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(57) Abstract: A heat flow modeler preprocesses geological and heat flow data for an earth formation for inputting into a plurality of
supervised learning models. The heat flow modeler trains the plurality of supervised learning models on the preprocessed geological
data to estimate heat flow throughout the earth formation. The heat flow modeler interpolates the estimated heat flow values to a set
of desired locations in the earth formation and cosimulates the preprocessed heat flow values with the interpolated heat flow values
as auxiliary variables to generate a cosimulated heat flow map. A final heat flow map is generated by rasterizing the cosimulated heat
flow map.

[Continued on next page]



WO 2022/015310 A | [ 000|000 00O OO0 O

SA, SC, SD, SE, SG, SK, SL, ST, SV, SY, TH, TJ, TM, TN,
TR, TT, TZ,UA, UG, US, UZ, VC, VN, WS, ZA, ZM, ZW.

(84) Designated States (unless otherwise indicated, for every
kind of regional protection available): ARIPO (BW, GH,
GM, KE, LR, LS, MW, MZ, NA, RW, SD, SL, ST, SZ, TZ,
UG, ZM, ZW), Eurasian (AM, AZ, BY, KG, KZ, RU, TJ,
TM), European (AL, AT, BE, BG, CH, CY, CZ, DE, DK,
EE, ES, FI, FR, GB, GR, HR, HU, IE, IS, IT, LT, LU, LV,
MC, MK, MT, NL, NO, PL, PT, RO, RS, SE, SI, SK, SM,
TR), OAPI (BF, BJ, CF, CG, CIL, CM, GA, GN, GQ, GW,
KM, ML, MR, NE, SN, TD, TG).

Published:
—  with international search report (Art. 21(3))



(v

10

[
(v

20

30

WO 2022/015310 PCT/US2020/042313

ESTIMATION OF GLOBAL THERMAL CONDITIONS VIA COSIMULATIOR OF MACHINE
LEARNING OUTPUTS AND OBSERVED DATA

BACKGROUND

6001} The disclosure generally relates to the ficld of subsurface formation evaluation and more

particalarly to geological heat flow modeling

[6662] In order to have accurate heat flow and geothermal gradient values at a global scale,
heat flow and geothermal gradient is estimated at locations where measurcments are snavailable.
Estimation of heat flow and geothermal gradient provides boundary conditions for workflows
such as basin models that predict geothermal resource distribution, reservoir temperature,
hydrocarbon generation, ete. Typical methods use empirical relationships between heat
flow/geothenmal gradient and other geological parameters to generate geostatistical estimations.
These estimations are often aided by expert analysis based on prior knowledge about a

subsurface formation.

BRIEF DESCRIPTION OF THE DRAWINGS

{6083} Aspects of the disclosure may be better understood by referencing the accompanying
drawings.
{6084} Figure 1 is a schematic diagram of a machine learning geological flow modcler that gencrates

a raster heat flow map by cosimulating obscrved heat flow data and supervised machine learning model
Outpuis.

[B065] Figure 2 is an illustrative diagram of global carth formation models cosimulated using
outpuis of supervised learning models and observed heat flow data.

[B086] Figure 3 is a flowchart of example operations for determining a supervised machine learning
maodel most satisfying a model selection criterion.

(8087} Figure 4 is a flowchart of example aperations for generating a heat rap of an earth formation

using cosimulation.

[B008] Figure 5 depicts an example computer system with a beat flow cosumulator.
DESCRIPTION
EHERY The description that follows includes exarple systems, methods, techniques, and program

flows that embody aspects of the disclosare. However, it is understood that this disclosure may be
practiced without these spocific details. For instance, this disclosure refers to generating cosimulated heat
flow maps of an earth formation using machine learning model outputs and observed heat flow data in

illustrative examples. Aspects of this disclosure can be instead applied to generating cosimulated maps of
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other geological parameters such as crust thickness, sediment thickness, surface geology age, hithology,
etc. In other instances, well-known instruction instances, protocols, structures and technigues have not
been shown in detail in order not to obfuscate the description.

[6010] Overview

[6011] A heat flow modeler for accurately simmlating heat flow maps of carth formations by
costmulating outputs of trained supervised machine learning algorithms with observed heat flow data is
disclosed herein. Observational data for an earth formation (e.g. the earth. a region of the catth) is
aggregated for scveral geclogical parameters and heat flow values. The heat flow modeler receives the
aggregated observational data and filters out low gquality data points to vield high-quality filtered
observational data. The modeler normalizes the high-quality filtered observational data to be used to train
several candidate supervised machine learning models for modeling heat flow throvghout the carth
formation. The modeler then ¢valuates validation error and training ¢rror for the trained supervised
machine learning rmodels and selects one as an optimal trained supervised machine learning model based
on a model criterion. The optimal supervised machine learning model receives geological parameters for
an earth formation to be modeled and generates an estimated map of heat flow values throughout the
formation. The modeler then cosimulates heat-flow using the observed heat-flow values as the primary
variable and the estimated map of heat flow derived from the machine-learning model as a secondary
varigble. Cosimulating (¢.g. using kriging with external drift) the estimated/interpolated heat flow
values with the observed heat flow values produces a final map that got only matches the observational
data preciscly, but also uses machine learning as a mechanism to guide interpolation between
observations that integrates many geological parameters. Tests using previously unseen heat-flow
observations show that the resulting cosimulated heat-flow map 18 more accurate than cither a map
mterpolated from observations alone {2.g. using inverse distance weighting) or an cstimated map of heat-
flow derived from a supervised machine learning model and so alfows for reliable estimation of past and
present heat flow for the carth formation.

