 410, and input/output (I/O) interface(s) 412. Commu-
nications fabric 402 can be implemented with any architec-
ture designed for passing data and/or control information
between processors (such as microprocessors, communica-
tions and network processors, etc.), system memory, periph-
eral devices, and any other hardware components within a
system. For example, communications fabric 402 can be
implemented with one or more buses or a crossbar switch.
[0030] Memory 406 and persistent storage 408 are com-
puter readable storage media. In this embodiment, memory
406 includes random access memory (RAM). In general,
memory 406 can include any suitable volatile or non-volatile
computer readable storage media. Cache 416 is a fast
memory that enhances the performance of computer pro-
cessor(s) 404 by holding recently accessed data, and data
near accessed data, from memory 406.

[0031] Programs may be stored in persistent storage 408
and in memory 406 for execution and/or access by one or
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more of the respective computer processors 404 via cache
416. In an embodiment, persistent storage 408 includes a
magnetic hard disk drive. Alternatively, or in addition to a
magnetic hard disk drive, persistent storage 408 can include
a solid state hard drive, a semiconductor storage device,
read-only memory (ROM), erasable programmable read-
only memory (EPROM), flash memory, or any other com-
puter readable storage media that is capable of storing
program instructions or digital information.

[0032] The media used by persistent storage 408 may also
be removable. For example, a removable hard drive may be
used for persistent storage 408. Other examples include
optical and magnetic disks, thumb drives, and smart cards
that are inserted into a drive for transfer onto another
computer readable storage medium that is also part of
persistent storage 408.

[0033] Communications unit 410, in these examples, pro-
vides for communications with other data processing sys-
tems or devices. In these examples, communications unit
410 includes one or more network interface cards. Commu-
nications unit 410 may provide communications through the
use of either or both physical and wireless communications
links. Programs may be downloaded to persistent storage
408 through communications unit 410.

[0034] 1/O interface(s) 412 allows for input and output of
data with other devices that may be connected to server 110.
For example, 1/O interface 412 may provide a connection to
external devices 418 such as a keyboard, keypad, a touch
screen, and/or some other suitable input device. External
devices 418 can also include portable computer readable
storage media such as, for example, thumb drives, portable
optical or magnetic disks, and memory cards. Software and
data used to practice embodiments of the present invention
can be stored on such portable computer readable storage
media and can be loaded onto persistent storage 408 via I/O
interface(s) 412. /O interface(s) 412 also connect to a
display 420.

[0035] Display 420 provides a mechanism to display data
to a user and may be, for example, a computer monitor.
[0036] Programs described herein is identified based upon
the application for which it is implemented in a specific
embodiment of the invention. However, it should be appre-
ciated that any particular program nomenclature herein is
used merely for convenience, and thus the invention should
not be limited to use solely in any specific application
identified and/or implied by such nomenclature.

[0037] The present invention may be a system, a method,
and/or a computer program product. The computer program
product may include a computer readable storage medium
(or media) having computer readable program instructions
thereon for causing a processor to carry out aspects of the
present invention.

[0038] The computer readable storage medium can be a
tangible device that can retain and store instructions for use
by an instruction execution device. The computer readable
storage medium may be, for example, but is not limited to,
an electronic storage device, a magnetic storage device, an
optical storage device, an electromagnetic storage device, a
semiconductor storage device, or any suitable combination
of the foregoing. A non-exhaustive list of more specific
examples of the computer readable storage medium includes
the following: a portable computer diskette, a hard disk, a
random access memory (RAM), a read-only memory
(ROM), an erasable programmable read-only memory
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(EPROM or Flash memory), a static random access memory
(SRAM), a portable compact disc read-only memory (CD-
ROM), a digital versatile disk (DVD), a memory stick, a
floppy disk, a mechanically encoded device such as punch-
cards or raised structures in a groove having instructions
recorded thereon, and any suitable combination of the fore-
going. A computer readable storage medium, as used herein,
is not to be construed as being transitory signals per se, such
as radio waves or other freely propagating electromagnetic
waves, electromagnetic waves propagating through a wave-
guide or other transmission media (e.g., light pulses passing
through a fiber-optic cable), or electrical signals transmitted
through a wire.

