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Abstract

Data on the thermal properties ofsedimentary rocksare necessary for
thermohydrodynamic modelling of physical processes occurring within a reservoir
during thermal enhanced oil recovely;, basin and petroleum system modelling,
temperature logata interpretatiorandheat flow determination. The limitations of
the existing techniques fan situ rock thermalproperty measurements and
numerous cases witthe absence of core samples require the development of
methods for rock thermagbroperty detemination based on wdlhgging data.
Existing approaches faleterminingock thermal properties from wddigging data

are appropriate only for isotropic rocksd do not allow reliableletermirations of

rock volumetric heat capacitysince many rockypes exhibit a considerable degree
of heterogeneity and anisotropy, advanced approaches for wellasagl
determination of rock thermal properties aeeessaryl he implementation aefnew
thermal core logging technique, which provides continuous agidpinécision
measurements of the principal componentthethermal conductivittensor and
volumetric heat capacity from core samples, enabled the development of a new
framework for the indirect determination of rock thermal properties.n&w
technique dér the simultaneous determination of rock thermal conductivity and
volumetric heat capacity from wddigging data accounting for thermal anisotropy
heterogeneityandin situthermobaric conditionwas developed antkestedn vast
representative experim&@al datgetfrom various hydrocarbon fieldsancluding
organicrich shales and heavy oil field he novelty of thetechnique includes
integration of thermal core logging and well logging data thedapplcation of
theoretical models and regression analgg means omachine learnintechniques

The implementation of the novel wddlg based technique for determining rock
thermal properties allowed obtaining new data on vertical variatioeslkothermal
properties antieat flow densityhatenhanced thquality of the subsequent studies
of hydrocarbon fields
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Chapter 1. Existing well-log based approaches for determining rock
thermal properties: current state-of-the-art

1.1Applications of data on rock thermal properties

Diversification of applied tasksgeological and geophysical investigations of
hydrocarbon fields during 20€®020 resulted inthe increasednecessity b
representative and reliable data on rock thernogignties. The data on rock thermal
properties are requirddr prospecting, exploration and development of hydrocarbon
fields.

An essential method for assessing hydrocarbon field potential in the
prospecting stags basinand petroleum system modelling KBM). Thecritical
aspect of BPSM iareconstruction ofhermal basirhistory that is to a significant
degree determined by rock thermal properties and heat flow density. Twetggtper
uncertainty in data on rock thermal properties or in data orflb@atlensity in some
casedeadsupto 100%over or underestnation of hydrocarbon reserves (Hicks et
al., 2012).

In theexploration stage, the modern experimental base of thermal petrophysics
(Popov et al., 2016; Popdv et al., 2028) providesan effectve solution of the
following applied tasks:

1. ldentification of peculiarities of geological setting via the data on basic
physical properties of rocks thermal conductivity and volumetric heat
capacity PopoVE. et al., 2020).

2. Assessment of rodiketerogeneityPopov E. et al., 2019)

3. Assessment of rodkiermal anisotropthat is a distinguishg characteristic
for many rock types including orgarnich shalegPopov et al., 2017)
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4. Registering detailegrofiles oftotal organic carbon contefur organicrich
shalegPopov E. et al., 2020).

5. Interpretation of temperature logging dé®aulser& Balling, 2012)

6. Registering and interpreting vertical variations of heat flow derssigy
terrestrialheat flow density (Emmermann et al., 1997; Popov etl8P9;
Kukkonenetal., 201 %tc).

In thedevelopment stage, the data on rock thermal properties are required for
thermohydrodynamic modelling of physical properties that occur when thermal
enhanced oil recovery (EOR) methods are utilized (Wang €04l7). Reliable data
on rock thermal properties allow determining optimal parameters for EOR and
avoidingsignificanterrors intheassessment tthie economic efficiencyf the EOR
technique

Moreovergeothermal investigations and hilgivel radioactivevaste disposal
in deep underground sites require reliable data on rock thermal pesperti

1.2 Traditional approaches for determining thermal properties of
sedimentary rock
The existing approaches for determining rock thermal propectesbe

groupedn thefollowing way.

1. Laboratory measurements on core samples.
2. In situthermal logging.

3. Theoretical modelling.

4. Use of databases.

5. Well-log based approaches.

Numerous steadsgtate and transient techniques wageeloped for measuring
thermal conductivity and volumetr{or specific)heat capacity of rocké&ccording
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to Blackwell et al. (1989) and Clauser et al. (2006), the most prominent méihods
measuringhe thermal conductivity of rockare consideredididedbar, needle

probe, andptical scanningT oday, the most commonly usewided-bar tools in
laboratories base on the same working principle as the instrument described by Birch
(1950). The most typical and convenidiné source method is a halpacdine-

source described by Huenges et al. (1990). The optical scanning method developed
and suggested by Popov (1983) is currently universally recognized and included in
the International Society of Rock Mechanics and Rock Engineering (ISRM)
suggested metlds for determining rock thermal properties (Popov et al., 2016).
Recently, there was also discovered a new opportunity for thermal conductivity
evaluation on rock cuttings and nonconsolidated rocks by Popov et al. (2018).
Among the varous methods for diret measurements obck volumetridspecific

heat capacity, the most widely used methaxdsheat flux differential scanning
(DCS) calorimetersand optical scanningrhe data on rock thermal properties
obtained with modern laboratory equipmentis considdgrednost reliable to dat
Thecritical problem of this approach for determining rock thermal properties is a
imited amount of core material. Thudata on rock thermal properties are often
confined either to a few wells or to view formations.

An ideal ®lution to the difficulties of sampling and measgrrock thermal
properties in the laboraton core samplesould bein situmeasurement of rock
thermal propertiesMuch effort wasmacke to develop such particulartechnique
(Becketal., 1971; Burkhdtet al., 1995; Sanner et al., 2005; Kukkonen et al., 2007;
Saueretal., 2017; etc.). However, the suggested techniques are still not implemented
within thegeothermal investigations of wells due to the following reasons:
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1 Significantmeasurement errorSauer et al. (2017) recently described a new
tool and reported that it provid@recisionandaccuracyof 10% and 7%,
respectivelythat corresponds to an uncertainty of >12%

1 Long time required for measuremem§pplication of someéechniquese.g.,
Sanner et al2005) requires several days.

1 Unstable conditions of measuremerB®rehole washouts, mud cakes,
induced convection of driling fluid, and other technical reasons essentially
affect and usually decrease measurement quality. In most casssyangent
results are unsatisfactory for practical use.

1 Impossibility to assess rock thermal anisotrapy the vertical variation of
thermal propertieglike, e.g., in the thermal response test, see Sanner et al.,
2005)

Thus, whereas the concept sesmsdand some suitable tools are availableséh
techniques require essential enhancement to be widely used.

Another perspective approach for determining rock thermal properties is
application of theoretical modellind.here are currentmore than thiy theoretical
models of rock thermal conductivity (see, e.g., Clauser et al., 2009; Abdulagatova et
al., 2009;Bayuk et al., 2011Fuchs et al., 2013 he application of theoretical
modelling of thermal conductivity requires data on volumetric fractainock
components (minerals and fluids), dataits thermal conductivity, and, for some
models,dataon correction fact@ However, there are many cases whba
application of theoretical modellindoes noprovidea satisfactory quality of data
on rok thermal propertiesiFor example the application of the most popular
Lichtenecker model (Lichtenecker, 192#) some casegjives resuls with
uncertainties that amount to 40% (Chekhatial., 2019)Moreovertheapplication
of advanced theoretical models, suchtlasLichteneckerAsaad model (Asaad,
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1955), requireknowledgeontheso-cdled correction factor that allows accounting
for structural and textural peculiarities of rocks. However, reliable determiaation
correction factor can beerformedvia special experimental investigations as
described by Popov et al. (2008@nd often the data on correction facter not
available. Some theoretical modebased on effective medium theory concepts
require data ompore geometrythe shape of cracks and mineral grains.sl a
promising framework for reliable determination of thermal conductstgiecribed

by Bayuk et al. (2011). Howevedheapplcation of these models requires data on
many additional parametatstermined through calibration on experimental data on
rock thermal propertiesvhich is not always accessible.

The weighted arithmetic mean model is used to determine rock volumetric heat
capacityas it is a scalar propertylowever, very oftejcalculding volumetric heat
capacity via weighted arithmetic mean model resulergeerrors.This is reasoned
by uncertainties indata on volume fractions of rock componemsnerals and
fluids) and in data on volumetric heat capacityafks andockcomponentsThere
is limited available published data on rock volumetric heat capacity due to the lack
of applications in the past. Analysis ot#e data shows thagh uncertaintiesire
not rare case For exampleassessment of volumetric heat capac#aydata on rock
thermal conductivity and thermal diffusivity presented by Eppelbaum (2014) yields
volumetric heat capacity of 4.42 Mid3-K-1, 5.15MJ-m3-K%, 5.21MJ-n73-K for
shale, marlstone and chalkstone, respecti¥¢lthe same timehevolumetric heat
capacity of water is 4.181J-m3-K-1. Thisemphasizethe necessitpf accounting
for the influence of porosity and pofi#ing fluids on rocks' volumetric heat
capacity

Simultaneouslymany simulators for BPSM and hydrodynamic modelling use

theoretical models (includinghe Lichtenecker model) for calculatinigoth rock

25



thermal propertiesResults of such modeling in some cases are questionable.
Therefore, theoretical modelling is aopmising framework for determininghe
thermal properties of rocks although requiring enhancement.

The gplication of published experimental data or databases (see, e.qg. Bar et al.,
2019) on rock ther mal properties S
investigationsMeanwhile, even small changaghemineral composition of rocks,
its porosity thegeometry of porerack spaceandporefiling fluids can essentially
change both rock thermal conductivity and volumetric heat capadigy.existing
databases on rock thermal properties usuaitly not satisfying about

1 data on rock volumetric heat capacity;

1 data on thermal anisotropy of rocks;

lithological description of investigated cores;

data ortheinfluence of different fluid saturation on rock theal properties;

= =2 =2

data on thermal property dependeangorosity;
1 information ontheeffectof fracturingon rock thermal properties and thermal
anisotropy.

Thus,the application of published experimental data or databases can result in
significantuncertamties. Despite the availability efktensie previous data on rock
thermal properties, laboratory measurements of rock thermal properties on cores are
still highly relevant.

Well-log based approaches ameoof the most robust and commonly used
approachemr determining rock thermal properties.i§is because

1. Well-logging data is available almost for all industrial wells. It is acdre
casavhen welllogging is conducted frotmetop tothe bottomof the well
2. Well-logging tools provide registratioaf rock properties with a relatively
high spatial resolution.
26



3. Well-logging provides data on complex of petrophysical properties (porosity,
shaliness, saturation, etc.).

1.3 Possibilities and limitations of traditional approaches for wellog based
determining rock thermal properties

Analysis of literature data shows thatsignificant part of publications in
geothermics that refer to w4dlg based determining rock thermal properties concern
thermal caductivity. This isjustified by the lack of applications oflata on
volumetric heat capacity in the past and tiint data on rock thermal conductivity
are of a key importance for determining conductive heat flow density at geothermal
investigations of the Earth crust.

The main part of approaches for agtminingrock thermal conductivityrom
well-logging datas based otheanalysis of interrelations between thermal and other
physical properties of rocks. One of the first research results on interrelations
between thermatonductivityand other physical propest were published in the
1950s by Dahnov & Djakonov (1952) and Ziefus¥ket (1956).

For the first time, an urgent need for an effective-eglibased approach for
determining rock thermal conductivipccurred in Germany for superdeep driling
well KTB (19961994).T his need was principally conditioned by driling without
coring Moreover, one of the mawbjectives of the sperdeep driling project was
determiningvertical variations of heat flow density, which requrrelable data on
rock thermakonductivityalong the well.Theaccompanying increase in relevance
of data on rock thermal coodtivity for applied geothermics and petroleum
engineeringstimulatedmany researchs It resulted inan increased number of
publicationsconcerning wellog based approaches fdetermining rock thermal
properties
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Existing approaches for determining rock thermal properties frordagglhg
data can be classified into two main categories: (1) regrebaged and (2)
theoretical modebased.

The regression nuelbased approach implies determining dependencies
between the rock thermal properties anddeglhing parameters using standard or
advancedegression analysis metledNumerous authors have demonstrated for
different lithological types the interrelatidoetwea thermal conductivity and other
rock properes (in most cases density or sonic velocity) via statistical analysis
(Bullard & Day 1961; Cermagt al.,1967; Anand et gl1973; Poulsen et all 981,
Lovell 1985; Beziat et 9l1992; Griffiths et &, 1992; Zamora et al1993; Sahlin &
Middleton 1997; Kukkonen & Peltoniemi 1998; Sundberg e2809; Popov et al.
2011; Gegenhuber & Schon 201Researchers also applied multiple linear and
nonlinear regression models to characterize interrelations between thermal
conductivity and otherock physical properties inferred from wdigging data
(Goss et al.1975; Goss & Combs 1976; Evans 1977;iBgllet al, 1981; Molnar
& Hodge 1982; Vacquier et all988; Doveton et gl1997; Popov et gl2003;
Ozkahraman et al2004; Hartmann et al2005 Fuchs et al.2014; Fuchs et al.,
2015. Some studies use artificial neural networks for predicting rttedr
conductivity (Goutorbe et al. 2006; Singh et al. 2007; Khandelwal 2010; Singh et al.
2011; Gasior & Przelaskowska, 2Q1Bor porous rocks, the high contrast between
the physical properties of the peiiing fluids and therock matrix physical
propetiesis the primary control of the correlations between thermal properties and
other physical properties (Popov et al.,, 2003). Therefore, the applicatite of
regression moddlasecapproach might be challenging in the case of low porosity
and low contrat of physical properties in the rock components. Moreover, the

established regression equations between rock thermal properties aludjgired|
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data arerelated tothe deposition environment and can be applied only for the
analogous rock with similar wdbgging data (Blackwell et al., 1989).

Some of thementioneddisadvantages can be resolved via a theoretical
approach. More than thirty theoretical models (ecalted mixing laws) have been
developedo determinghe effectivehermal conductivitypf rocks.Some studies are
focused on determining appropriate mixing law to compute rock thermal
conductivity from knowledge on mineral content (via XRD analysis) and porosity
(e.g. Brigaud et al. 1990; Demongodin et al. 1991). Other researchers addressed
approaches for determining rock thermal conductivity from either lithology or
mineralogy of rocks inferred from wddigging data, data on rock porosity and
available data on thermal properties of rock constituents (Merkel et al. 1976;
Dove&Wiliams 1989Vasseur et al. 1995; Midttamme et al. 1997; Hartmann et all.
2005).The application of mixing laws requires data on the volumetric fractions of
the rockforming components, reliable data on their thermal properties, and,
sometimes, a correction factevhich account$or structural peculiarities of rocks.
This approach is not restricted to a specific geological. &#remn be applietor well
log-based prediction of the thermal properties of -jmavosity rocks, with
uncertainties of less than 10% (e.g.cRsiet al., 2018). However, a weak point of
this approach is the essential frequent uncertainty of theoretical modelling.
Calculating the effectivéhermal conductivityvia differentthermal conductivity
models using the sameack matrixhermal conductity and porefiling fluid values
results in considerable variance, sometimes up to 100% (e.g., Hartman et al., 2005).

In literature there is a lack of studies concerning vi@lj based predictions of
volumetric heat capacity. Fuchs et al. (2015) attechpmedevelop a universally
applicable approach for determining rosgecific heat capacity. However, the

reported results correspond to artificially created datasetd its applicability
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should be tested on reliable experimental dateaommon practicesi calculating
volumetridspecific heat capacity frothe volume fractions of rock constituents or
therelation between thermal conductivity, thermal diffusivity, and volumetric heat
capacitty (see, e.g. Goto & Matsubayashi2008).

The suggested solutions feell-log based determining rock thermal properties
haveseveratisadvantages:

1. Neglecting thermal anisotropy of rockshichis a distinguisimg characteristic
for many rock types, especially orgainich shales and clagich rocks (P ribnow
and Umsonst, 993). Recent investigations have revealed that the thermal
anisotropy coefficient of organriaich shales is typically 1-2 and can often
exceed 23 (Popov et al., 2017). One of the few approaches to consider thermal
anisotropy was suggested by Deming @Rghd implies analysis ahempirical
relationship that relates ththermal conductivityanisotropy andthermal
conductivityperpendicular to the bedding (based on measurements on 89 rock
samples gleaned from the literature). However, testingsuggesid approach
with our experimental data showkigh and unsatisfactory uncertainties in well
log-based predictions of rodkermal conductivityvia the Deming correction
approach. Another approaplreseted by Pasquale et al. (2011) implies analysis
of the effect of orientation of the clay and mica platelets during burighen
vertical component of thermal conductivity. However, this approach is not
universally applicable, e.g. in case of orgamst shales since thermal anisotropy
of these rocks is cortdined not only by orientation of clay and mica platelets
but also by the distribution of organic matter.

2. Neglecting influence ofn situ pressure, temperature and saturation of rock
thermal properties in case of thermal anisotrdpyme studiesiescribean
opportunity to account fon situthermobaric conditions and saturation (see, e.g.,
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Hartamann et al., 2003)ut this is applicable only for isotropic rocks. Wang et
al. (2018) experimaally showed that in case of thermal anisotroggtinct
effects & temperature on principal components of thermal conductivity exist.
Moreover,the effect of imposed fracturing on thermal anisotropy must be
assesseid case of thermal anisotropg described by Popov et al. (2017).

. Neglecting rock heterogeneity. Thene many cases when spatial resolution of
iInstruments used for measuring rock thermal properties differsthrespatial
resolution of considered wddigging tools This was neveaiccountedor during
regression analysis or theoretical modelliRgr exanple, the commonly used
divided bar technique requires core samples e8A0nm thickwhereashe
typical vertical resolution of standard wielgging tmls is about 0.5 m.
Obviously,for such caseshe data on rock thermal properties cannot be directly
related to wellogging data.Thus, in the case of thin layering or high
heterogeneity of rocksspecial operations are required to account thar
difference in spatial resolutiobefore the regressn analysis or theoretical
modelling

. Lack ofimplementatios of machine learning techniques for problem solution.
As previously mentioned, there are onlyfew publications related to the
application of simple fully connected neural networks for detangpimock
thermal conductivity. However, accounting for modern advances in machine
learning algorithmsa comparison study of different machine learning algorithms
for predictingthermal conductivity and volumetric heat capastyequired.

. Lack ofstudiegelated to organicich shalesln the cantext of increasing demand
onthermohydrodynamic modelling of thermal EQRedata orlateral variations

of thermal propertiesf organicrich shaless highly requiredTherefore, well

log based approach for determining rock thermal properties is an eff@aiive
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for the problem solution. However, typical thermal anisotropy and thermal
heterogeneity of organiach shalesas described by Popov et al. (20X@jjuire
thedevelopment of advanced algorithms to be accounted for.