[6012] Example Hhustrations

[6013] Figuare 1 is a schematic diagram of a machine leaming geological heat flow modeler that
generates a raster heat flow map by cosimulating observed heat flow data and supervised machine
learning model outputs. A data filter 102 running on a machine learning geological heat flow modeler
100 recetves observed heat flow values 101 and geological data 103 for an carth formation. The data
filter 102 parses the observed heat flow values 101 and the geological data 103 to generate high-quality
geological data 105 and high-quality heat flow values 107. A data processor 104 receives the high-
quality geclogical data 105 and the high-quality heat flow values 107 and normalizes them for training
muitiple candidate machioe learning models 106 obtained from a supervised machine leaming model
database 108, Each of the candidate machine leaming models 106 from the supervised machine learning
model database 108 receives normalized geological data 109 and normalized heat flow vahues 111 from

the data processor 104, A machine learning model trainer 116 trains ¢ach of the candidate machine
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learning models 106 to estimate the normalized heat flow values 111 by inputting the normalized
geological data 109 o generate estimated heat flow values 113 and updating internal parameters as model
updates 123 based on the difference between the estimated heat flow values 113 and the normalized heat
flow values 111, Once each of the candidate machine learning models 106 is trained, a geothermal flow
interpolator 110 receives optimal trained machine leaming model outputs 115 from the one of the
candidate machine learning models 106 that most satisfies a model sclection criterion. The geothermal
flow interpolator 110 then generates an ioterpolated beat flow map 117 for heat flow throughout the earth
formation. A geothermal flow cosinwlator 112 generates a cosinwlated heat flow map 119 by
cosimulating the interpolated heat flow map 117 and the nonmalized heat flow values 111, Finally, a
spatial plotier 114 generates a raster heat flow map 121 using the cosimulated heat flow map 119 which it
sendds to a user interface 125 for display.

[6014} Figure 1 depicts vanious operations related to obscerving, transforming, and estimating heat
flow data. Aliernatively, any of these operations can be performed using geothermal gradient data.
Geothermal gradient measures the rate of temperature change along the vertical axis of an carth

formation. The heat flow and geothermal gradient are refated through the following equation:

where ¢g is the heat flow, ¢ is the thermal conductivity, T is the temperature, and 7 is the formation depth
(thus, %Z— is the geothermal gradient). Therefore, one can derive geothermal gradient from heat flow if
measwrements of thermal conductivity are available, and vice-versa. Estimating the geothermal gradient
allows for prediction of subsurface temperatares by propagating surface temperature data down the earth
formation using the estimated geothermal gradient values. The final raster heat flow map 121 can instead
be a raster map of geothormal gradient throughout the carth formation.

[6015] The geological data 103 can comprise age, lithology, sediment thickness, digital elevation,
topographic variability, basement age/tvpe/affinity, free air gravity, magnetic anomalies, locations of
geological features including rifts, depth to Mohorovicic discontinuity (Moho), P-wave velocity to Moho,
geothermal gradient, ¢tc. at various locations throughout the carth formation. Each data point, whether
categorical or numerical, comprises a longitude and latitude or relative longitude/latitude relative to some
frame of reference in the earth formation and, insome cases. a depth. The observed heat flow values 101
comprise heat flow values at various locations throughout the carth formation, also indexed by latitude,
fongitude, and depth. The data filter 102 receives and filters the geological data 103 and the observed
heat flow valnes 101, This filtering categorizes the observed heat flow values 101 according to
categorical geological data 1o the geological data 103 and removes anomalous/unrcliable data. The data
filter 102 can perform this filtering in two steps. First, categorical geological data in the geological data
103 is mapped to numerical values. For example, categorical data can be mapped to consecutive integers,
cach integer corresponding to a value in that category. Second, anomalous/unreliable data is removed.

For exaraple, for each type of geological data 103 and the heat flow values 101, basic statistical measures

(U9
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such as mean, standard deviation, median, etc. can be computed to determing and remove outhiers (e.g.
data points more than two standard deviations away from the mean). Data having duplicates at identical
latitnde and longitude can be merged by, for instance, taking a median of available values. Data at 0°
latimde/longitude can be removed as likely having incorrect location data. Those of the heat flow valucs

101 less than O can be filtered to remove localized variations corresponding to local phenomena such as

(]

hydrothermal circulation, hydrothermal recharge, etc. The resulting high-quality geological data 103 and
high-quality beat flow values 107 comprises more reliable geological data that better represents features
of the carth formation,

60167 The data processor 104 receives the high-quality geological data 1035 and the high-quality

10 heat flow values 107 and processes thern for inputting into supervised learning models from the
sapervised machine learning model database 108. This data processing inchudes normalization of the data
105, 107 to generate normalized geological data 109 and normalized beat flow values 111, For instance,
the data processor 104 can perform a linear transformation on the high-quality geological data 105 and
the high-quality heat flow values 107 to have mean 0 and standard deviation | for each geological

15 parameter. Other data normalization technigues, such as transformations to make the data resemble a
Ganssian distribution or uniform distribution, can be unplemented. The type of data normalization can
depend on the type of supervised machine learning models stored in the supervised machine learning
maodel database 108 and, in some embodiments, multiple types of data normalization can be used for
multiple types of models.