[0039] Computer readable program instructions described
herein can be downloaded to respective computing/process-
ing devices from a computer readable storage medium or to
an external computer or external storage device via a net-
work, for example, the Internet, a local area network, a wide
area network and/or a wireless network. The network may
comprise copper transmission cables, optical transmission
fibers, wireless transmission, routers, firewalls, switches,
gateway computers and/or edge servers. A network adapter
card or network interface in each computing/processing
device receives computer readable program instructions
from the network and forwards the computer readable
program instructions for storage in a computer readable
storage medium within the respective computing/processing
device.

[0040] Computer readable program instructions for carry-
ing out operations of the present invention may be assembler
instructions, instruction-set-architecture (ISA) instructions,
machine instructions, machine dependent instructions,
microcode, firmware instructions, state-setting data, or
either source code or object code written in any combination
of one or more programming languages, including an object
oriented programming language such as Smalltalk, C++or
the like, and conventional procedural programming lan-
guages, such as the “C” programming language or similar
programming languages. The computer readable program
instructions may execute entirely on the user’s computer,
partly on the user’s computer, as a stand-alone software
package, partly on the user’s computer and partly on a
remote computer or entirely on the remote computer or
server. In the latter scenario, the remote computer may be
connected to the user’s computer through any type of
network, including a local area network (LAN) or a wide
area network (WAN), or the connection may be made to an
external computer (for example, through the Internet using
an Internet Service Provider). In some embodiments, elec-
tronic circuitry including, for example, programmable logic
circuitry, field-programmable gate arrays (FPGA), or pro-
grammable logic arrays (PLA) may execute the computer
readable program instructions by utilizing state information
of'the computer readable program instructions to personalize
the electronic circuitry, in order to perform aspects of the
present invention.

[0041] Aspects of the present invention are described
herein with reference to flowchart illustrations and/or block
diagrams of methods, apparatus (systems), and computer
program products according to embodiments of the inven-
tion. It will be understood that each block of the flowchart
illustrations and/or block diagrams, and combinations of
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blocks in the flowchart illustrations and/or block diagrams,
can be implemented by computer readable program instruc-
tions.

[0042] These computer readable program instructions may
be provided to a processor of a general-purpose computer,
special purpose computer, or other programmable data pro-
cessing apparatus to produce a machine, such that the
instructions, which execute via the processor of the com-
puter or other programmable data processing apparatus,
create means for implementing the functions/acts specified
in the flowchart and/or block diagram block or blocks. These
computer readable program instructions may also be stored
in a computer readable storage medium that can direct a
computer, a programmable data processing apparatus, and/
or other devices to function in a particular manner, such that
the computer readable storage medium having instructions
stored therein comprises an article of manufacture including
instructions which implement aspects of the function/act
specified in the flowchart and/or block diagram block or
blocks.

[0043] The computer readable program instructions may
also be loaded onto a computer, other programmable data
processing apparatus, or other device to cause a series of
operational steps to be performed on the computer, other
programmable apparatus or other device to produce a com-
puter implemented process, such that the instructions which
execute on the computer, other programmable apparatus, or
other device implement the functions/acts specified in the
flowchart and/or block diagram block or blocks.

[0044] The flowchart and block diagrams in the Figures
illustrate the architecture, functionality, and operation of
possible implementations of systems, methods, and com-
puter program products according to various embodiments
of the present invention. In this regard, each block in the
flowchart or block diagrams may represent a module, seg-
ment, or portion of instructions, which comprises one or
more executable instructions for implementing the specified
logical function(s). In some alternative implementations, the
functions noted in the block may occur out of the order noted
in the Figures. For example, two blocks shown in succession
may, in fact, be executed substantially concurrently, or the
blocks may sometimes be executed in the reverse order,
depending upon the functionality involved. It will also be
noted that each block of the block diagrams and/or flowchart
illustration, and combinations of blocks in the block dia-
grams and/or flowchart illustration, can be implemented by
special purpose hardware-based systems that perform the
specified functions or acts or carry out combinations of
special purpose hardware and computer instructions.