. Poor metrological testing of the suggested approaghesmmon practice of
existing publications igielding mean average error (MAE) or root mean squared
error (RMSE). Only in some rare cases, atglalso provide standadeéviation

of MAE or RMSE. However, these data do not allow characterizing uncertainty
of prediction results. Moreover, when characterigiagincertainty of prediction
results theconfidential probability level must be reportéghother reason for
poor metrological testing of the suggestapproaches isagain related to
heterogeneity (see point @hd differences in spatial resolution of instruments
usedo measure rock thermal properts@iwell-logging tools.

. Lack of sensitiity studies oftheinfluence of uncertainties in wetigging data

on results of wellog based determination of rock thermal propergessitivity
studies of either regression or theoretical modetermine the necessary input
data qualityfor predictng rock thermal properties with specified uncertainty.
Moreover the sensitivity study of the regression model provides information on
each welllogs' importance and subsequently allows optimizingntiraber of
well-logs.

. Lack of welldefined reproducibé workflows for determining rock thermal
properties accounting for thermal anisotropy amgitu pressure, temperature
and saturationl o ensure practical immplementation of wlelj based approaches
for determining rock thermal properties, wadfined reproducible workflows
are requied. Literatureshows that therareonly a few publicationsdescribing

all the necessary operations pedgfor predicting thermal properties of isotropic

rocks (see, e.g. Hartmann et al.,, 2003%pwever,advanced workflows are
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required for determining rock thermal conductivity and volumetric heat capacity
accounting foiin situpressure, temperature, saition, rock heterogeneity and

thermal anisotropy.

In summary the above disadvantages do not allothe exhaustive
implementation ofvell-log based approaches for rock thermal properties prediction

at geothermal invéigations of geological profiles

1.4 Importance of accounting for rockanisotropy andheterogeneity

Sincemany rock types are more or less anisotropic (Pribnow and Umsonst,
1993; Popov et al.,, 2017; etcneglecting thermal anisotropyhat very often
amounts to 2 and)3Zan negatively affedhe results omodelling. Popov et al.
(2013)performeda comprehensive sensitivity analysis of the effect of uncertainty
in reservoir thermal property data on heavy oil recovery performance. Four
technologies (steam flooding, steassisted gravity draige, toeto-heel air
injection, and hot water flooding) of thermal enhanced oil recovery were considered
during sensitivity analysid he sensitivity study revealed that uncertainties in rock
thermal propemresresult inerrors in emuléive oil productionof about 2670 %.
Therefore, reliable data on rock thermal conductivity accounting for thermal
anisotropy determine the economic efficiency of thermal enhanced oil recovery
technologiesMoreover,without reliable data orrock thermal propertie$argely
different scenarios for organic matter maturatioray result frombasin and
petroleum system modelliradfectingresultsof assessment of hydrocarbon potential
for a givenregion(Chekhonin et al.2019)

Because dhelimitationsof traditional instrumetsfor measung rock thermal
propertiesa very common practice in the previous studiegast analysis of well
logging data an@thcomparablan terms of spatial resolution data on rock thermal
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properties(Goss et al., 1975; Vacquier et al., 1988; Fuchs et al., 2014; etc.)
Neglecting differences irthe vertical resolution of analyzing data in case of
heterogeneous roclkabviouslyleads to unreliable results. Hencecaunting for
rock heterogeneity befotbe regression analysis or theoretical modellirgyugial

for obtaining reliable models that can be used to predetmal propertiesor
similar rocks.

The following example demonstrates the problemataDon rock thermal
conductivityinferred from catinuous thermal core loggingith aspatial resolution
of 1 mm) wereused to assess different scale rock heterogeridiy data of two
organicrich shales and carbonate rocks of heavy ol fieddewsedn thisexample.

The coefficient of variation (t@ of the standard deviation to mean value; CV) of
thermal conductivity is calculated to assess rock heterogedaitthe average
vertical resolution of well logging tools &bout0.5 m and assumingn average
length of fullFsized core samples 6f1 m,the coefficient of variation of thermal
conductivitywascalculated within moving windows of ®m and 01 m.

Figure 1 plotghe calculated coefficients of variation of thermal conductivity
for two organierich formations and carbonate rockslod heavyoll field. There is
an essential difference between CV calculated on aleggihg scale and CV
calculated orthe scale of laboratory investigations. €ldifference in some cases
amounts to 100%.

One can concludethe data inferred from wdthgging @nnot be directly
processed and analysed with data inferred from laboratory investigations of core
samples. However, due to limitations of traditional instruments for measurements of
rock thermal propertiespecial requirements to core sample geometiynited
amount of core samples, etc.), in most cabeseis no possibility to consider and

to account for rock heterogeneity of rocks before the regression analysis or
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theoretical modelling. Thushe application of published regression equations or
parameters of theoretical models for determining rock thermal properties from well
logging data should be carefully used.
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Figure 1. CV for two organierich shales (left and central panel) and carbonate rocks
of heavy oil field (right paneljithin moving windows of 0.1 nfgreycoloredline)

and 0.5 m (bluekoloredline. Histograms plot relative difference veen CV
calculated withir0.5 mand CV calculated within 0.1 m.
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1.5

Integration of thermal core logging data with weltlogging datai a new
framework for the improvement of reliability of data on rock thermal
properties inferred from well-logging data

Many of traditional instrumentsof measuring thermal conductivity and

volumetric heat capacity were firstly developed for measurements on industrial

materials. Compared to sedimentary rothese materials are:

T
)l
)l
T

mainly isotropic and homogeneous,

mechanically well treated when samples@aepared for measurements,

stable according ttheir physical properties,

sustainable to high pressure that occurs when measuring surface is put on

samples.

Moreover there is no neetbr a high rate when measuring thermal properties of

industrial materials.

The structure ohdustrial materialss thus so different from gdénentary rocks,

especially fom highly porous, fractured, anisotropic, heterogeneous sanfsdes.

described by Popaat al. (202@), theprincipal reasons for discordance between the

required level ofa measurement instrument for petroleum engineering and the

abilities of the traditional instruments are:

1. Traditional instruments cannot provide measurements esiell core samples

without special mechanical preparation of core samplesa$pect excluddke

possibility of massive measurements and registering diffscaie spatial

variations of rock thermal properties.

2. Poormetrologicalguality of measurement results faghly porousand fracturd

core samples due to the significant influentmterfacial thermal resistance.

3. The traditional instruments are not appropriate for standard core plugs that are

the basis fopetrophysical laboratoigvestigations.
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. Highly porous andractured core samples are fragile amdmany casesare

easily cushedunderhigh pressure that occurs when measuring surface is put on
samples. Consequently, it excludes the possibilityepéated measurements of

rock thermal properties at different fluid saturation.

. Impossibility of conducting simultaneous measurementsrotk thermal

conductivity and volumetric heat capacity on the same core sarildesover,

the modern differential scanning calorimeters measpecific heat capacity on
small rock samples, typically less than 13ciirhus, the data on rock density is
required to calculate volumetric heat capaaitydthis small volume usually does

notreflectrock heterogenetty.

. Absence of possibility for regfiering detailed vertical variations of thermal

anisotropy coefficient.

7. Absence of possibility for assessing thermal heterogeneity of rocks.

8. Necessity inscrupulous mechanical treatment of flat surface to exclude the

influence of interfacial thermal resasce on measurement results.

Concurrently,the optical scanning methodas designed especially for

measurements of rock thermaloperties by Popov1083) and provided an

opportunityfor registering data on rock thermal propertiesaagqualitatively new

level. After enhancinghe practical and theoretical basis of the suggested method
(see, e.g. Popov 1984, 1997; Popov et al. 1985) as described by Popov et al. (2016)
and Popov et al. (20199he modern thermal core logging technique has the

following inaceessible previousljeatures:

1.

Simultaneous determination of thermal conductivity and volumetric heat
capacity during one experimefor the same core sample
Measurements are conducted on$ided, split, broken core samplesre plugs,

and core cuttinga/ithout additional mechanical treatment.
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. Absence of contact between the instrument sensors and the rock Samgle.
measurements are naestructive.

. Determining both thermal conductivity and thermal diffusivity tensor
components for every rock sample.

. High productivity of measurements due to high measurements speed and wide
range of permissible lengths of core samples.

. The modern optical scanning technique provideEsmsurementaccuracy and
precisionfor the thermal conductivityof +1.5% and+1.5% (confidencelevel

0.95), respectivelywithin the range of 0-25 W-nrt-K-L

. The modern optical scanning technique provides measurements accuracy and
precision forthevolumetric heat capacity é.0% and:2.0% Confidencdevel

0.95), respectivelywithin the range of 0.8t MJm3-K1,

. The spatial resolution of thermal property profiling varies according to measuring
regime parameter3.oday, the minimal spatial resolution that can be provided
with laser optical scanning instrument is 0.2 natthough he typcal spatial

resolution is 1 mm.

The dfective and vastmplementation of the developed experimental basis

within joint industrial projectsof Skoltech and leading Russian oil and gas

companies during 2018021allowedusto collectextensie experimentafiatabase

on rock thermal pperties and welbgging data. It enabled qualitatively new

framework for developingnadvanced technique for wddlg based determining

rock thermal properties.

Optical scanning instruments' unique metrological charaatsrafowed us to

obtainreliabe experimental data ancks' thermal propertiemcluding organierich

shalesand heavy oil reservoir§ince the optical scanning instrument hasgh

spatial resolution the possibilities for considering rock heterogetye and
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accounting for spatial resolutiafother logging tools wer@soenabled. Moreover,
thanks to the possibility akgistering coefficient of thermal anisotropy for every
core sample, the thermal anisotropy of rocks became accessible for thorough
analysis.The extensive database on rock thermal properties andbggptig data is

an equally important result of the vast implementatibhus, qualitatively new
possibilities opened up develoghe technique for welbg based determining rock
thermalproperties accounting for thermal anisotropy, heterogeneityjrasdu
pressure, temperature and saturawanintegrating thermal core logging technique

with welllogging data

1.6 Conclusions

1. Enhancement of BPSM, EOR modellingchniques oterrestrid heat flow
density determination and geothermal prospecting requires advancement in well
log based approaches for determining rock thermal properties via integrating
thermal core logging data and wieljging data.

2. To satisfythe presertday needs of petroleum engineering and geothermal
investigations, the advanced technique for dogll based determining rock
thermal properties should provide reliable dataacks' thermal conductivity
and volumetric heat capacity

3. The advancedeli-log based technique for determining rock thermal properties
accounting for thermal anisotropyock heterogeneityin situ pressure,
temperature and saturatisrhighly required.

4. A well-defined and reproducible workflow ddpplication of an advanced
technique for wellog based determining rock thermal properties accounting for
thermal anisotropy, heterogeneity anditupressure, temperature and saturation
IS required.
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5. Extensivetesting and implementation of the advasht@zhnique for determining
rock thermal properties & prmaryconcern for enhancirthequality ofdata on
rock thermal properties and terrestrial heat flow density for improvement of basin
and petroleum system modelling and thermal EOR modellingégals science

and industry
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Chapter 2. Determining thermal conductivity and volumetric heat
capacity of anisotropic rocks based on regression analysis

Literature review (presented in Chapter 1) showed that many stwdies
performed concerning interrelations between thermal properties and other physical
properties. However, the gained results showedhlea¢ are no unique correlation
trends for sedimentary rocks or other rock gipderefore, an important conclusion
thatcan be inferred is thatany factorgan controboth rock thermal conductivity
and volumetric heat capacity. These facayesmineral compositiQiporosity, the
geometry of pore&rack space, type of saturating fludegree of compaction, and
characterigcs of intergranular contactslence, there are no universadpplicable
correlations that can be used for pcadg rock thermal properties.

Consideringthe complex nature of interrelations between rock thermal and
other physical properties, the stiglielated to correlation analysis are still highly
relevant. Moreoverin the light of the modern experimental basis of thermal
petrophysics, these studies should be performed accounting for thermal anisotropy
and heterogeneity.

2.1Determining thermal properties accounting for thermal anisotropy via
sonic log data

For mostporousrocks,the relation between thermal conductivity and other
physical propertiegthat can be inferred from wedigging datd is principally
conditioned bythe essential contrast ohérmal conductivity of rock matrix and
porefiling fluid. This contrastis oftemore thartentimes as it may be seen from
Figure 2 (upper panelfor low-porous organigich shales, the correlations are
principally conditioned bylow thermal conductiy and high organic matter
content, as Popov et al. (2017) describethe contrast of thermal conductivity of

rock matrix and porélling fluid is large a largecontrasbetweervolumetric heat
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capacity otherock matrix and pordiling fluid / organic mattealso occurgFigure
2, bottom panel).

Air, gas Qil Water Minerals
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Volumetric heat capacity, MJ-m-3-K-

Figure 2. Thermal conductivity and volumetric heat capacity for rémkning
minerals and pore fluids.

The aisotopy of sedimentary rocks can lm®nditioned by directional
alignment of clay particles, microcracks, kerogen inclusions,aspect ratio pores
and layering as reported by Sayers (2013). Chekhonin et al. (2018) showed a
statistically significant correlation between thermal anisotropyfficeat and
Youngos modul us aichisksaleshat isdueytotielugh coateng a ni ¢
of organic matter and the contrast between properttegadck matrix and organic
matter. Moreover, Kim et al. (201performed a&et of laboratorgxperimens and
showed for three types of anisotropic rocks (gneiss, shale, and schist) that principal
axes of thermal conductivity, elastic moduli, arag@ve velocitycoincide andhave
the same directions. Thus, assunaisgyuctural nature of thermal anisotropg can
conclude thait is in principle possible determining rock thermal conductivity

accounting for thermal asotropy from wellogging data
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2.1.1 Workflow

In this Section, we suggestnavelwell-log-based approach for determining
rock thermal conductivityand volumetric heat capacity of sedimentary rocks
accounting for thermal anisotropy, heterogeneity, in situ pressure, temperature, and
saturationThe developed approach consistseferaprincipal steps.

In the first step, lithological differentiatiois performed usingvell-logging
datavia constructing a rockolumetric mineralogical modeR rock volumetric
mineralogical modetan be obtained via inversior standard logs or via pulsed
neutron gammaay logging (Serra, 1986). Geological differetitia of intervals
where core samples are available can be performetldaplogistor based on
petrophysical laboratoiigvestigations.

In the second stefpr each lithological typghedirections of principal axes of
thermal conductivity are determinetihis step is of special significance since
directions of principabxesdo not always coincide withlirectionsparallel and
perpendicular directions to the bedding plane that can be determined via visual
analysis of core samples. The directions ofgyal axes of thermal conductivity
can banferred from results athermal core logginglong several distinct scanning
ines as described by Popov et al. (2016). Moreover, these directions can be
determined through setof geomechanical tests of standaade plugs as it was
reported by Kim et al. (2012r through a multilevel ultrasonic sounding as
described by Tikhotsky et al. (2018).

In the thirdstep,measurements oock thermal conductivity along directions
of principal axes for each lithologicayge are performed with optical scanning
technique at atmospheric pressure and temperature. Simultaneously, measurements
of rock volumetric heat capacity are conducted. Additionally, sonic velocities along
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these directions are determined from sonic log .d&@nic velocities can be
determined on core samples also.

In the fourth step, the dependencies of rock thermal conductivity and
volumetric heat capacity fromporosity, saturation, pressure and temperature are
determinedT his can be performed throudhboratory investigationsor some of
these dependencies can be inferred from literature data.

Additionally, the regression analysis fxfock thermal conductivity sonic
velocityd and fivolumetric heat capacity sonic velocity is performedfor
corresponahg directions ofprincipal axes othe thermal conductivitytensorand
accounting for rock heterogeneity (in other words, accoufdingpedifference in
spatial resolution of optical scanning instrumamd e.g. sonic log toolfor some
rocks, there i@ no statistically significant dependencies between volumetric heat
capacity and sonic velocity. For sucaisesanothemwell log data can be involved
within the workflowfor predicting rock volumetric heat capacigyfter that, for each
lithological type rock thermal properties are determined withorrcoring intervals
from sonic logdataat atmospheric pressure and temperature using the established
regression equations.

In the fifth stepthe predictedhermal propertglataare corrected fom situ
temperature, pressure and saturation using the established in the fourth step
dependenciesl he data onn situtemperature can be inferred from temperature
logging and data on isitu pressure can be inferred from resultsled formation
test.Wang et al(2018) showed experimentally that theredifferent dependencies
of thermal conductivity components from temperature and pressure for parallel and
perpendicular directions. Thudiese correctionshould beincluded for each
principal axes of thermal conductivity.
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2.1.2 Case studythermal properties obrganic-rich shales

The suggested approach for the soniedaged determination obck thermal
properties was tested on data fromthree wells (A, B, C) drilled thtbagazhenov
Formation (West SiberiBasin Asian part of Russia).

2.1.2.1Analysis and processing of the available input data

Themineraland petrophysical characteristics of the rocks in the case study are
given in Table 1. Thdazhenov Formation was formeshde coastaimarine
conditions. More detailed information abdhe geological peculiarities othe
Bazhenov Formatiowas providedby Balushkina et al. (20147 .he lithological
profiles of the Bazhenov Formation exe inferred from high-definition
spectroscop.

Table 1. Lithological and petrophysical characteristics of the rocks in the case study
based on XRD analysis results

Dominant mineral compaosition Organic matter Reservoir properties
Wells Mineral Mean mass conter Kerogen Mean TOC, #Porosity, % In(Permeability),
% (SD) type (SD) (SD) mD (SD)
Silicate minerals
i 55.1 (22.3
(50) (223)
ABC il 72 (39
(Bazhenov llite 9'4 (7'2) Il 165 (7.0) 1.1(0.6) -2.8 (2.3)
Formation) - icite 10.1 (15.6)
Carbonate minera 78.1 (25.8)
Clay minerals 1.4 (2.7)

*SD stands for standard deviation, TOC stands for total organic carbon. Kerogen typipgrioased
according to Tissand Weltg1984). In stands for natural logarithm. For specific depth pdinésum of
mineral content, organic matter and porosity wéld0%.

According to Chekhonin et al. (2018he Bazhenov Formation in the
iInvestigating region is characterized by nedmiBD thermal anisotropy (that was
assessed on flat ends of fsite core samples) and can, therefore, be treated as a

transversely isotropic mediuf@D anisotropyyvith thevertical axis of symmetry.
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2.1.2.2 Thermal core loggingesults forhighly anisotropic racks of he Bazhenov
Formation

Continuous thermal core logging was conduaied1062 fullsized core

samples from three wells (42 m in totdfigure 3 plots typical fulized core

samples of the Bazhenov Formation.

Figure 3. Photograph of typicainsawed fulsizedcore samples dhe Bazhenov
Formation.
Since the principal axes ofthe thermal conductivitytensor are parallel and
perpendicular to the bedding plane, scanning lines were chosen parallel and
perpendicular to thieedding plane on the flat surfaces of the sawed core samples.
Continuous profiles of thehermal conductivitycomponents parallel and
perpendicular to the bedding plane directions and/dfemetric heat capacity for
full-diameter core sampled the Bahenov Formatiomecovered from three wells
are plottedin Figure 4. Statistical assessments of the variations in rock thermal
conductivity parallel and perpendicular to the bedding plane, coefficient of thermal
anisotropy (k = Laat), and coefficeno f t her mal heda®h)ogene
L. @) are summarized in Table 2.