20 0017} The machine learning model trainer 116 teratively trains a candidate machine kearning model
106 using the normalized beat flow values 111 and the normalized geological data 109. The normalized
zeological data 109 (s divided into training and test data, and the machine learping model trainer 116
wputs test data inlo each of the candidalc machine Iearning models 106 (Concurrently or at different
tiraes). Each candidate machine learming modet 106 receives the test data and gencerates estimated heat

25 flow values 113, The estimated heat flow valoes 113 are compared {o the nonualized heat flow vahies
111, and based on the difference. the machine learning model trainer 116 updates internal parameters of
the corresponding one of the candidate machine learning models 106 as the model updates 123. For
example, if one of the candidate machine learning models 106 is a neural network, the value of a loss
function of the cstimated heat flow values 113 and the normalized heat flow values 111 propagates

30  through the internal layers of the neural network using gradient descent and the updates layers comprise
the model updates 123. The machine leaming models stored in the supervised machine lcaming model
database 108 ¢can be any type of supervised machine learning model of varying conplexity including
linear/ridge/lasso regression models, support vector meachines, k-nearest neighbar clustering, decision
trees, gradicnt boosting, random forests, neural networks, eic,

[6018] Once cach of the candidate machine learning models 106 is rained, the final estimated heat

3
U

flow values 113 arc evaloated for the trazning and test data in order to determine how well cach of the

candidate machine learning models 100 satisfics a model criterion. This model criterion can be a mean
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absohite error, a root mean squared error, a mean squared error, an R-squared value, etc. for the test and
training data against the estimated heat flow values 113, The errors for test and training data can be used
as a weighted average in the model criterion to balance underfitting and overfitting. Satistyving the model
criterion thus corresponds to having a low weighted average of errors. The model criterion can further
include a metric of model uncertainty, and the evaluation of the model criterion can include a gnalitative
evaluation of models using an expert uncertainty analvsis.

60197 The geothermal flow interpolator 110 recetves the optimal trained machine learning owodel
outputs 115 from the one of the candidate machine leaming models 106 that most satisfics the model
criterion. The geothermal flow interpolator 110 interpolates the optiral trained machine lcarning model
outputs 115 throughout the carth formation to generate the interpolated heat flow map 117, For instance,
the geothermal flow interpolator 110 can use inverse distance weighting (e.g., Shepard’s method) or any
other irterpolation method to determine heat flow valnes at a set of locations throughout the carth
formation that are not included in the optimal trained machine leaming model outputs 115 {e.g., a gnid of
points throughout the carth formation at a prespocified granularity).

{6026} Although the geothermal flow interpolator 110 is depicted as interpolating the optimal trained
machine leaming model outputs 113, in some embodiments the geothenmal flow interpolator 110 can
instead interpolate geological data 103 prior to inputting the data into an optimal trained machine leamning
maodel from the machine learning model trainer 116, Because the geological data 103 can be more
widespread than the observed heat flow values 101, interpolating the geological data 103 as oppesed to
the optimal trained machine learning model outputs 115 means that the optimal trained machice learping
madel generates predictions across all locations where there is geological data 103 as opposed to
interpolating the predictions themselves. For categorical data in the geological data 103, the geothermal
flow interpolator 110 can use an interpolation method more suitable to discrete data. For instance, the
geothermal flow interpolator 110 can assign a categorical value to cach vuknown data point to its; nearest
neighbor in the set of known data points in the geological data 103, For continuous data in the geological
data 103, the aforementioned inverse distance weighting interpolation method can be used or any other
interpolation methods such as curvature interpolation, spline interpolation, ¢tc. Once interpolated, the
geological data 103 can be further processed by the data filter 102/data processor 104 to and input into the
optimal frained machine learning model to generate optimal trained machine learning model outputs 115
over a wider set of locations. Interpolation before applyving the candidate machine learning models 106
can result in better predictions that are more adapted to the data throughout the geological formation.
[6021] The geothermal flow cosimulator 112 receives the interpolated heat flow map 117 and the
hgh-quality beat flow values 107 and cosimulates them to generate the cosimulated heat flow map 119.
For example, the geothermal flow cosinlator 112 can use kriging with exterpal drift with the high-
quality heat flow valoes 107 as the dependent variable and the interpolaied heat flow map 117 as the
auxiliaty variables. If {x;}), are the locations of the high-quality heat flow values 107, x, is a new

location among the locations of the interpolated heat flow map 117 for heat flow to be estimated, g{x,) is
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the estimated heat flow vahues in the interpolated heat flow map 117 at xg, and 2 = [2{xy), .., z{xy}] s a
vector of normalized beat flow values 111 at known locations, then the cosimulated value Z(xq) at the
ew Jocation x; can be computed as 2(xg) = SV, wi{xg)z{x;). The kriging weights {w;{x,}¥., are
computed by solving the equation
fwi (), o Wiy (o), @(xp)} = G o
where ¢q = {€ (x5, X}, .., Clxg. x5 1, N7 is a vector of covariances at xg, p{xg} is a Lagrange

mudtiplier, and £, is an extended covartance matrix of residuals:

{C(Xlaxl) o Clxpxy) 1 ‘?(xi)}

Cres = iC(erxl) o Claxy) 1 Q’Uf‘m)i
1 1 0 0

i. C{(Yl) q<3CN) G 0] j

Other cosimulation algorithms such as regression-kriging can be used.

[6022] The spatial plotter 114 receives the cosimulated heat flow map 119 and uses the heat flow
values therein to gonerate the raster heat flow map 121, The raster heat flow map 121 can be generated
by standard rasterization algorithms that implement methods soch as scantine rendening, Bresenham’s line
algorithm, a digital differential analvzer, ¢ic. The rasterization can further include a graphics pipeline
with an application step and a geometry siep to gencrate primitives (¢.g., polygonal objects) that are then
rasterized o creale the final beat flow map.

