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Abstract

Geomodellingof subsurface reservsiis important for water resources, hydrocarbon
exploitation, andCarbon Capture and Storage (CCBhaditional geostatistiebased approaches
cannot abstract complex geological patterns and are thus not able to simulate véiy easls
models.We present a Generative Adversarial Networks (GAbsed 3D reservoir simulation
framework, GANSIm-3D, which can capture geological patters and relationships between
various conditioning data and earth models anthus able todirectly simulatemultiple 3D
realistic and conditional earth modeté arbitrary sizesfrom given conditioning dataln
GANSIm-3D, the generator, designed to only include 3D convolutional layers, takes various 3D
conditioning data and 3D random latent cubes (composed of random numbers) as inputs and
produces a 3D earth moddiwo types of losseghe original GANs loss and conditionbased
loss, are designed to train the generator progressively from shallow to deep layers tioelearn
geological patterm and relationship from coarse to fine resolution€onditioning data can
include 3D sparse well facies data, 3D {mgdution probability maps, and global features like
facies proportion, channel width, et®Once trained ora training datasetvhere each training
sample is @D cube of a small fixed sizehe generator can be used for geomodellingf
reservoirs of largarbitrary sizes bylirectly extending the sizes of all inputs and the outgfut
the generatoproportionally.To illustrate how GANSIn8D is used for field geomodelling and
alsoto verify GANSIm3D, afield karst cave reservoir in Tahe area of Chimaisel as an
example The 3D well facies data an8D probability map of caweobtained from geophysical
interpretationare used as conditioning dakarst, we createatrainingdataset consisting décies
modelsof 64 64 64 cellswith a processnimicking simulation method to integrate field
geological patternsThe training well facieddata and the training probability map data are
produced from the training facies model$en, the 3D generatoiis successfullytrained and
evaluatd in two synthetic cases with varioogetrics Next, we apply the pretrained generator
for conditional geomodellingf two field cavereservoirsof Tahe areaThe first reservoiris
800m 800m 64m andis divided into 64 64 64 cells while the second is
4200n 3200m 96m andis divided into 336 256 96 cells. Wefix the input well faciesdata
and cave probability mamdrandomly change the inpldatent cubeso allow the generatoto
produce multiplediverse cave reservoir realizationsvhich prove to beconsistent withthe
geological patterns akal Tahe cave reservoas well aghe input conditioning dat The noise
in the input probability map is suppressed by the gener@oace trained,hte geomodelling
process is quite fast: each realization vd86 256 96 cells takes 0.988 seconds using 1 GPU
(V100). This studyshows that GANSIM-3D is robustfor fast 3D conditional geomodellingf
field reservoirof arbitrary sizes

Key Points:

1 GANSIm-3D produce multiple 3D realistic conditional reservoir models of arbitrary
sizes from given conditioning data.

Applicationin field karst cave reservoishowsrobust performancef GANSIm-3D.

Geomodelling with GANSIRBD is quite fast: <1s for one realization witB63 256 96
cells.
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1 Introduction

Geomodelling, or quantitatively predictiriige distribution olsubsurface reservoirs, is of
great significance foevaluation anaxploitation of underground watand energyesource®s
well as forgeological sequestrat of CQ (CCS).Generally, various types of information (data)
about the subsurfacare incorporatedising geostatisticakpproachegor geomodelling Such
information includes sparse well data, geophysical data, global features (e.g., facies proportion),
andspatialgeological patters) among whichthe geological pattesay bethe most difficult to
incorporate.In traditional geostatisticbased gemodelling approaches, geological pattecas
be partially expressed by simple variogram functions (e.g., in Sequential Indicator Simulation
method; Pyrcz & Deutsch, 20)4or local multiple points statistics (MPSjin MPSbased
approaches;Mariethoz & Caers, 2034 Such partial representations may not be able to
completely express the complicated spatial geological patternsthitwmesis adck of realism
(expected geological pattejn® different extents in the simulatedsults of these approaches
e.g., facies models produtéy variograrsbased approaches cannot exhibit sinuous chdikeel
shapes, while MP®ased approaches may produce discontinuous chatmelddition,due to
the incompleteness and imperfectness of the incorporated information (e.g., the sparse nature of
well data andow-resolutionnature of geophysical data), uncertainty exists in geomodelling
results, sca number ofreservoir realizationare generallyproduced to represetie potential
distribution of subsurface reservoirs.

Generative Adversarial Nebrks (GANs)(Goodfellow et al., 2014in deep learningre
good at capturingompletespatial patterns (structuresj 2D images or 3D objects usiray
generatorConvolutional Neural Network (CNN)with the help of anothediscriminatorCNN.
With the capturedpattern knowledge, thgeneratoilCNN canmap a random latent vector into a
realistic image oa realistic3D object(e.g.,Wu et al., 2016)Supporting Information Sgjives
more detail about the basic methodology>#{Ns.

In recent yearS5ANs have been combined with geomodelling on different asfegts
Chan & Elsheikh, 2017, 2019; Dupont et al., 2018; Laloy et al., 2018; Mosser et al.ZBegagQ;
& Zhang, 202; Nesvold & Mukerji, 2021; Song et al., 2622021b, 202; Zhang et al., 2019)
Like any other approachunconditional and conditionajeomodelling areconsidered.For
unconditional GANshased geomodellinghé generatoCNN is first trained toabstractspatial
geological patternfrom training facies modelghenit uses the learned pattern knowledge
quickly producemultiple reservoir realizationsonsistent with the patterfinom random latent
vectors Song et al. (20213 proposed to use progressivetraining approach forGANs in
geomodelling going incrementally from coarse resolution to finer and finer resoluaois
proved that it performs better thathe conventionalalternativeof training where the finest
resolutionis directly produced

There are two @proaches to achieve conditioning in GAbssed geomodellingNote
that the trained generator in the unconditional case can map a random latent vector into any
realistic facies model, so the key of the first conditioning approach is to dearappropride
input latent vecta, with which the trained generator can produce facies modetgstent with
expected geological patteras well aggiven conditioing data Laloy et al.(2018) Mosseret al.
(2020) and Nesvol& Mukerji (2021)used Markov Chain Monte Carlo optimization algorithms
(MCMC) to search fosuchappropriate latent vectors, while Dupattal. (2018)and Zhanget
al. (2019) used gradient descent optimizati algorithms. With these optimizatiorrbased
algorithms, only on@ptimal latent vectoiis foundevery time,andthusmany optimizatiorruns
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106 are needed to produce multiple latent vectorsthanot correspondingnultiple facies models for

107  uncertaintyassessent Chan& Elsheikh (2019) proposed to train an extra neural network
108 between a predefined distribution (e.g., Gaussian distribution) and all appropriate laters vect
109 for given conditiomg dataIn this way multiple conditionalfacies models can be obtainaitiat

110 once However, tle extra neural networks unique forthe given conditiomg data and once the
111  conditioning datachanges the neural netwdrks tobe trained again.

