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Abstract

The siliciclastic rocksn the Ucayé Basin are the maineservoirs They contain
the biggest gas accumulation in Peru. Toenplexity of the different depositional
environmens of these rock&ave beenstuded overrecentyearsby various researchers

Aeolian and ephemeral fluvigihvironmentavereidentifiedin core information
from many wells in the ared he complexityof theareal distributiorof thesesandstoas
according tathe development wells are not continuous as 3D facies model building at
first attempt. For this @son, the possibility to integratgell-log data with seismic
allowedusto evaluate irgualitative and quantitative manner.

This studypresentshe implementatioof a stochastic seismic inversion using the
algorithm Ensemble Smoother with Multiple Data Assimilation-{#E3A) coupled with
a Facies Bayesian Classificatida characterize e areal distribution of the most
favorable faciego be reservoirThe process begins using available vieyl data and
validateghe results at this scandthen extrapolateshe entire processsing the seismic
datainformation.Most of the entire workflow including the stochastic seismic inversion
and Bayesian classificationould be done using Python (opsource programing
language) at different scale dimensions such as;legllataand seismic data

Overall, the stochastic seismic inversion offers improvements compared to
specificdeterministic methoduch agbetter vertical resolution and namique results of
the inverted elastic properties. Algbe seismic inversiogoupledwith the Bayesian
classification allow to delineate the facies distributi@ecording totheir depositional
environmentn relation to amplitude and elastic properf@msthe mairgasreservoir units
in the areaMoreover, different features of aeolian and fluvial systerare identified in
the different seismic sections.

Keywords: siliciclasticreservoirsstochastiseismicinversion ES-MDA, Bayesian

classification.



Resumo

As rochas siliciclasticas na Bacia de Ucayali sédo os principais reservatorios. Elas
contém a maior acumulacdo de gas no Peru. A complexidade dos diferentes ambientes
deposicionais dessas rochas tem sido estudada nos ultimos anos por varios pesquisadores.

Ambientes fluviais edlicos e efémeros foram identificados em informagfes de
dados de rochamm muitos pocos na area. A complexidade da distribuicdo areal desses
arenitosde acordo com os poc¢os de desenvolvimario é continua como a construgao
do modelo de facies 3D na primeira tentativa. Por esse motivo, a possibilidade de integrar
dados de perfil de pogco com sismica nos permitiu avaliar de maneira qualitativa e
quantitativa.

Este estudo apresenta a implementacdo de uma inversdo sismica estocastica
usando o algoritmo Ensemble Smoother com Multiple Data Assimilatioh(B&) em
conjunto comuma Classificacdo Bayesiana de Facies para caracterizar a distribuicao
areal das facies mais favoravpara ser reservatério. O processo comeca usando dados
de perfil de poco disponiveis e valida os resultados nessa escala e, em seguida, extrapola
todoo processo usando as informacdes de dados sismicos. A maior parte de todo o fluxo
de trabalho, incluindo a inversdo sismica estocastica e a classificacdo bayesiana,
realizadausando Python (linguagem de programacdo de codigo aberto) em diferentes
dimensdes de escala, como dados de perfil degpdados sismicos

No geral, a inversdo sismica estocastica oferece melhorias em comparacao a um
método deterministico especifico, como melhor resolucdo vertical e resultados néo
exclusivos das propriedades elésticas invertidas. Além disso, a inversao ssmica
classificacdo bayesiana perirdam delinear a distribuicdo de facide acordocom seu
ambiente deposicionphra as principais unidades de reservatorio de gas na angaém
foram identificadasdiferentes caracteristicas de sistemas edlicos e fluvégsecdes
sismicas.

Palavraschave: reservatorios siliciclasticos, inversao sismica estocastiddPBS
classificagéo bayesiana.
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1 INTRODUCTION

The south part of Ucayali Basialsonamed The Camisea sbhsinallocated the
main volumes of Gas in Peru with a production that has already surpassed the average of
79,204 Boe/daylt seems to be one of the most important Peruvian sedimentary basins
according to production terms. It is one of the Buidlean Basins of Peru, the basin is
bordered by the Maranon basin to the North, Huallaga Basin to the west, Madre de Dios
Basin to the guth, and the Brazilian Shield to the east (Perupetro, 2006).

In thelast few decades, seismic interpreters have put increasing emphasis on more
guantitativetechniques for seismic interpretation, as these can validate hydrocarbon
anomalies and give additional information during prospect and reservoir characterization
(Avsethet al, 2005) Quantitative seismic interpretation seeks to understadaneasure
the distribution of reservoir properties and elastic parameters of rocks in subsTintace.
most important techniques include ps&ick amplitude analysiseismic attributes
analysis acoustic and elastic impedaniteversion offsetdependentanalysis (AVO),
facies modelingforward seismic modelingpck-physics modelspetrophysical seismic
inversionand extended elastic impedangs aresult,large volumsof informationallow
usto redue theuncertainty in decisiomakingfor exploration and reservomil and gas
department$Simm & Bacon, 2014)

Seismic quantitativenterpretatiorhas several toolss aforenentionedone of tle
most important is theeismicimpedanceanversion (acoustic and elasticjmpedance
inversions take into account the full waveform of the seismic trace, not just the
amplitudes.In general, impedance inversion is a tool to derive seismic attrib@es (
wTw, 0 € "Qf iii£0 ¢ thEt can be linked to rock properties (lithofacies, porosity, pore
fluids, etc.) using roclphysics models and statistical technig(fssethet al, 2005) A
popular approach to the facies identification problem is the use of crossplot templates of
Aii mpedance typeOangwlo (Pdagdaid & Avseshu20Uhloweser,
in the area the only one study regarding this topic was submitteddopan(2018)

Seismic inversion can be basically divided into deterministic and stochastic. The
solutions of the deterministic inverse problem are formally showfT &santola, 2005)
and have been widely used since then. Howeleterministianversiontends to run into
problems such as the impossibility of estimating uncertainty and the strong bias of the
result due to the lovrequency model. Taddresghese aspecist is preferable to use

16



stochastic inversiodue toit can generateeveral realizations of the model that seek to
describe the potential variabilities of rocks in the subsurf&omm & Bacon, 2014)
Currently, there are several methadsarry out stochastic seismic inversi@uland &
Omre, 2003)The method applied lyiu & Grana(2018)for stochastiseismic inversion
method is called Ensemble Smoother with Multiple Data AssimilatioaMB®\). This
method is able teacklethe problem of nonlinearity of the direct model in Akichards
equation(Aki & Richards, 1980f¥or largest angles and in the domain of retlkysics.

Recently, i is common to useelastic seismic inversion resulfer facies
classification because ambiguities ilithology and fluid identification base only on
normatincident reflection amplitudes and impedand®) (can be ofteneffectively
removed by adding information abaixfw - related attribute§Avsethet al., 2005)For
instance, Mukerji et al. (1998) performed facies classifictkon based onacoustic
impedance '0) and elastic impedanceé]( using Bayes' theorenThe methodology
involves passing one or moedastic parameterto a volume directly related to the
properties of reservoirs and/or the facies using the relationship between them.
Unfortunately,studies about seismic facies characterizaimnscares in the area, the

only one was summited byuaman(2018)

In this dissertationa workflow for seismiguantitativeinterpretatiornin reservoir
sandstones in Ucayali BasspresentedTo do this, a stochastic seismic inversiogs
carried outusing ESMDA and, withthe elastic volume"Q andw 7w) results from this
step aBayesian facies classifications weaverformed. The facies were defined based o
data from thresvells in the study area. For stupgyrposesive types facies were reduce
to two main groups reservoir (sandstone and fine sandstone) andssowoir (shale,
carbonate and anhydrate) facies. To caoyt the entire workflow, the Python

programming language was used.

The main objective of the studyto understand the distribution of these facies in
thedifferentreservoirsobserved in the field anghhide the depositional behavior in the
structurein relation to amplitudeglastic propertieand facies distributionlhe selected
areafor the studyis a seismic crop where 3 wells whicavethe necessary welbg data
to perform this studgreavailable. Theéarget zoneare framedetween Upper Nia at the
top and Copacabana at the bottom of the sequence.

17



By the other hand, rther main objective is to validate the applicability of
stochastic inversion usingSMDA and Bayesian facies classificationdas reservoir
sandstonesSome companies performed seismic inversion and-pbgkics internally,
but any of them apply results in their currently makilegision geological 3D model.
For this reason, the applicationstbchastic seismic inversion usitige ESMDA to gas

reservoir in Ucayali basican serve as a basis for future applications.