{6623} The operations in Figore 1 are depicied as modeling heat flow throughout an earth formation.
In addition or alternatively, the heat flow modeler can be trained to estimate any of the aforementioned
geological parameters of the carth formation at unknown locations. Historical data for the carth
formation such as paleo~clevation, paleo~sediment thickness, crust age, and apatite fission can be used as
input into the machine learning geological heat flow modeler 100 to estimate historical heat flow at a
point in time in the past. The estimated historical heat flow can be used to inform current geological
model for other geclogical parameters,

[6024] Figure 2 is an tllustrative diagram of global carth formation models cosimulated using
outputs of supervised learning models and observed heat flow data. A heat flow modeler 202 receives
observed heat flow data 201, and geological paramcters including crust thickness data 203, frec ar
gravity anomaly data 203, and ithosphere type data 207, The heat flow modeler 202 generates a
multtvariate model 209 of heat flow of the global earth formation using cutputs of a sapervised machine
learning model most satisfving a model criterion as previgusly described. A geothermal flow cosimudator
204 cosirmvdates the observed heat flow data 201 with the multivaniate model 209 to gencrate a
cosinmation of heat flow 211 in the global carth formation. Finally, a spatial plotter 206 gencrates a final
heat map 213 of the global carth formation using the cosimulation of heat flow 211,

10025] Although depicted for 3 types of geological parameters in the data 203, 205, and 207, any of
the aforementioned geological parameters can be used as input to the heat flow modeler 202 in addition to

the observed heat flow data 201, The heat flow data 201 appear as dots for cach location in Figure 2, but
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actually represent a value for heat flow at each of the locations corresponding to a dot in the observed
heat flow data 201, The heat flow modeler 202 preprocesses the data 201, 203, 205, and 207 and uses the
various data to train and select a supervised machine learming model that most satisfies a model criterion
to generate the multivariate model 209 of the carth formation. The depicted multivariate model 209 is
interpolated to a set of locations through the earth.

[6026] The cosimmlation of heat flow 211 is depicted with dots at each of the locations of the
observed heat flow data 201, however these dots represent heat flow values at each of the corresponding
Iocations. These values may differ from the values in the observed heat flow data 201 dependiog on the
algorithim used for cosimulation. The depicted data 201, 203, 205, and 207 and the models 209, 211 are
rasterizations of the corresponding heat flow and geological parameter values. Conversely, the final heat
map 213 1s an achual representation of the raster heat map generated from the costmulation of heat flow
211 by the spatial plotter 206.

{6027} Figures 3 and 4 are flowcharts for model selection and heat map generation with
cosimulation. The example operations in Figures 3 and 4 are described with reference to a heat flow
modeler for consistency with the carier figure(s). The name chosen for the program code is not to be
limiting on the claims. Structure and organization of a program can vary due to platform,
programumer/architect preferences, programming language, etc. In addition, names of code units
(programs, modules, methods, functions, etc.) can vary for the same reasons and can be arbitrary.

(8028} Figure 3 is a flowchart of example operations for determining and selecting a supervised
machine learning model most satisfying a model selection criterion. At block 301, the heat flow modeler
filiers geological and beat flow data for an carth formation. The geological data can be categorical or
numerical data and can correspond to various geological properties of an earth formation including
lithotvpe data, crust thickaess data, free gravity anomaly data, basement data, elevation data, sedirnent
thickness data, Moho data, ctc. The heat flow data corresponds to observed heat flow at various locations
throughout the earth formation. The filtering operation includes removing outliers from the geclogical
and heat flow data, removing or merging redundant data, removing unreliable or fanlty data, etc. Outliers
can include numerical data outside of a threshold distance from the mean and data corresponding to
localized geological phenomena (e.g. hydiothermal recharge). Redundant data includes duplicate data
and data with identical locations in the earth formation and can be merged by computing a mean of
mumerical data values. Unreliable or faulty data includes data with zero longitude/latitnde coordinates
(indicating a faulty location).

[6029] At block 303, the heat flow modeler normalizes the filtered geological and heat flow data for
a plurality of supervised machioe learping maodels. Normaliziog the data comprises mappiog categorical
geological data onto numerical data using an integer scale with a sumber of entries identical to the
munber of categories for each categorical geological paramseter. The data can be further normalized to be
more effective for training a particular type of supervised machine leaming model. For example, when

the supervised machine kearning model is a neural network, the data can be normalized to have zero mean
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and standard deviation one for each nomerical paramcter, can be normalized to resemble a Gaussian
distribution (or other desired distribution), and can be supplemented by data augmentation ¢.g. by random
rotations/translations of the data. Multiple normalizations of the geological and heat flow data can be
stored corresponding to different models 1o be implemented.

[6030] At block 303, the heat flow modeler begins iterating over the plurality of supervised machine
learning models. Supervised machine learning models in the plurality of machine learning models can be
of different types and can have different input formats, different acchitectures, different output types, etc.
[6031] At block 307 the heat flow modeler trains the current supervised machine learning model
with a training subsct of the normalized heat flow and geological data corresponding to the current
supervised machine learning model generated at block 303. The training can depend on the type of
supervised leaming model and can consist of a single ftcration (e.g. matrix inversion {or a regression
model) or a sequence of Herations with a termination criterion (¢.g., for a ncoral network, gradient
booster, ¢tc.). Once trained, the trained supervised machine learning model can be validated on a testing
subset of the normalized heat flow and geological data.