112 Song et al. 2021h 202) proposed mother direct conditioning approach called

113  GANSIm, where the generator directly takesnditioring dataand random latent vectoes

114 inputsto producemultiple conditionalearthmodels of reservoirThe proposal of GANSIm is
115 inspired by the process ekpers drawing conditional geological maps by hand, where experts
116  use the geological pattern knowledge and relationship knowledge between corglidiataand

117 geological maps to finish realistic maps consistent with both expected patterns and given
118 conditionng data The trained generator ithe unconditional case only learns the pattern
119  knowledge in GANSIm, a conditionbased losdunction is further introduced to force the
120 generator alsdo learn the relationshfpbetween various conditiomy dataand earth models.

121 These conditioimg datacaninclude global features (e.g., facies proportion, channel sinuosity,
122 and channel width)pcal well faciesinterpretations, and probability mapsgeobodieproduced

123 from geghysical inerpretations With the learned geological pattern knowledge and the
124 relationship, thetrained generatocan directly mapobservedconditioring datainto multiple

125 realistic conditional earth model€ompared tothe previous approach, GANSIm doemt

126  involve optimization or extra neural network training procesglthus is more convenient and
127 faster.

128 However, there are still several aspects that need to be further improved in the current
129  GANSIm research presented Bpng et al. (2021b, 2@p First,the current GANSimalgorithm

130 is presented ia 2D framework where the input welllatg input probability map andthe output

131 reservoir modea areall set as 2D (i.e., planner sectsoof real 3D reservoirand the CNIS of

132 generator and discriminatatsouse2D convolutional kernelsBut real subsurface reservoirs are

133  3D. How to extendSANSIm into 3D space? Second, time current GANSIim famework the

134 trained generator caonly produce earth models with a fixed semual to that onwvhich it was

135 originally trained e.g if the training facies models haw4 64 cells each representing

136 10m 10m, then the trained generatdsoproduce facies models of 6464 cells.However, the

137 field reservoir to be predicted may be at large arbitrary sidéferent from the size of the

138 training models Is it possible to usé¢he generator trained on smalize facies model$or

139 geomodelling offield reservois of large sizes?Third, Song et al. (2021b2022 only use

140 synthetic cases to validate the proposed GANSiIm. Given much more sophisticated geological
141 patternsof field reservois than syntheticpatterns, field reservarare needed to verify the

142  effectiveness andfficiency of GANSIm.

143 Therefore, in this study, we propose GANSIm-3D framework to address the

144  aforementioned concerns based on the GANSIm rdspagsented byong et al. (202112022).

145 In GANSIm-3D, the convolutional kernels of the generator and discriminator, the input

146  conditioning data, and the output earth models are all designed to,lmn@Dhe architecture

147  design of the generator is specially improgedhatt can produce earth moded§flexible sizes

148 after being trained osamples of small fixed siz& 3D field karst cave reservoin Tahe area of

149  Ching which provel to be very dficult for geomodellinga f t er many (Lieenlsd r es
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150 2012; Lu ¢ al., 2012 Li et al., 2016(a); Li et al., 2016(h)s taken as an example to validate the
151 proposed GANSIA8D framework and showcasdieefield applicationof GANSIm-3D.

152 Tahe areas located at Akekuleaplift of northern Tarim Basin ivestern Chinand has
153 an areaof around60km 30km. The major reservoir is Ordoviciararbonatekarst caves about
154 5500 meters beneath the surfaggluding connected ribbelike caves formed bypalec
155 underground riversisolatedcaves formed byntemittent surficial waterand faulcontrolled
156  caves controlled by strike slip faults and related dissolufibnst al., 2020)These cavewere
157  formed when theOrdovician carbonateock with extensive faults and fracturgsoduced in
158 earlier geomechanical stagess exposed to weathering durinthe middle Caledonian and
159  Hercynian periods.The Ordovician carbonate rockmay experience multiple episodes of
160 weatheringin some partswhere in each episodine carbonate rock is uplifted, exposed to
161  weathering, anthensubsidedproducingmultiple layers of cavethat arevertically stackedThe
162  unconformity surface (of the last weathering episodahder whichthe caves are formeis
163 designated as thgaleegeographic surface this paperin addition tothe vertical multlayer
164 feature,Tahe caveslso have a very strong heterogeneity and complicated spatial paitterns
165 planar view The diameterof the cavespars from tens of centimeters to tens of met&aves
166 tend to develop in the vicinity ddifferent levels of faults especially where multiple faults
167 intersect. There are three extension directions foutttkerground river cavesINE, NNW, and
168 nearly EW.Sparsely distributeddll caveswith size several times larger than normal ceaed
169 cave branches with different lengtindomly develop in thenderground river cave systems.
170  Section 3 showsmore detail about the spatial structure of thdarground river cave systems.

171 Thesecaves can be fully goartially filled by clastic or chemical cement, or totally void

172 without any fill. Compared to the surrounding tight carbonate rock with porosity of less than 1%,
173  these cavesvenwhencompletelyfilled (porosity can be 20%), are good reservoifer water,

174  hydrocarbos, and CQ. During last decades, over hundreds of studies about Tahe karst cave
175 reservoir have been reported ranging from structural geology, Kkarstificatgs@rvoir

176  chamcterization, geomodelling, ef€u et al., (2021present a review dheseprogresss

177 Because of large fluid storage potentialf@hecave reservoir, abundant geological data
178 and conseguent analyses have been obtained, including over 3000 wells, 3D seismic data,
179  outcrop measurements, geomechanical simulation results, fault and fractergsetation, and

180 Kkarstification history analyses. Although the wealth of data provides a solid foundation for
181 geomodelling of the karst cave reservdhe sophisticated geological patteraf the cave

182 reservoir and thechallengesin expressingcomplex geological patternsusing traditional

183 geostatisticbhased geomodelling approachmake it difficult to produce cave reservonodels

184 consistent with expectespatial patterns For exampleLiu et al. (2012) and Lu et al. (2012)

185 utilized variogrardbased approaches to simulate cave models,thmitsimulatedcaves are

186 distributed in large pieces and cannot show specific shhpetsal. (201&) and Li et al(2016o)

187 used MP$basedapproaches to produce underground river caves of Tahe area; the simulated
188 caves can present a ribbbke shapeo some extenbut the continuity and variability still need

189 to be improvedIn this paper, we only consider the underground river agagervoi type

190 (excluding thasolated and faultontrolledcave reservoitypeg as an examplér geomodelling

191  with the proposed GANSIfD.