18



2 UCAYALI BASIN

Thesouth part of UcayaBasin,alsoknown aghe Camiseaubbasin presenta
remarkablestructure styleand playsan important rolen hydrocarbon productionThis
subbasinis locatedbetween the southetdcayali Basin and northerMladre de Dios
Basin Figurel. Thewestern limitof thissub-basin is the basemeimvolved structureof
the OtishiHigh. The Tambo Fauliprobably a lateral ramgf the Qishi High, constitutes
a shardimit between the different structural style/sthe north and the sou(damora et
al., 2019)

Figure 1 i Shows the Marafion, Ucayali and Madre de Di@asins overlaying the
topography map of Peru Peruvian SufAndean sukbasins (Santiago,
Huallaga, and Ene) are isolated from the major Amazonian foreland basin
system. The Camiseasubbasin (blue rectangle)s located between the
southern Ucayali Basin and northern Madre de Dios B@siapted from
Zamoraet al (2019)
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The predominardtructuralstylein thebasinis thethin-skinned generatingrends
of anticline and synclinevhich hasalmost the same NVBE direction Figure2. The
geometry otheseantidines is controlled by inverse faultsth vengeance in the Forland
out-of-sequence thrusts (C83) commonlyends up in triangle zonemd backthrug
(Espurtet al,, 2011)

\
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Figure2 i The NWSE trend of anticlines which most of them are gas accumulated

structures.

Regional studiesuggesthatthe folding in the PeruvianSub-Andeanbeginsin
the middleMiocene,andit remains activédHermoza, et al., 2005Dn the other hand,
other studieproposethatthe currentonfiguration of the basiwas formed by théhird
Quechua orogenfBimon, 1993a)Overall the stucturesaffect only rock from Silurian
agewhich form thn folded layerslisconnected from older layers of rq€koward, 1983)
Figure 3 presents the lontived sedimentary record in THeubAndean zone of Peru
from Ordovician to preser{Zamoraet al, 2019) and the blue rectangle highlight the
statigraphy portion of the study
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Figure 3 1 Schematic chronostratigraphic along the strike of the-Autean Zone
Adapted fromZamoraet al (2019) blue box represents the stratigraphy

studied portion.

2.1 Stratigraphy

The stratigraphyf South part of the Ucayali Basimore specificallythe sub
basin Camise&onsistsof rocks from Ordovician to Quaternarwith a thickness of
around8000 meters, which are abov®gecambriafmasement of granitéll these units
are affected by many erosive evemtbich the mostexpressingis at baseof the
cretaceouslt hasa dipping of2 degreesand erodeshe Permian and Pre-Cretaceous
reservoirsn the NESW direction(Disalvoet al, 2008) In this study will be described
the stratigraphy unitsnvolved in the seismic inversion approach which include Ene,
Lower Noi, Upper Noi, Shinalower Nig Middle Niaand Upper Niainits Figure4.
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Figure4 i Generalized stratigraphic column of the south pathefsubbasin Camisea
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Regarding the providence of the sediments for the reservoir to be included in this

study, there has been recently established some sceriemiebloi and Lower Nia

reservoir sands (Upper PermiaRefaet al (2018) interpreed a possiblesource of

sediments from the Southeast and East (from a source of6i12323. Probably is the

similar source thaBahlburget al (2009)describs a s
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For the Upper Nia (AlbianCenomanian) reservoir sandsesource of sediments
could befrom the East (from a source of ~1035Ma1048Ma,which could be the
ASunsas Madrording to(Bahlburget al, 2009) Additionally, Pefaet al
(2018)based on both paleocurrents from welf data and a gneiss age (1066+Ma)
from theOtishi mountainsThey concluded that the Otishi mountains could be another
possible source of sediments.

2.1.1EneFormation(UpperPermian)

The EneFormation is immediately above Copacab&raup, itssediments are
consideredo bedeposited in an ephemeral fluvial lacustrine environment with a range
of thickness fron25 to 34 meters in this part of theubbasin.At the base of this unit is
mainly composed by thin layer of 34 meters ofdark gray shale with high organic
material(Seminarioet al, 2005) followedby a present ofandstonecomposed of fine
to very fine grain of quartz and feldspeemented with dolomite.

2.1.2Noi Formation(UpperPermian)

The Noi formation ispparentlydepositedn a more complex environmewhich

could be separated into twmeembers, Lower Noi and Upper Noi.

In the east part of the Camisea dsin the Lower Nois interpreted as
longitudinal dune cords type Ergigure5. The Lower Noi member is composed of fine
to medium grain of red sandstones, the grains are composed of quartz (85%), feldspar
(10%) and lithic (5%)with porosity valuesof 13% and permeability from 4 to 440
millidarcy. Additionally, the member presents variable thickness from 15 to 80 meters
(Grosscet al, 2017)

TheLower Noi seismic amplitude map shows+tyipe bands corresponding to the
longitudinal dunes and adjacent interdunes, with a homogeneous spacing of about 3000
meters. Thgeomorphologiavidth of the dunes is 800 to 1000 meters and the interdunes
areabout 2000 raters The direction of the paleocurrents is towards theald€ording to
well-log data and the FMI images indicate levels of higimgle crosstratification,

corresponding to an aeolian environmg@atossocet al,, 2017)
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Figure51 Seismic amplitude map of the@wer Noi member showing the geometry of
the dunes and interdunésdapted fromGrosscet al (2017)

This complexity of dunesand interdunes aralso distinguished in core
information.Dune facies are characterized by cresatification ofhigh angle On the
other hand, interdune facies are associated with parallel and cross stratification of low
angle, presence of anhydrite associated with bioturbated paleosol. The action of the water
table during aeolian construction providestorableconditiors to the accumulation and
preservation of interdune deposits (dry and wet) in theseablehybrid dry-wet aeolian
systemgColomboet al, 2019) A continuouslayer of anhydritefrom 2 to 9 neters is
depositedabove this memberepresenting eaegionalflood due to a sudden rise in the
water table associated with vadose cementation of the sandstones with anhydrite in an
arid climate.Moreover,the differential compaction of the interdunes reaches valfies
45% to 75% andt probablyhas caused the folding of the overlyimgits of Upper Noi,
Shinai, Lower Nia, and Middle Niathis folding is also appreciated in seismic
interpretationgGrossoet al, 2017)

The Upper Noi member corresponds rain growthof siliciclasticsequencef
subfeldspathic sandstones, dolomites, sandy claystoneadndloredclaystonewith an
approximate thicknessf 30 metersat least in Kinteroni fieldThe Upper Noi member is
composed of fine to coarse grain of sandstpaed witha moderate present oéments
(8i 16.5%) the composition of these cements cardbemitic, calcareous, feldspathic,
silicic, hematitic and argillaceouBowards the basa the Upper Noi membés observe

a high degree of bioturbatipdeformationbandsby diagenesisThe middle part of the
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Upper Noi member is characterized by the presence of massive sandstones that graded to
sandstones witplaneparallel laminatioroccasionallyaltereddue to fractures partially
filled with dolomite. Towards the top, the main sedimentagntureis high angle cross

beddingin sandstonegRojaset al, 2013)

According tosedimentological studiga the UpperNoi, four facies associations
related toa specificsystem environmemwere recognizedsuch adacustrine, evaporitic
(sabkhg, ephemeral fluvial andeolian deposit&igure 6. All of them were part of a
marginalaeoliansystem which was influenced bglime, eustatic and tectonichanges
typical ofthat period of timeMoreover,petrophysical studies of this reservoir indicate
the presence djoth primary and secondapprositieswith rangesof valuesbetween 8
and 18% andpermeabilityin the orderof 1 millidarcyto 1400 nillidarcy (Rojaset al.,
2013)

N
Zona de estudio ﬁ K

37
= *
Upper Nol
—T

Figure61 Locationof Kinteroni field (orange bo, on the left down padrill core picture
and lithological column of the Upper Noi memb&gmiseg&Subbasin, Peru
Adapted fromRojaset al. (2013.