Table2. Results of thermal property measurements of the studied core samples.

b & . Kr b C, Number The total lengtt

Formatior Wel Vlz/l/'m('slg) W (‘SKD) Mean (SD) ~ Mean (SD) Md-m?élé)-l of core of core sample
ean e T ean

(mini_ max) (mini_max) (minf max)  {mini max) (mini_max) Samples under StUdy (m

1.80 (0.44) 1.28 (0.47 1.50 (0.36) 0.18 (0.20) 2.00 (0.16)

A (0.754.80) (0.204.78) (1.003.12) (0.032.61) (L.752.70) °>%° 19

Bazhenov 1.85(039) 1.36(0.49 149 (0.36) 0.20 (0.15) 190 (O11) o, .
Formatior (0.824.46) (0.372.94) (LO03.0L (0.042.28) (1.652.31)

198 (043) 155(0.68 139(0.28) 0.17 (0.13) 195 (0.08) 4 6

C  (128326) (0.713.12) (1.002.78) (0.030.78) (L772.22)
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Systematic thermal anisotropy of the Bazhenov Formation rocks @ppiin
conditioned bya specific distribution of organic mattéBalushkina et al., 2014)
The distribution of kerogen is uniform, and areas with accumulations of kerogen

within rock samples have elliptical, spotted, and laygriade horizontalenticular

fibre forms.
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Figure 4. Results of rock thermal property measurements for wells A (left), B
(middle),andC (ri ght ). @& st ands ;dulsariptfaodJk t he
stand for thethermal conductivitycomponents in the directions parallel and
perpendicular to the bemhd plane,respectively VHC stands for volumetric heat
capacity;grey lines represent the original profiles of the rock thermal properties.
Black, red and blue lines represent averaged thermal property profiles in a moving
0.6 window. T he first two digitsfor the depths are hidden for confidentiality here

and elsewhere in the text.
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2.1.2.3 Regression analysiesultsand prediction of rock thermal properties

For the investigating wells, the results of crdg®le sonic logging were
available. Fronthese resultssonic velocities for parallel and perpendicular to the
bedding plane directions were inferr@ssuming that elastic constants &hd Gs
are equal and the Thomsen parameters delta is close to zero (see Schoenberget al.,
1996) The \ertical resolution othe sonic scanner was 0.6 m. Thus, before the
regression analysighe results of thermal core logging were upscaled (averaged
within 0.6 m moving window) to account for rock heterogeneity.

Regression analysis dfie data revealed that the dependency leetwrock
thermal conductivity and sonic velocity is the same for all lithological types of the
Bazhenov Formation. It may be reasonedh&yrelatively stable elastic properties
of therock matrix. Therefordghe consideringlatawas not subdivided into satter
datasetaccording tatheresults of lithological differentiatiorDuring correlation
analysis, a simple linear regression modelas usedThe available data were
subdivided into two random datasets:d1jainingdataset (67% of all the data) and
(2) a testdatasetg¢omprising33% of all the data)T he training dataset was used to
fit theregression model to experimental data, while the test dataset was used to
provide and unbiased evaluation of the regression model fit on the training dataset
(terms train and test dataset in a more detailed way are described, e.g, by Goodfellow
et al., 2016)The regression analysis of data on rock volumetric heat capacity and
sonic velocity revealed no statistically significant dependencies for the considering
rocks. Nevethelessastatistically significant dependeswas observed between the
rock volumetric heat capacity and tiphotoelectric factor (PEF). Therefore,
subsequent predictions of rock volumetric heat capagtgperformed via the data
on rock photolectric factor.The results of correlation analysis of rock thermal

conductivity and sonic velocity accounting felnermal anisotropy and rock

48



volumetric heat capacity and photoelectric factor of rdckstraining data are
plotted in Figure 5.
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Figure 5. Results of correlation analysis between thermal conductivity and sonic
velocity of rocks for parallel (left panel) and perpendicular (central panel) direction
to the bedding plane and rock volumetric heat capacity and photadictor(right
panel) Dashed line represents the regression trend.

The presented correlations coefficients (square root from the determination
coefficient in case of linear regression model) in Figuage statistically significant
for a0.95 confidacelevel.

The established regression equations were used to predict thermal properties
on a train datasefl here are different ways of evaluatirige quality of the
performance of the proposed approach. To provide a comprehensive evaluation,
following set of statistical parametavere used

B
YO YO (1)
b L - 2)
65 -B & @ (3)

where RMSE is the root mean squagetr; P represents the precision; Arepresents

the accuracy; Xeasis @ measured value pXiis a predicted value; N is the number
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of t he di

andulis themean relative divergencetween the measured and predicted values;

points; @ IS relative
is the standard deviation. In additidhe coefficient of determination ¢{Rbetween
predicted and measured valwess calculatedl he results of prediction of thermal

conductivity and volumetric heat capacity a test dataset are plotted in Figére
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Figure 6. Results of prediction of thermal conductivity for parallel (left panel) and
perpendicular (central panel) direction to the bedding plane from sonic velocity and
rock volumetric heat capacity from photoelectric factor (right panel). Solid line
presentsa pafect prediction of rock thermal properties (x=y), grey dashed lines
present the prediction uncertainty intervals.

2.1.2.4 Correctionsfor in situ temperature and pressure

Based on thdwydrodynamic well tests ressifor well A, the approximate
average formationrgssure and temperaturefoeBazhenov Formation are 36 MPa
and 100°C, respectively. Accurate assessment of in situ saturation for the
investigated formation i€omplicatedbecause it exhibits low permeability and
porosity (Table 1). Moreovethe formation exhibits a high degree of anisotropy.
Hence, we considered that investigated rocks are satorayeay olil.

Following the foregoing workflow, the predicted rock thermal properties
require correction for in situ temperature and pressure. As we tidaasureock
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thermal properties dtigh temperature and pressure for the studied core samples, we
use data available in the literature to account for in situ conditions.

Recent investigations of rock samples fi@Bazhenov Formation performed
by Gabowa et al. (2020) have reveal¢dat the averagelecreasen thermal
conductivity( gs at 100Cis ~2%. However, there are still no reliable experimental
data inthe literature on the dependencies of thermal conductivity on temperature
accounting for théhermal anisotropy of the rocks of the Bazhenov Formation. Thus,
we consider that parallel and perpendicualmections the necessary temperature
corrections fothethermal conductivity of core samples franeBazhenov amounts
to 2%.

There is a lack ofeliable experimental data on the dependenci¢serfmal
conductivityof organicrich shales on pressure. For oil shale samplestiief@reen
River formation, an increasd 2%in thermal conductivityvas observed at 12 MPa
(Prats and OOodyar,ifoeheBazhéndwobmationthéapproximate
in situpressure exceeds 30 MPa. Research results reported by DuBow et al. (1976)
show thatthe pressure effect othe thermal conductivityof oil shales becomes
significant only at high temperatures (4600 °C). Thus, we can assume thiag
necessary pressure correctiontf@rmal conductivitys less than 5%.

Waples D& Waples S. (2004) noted that pressure effectgohmetric heat
capecity are negligible because thieanges in thepecific heat capacity and density
of rocks are minor (fathein situpressure ofheBazhenowormation the increase
iIn pressure is less thaampproximately1%). Thus, the effects of pressure on
volumetric heat capacityare not considered in our resdard he temperature
correction forock volumetric heat capacitgn be inferred from the research resuits
presented by Save&t Oja (2013). According tohe given experimental datéhe
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increase involumetric heat capacityr oil-bearingshales at tempettare 104°C is
approximateh10%.

2.1.3 Conclusions

An approach fodeterminingthe thermal properties of rocks accounting for
thermal anisotropy fronsonic log data wassuggestedand tested. Thapproach
enables simultaneous determinatiothefrockthermakonductivity and volumetric
heat capacity Moreover,this approachaccounts for the influence aoh situ
thermobaric conditions on thermal properties with differentiation of the effect on
distinct thermal conductivity tensor componetitsvas shown thathe approach
could be successfully appligohsed orthermal core logging.

Theexperimental dataset of rock thermal properties inferred from continuous
thermal core logging and relialdeniclogging data fronthreewells drilled through
anisotropic organiecich shalesvereused to develop this approadthe results show
thatrock thermal conductivity components can be predicted fromlegging data
with uncertainties of less thati6 % for thermal conductivity parallel to the bedding
plane and less tharl7 % for thermal conductivityperpendicular to the bedding
plane(for a0.95 confidence level). Volumetric heat capacity can be predicted from
well-logging data withan uncertainty of less thatnl0 % (for a 0.95 confidence
level).

The effectiveness of the nepproaclis supported by:

1 determination of principal axes of thermal conductivity,

1 determination of key components of thermal conductivity along its principal
axes,

1 accounting for rock heterogeneity,

1 regression analysis apmli¢o the componds of the thermal conductivity.
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2.2 Machine leaming for determining rock thermal properties from well -
logging data

Many studies related to wddlg based predictions of rock thermal properties
were focused on multiple regression analysisestdblishing regression equations
that will provide the most precise predictions of rock thermal properties. Some of
them used linear regression models (Goss et al., 1975; Goss and Combs, 1976;
Hartmann et al., 2005; etc.) when others concentrated chmeamdependencies
(Evans, 1977; Vacquier et al., 1988; etc.).

However, considering traditional theoretical models of rock thermal
conductivity (see, e.g. Clauser 2000ran conclude that there are Aorear and
implicit dependencies between rock thafproperties and other physical properties
in high-dimensional spac&onsidering theecent advances in machifgarning
methodsthe application ofuch techniqueis a promising frameworor well-log
based determination of rock thermal properties.

As it was mentioneth Section 1.3there were only several attempts to apply
neural network algorithms for predicting rock thermal conductivity (Goutorbe et al.
2006; Gasior and Przelaskowska 2014). Therefore, the applicabilty of diverse
machine learningmethods for wellog based determination of rock thermal
conductivity should be assessed.

Extending the approaatescribed in Section 2fbr predicting rock thermal
properties from sonic log datae involve additional logsand multiple regression
analyss for predictions. e assessment tie effectiveness of diverse machine
learning methods for determining rock thermal properties was perforfhed.
object of investigations are (19 conventional reservoir ad heavy oil field that
mainly consists ofarbonate rocks and (2hunconventional hydrocarbon reservor
consisting of organicich shalesdescribed in Section 2.1.2.
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2.2.1 Effectiveness oflistinct machine learning algorithms for predictingock
thermal properties case studies from conventional anchconventional
hydrocarbon reservoirs

For the task at hand, supervised machine learning algorithms were considered
to reconstruct thermaropertiesrom welklogging data. Wellogging data were
used as input datehile experimental data on rock thermebdpertiesvere used as
an output. The following set of algorithms conceptually distinct from each other
were tested for the indirect determination of rock therpmaperties k-Nearest
Neighbours (Larose 2014), Neural Network (Hinton 1989), Gaussian Broces
(Rasmussen & Wiliams 2006), Random Forest (Breiman 2001), AdaBoost (Freund
& Schapire 1997), Gradient Boosting (Friedman 19ESjra Trees (Pierre et al.
2006)and support vector regression (Platt 1999)

2211 Geological settingand field data

Thefirst case studys the heavy oll field located in the TimaPechora Basin
(the northeastern part of the East European Craton). Target intervals are mainly
composed of imestonas the Carboniferoud_ower Permian age. According to
petrophysical data, rock paity within the target interval varies from 0.7 to 26.5
per cent; mean rock porosity is 10.1 per cent (the standard deviation is 7.6 per cent),
rock permeability varies from 0.01 up to 1151.18 mD, mean rock permeability is
33.7 mD (standard deviation isA.26 mD). Pore space is composed of fractures and
intergranular space. Reservoir oil is highly viscous (mean value of oil viscosity is
710 mPa-s). Experimental data from the two wi@sand E)were involved in our
research. The total length of the invgated interval is 307 and 134 m for wélls
andE, respectively.

The tiermalpropertieof rocksweremeasured using the thermal core logging
technique. The total measurement uncertainty was not more2l&apeicent(for
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0.95 confidence levelll he resiis of thermal core loggintpr considering well
and Eare plotted in Figure 7.

According tothe results of thermal core loggingve can conclude thdhe
iInvestigateccarbonate rocks are characterized by negligible thermal anisotropy and,
therefore, an be treated as isotropic rocks.

The secondase study is the sardescribed in Section 2.1.2 (see Tables 1 and
2). The results of thermal mmloggingare presented ikigure 4.Wells A, B and C
arealso consideren this Section.

The following set of wll-logging methods for wells D and E wasailable
spectral gammaay log, density log, sonic log, induction log, lipgr and
compensated neutron porosity log. Well logging data available for wells A, B and C
include the same set of logs amdditionaly, crossdipole sonic log and nuclear
magnetic resonance log data. The vertical resolution and depth of investigation
depend on the measurement method (see, e.g., Flaum and Theys, 1991), tool
specifications, logging speed, etc. Nevertheless, in Table 3, smuifications of
the logging toolsare summarizetb underline (1) the difference in the vertical
resolution of thermal coflegging and wellogging data (and the necessity of
thermal property upscaling before a joint analysis of the input data iremeger
intervals) and (2) the vertical resolution of the results obtained via the suggested
approach for determining the rock thermal properties from theloggihg data.

Well logging data for wells A and E are presented in Figure 8.
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Figure 7. Results of thermal core logging for veelD and E a-stands for thermal
conductivity,C stands for volumetric heat capacity andskands for coefficient of
thermal anisotropyl - peltomorphic with irregular silicification angyritized,
weakly clayy limestones, 2- argillaceougerrigenous, pyritized, fissured
formations, 3- organogenidetrital limestones, 4 siiceous organogenidetrital
imestones, 5 interbedding of organogencdetrital, with silicification, clayey
limestone and highlyclayey dolomite, 6- organogenousletrital, irregularly
dolomitized, highlyclayeylimestones, 7 organogenous detrital, with silicification,
clayey limestones.. Measurement results for each core sample are shown in grey;
correspondingesults modified téhelogging scale are shown in black.
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Table 3. Key specifications of the welbgging toolsused
Vertical Depth of

Parameters Well-loggingtool o.¢ o ion, cir investigation, cm Precisiort
Natural radioactivity Gammaray spectromet o
(2) (NGS) 30 25 2%
Neutron porosity ~ Compensated neutror o
(NPHI) logging (CNL) tool 30 23 6%
Bul k den , +0.01 g-crr?
. ThreeDetector Litholog
Photoelectric factor Density (TLD) tool 45 12 +0.8 b/e
(PEF)
Sonic velocity** . " +00
(Ve and \§) Sonic scanner 60 7 borehole radii +2% |
Elemental fractions LithoScanner 45 20 Depe?uisu(;RJOEZ%gg Spee
Totalporosity, volume Total porosity: £1%;
of bound water MI_? Scan-ner 45 10 free fluid porosity: +0.5%.
Electrical resistivity @y inductiontool 4 5 5, 25228 £2%

(AT10, AT90)
*Precisiornfthe usedtools are given according to the tooldocumentation and can vary depending on logging speed,
absolute values of the physical properties, borehole size, etc.

**For estimation of t hethédatafmmsmafol&et odeciverssam isuadlypused, pothe a me t e
verticalresolution becomes worse.

2.2.1.2 Calibrating and testing of regression models

The available datiaoth for wells A, B, C and for wells E andaAzre subdivided
into two subsets: (B trainingdataset¢omprisingg 7% of all the data) and (8)test
datasetdomprising33% of all the data). The training dataset was used tidit
regression model to experimental data, while the test dataset was used to provide an
unbiased evaluation of the regression model fithertraining dataset.

For carbonate rocks tiieheavy oil field, we used all well logs for input. For
organicrich shales of the Bazhenov Formatitre following set of input parameters
was used: neutron porosity (aiNde(PEF),, bul
radioactivity inferred from gammiay logging (GR), total porosity inferred from
NMR logging (PHkwmr), sonic velocities parallel and perpendicular to the bedding
plane directions (M Ve , VS and \4 ), P-and Swave acoustic impedances(Y }
and \& L} ) , and electrical resistivity 1inf
(RrAT1% and RAT9). The sonia/elocitiesparallel and perpendicular to the bedding
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plane directions were inferred from the standard interpretation of the dipmdes
sonic log data. The available electrical log data did not allow assessingsihe
electrical resistivity while accounting for anisotropy.

In our research, we have tuned hyperparameters of regression models using k
fold crossvalidation method (Ston&974) on a train data set. The cresdidation
was performed over the predefined grid of parameters. @adidaition principally

consists of the following steps:

1 Firstly, we specify the grid of hyperparameters for regression models.
Simultaneously, theonfiguration of kfolds is specified. We subdivided our
train data into three-folds.

1 Secondly on k1 folds, optimal hyperparameters are found within the
predefined ranges and intervals (ggarch) to fit the regression model. The
resulting model is @lidated on the remaining fold. Afténat,another set of
ki 1 folds is used for regression model training. This procedure cyclically
repeats k times. Mean squared error (MSE) was used as a performance
measure to evaluate the model fit. On every iteratemmd hyperparameters
and evaluation scosare retained.

1 The obtained results are summarizedthe third stepand the retained
hyperparameters are averaged to select theaptstalregression model.

The tuned hyperparametar for considering machinelearning algorithmsare
summarizech Table4.

The determined optimal hyperparameters for regression models on timgtrain
data set were used for wily based determination of rock therrpabpertieson
thetest dataset. As well as in Sectiad.2.3 the performance of each algorithm was
assessed via accuracy, precision, RMSE ahbeRveen measured and predicted
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valueson a test datasehccuracy and precision are reportedddr. 95confidence

level.

Table4. The tuned hyperparameters of domsiderealgorithms

Machine learning algorithrr Tuned hyperparameters
K-Nearest Neighbours N T neighbors metric, p order.
Fuly-connected neural Hidden layer size, activation, learning rate, solver, alpha.
network
Gaussian Precess Regres Alpha, length scale, variance.
Random Forest Max depth, n estimators, min samples split, min samples le
AdaBoost learning rate, n estimators, max depth.

learning rate, n estimators, max depth, rigatures, min sample

Gradient Boosting split, min samples leaf

Support vector regressior kernel,gamma, epsilon
Extra trees max features, n estimators, max depth, min samples spli, 1
samples leaf

The results of predietirock thermal conductivity and wahetric heatapacity
from welklogging data for carbonate rocksaheavy oll field are summarized in
Table 5. Thepredicted rock thermal conductivity for parallel and perpendicular
directions to the bedding plane and tr@umetric heat capacity of organich

shdes are presented in Table 6.

Table5. The results of prediction thermal conductivity and volumetric heat capacity
on a test dataset for carbonate rocks of heavy oll field.