192 The structure of this paper is organized as follows. Sectides2ribes GANSIR3D
193 geomodelling framework and specifies its designs for geomodelling of Tahe cave reservoir.
194  Section 3constructs conceptual models Thhecave reservog by integratingfield geological
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patterns. Then in Section 4, based on the conceptual madedsning dataset (training facies
models, training well data, and training probability maisspuilt. In Section5, we use the
training dataset to traira generatorbased on the GWSIM-3D design and evaluate the
generatad s a foi deombdelling. Next, in Section 6 the pretrained generator is used for
practical uncertainty geomodelling of tviield reservoirs with different sizes e Tahe area.
Finally, Section 7 givesanclusonsof this study

2. GANSIm-3D and its designs for geomodelling of Tahe cave reservoir

2.1 GANSIm3D

GANSIm presented bgong et al. (202112022 can be used to produce 2D reservoir
modelsof the same sizas the training datan its original form Supporting Information S2
gives detail about the basic theasf GANSIm. Since realreservois are 3D and of arbitrary
sizes, in this studya 3D framework, GANSIA8D, is proposedb addresshe concerns of 2D and
fixed-sizegeomdellingbased on the previous GANSImM

As illustrated in Figure S2nithe generator o6ANSIm, the concatenatimof a random
latent vector and a vector of global features is mapped anfeature vector with dully
connected neural network layeand the followingreshape layefurther convend the feature
vector into multiple channels &D featuremays. However, in GANSIm3D, the input latent
vector and global feature vector aransforned into 3D concatenadecubes(i.e., random latent
cubes and global feature cupesnd the original fullyconnected and reshape layers are replaced
by 3D convolutionallayers.Now there are onlyonvolutionallayers in the generator which
enables the geomodelling of flexible sizes, which will be explained in detail in latter paragraphs.
In addition, to produc&D reservoir models and condition to 3D observable data like well data
and probability maps resulted from 3D geophysical data, all CNN layers of the generator and the
discriminator are set to be 3D, i.e., the kernelthefCNN layers are transformed froBD into
3D.

Figure 1 shows an example of the architecture design of the generator and discriminator
of GANSIm-3D, which will be used for field geomodelling of Tahe karst cave reseriroirs
following sectionsin this examplepnly well data and probahiyi mapare used as conditioning
data (i.e., excluding global feature3here aretwo types of pipelines in the generator. main
pipeline as the backbone and pipelines fortihe types of conditioninglata The main pipeline
of the generator is composed68D 3 3 3 convolutional layers (i.e., the kernel size is33 3)
and 4 upsampling layers. The input is 8 channels of 4-latent cube eachcontaining 64
latent variables sampled from a standard Gaussian distribution, while the output i84a 64
karst cave facies model. The input conditioning data include&66464-well facies data (a well
trajectory indicator and a karst cave facies inigaand one 6464 64-probability map of
karst cave. They are taken into the main pipeline of the generator through parallel input pipelines
of conditioning datdhat are composed of downsampliagersand 1 1 1 convolutional layers
(i.e., the kernel sizess 1 1 1). All feature cubes converted from the input conditioning data are
set to have 16 channels (e.g., the feature cube with size £4f# 16 or 8 8 8 16). The
discriminator is basically symmetrical to the main pipeline of the generator, exceptdtfatly
connected layers and one minibatch standard deviation layer are inchlle®l. 3 3-size
convolutional kernels (ithe main pipeline of the generator and the discriminator) lzastide
sizeof 1 1 1 and are padded with zeros. The leaky rectifisgar unit function (LReLU) with
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a leaky value of 0.2 is used as the activation function in all layers of the generator and the
discriminator except the last layer of the discriminator for which no activation function is used.

(a) Generator

64X 64X64X16
é AxAXAX16 8X8X8X 16 16X1%|6X]5 : \
T ov NS us RVEN A
2 | | — =, us uUs cv
c cv v — .. — —
© CcVv cv
= AXAXAX8 AXAXAX Yy
Ax4xAx128 8x8x8x128 S——
Latent cube 16X16x16x128
CV(1x1x1) CV(1x1x1 —
( ) cv(1x1x1 64X64X 64X 64 64X64xX64X1
Reservoir model output
AXAXAX2 8XEXEX2 CV(1x1x1)
16X 16X 16X2
64X64X64X2
DS DS DS |
- Input pipeline for well data
Um_ Well data cubes CV(1x1x1) CV(1x1x1) CV(1x1x1) CV(1x1x1)
¥ 6AX6AX64X2
c
S
% 4x4x4x1 8x8x8x1 16X16x16x1
g 64X 64X64x%1
o
DS DS DS

Input pipeline for probability map

probability map cubes
64X64X64X 1

(b) Discriminator

FC

FC DS
O +— — E DS JE ﬂ
Score MSD+CV cv cv cv

AXAXAX]128 BX8X8X128
128x1 16X16X16X128 o, X 39%128
64X64X64X64 64X 64X64X1
Reservoir model input
US: Upsampling layer DS: Downsampling layer MSD: Minibatch standard deviation layer
CV/CV(1x1x1): Convolutional layer with kernel size of 3x3x3/1x1x1 L XWX HxC: Lengthx Widthx Heightx Channel

Figure 1 Architectures of the generator and the discriminator émegeomodelling of 3D Tahe
cave reservoirOnly one data cube is shown is this figuesy., 4 4 4 8 represents 8 channels

of data cube of size 4 4, but only one such data cube is drawn. The generatindesone

main pipeline and two pipelines of well data and probability map conditioning data. The input of
the main pipeline includes 8 channelsio#4 4-latent cubs, and the output is a6 64 64-size

karst cave facies model. The input well faciesditioning data include one well trajectory
indicator and one cave facies indicator both of size @% 64. The size of the input cave
probability map is also 6464 64.

With only 3D CNN layersthe generatocan be regarded as an amplifier thaiplifies
smallsize input latent cubes and global feature cubes into a {aizge facies model byn
amplification factoy conditioned to input probability map and well facies data with the same size
as the output facies model. Thus, we may first tila@generator ora training datasetonsisting
of smallsize data cubesnd then use the trained generator for geomodelling of resewithirs
large arbitrary sizedy expandingthe inputs of the generatormas long as the quantitative
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257 relationship ofthe inputs sizes remains constaror examplepncetrainedon 64 64 64-size

258 training datathe generator of Figure 1 can take 15 5-sizelatent cubes an820 240 80

259 sizewell data and probability mape produce a 320240 80-size cavdaciesmodel, where the

260 size ofthewell data,the probability maps, anthe output cavefaciesmodelis 16 timesthat of

261 thelatent cubeswhich is the samamplification factoras the original architectuia Figure 1

262 This feature is very important in geosaies because, first, it is impossible to train a deep
263 learning model to produce earth models with very large size due to the limitation of training data
264 size and computation resources; second, practical areas of interest can be of many possible sizes.
265 Suchtechniquewas initially proposed byletchev et al. (2016dnd has been used in many

266 geosciencesesearches (e.d.aloy et al.,, 2018; Zheng & Zhang, 22 We will use this

267 technique for geomodelling of larggze reservoirs in Section 6.2.