2.1.3Shinai FormationpperPermian)

Immediately after the deposition tie aeolian system of the Noi interval, the
region is affected by ase of sea level. This condition allowed the deposition of dark
shaly and calcareous sedimefitsarine)with some intervals of chemainly the center
part of the intervalthe thicknesaverageof this formation isaround80 meters in the area

(Seminaricet al, 2005) In the Kinteroni field the average thickness is 90 meters.
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2.1.41Lower NiaFormation(Upper Permian)

The Lower Nia Formation is aboveggological Permian unconformity and is
below a sabkha surface which is followed byimpotantpre-cretaceous unconformity
the formations deposited in a preretaceous timdJlpper Permian TheLower NiaFm.
is composed ofine to medium grains aandstones (feldspaich and lithic)showng
very good sortingreddish appearance and the average thickoésk20 metes, the
Cretaceousunconformity reduce and even disappdle Lower Nia formation tdhe
southeaspartof the basinRojas, 2013)

Generally, Lower Nia is consideretb be deposited in a desert aeolian
environment with ephemeral fluvial episodes, Sabkha and, lacuéisalvo et al,
2002) (Seminaricet al, 2005) and(Disalvoet al, 2008) The intercalation of dunes and

interdunes are the most representative facies in the whole sEijior?7.
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Figure 7 T Location of Kinteroni filed in the Camisea sbhsin on theright part
lithological column of theLower Nig Camisea sulbasin, PeruAdapted
from Rojaset al. (2013)

Three main sections could be identifidoe fower sectioshowsa basal aeolian
dunes that shows grain fall and cross bedding gradifitp coarse to conglomeratic
laminae.Thoselaterally continuous deflation lags within the aeolian sandsheet deposits
could represent periods of alternating aeolian accumulataer drywet conditions
(Bristow & Moutney, 2013) On the other hand, the middle section is the most
heterogeneous part and shows intercalations between small dunes and damp to wet

interdune facies. The abundance of interdune depslsitwing a facies association such
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as eolian sand sheets and climbing sand with parallel stratificatiggests that the
interval wasaccumulated under wet conditiofiSnally, theuppersectionis represented
by homogeneous dune deposits with excellent resgovorerties andomposeaf fine

sandstones with high angle cross beddinggesting dry conditions of the system.

Overnall, Lower Nia formation is intgretedas a Wet aeolian systebgsel on the
position of water table in relatido the paleedepgitional surfacend facies association
(Kocurek & Havholm, 1993)Lower Niais characterized bthe present cdeolian dunes
with intervening interdunes that exhibit evidence of sedimentation that is influenced by
damp and/or wet surface conditions. In such systems the behavior of the accumulation
surface over time is controlled by changes in the level of the tedier,sustainedvater
table decreasezeolian deflationenhancing the preservation of wet interdufr@ank &
Kocurek, 1996) Therefore the accommodatiorin Lower Nia formationin the three
aforementioned sectigrare controlled by the continuous rise of water tatdsulted in
stabilization of dunes anthterdunes and development of the laterally continuous

paleosohorizonon the top of the stratigraphic sections.

2.1.5 Middle Nia Formation (Permiairiassiq

The lithology is composed afayswith intercalation of limestone, dolomigand
particularlyin the area with level of anhydratehich is considered to be deposiiada
restriced marine environmentAccording to new studies of thermwonology Middle
Nia Shale is proposed to be deposited in a period between Permian and, TRagskt
al., 2018)

2.1.6Upper Nia FormationGretaceous

Lithology is constituted by fine sandstonetreddishto-reddishgray color, with
horizontal or cross parallElmination In thebasin theJnit presents aaveragehickness
of approximately25 m with good lateral continuityith porosities vary from 1820%
and permeabilities of 50500 millidarcy (Seminaricet al, 2005) In the area of the study
the thickness tends to increase up to 70 meters on average.

Core information in the Kinteroni field of treedimentarynterval of Upper Nia
is interpreted as generated in an alluvial environment, with mainlychannelized
deposits in regions with a seasonal or strongly intermittent disch@isye.deposits of
ephemeral shallow lakes are recordetlich could represent the distal part of a
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distributary fluvial systemgRibeset al, 2015) In a more regional aspect, the interval
cored in Kinteroni field represents the proximal area oSeaimentarycomplex
environmenivhich could beinterpreted aa combination oén ephemeralltivial system
and a sheeflood dominated fluvial distributary systemith a sedimentary stacking
patterngenerated by the superposition of radranneled flows with shallow channels of

low sinuosity.

N Distributary fluvial system model

Proximal area .’
S O

Alluvial
Plain

Lacustrine Ephemeral
N stream

Figure81 Schematic depositionahodel of a shedtood dominatedluvial distributary
system. The proximadrea is characterized by unconfiriolv in alluvial
environmentsvhich could represent Upper Nia in the Kinteroni fieldhe
medial area is characterized lephemeral streams (unconfinéerminal
splay), and the distal arexhibits playdake and lacustrinenvironments
Adapted fom Ribeset al (2015.

2.2 Structural Style

The main swctures in th&€amisea sulbasinare anticlines and synclinegvhich
are formed by low-anglethrustfaults of hundredsto thousands ofmetersof rejectin
(Suppe, 1983)The angle othe mainfault plane dependsipon the lithologycommonly
the angles are less than 16 degmeben they go through the Siluri@evonianrocks,
and close to the upper part ofstleycletheanglestend to behorizontal Once the faults
cutthe upper part of the Paleozoic and Cretacsecsions, thanglesarearound10°® a
20° then go backo be horizontaln thetertiary basgand finally change the direction

forming fold-thrug belt and,go up to surfac€Disalvoet al, 2002)
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All theseangular variationproducesecondaryblique faultsto the mayorfault
which sgmented the trendAs a resultminor anticlinesareformed as a consequence of
these secondary oblique faults, a clear example is the trend of structuresfthmest
to southeast in this region; Kinteroistudy area of thesisMipaya, Saniri, Pagoreni, San
Martin and San Martin Es{®isalvoet al, 2008) This structuratrend of anticlines and
synclinesshowed inFigure9 is the most distal part of the Andean deformation front and
has an approximate length of 110 kilomet&fsnturo & Huaman, 2013)
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Figure9 i Composite seismic linshowing the rend of anticlinesand synclinesfrom
northwest tosoutreast Adapted froniVenturo & Huaman(2013)

The architecture of this thiskinned thrust system is characterized by faulted
detachment folds and associated koadnd hangingvall anticlines Figure 10. These
thrust faults commonly terminate in triangle zones in Palecheogene strata at the
leading edge of the folthrust belt(Espurtet al, 2011) (McClay et al, 2018a) The top
of the OrdoviciarSilurian synrift sequence and the base of the Devoilassissippian
postrift units host the basal detachment of the-#kinned system in the Camisea sub
basin, and this characteristic is the main difference with the norsleetors (Huallaga

and Santiago subasins).
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Figure1l01 Seismicattribute line RMS x90° Phase changehighlighting the structural
features andnterpretation.The seismic linecrossesthe SagarKinteroni
structure and shows thesertion of the basement deforming the sedimentary
sequence angroducing triangle zones within the Cenozoic sequefaEm
Zamoraet al (2019)

Currently two mainideasregardingthe defornation in the hinterlangbart are
adopted by geoscientigiggure11. On one handhie hinterlangartof the Camisea sub
basin has been interpreted as a duplex system within Orde@diatan strata and a
large displacement hinterland passive roof backth{espurtet al, 2011) On the other
hand (Gil Rodriguezet al, 2001) (McClay et al, 2018b)consideredhe hinterland of
the Camisea foldhrust belt as a system of large inverted Precambrian basement fault
blocks that are uplifted and exhumed as the Andean deformation moved west from the
hinterland to the forelandand transferred displacement onto the -#kmned
sedimentary wedge at the edge of the bagie.lastmodelimplies much less shortening
in the Paleozoic sequence 28 kimicClay et al, 2018a)vs 53 km(Espurtet al, 2011)

and correlates better with tlhength ofshortening transferred to the Camisea-abin
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(~23 km Espurtetal., 2011) It is also mechanically more feasiblslcClay et al,
2018a)

a) Basement Northern Paleozoic Ucayali
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Figurelli Regional cross section®). Regional cross section showing duplexing of the
Paleozoic stratanodified from(Gil Rodriguezet al, 2001) (Espurtet al,
2011) (b). Regional cross section showing inverted donrstybe basement
faultslinking to thin-skinned thrustelated folds in the Camisea frontal fold
belt FromTorres & MaClay(2014)
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3 THEORY

This section aims to clarify some mathematical, physical and statistics that are the
foundation for understanding the methodological stagds®ivork and their influences
on the results. Initially, a statisticabncept called Bayes' theorem will be introduced,
whichis the basis ofthe methods that will be used in this work, such as the application
of Ensemble Smoother with Multiple Data Assimilation for Stotbasiversion and
Bayesian Classification for facies prediction using borehole log data amismic
volumes. Moreover, the section will staiend develoghe mathematical fundamentals
bound up with data such as, poroelastic propefaegs and seismic data in order to get
an idea how these will be used in the methodology of the study.

3.1 Baye®Theoem

Understanthg Bayes theorem isnaessential part in this studypecausethe
process to link facies with a specific valigoroelastiqropertiescould be done by this

method.