[0045] The descriptions of the various embodiments of the
present invention have been presented for purposes of
illustration but are not intended to be exhaustive or limited
to the embodiments disclosed. Many modifications and
variations will be apparent to those of ordinary skill in the
art without departing from the scope and spirit of the
invention. The terminology used herein was chosen to best
explain the principles of the embodiment, the practical
application or technical improvement over technologies
found in the marketplace, or to enable others of ordinary
skill in the art to understand the embodiments disclosed
herein.

What is claimed is:
1. A computer-implemented method comprising:
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creating, by one or more processors, a dataset of plume

concentration data;

down sampling, by the one or more processors, the dataset

to an array at satellite resolution;
partitioning, by the one or more processors, the array into
two separate datasets according to a preset proportion;

training, by the one or more processors, two machine
learning models on at least one of the two separate
datasets, wherein a first machine learning model of the
two machine learning models is for identifying a pres-
ence of a plume and a second machine learning model
of the two machine learning models is for identifying a
source position and magnitude of the plume; and

applying, by the one or more processors, the two machine
learning models to new concentration data.

2. The computer-implemented method of claim 1,
wherein creating the dataset of plume concentration data
comprises:

using, by the one or more processors, synthetic plume

model to compute two-dimensional concentration data
for a plurality of wind and atmospheric conditions from
a plurality of positions and at a plurality of magnitudes;
and

wherein the synthetic plume model is selected from the

group consisting of: a superposition of gaussians
(SOG) model, a puff model, and a computational fluid
dynamics (CFD) model.

3. The computer-implemented method of claim 1,
wherein creating the dataset of plume concentration data
comprises:

using, by the one or more processors, collected actual

two-dimensional satellite concentration data at a given
resolution from known emission source locations.

4. The computer-implemented method of claim 1,
wherein down sampling the dataset to the array at the
satellite resolution comprises:

arranging, by the one or more processors, the dataset as a

first array of pixels with the plume at or near a center
pixel of the first array;

down sampling, by the one or more processors, the first

array of pixels to a second array of pixels at the satellite
resolution, wherein at least half of the second array of
pixels contains the plume and a remainder containing
no plume.

5. The computer-implemented method of claim 4,
wherein down sampling the dataset to an array at satellite
resolution comprises:

encoding, by the one or more processors, the source

position of the plume in the second array of pixels as a
single number corresponding to a pixel position relative
to the center pixel; and

aggregating, by the one or more processors, data of the

second array of pixels and the source position in a
single dataset.

6. The computer-implemented method of claim 1,
wherein applying the two machine learning models to the
new concentration data comprises:

applying, by the one or more processors, the two machine

learning models to each pixel, in sequence, of a data
patch of the current concentration data.

7. The computer-implemented method of claim 6, further
comprising:

responsive to receiving an output from the second

machine learning model of a subpixel position of a
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detected plume source, mathematically combining, by
the one or more processors, a respective pixel and the
subpixel position to form a single coordinate, wherein
the respective pixel is the respective pixel being run
through the two machine learning models; and

logging, by the one or more processors, the single coor-
dinate.

8. A computer program product comprising:

one or more computer readable storage media and pro-

gram instructions collectively stored on the one or more
computer readable storage media, the stored program
instructions comprising:

program instructions to create a dataset of plume concen-

tration data;

program instructions to down sample the dataset to an

array at satellite resolution;
program instructions to partition the array into two sepa-
rate datasets according to a preset proportion;

program instructions to train two machine learning mod-
els on at least one of the two separate datasets, wherein
a first machine learning model of the two machine
learning models is for identifying a presence of a plume
and a second machine learning model of the two
machine learning models is for identifying a source
position and magnitude of the plume; and

program instructions to apply the two machine learning

models to new concentration data.

9. The computer program product of claim 8, wherein the
program instructions to create the dataset of plume concen-
tration data comprise:

program instructions to use synthetic plume model to

compute two-dimensional concentration data for a plu-
rality of wind and atmospheric conditions from a
plurality of positions and at a plurality of magnitudes;
and

wherein the synthetic plume model is selected from the

group consisting of: a superposition of gaussians
(SOG) model, a puff model, and a computational fluid
dynamics (CFD) model.