268 The total loss functioof GANSIm-3D is constructed as the weighted sum of the original
269 adversarial GANs loss, conditidrased losss for well data, probability data, agtbbal features:
270 0 "0 fO@®O T 0O 10O 10O, Q)

271

272 where,0 "GO ,0 "0 ,0 "0 ,0 0 , andd "O are the total loss, original GANs loss,

273 and conditiorbased losses for the input well dgtaobability mapsand global featuresvhile

274 1,1 ,1 ,and are predefined weight3hese two types of losses, GANs loss and condition
275 based losses, ate enforce the generator to learn tgeological pattern knowledge and the
276  correct relationships betweemrious inputconditioning data and the output facies modéle

277  Wasserstein loss function with gradient pendétulrajani et al., 2017)s usedas the original

278 GANs loss here For details of these conditidmsed losses, readers can see Supporting
279 Information S2 orSong et al. (202112022). To better tune the weights, tlheur losses at the

280 right-hand side of the equation are normalized into standard Gaussian distributions. During
281 training, the discriminator and the generator are alternatively trained. When training the
282  generatorp) "GO is minimized, i.e., the origal GANs loss and the oth#érreecondition

283 based losses are all minimized; when training the discriminat@io iS maximized, i.e.,

284  only the original GAN loss is maximized.

285 In addition a progressive trainingnethod (Karras et al., 2017)s applied, where the

286 generator and the discriminator are progressively trained from shallow to deep neural network
287 layers and theaplogical patterns and the relationships are learned daarseto fine scaledby

288 the generator

289 After training, when we fix the input conditioning data areahdomlychange thenput
290 latent cubes, the generator can produce multiple 3D facies mealetations that are both
291 realistic and consistent with the input conditioning datese conditional realistic earth models
292  constitute the uncertainty space of the subsurface reservoir.

293 2.2 GANSIm3D design for geomodelling of Tahe caeservoir

294 The proposedGANSIM-3D is specified for uncertainty geomodelling of 3ield cave
295 reservois in Tahe areaThe architectures of the generator and the discrimirzagatesigned as
296 in Figure 1. Sinceylobal featuresare not used as conditioning dateere their corresponding
297 conditionbased losss not includedin the total loss function (Equation (1)Jhree types of
298 training data are required: 3D karst cave training facies madeze64 64 64, 3D training
299 well facies dateof size 64 64 64, and 3D training probability map of karst cavksize
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64 64 64. The training facies model dataset is the most important because they need to
incorporate thdield geological patterns dhe underground rigr cave reservoir of Tahe area. In

the next two sections, we first construct large conceptual maodétssize655 655 64 for the

field cavereservois by integratingthe field geological patterns; then we crop the conceptual
models intothe requiredsize of 64 64 64 as the training facies models; finally, the training
well and probability map dataf the same sizare obtained from the training facies models.

To speed up the trainingrocess minibatch gradient descent and the Adam optimizer
with default parameteréKingma & Ba, 2014)are usedThe generator and discriminator are
alternatively trained both with a single minibatch. Wee4 GPUs (NVIDIA Tesla V10-PCIE
32GB), 20 CPUs, and 160G RAM in parallel for training.

The layers of the generator and the discriminator are trained $tatow to deep
progressivelyEach minibatchs set toinclude 32 training facies models when training the front
4 convolutiomal layers when the lastwo convolutional layers are activatgde. whenthe
64 64 64-size feature cuben Figure lare produceq each minibatch is set to only include 16
training facies models to save GPU memoFe training schedule includégs000 training
iterationswhen only the first convolutional layer @&tivated 20,000 training iterationafterthe
second and third convolutional layers are actdat80,000 iterations when the fol
convolutional layer is activated, andlimited number ofterationsafterthe following layers are
activated. The training stops when the generasafacies models are realistic (i.e., consistent
with expected geological patterndjyerse and consistent with the input conditioning data

3. Construction of conceptual modelsof cavereservoir of Tahe area

To buildthetraining facies model dataseft64 64 64 cells largesize onceptual facies
modelswith 655 655 64 cellsof the underground river cave of Tahe areabaiét in this part.
First, we propose a processmicking simulation approach for underground river caves; second,
related parameters of Tahe cave reservoir are prepared; then, these pasmé&&en into the
processmimicking approach to simulatenunber ofconceptual models of Talwavereservoir;
finally, the geological patterns inside these conceptual models are vefifiede largesize
conceptual models will then be cropped into training facies modemall sizen next section.

3.1 Processnimicking simulation approach

Conceptual models can be constructed using obgstd methode.g. Mosser et al.,
2020; Zhang et al., 2019processhased method, or processmicking method(e.g. Pyrcz &
Deutsch, 2014)Processbased methatproduce realistiearth modeldut aretoo expensivdor
building a large number of 3@arth modelsFor examplethe proces$®ased model ofi et al.
(2020) takes 15 days to simulata single 3D karst model of less than 0.1 million grids using
hydrochemical simulation approach.

Researchms (e.g.Audra et al., 2010; Billi et al., 2007; Boersma et al., 2019; Klimchouk,
2009; Klimchouk et al., 2016have provided insights abouthe formation nechanism of
underground river karst cave$his involvesfluid flow through subsurface fracture system
(occasionally including faultsgrodng and scoung the surrounding rockspften involving
chemical dissolutionand finally formng ribborntlike karstcaves along the fracture system.
Following the formation mechanism, we propose a prewgesscking approach to simulate
underground river karst caves ($égure 3 with the following steps
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(1) Select a cave simulation area. Considering all fractatein the area, obtain the
fracture density map, the probability density function (pdf) of fracture strike, and the pdf of
fracture length for each fractuset In addition obtain the verticaprofile of the underground
river cave to be simulated and the pdfs of cave width and height.

(2) Inside the cave simulation area, randomly seldcacture set and the centdrinitial
fracture according to the fracture density maps.

(3) Based on thedfs of strike and length dhe fracture setrandomly sample the strike
and length for the initial fracture. Then construct the initial fracture.

(4) Insidethe currentsimulated fracture,andomly selecan intersectiorpoint between
current andthe net fractureto be simulated From this intersection point construct a new
fracture by randomly selecting a fracture based on the fracture density mapsd again
drawing the strike and length randomly from their corresponding pdfs.

(5) Decide if the nelly constructed fracture meets the fracture simulation stopping
criteria; if yes, stop fracture simulation, otherwise repeat ste@id(5). The stoppingcriteria
include thatgitherthe newly constructed fracture intersects the boundarig® sfmulation area,
or the number of simulated fractures reaches a predetangetvalue.

(6) Considering that underground river cave system may include several branches, for
each branch, randomly select one simulated fracture as the initial fracture ofvihisareh.
Then repeat step (4nd(5) to simulate fractures of this new branch.

(7) Randomly trim a fixed proportion (predefined value) of dead ends (the part between
fracture end and nearestersectiorpoint) of the simulated fracture system.

(8) According to pdfs of cave width and height, randomly sample width and height values
for the cavesystem. Then based on thave profile and the sampleccavewidth and height
expand the fracture system int@@ cave system.