For exlanation purposeQ represents a generavert and0 ‘O its probability.
For instanceO could state the occurrence sdnd faciesn a reservoir andP(E) the
probability b find this specific sand facies at a given locatirobability theory is based

on axiomsof Kolmogorov
) The probabilityd 'O of an evenDis a real number in the interval [0,1]:
m 00 ph (3.1
(i)  The probabilityd "Y on the sample spat¥s 1:
0 Y ph (3.2

(i) If two events, are mually exclusive, then the probability of the union

‘0 ° 'O is the sum of the probabilities of the two evant® andd O :
Go°0 0O OOA (3.3)

Based on these axiorrthe probability of complementary evédt "Y'O, is given

by:

C
®)
©
C
O
¢

(3.4
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SinceD O 0O 0°Y p,itis possibleto derive that probability of the

union of two events, not necessarily mutually exclusmaéld be written as follows:
0D0O°0 0O 0O 00O 0Oh (3.5)

Whered ‘O . ‘O is the probability that botevents will happerFor muually
exclusive events, the intersection of two events in the emptyOsetO 1 |, and the

probability of the intersectionis O, O Tt

A main conceptin statistic and probability is the definitioof conditional
probability, which explains the probability of an evérised on the result @nother

event

Overall, the probability of an event can be defined more accurately if additional
data related to the event is available. For instasgiemic velocity depends q@orosity,
rock composition and fluid saturationhus, ifone oftheseproperties iknown, then the

probability of seismic velocitgould be estimated.

Consideringtwo eventsd and 6, the conditional probabilityp 65 can be

definedas:

. 0 0 (3.6)

Two eventsd and6 will beindependent, only ithe join probabilityd 6f is
the productof the probability of the event8 6f 0 6 0 6 . Thus, given two
independent event$ and 6, the conditional probabilitpy 695 could be educes as

follows:

~ ~

U 0P 06 h (3.7)
Acommontoolte st i mate condi t i ontlebrenpsingtiea bi | i t i

conditional probabilityy 65 as a function of the conditional probabilityé & , which

shoul be easier to calculate in many geological applicatiobnis.e r e f or e, Bayeso

states that theonditionalprobabilityd 69 is given by:

v 06D 0 O

, (3.8)
v o® 06

006D 0 bR

Here0 6 is the probability ob, 0 6D is the probability of the everit given

the eventd, and thed 6 is the probability of6. The expressiod O represents the
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prior probability of 0 since it measures the probability before taking into account

additional data associated with the ev@nt

Additionally, 0 69 is considered the likelihoofinction of the evend to be
observed for each possible outcome of the efyefihe termD) 6 represents the minimal
probability of the event B and it is a normalizing constant to ensuré thab satisfies
the axioms. The resulting conditional probabilityd is also name the posterior

probability of the evend, since it is computed based on the outcome of the évent

3.2 EnsembleBased Methods

The main goal of this seismic reservoir study is to predict the elastic properties
from seismic data. Overall, inverse notation regarding seismic reservoir characterization

could be written afllows:

A Qi 0 (3.9)

Seismic data is represented By elastic attributes is represented by
ww” , which could be Rvave velocity, Ssave velocity, and density. Finally, the
seismic forward model is representeol)ynapping the elastic attributesinto seismic

datad, andthe error represented gy

This notation aims to describe the main goal of reservoir characterization which
is to estimate the unknown variabl@sfrom the seismic measurememtsconsidering
that the forward model is the best possible physical relation between model parameters
and data. Keep in mind that physical relatil1i$1 equation(3.9) are often nonlinear,
such as the full Zoeppritz equation.

In the study, a modddased inversion method was used in which, first it was built
an ensemble of initial reservoir models of physical properties as the @rjab @nd
Density) next, it was calculated the corresponding elastic attributes using-&ngelh
equation (Zoeppritz); then it was computed the synthetic seismic response, and evaluate
the misfit between the synthetic and the observed data to update the prior models unti

convergence.

34



This inversion method uses an algorithm based on thEBA (Ensemble
Smoother with Multiple Data Assimilation) method where the mismatch is estimated by
re-parameterized of the data in a love@mensional space using SVD (Singular Value
Decomposition) inorder to optimize the procedu(&olub & Van Loan, 2013)This
method is characterized by two thingse way the algorithm inverts the datadthe way
the algorithm optimizes the proce$isapplies nonlinear models to invert the properties

of interest, and it iteratively performs a Bayesian updating step of the model ensemble.

Kalman filter allows to derive different ensembleased data assimilation

methods, one of them is the Ensemble Smoother (ES).

3.2.1Ensemblésmoother with Multiple Data Assimilation

Due totheundesirableomputational cosif Kalman Filteffor nonlinearelations
the ensemblebased methodisesan ensembleof models to approximate the model
covariance with the empirical covariance of the ensemidenbers The Ensemble
Smamther €S globally update the prior model by simultaneoualsimilating the
measurementd eeuwen & Evensen, 1996)sing the same Kalman Filter equateach

ensemble member is updai&inerick & Reynolds, 2013)
| i +A A (3.10)

For'Q pf8 i) Qwhere) Qare thenumbers of ensemble membedsandn
denoting the updated (current iteration)and prior (previous iteration)variables

respectivelyand+ represents the Kalman gain matrix obtained from the ensemble as

Here# represents therosscovariance generated by the prior vector of model
parameterds  and the correspondingredicted datad , # expressthe 0 @0
covariance matrix o (0 is the number of assimilated datandA golays the role of a
stochastic peurbation of the observed degampled derived from a gaussian distribution
AWt  whereA represets the) dimensional vector obbserved data an#
represents the @0 covariancenatrix of observed datmeasurement errork order
to enhance the convergenaoaultiple times data assimilation should performedn the

ESMDA (Emerick & Reynolds, 2013)
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Theequation(3.10) could be assumed as a Bayesian updatiegbased on the
assumption thathe model vectol is GaussianDue tothe nonlinearityof the forward
operator the covariance matricesould not be computed. For this reasan
approximation of these covariance matrigesdone using theempirical covariance
estimatedfrom the ensemble membersquation (3.11). The ESMDA could be
considered as a singlgaussNewton iteration with a full steand an average sensitivity
matrix obtained from the prior ensembBy this meas, multiple smaller corretions in
the ensemble aexecutedas opposed tlarge GausdNewtondemanding correctioWVu
et al. (1999)improved the ES convergenepplyingat each iteration of ESIDA an
inflation parameter alph& to the data error covariance matfor the purposeof an

alleviatingparameter for the modeériations.
Two main stepsesumehe ES MDA algorithm:

1. Determinatehe number of iterations and the inflatiparameterg for

"Q piB Ry following thenotationB — p

2. Once N was definedor eachQ ptol:
1 First, run theforward prior models and calculate the predictions

Q wp foreach ensemble meber.

1 Second,generate astochastic perturbation of each ensemble

—

member as follow Q Q | tw & , considering the
approximationdx = )
71 Third, run an iterative process the ensemble@sing equation 10

and 11consideringhereplacement of by| # .

Thereduction ofmismatchbetween the data and predictioasipdate for each
modelof the ensembléAs a result, multiple model realizatioage built thatvalidatethe
measurementsloreover,uncertaintiesvhich are not available with othechniquegan

be quatified by the covariance matrix of tlupdated ensemble members.

Unlike other petroleum engineering and weathering applicateimsh coutl
demanda large computational cost than the seismic eouk-physics forward models
(Liu & Grana, 2018)the only one drawbackf the method for the inversion of large
seismic surveyss thatthe number of ensemble membérsodels)is much smaller than

the numbers of observatigiis could yieldamodelwith underestimated uncertaintjo
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overcome that problenthe method appliethe SVD as a data order reduction method to
re-parameterize the seismic data into a lodienensional data space, and then perform
the ESMDA to update reservoir models by assimilating th@aemeterized seismic

data.

3.3 Bayesian Classification

It is a statistical methoahich givesus theversatilityto provide themost likely
faciesclassification as well as the posterior probabilitst could be used guantifythe
uncertainty is quiteobust.Bayesian classificatioor also called Bayesian decisiaa
nortiterative methodthat estimates the facies posterior probabilitging prior
information about the facies model with the likelihood functibat connectavailable
data to the facies definitigi&Granaet al, 2021)

For instance, at a givelocation a vector® of measurements of continuous
variables, such as geophysical properigeesvailable and thegoal is to estimate the
conditional probability0d “ M and the corresponding most likely facie$. The
assessmentaf “M can be do n etheorameguagionB.8) 3sdolods:

5 e 0By Qo+ 0By Qo+ (3.12)
v R B oM 00° 0

For a specific number of facids= 1 F, &hereOis the number of facies. In
equation(3.12), 0 “ M s the corresponding likelihood function that lirtke measured
data to the facies definitipp “ is the prior model representitige prior model about
the facies distributionandd ® is a normalizing constant that ensures th4t® is a
valid probability mass functionAt each locatior™ the most likely facie$ is then

obtained by operating thmaximum of proability 0 “ M :
© AOGH Al om
Considering all the possible values of the faties

If the goal is 0 predict the most likely facié's conditioned on the measurddta,
then it is not necessary wompute the normalizing constadt™ | because of the
numerator inEq. (3.12) is proportional tod “ M . On the other handf the goal is to
estimate probability of occurrenabout facies distributigrihenthe normalizing constant

0 ® shouldbe @lculated.
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It is commonpracticein geologyto assume that distribution of the data, in each
facies, is amultivariate Gaussian distribution W~ By s h s » Where the
meansH ¢ and the covariance matrices ¢ are faciesdependent and are often

calculatedrom a trainingdataset includindporehole datar core measurements. Under

this assumption, theonditional probability becomderk= 1F: é ,

C WHR 0 (319

3.3.1BayesiarnFaciesClassification

Overall, Bayesian facies classification is, basically, the application of equation
(3.13) considering the classé@by facies and® by elastic parameters, property of

reservoir or profile that you want to use for classification.