[6032] At block 309, the heat flow modeler evaluates the trained supervised machine learning model
trained at block 307 using a model selection criterion. The model selection criterion can vary depending
on the type of supervised machine leamning model. For instance, for a regression model the model
sclection criterion can include training crror, validation crror, and a model uncerfainty analvsis related to
probability distributions generated on the regression coefficients. Conversely, for a peural network a
maore sophisticated uocertainty analysis combining a Bayesian model with the neural network framework
can be used. The model criterion can include bath a guantitative (¢.g. test and training error) component
and a qualitative {¢.g. vacertainty analysis) component,

{6633} Atblock 311, the heat flow modeler determines whether there 1s an additional model in the
pharality of sapervised machine learning models. If an additional model is found, operations return to
block 305, Otherwise, operations contimie to block 313,

[6034] Atblock 313, the heat flow modeler selects a trained model from the plurality of supervised
machine learning models most satisfying the model criterion. The trained model 1s selected based on the
model sclection criterion evaluated at block 309. In some embodiments, the model criterion is a
quantitative metric (c.g. a weighted combination of training crror and test error) and the trained model
most satisfying the model selection criterion is the trained mode] with the smallest quantitative metric.
Alternatively, when the mode] selection criterion includes a quantitative and qualitative metric, the model
selection criterion can comprise an expert evaluation of cach model and its” merits and/or disadvantages
for modeling heat flow based on the chosen carth formation, the amount of available training data, the
qualitative and quastitative model selection metrics, etc. In embodiments where models are evaluated
psing different model criteria, the model most satisfying the model criterion can be chosen by a combined
rapking system using rankings of the respective quantitative and qualitative metrics. Rankings of models

using goalitative metrics such as model uncertainty can be dore by a domain expert performing a
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gualitative analysis on the respective models. Models having different quantitative metncs can be ranked
by normalizing the quantitative metrics to a common scale, for instance, normalizing the metrics to have
values between 0 and 1 or to resemble a probability distribution (e.g. standard normal Gaussian).
Combining the quantitative and qualitative model rankings can comprise assigring scores to cach model
based on their respective rankings and adding the scores for the quantitative and qualitative rankings. The
final ranking can be detenmined by the sum of scores for cach model. Selection of the model may be
identifving a memory location of the trained model, storing an identificr or reference of the trained model,
passing a reference 1o the trained model to another process, efc.

60357 Figure 4 1s a flowchart of exaraple operations for generating a heat map of an carth formation
psing cosimulation. At block 401, a heat flow modeler determines and selects a trained supervised
machine learning model most satisfving a model selection criterion. The operation at block 401 15
described in greater detail with reference to Figure 3.

{6036} At block 403, the heat flow modeler generates ¢stimated heat flow vahies with the trained
supervised machine learning model most satisfving a model sclection criterion determined at block 401,
The estimated heat flow values are generated by inputting normalized geological data for the earth
formation into the trained supervised maching learning model

[B6037] Atblock 405, the heat flow modeler interpolates geothermal heat flow throughout the carth
formation using the estimated heat flow values generated at block 403, The interpolation populates heat
flow values at locations throughout the earth formation using the estimated values at a subsct of locations.
The locations can be arranged in a grid of some granularity or can be a set of locations of interest (¢.g.,
known kocations of drill sites). The interpolation can occur using any standard interpolation techniguces
2.g. by computing a weight linear combination of nearby estimated geothermal heat flow vahies when
mterpolating unknown heat flow values. Inverse distance weighting can be ased to interpolate these
unknown heat flow values.

{6638} Althoogh depicted as occurring after gencrating estimated heat flow vahues with the selected
trained model, the operation in block 405 can be performed on input geological data prior to generating
estimated heat flow values with the sclected trained model at block 403 . The heat flow modeler can then
apply appropriate interpolation methods to different geological data, for example interpolate categorical
data in the filtered geological data using a different interpolation method (e.g. nearcst neighbors) than the
continuous data in the filtered geological data and beat flow data which can be inferpolated using the
various aforementioned methods.

[6039] At block 407, the heat flow modeler cosimulates the interpolated heat flow values gencrated
at block 403 with the observed heat flow data. Any standard costmulation algorithro for geostatistical
cosimulation incladiog regression-kriging, kriging with external drift, etc. The resuliing cosimulated
valies comprise values of heat flow throughout the carth formation that incorporate the estimated heat

flow valucs while remaining truc to the obscrved heat flow data.
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{6046} Atblock 409, the heat flow modeler gencrates a raster map of beat flow in the carth
formation using the cosimulated heat flow values. The raster map can be gencrated in three stages — an
application stage, a geometry stage, and a rasterization stage. The application stage compriscs spatial
subdivision schema that subdivide the heat flow vahaes in the carth formation, with fincr subdivisions for
denscer locations of heat flow values (¢.g. using Quadirees or Octrees). The geometry stage comprises a
sequence of geometrical transformation (c.g. rotation, projection) to gencrate a set of primitives
comprising polygonal shapes to be rendered at the rasterization stage. The rastenzation stage converts the
primitives generated at the geometry stage into a set of discrete pixels based on a set of rasterization rules
that ensures the primitives are accurately discretized. Less coraplex schema can be used for simpler heat
flow models. For instance, if the heat flow values are a 2-dimensional grid, the raster map can comprise a
pixel for each point on the grid, each pixel compnsing a shade corresponding to the magnitude of the heat
flow valuc at the point on the grid.