> C
Machine learning algorthm o, RMSE P A ., RMSE P A
W-mlK1 % % MJ-m3-K1 % %
Random Forest 0.88 0.12 9.6 0.5 0.29 0.09 85 -0.3
Gradient Boosting 0.86 0.12 10.4 0.6 0.30 0.08 81 -0.1
Extra trees 0.85 0.12 10.7 0.7 0.28 0.10 8.6 -0.5

Support vector regression 0.84 0.13 10.9 0.3 0.26 0.11 9.1 -0.1
Gaussian Precess Regress(0.78 0.14 11.5 0.0 0.25 0.12 9.8 0.1
Fully-connected neural networ 0.77 0.14 12.8 -0.1 0.25 0.12 9.7 0.0
AdaBoost 0.66 0.18 12.4 -0.9 0.24 0.13 10.2 0.1
K-Nearest Neighbours  0.62 0.19 12.9 -1.0 0.25 0.12 10.1 0.6
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Table6. The results of prediction thermal conductivity and volumetric heat capacity
on a test dataset for orgaimich shales.

2 > C
Machine learning R RMSE P A R2 RMSE P A RMSE P A
algorithm WonitK: % % W-mhK! % % MI-m3KL % %

GradientBoosting 081 012 7.7 00 075 019 154 0.1]051 009 88 02
RandomForest 080 013 7.8 -01 074 020 158 0.6/054 008 84 0.1
Extra trees 080 013 79 01 073 020 157 05/049 011 89 -02
Support vector ) i
egression 074 013 87 -01 069 021 162 0.8/048 012 9.0 -0.3
K-NearestNeighbou 0.73 014 88 00 065 022 169 06/044 013 96 04
Fuly-connectedneur y os 15 g9 .02 070 020 160 04|049 015 89 01
network

Gaussian Precess
Regressor

AdaBoost 0.58 0.22 10.1 -0.2 0.55 025 175 0.2(042 0.15 9.9 0.1

0.61 0.18 9.0 01 o061 023 169 0.3|040 018 10.2 06

The presented results in Tables 5 arsth@wthat among considered machine
learning algorithmsthe ensemble treleased algorithm@radient boosting, random
forest, and extra trees methogs)videdthe lowest values on uncertainties when
predicting thermal conductivity and volumetheat capacity of rocks. AdaBoost
and K-Nearest Neighbors algorithima most casegielded the lowst performance
according to calculated metrics.

Tables 6 demonstratdsat thermal conductivity parallel to the bedding plane
can be predicted with precisionof 7.7 % that is approximately twice less than
predictionprecisionfor thermal conductivity perpendicular to the bedding plane.
This can be due to thmore significantinfluence on the thermal properties
perpendicular to the bedding plane of micracking from core unloadinénother
reason is rock heterogeneity. Sinceiring thermal core logging along the
perpendicular directions to the bedding plane we conduct only several measurements
on one core sampléhe obtaining values of thermal conductivity perpendicular to
the bedding plane can be biased due to rock hetezibgen
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Compared to ensemble trbased algorithms, the fully connected neural
network architecturprovided highemuncertainties on a test datakatcarbonates
and organigich shales Therefore,the application of ensemble trdmsed
algorithms seemgeferable Howeverpthermeural networks architectugésuch as
convolutional or recurrent neural networks) shakab beconsidered.

2.2.2 Conclusions

The novel approach described in Section 2.1.1 for predicting rock thermal
properties from sonic log dataas extended bynvolving additional logs and
multiple regression analysigsing machine learning. hHe assessment ahe
effectiveness of diverse machine learning methods for determining rock thermal
properties was performed.he vast experimental data mofive wells from
conventional and unconventional hydrocarbon reservoirs were considered within the
cases study

Testing diverse machine learning algorithms for predicting rock thermal
properties revealed that ensemble-pased algorithms tend to yidddver accuracy
and precision values when predictimgk thermal conductivity and volumetric heat
capacity.T hermal conductivity for perpendicular direction to the bedding can be less
accurate predicted from wddigging data.

From a comparison of thermaifoperty profiles predicted from w4digging
data with experimental datd can be concluded that volumetric heat capacity,
thermal conductivity parallel and perpendicular to the bedding plane can be
predicted with uncertainties of less than 9 %, 10 %l&%6, respectivel. hus,the
application of ensemble trdmsed algorithms for predicting rock thermal properties
accounting for thermal anisotropy is preferable.
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2.3 Sensiti\_/ity study of regression models for predicting rock thermal
properties

The sensitiity analysis of a regression model allodescribing the severity of
change ofthemd e |l 6 s o0 ut tpechange & a gvemput.dtys a highly
effective instrument for analyzing interrelations between model parameters and
model outputs.Moreover, sensitivity analysis is necessary to understand the
tolerance of a given model to noise and theeatdle quality of input data.

The regression modeadstablishedior well-log based determining rock thermal
propertiesare constrained by the depositiorvieonment and can be applied only
for the analogous rock with similar wdglgging data (Blackwell et al., 1989 key
aspect of predicting rock thermal properties is assessing prediction qualiy.
However, here are many sas when the same wighging was conductedvith
different logging tools that provide distinct measurement quality. Table 7
summarizs the technical specifications of four logging tools made by different
producers.

There are cases when measurement precision is two (or even threloyhenes
for specific logging methods when different logginglscare used. Evidently, when
the quality of logging data varies, the quality of wed) based predictions of rock
thermal properties also varies. Therefore, the assessment of the qualitictingyre
thermal properties should consider the variations in the quality cfoggihg data.
Thus, the sensitivity analysis of regression models should berped to
understand the modeéhaviar when the quality of input data changes.
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Table7. The technical specifications of logging tools suggested by two producers.

Logging method Producer Precisiort* Measurement range
Gamma ray logging 5% 07 2000 API
Density logging +0.01 g-cn? 1.043.05g-cn?

_ Schlumberger  0-20 p.u.: £1 p.u.
Neutron porosity

0gaing 30 p.u.: £2 p.u. 0-60 p.u.
45 p.u.: £6 p.u.
Sonic velocity logging 6.6 us/m 131.07 1312.0 us/m
Gamma ray logging +15% 0-2500 API
Density logging +0.03 g-cn? 1.77 3.0 g-cn?
Neutronporosity Nefte GasGeophysic
0gging 4 p.u. 07 40 pu
Sonic velocity logging +15.0 us/m 120.07 500.0 us/m

*Confidence level was not given within the technical specifications and therefore is not reported
here.Thedata on metrological characteristics of tools weferred from service catalogs of
the corresponding producer.

Due tothehigh predictive advantages thfeneural network, a major part of
publications related to sensitivity study of regression modelgloped using
machine learning methodsncernneural network model@Maosen et al., 20).6
Among the variety of suggested methods, the partial derivddwmeopoulos et al.,
1995 and the input perturbatiq@eng and Yeung, 2003lgorithms have superior
effectivenesthan other sensitivity analysisatinods. However, the partial derivative
method of sensitivity study can be applied to neural netlagded modejsvhereas
the input perturbation method is universally applicable. Moreover, the input
perturbation method technically mod#ie actal situaion that we can face when

predicting rock thermal properties from wieljging data.
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2.3.1 Workflow oftheinput perturbation method

The input perturbation method principally models the effect of random error on
model behaviar. Theworkflow of theinput perturlation methodhat was applied
for sensitivity analysis of regression models used for determining rock thermal
properties (Section 2.2.tdnsisedof several steps.

In the first step, we assume thiaregression model is already trainadd the
predicton uncertainty was assessed on a test data. The sensitivity study is performed
on the test dataset. Therefore, in the first step we spibefyalue of imposed
uncertaintyon our input data

In the second step, we select one input feature ancds@ddlle d A whi t e «
random noise to.iAll the restinput features are fixed. The absolute value of random
noise is constrained by the specified in the first step uncertainty. The variance of the
selected input feature can be represented asixgx, where xis the currerly
selected input variablandqux is the perturbation.

In the third stepwe predictrock thermal property using the perturbated input
dataand assess the change of prediction quality via selected metrics. Within the case
study, we assesdehanges in predictigorecision

Steps two and three acgclically repeated for all input featuréshe imposed
uncertainty varied from 0 to 15% by 1% step.

2.3.2 Sensitivity study of the gradient boosting regression model for predicting
rock thermal propertes

To understand the tolerance of regression models of the gradient boosting
algorithm established within Section 2.2.1 to noise and tkepdle quality of
input welllog data sensitivity study was performed basethemput perturbation
method.
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The results ofthe sensitivity study of regression models of gradient boosting
for determining thermal conductivity and volumetric heat capacity of carbonate
rocks ofaheavy oil field are presented in Figuie

50
40
30

20

0 5 10 15 0 5 10 15
6Logs, % OLogs, %

Figure 9. Results of sensitivity study of regression models of gradient boosting for
determining thermal conductivity (left panel) and volumetric heat capacity (right
panel) of carbonate rocksthieheavy oil field. The input welllogs are presentenh
theleft parel. g stands for relative change of prediction precigjioh. o sjasds for
input welklog with imposed uncertainty.

As it may be seen from Figure the perturbations in sonic and density logs cause
thegreagestrelative changes in accuracy when predichoththermal conductivity
and volumetric heat capacity of carbonate rockgease of uncertainty in sonic and
density log data by 20% resultsamelative change of prediction accuracy by more
than 40% for thermal conductivity. Whereas for volumeh@&at capacityan
increase of uncertainty in sonic velocity data by 20% leadantoncrease of
prediction accuracy by 12%. The perturbations in data on photoelectric factor,
gammaray, neutron porosity and electrical resistivigss significantly affect
prediction accuracy both for thermal conductivity and volumetric heat capacity.
Assuming that the acceptable prediction accuracy for thermal conductivity is
12% and for volumetric heat capacity is 108#& can determine theceeptdle
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guality of input wellogging data. As reported in Table 5, the prediction accuracy
on the test dataset for rock thermal conductivity and volumetric heat capacity were
10.4% and 8.1%, respectively. Thus, the limits for relative change of prediction
accuracy for thermal condudaty and volumetric heat capacity are 15%
(1.6/10.4100%a 15%) and23% (1.9/8.1100%a 23%), respectivelyT herefore,
the admissible imposed uncertainty in sonic and density log data is about 12% when
predicting rocks' thermal conductivity heacceptable imposed uncertainty in the
density log is about 13% when predicting rock volumetric heat capacity

Thesensitivity analysis islso helgful for understanding the importance of
input features for determining rock thermal propertielse higher he relative
change in predictiomprecision the higheris the input feature's importaaclhe
obtained results prove thporosity is themain factor conditioning dependencies
between wellogging data and rock thermal properties. High contrakeiphygal
properties of the rock matrix and pefiking fluids significantly changes the density,
neutron and sonic log responses, @uk thermal conductivity (Popov et al. 2003).
For this reason, density and sonic logs are the most important featureklag wel
based determination of rock thermal properties.

The results othe sensitivity study of regression models of gradient boosting

for determining thermal conductivity and volumetric heat capacity of orgehic

shales are presented in Figure 10.
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Figure 10. Results of sensitivity study of regression models of gradient boosting for
determining thermal conductivity parallel (left panel) and perpendicular (right panel)
to bedding plane and volumetric heat capacity (bottom pahedrbonate rocks of

heavy oil field.

Theperturbations ithesonic log and data dheacoustic impedance of rocks cause
the most remarkableaelative changes imprecision when predicting thermal
conductivity for parallel and perpendicular directions to the bedding plane. For
volumetric heat capacity of orgarich shalesthe most significah changes of
predictionprecisionare observed when sonic and density log dataentairbated.

The bwest effects on predictigrecisionare observed when perturbations are made
in electrical log data and photoelectric factor both for thermal conductivity and
volumetric heat capacity. According to the obtained results in Figure d#n e
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concluded that the perturbations of neutron porosity and nuclear magnetic resonance
porositydo notsignificantly affect prediction precisiolor thermal properties. It may
be reasoned lecollinearity of these logs with sonic and density lotada

Increase of uncertainty in soragy dateanddata ortheacoustic impedance of
rocksdata by 20% results mrelative change of predictigorecisionby more than
60% for thermal conductivitgarallel to the bedding planéor thermal conductivity
perpendicular to the bedding plarsgelative change of predictigarecisionby more
than 60% is observed when uncertainty in sonic and density log data is about 7%. If
uncertainty in sonic and density log data reaches, 28&orelative change of
predictionprecisionis two times higher compared to the original one presented in
Table 6. Thereforghe higher effect of input data perturbation on prediction
precision is observed for thermal conductivity perpendicular to the bedding plane
For volumetric heatapacity, the increase of uncertainty in datatlmacoustic
impedance of rocks and sonic log data results lielative change of prediction
precisionby more than 100%.

Following the same workflow for calculating thecceptablequality of
predictions ofthermal properties that was demonstrated for carbonate rocks, we
coulddetermine thémit values of uncertainty in input features.

The obtained results show that the acoustic impedance, density and sonic
velocities have the higheselative importance vaes The main reasofor the
strong correlation between the rock thermal properties aiedlgal porosity log
data (neutron, sonic, and density logs) is a high contrast (exceeding 10:1 in some
cases) betwedhecorresponding physical properties of the rock matrix and organic
matter, similar to the contrast in porous rocks between physical properties of the
rock matrix and porélling fluid.
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2.3.3 Conclusions

The sensttivity study of regression models of gradient trapalgorithm for
predicting rock thermal properties wasnductedusing the input perturbations
method.The obtained results revealed thiae highestrelative importance for
predicting rock thermal properties has@called porosity log data (sonic, dsy
and neutron log).

For organierich shalesan essentially higher effect of input data perturbation
on predictionprecisionis observed for thermal conductivity perpendicular to the
bedding plane compared to thermal conductivity parallel to the pgdime.
Increase of uncertainty in sonic and density log by 20 % results in doubled prediction
precision (30.8%) for thermal conductivity perpendicular to the bedding plane.
Increase of uncertainty in sonic log data and dath@scoustic impedance ofcks
data by 20% results iarelative change of predictigorecisionby more than 60%
(which is about 12.3%pr thermal conductivity parallel to the bedding plane.

The obtained results are the basis for determittiegacceptable quality of
logging datafor predicting rock thermal propertie$he admissible prediction
precisioncan vary depending on the applicaso Therefore, imaginary threshold
values for prediction uncertainties were specjfiad corresponding calculations
were performed to assdbg acceptable quality of logging data.
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Chapter 3. Determining thermal conductivity and volumetric heat
capacity of anisotropic rocks based on theoretical modelling
In most cases, the methods described in Chajater pplicablenly for the

analogous rock with similalithological features and with providing samell-
logging dataA theoretical modebased approach was implemented to predict rock
thermal properties from wdlbgging data to overcome this limitatioror
convenibnal theoreticalthermal conductivity modelsthe data on volumetric
fractions of rockiorming components arttieirthermal conductivities are required
to calculate thermal conductivity. Concurrently, the Magbing suite used for
constructing volumettimineralogical modelsf@ocks can vary from well to well.
Another possibility of the theoretical modebased approach ihe ability to
reconstruct rock thermal properties with different saturalemees

In this Chapter, | will describe a novel apact to predict theral properties
by combining wellogging data and theoretical maiahg).

3.1Approach for determining thermal properties accounting for thermal
anisotropy via theoretical modelling

To account for the effect of the rock structure on roekrttal conductivity,
some theoretical models include specific parameters known as a correction factor
(see, e.g. Asaad, 195R)was shown that the absolute values of the correction factor
could depend orthe degree of compactness and cementatiorocks (see, e.qg.,
Schoen 2015). Thud, thermal anisotropy of rocks has a structural natwee,
assumehat the correction factor can encompass the effect of rock structure along
directions of principal axes of thermal conductivity and, therefore, predictions o
thermal conductivity accounting for thermal anisotropy from egljing data
combined withtheoretical modelling are accessible.
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3.1.1 Workflow

Thenovel approach for determining rock thermal conductivity and volumetric
heat capacity of sedimentary rocks ssts of several principal steps.

In the first steplithological differentiation of geological profile andlumetric
mineralogical model of rocksithin the reference (interval where core samples are
available) and target (interval where rock samplesat available and rock thermal
properties are inferred from wddigging data) intervalss constructedvolumetric
mineralogical model of a rock can be obtained via inversion o standard logs or via
pulsed neutron gammnray logging (Serra, 1986).

In the second step, for each lithological tygdeockthe directions of principal
axes of thermal conductivity are determin&sldescribed in Section 2.1 theycan
be inferred from results of thermal core logging along several distinct scanning lines
(Popowet al.,2016). Moreover, these directions can be determined througlofa set
geomechanical tests of standard core pligs et al.,2012).

In the third step, measurements of rock thermal conductivity along directions
of principal axes for each litholamil type are performed with optical scanning
technique at atmospheric pressure and temperature. Simultaneously, measurements
of rock volumetric heat capacity are conducted.

In the fourth steghethermal conductivityf rock-forming minerals and fluids
and correction factors for the appropriate theoretical model are deterimned
minimising the divergence between the measured and predicted rock thermal
conductivity. The theoretictiermal conductivity moded calibrated separately for
each lthological type and principal as direction ® thermal conductivity
Additionally, the volumetric heat capacity of rodkrming components are
determined via minimization of the divergence between the measured and predicted

volumetric heat capacity.
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After that, rockhermal properties are determined within fomming intervals
usingthevolumetric mineralogical model of a target intereadtablished correction
factors along directions of principal axes of thermal conductivity and data on thermal
properties of rocKorming components.

Additionally, the dependencies of rock thermal conductivity and volumetric
heat capacity pressure and temperature are determined. It can be performed through
a set of laboratory investigatigngr some of these dependencies can berader
from literature data.

In the fifth step, thermal property predictions are corrected for in situ
temperaturandpressure using thdependencies established in the fourth.stép
data on in situ temperature can be inferred from temperature lpggidglata on in
situ pressure can be inferred frane results ofthe formation testAs well as in
Section 2.1,these correctionsre distinct for each principal axes of thermal
conductivity.

3.1.2 Case study: thermal properties of organich shales of the Bahenov
Formation accounting for thermal anisotropy from welbgging and
theoretical modelling

The suggested approach fiteterminingrock thermal properties on the basis
of theoretical modelling was tested on data from three wells (A, B, C) drilled throug
the Bazhenov Formatio(Chapter 2 The volumetric mineralogical model for the
investigating wells \as inferred from highdefinition spectroscopy and nuclear
magnetic resonance log data. The Bazhenov Formation rocks include nine rock
forming componentsilite, kaolinite, bound water, chalcedony, albite, calcite,
dolomite, kerogen, and oil.
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3.1.21 Theoretical models of thermal properties

As it was mentioned, the suggested appraagslies the use of theoretical
models that contain scalled correction factorsnd, therefore, enable the
determination of the rockhermal conductivitywhile accounting for structural
thermal anisotropy. We investigated three theoretical models of effective thermal
conductivity for specific to organidch shales:

1. TheLichteneckerAsaad model (Asaad, 1955), whieasadopted inthis
studyfor organicrich shales:

] ] P 91 2 (4)

2. TheKrischer and Esdorn mod&diischer and Esdorn, 1956)

- 5 _ (5)

3. TheLichteneckeiRother modell{ichtenecker and Rother, 1931)

— B w_ (6)
w h e &8 kend, andl srepresent theffective rockhermal conductivitykerogen
thermal conductivity fluid thermal conductivity and rock matrix thermal
conductivity, respectively; \er, Vi, and V represent thkerogen volume fraction,
fluid volume fraction, and volume fraction tifeith componentyespectivelyand
f, b (varies fr om 4totl)oaretdectionfactatsinle ( v ar
corresponding theoretical modélhethermal conductivityf fluid is calculated via
theweightedgeometric mean model.