These facies can be lithological, electrofacies, flow facies and/or others, so that
the greater the separationtiween the PD§ of each facies, the better the classification
resultcould be. Thushere in the study a scenario with tfacies(reservoir and non
reservoir)aim to predict the two groups of facies given two available measurements of

acoustic impedancéd) andw Fw ratio. In this scenario, equati¢®13) can be rewritten

as form:
i o 0 Ef=¢ ooani aodqq (314
VR O YAR AL Vs =y T
Tv 0 =
Y

3.3.2Kernel Density Estimation

In most cases available measurements do not follow a multivariable Gaussian
distribution; therefore, the adoption of nparametric approach for the estimation of the

conditional probabilityd “ M could be a suitable option.

Following the idea, the study estimates the distribution 6/ fork= 1F é ,

using Kernel density estimatioQKDE) in a multidimensional domain. To be more
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specific, KDE tends to honor data morphology distribution instead of parameters
(Silverman, 1986) it means that kernel estimation (blue line) is governed by the

contribution zone of individual kernel sampling (red dash lixighre12.

0.15
1

0.10

Density function

0.05

0.00

Figurel2i Kernel density estimiin constructedvith six individual kernelgred dashed
curvey, the kernel density estimates the blue curve. The data points are the

rug plot on the horizontal axis.

Kernel density estimatiors governed by the following equatidisilverman,
1986)& (Bowman & Azzalini, 1997)
p w0 O . (319

oy L . R
w 0 v 0

Giving equal weight to all point® 8 hd andn the sample number from some
univariate distribution with unknown densil@@ at any given poink, U is thekernel
which calculates the distribution morphology, the bandwlidt0 also called smoothing

parameter.

The study extends the classification method to a set of multiple measurements at
different depth locations and applies the Bayesian facies classification based on kernel
density estimation for PDFs to a set of borehole measurements sampled. The two well

logs variables at borehole location include measurement of acoustic imp&damce

w fw ratio as well as reference facies classification.

At each locatio™ it is assumed that prior probabilities and likelihood functions

are uniformed. The Bayesian classification is applied sample by sample to calculate the
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posterior probability of facies at each location in the interval. Then, the facies with the
maximum (chance) probability, are predicted at each location.
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4 SEISMIC QUANTITATIVE INTERPRETATION

Recent advances iseismicacquisition and processing have led to enormous
progress in reservoir characterization. Over the last several years, our understanding of
seismic rock properties and our ability to model thmepertieso, w andQ'Q ¢ | Havew
improve substantiallyVernik, 2016) This, becaus&eismic quantitativeinterpretation
assistso understand the relationship betweaenk properties and elastics parameters
Also, some techniques allow to obtain the naonqueness of the solution, using
probabilistic methods that aim to estimate the most likely model as well as the uncertainty
associated with the predictiofGranaet al, 2021) The main activities related tiis
area arepre-stack seismic conditioned, seismic inversigroperties and facies

modelling,Rock Physics, and 4D Seismic.

4.1 Seismic Inversion

Seismic reservoir characterization aims to estimate elastic and petrophysical
properties, such @&wave and Svave velocities, density, facies, porosity, clay volume,
and fluid saturations, from seismic and borehole log data, through elastic wave
propagation and roeghysics relations. Traditionally, seismic inversion refers to the

estimation of elast properties from seismic daf@oyen, 2007)

Any prediction regarding an Earthos physi
using a theoretical model aiming to explain the problem, and the process can be done
using aforward modelingwhich generally requirenear or nonlinear operator for
accurate solutiodepending on the complexityherefore, seismic inversi@msto infer
the model parameters of the system in studies give rise to that solutiorfAki &
Richards, 1980Q)(Rusell, 1998) and (Sen & Stoffa, 2013)The seismic inversion
approaches cape divided into two groupsonsideringthe algorithm: the deterministic

(matrix inversion and probabilisti@lso named stochas{iBoshet al, 2010)

In the first group(deterministic) these methods are relatively straightforward to
generate and are based on the minimization of the difference between a modelled seismic
trace and the actual seismic trace. However, these types of invengoftensmoothed
results, representing a best estimation within the limits governed by the bandwidth of the
seismic data. For instanceas where the reservoir layers thicknessuch lowethan

about ¥4 of the seismic wavelength the resulting inversion could be inaccurate for
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quantitative interpretatiofSimm & Bacon, 2014)Bandlimited, colored inversion,
sparsespike and modebased are the most important and widely used deterministic

algorithms for posstack seismic inversioffzevedo & Soares, 2017)
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Figurel3i lllustration ofsparse spike trace inversisnhowinghow the inverted Al trace
is a blocky simplification of the well impedancérom Simm & Bacon,
(2014)

Despitethe weltknown and widespread use of thesgterministicmethods, the
quantification of uncertainty for deterministic methods is restrictéd only way to
assesshe uncertainty is by a linearizati@moundthe best fitinverse solution. For this
reason, highly nofinear inverse problems such as -ptack seismic inversion in
complex geological environments could not be accurately resolved using the

deterministic approaché$ompkinset al, 2011)

In the secad group (stochastic), BayesiandGeosatistical approachesould be
included (Tarantola, 2005)However, in terms of computational requirements these
stochastics approaches are much more demanding than deterministic njBtrsbokst
al., 2010) To begin, the first stochastic method mentiorgal/esianguaranteethe
propagation of the uncertainty guide by the prior probability distribution of data (e.g.
well-log data), and extrapolated to the probability distribution of the model parameters
spacgGranaet al, 2012) Once the framework is constrained, the linearity assumptions
of the deterministic &sible solutions are overcom@uland & Omre, 2003)
Nevertheless, the uncertainty evaluation in this method is yleariditioned on the
parameterization of the inverse problem such as, the spatial continuity pattern and the

prior distribution(Scales & Tenorio, 2001 Continuing with the stochastic methods,
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Geostatistical approachasse a probability density function (PDF) on the model
parameters space to resolve the inverse solfBmsh et al, 2010) Generally, the
sampling of the model parameters to reach an inverse solution is made by Monte Carlo

or geostatistical sequential simulation taking into accglaftaloptimization algorithms.
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Figurel4i Showsthe Pwave S-wave and density solutiomom a Linearized Bayesian
Inversionin the inline 1627 FromBuland & Omre(2003)

Overall, stochastic approaches could get decent seismic inversion results, but
oftenin the case of using the complete Akichards equation the approximation could
not deal in appropriate manrfer not accurately seismic processed arfghovecritical
angle), and in the roeghysics domain could fail for highly nonlinear models such the
soft sand model or homogenous fluid mixtu(€sana, 2016)As a consequence, for
nonlinear inverse problemabtaining a closeform solution isdifficult, unless the
adoption of a numerical method. For this reasonthe case of nolinear inverse
problems methods suchnsemblédasedcan be capablef obtainingoutstanding results.
Using a prestack data from particular area of the Norne field in North(Sea& Grana,
2018)obtainedexcellentresult in the seismic inversiamith the ESMDA methodology
and even compared to a Bayesian AVO linearized apptbathise the same set of data.
For this reason, this studgloptshe same approacth get thenmost reliable inverse results

of thepetraelastic properties and related thesth a facies distribution.

43



al
) P-wave velocity (km/s)

2400

Time (ms)
5%
g &

&
g

g

b)
2400

N

»

3
T

L'C . — e = P SN Py 25
ey s i

- - e e e »-\‘"" vy 2
£ - - . . =
2 2500 [ : : A
£ o~ . : A
I e R e e P el I
2850 L 4 e, - . o Il o s
- R AL " — o oy
> ’ # \:& L~ 1
opoolate i W 2 el et 8 g o hﬂ

c)

2450

Time (ms)
g

2550
- .
2600 1 e L L P h e s o9 0 i [ P
20 40 60 80 100 120 140 160 180 200 220
Crossline number

Figure1l571 Inversion results oflasticproperties, from top to bottonP-wave velocity
S-wave velocity anddensity (the black arrows indicate the well location)
FromLiu & Grana,(2018)

Latestcomputational advance have emergeahy other seismic approach such
as those based on machine learning algorithmehich used a kind of optimization
procedure to guarantee convergence withkii@wvn seismic amplitudes and many
cases constrained bygaological informationFor example(Alfarraj & Ghassan, 2019)
proposea workflowusing a neurahetworkbased inversion mod#&d invert seismic data
for elastic impedancé Yusingwell-log data to guide thinversionresult In the case of
prior information is sparse, for instance wheeesmic events corresponding to reflectors
of interest remairio be identified Smulated Anealinginversioncould deal with this
sparsity of data to resolve the seismic trace inversion prqesegaard & Vestergaard,
1991)using the global optimization technique of simulated annealing to provide results

that besffit the seismic guided by an input model.