{6041} The flowcharts are provided (o aid 1o understanding the ilhustrations and are not to be used to
limit scope of the claims. The flowcharts depict example operations that can vary within the scope of the
claims. Additional operations may be performed; fewer operations may be performed; the operations may
be performed in paralleh and the oporations mav be performed in a different order. For example, the
operations depicted in blocks 301 and 303 can be performed 10 parallel or concurrently. With respect to
Figure 4, generating a raster map of heat flow in the earth formation is not necessary. It will be
understond that each block of the flowchart ilustrations and/or block diagrams, and combinations of
blocks in the flowchart hustrations and/or block diagrams, can be implemented by program code. The
program code mav be provided 1o a processor of a general purpose computer, special purpose compuiar,
or other programmable machine or appanatus.

(6042} As will be appreciated, aspects of the disclosure may be embodied as a system, method or
program code/instroctions stored in one or more machine-readable media. Accordingly, aspects may take
the form of hardware, software (including firmware, resident software, micro-code, eic.}), or a
combination of software and hardware aspects that may all generally be referred to herein as a “circuit,”
“module” or “system.” The functionality presented as individual modules/units in the example
illustrations can be organized differently in accordance with any one of platform (operating svstem and/or
hardware), application ccosystem, interfaces, programmer preferences, programming language,
administrator preferences, etc.

[6043] Any combination of onc or more machine~recadable medium(s) may be utilized. The
machine-readable medium may be a machine-readable signal medium or a machine-rcadable storage
medimm. A maching-readable storage medium may be, for example, but not lunited to, a system,
apparatus, or device, that employs any one of or combination of cloctronic, magnetic, optical,
clectromagnetic, infrared, or semiconductor technology to store program code. More specific examples
{a non~cxhaustive list) of the machine-readable storage mediom would inclnde the following: a portable

compuler diskette, a hard disk, a random access memory (RAM), a read-only memory (ROM), an
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erasable programimable read-only mermory (EPROM or Flash memory), a portable compact disc read-ondy
memory {CD-ROM), an optical storage device, a magnetic storage device, or any suitable combination of
the foregoing. In the context of this document, a machine-readable storage medinm may be any tangible
medinm that can contain, or store a program for use by or in connection with an instruction execution
system, apparatus, or device. A machine-~readable storage medium is not a machine-~readable signal
mednim.

G044} The program code/instructions may also be stored in a machine-readable medium that can
direct a machine to fonction in a particular maoner, such that the instroctions stored 1 the machine-
readable medium produce an article of manufacture 1ncluding instructions which implernent the
function/act specified 1n the flowchart and/or block diagram block or blocks.

[6045] Figure 5 depicts an example computer system with a heat flow cosimulator. The computer
system inchudes a processor 501 {possibly incluoding multiple processors, multiple cores, multiple nodes,
and/or implementing muolli-threading, etc). The computer system includes memory 507. The memory
507 may be system memory or any one or more of the above already described possible realizations of
machine-readable media. The computer system also includes a bus 503 and a network interface 505. The
system also includes a heat flow cosinmiator 511. The heat flow cosinwlator 511 cosimulates estimated
heat flow from a supervised machine learning model most satisfving a model crterion and observed heat
flow values as described variously above. Any one of the previously described functionalitics may be
partially (or entirely) implemented 1o bardware and/or on the processor 501, For example, the
functionality may be implemented with an application specific integrated circuit, in logic implermented in
the processor 501, in a co-processor ot a peripheral device or card, etc. Further, realizations may include
fewer or additional components not tHustrated in Figore 5 {(¢.g., video cards, audio cards, additional
network interfaces, peripheral devices, ¢ic.). The processor unit 501 and the network mterface 505 are
coupled to the bus 503, Although illustrated as being coupled to the bus 503, the memory 507 may be
coupled to the processor 501,

[6046] While the aspects of the disclosure are described with reference to various implementations
and expleitations, it will be understood that these aspects are illustrative and that the scope of the claims
is not limited to them. In general, techniques for cosimmlating estimated heat flow and observed heat
flow to increase accuracy of a resultant heat flow map as described hercin may be implemented with
facilities consistent with any hardware system or hardware systems. Many variations, modifications,
additions, and improvements are possible.

[6047] Plural instances may be provided for components, operations or structures described hercin as
a single iostance. Finally, boundaries between various components, operations and data stores are
somewhat atbitrary, and particular operations are illusteated 1p the context of specific ilustrative
configurations. Other allocations of functionality are envisioned and may fall within the scope of the
disclosure. In general, structures and functionality presented as separate components in the example

configurations may be implemented as a combined structure or component. Similarly, structures and
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functionality presented as a single component may be implemented as separate components. These and
other variations, modifications, additions, and improvements may fall within the scope of the disclosure.

[6048] Terminology

[6049] Usec of the phrase “at least one of " preceding a list with the conjunction “and” should not be
5 treated as an exclusive list and should not be construed as a list of categories with one item from each
category, unless specifically stated otherwise. A clause that recites “at lcast onc of A, B, and C7 canbe
infanged with only one of the histed ttems, nultiple of the listed 1tems. and one or more of the items in the
list and another item not listed.
{6050} Exanwple Eobodiments
16 [0051] Embodiment 1; A method comprising, for cach supervised learning meodel in a plurality of

supervised leaming models, training the supervised learning model to cstimate a plurality of heat flow
values based, at Ieast in part, on a plurality of preprocessed geological parameter values that at least
inchude a plurality of observed heat flow values, determining which of the phurabity of trained supervised
learning models most satisfics a corresponding model selection criterion, and based on a first of the

15 plurality of trained supervised learning models most satisfying the corresponding model selection
criterion, cosimulating the estimated phurality of heat flow vabues of the first trained supervised learning
model and the plurality of observed heat flow values to generate a cosiipulated heat flow map.
[0052] Embodiment 2: The method of Embodiment 1, wherein the model selection criterion

comaprises a weighted combination of a model training orror and a model validation error,

20 [0033] Embodiment 3: The method of one or more of Embodiments 1-2, whercin the model
selection catenion further comprises a model uncertaingy value.
{0034} Embodiment 4: The method of one or more of Embodiments 1-3, whercin cosimulating the
estimated plurality of heat flow values and the plurality of observed heat flow valoes comprises krging
with external drift using the plarality of obscrved heat flow valucs as dependent variables and the

25 estimated plarality of heat flow values as auxiliary variables.