It is worth noting thathe abovementionedodels with different values of the
correction factors can cover adei range of theoretical models of thermal

conductivity. For instancethe LichteneckerAsaad model transforms into the
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weighted geometrimean model ift he corr ecfadeqoals 1 Thact or
LichtenecketRother model transforms intbeweighted geometricmean model if

Ailb equals 0T heLichteneckerRother modehnd the KrischeEsdorn modeium

into the weighted arithmetic mean model when the correction factors edgua 1.
LichtenecketRother and KrisheEsdorn models can also turn into harmonic mean
models (if b=0 a = dl). Whenflb equals 0.5theLichteneckerRother model
transforms into a root mean square (Roy et al., 1981). In the, stedio not fix a
correction factor in advanci is an unknown variable that is defined duritige
calibraion stage.

Since volumetric heat capacitis a scalar physical propertihe weighted
arthmetic mean model is applied to determinevblametric heat capacityom
well-logging data:

0 B o (7)
where C ighe rockvolumetricheat capacityV; is thevolume fraction oEomponent

I, and Gis thevolumetric heat capacityf component.i

3.1.2.2 Calibrating theoretical models of thermal properties

The available data were subdivided into two random datasets: (1) a training
dataset (compsing 66% of all the data) and (2) a test dataset (comprising 34% of
all the data). Theoreticalodelcalibration requires data on rock thermal properties,
volumetric fractions of rockorming mineralogical components, and thermal
properties of rockormingmineralogical components. The data on the rock thermal
properties were inferred frotheresults of thermal core logging, and the data on the
volumetric fractions were inferred from the weljging data. The data aife
thermal properties of roeformingminerals are inferred fromiata available in the
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iterature. Table 8 summarizes the available datahenthermal properties of
minerals and fluids used in the volumetric models of rocks.

Table 8. Literature data orthe thermal properties of minerals and fluids (at
atmospheric pressure and temperature).

. 3- _l
Mineral/fluid | err, W-mit-K* }, gL oc kdkgtK? C, MJ-mK
min max
. 2.7F, 2.73, 0.815°
Calcite 3.13 359 s o e 214 244
. 5.666.28, 2.87. 2.88, 0.870°
Dolomite 5.5 2.862.9F 0.93 246 272
b
Chalcedony 317, 3.28 2,65 067 gi 185 198
_ 1.632.32. 2.62¢ 2,62, 0.70°
Albite 1.042.38 263 0.71 183 187
. 2.90¢
llite 1.80 e 0.79 205 229
Kaolinite 2.69 2.66 0.97 253  2.60
: 2.612.68 97 : :
oil 0.1£0.1% 0.880.97 1731810 152 175
Water 0.590.61 1.00 419 419 419

3Popov etal. 198PHorai, 1971;°Brigaudand VasseL(rl989);dDeer etal., 1992Fertland Frost, 1980Cermak and

Rybach, 1982Schoen, 2015*?Skauge etal. (1983JWaples and Waples (2004Flauser (2006). Rockolumetric
heat capacityvas calculated as a product of density and specific heat capacity.

The model calibration implies the (1) application of reliable datato the#ie
properties of rockorming mineral components, (2) determination of correction
factors for theoretical models in the directions parallel and perpendicular to the
bedding plane, and (3) minimization of the mean relative discrepancy between
measured ancdalculated rock thermal properties. Unfortunately, experimental data
on the thermal properties of kerogen vary with kerogen porosity and differ for
different oll fields. Therefore, the thermal properties of the kerogen were determined
by optimization andhot experimentally. To solve this problemve applied a
constrained genetic minimization algorithm (Storn and Price, 1997). Since
volumetric fractions of minerals were available for the Bazhenov Formation, the

possible range of mineral thermal properti@eswaken directly from Table 8.
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The results ofthe theoretical modelcalibration accounting for thermal
anisotropy (Table 9) indicated that:

1 For the Bazhenov Formatiorthe rock thermal conductivity component
parallel to the bedding plane can be predigtadhe theoretical model more
accuratehthanthecomponent perpendicular to the bedding plane. This can
be due to themore significant influence on the thermal properties
perpendicular to the bedding plane of micracking from core unloading.

1 Among the considered theoretical models of riekmal conductivitythe
LichteneckeiRother model yields the lowest prediction uncertainty and the
highest values of Fbetween measured and predicted values.

1 TheLichtenecketRother model yieldshe most physically adequate values
of thermal properties of the rock components (especially for kerogen and
lithological components ahe Domanic Formation). For example, through
optimization ofthe LichteneckeAsaad and Krischer and Esdorn models
with Bazhenov Brmation datawe obtained kerogen thernwnductivities
of 0.13 and 0.14, respectively, whiahemore typical for movable oil than
that suggested by the Lichteneck&sther model.

Based orthesgooints, we caronclude that theichtenecketrRother modeior

predicting rock thermal conductivity from the wieljging data is preferable.

3.1.2.3Predicting rock thermal properties from welbgging data based on
theoretical modelling

Rock thermal properties were predicted on a test datagbe Lichtenecker
Rother model, the established values tbe correction factor for parallel and
perpendicular direction to the bedding plane and thermal properties eforocikg
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components (Table 10). For comparison, the predictions of thermal properties using
thegradientboosting method are also included and analyzed within this Section.
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Table 9. Calculated values of the thermal properties of the-foaking components for the training datasethef
Bazhenov Brmation

Thermal conductivityof minerals/fluids parallel to the bedding plane (N = 326), WKt
Theoreticalmodel RMSE,

Calcite Dolomite Kerogen Chalcedony llite Kaolinite Albite Oil Correction factor R? w.mt.ka P A%
LichteneckefAsaad 3.13  5.51 0.13 3.25 1.80 265 22 011 0.17 0.6z 0.23 128 -4.1
LichteneckerRother 3.13  5.51 0.29 3.25 1.80 265 22 0.14 0.39 0.5¢ 0.24 12.7 -0.6
Krischer and Esdor 3.13  5.51 0.14 3.25 1.80 265 22 0.11 0.95 0.5¢ 025 131 -0.8

Thermal conductivityof minerals/fluids perpendicular to the bedding plane (N =296), W Hn!
LichteneckefAsaad 3.13  5.51 0.13 3.25 1.80 265 22 011 0.44 0.57 029 217 4.1
LichteneckerRother 3.13  5.51 0.29 3.25 1.80 265 22 0.14 -0.27 0.5¢ 0.27 19.1 -04
Krischer and Esdori 3.13 5.51 0.14 3.25 1.80 265 2.2 0.11 0.79 0.5t 0.28 19.9 0.05
Volumetric heat capacitgf minerals/fluids (N = 326), MJ-fK-1

Weighted arthmetc , o 545 161 185 201 220 1.83 1.52 i 0.0¢ 013 123 16

mean

Table 10. Prediction results of the rock thermal properties on the test datasets.

Thermal conductivity . .
Volumetric heat capacity
il o
Model R? RMSE P A R? RMSE P A Model R RMSE P A
Wikt % % Wtk 9% 9| 000 MI-mEKT % %
GB 0é7 0.14 7.7 0.80.79 019 15411 GB 0.2 0.09 8.8 0.2
LR OéG 0.18 10.4 0.1050 030 19915 AM 0.10 0.13 11.4 2.3

*GB stands for the gradient boosting method, LR stands for the Lichterieottear model, AM stands for the weighted arithmetic
mean model.
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Figure 11 plots the thermal property predictions and experimental valtnes of
rock thermal propertief®r the test datasets.
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Figure 11. Experimental data of the rock thermal properties compared to the thermal
properties predicted from weddigging data of training datasets for the Bazhenov
Formation. Black dots present results with the gradient boosting method, red dots
results via theatical model. The dashed black line (y=x) shapsrfect prediction.

The results obtained for the case studies showvitibatetical models provide
a less accurate prediction of rock thermal properties frordogeing data than the
machinelearningalgorithm for organigich shales There are several sources of
uncertainties that cause relatively high errors when dealing with theoretical models
of rock thermal properties. First, the volumetric mineralogical models resulting from
the initial geophysial data processing are constructed within a set of assumptions,
such as vertical and lateral continuity, a constant ratio of bound water to dry clay,
etc. Moreover, the models are interpretatieplying their subjective nature.
Consequently, volumetric imeralogical models increase the uncertainties of the
data on the volume fractions of refilrming componentsthat are used for predicting
thermal properties based on the theoretical model of thermal properties.

Another aspect refers to the imperfectiomgheoretical models of thermal
conductivity. As already mentionethe rocks thermal conductivity depends on
many factorssuch as mineralogical composition, porosity, saturatbergranular
contactsand theshape of minerals. Therefore, the impleragioh of only onethe
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so-called correction factgican beinsufficient, at least in some casd@sus, the
improvement in theoretical modelstbermal conductivitys important.

For a detailed uncertainty analysis, boxplots of the relative discrepancies
between the measured and predicted values are pilotteglre 12.
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Figure 12. Boxplots of the relative discrepancies between the measured and
predicted values of rock thermal properties for the Bazhenaw&tion Above,
predictions based on the theoretical models; below, predictions babedjadient
boosting algorithm. Histograms of thermal properties ftbhatest dataset are also
shown.

It may be deduced that systematic underestimation is observed when predicting
rock thermal conductivity on the basis aftheoretical model for low thermal
conductivities (0.8L.2 W-m*-K-1) for theBazhenov Formation. In most cases, the
gradient boosting algorithm provides less biased predictions of thermal properties
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compared to t predictions on théasisof the theoretical models. There is a
systematic overestimatiamthe prediction of thermal conductivity for the Bazhenov
Formation for high thermal conductivities (248 W-m*-K-! for the parallel
thermal conductivity compomé and 2.02.4 W-m!-K-? for the perpendicular
thermal conductivitycomponent). Analysis of the data showed that this bias is
caused by the silicification of some intervals resultinghmoccurrence of highly
high-conductive quartz.

Based orresults preented inFigures 11 and 12, we can conclude tha
gradient boosting method is more effective for predicting rock thermal properties
than the theoretical models becauset®high sensitivity to the norlinear and
implicit dependencie®f the rock themal properties and wdbgging data.
However, in casef rocksthatare low porous or have low organic matter content
the correlations between thermal and other physical properties can diminish and the
quality of predictions will be unacceptable. Moregibke application of gradient
boosting requiretraining datasets, whiclarenot always available. Therefore, for
cases when core samples are absent and onloggilhg dataareavailableor the
rocks are low porous (orlvichhave low organic matteontent) predictions of rock
thermal properties can be performed with sufficiergcisionbased on theoretical
models.Another benefit otheapplication othe theoretical modelling approach is
anopportunity of transition from one saturation statertother. In case of lateral
variations of rock saturatipnthe regression modébased approach requires
determining corrections to rock thermal properties for different saturations on the
basis of special experimental investigations (see, e.g., Popoyvatilal) whereas
the theoretical modddased approach does not.

Applied theoreticathermal conductivity models contain correction factors that
encompass the effect of structural peculiarities on rock thermal conductivity. The
possible wayto enhance theetical models in application to orgasich shales
includes an arrangement of comprehensive experimental study and analysis of
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results to understand how the correction factor depends on geological features of
source rocks anthe implementation of addanal correction parameter that will

account for textural peculiarities.

3.1.3 Conclusions

An approach fodeterminingthe thermal properties of rocks accounting for
thermal anisotropy via theoretical modelling was suggested and tested. The approach
provides simitaneous determination othe rock thermal conductivity and
volumetric heat capacity. Predictions of thermal conductivity accounting for thermal
anisotropy are accessible due to applications of theoretical models of thermal
conductivity that contain corréon factos encompassing the effect of rock
structure Like the approach suggestiedSection 2.1this approaclalsoaccounts
for the influence ofin situ thermobaric conditions on thermal properties
differentiatingthe effect on distinct thermal conductivity tensor components.

Within the casestudy he experimental dataset awck thermal properties
inferred from continuous thermal core logging aotlimetric mineralogical models
inferred from high definition spe@scopy and nuclear magnetic resonancédam
three wells drilledthroughanisotropic organicich shales were the basis for the
approach developmeand testing T he results obtained during the case study show
thatrock thermal conductivity componeman be predicted from wedigging data
with uncertainties of less thail 1% for thermal conductivity parallel to the bedding
plane and less that?0%for thermal conductivityperpendicular to the bedding
plane (for a 0.95 confidence level). Volumetric thespacity can be predicted from
well-logging data withan uncertainty of less thanl2% (for a 0.95 confidence
level).

From comparison styf prediction results obtained with gradient kioag
method and Lichteneckétother model it can be concludedhat the gradient
boosting method is more effective for predicting rock thermal properties than the
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theoretical models because of its high sensitivity to thelinear and implicit
relationsbetween the rock thermal properties and4oegling data.

3.2. Appro ach for assessingincertainty in a cotrrection factor of Krischer-
Esdom model

An essentiabspect of theoretical modelling of rock thermal conductivity is
assessintheprediction quality of a model. The prediction quality of the theoretical
model is pringally determined by uncertainties in input parameters (thermal
conductivity of rock matrix and pore fluicstructural parameterand volume
fraction of rockforming componens One of the most commonly used \8ap
assess the theoretical modeksdiction qualityis a comparison of measured and
predicted values of rock thermal conductivity. However adgessment resulise
true only for considered data (that hage/en uncertainties) and can vary if
uncertainties in input parametefsange

Therefore, when predicting rock thermal conductivity from veglhing data
on the basis of theoretical modellingarticularcalculations are required to assess
the prediction quality accountifigr uncertainties in input parameters. Akey for the
problem solution is the sensitivity study of the theoretical modelallows
understanding the influence of uncertainties in input parameters on prediction
uncertainty. However, very oftethere is a lack of data (or the data is absent) on
uncertainty inthe comection factor of the theoretical modef rock thermal
conductivity The uncertainty in correction factor can be determined via special
experimental nvestigations orthe collection of core samples providédat the
uncertainty in thermal conductivity ofiatrix pore fluid and porosity are known
(Stolyarov et al.2007). ncurrently, not always there is an opportunity to conduct
such investigations and, thus, an effective approach for assessing uncertainties in
data on correction factor is required.
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A new effective approach was developed and suggested to assess the
uncertainty inthe correction factor of theoretical modekn example is given for

theKrischerEsdormmodel.

3.2.1Workflow

The workflow ofassessmemtf the correction factor uncertaintyiplies that
the thermal conductivity of roclorming componentsral correction factor are
known.Theapproach consists of several principal steps.

In the first step,the prediction uncertainty of the theoretical thermal
conductivity model is assessed viaamparison of predicted and measured thermal
conductivity values Prediction accuracy and precision are calculafesing
formulas 2 and 3, Section 2.1t@)evaluateheprediction uncertainty.

In the second stepased on the partial derivative methibek sensitivity study
of the theoretical model is performebhe result ofthe sensitivity study are
determinedsensitivity coefficientsof dependency of predioh uncertainty from
uncertaintiesn input parameters

In the third stepysing theprediction uncertaintyevaluated in the first step and
evaluated coefficients @ependency of predicin uncertainty from uncertainties
input parameters, the uncertainty in correction factor is deternvitied

1 _ 0 I _ 0 1_ O 1 %0 1 © (8)

T 0 (9)

wheré aerris prediction uncertainty that is calculated in the first stepkK Ks, Ka

are coefficients of dependency of prediction uncertainty from uncertainties in
corresponding input parameténsit are inferred from sensitivity study of a model

1 @matrix IS UNcertainty in data on thermal conductivity of rock matrigwia IS
uncertanty in data on thermal conductivity of pefiing fluid; 1 %ds uncertainty in
porosity; ais uncertainty in correction factor.

85



3.2.2 Case study:assessing the uncertainty in correction factor of Krischer
Esdorn model established fatayeyrocks ofthe TumenFormation
The suggested approach for assessing the uncertainty in correction factor of
theoretical model of thermal conductivity suggested by Krisher and Esdom
(Krischer and Esdorn, 1956) was tested on data from two (#¥elsd C,Section
2.1.2.

3.2.2.1 Geological setting and field data

The TumenFormation isof the Jurassicageand was formed under coastal
marine conditions. From higtiefinition spectroscopy data and NMR datze
investigating clayey rocks are principally composed of ilite, kaolinite bitd,
orthoclasesiderite, siiceous mineraf{gnainly chalcedony), bound and free water
(Figure 13).

_Siderite

it 339 Siliceous minerals
ite

K _Feldspar

Na_Feldspar
Kaolinite

Figure 13. Pie chart of average volume fractions of rbakming components of the
investigating rocks inferred from high definition spectroscopyNidR log data.

According to NMR log datahe porosity varies from 1% to 1Q%ith mean
value of 4.5% and standad deviation of 3%T heclayey minerals due to oriented
alignment condition the stratified structure. Thus, the considelaggy rocks can
be treated as transversely isotropic medium anthrtical axis of symmetry.
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3.2.2.2Thermal core loggingesults for theclayeyrocks of the Tumen Formation

The continuous thermal core logging was conducte8Q¥ full-sized core

samples fromwells A and C (57 m in tot&lanning lines were chosen parallel and

perpendicular to the bedding plane on the flat surfaces &fatived core samples.

The ontinuous profiles of the thermal conductivity components parallel and

perpendicular to the bedding plane directions are plotted in Figure 14.
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Figure 14. Results of rock thermal property measurementaédis A (left) and C
or rock
thermal conductivity components in the directions parallel and perpendicular to the
bedding plane, respectivelyrey lines represent the originptofiles of the rock
thermal properties; black, red and blue lines represent averaged thermal property
profiles in a moving 0.5 window.
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A high content ofclayey minerals (especially ilite) conditi@a systematic
thermal anisotropy of the investigatingcks (Figure 15).

20 1

PDF

10 1

1.2 1.4 1.6
Thermal anisotropy coefficient

Figure 15. Histogram ofthermal anisotropy coefficient inferred from thermal core
logging for wells A and C.

3.2.2.3Results of predicting rock thermal conductivity from wétgging data
based on KrischeEsdorn model
The available data on rock thermal properties and volumetric fractions ef rock
forming components were subdivided into two random datasets: (1) a training
dataset (comprising 66% of all the data) and (2) a test dataset (comprising 34% of
all the data)Folowing the workflow described in Section 3.1.1 for determining rock
thermal conductivity from welbgging databased on theoretical modelling, we
performed calibration ofhe KrischerEsdorn model on the tramgy dataset and
predictedrock thermal condutity on the test dataseDuring modelcalibration,
the data on thermal conductivity of rock minerals were infefrech Table8.
Additionally, the data on thermal conductivity of orthoclase and siderite were
inferred from Popov et al. (1987). Since inigeting rocks exhibiahigh degree of
thermal anisotropy (Figure 15), the correction factaheKrischerEsdorn model
was determined both for parallel and perpendicular directions to the bedding plane.
According to laboratory investigations, considgrtlayey rocks are characterized
by negligible permeabilty and, thus, during model calibratih0% water
saturation of pore space was implied.
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The results of model calibration for parallel and perpendicular directions to the
bedding plane are presedten Table 11. The results of predicting thermal

conductivity on the test dataset are presented in Table 1

Table 11. Calculated values of the thermal properties of the -foaking
components for the training datasetitéclayey rocks.