No
pdf Sampling of
Fracture fracture
Samplie N /J density i strike and i\

_ - > - > maps
’ﬂ‘ \\\ = Sampling of v length >
i

set1 fracture | set2
Center and set of  Strikeand | e tire Intersection New fracture
W initial fracture length point and set of es
new fracture

Fracture density
maps for different

fracture sets [pdf j
Trimming
3D underground \ « ﬁi dead ends ‘%
—

river cave Sampling of cave
height, width, and
profile; expanding  Fracture system Fracture system

Figure 2 Workflow of proposed processimicking approach for underground river cave
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3.2 Simulationrelatedparameters ahe Tahe cave reservoir

According to above workflow, we apply this processnicking approach to simulate
conceptial facies models of underground river cave of Tahe area. There are mainiyethiae
fractureswith strikes of NNE, NNW, and nearly EW in Tahe cave reservoir. Based oreimag
logs from several wells, the pdfof fracture strike for the threset are characterizedoy von
Mises distributios (Berens, 2009; Fisher, 1998} inFigure 3(b) with the pdf parameters as
given in Table 1. The pdf of fracture length for the threset arefit with a power law
distributionbased on theorrectedmeasurement of outcrop fractur@sd seismicallynterpreted
fracturespresentedn Médez et al. (2020)as shown irFigure 3(c) and Table 1We choose a
subarea of 16km 13km inside Tahe arda simulatethe underground river cave reservolie
combined fracture density may the three fracture setsgalculatel from strain energy density
distribution (obtained from Geomechanical simulajiand the relationship between the strain
energy dasity andthe fracture densityestimatedrom core observation dat@his is smilar to
the approach used ifeng et al. (2018)Here, the three sets of fractures are assumed to occur
with the same probability atachpoint of the simulated fracture density map,isdhe next
processmimicking simulation step the center or intersection pofrd fractureis first selected
according to the combined fracture density mépen one of the three fracture sets is
equiprobablydecided.

(b) Probability density functions (pdf) of fracture strike for the three fracture sets

(a) Combined fracture density map of simulation area

0

90 270

(c) Probability density functions (pdf) of fracture length for the three fracture sets
» 0.018 0.02

Y-Axis (16km)
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Fracture 0.012 NNE 0.015 NNW EW
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Figure 3 Combined facturedensity map, pdfof fracture strike, and pdff fracture length for
the three fracture groups of Tahe cave reservaoir.

Table 1 Pdfsof fracture strike and length for the three fracture groups of Tahe reservoir.

Strike (von Mises distribution) Length (L)
Average {)/degree Concentratiori() Pdf (p) Min/m  Maxm
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NNE 38 218 19 n ¢& pm 0O 8 200 700
NNW 153 333 17 n ¢& pm 0O 8 200 700
EW 78 258 31 n ¢ pm O 8 200 700

Based onoutcropobservatios of caves in thelfahe areaKigure 4(a)), we use a half
ellipse to approximate the cave profile. The size of outcropsqaen) isusuallymuch smaller
than subsurface cavéseveral to tens meters), because large outcrop caves categlseThus,
it is difficult to obtain the pdf obubsurfaceave widthfrom outcrop cavedn our case, we use
the pdf of cave heigktb-width ratio instead, which is obtained from the measurement of outcrop
caves and the vertical sections of seismic attribute data (Figure 4Tbg) @if of cave height is
fit from the statistics odvells drilledthrough underground river cav@sgure 4(c)).

(a) Cave outcrop (b) Pdf of cave height-to-width ratio

1.5
p = 2.67r —1.33
1 05=r=1

p=—1.33r + 267
1=<sr=<2)

Pdf (p)
o
n

0 0.5 1 1.5 2 2.5
Cave height-to-width ratio (r)

(c) Pdf of cave height
0.1
0.08
0.06
0.04
0.02
0

p = 0.4018_0'08%
(18 < h < 50)

18 28 38 48
Cave height (h) / m

Figure 4 Cave outcrop examples ampdfs of heightto-width ratio and height of underground
river cave in Tahe reservoir.

3.3 Simulation of coceptual modelsf Tahe area

To getdifferentconceptual models of karst cave, in every simulation, we randomly crop
a subarea (8192m8192m) from the original simulation areligure 3 (a);16km 13km), and
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use the fracture density map inside the-args,pdfs of fracture strike and length, amdifs of
cave height and heigho-width ratio to simulate one conceptual mdesed on the proposed
processmimicking workflow. In total, 642 conceptual models oéist cave are simulatedeach
model include$55 655 64cells, and each cell is 12.5m (lengti)2.5m (width) 1m (height).
Figure 5and Figure 6 show a planer view and vertical sections ohe randonly selected

simulatedmodel.
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conduitwith o
NNE strike
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Section 1
40007 kel f . Straight conduit 4000
Epiike % with EW strike
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20001 Hallcave 2000
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0 2000 4000 6000 8000m

B Underground river cave

Figure 5 Planer view ofone randomly generatembnceptual model of underground river
reservoirsin Tahearea simulated withthe processnimicking workflow. Only cave facies
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Figure 6 Vertical sections ofhe randomly generatembnceptual modeshown inFigure 5 The
sections are marked Figure 5 Only cave facies are shown.

3.4 Verification of geological patterns simulatedconceptual models

As shown inFigures 5 and 6, the simulated caves in these conceptual models are
connected, like ribbongach cave system is composed of many small straight conldiaiss.of
theseconduits have strikes of NNE, NNW, and nearly EW. A dilep shape can be observed
from several connected conduits. Cave branches also develop. Hab caveswhose width is
several times of normal cave widtharesparsely develad (section 2 ofFigure §. Most caves
havea half ellipseprofile (section 1 ofFigure §. These are typical features of underground river
karst cave of Tahe reservokigure 7shows a planar section of the seismic frequency energy
attribute of a small part of Tahe cave reservoir, where or twocave systems can be clearly
recognized. Fronthe section, we can observe cave conduits with strikes of NNE, NNW, and
nearly EWsome of which are marked by dashed ljngsarsely distributed hall caves, cave
branches, and stdijxe shape of connected condu(i&igure 7 (b) and (c))similar to pattens
generatedTherefore, we can conclude that the conceptual models simulated by the process
mimicking algorithm integrate the geological patternfiadfl cave reservoir of Tahe area.
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(a) Planar section of seismic frequency energy attribute

(b) Step-like shape of connected conduits
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Figure 7 Planar section of seismic frequency energy attribute ahallspart of Tahe cave
reservoir

4. Construction of the training dataset

The training dataset includetraining facies models (6464 64), training wellfacies
data (64 64 64), and training probability mapf karst cave(64 64 64). We build training
facies models from theimulatedconceptual models of karst cave reservoir of Tahe, dnga
randomly cropping the largeonceptuaimodek 655 655 64) into blocks of64 64 64. The
training well facies and probability maps data are obthinem these croppedtraining facies
models.

4.1 Training facies models

After randomly crpping the 642large conceptual models total 0f22,695 3D training
facies models (6464 64) of underground river karst caaee obtainedEach cell represents
12.5m (length) 12.5m (width) 1m (height) Figure 8shows 9 random training facies models.
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N@ D

B Underground river cave

b’

Figure 8 Randonty selecte® training models of underground river karst cave. Each model has
64 64 64 cells, and each cell representssi2.(length) 12.5m (width) 1m (height). Only
cave faciemreshown.