{6035} Embodiment 5: The method of one or more of Embodiments 1-4, further comprising
interpolating an initial plarality of geological parameter values to generate the plurality of preprocessed
geological parameter values.
[6056] Embodiment 6: The method of one or more of Embodiments 1-5, wherein cosimulating the
30 estimated plurality of heat flow values of the first trained supervised learning model comprises
interpolating the estimated plurality of heat flow vahues to a set of locations throughout an carth formation
to generate an interpolated plurality of heat flow values and cosimulating the pharality of obscrved heat
flow values and the interpolated phurality of heat flow vahies.

6057} Embodument 7: The method of one or more of Embediments 1-6, further comprising

a3
(o

preprocessing a plurality of geclogical parameter values to generate the plurality of preprocessed

geological parameter values.

12



(]

10

30

a3
(o

WO 2022/015310 PCT/US2020/042313

{6038} Embodiment 8: The method of one or more of Embodiments 17, whercin preprocessing the
plurality of geological parameter values comprises filtering the geological parameter values fo, at least
one of, remove redundant data, merge redundant data, remove anomalous data, remove fauity data, or
remove vnreliable data.

[6059] Embodiment 9: The method of one or more of Embodiments 1-8, whercin preprocessing the
plurality of geological parameter values comprises normalizing at least some of the geological parameter
values.

[6066] Embodiment 10: The method of one or more of Embodimenis 1-9, wherein normalizing at
least some of the plurality of geological parameter valucs comprises mapping categorical geological data
to mumerical geological data, wherein the plorality of gealogical parameter values include the categorical
geological data and the numerical geclogical data.

jod6i] Embodiment 11: The method of one or more of Embodiments 1-10, further comprising
deterruning, for cach of the phurality of trained supervised learning models, which of a plurality of model
selection criteria corresponds to the trained supervised learning model based on model type, wherein
determning which of the plurality of trained supervised learning models most satisfies a comresponding
maodel selection criterion comprises evaluating cach of the plurality of trained supervised learning models
against the corresponding one of the plurality of mode] selection criteria,

[08062] Embodiment 12: A non-~transitory, computer-readable medium having instructions stored
thereon that are executable by a computing device to perform operations comprising, for each supervised
learning model 10 a phurality of supervised learning models, train the supervised learmning model to
estimate a plurality of heat flow values based, at least in part, on a plurality of preprocessed geological
parameter values that at least include a plorality of observed beat flow values, determaioe which of the
phurality of trained supervised learning models most satisfics a corresponding model selection criterion,
and based on a first of the plurality of trained supervised learning models most satisfying the
corresponding model selection criterion, costnvalate the estimated plurality of heat flow values of the first
trained supervised learming model and the plurality of observed heat flow valies to generate a
cosimulated heat flow map.

[0063] Embodiment 13: The non-transitory, computer-readable medium of Embodiment 12, wherein
the model selection criterion comprises a weighted combination of a mode] training error and a model
validation error.

[6064] Embodiment 14: The non-transitory, computer-readable medium of one or more of
Embodiments 12~13, wherein the model sclection criterion further comprises a model uncertainty value.
[6065] Erbeodiment 15: The non-transitory, computer-readable medwon of one or mare of
Embodiments 12-14, wherein the instructions exccutable by the computing device to cosimmulate the
cstimated phurality of heat flow values and the phurality of observed heat flow values comprise
instructions to knge with external daft using the phurality of obscrved heat flow values as dependent

varigbles and the estimated plurality of heat flow values as avxiliary variables.
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{6066} Embodiment 16: The non-transitory, computer-readable medivm of one or more of
Embodiments 12~15, further comprising instructions executable by the computing device to interpolate an
imtial plurality of geological parameter values 1o generate the plarality of preprocessed geological
parameter values.

[6067] Embodiment 17: An apparatus comprising a processor, and a computer-readable medium
having instructions stored thercon that are executable by the processor to cause the apparatus to, for cach
supervised lcaming model i a plurality of supervised learning models, train the sopervised learming
model t¢ estimate a plurality of geothermal gradient values based, at least in part, on a plurality of
preprocessed geological patameter values that at least include a plurality of observed geothermal gradient
vahies, determine which of the plurality of trained supervised learning models most satisfics a
corresponding model selection criterion, and based on a first of the phurality of trained supervised
learning models most satisfying the corresponding model selection critenion, costmulate the estimated
plurality of geothermal gradient values of the first trained supervised learning model and the plarality of
observed geothermal gradient values to generate a cosimulated geothermal gradient map.