Thermal conductivityof minerals/fluids parallel to the bedding plane (N1f), W-m1.K-1

Siderite Orthoclase Chalcedon llite Kaolinite Albite Correction ., RMSE’_ P.% A%
factor W-ml.K-1
3.08 2.17 325 180 265 2.2 038 078 009 74 02

Thermal conductivityof minerals/fluids perpendicular to the bedding plane (F®7W-m.-K-1
3.08 2.17 325 180 2.65 2.2 0.66 0.6¢ 0.13 142 0.9

Table 12. Prediction results of the rock thermal properties on the test datasets.

ay, (N =132) &, (N =53)
R? RMSE W-mt-K1 A/ % P,%| R? RMSEW-mt-K? P,% A, %
0.73 0.09 8.0 0.0]0.64 0.15 150 1.2

The prediction uncertainty is assesseddd.95 confidee level. Figure 16
plots the experimental data on rock thermal conductivity and predicted thermal

conductivities for the test dataset.
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Figure 16. Experimental data of the rock thermal conductivity compared to the
predictedhermal conductivity from welbgging data on test datasets. The dashed
black line (y=x) shows perfect predictiad.stands for number of points.
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3.2.2.4 Sensitivity study of KrischeEsdorn model and assessment of
uncertainty inthe correction factor
The partial derivative method dhe sensitivity analysisusesthe Taylor
expansion to approximatbe uncertaintyof the function outpuwith respectto the
uncertainties imputparametersT he Taylor expansidior input perturbations of a
functioncan be writtenas

MO YO QYW O —ed - — e - — e E —opo (10
whereqx is a very small noizero positive number. Because tpeis very small,
the second and subsequent teanesnegligibleand as a resuthe uncertainty of the
function's output impproximated by the first term of the Taylor expansion.

To assess the influence of relative uncertainties in input paranoetedative
uncertainty of the outputhie equatioriOis rewrittenas

T

10 =

1 @ (11)

wherég fis relative uncertainty itheoutput of the functiongd stands fof(x+qx) 1
f(x),7 xis relative uncertainty in the input parameter. Theatio of derivative of
the function with respect to the nput parameterto the product of x and
function output 7x) is denoted as a sensitivity coefficient.

The KrischerEsdron model fora two-component system is written the

following way:

(12)

wherephiis porosity astands for thermal conductivitstis a correction factor.
Partial derivatives of the Krishétsdorn model with respect tbe thermal
conductivity of rock matrix, porélling fluid, porosty and correction facta are
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(13)

—_— (14)

— (15

— (16)

According to Chorpa et.gR018) and Fuchs et al. (2018)ehigh effectiveness
of the Lichtenecker model is observam the calculation of effective thermal
conductivity of lowporous rockswith minerals, which have low thermal
conductiviy contrast Thus, the thermal conductivity of rock maxtr for the
iInvestigatingclayeyrocks is calculated using the Lichtenecker model udatg on
average volumetric compositidimat wasinferred from highdefinition spectroscopy
and thermal conductivities of mineralshe Lichtenecker modelis written as:

_ B _ (17)
wherear is thermal conductivity of-th component and\s volume fraction of the
I-th component.

To assess the uncertainty of the determined correction coefficients for parallel
and perpendicular directions to the bedding plane, data on uncertainty in thermal
conductivity of rock matrix, porélling fluid, and porosity are required.

The uncertaintyn data on prosity and porilling fluid is taken from technical

specifications of the utiized measurent tools. ta on porosity is inferred from
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nuclear magnetic resonance log datad according to technical specifications of the
applied logging tool, the uncertaintyon porosity is £2.0%. The uncertainty on
thermal conductivity of water 62.5%.

To assess the uncertaintytime thermal conductivity ofthe rock matrix, the
sensitivity study of the Lichtenecker model was performed. The partizhtiess
of the Lichtenecker model with respecthethermal conductivity of-th component

and its volume fractions are calcadhs

— O B _ Q@ (18)

— a& B (19)

As reported by Popov et al. (1987), the uncertainty in data onfooekng
minerals thatare involved in this study can bex2.5%.According to technical
specifications of the higdefinition spectroscopy tool, the uncertainty in data on
volume fractions of minerals #3.0%. The uncertainty in thermal conductivity of

rock matrix is calculateds

) 1 _ 0 1 _ 0 1_ 0 1
0 ) 0 1 W 0 1 W 0
16 0 16 (20)

where Kis thesensitivity coefficient fothe corresponding input parametarthe
Lichtenecker model The calculated uncertainty in data on matrix thermal
conductivity from equation20 for investigaéd clayey rocks is 6.1% fora 0.95
confidencdevel.

In the catulations of the sensitivityaefficients the average values of rock
porosity and thermal conductivity of rock matrix in equatio®$ 16 are assigned
within the case studgorrectiorfactorswere determined in Section 3.2.2.3 and are
taken from Tablell. Figure 17showsthe influence of uncertainties in input
parameters ofhe KrisherEsdorn model on thermal conductivitpmponentsor
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parallel and perpendicular directions to the bedding pdemehe importance of
input parameters within the case stiglranked both for parallel and perpendicular

directions to the bedding plane the following way.
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Figure 17. Results of assessing influence of uncertainty in thermal conductivity of
rock matrix (red lines), porosity (green line), thermal conductivity of pore fluid (blue
line), and correctiofactor(black line) on rock thermal conductivity for parallel (left
panel) and perpendicular (right panel) directions to the bedding plane.

Following the workflowm(Section3.2.1), the assessment of uncertainty in data
on correction factorlsy means oéquatior®. For assessment of uncertainty in data
on correction factor werinvolved (1) the sensitivity coefficients for each input
parameter obtained during sensitivity study of KrisBedorn model, (2)he data
on uncertainty in thermal conductivity of rock matrix, porositiye thermal
conductivity of pore fluid, and (3) éhprediction uncertainty of Krisch&sdorn
model (Tablel2). The calculated uncertainties in correction factors (via equation
for parallel and perpendicular directions to the bedding plane are 15% and 37%,
respectively.

3.2.3 Conclusions.

A new approach for assessing uncertaintytha correction factor ofthe
KrischerEsdorn model was suggested and tested. The apprekhon the
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application ofthe partiatderivative methodand requires integrating results of
prediced rock thermal coductivity from weltlogging data on the basis of
theoretical modelling of thermal conductivity.

The approach was tested on data from the Tumen Formation that is composed
of clayeyrocks Fromthesensitivitystudy, it can be concluded that for investigt
rock the uncertainty in correction factor has the lowest influence on uncertainty in
effective thermal conductivity compared to the influence of uncertainties in other
input parameters (thermal conductivity of rock matrix, porosity, thermal
conductivity of porefluid). The calculated uncertainties in correction factors for
parallel and perpendicular directions to the bedding plane are 15% and 37%,
respectively. The obtained results enable accounting for variatithsguality of
input data from well tavell while assessing the quality of predicting rock thermal
conductivity fom welkHlogging data.

The developed approach is ragiplicableonly tothe KrischerEsdorn model,
but it can be usefbr assessing uncertainty in correction factors of Lichtenecker
Rother and Lichtenecke&saad models.
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Chapter 4. Welllog based technique(WLBT) for determining rock
thermal properties accounting for thermal anisotropy atin situ

pressure, temperature and saturation

An important aspect of welbg basedredictions of rock thermal properties
accounting for thermal anisotropy ithe development of a wetlefined and clear
workflow that could encompass a variety of conditions. Moreover, the integration of
opportunities that were disclosed dugteimplementation of modern experimental
bases for problem solution is very often not a trivial task.

In this Chapter by integrating regression and theoretical meuted
approaches described in Chapters 2 ametFropose aanhanced technique for the
wel log-based determination of rock thermal properties accounting for rock thermal
anisotropy The technique's noveltyvhich allows ugo accountor the pressure,
temperature and saturation effecdssupported and evidenced by a &ais patent
(Popov etl., 2019).

4.1Workflowof WLBT for thermal property prediction

The developed enhanced technique for determining rock thermal properties
accounting for thermal anisotropy from wielging data consists of the following

principal steps:

1. Analysing and procesg) of the available input data.

2. Determining directionsij of the principal axes of anisotropy (2D
anisotropy is considered for sedimentary rocks).

3. Selecting regression or theoretical models of the rock thermal properties
and determining model parameters.

4. Determining the rock thermal properties in a target depth interval from
well-logging data at atmospheric pressure and temperature.

5. Determining the rock thermal properties in the target depth interual at
situtemperature and pressure.

The detailed schentd the proposed algorithm is presented in Figue 1
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I. Input data processing and analysis
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Figure 18. Workflow for well logbased determination of rock thermal properties
accounting for rock thermal anisotro{8hakirov et al., 2021Red and blue arrows

i ndicate cases when nAcor e

samples ar

respectively ' issthethermal conductivityn theij directions; C is th&olumetric

heat capacityVk is a volumetric fraction ahek-th rockforming

compe@isent ,

the thermal conductivityof the k-th component fothe ij direction,andCx is the
volumetric heat capacityf the k-th componentfiadis a correction factor. P and T

stand for pressure and temperature, respectively.
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Preliminary target intervals for predicting rock thermal properties are defined.
In step |, the available geological and geophysical data are analysed. The main
characteristics of the target intervals to be evaluated are the (1) lithological
composition of the rocksotnposing the target interval, (2) formation peculiarities
(porosity type, shaliness type, physical properties of the-fimcking mineral,
cementation degree, etc.), (3) in situ pressure and temperature, (4) in situ saturation,
and (5) quality of the avable wellogging data. If there are reference intervals for
predicting the rock thermal properties, the same characteristics of the reference
intervals are evaluated from the geological and geophysical data. Requirements for
the nAr ef er e n<felows: (1) éritedt with coring, r(2 composed of
similar (to the target interval) rocks, and (3) is investigated with the same well log
suite.

In step Il, the directiong of the principal axes of the rotkermal conductivity
are determined. If coreamples of the reference interval are available and the
orientation of these samples are known relative-witinformdions (Figurel8, step
II, red arrow), the directionsj are determined experimentally via a special
procedurethe optical scanningneasirements argerformed on selected core
samples with sequential rotation of scanning line directions, as described by Popov
et al. (2016). Since the directionjsare considered to be the same for ttinermal
conductivity, sonic velocity and geomechaniacdiaracteristics of the same rocks
(Kim et al., 2012), thg directions can be determined via a set of geomechanical
tests. If core samples are not available (f6d.8, step Il, blue arrow), the directions
Ij are determined via analysis of sonic log da&e, e.g., Hornby et.aR003) or
electric log data (Faivre et al., 2002; via a higHinition resistivity formation micro
imager). The directiong are determined for each lithology presented in the target

interval.
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After that, when core samples axa#able, continuous thermal logging of core
samples extracted from the reference interval is performed to obtain the principal
components adhermal conductivitandvolumetric heat capaciig theij directions.

There are two possible variants of step Il the available geological and
geophysical data allowonstructinga volumetric mineralogical model (VMM) of
both the reference and the target intervals, then the enhanced theoretical model
based approach can be realized. Otherwise, the enhancedioegreedebased
approach can be utiized. The adopted variant depends on the available data and
predictionprecision which vary in each case. Moreover, these approaches can be
combined: for some part of the target interval, the rock thermal properies ar
determined via a theoretical modsed approach, while those of the other part are
determined via a regression mebtaked approach.

The approach based on the regression model starts by evaluating the transport
physical properties (sonic velocity angarical resistivity) inferred from well
logging data along the principal axis directionsf thermal conductivityFigure 18,
step lll, block Al). After that, the regression models, their parameters fqr the
directions and the corresponding fluid sation of rocks are determined. If core
samples recovered from the reference interval were available in the previous steps
and continuous thermal core logging was conducted, then a regression models and
their parameters are determined using experimeatal Wia minimization of the
misfit between the measured and calculated rock thermal propertie®(E#§)step
lll, A2). If core samples were not available, then the regression model and its
parameters are selected from the databaser@4§, step IlI,A2*). For database,
we imply local or published representative databases that contain among other things
information for assessing the similarity of being investigated and previously
investigated rocks (such as mineralogical composition, petrophysicatbdstics,
pore fluid, anisotropy, etc.), data on rock thermal properties, other rock properties
and/or welllogging data, and regression models (regression equations, machine
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learning models, etc.) between thermal properties andlogglhg data. The
regression models for predicting rock thermal properties are developed on an
individual basis within stratigraphic units ahat for each rock type. The regression
models can be simple (linear or multiple regressions) and advanced (decision tree
based, neal networkbased, etc.).

The approach based on the theoretical model starts with constructing a VMM
that can be inferred from special welyging methods (such as hidgefinition
spectroscopy) or standard wieljging data (Serra, 1986). If core samglad core
logging were available from the previous steps, then a VMM of the reference interval
is also constructed. After that, a theoretical model (selection of the theoretical model
of thermal conductivitys discussed in Section 2.2) of the rdle&rmalconductivity
Is selected, and its parameters are determined. Alseolim@etric heat capacityf
the rockforming components (pore fluids, minerals, etc.) is determined. If core
samples extracted from the reference interval and thermal core logging were
available, then the theoretical model of the rdkokrmal conductivity thermal
properties oflte rockforming components, and correction factors are determined
via minimization of the divergence between the measured and predicted rock
thermal properties (Rige 18 step Ill, B2). The theoretical model dfhermal
conductivityis calibrated separayefor each principal axis directioip of thermal
conductivity. If core samples were not available, the theoretical modblermal
conductivity, thermal properties of the rodkrming components and correction
factors are selected from the datab&sgu(e 18,step I, B2*).

In step IV, the rock thermal properties are determined by accounting for the in
situ saturation without corrections of the pressure and temperature freloggialg
data Figure 18 using established parameters of the regressitreoretical model
for the predetermined directions

In step V Figure 1§, the thermal properties of the rocks composing the target
interval are determined at in situ pressure and pressure using data on the formation
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conditions and the dependencies otk thermal properties on temperature and
pressure. If core samples recovered from the reference interval are available, the
pressure and temperature dependencies can be determined experimentally by taking
into account the principal axis directionsof thermal conductivityfPopov et al.,
2012; Wangetal., 2018). Otherwise, the dependencies of the rock thermal properties
on the temperature and pressure can be inferred from data available in the literature.
As the basis of the developed WLBT for deterngmiack thermal properties
from welllogging data,the high effective thermal core logging technique is
suggestedbased on the application of an optical scannisgtir u me nt ( Popo
al., 2019. Popov et al. (2016) gave a comprehensive description dhdloeetical
background, the specimen requirements and the measurement procedure

4.2 Testing of WLBT for determining thermal properties of organicrich shales
of the Domanic Formation accounting for thermal anisotropy from welt
logging data
To demonstrateevidence that the developed technique can be universally
applied for predicting thermal properties of sedimentary réak® welllogging
dataaccounting for thermal anisotropy testwas performed on data from organic
rich shales of the Domanic formatio

4.2.1.Analysis and processing of the available input data

The suggested technique was tested on data from two(welisd G)drilled
throughthe Domanic formationl he lithological and petrophysical characteristics
of the rocks are given in Table 13. Themanic Formation sedimenteshder
relatively deep shelf conditions. More detailed information attbatgeological
peculiarities otheDomanic Formationgasgiven by Liang et al. (2015).
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Table 13. Lithological and petrophysit@haracteristics of the rocks ime case
study.

Dominant mineral composition Organic matter Reservoir properties

Mean mass KerogerMean TOC, YPorosity, ¥ In(Permeability),

Mineral content, % (SD  type (SD) (SD) mD (SD)

Siicate minerals (Si) 16.4(22.1)
Carbonate minerals  78.1 (25.8)  1I-lll 75(3.4) 1.5(0.6) -3.1(2.4)

Clayey minerals 1.4 (2.7)

*SD stands for standard deviation, TOC stands for total organic carbon. Kerogen typing was
performedaccording to Tisscand Welte(1984). In stands for natural logarithm. For specific depth

points, sum of mineral content, organic matter and porosity yields 100%.

For the investigatd wells only astandard well logging suii®as availablghat
included data on bulk density}§, neuton porosity (NPHI), Pand Swave
veloctties, photoelectric factor (PEF), and garmanaspectrometrylata (ranium,
thorium, andpotassium)Figures 19 and 20rpsentesults of wellogging.

101



©
= Uranium, ppm " g%_
£ [35¢ BGL% MBS 5 2
Q. | Thorium, ppm 22 16 10 | 335397439 SS9
(] — - Q) £
= L % 9 & -3 1 >c> =
Potassium, % PEF, b-e| p, g'cm Atp,us-m =
| 0;1,0.81.2 3.1 3.741‘5 2.32.52,71 179208 237
-EG30-
-EG35-
-EG40-
[ P
-EGA45
-EG50-
[ ?
-EG55

Siliceous rock component [l Oil

B shale

— calcite [Jil] Dolomite [l Kerogen

Figure 19. Well logsfor well F. Log symbols were defined in the takiove

102



Uranium, ppm

36 8 & 4
Thorium, ppm P, g-cm Atp ,Us-m

255 15 23 292.7 179 208 _":_-‘V1
potassium, % | PEF, b-e”'| NPHI, % | At, ,us-m’
0.4081.2 3.13.74.3 335 397 439
* =<

Depth, m
Volumetric
mineralogical
model

[ \
~EF25

~EF30
FEF35
- EF40

~EF45 -

¥ cacite [l Dolomite [l Kerogen [ Shale Siliceous rock component [l Oil

Figure 20. Well logsfor well G.

The presentedolumetricmineralogical models in Figures 19 and &6re
inferred by inversionof standard wellogging data(Serra,1986) There were no
available hydrodynamic tests fttrewells F and G. Therefore, weeed to assume
in situ pressure and temperature conditions for the Domanic Formation data from
neighbairing wells. Theapproximate average situpressure and temperegof the
Domanic Formation are 32 MPa and 60 °C, respectively. Accurate assessment of in
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situ saturation for the investigated formatiocamplicated because it exhibitsv
permeabilty and porosity (Table 13). Hence, assumedhat the Domanic
Formaton is fully saturated by oll.

A set of editing steps was applied before using thelagding data. Logging
data from different tools were shifted to common depth points, the data from
cavernous intervals were eliminated, and environmental correctioesapplied.

The core depths were shifted to the logging depths.

4.2.2.Thermal core loggingresults for highly heterogeneous rocks othe
Domanic Formation

Thermal core logging was conducted on-$itled core samples recovered from
both investigated wellgzigure 21 plots the typical fulsized core samples of the
Domanic FormationT he total lengthof the core samples under studgsGl m.

Due to the stratified structure of core samples, scanning lines were chosen parallel
and perpendicular to the bedding plane the flat surfaces of the sawed core

samples.