4.2 Training wellfaciesdata

Theoretically, when constructingparsetraining well data, all types of wells should be
considered, includingstraight wells,inclined wells, horizontal wells, and wells not drilling
through a modelin such cases, well data are distributed like strings along well trajectboies.
make this proess simpler, wégnore the strindike feature of well data anchndomly sample
sparsecells from the previously constructed training facies motelsuild training well data
Suchnonstringlike well datado not exist in practicdyut they canhelp tran the generator to
condition on normal stringike well data, as is illustrated in the case studies of Section 5 and 6.
From each trainindaciesmodel(with 64 64 64 cell§, we samplel-500 cellsto form one set
of training well data; theoid cells betveen these sampled celise seto aneasly recognized
numeric code for no dat&.g.,-99. Finally, 22695 sets oftraining well faciesdata (each with
64>64>64 cells) are builtFigure 9showsthe 9 training welfaciesdata sampled from thacies
models inFigure 8
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B Undergroundrivercave @ Non-cave

Figure 9 Training well faciesdata obtained from the 9 facies modeld-igure 8 Each set of
well data has 6464 64 cells, and each cell represents 12.5m (length}.5m (width) 1m
(height).

4.3 Training probabilitymap of underground river cave

Training probabilitymap dataof underground river cavare also obtained from the 3D
training facies models using a Gaussian smoothing approacto mimic real geophysically
interpreted probability mapg$-irst, thefaciesmodels are preprocessed into indicator models of
karst cave: th&arst cavecells are set to be 1 while other cells are set to be 0. Secors# the
indicator models are smoothesing 3D Gaussian kernelwith sizes of 4 4 50,6 6 75,

8 8 100 or 10 10 125to form 3D probability map of underground river caves with
dimensions of 64>x64>x64. Here, different kernel sizes are used in order to make the training
probability maps similar tthe practical onefbtained from geophysical data) which may have
diverse resolutions (blurriness)h@ vertical sizef thesekernels is 12.5 times of haantal size
because the horizontal size (12.5m) of each cell is 12.5 times of the vertical size (idn)5%h

- 30% of Gaussian noisare randomly added into each probabilitsnap to mimic practical
probability map datain which noises are inevitably irdiduced. Due to the added ngigke
constructed training probabilitsnap data may not be strictly consistent with tin@ining well

facies data, e.g., karst cave cells in well data may correspond to low probability value in
probability mapdata and vice versa. Such phenomena are common in pr&etialy, 22,695
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498 3D probability map data are constructedrigure 10showsthe 9 training probabilitymags
499  calculaed from the Jaciesmodelsof Figure 8with different Gaussian kernels.

500
501

Kernel size = 10x10x125, . Kernel size = 4x4x50 Kernel size = 8x8x100

Probability
0.7

0.6
0.5
0.4
0.3
0.2
0.1
0.0

Kernel size = 8x8x100

= Kernel size = 10x10x125
502

503 Figure 10 Training probability maps obtained from the 9 facies model&igure 8 using
504 Gaussian kernels of different sizdsach probability map has 664 64 cells, and each cell
505 represents 12.5m (length)12.5m (width) 1m (height).

506

507 Among the22,695training facies models, well data, and probability 5p&®,000 are
508 used for traning GANs, while the remaining,B95 are useds test dataséb evaluatehe trained
509 generator.

510 5. Training and evaluation of the generator

511 5.1 Training ofgenerator

512 The weights forthe threeof losses(i.e.,; for GANs losst for well conditionbased
513 loss and for probability mapconditionbasedloss in Equation (})are investigatedhtough
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trial-anderror experimentsas in Song et al.(2021b) Supporting Information S4 shows the
producedresultsof trained generatorfor various combinations of the weightd/e suggest
setting weight andweight! betweer0.07 to 0.35 and 0.5 to 2.5, whietting weight as 1.
The weight represents &radeoffbetweerthe conditioning of well data and the realism of the
earth modelsproduced by the trained generator, wiilerepresents a tradeoff betweéme
diversity and the realisnof the produced earth models this paper, we sgt,! , and asl,
0.35, and0.5, respectivelyWith othersettingsasin Section 22, the generator watrainedfor 40
hours until the generated facies mod&srevisually realistic,diverse and conditioned to input
well and probability map datdhe trained generator takeandom latent cube3pD well facies
datg and 3D probability map as inputs and prodacesultiple 3D faciesmodelsof underground
river karst cave systems

In Section 5.2 we first evaluate the trained generatotwo synthetic casem terms of
the realism,diversity, conditioning to input wellfacies and probability map, and prediction
accuracy of thesimulatedrealizations. Tien in Section 6, weuse the trained generatdior
uncertaintygeomodellingof field karstcavereservois of Tahe area.

5.2 Evaluation ofthe pretrainedyenerator based on synthetic cases

We chose two randorfacies modeldrom the test dataset (not used for trainiag)the
groundtruth and obtaied two groups ofcorresponding8D probability mapsof karst caveand
well facies data vi&aussiarsmoothing(as described in Section 48)d random samplind:he
pretrained generator takés 400 groups ofrandomlatent cubegeach group has 8 channels of
4 4 A4-latent cubes)the probability map and the well datato produce 400 facies model
realizatiors for each synthetic casdcach realizationhas 64 64 64 cells, and each cell
represents 12.5m (length)12.5m (width) 1m (height).Figure 11and Figure 12show the
ground truth facies model, input 3D probability map, input well data, aedl&atiors for each
synthetic casdt takes0.02 secondgo produceonerealizationon 1 GPU (V100)
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Figure 11 Geomodelling results fasynthetic case.la) Ground truth karstavefacies model;

(b) Sparse well facies data sampled from the ground truth facies model (the gray cells represent
noncave facies type); (c) Probability map of kacsive obtained from the ground truth via
smoothing; (d)i (h) Randm facies modetealizatiors directly produced from the pretrained
generator by takinthe well data and probability map asnditioninginputs; (i) Frequency map
calculated from 40@eneratedealizatiors. All subfigures include 6464 64 cells, and eaclett
represents 12.5m (length)12.5m (width) 1m (height)Only karst cave cells are shown.
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Il Uunderground river cave reservoir

Figure 12 Geomodelling results fasynthetic case.qa) Ground truth karst cave facies model,
(b) Sparse well facies data sampled from the ground truth faxmdsl (the gray cells represent
non-cave facies type); (c) Probability map of karst cave obtained from the ground truth via
smoothing; (d)i (h) Random facies model realizations directly produced from the pretrained
generator by taking the well data anolpability map as conditioning inputs; (i) Frequency map
calculated from 400 generated realizations. All subfigures includé4464 cells, and each cell
represents 12.5m (length)12.5m (width) 1m (height). Only karst cave cells are shown.