44



4.2 SeismicFaciesClassification

Seismicfaciesclassification was applied livukerji et al, 1998)using data from
North SeaThe acoustic impedan¢®) and elastic impedan¢®) from seismic inversion
were used to estimate the probability occurrence of each fabiesuthors applied three
differentapproaches for facies classificatiand one of them is similar to what is called
Bayesian classificatioriThe estimation of the conditional PDBs"Qc GEK0D was
obtained from seismic inversion results using the near and far offsets at the wells location
and the facies already known of these wdllss leads in a trvariate distribution with
two continuous variable§dandQ and a categorical@c o JQOeése distributions were
estimated using a negparametric approach (kernel density estimation). Based on the
a u t hcomneeris, the results were satisfactory not only for obtaining the most probable

facies, but also for the probability of eaditttem, enabling anncertaintiegnalysis

Recent studies in Brazil have been published applying this methodology to
carbonatesf the presalt(Texeiraet al, 2017) (Penneet al, 2019) (Penna & Lupinacci,
2020) For instance,Texeiraet al (2017) presenteda 2D Bayesiarclassificationto
discriminatecarbonates with good porosity, closed carbonates$ clayeycarbonates
using the elastic parameters of acoustic impeddi@eand 7w ratio which were
generated from elastic inversion. The first parameter proved to be sensitive to porosity,
while the second proved to be more sensitive to mineralogy, enalbdiotpssification
of these three typex facies using seismic data

Also studies where differekinds of gaussiardistribution (Sngle Gaussianand
Gaussian Mixturgwere performed to link between elastied petrophysical properties
each ofthesegaussiarcomponentss related to different geological lithofaciekhen a
Bayesian approach for seismic inversion to estimate acoustic, impedance and lithofacies
of subsurface conditioned to pegackseismic and well data were computedyueiredo
et al, 2017)

45



Probability

Probability

. . . . \ . .
2000 4000 6000 8000 10000 12000 2000 4000
X (m)

L L L
8000 10000 12000

Figure161 Probability of reservoir facies and the more likely facismigtwo different

distribution approachSingle Gaussiam A, B and forGaussian Mixturen

C, D.FromFigueiredcet al (2017)

Another commormpproachs the use quantitative seismic interpretatanmd more

specificRock physics whiclestablisheshe relationship between elastic attributes and

reservoir propertiesGrana & Dvorkin(2011) carry out a seismic elastic inversion on

seismic data to arrive ablumes of O and"Q thena rock physic model is made at well

to link the elastic properties to diffnt rock and fluid properties.
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Figurel7i Workflow of seismicfacies classificationa) Seismic data are useddbtain
the probability elastic attributes, such as tharil Swave impedance, using
a Bayesianrinearized elastic inversiorib) A rock physics model is fed into
the resulting elastic attributesolumes to produce the volumes of rock
properties probabilities(c) Rock facies are classified atveell, and this
classification, together with rock properties, is used to produce a facies

probabilityvolume.FromGrana & Dvorkin,(2011)

An applicationof Bayesian facies classification to igneous rock identification
using stochastic seismic inversionthe presalt interval of Santos Baswas presented
by Fernande®t al (2024) The study used the H8DA algorithm to get an acoustic
impedanceseismic inversion.Then, facies related to igneous rock using a priori
probability were modelled Figure18. The results are in good agreement with the ones

observed in the wellaccording to authors.

(a) X000
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X750
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x1000
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Figure181 Seismic section crossing Well B showir{g) the "0 of stochastic inversion
from realizationd50, andb) their respective igneous occurrence probability
estimated in Bayesian classification from P50. The lime green line represents
the Preldiquia Unconformity, the blue line is the Pkagoas Unconformity,
and the magenta line is the Base of Sattapted fom Fernandest al
(2024)
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5 METHODOLOGY

The seismic quantitative interpretatiaf siliciclastic reservos in this specific
area othe Camisea subasinuseswo kind of data original anidterpreted derivedfrom
a second proceysThe original data consists okvell-log dataandconditioned prestack
seismic dataMoreover,the interpreted dataonsists ofan accurate seismic wdik,
seismic horizons interpretatipgeneration of low frequency models of each propé@y (
‘Oand QQ¢ i), @adofacies definitionThe workflow of the seismic quantitative
interpretation is represented in tRgure19. The seismic interpretation was made using
a Petrel software, and both the stochastic seismic inversion and seismic Bayesian

classification was made using a Python epearce programing language.

Angle stacks at ’—4|7
various angles l | Welklog data

Seismic weitie and
wavelet extraction

Upscale wellog

l (Backus average
Seismic Low frequency
interpretation model building - —
Facies definition

—){ Stochastic inversion }<— PDFs building

Seismic
Bayesian facies
classification

Figure1l91 Schematic workflow of the seismic quantitative seismic interpretation apply

to the reservoir in Kinteroni field.

A careful seismic well tignitiates thestudyin order to get moreeliablerelation
between seismic andell log data this processdentifies thebest amplitude reflections
related with the intervals of the mamservoirsMoreover,a crucial step was the upscale
of well data using the Backus algoriti{Backus, 1962yvith a frequency of 80 Hz and 5
meters samplingThe seismic croparea haghreewells which are locatedlong the
highest part of the structy@l of them were used in tHmuilding of low frequency modsl
using ageostatistical techniqueith both migration velocities and well velocitietata
(Soares & Azevedo, 2018Jo point out, the seismicrop includes 560 milliseconds in
two-way traveltime thickness, 684 inlines (inline) and 285 crosslines (xline), with vertical

sampling rate of 2 milliseconds and lateral sampling rate of 15 meters.
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By this time, stochastic notinear seismic inversion will be performed using
previous information using the B8DA algorithm in time domainAfter that, wsing the
upscaled wellog data of O andw Fw ratio conditioned to facies interpretatianPDFs
was built. Then, the same PDFs used the seismic inversion results to carry out the

Bayesian facies classification.

A detaileddescription of each part will be addressed in the following sections,
such as seismic welle, low frequency model building, stochastic Alamear seismic

inversion application and Bayesian facies classification.

5.1 Seismic Well Tie

In thissubtopicthe Seismic Well Tie process is descrijtbe data othreeWells
have been reviewed and analyzed dutimg stage. A comparison of sonic logs and
checkshot information for each oakthe calibration wells (K1K2 andK3), shows that
velocity trends wergroperly measured and correcespeciallyin thetarget zonef the

study.

Figure20 shows panels for each calibration weadled in this studwhere snic
velocities are display ibluewhile checkshot igrey line colored by its value rangehe
group of horizontal lines represents different tops at the target frmmed between
Lower Chontaat the topand Copacabana at the bottom of the sequence. An important
observation is that the Niand Noi sandtonesreservoirs are characterized by low
velocities compared tohigh velocity trend characteristic of shale rockience low

impedanceralueis expected to be associateih sand lithology.
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velocity at K2, K1 and K3 wells

In addition, an analysisof the poroelastiqropertieshelps to determine the
limitations in resolution due to frequency contenthafseismic (PSTM seismic data in
this case). Such analysis is represented also as log curves but at a resolution compared to
seismic; also known as log curves at seismic sddle.results help to determine the

degree of detail that we can expect to achieve through methedsofic inversion.

The following Figure 21 showthe poroelasticurves such a®, w, 0, Q wTw
and density aseismic scaléblue) andlog scale ¢rey) for K2 well. Seismic scale log
curves have been generated based on dominant frequency of PSTM seismgingata
theBackus average calculation, and not as simple smoothing of the curves. These sets of
curves have been providediaput in the seismic inversion procestote that the high
frequency detail observed at log scale is largely reduced in logs at seismidscatae
Figure 21 shows tops of relevant units within the zone of interest from Upper Nia to
Copacabanal'he Backus average showsportantcharacteristics in the poroelastic curve.
For instance, the anhydrate layer abewel shalycarbonate layer bellovcower Nia is
characterized as a high impedance interval but with a houar increase in shear velocity
that results in a characteristic decreasevifiw ratio associatemostly to sand intervals

particularlyappreciatet well K2 (figure 21).
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Figure21i Poroelastic curve aeismic scale (blue) and log scale (grey) for wal K

Poststack calibration was performed for each calibration welluded in the
seismic crop volume The methodology used sonic, density logs and checkshot
information.A 25 Hz zero phase Ricker wavelgas used as a first approach to generate
a synthetic tracand therreplaced by a average o$tatisticalwaveletfrom K2, K1 and
K3. In order to evaluate the process;rasscorrelation method is used to compare the
resulting synthetic trace to a composite trace that is extracted along the path of the

deviatedwells.