[6068] Embodiment 18: The apparatus of Embodiment 17, wherein the model selection criterion
comprises a weighted combination of a model training error and a model validation error,

[6069] Embodiment 19: The apparatus of one or more of Embodiments 17-18, wherein the model
sclection criterion further comprises a model uncertainty value,

[6078] Embodiment 20; The apparatus of one or more of Embodiments 17-19, fusther comprising
wstructions executable by the processor to cause the apparatos to estimate subsurface temperatures based,

at least in patt, on the cosimulated geothermal gradiont nap.
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WHAT IS CLAIMED {5:

1 A method comprising:

for cach supervised leaming modcl in a plurality of supervised learning models, training the
supervised learning model to estimate a plurality of heat flow values based, at least in
part, on a plurality of preprocessed geological parameter values that at least include a
plurality of observed heat flow valucs;

determining which of the plurality of trained supervised learning models most satisfics a
corresponding model selection crtenon; and

based on a first of the plarality of trained supervised leaming models most satisfying the
corresponding model selection criterion, ¢cosimulating the estimated plurality of heat flow
valoes of the first trained supervised learning model and the phurality of observed heat

flow values to generate a cosimulated heat flow map.

2. The method of claim 1, wherein the model selection criterion comprises a weighted combination

of a model training error and a model validation error.

98]

The method of claim 2, wherein the model selection criterion further comprises a model

uncertataty value.

4. The method of claim 1, wherein cosinndating the estimated plurality of heat flow values and the
phurality of observed heat flow values comprises kriging with external drift using the plurality of observed
heat flow valies as dependent variables and the estimated phurality of heat flow vahies as auxiliary
variables.

5. The method of claim 1, further comprising interpolating an initial pharality of geological

parameter values to generate the plurality of preprocessed geological parameter values.

6. The method of claim 1, whercin cosimulating the estimated plurality of heat flow values of the
first trained supervised learning model comprises interpolating the estimated plurality of heat flow values
to a sct of locations throughout an earth formation to generate an interpolated phurality of heat flow values
and cosimulating the plarality of observed heat flow values and the inlerpolated phurality of heat flow
values.

7. The method of claim 1, further comprising preprocessing a plurality of geological parameter

values to gencrate the plurality of preprocessed geological parameter vakues.
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. The method of claim 7, wherein preprocessing the plurality of geclogical parameter values
comprises filtering the geological parameter values 1o, at least one of, remove redundant data, merge

redundant data, remove anomalous data, remove faulty data, or remove unrcliable data.

9. The method of claim 7, wherein proprocessing the plurality of geological parameter valucs

comprises normalizing at least some of the geological parameter values.

16 The method of claim 9, whercin normalizing at least some of the plurality of geclogical
parameter values comprises mapping categorical geological data to numercal geological data, wherein
the phurality of geological parameter valucs inchude the categorical geological data and the numerical

geological data.

it The method of claim 1, further comprising determining, for each of the plurality of trained
supervised lcaming modcels, which of a pharality of model selection criteria corresponds fo the trained
supervised leaming model based on model type, wherein determining which of the plurality of trained
supervised lcaming models most satisfics a corresponding model selection critorion comprises cvaluating
cach of the plurality of trained supervised lcaming models against the corresponding one of the plorality

of model selection criteria.

12. A nop-transttory, computer-readable medivm having instractions stored thereon that are
executable by a computing device o perform operations Comprising:
for cach supervised learming model i a pluralily of supervised learning models, train the
supervised learning model to estimate a plurality of heat flow values based, at least in
part, on a phirality of preprocessed geological parameter values that at least include a
phurality of observed heat flow values;
determine which of the plurality of trained supervised learning models most satisfics a
correspanding madel selection criterion; and
based on a first of the plurality of trained supervised lcarning models most satisfving the
cortespanding model selection criterion, cosinmlate the estumated pluraiity of heat flow
values of the first trained supervised learmning model and the plurality of observed heat

flow values to generate a costmulated heat flow map.

i3. The non-transitory, computer-readable medium of claim 12, wherein the model selection

criterion conprises a weighted combination of a model training error and a model validation error.

14. The non-transitory, computer-readable medium of c¢laim 13, wherein the model selection

criferion further comprises a model uncertainty value,
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i3 The non-transitory, computer-readable medium of claim 12, wherein the instmctions executable
by the computing device to cosimulate the estimated plarality of heat flow values and the plurality of
observed heat flow values comprise instructions to krige with external drift using the plurality of observed
heat flow values as dependent variables and the estimated pharality of heat flow values as auxiliary

variables,

16. The non-transitory, computer-readable medium of claim 12, forther comprising instractions
executable by the computing device o nterpolate an initial plurality of geclogical parameter vahues to

gencrate the plurality of preprocessed geological paramcter valuces.

1

=¥

Agn apparatus comprising:
a processor; and
a computer-readable medium having instructions stored thereon that are executable by the
Processor to cause the apparatus 1o,
for each supervised learning model in a plurality of supervised learning models, train the
supervised learning model 1o estimate a plurality of geothermal gradient values
based. at least in part, on a plurality of preprocessed geological parameter values
that at least include a plurality of observed geothermal gradient values;
determine which of the plurality of taained supervised learpiog roodels most satisfies a
corresponding model selection criterion; and
based on a {irst of the plurality of trained supervised leaming models most satistying the
corresponding model selection criterion, costrudate the estimated plurality of
geothermal gradient values of the first trained supervised learning modet and the
plurality of observed geothermal gradient values to gencrate a cosimuldated

geothermal gradient map.

i8. The apparatus of claim 17, wherein the model selection criterion comprises a weighted

combination of a model training error and a model validation error.

i9. The apparatus of claim 18, wherein the model selection criterion further comprises a model

uncertataty value.

20. The apparatus of claim 17, further comprising nstructions exccutable by the processor to cause
the apparatus to estimate subsurface temperatures based, at least in part, on the cosimulated geothermal

gradient map.
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