From Figure 1landFigure 12 we can see that these generated karst cave facies model
realizatiors are very realistic, i.e., havingery similargeological pattemto the practical karst
caves of Tahe arear the trainingtesting facies models. For exampléhese simulated
underground river cagdhave a connected ribbdike shape in planar view and a halfiptical
shape in vertical section, some cave branches de¢@ppnd (e) ofFigure 11 (e), (f), am (g)
of Figure 13, wide hall caves are sparsely distribufét) and (h) ofFigure 11 (d), (e), and (h)
of Figure 13, most straight conduits hawtrikes ofNNE, NNW, and nearly EWandthe step
like shapecan be observed from somennectedcave conduits blue lines in(d) of Figure 11
and (g) ofFigure 12. These features are very typical in thetualkarst cavegFigure 7and
Figure 4 and training/test facies modelsdure § of Tahe area.

To quantitéively assess the relationship ofternal geological patterns between the
generatedrealizatiors and the training/test facies models (representintpal karst cave
geological patterns), we usédulti-Scale Sliced Wasserstein Distance combined with Multi
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Dimensional Scaling (MSWD-MDS) approach to map every facies model into a point in a
reduceddimension2D space representing its geological patt&ong et al(2021a) describe this
approach in detailSupporting Information Salso explains this approadhigure 13(a) and (c)
showsuchpointdistributiors of 100 test facies models, 40 generatslizatiors, and the ground
truth facies modefor the two synthetic caseBigure 13(b) and (d) show the density contours of
these points, which approximate the distributionsunélerlying geological patters in a 2D
space From Figure 13 we can clearly sethat, first, the geological pattern distribution tie
generatedealizatiors is located insidehat of the test facies modeglsecond, the former one
shrinks to cluster closely around the ground truth facies model. This proves that the generated
realizatiors canreproducegeological patterns of practical karst caygspresented byest
dataset)put is constrainedlue to the contiobning effect of the input probability map and well
data.ln addition theserealizatiors are very diverse, which can be seen ffégure 11 Figure

12, andFigure 13

(a) Scatter plot of synthetic case 1 (b) Density contours of synthetic case 1
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Figure 13 Projection oftestfacies models, generated conditional facies moegizatiors, and
the groundtruth facies models in a 2D space, based orIWHI MDS approach each point
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representgeological pattemof one facies modela) and (c) are the point scatter plots of the
two synthetic cases; (b) and (d) are the density contour afpsiedrom the point scatter plots
of the two cases.

Based on the generateealizatiors, thereproduction accuracy of the input wédcies
datawas 100% for both cased:rom careful visuainspection, we can see thecations and
shapes of thgenerated realizatiorare consistent with the input probability map very well. In
Figure 11land Figure 12 we obtain frequency maps okarst cave from thelO0O generated
realizatiors by calculating the proportion of simulated cave among all realizations at each cell
(seeEquation(S25)). The frequency maps awgite similar with the input probability maps
Figure 14andFigure 15compare the distributions of input probability map, fregryemap, and
the ground truth facies models at different sections of the two synthetic cases. Apparently, the
generatedrequency maps are more concentrated inside the input probability maps tdweards
ground truth facies model&specially, some features about the ground truth facies models are
lost in the input probability maps but arecaptued in thecalculatedfrequency maps; for
example, inFigure 14(b) andFigure 15(a), high values of the frequenoyas are concentrated
around the twayround truthkarst caves, although thprobability maps give no hint about the
number of the ground truth caves; in planar sectionSignire 14(c) andFigure 15(c), large
parts of theground truth caves are outlined by the frequency mHpesse discussions prove that,

(1) the generatecealizatiors areconsistent wittlthe input probability mapsnd (2) compared to

the case ofgeomodelling only using probability mamhere the frequency map completely
overlaps with the probability mapjhe g e n e r prédmtiord accuracy of caves are largely
increased and thancertainty is decreased@he increased accuracy or decreased uncertainty
results fronmthe integration of well data and geological patterns; the difference between the input
probability map and the frequency mppintsto the value of input well data and geological
patterns.
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616 Figure 14 Comparison of input probability map contour, freqeeemap contour, and the ground
617 truth facies modeior synthetic case at three differensectiors (i.e., y = 30, x = 15, and z = 30)
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Figure 15 Comparison of input probability map contour, frequency map cordodrthe ground
truth facies model for synthetic case 2 at three diffeseatiors (i.e., y = 40, x = 30, and z = 40).
Thesesectiors are marked ifigure 12

Figures 11, Figure 12, and Figure 13 showthat the simulated facies model realizations
are very close to the ground truth with respect to geological patterns and locations. To
guantitatively assesthe cave prediction accuracy tifese generated realizationsye define
intersectioroverunion (OU) metric ascaveintersectiondivided by caveunion between one
generated (or tesfacies model anthe ground truthone IOU varies from 0O to 1; the larger the
IOU valueis, themore accurate thgenerated (or testacies modeis. We calculate IOU fothe
400 generatedealizatiors (I0Uy) and IOU of 400 random test facies models ({Obs a
comparisonin both syntheticcases Figure 16shows thehistograns of IOUg and 10U for the
two casesMost IOUgvalues arenuchlarger than most IOWalues; the maximum IOj¥alues
are0.48 and 0.43n case 1 and case Phis means that the generated conditional facies models
are much more accurate than random unconditional facies mddglse 17 compares the
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generatedealizatiors with IOU = 0.2, B, and 0.4 and the ground truth ones for both cdses
addition, the conditioning approachfor global featureSong et al. 20210 could be used to
condition the widthand proportion of caves, thus further improving thecuracy of simulated
realizatiors.

(a) 10U histograms of synthetic case 1 (b) 10U histograms of synthetic case 2
mmm Random with ground truth mmm Random with ground truth
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Figure 16 Comparison of IOU istograns between random test facies models and produced
conditionalrealizatiors for bothsynthetic case
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M Groundtruthkarst cave M Generated karst cave M Intersection between ground truth and generated karst cave

Figure 17 Comparison between the generated karst cave facies models with IOU = 0.2, 0.3, and
0.4 and the ground truth ones for the two synthetic c&sdg.karst cave cells are shown.
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Theabove analysesf synthetic caseshowthat given observed well data and probability
maps (calculated from geophysical data), phetrainedgenerator can quickly produce diverse
realizatiors that are consistent withboth the expected geological patterns atha input
conditioning datawith acceptable accucg. Thus we canrely onthe pretrained generatéor
real field caseuncertainty geomodelling, i.etp produce multiple facies model realizaticios
represent thencertainty of reateservoirsHowever, how manyealizatiors shouldoe producel?
This question is addressed by examining the change in the frequaageyvith increasing
number of realizationsThe frequency map chamgevith increasing number of realizations
generated, until for a large enough set of realizationfréag@ency map converges and does not
change anymora/lhen the frequency map stabilizes, the numbeealizations argéaken to be
enough to represent the uncertainty thé reservoir model. We define a frequency map
difference (FMD) as

00 O B "0b ob )

wherewis the realization numbeiQ0 and™O0 are the frequency map fay p Tandw
realizations, respectivelyfhus, FMD represents the frequency map changé every 10 new
additional realizations producedFigure 18 shows the FMD change with the number of
realizations for the two synthetic cas@he FMD converges to 0 when 200 realizations are
produced in both casgsdicating a stable frequency map after that. Thus, we suggeBicing

200 facies model realizations when using the pretrained generator for practical uncertainty
geomodelling.