All statistical waveletextractedrom the three wells are almost identidalyure
22shows a comparisdretweerthe average statisticalavelet extracted from the seismic
stackand Ricker wavelet. This allows for a closer reproduction of seismic character in

the synthetic trace at the zone of interest.
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Figure22i Comparison betwedhe statistical average from three wéltikie) andRicker

wavelet25 Hz(dashedlackline)

Overall, very little adjustments were introduced to checkshot curves in order to
match reflections with corresponding well tofgecialemphasis was applied to match,
Lower ChontalUpper Nia, Middle Nia, Lower Nia, Shindipwer Noi and Copacabana.

In particular LowerNoi and Ene reservoirs were comprised within half a cycle of seismic

reflectiondue totheir thickness are bellow seismic resolution

Figure 23 showsa composite gnel of log curvegrom left to right including
gamma ray, velocity, densityseflection coefficient statistical extracted wavelet,
synthetic traceextractedstacked trace from seismic datnd also geologic markers
(tops) are included~or the study purposhe extracted wavelet was carried auith a

statistical approach.
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Figure231 Composite panel showirdjfferent welllog curvesstatistical average fro
well K2, seismic amplitude at well locaticaand synthetic amplitude from

well-log data.

In general, the K2, K1 and3wells showeasonable match between seismic and
synthetic traceA methodto evaluate the degree of correlatisnthe use ofPearson
correlation coefficient (PPC)ror instance,hie arbitrary seismicline of stacked data
where both the well path and synthesiplotted in thé-igure24, also showing theCC
valueof 0.71 For reference, togsvhite circle andseismichorizons black ling overlain
the arbitrary seismic linalong thek2 well path Observe an acceptabtetch of seismic

events between synthefrom K2 welland stacked seismic data.
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Figure24 1 Arbitrary seismic line along the path of the deviated wellgkBwing the
match between seismic and synthetg.

5.2 Low Frequency Moddbuilding

In this study, low frequency models for&hd Simpedance, as well as for density
were required to be generatad prior information The first approach to build a-P
Impedance model comes from the w$eelocities from migrations (PSTM velocitles
whereRMS velocities were converted to interval velocities using Dix approssta
quality controlthe Figure25includes from Lower Chontao Copacabana horizenalso,
along the well path selected tops are displayed as refetdpper(Nia and Copacabgna
ThedisplaysshowedhatRMS velocity distribution is not conformable with geometry of

thegeologic structuréhat amplitude informatioshows
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Figure251 RMS seismic velocity does not follogeometry ofseismic amplitudes, and
values of RMS are beloweal velocityfrom well-log datain the interval of

interest warn and cool colors means high and low velocity respectively.

Extraction of interval velocity curves from PSTM velocity field at each calibration
well wasdoneto checkaccordance with well data l@mnd checkshot informatiofigure
26 shows a composite panet Kinteroni wells with different velocity profiles; sonic
velocity at welllog and seismic scale shown igrey andight-bluerespectivelyRMS
velocity field from PSTMare shown in green and extracted velocities from interval

velocity field fromPSDM processing are shown in red

In general extractedRMS velocity (green) oextracted interval velocity from
PSDM velocities(red) do notmatchclosely the well measuremenihe RMS velocity

seems to be underestimating and the interval velocity not to accurately adjust to wells.
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As a resulbf thequality controlin velocity trend from seismic and well log data
that do notmatch the trendsetween therma Low frequency model usinggostatistical
modeling was used by combining both migration veloc{f®TM and PSDMand well
velocities.The resulting low frequency velocity model provides a better match to trends
observed at each calibration wé&ligure27 showsin the left parextracted_FM acoustic
impedancecurve (red), which overlaysupscaledO from well-log (black) extractedat
specificinterval windowfor K1 well. Also, in the right part the LFM o© at inline 716
andwell K1 path and key tops (Upper Nia, Lower Nia, and Copacgbana

K1 Ip - Low Frequency Model Ip (km/s.g1c4c)
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Figure271 In the left part, upscaled wdlg (black) and LFM (red) curves @. In the

right part,Low frequency model (LFM) of acoustic impedance in the inline
716and well K1 path and key tops.

The modellingof thelow frequency Pvelocity modelwasthe first step tdouild
all the suite of modelmeededfor seismicinversion. The resulting -Pnpedance, S
impedance and density low frequency models (sF&tre based on a combination of

geostatistical modeling and rock physics trends that relate P and S velocity information
to density.

At this point of thestudy, conditioned angle gathestacks (conditioned in
waveform and spectrdjave been generated, wells had been calibrated, wavelets have

beenstatistically extracted from conditionedngle stacksand low frequency models
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werealsobuilt. Consequentlyall the elements to conducSéochasticseismicinversion
weresatisfied

5.3 Stochastimon-Linear Seismic Inversiompplication

In this sectionan explanation of theeismic inversioproces$ased on ES/DA
appliedto a seismic reservoir characterization study in the Ucayali lsag@scribedThe
available data for the studiycludesa set of weHlog data and three partial angle stacks
(near, middle, and far stack correspondingls, 24°, and &° respectively)Figure28
shows the seismic inline 716 of the near, middle, and far angle stack across the well K1.
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Figure 281 In the left part, an overlain of seismic parséhcked extracted of near,
middle, and far trace with incident anglesl@F, 24° and 36fespectively at
[inline 716; trace 150] position, and in the right part the seismic inline 716,
from top to bottom: near angle stad2f), middle angle stack (2% and far
angle stack (39.

The method consists the use ofstochastic nonlinear inversidramework of
three partialangle stacks (near, middle, and fagsed orthe ensemble smoother with
multiple data assimilationESMDA) to estimateelastic reservoir propertiesith the
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measurement of the uncertainfjhe stochastic seismic inversion process implemented

in the studycan be described as follows:

1 Generate an ensemla&) initial models oklasticpropertiegP-wave
velocity, Swave velocity and densityusing geostatisticamethods to
account for the spatiadorrelation related to the underlaying geological
continuity.

1 Computethe elastic and seismi@sponsépredicted dataH) for each
model in the initiaknsemble using the full Zoeppritz equations.

1 Reparameterize the predicted data using S\dndular Value
Decompositioh and obtain a set ai singular values. and singular

vectors’| .

1 Apply the ESMDA algorithm with Equation(3.10) and (3.11) in
which the datdHwith the reparameterizesglector of singular vectors, to

update the model parametérs

0 AqAq AT (5.2)

1 Repeat steps from to

1 After 0 iterationsgenerate the statistics (mean and covariance matrix)
of the posterior distribution of model paramet&sg | $H conditioned

by the seismic.

Before to apply theseismic inversion processeismic informationshould be
loaded and analyzeth this case, aeismiccropwas selected, whidls a portion ofa 3D

seismic survewndis available in Perupetro datababar{codedatos.perupetro.con).pe

Another necessary input theworkflow wasthe building of the LFM (Pwave
velocity, Swave velocity, andlensity)using geostatisticaéchniquedor this area based
on both migration velocities ansmoothedwell log datafollowing the low frequency
trendof 0-8 Hz TheFigure29 shows the LFMn time domainthat waduilt in aspecific
time window betweenUpper Nia Fm. and Copacaban&m. as top andbottom
respectivelyThe coding workflow requires that ps¢ack seismic volumes have the same

geometry of the LFMs of Wave velocity, Svave velocity and density
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Figure291 Similar geometry of partial stacks and LFMs is required. The left part of the
figure presents the input€ismic partial angle stagkf the seismic inversion,

and theright part shows the low frequency models"8RdT ) at inline 716.

Coupled with the average statistic wavelet from the Kinteroni wells, the
information is enough toun iterations on all traces seismito be more specifiche
whole workflowwill be applied individually to eactraceand then move on to the next
trace The processieedsthe generation of vertical spatial corredat based orMonte
Carlo simulationgDvorkin et al, 2014) (Fernandes &upinacci, 2021jo grab geology
patternsin these simulationg premise is considergdat samples that are close in time
havebetter correlation. Thushe tendency fasamples far away from othersisbecome
less correlatedAll of the above provides theossihlity to introducea geological
continuity premise tadhe simulations that are generated from random values.
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In light of the foregoingthe workflow of the seismic inversion begins with the
generation of 300 initial elastic rdels by stochastically sampling from the prior model
spacewill be aborded in following sectigthe initial ensemblaumber of models 850,
the retained singular values computed from the collocated seismic tré@eaisd the
number of updatingerations is 4. Overall, stochastic prior models conveydle actual
well logs andheirmears of the posterior ensemisishows a satisfactory agreement with

corresponding elastic properties.