10. The computer program product of claim 8, wherein
the program instructions to create the dataset of plume
concentration data comprise:

program instructions to use collected actual two-dimen-

sional satellite concentration data at a given resolution
from known emission source locations.

11. The computer program product of claim 8, wherein the
program instructions to down sample the dataset to the array
at the satellite resolution comprise:

program instructions to arrange the dataset as a first array

of pixels with the plume at or near a center pixel of the
first array;

program instructions to down sample the first array of

pixels to a second array of pixels at the satellite
resolution, wherein at least half of the second array of
pixels contains the plume and a remainder containing
no plume.

12. The computer program product of claim 11, wherein
the program instructions to down sample the dataset to an
array at satellite resolution comprise:

program instructions to encode the source position of the

plume in the second array of pixels as a single number
corresponding to a pixel position relative to the center
pixel; and
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program instructions to aggregate data of the second array

of pixels and the source position in a single dataset.

13. The computer program product of claim 8, wherein
the program instructions to apply the two machine learning
models to the new concentration data comprise:

program instructions to apply the two machine learning

models to each pixel, in sequence, of a data patch of the
current concentration data.

14. The computer program product of claim 13, further
comprising:

responsive to receiving an output from the second

machine learning model of a subpixel position of a
detected plume source, program instructions to math-
ematically combine a respective pixel and the subpixel
position to form a single coordinate, wherein the
respective pixel is the respective pixel being run
through the two machine learning models; and
program instructions to log the single coordinate.

15. A computer system comprising:

one or more computer processors;

one or more computer readable storage media;

program instructions collectively stored on the one or

more computer readable storage media for execution by
at least one of the one or more computer processors, the
stored program instructions comprising:

program instructions to create a dataset of plume concen-

tration data;

program instructions to down sample the dataset to an

array at satellite resolution;
program instructions to partition the array into two sepa-
rate datasets according to a preset proportion;

program instructions to train two machine learning mod-
els on at least one of the two separate datasets, wherein
a first machine learning model of the two machine
learning models is for identifying a presence of a plume
and a second machine learning model of the two
machine learning models is for identifying a source
position and magnitude of the plume; and

program instructions to apply the two machine learning

models to new concentration data.

16. The computer system of claim 15, wherein the pro-
gram instructions to create the dataset of plume concentra-
tion data comprise:

program instructions to use synthetic plume model to

compute two-dimensional concentration data for a plu-
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rality of wind and atmospheric conditions from a
plurality of positions and at a plurality of magnitudes;
and

wherein the synthetic plume model is selected from the

group consisting of: a superposition of gaussians
(SOG) model, a puff model, and a computational fluid
dynamics (CFD) model.

17. The computer system of claim 15, wherein the pro-
gram instructions to create the dataset of plume concentra-
tion data comprise:

program instructions to use collected actual two-dimen-

sional satellite concentration data at a given resolution
from known emission source locations.

18. The computer system of claim 15, wherein the pro-
gram instructions to down sample the dataset to the array at
the satellite resolution comprise:

program instructions to arrange the dataset as a first array

of pixels with the plume at or near a center pixel of the
first array;

program instructions to down sample the first array of

pixels to a second array of pixels at the satellite
resolution, wherein at least half of the second array of
pixels contains the plume and a remainder containing
no plume;

program instructions to encode the source position of the

plume in the second array of pixels as a single number
corresponding to a pixel position relative to the center
pixel; and

program instructions to aggregate data of the second array

of pixels and the source position in a single dataset.

19. The computer system of claim 15, wherein the pro-
gram instructions to apply the two machine learning models
to the new concentration data comprise:

program instructions to apply the two machine learning

models to each pixel, in sequence, of a data patch of the
current concentration data.

20. The computer system of claim 19, further comprising:

responsive to receiving an output from the second

machine learning model of a subpixel position of a
detected plume source, program instructions to math-
ematically combine a respective pixel and the subpixel
position to form a single coordinate, wherein the
respective pixel is the respective pixel being run
through the two machine learning models; and
program instructions to log the single coordinate.
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