(a) Synthetic case 1 (b) Synthetic case 2
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Figure 18 Change ofrequency map difference (FM@)r every ten newealizations

6. Uncertainty geomodellingof field reservoirs with the pretrained generator

We show twofield reservoir cases from Tahe area: the first reservoir case is based on
64 64 64 cells (i.e., 800m800m 64m)i the size at which the generator is trained, while in
the second case, wapply the pretrained generator to simulate geological models of
336 256 96 cells (i.e., 4200m3200m 96m).
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6.1 Field case lbased or64 64 64 cells

We choose atudyarea of 80m 800m, with three wells, from Tahe area. Vil logs
are shown irFigure 19(a), from which we can recognizeZd mthick underground rivecave
interval in well T1 (i.e.,84m to 105m beneath thg@alesgeographic surfacbelow which the
caves were formgdand no cavein the other two wellsThe geespace of this area betwe@rm
to 131Im beneath thgaleogeographic surfaces divided into 64 64 64 cells with each cell
representing 12.5m (length)12.5m (width) 1m (heght) which is the same as the training/test
datasetFigure 19(b) shows the distribution of well data tihis geospace.The 3D probability
map of underground river cave is calculated flmBD seismic attribute (frequency energy) and
the relationship deveen that attribute and cave occurrence probability obtained from the
statisticsof the 3000 wellsn Tahe areaFigure 20shows the probability map dfis studyarea.

(a) Karst cave interpretation from well logs (b) Well data in 3D space

T1 T2 T3
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B Karst cave facies I Non-karst cave facies

Figure 19 (a) Karst cave interpretation from well logs for the three wells ofkthdy area. (b)
Distribution of wellfaciesdatain the 3D 64 64 64-cell geespace(800m 800m 64m) of the
study area.
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Figure 203D probability map otinderground rivecave for thestudy areaThe maps

calculaed fromthe seismicfrequency energy attribute atite relationship between that attribute
and cave occurrence probabiliged arrows show local high probability areas away from the
main trend.

We take thenterpreted3D well faciesdata, 3D probability map data, aB@0 groups of
randomlatent cubesgachgroup has 8 channels of latent cubes with sizé 4 4) into the
pretrained generator to produce corresponding 200 karst cave realizaims. 21shows 9 of
them.Like the previoussyntheticcase, the cavesystens of these realizations are consistent with
expected geological pattexrsuch as stefike shape Figure 21(a)), NNE, NNW, and nearly
EW strikes of single conduit, sparse hall caegyre21 (d)).
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Figure 21 Nine facies model realization@ut of 200)of underground river karst caver the
study area. Each realization has 64 64 cells Only underground rivecellsare show.

We calculate the frequency map of karst cave fron2@tesimulated realization&igure
22). By comparingrigure 21landFigure 22to Figure 2Q we can clearly find thafirst, the high
value of the probability map is mainly distributed in #iightly west area with a noiiteouth
trend andmost simulatedaves are also distributed tine saménigh-probability area anaith a
north south trendsecondthe high values of the frequency map are concentrated inside the high
value area of theput probability map.Therefore, we can conclude thiae simulated caves are
consistent with the input probability maRy calculation from the 200 realizations, the
reproduction accuracy of the input well detd 00%.
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~Y-axis

Z-axis - L 04

Figure 22 Frequency map of karst cave for the study area calculated from 200nfadets
realizations.

In the input probability map, except the major higiiue areaqlightly west;with value
larger tharD.2), there are still other local higlalue area (red arrows irfrigure 2Q. These local
areas may result from theoise ofseismicdatacollection processing artifactsnterpretation
uncertaintiespr the isolatedkarst cavetype that is not considered in thatudy. Regardless of
causes, these local highs can all be reghrds noises in the backgroumd simulating
underground river caveblowever, when comparingigure 2Q Figure 21 andFigure 22 we can
find that these local noises have completely no effect oditiebutionof simulatedcaves.The
reasonmight bethatthe spatial shape of thesecal highs is inconsistenwith the ribbortlike
geological pattemof underground river cavdsarned by the generatorhus these locahon
ribbon-like featuresof the input probability map are suppressedhgpretrained gnerator.

The calculatedrequency map revesithe fisweet spot® of this areaFigure 23filters the
frequency map based on various threshdltiesefiltered frequency mapsan be used as infsu
for desigring well trajectoriescalculaing reserve of fluids in thecavereservoir and evaluang
the uncertainty of investmeand revenue in a more systematianner
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740
741  Figure 23Filtered fequency maps based on thresholds of 0.1, 0.2, 0.3, and 0.4.

742

743 The probability map obtained from seismdata involves uncertainty, which may come
744  from the collection and processing of seismic data itself, theuna@ueness of the relationship
745 between seismic attribute and cave probabibtyor in the interpretation of well data, etc. Thus,
746 in practice, wamay nottrust theseismicprobability map completel\Given arelativetrust level
747  (0), varying from 0 to 1 here a compromised probability mgpis defined to only contaia
748  portion of the original seismic probability map information:

749 nw Oofw p 0N W, 3)
750 wherewrepresents each cell of the geological mogleky is the compromised probability map
751 at trust levebf o, 1 w represents the original seismic probability meapdn w is the cave
752  prior probability mapprior to seismic survey. T& prior probability map may come from
753 geologic reasoningr well data interpretation. When changing the tlesel from 1 to O, the
754 compromised probability linearly shifts from themplete seismic probability map tdhe

755  complete prior probability map where no information about seismic data or its consequent
756  probability map is kept.

757 In this case, we uste caveproportion interpretedrom the threewells, 0.133, as the

758  prior cave probabilitfor each cell, i.e. @ = 0.133 Then we decrease the trust lefreim

759 1to O (trust level = 0.7, 0.5, 0.2, and 0), and use the calculated compromised probabilty map
760 theselevels and the well data for uncertainty geomodelling of caves, as shduguie 24 The

761 case with trust levaas 1 is justasdiscussed earlier iRigure 20 Figure 21 andFigure 221t is
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clear tha as the trust level decreasw Q the influence of theseismic probabilitymap onthe
generated cave realizations and the calculated frequencyals@apdecrease® O, while the
variability of the generated realizations gradually increases shown by the frequency map
(especially the vertical sections marked by red limégjigure 24 Note thatall these generated
realizations are realistendareconditioned to the input well data with 100% accuracy.

Figure 24 Compromised probability maps, generated realizations, and calculated frequency
maps at various trust levels of the seismic probability map (i.e., 0.7, 0.5, 0.2, 0).

6.2 Field case? basel on 336 256 96 cells

As described in Section 2.the generator trained atatasebf small sizecan be used for
geomodelling of reservoirs with large arbitrary sizes by expanding the sizes of all inputs
proportionally. Thus, here icase 2 \& choose #eld area of 4.2km 3.2km, with 1L wells, from
Tahecave reservoirFrom well logs, 7 undergroundver karst cave intervals are recognized.
The 3D probability map ounderground rivecaveis calculaedfrom seismic dataith the same