The associated model uncertainty can be quantified using the pointwise empirical
variances calculated from the updated ensemble members. Compared to the synthetic
case, the results show a larger variability in the posterior realizations; furthermore, it is
noticed some inaccurate predictions of the elastic properties, fortunately in small portions
of the reservoirs. Such inaccurate predictions are probably due to the limited resolution,
low frequency ite. far angle stack) and low SNR of seismic data tlmandt allow to
capture the local variability of elastic properties in thin layas well agrroneous values
of density and sonic log dathat does not match theal rock valuesespecially in the
layer with high content of shale that produce washout interyhls & Grana, 2018)
(Fernandeset al, 2024) present detailed studies where mathematical concepts were

covered.

Theresultsof theseismic inversiomereP-Impedance, $mpedance and Density,
with P-impedance being the attribute with more accuracydemgity the one with less
accuracyAlso another volume that was generated as the result of thetgek inversion
were wiw. At this stage of the study, we are ready to applBayesian facies
classificationand explore relationships between inverted elastic volumesseinthic

facies characterizatianside thereservoirs.

5.4 BayesiarnFacies Classification

The defined lithofacies in this study were based on information from well log and
core dataThe main reservoir zones (Upper Nia, Lower Nia and-B&uae) present two
types of lithofaciesandstone and fine sandsto8andstone facigsresengood porosity
valuesfollowed by fine sandstoneshich are considered reserwith medium to low
porosity valuesThe norreservoir zonesvhich overlie most of the reservoir facies are

composed oshale facies with caent of carbonate and anhydrate.
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A preliminary Rock physicsapproach allow to correlag@oroelasticparameters
with facies Thisanalysisrepresented an important stepthe reservoir characterization
(ddegaard & Avseth, 2004 he main objectivés the use of the relatiamsing well log
dataand then extrapolate that relationship ugimg seismic volume result from seismic

inversion suchp, Is, anddensity

The analysi®f compressional and shear lpggich are derived frorsonic logs
is a fairly routine to get a clud trend lines related tospecific faciesuch sandstone and

shale Generally, trends o andw are well defined becaugactors such as porosity,

pore shape and presstiead to affecto andw similarly (Castagnat al, 2014)

Figure30 shows acoustiog w andw measurementsf the three wells included
in the study (K2, K1 and K3rom Upper Niaand Copacabana formation taphich is
thereservois targetcolored bya type of faciesThe dash lineseparatemto two zones
the behavior of the measuremerdabove the line related t@rsdstonedaciesand the
bellow the line mostly related to shatarbonateand anhydrite facie#\s a first glance,

the Crossplot indicates that both curees be used to predit least tw@roupsof facies.
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Figure30i Crossplotof Acousticlog measurements o andw of the K2, K1 and K3

wells colored by specific faciesterpretation
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Anothervaluable tool for both QC and interpaon purposesf well log data
,andin order to assess seismic detectabibtihe use ofthe Crossplotbetweenacoustic
impedance€O and w ¥w ratio (ddegaard & Avseth, 2004}he Figure 31 shows these
curve colour codedbased orthe five populations defined in the Crossplimimain A
noticeablebehavior in the scatter data is the possibilityattd a line bound which
separates theandstones zone from the shd#ecarbonate zoneAdditionally, an

anhydratezoneconstitutes a small and clearly separate cluster in the high Ip

0 "‘@ndwfw estimates are among the typicaitputs from elastic inversion of

seismic data, and this the main reason for presenting this analysi®valuate the
affordability to classify facies from seismic dataore specifically elastic inversion

results
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Figure31i Crossplot of Acoustidog measurements & andw fw for the three wells

in the study (K2, K1 and K3)olour-codedby specific faciesnterpretation

The probability density function®DFs)related to each facies were buttthe
beginningusing a Gaussian approach and timeprovedby the use of Kernedpproach
to boreholdog data upscale to seismic sample resolution (two millisecéwidljtionally,
Ker nel bandwi dt h was dSedttj201d)Thekigure32 ghows h e

the PDFs ofo 7w ratiousing density Kernel estimation where different degree of overlain
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between lithofacies can be observddyvertheless, a kind of two population reservoir and

nonreservoirelatedto sandstone and shale respectiaay be identified.
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Figure 32 1 Probability density functions (PDFs) affw ratio using density Kernel

estimation for lithofacies from Upper Nia to Copacabana formation

In the case of acoustic impedand®) (the PDFs showhree different groups

related to a specific range @. In the Figure 33 can be identifieda much bigger

population of sandstone facies that overlies a small portion of fine sandstone. Also,

carbonate and fine sandstone seems to be ovarithidhe same density population
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Figure33i Probability density functions (PDFs) of acoustic impeddi@eising density

Kernel estimation for lithofacies from Upper Nia to Copacabana formation
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Bayesods theorem is a fundamental <concept
posteriori distribution depends upon the priori probability of facies occurrefce.
common practice is to assign the same probability of chance for each individual facies

group. Thus, the posterior distributianll be defined by the PDFs.

The first attempt at least with wdlg datademonstrated the possibility to
characterize reservoir and nogservoir, the strategy to merge ktthofaciesinto two
groupsi s supported by the pos stheorefraccorgingtoo be pr

the aforementioned crossplot analysigigure30, Figure31, Figure32 andFigure33.

The analysis concludes that both facies grosych aseservoir a noseservoir
can be separated using both elastic propé@iandw Fw ratio, Figure34. Moreover the
PDFs for both faciegroupsusing the elastic propertisgeemto be separated from each

other and also follows the line bound previously discussed.
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Figure341 Crossplot of Acoustitog measurements & andw 7w for Kinteroni wells
colourcoded by reservoir and neoaservoir facies interpretation, and the

PDFs considering both variables.

A visual result ofthe Bayesian facies classification in the iIKhown inFigure

35, the reservoir and nereservoir facies are well predicted. The prediction supports the
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possibility to obtain a framework of reservoir and +teservoir zone which is also well

defined using only seismic amplitude interpretation due to seismic amplitude quality.
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Figure351 Bayesian facies classification of K1 well using upscale Ip and Vp/Vs shows

excellent results in the posterior facies.

Overall, Bayesian facies classification presents excellent results validated by the
confusion matrixvalues in the three wellsAccording to the confusion matrix, the
reservoir facies obtain 0.86 of true positive which melt¥s of facies reservoiwere
incorrected predicted. On the other hand, theneservoir facieget 0.80 of true negative

which means 20% of nereservoir were incorrected predicted.
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(a) Confusion matrix for Kinteronis Wells (b) Observed Prediction Results
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Figure361 The graphic shows (a) Confusion matrix of the result in the three wells of

Kinteroni, (b) observed predictions results.

Despite the previous excellent results, the prediction of reservoir from non
reservoir facies couldlso berelated to a geological framework. For instance, more than
95% ofcontent in Lower Nia could be considered reservoir facies, which means if the
geology framework were accurately defireeglit is it would be easy to say that at least
95% could be related to reservoir facies. A more challengingatasgknnovativewill be
thepossibility to characterize at least in the two fa¢samdstone and fine rsdstone}he
reservoir facies which be restricted to the Upper Nia, Lower Nia, andEhm®izones.
Figure37 shows the crossplot of acouskiyy measurements & andw fw for the three
wells in the Kinteroni area (K1, K2 and K3) considering only data from the reservoir
zones.Data points areolourcoded by reservoir facies (sandstone and fine sandstone),
grey color represents data outside the upscale prodessesulting PDFs will be used
to predict these two group of facies in the reservoir intervals using the seismic inversion

outputs.
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Figure371 Crossplot ofacousticlog measurements & andw Fw for Kinteroni wells
colourcoded by reservoir facies (sandstone and fine sandstone), and the
PDFs considering both variabjegey points represenigll-log data outside

the upscale process.
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6 RESULT AND DISCUSSION

The whole workflow gives different kinds of outputs and results thatill be
described in this sectioRigure38shows theseismic cropwells localizationand seismic
lines. In order to explain the geological and structwaiplex of the area an arbitrary
seismic linel along thehreewellsin Kinteroni field (K2, K1 and K3) from west to east
are presentedHowever, he focus area in this studya seismic crofblue polygon}hat
contairs the K1, K2 and K3 wellsinside the seismic crop, two arbitrary seismic Bme

and a crosslinalong tteir well surveysarepresented as well

The objective of the selection of thesessar limes igo show variability of rock
properties using the seismic inversion results combinagith a Bayesian facies

classification approach

High

Low

|:| Seismic Crop

Figure381 Showthe seismic crop where is possible to observe the highest part of the
anticline and the seismic lines (red lines) to analyze the stochastic seismic

inversion and the Bayesian facies classification results.
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