Figure 21. Photographs of typical core samplei@Domanic Formation

The fullsized core samples from well G were not sawed and, therefore, only
the parallel component ofthermal conductivity was measured. Statistical
assessments of the variations in rock thermal conductivity for parallel and
perpendicular to the bedding plane directions, coefficient of thermal anisotropy (K
= Laat), and coefficient of thermal heterage i t Y mbicbnin) l=ar?)(ase
summarized in Table 14:he Domanic Formation rocks exhibit a high degree of
thermal anisotropy and heterogeneity. Hoe Domanic Formation, the kerogen
distribution is not uniformwith patches of thin kerogen layers.

104



Table 14. Results of thermal property measureménts the studied core samples.

3, o, Kt b C, Number The total length

m3-K-1
MJ-m=K of core of core samples

.ml.K-1 .ml.K1
Wel T (SD) Moan (5p) Mean(SD) Mean (SD) i (SD)
(min-max)  (min-max) samples under study (m)

(min-max) (min-max) (min-max)

¢ 217(0.39) 1.90 (0.39) 129 (0.58) 0.38 (0.27) 2.01 (0.11) . o4
(0.834.49) (0.343.64) (0.615.62) (0.062.04) (1.762.33)

c 2303 ) 0.51 (0.36) 1.94 (0.12) ., 37
(1.173.57) . . (0.061.82) (1.652.25)

Continuous profiles of thehermal conductivitycomponents parallel and
perpendicular to the bedding plane directions and/¢ihenetric heat capacitgf
full-diameter ore samples recovered from twells are presented in Figu?2. For
general trend analysis, the original profilegharmal properties/iere averaged in a
0.5 m moving window t@btaina vertical resolution comparable with the vertical

resolution of thevell-logging tools.
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which results irsignificantvertical variations of rock thermal conductivity. For this
reasontheimplementation othethermal core logging technique is the best way
detect the detailed variationsm rock thermal propeds. We consider the
determination of rock thermal properties from wadjging data based on regression

Thin layering is a distinguishing charactécisof the Domanic Formation,

analysis and theoretical modelling for the investigated geological formation

106

o



4.2.3.Calibrating gradient boosting regression model

The welllogging data weraused as input data, while the rock thermal
properties were used as the variables to predict. For the multiple regression analysis,
we used a gradient boosting method (Friedman, 1999). The available data were
subdivided into two random datasets: (1) antng dataset (comprising 66% of alll
the data) and (2) a test dataset (comprising 34% of all the data). The training dataset
was used to fia regression model to experimental data, while the test dataset was
used to provide an unbiased evaluation ofrdgeession model fit on the training
dataset.

The iITnput parameters were the neutr
photoelectric factor (PEF),-Rnd Swave sonic velocities /and \§), gammaray
spectra inferred from K, Th, and U, and P and&ve aoustic impedances €V |
and \4- § ) .

Beforethe gradient boosting training, waessessed the relative importante
eachlog in predicting rock thermal properties on the training dgtaneans othe
ranking method proposed by Chen et al. (2007), knowrthasoisebased
perturbationThe results of the importance ranking for the Domanic Formation are
presented in Figure 23.

The results show that the neutron porosity, acoustic impedance, and sonic
velocities have the highest relative importance. The main mdasdhe strong
correlation between the rock thermal properties andasied porosity log data
(neutron, enic, and density logs) is tiigh contrast (exceeding 10:1 in some cases)
betweerthephysical properties of the rock matrix and organic maties is similar
to the contrast in porous rocks betwéemphysical properties of the rock matrix
and poréfiling fluid. In most caseghe relation between thermal properties and
photoelectric factor is weak becausds mainly determined by mineralogl
composition. The relation between thermal properties and natural radioactivity is
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generally indirectUraniumis adsorbed by kerogen (Balushkina et al., 2044]

many factors control the quantitative accumulation of uranium in orgahishales
(e.g.,Khaustova et al., 2019).
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Figure 23. Well log importance during predicting rock thermal properties assessed
via noisebased perturbation importance ranking method for the Domanic
Formations. Backcorresponds to thermadnductivity parallel to the bedding plane,
red coloured diagramcorresponds to thermal conductivity perpendicular to the
bedding plane, and blue caled diagram corresponds tock volumetric heat

capacity

After the analysis otthe importance of the wdbgging parameterswve

performeda regression analysief the thermal properties and wibging data

using the gradient boosting method. YWéformedseveral iterations of regression

model training eliminating the worst (according to relative featumgportance)

input parameter on each iteration. Assessing the results of theromaérty

prediction onthe trainingdataset, we established thhé optimal threshold limit

value for relativamportancdor predicting the thermal propertisss%.

The gralient boosting algorithm weaeppliedusingthek-fold crossvalidation

method (Stone 1974). We used fivéolids. In the regression of the training dataset

we tuned the following set of hyperparameters: (1) learning rate, (2) number of
boosting stages (number of estimators), and (3) maximum depth of the individual
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regression estimators (max depth). The cradslation was performed over the
predefined gridof hyperparameter3.nemean squared error was usectvaluate

the model fit. The results of the hyperparameter tuning for gradient boosting of the
training datasets @he Bazhenov and Domanic Formations are presented in Table
15.

Table 15. Results of hyperparameter tuning for gradient boosting of the training
datasets.

Thermal property Optimal parameters RMSE R2 P% A% N

learning rate = 0.17
y, W-mt-K-1 number of estimators =11 0.10 080 -0.1 51 313
max depth =6
learning rate = 0.15
&, W-nrl.K-1 number of estimators =10 0.19 0.56 2.1 109 137
max depth =3
learning rate = 0.17
C, MJ-m3-K-1 number of estimators =10 0.06 0.78 -0.5 29 313
max depth =5

The obtained correlation coefficients (r =2J¥) between the measured and
predicted values of the rock thermal properties are statistically significant according
t o St utdsefarthe®.95 confidence level {fc@ = 0.16 for N = 137, ¢ftical =
0.13for N = 296,%tc@'= 0.12 for N = 313and f'tc@ = (0.11 for N = 326). For test
data, statistically significant correlation coefficiemdicatethe satisfactory quality
of model fit.

4.2.4.Calibrating theoretical models of thermal properties

The same training and testing datasets were usedlfforating and assessing
theoretical models of rock thermal propertids well as for the Bazhenov
Formation(Section 3.1.2 we investigated the effectiveness of three theoretical
models for predictingthe thermal conductivity of the Domanic Formation:
LichteneckerAsaad model (equation ArischerEsdorn model (equation 5), and
LichteneckeiRother model (equation 6).
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The Domanic Formationpresentsix components: shale, siliceous rock,
limestone, dolostone, kerogen, and oil. For lithological compsmeetassumed
that theyconsist of onenainandsecondaryninerals andhatphysical properties
are mainly determined bthe physical properties othe dominant mineral. The
dominant mineral in shale, siliceous rock, limestone and dolostone are itiitegsil
(mainly chalcedony), calcite and dolomite, respectively.

Theoreticalmodel calibration requires data on rock thermal properties,
volumetric fractions of rockorming mineralogical components, and thermal
properties of rockorming mineralogical comyments. The data on the rock thermal
properties were inferred frotheresults of thermal core logging, and the data on the
volumetric fractions were inferred from the weljging data. The data cime
thermal properties of roeforming mineralsvere infared fromTable 8

The model calibration implies the (1) application of reliable data to the thermal
properties of rockorming mineral components, (2)etermination ofcorrection
factorsto theoretical models in the directions parallel and perpendicoiladinet
bedding plane, and (3) minimization of the mean relative discrepancy between
measured and calculated rock thermal properties.

For theDomanic Formation rockshe data on the volumetric fractions of the
lithological rockforming components were aallle Thus,we assigned the upper
constrainbf the possible range for a given thermal property that was assumed equal
to the value of the dominant mineral. The resdlthemodel(Table 1§ reveal that:

1 Therock thermal conductivity parallel to the bedding plane can be predicted
by the theoretical models more accuratéhan thermal conductivity
perpendicular to the bedding plane.

1 Among the considered theoretical models of rock thermal conducthwty,
LichteneckefRother model yields the lowest prediction uncertainty and the
highest values of Fhetween measured and predicted values.
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1 Therock components have different values of thermal conductivity along
differentdirections. This can be obsenatdhe lithological scale.

Table 16. Calculated values of thermal properties for rbakming components for
the training dataset tfie Domanic Formation.

Thermal conductivityf lithological components parallelto the bedding plane (N = 313), ¥krh

Tecretealmte] imestone Dolostone ganicSiiceous rock g e o Cortection e RMSE, b og 6
LichteneckeiAsaad 2.42 2.58 0.60 2.43 190 013 005 054 016 81 -03
LichteneckeiRother 2.44 3.33 0.53 3.08 1.80 0.14 048 064 014 69 03
KrischerEsdorn 2.49 3.50 0.31 3.22 1.87 0.11 0.95 061 014 69 0.1

Thermal conductivitypf minerals/fluids perpendicular to the bedding plane (N = 137), ¥krh

LichtenecketAsaad 2.09 2.58 0.15 2.38 151 0.13 0.36 026 025 129 0.6
LichteneckeiRother  2.06 3.25 0.18 2.37 146 013 035 031 024 123 0.2
KrischerEsdorn 2.07 3.15 0.10 2.53 110 011 090 033 023 121 03

Volumetric heat capacitygf lithological components (N = 313), MJHK™*
Weightedarithmetic g 559 164 198 180 153 - 042 009 44 -12

mean

The obtained results coincide with results that were obtained for the Bazhenov
formation (Section 3.1.2). Based tresepoints, the LichteneckerRother model

was used for predicting rock thermal conductivity from soglging data.

4.2.5.Predicting rock thermal properties from well logging data on a test dataset

Rock thermal properties were predicted on a test dataset witkthiegtiadient
boosting and theoretical models of rock thermal propertiés. assessed the
prediction uncertainty from the comparison of predicted values and experimental
data of the rock thermal properti@sable 17). Figure 24 plots the thermal propernty
predictions and experimental valuestbé rock thermal propertider the test

datasets.
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Table 17. Prediction results of the rock thermal propemisthetestdataset.

Thermal conductivity , ,
Volumetric heat capacity
il o
Model* R2 RMSE P A R2 RMSE P A Model R2 RMSE P A
W-ml-K1 % % W-mt-K1 % % MJ-m3K1 % %
GB 080 010 5101056 0.19 10921 GB 0.78 0.06 2.9 0.5
LR 059 015 6618025 024 12807 AM 044 0.10 4.8 0.6

*GB stands for the gradient boostimgethod, LR stands for the Lichteneclother model, AM
stands for the weighted arithmetic mean model.
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Figure 24. Experimental data of the rock thermal properties compared to the thermal
properties predicted from wddigging data of training datasets for themanic
Formation Black dots present results with the gradient boosting method, red dots
results via theot&al model. The dashed black line (y=x) shapgrfect prediction.

Compared to theoretical models, the gradient boosting alggpitbwides more
precise predictions @ahermal conductivittandvolumetric heat capacityom welk

logging data. This is evishced by the higher values dflietween the measured and
predicted values and lower values of RMSE and P.

As well as for the Bazhenov Formation, the results presented in Table 17 and
Figure 24revealed thatheoretical models of thermal properties providss
accurate predictions from wddlgging data than the gradient boosting algorithm for

organicrich shales

Boxplots of the relative discrepancies between the measured and predicted
values for a detailed uncertainty anadyaieplottedin Figure 25
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Figure 25. Boxplots of the relative discrepancies between the measured and
predicted values of rock thermal properties tloe Domanic rmation Above,
predictions based on the theoretical models; below, predictions babedjcadient
boosting algorithm. Histograms of thermal properties fthatest dataset are also
shown.

As well as for the Bazhenov Formatjdinere is aystematic underestimatiofrock
thermal conductivity whepredictingvia theLichteneckerRothemmodelfor within
the range oflow thermal conductivitieg1.4-1.6 W-m*-K1) of the Domanic
Formation rocksin general, he gradient boosting algorithiyields less biased
thermal properties predictions thidne theoretical models of thermal propertiés
high level of bias is observed in the prediction of tirermal conductivity
perpendicular to the bedding plane with both the LichteneRkéner model and the
gradient boosting algorithm. This bi@an be conditioned by the effect of the

imposed fracturing that occurred dudhieunloading of core samples.

113



4.2.6.Corrections for in situ temperature and pressure

Following the workflow Figure 1§, the predicted rock thermal properties
require correction fioin situtemperature and pressure. As we didmeasureock
thermal properties atigh temperature and pressure this study we use data
available in the literature to account fosituconditions.

Recent investigations of rock samples frilmaDomanic Formations (Gabova
et al., 2020) have revealdtht he averagdecreasa thermal conductivityf gfor
Domanic Formation rocks at 6C is ~4%.

Temperatureorrections forthermal conductivityshould beperformed to
accountfor thermal anisotropy sce there are different dependenciesha&rmal
conductivityon pressure and temperature for components parallel and perpendicular
to the bedding plane directions (as shown by Wang et al., 2018). In literature, there
are still no reliable experimental daia the dependencies thfermal conductivity
on temperature accounting for the thermal anisotropy @btties from thddomanic
Formation Thus, we assumedthat the temperature corrections ftnmermal
conductivity parallel and perpendicular to the bedgiage ardooth4%.

There is no data itheliterature on dependencies of thermal conductivity of the
Domanic Formation rocks from pressure. Therefore, we can only assume that for
Domanic Formation rockand the Bazhenov Formation rocks (Section 2.1.2.4), the
necessary pressure correction doasexceed 5%.

Following Waples D. and Waples S. (2004) research results, we imply a
negligible effect of pressure volumetric heat capacity (for the in situ pessktine
Domanic Formationghe increas@ pressure is less thapproximatelyl%). The
temperatureffect on volumetric heat capactsin be inferred from Savest and Oja
(2013). According tdherr results thecorrection to volumetric heat capacity falr
shales at temperatus®°C amountsapproximatehto 5%.
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4.3. Comparisonof the WBLT for determining rock thermal properties and
Deming approach
Among the few approaches so far proposed to account for the thermal
anisotropy, onef the most commonly usedhs suggested by Deming (199ere
are many studies that apply this approfmhthe investigatiors of basin thermal
structures andariations ofheat flow density (see, e.g. Corry and Brown, 1998
Tanikawa et al., 20)6A comparison of the technigqyoeeoposed in this studgnd
the Deming correction approach was performed to assess their effectiveness.

4.3.1.Workflow of theDemingcorrectionapproach

The Deming approactelies on the application ofthe theoretical model of
Lichtenecker. The thermal anisotropy of a certain component is assumed as a main
factor resulting in thermal anisotropy of a rock. Bdwo-component porous rock
thermal conductivity for parallel and perpendicular directions to &ukeling plane
aregiven by

—£ = o (21)
(22)
whereay is effective thermal conductivity of a rock for parallel direction to the
beddi ng ipdffective thermal condtieity of a rock for perpendicular
direction t o dahy®n daedadeithergal gohdachviy,of asock
matrix for parall el and pesicpsethedmalc ul ar

conductivity of a fluid an@stands for poros;.
Thermal conductivity of rock matrix for parallel and perpendicular directions
can be determined from minimization tbfe discrepancy between measured and

predicted thermal conductivity for corresponding directions.
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4.3.2.Case study: predicting rock thermabnductivity accounting for thermal
anisotropy based on the Deming approach and the novel WLBT for
determining rock thermal properties

The object of investigation is the same that was described within Section 3.2.
The data for clagyrocks is considered ithe case study. The results of determining
rock thermal conductivity on the basistbeéKrischerEsdorn model are presented
in Section 3.2.2.3.

4.3.2.1Calibrating the Lichtenecker model via the Deming approach

From correlation analysis of higlefinition spectroscopy data atiethermal
anisotropy coefficiersinferred from thermal core loggingve established that there
are statistically significant correlations betwdescoefficient of thermal anisotropy
and thevolume fraction of illite and kaolinite (Figure 26).
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Figure 26. Crossplots between thermal anisotropy coefficient and ilite volume
fraction (left panel) and thermal anisotropy coefficient and kaolinite volume fraction
(right panel).The dashed line represent the regression trend.

Thus, weassumethreecomponent media composed of isotropic rock matrix,
anisotropic clagy minerals and porélling fluid. The rock matrix is composed of
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orthoclase, albite, siliceous min&x;aand sideritend itsthermal conductivity of was
calculated using data on volume fractions of mirsgmaferred from highdefinition
spectroscopy) and data on thermal conductivity o$éminerals (Section 3.1.2.2
Table § with the Lichtenecker modleDue to extremely low permeability, the pore
space of the investigating rocks was considered fuly wssttmrated.The
Lichtenecker model can lvewritten the following way:

e _ e - (23)
(24)

To determinghe thermal conductivity of clagy component, the constrained
genetic minimization algorithm (Storn and Price, 1997) was apflieel available
data were subdivided mtthe sameandomtraining (66% of all data) and test
dataset$34% of all datasethatwere presented in Section 3F22om minimization
of the discrepancy between predicted and measured values of thermal conductivity
on a trailng datasetit was estabdhed that thermal conductivity of cly
component for parallel and perpendicular directions to the bedding plane is 2.57

W-mt-K-tand 1.21 Wmt-K-1, respectivelyT he calculated values of R2, RMSE,
accuracy and precision for the tiam dataset are sumarized in Table 18.

Table 18. Prediction results of the rock thermal properties on therpaatasets.

S o
R? RMSEW:-mt-K? P, % A,%| R2 RMSEW-m*.K? P,% A, %
0.25 0.15 124 0.9 |0.5€ 0.18 201 -0.1

4.3.2.2 Training gradient boosting regression models for determining rock
thermal conductivity accounting for thermal anisotropy
The welllogging data were used as input data, while the data on rock thermal
conductivity for parallel and perpendicular directions to the bedding wareused
as the variables to predict. The available dogging data include radioactivity,
density, photoelectric factor, neutron porositywBve and Svave velocities for
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parallel and perpendicular directions to the bedding plane (that were infiemed
crossdipole smic log data). Additionally,as input datathe calculated acoustic
impedances (M- }Vd: ywere usedT he initial dataset was subdivided the same way
(exactly the same depth points) as it was done in Setia.1
For the multipleregression analysis, we used a gradient boosting method
(Friedman, 1999). The training dataset was used tthdiregression model to
experimental data, while the test dataset was used to provide an unbiased evaluation
of the regression model fit on thaining dataset.
The gradient boosting algorithm wappliedusingthek-fold crossvalidation

method (Stone 1974). We used thrdelkls.In the regression of the training dataset,
we tuned the following set of hyperparameters: (1) learning rate, (2)aruhb
boosting stages (number of estimators), (3) maximum depth of the individual
regression estimators (max depth), and the fraction of samples to be used for fitting
the individual base learners (subsample). The eralidation was performed over
the pedefined grid of hyperparameters. A mean squared error watousealuate
the model fit.

The results of the hyperparameter tuning for gradient boosting on the training
datasets are presented in TableTl: obtained correlation coefficients (r Z(R)
are statistically si destifoftheC9 confideacelevelr di n
(rertical= 0,17 for N = 128,%ftc@ = 0.21 for N = 92).

Table 19. Results of hyperparameter tuning for gradient boosting of tlhraniga
datasets.

Thermal conductivity Optimal parameters RMSE R2 P% A% N

learning rate = 0.1
number of estimators = 6C
max depth =3

subsample = Q.
learning rate = 03
number of estimators 30
max depth =3
subsample &

gy, W-mi-K1 004 092 51 01 128

o, W-nrl-K-1 006 09 116 01 92
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4.3.2.3 Predicting rock thermal conductivity based on the Deming approach

and the gradient boosting regression models

Thevalues of thermal conductivity dle clayey component for parallel and
perpendicular directions to the bedding plane were used to predict rock thermal
conductivity on a test dataset. As well astf@training dataset, the matrix thermal
conductivity for the test dataset was calculated using aatzolume fractions of
minerals (inferred from higdefinition spectroscopy) and data on thermal
conductivity of that minerals via the Lichtenecker model (equati8as@d 2). The
trained gradient boosting regression models wesed for predicting therrha
conductivity for parallel and perpendicular directions to the bedding plane on a test
dataset. The results of thermal conductivity predictions based on the Deming
approach and the novel WLBT technique are presented in Z@&ble

Table 20. Prediction results of the rock thermal properties on the test dataset.

o o
Model* R? RMSE P A R? RMSE P A
W-mtKt % % W-mt.K % %
Deming 0.1 0.15 12.7 -0.9 0.56 0.18 208 0.1

GB 0.93 0.07 6.06 0.2 0.73 0.14 154 0.3

*GB stands fothe gradientboosting method; Deming stands for predictions that are based onthe Deming approach.

Figure 27shows measured and predicted values of rock thermal conductivity
for parallel and perpendicular directions to the bedding plane.
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Figure 27. Experimental data of the rock thermal conductivity compared to the
thermal conductivity predicted from waddigging data of test datasets for the
investigating clayous rocks. Black dots present results with the gradient goostin
method, red dots results via the Deming approach. The dashed black line (y=x)
shows perfect prediction.

The Deming correction approach provided less precise predictions of rock
thermal conductivity both for paralland perpendicular directiondBLT provided
essentialy more accurate predictions based on both theoretical -based|
approach (see Tal#0) and regression modeased approach (the gradient boosting
regression models in our case) according to higher values® befeen the
measured and edicted values and lower values of RMSE amécision
Concurrently, comparing Tabk® and Table 17 it can be concluded that, thermal
conductivity predictions for both parallel and perpendicular directions that were
made based on the KrischHesdorn modelnd the gradient boosting regression
models are of relatively similar quality (according to the obtained metrics).

For a detailed uncertainty analysiBe boxplot of the relative discrepancies
between the measured and predicted valuetejsctedin Figure 2B. From the
analysis of the obtained boxplots it can be concluded that the Deming correction
approach yields systematic errors for low and high thermal conductivities both for
parallel and perpendicular directiofide gradient boosting regression ratsdyield
systematic errors within the range o222 W-mt-K-1for thermal conductivity
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parallel to the bedding plane and within the range ofl162N-m*-K- for thermal
conductivity perpendicular to the bedding plane.

The obtained results demonstrate that WBLSighificantly more effective
compared to the approach suggested by Deming.hibher effectiveness of the
WLBT is conditionedy the application oénhanced theoretical models of thermal
conductivity, advancedachinelearning techniquesand integration of thermal
core logging data.
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Figure 28. Boxplots of the relative discrepancies between the measured and
predicted values of rock thermal conductivity for the investigating clayotks.

The upper panelrepresents the boxplots for predictions that are made via the Deming
correction approach. The lower panelrepresents the boxplots for predictions that are
made via the gradient boosting regression models. Histograms of thermal
condudivities for the test dataset are also shown.
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4.4. Conclusions

The developed approaches (Chapters 2 and 3) for predicting rock thermal
properties accounting for thermal anisotropy, rock heterogeneityirarsitu
thermobaric conditions were unified and presemtigin the novel well-defined
technique, referred to as WLBThis technique's workflow relies on thpplication
of advanced thermal core logging technique that provides continuowntact
non-destructive profiling of thermal conductivity (principgdmponents of thermal
conductivity) and volumetric heat capacity on-flikmeter cores, core plugs, and
broken cores. WLBT impliesthe application of advanced mach#earning
techniques or enhanced theoretical modelling depending on the availablgatgput

WLBT was tested for organiach shales of the Domanic Formation. Frib
comparison of the experimental and predicted data on rock thermal prqjierdies
be concluded that novel WLBT provided uncertainties in data on thermal
conductivity for parallel direction less than 7%, for perpendicular directiess
than 13% and uncertainties in data on volumetric heat capacity is less than 5%.

A compariso studybetweenVLBT andthecommonly used Deming approach
was conducted within the case studly rocks of the Tumen Formation. The
prediction results revealed that WLBT providesre precise predictions of thermal
conductivity for both parallel and perpicular directions to the bedding plafide
higher effectiveness of WLBT is conditioned by application of enhanced theoretical
models of thermal conductivity, of advanced mach@aening techniques and
integration of the thermal core logging dak&us,testing of the WLBT technique
indicatedits universal applicability.

122



Chapter 5. Results of implementing WLBT for determining rock
thermal properties during investigations of oil fields

Information about the actual heat flow and rock thépr@perties is necessary
for modelling sedimentary basins and @hd gasbearing systems (Hantscl&l
Kauerauf, 2009). It was shown that uncertainties in these data lead to a severe
reduction of modelling (Chekhonin et al., 202There are manpiasesof the
previously used methodsat lead to unreliable data on heat flow density (Popov et
al.,201%).

In this Chaptell present two case studies géothermal investigationef
prospecting and appraisal wells located in Ruddmee performed investigains
were conducted by means of the modern methodological and experimental basis of
thermal petrophysicg.he performed geothermal investigations demonstrated that
the WLBT for determining rock thermal propertiesaiscritical componentor
reliable deternmingvertical variations of heat flow density.

5.1Determining vertical variations of rock thermal properties and heat flow
densityalongBazhenovskaya 1 well

In this Section| describethe results of implementing WLBT for predicting
rock thermal conductivitin ageothermal study ahesouthwest part dfyaminsk
oil and gas region\Vest Siberian basin

5.1.1.0Object of study

The investigad well is located inthesouthwest part dheLyaminsk ol and
gas region otheWest Siberian basin near the Khadviyansyisk city, Russiérigure
29). The area understudgcurs in théelisarov downfold. According ttheresults
of structuralfacial zoningthe investigagd area is classified agransitionalzoneof
the Bazhenov Formation into the Tutleim Formation.

Well driling was started and completed in 2018. The well is almost vertical.
The maxi mum wel |l inclination does not
Is 3202.8 m. The geological profild the investigating well includes the Vikulov,
Frolov, Tutleim, Abalak, and Tymen formations as well asJumssic deposits



(Table 21) The total length of cored intervals is 643.8 m with 88c®re recovery
(574.98 m).

KrasnoleniiskKii

anticlina azhknovsKaya Ne1|

Figure 29. Geographic location of the Bazhenovskaya wel (retrieved from
https://www.crru.ri. The large yellow point indicates the locatioiwell.

Table 21. Characteristics of the rocks from the investigating well based on the
analysis of the recovered cores.

B Rock type Age Loggingdepth,m N*
1 Interbedding of siltstones, argillites and quartz sandstones. Kaivk 17351786.9 310
2131.62196.6 626

2 Argillites withrare thin layers of marl. Kafr 2416.62462.6 247

2720.22770 376

Bituminous argillites with pyritization and fractures in the upper
part. Bituminous clayey rocks with pyritization in the lower part.

Bituminous clayey carbonate thin bedded rocks with pyritization.
In some cases with siliceous components.

In the upper part t thin bedded argillites with rare layers lenses of
4 sandstone and siltstone. In the lower part ¢ interbedding of siltstone  »-sab 28282846.6 147
and argillite.
Inhomogeneous interbedding of argillite and siltstone with rare
layers of coal and sandstones in the upper part. Inhomogeneous
interbedding of argillite, siltstone and sandstone with thin layers of
coal and marl in the middle part. In the lower part ¢ interbedding
of sandstone, conglomerate and sandy gravelstone with thin layers
of argilliteandcoal.

30303032.5¢ crust of weathering composed of gravelstone,
argillite, coal and siliceous-clayey rocks. 3032.53202.8¢ pre-
Jurassic formation composed of(1) in the upper part - rhyolite,
rhyolite -rhyodacite tuffs, (2) in the middle part ¢ siltstone, argillite,
and sandstone, and (3) in the lower partt rhyolite a nd rhyolite -
rhyodacite tuffs.

*N ¢+ number of recovered core samples.

Kitt2 27702791.33 147

k- Kitta 2802.122827.92 157

Jtm 28473030 1324

P-T 30303202.8 768
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5.1.2.Results of measuring rock thermal propertiaad temperature logging

Thefollowing set of experimental investigations was conducted:

A Continuous thermal core loggingith optical scanning technique of all
recovered fulsized cores.

A Additional measurements of rock thermal propertiesioapresentative
collection of standard core plug at different saturations with the optical
scannindaser setup

A Measurements of rockermal properties at elevated temperaturea on
representative collection standard plugs with the optical scanning laser
device, DT G300instrumenand DCS 214 Polyma (NETZSCH).

Representative collections of core samples for additional measuremssnts
selected based on results of the continuous thermal core loggingsutddllcores
and its lithological description.

During thermal core logging, the total relative measurement uncertainty did not
exceed +2.5% for thermal conductivity (with measuretpegcision not exceeding
+1.5%), £4% for thermal diffusivity, and £5% for the volumetric heat capacity
(measurement uncertainties are reported for 0.95 confidence level).Jt0gn@s
the distributions of the average rock thermal conductivity comperienparallel
and perpendicular directions to the bedding plane, rock volumetric heat capacity,
thermal arsotropy coefficient, and hetegeneity factor for the investigated depth
intervalsof the Vikulov Formatiorf1753-2055m depth)and the Frolov Fornen
(21052770m depth)
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Figure 30. Results of continuous thermal core logging for depth intervals of the
Vikulov (upper panel) and Frolov formations (lower panel). Black weld dots
represents thermal conductivity paralleltte bedding plane, red coled dots
represent thermal conductivity perpendicular to the bedding plane, green colored
dots represent volumetric heat capacity, blue weld dots represent thermal
heterogeneity factor, and purple amled dots represent élmal anisotropy
coefficient. Grey colared dots represent higlesolution profiles (with dmm spaial
resolution) of thermal catuctivity and volumetric heat capacity.
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To correcthe continuous thermal core logging resédisin situsaturation,
measurerants of rock thermal properties (withe optical scanning laser setaoyl
porosityon 40 core plugs were conductdkeasurements on standard core plugs
were conducted at Aas r e thesewmeaduwements i e d
enabled establishing éhldependereof the relative increase of thermal properties
after full water saturation from rock porositn example ofthe assessment of
relative increase of thermal conductivity after saturating core samples is presented

in Figure 3.
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Figure 31. The deprdency of relative increase of thermal conductivity after water
saturation from porositior the Vikulov and Frolov formations (left panel) and for
the Abalak and Tyumen formations (right panBkd colored dots arrégression

trend represent data for thermal conductivity perpendicular to the bedding plane.
Black colored dots and regression trend represent data for thermal conductivity
parallel to the bedding plane.

The results of temperature logging are giverkigure 2. The precision of
temperature measur e ment.dheddudtrialmpartner e x c e
conducted the temperature loggingince driling was suspendddr at leastsix
months the registered temperature gradient carcdmesidereds in equilibrium.

Figure 2 (right panel) plots the results of the temperature gradient calculations for

each 50 m depth interval with a 10 cm step.
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Figure 32. The temperature and temperature gradient along the well.

5.1.3.Results of applicatim of WLBT for determining rock thermal conductivity
within non-coring intervals

The target intervals for predicting rock thermal properties from-lagding
data within norcoring intervals were the Vikulov and Frolov formatioAscording
to the resultsf thermal core logging, these formations exhibit a considerable degree

of thermal anisotrop{Figure 33).

128



I Vikulov formation
[ Frolov formation

0.0
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Figure 33. The histogram of thermal anisotropy coefficient for the Viku(lolack
colour) and the Froloyblue colar) formations.

The oriented bedded texture of argilites in the Fréloumation condition higher
degree of thermal anisotrofiyan the VikulovFormation rocksThe rocks from the
Vikulov and FrolovFormations atn situconditions are watesaturated accoran

to results of interpreting welbgging data and analysis of recovered core samples.
The directions of principal axes of thermal conductivity tensor for the investigating
rocks coincide with parallel and perpendicular directions to the bedding plane
accading to results of thermal core logging of fsited cores and standard core
plugs. Hence, during thermal core loggirthe scanning lines were parallel and
perpendicular to the bedding plane.

The rock thermal properties for the Vikuldormation were dtermined using
theoretical modelling.

The LichteneckeRother model wasused for predicting rock thermal
conductivity.A two-component medium (rock matrix and pdiing fluid) was
considered for the Vikulov Formation rocks. The applicatiothelichtenecker
Rother model requires data on thermal conductivity of rock matrix, thermal
conductivity oftheporef i |  ing fl ui d, por osldt f,seanc
formula 6, Seciton 3.2.2.) HE hermal conductivity of watevas assumegl.6 W-m

1.K-1and data on rock porosity was inferiggstandard processing and interpreting
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the density log data. The data on thermal conductivity of matrix and the correction
factor were inferredith a procedure thatis articulated in the following steps.

In thefirst step, we used the results of measurenwmixk thermal properties
on standard core plugSince results of measurements were available for dried and
watersaturated statese solved for each core sample the system of equations:

_ P %o _ %o _
(25)

_ p %o _ %0 _
whereaes™i s ef fective t her mal estffiigdeffactivd vi t y
thermal conductivity for watesaturated core plugids porosity gmatixis thethermal
conductivityamsthetrheea kmarha tcroinxdytedstthenmalt y o f
conductivity of wat e rTheanodeling implies sewerat or r
assumptions:

1 rock matrix is isotropic;

1 anisotropy of rocks is conditioned Hyeoriented laminated texture of rocks
(structural nature of anisotropy).

7 the <correction factor U encompasse
peculiaities of rocks on rock thermal conductivity;

y the correctionfact r  &snotidepend on saturation type.

Firstly, this system of equations was solvedtf@parallel component of thermal
conductivity. Secondly, this system of equations was solvethégerpendicular
component of thermal conductivity but with alre&tpwn values of matrix thermal
conductivity. This igustified by themore significantinfluence ofmicro fracturing
of rocks onthe perpendicular cmponent of thermal conductivity. Figurg4
llustrates the distribution of matrix thermal conductivity ancorrection factor for

parallel and perpendicular directions.
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Figure 34. The histogram of the determined correction factors for parallel (black
colour) and perpendicular (red colj directions to the bedding plane and thermal
conductivity of rock matrix (right panel).

As aresult, the possible ranges for matrix thermal conductivity and the correction
factors (for parallel and perpendicular directions to the bedding plane) were
established.

In the second stephe average vaks of matrix thermal conductivity and
correction factorsvere determined for the investigating ro¢kssolving thesystem
of equations:

s

e P %o © % = "

(26)

l‘.,l’l P Y%o_ %0

whereaya n @ aredthermal conductivity parallel and perpendicular to the bedding
plane, respectively, that were inferred from continuous thermal core logging. The
matrix thermal conductivity and correction factors are determinedeans of
constrained minimization dhe mean discrepancy between measured and predicted
thermal conductivity valuessimultaneously for parallel and perpendicular
directions. The constram for matrix thermal conductivity and correction factors
(for parallel and perpendicular directions) #&mken from the previous step (see
Figure35). The possible range for thermal conductivity of pfiliag fluid was set

from 0.0024 to 0.8V-m*-K-1since at the time of thermal core logging of-&iled
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cores the porefiling fluid was a mixture of airand water. According to
minimization results, the average matrix thermal conductivity is 3.11 K the
average \ahdea® 0.08fandid.06, respectively, and thermal
conductivity of pore-filling fluid is 0.12 W-m*-K-1. The results of pdiced
thermal conductivity of rocksvithin the reference intervadnd assessment of
prediction quality are presented in Figud®
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Figure 35. The results of predictinghe thermal conductivity of rocks and
assessment of preda quality for the Vikulov Formation. Blacknd red curves

(left panel) represent measured values of thermal conductivity for parallel and
perpendicular directions to the bedding plane, respectively. Green dots represent the
predicted thermal conductivity? rediction quality is reported far0.95 confidence

level.

The rock thermal properties for the Frolov formation were determined using
gradient boostingl' he density and gamnray logs were used to predibethermal
conductivityof non-cored deptimtervals
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In the first stepthe initial mm profiles of thermal conductivity were averaged
within 2 0.5 m moving window to obtain a vertical resolution comparable with the
vertical resolution of the logging tools. In addition, the core depths werdiedatc
with logging depths using the results of gamspactrometry. The available dataset
(that is composed of data on rock thermal conductivity andleggiing data) was
subdivided intaherandom train80% of the whole datasethd test subse(20%
of the entire dataset)The optimal hyperparameters of the gradient boosting
regression model were determinedthiacrossvalidation method (three folds were
used).T he results othe assessment of prediction quality for thermal conductivity
parallel to the bdding plane are summarized in Table 22.

Table 22. Results of the gradient boosting regression model training and testing.

Subset R?2 P, % A, %
train 0.25 6.7 0.7
test 0.4 6.5 0.2

Figure 36 plots predicted and measured values of thermal conductivity fomtgain
and test subsets.
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Figure 36. The crosgplot of measured and predicted values of thermal conductivity
parallel to the bedding plane.
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Due tothefracturingof core samples from the Froléormationdid not allow
to correctly upscale the initial data on thermal conductivity perpendicular to the
bedding plane to logging scal€hus the relation between thermal conductivity
parallel to the bedding plane andpendicular to the bedding plane was analyzed.
Figure 37 plots the dependency of thermal anisotropy coefficient from thermal
conductivity perpendicular to the bedding plane.

3371 K, =1,03-A,24,36- A, +5,75
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Figure 37. The crosslot of thermal anisotropgoefficient and thermal conductivity
perpendicular to the bedding plane.

The obtained determination coefficient fiwe regression equation in FiguB? is
statistically significant (at 0.95 confidence level) and, therefore, can be used to
determine themal conductivity perpendicular to the bedding plane from data on
thermal conductivity parallel to the bedding plane.

Figure 38 plots the results of welbg based prediction of rock thermal
conductivity for parallel and perpendicular directiatsnormaltemperature and

pressure.

134



Figure 38. Results of wellog based prediction of rock thermal conductivity for
parallel and perpendicular directions to the bedding plane at atmospheric conditions
(Popov et al., 20). Green colared dots represent experimental data and black
coloured dots represent the predicted data on rock thermal conductivity. Lithology:
171 interbedding of argilites and siltstonej 2narl, 37 sandstone, & bituminous
argilite, 51 argilites, 6i limy sandsbne, 7 metrhyolites, 8 metplagiogranite,

91 rhyolite, 10i tuff, 117 sandy gravelite, 1R argilite with coals.
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