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Figure4.iLocati on map of our studied areas i n Bra
we used well and seismic data from the Mero field. As blind validation of transfer learning, we
used seismic and well data from Bacalhau and Lapa fields (nsaprce:

/////////////////////////
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Figure 4.2i Schematic geological section showing the general similarities at the Barra Velha

(BVE) reservoir between Mero, Lapa, and Bacalhau fields (modified from Zalang2624)1 0 1
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per meabd0d.ia0y) (aRnpladic)y fVvemws es >=dCa.i 8 3y) .p rTohdiurcd iroon
plots of (d) producti vFOy97hdardveérdus!| par maa
produc¥i0o®0)YR Despite being acquired through
injections (transient fl ows) , the fl ow capaci

////////

prediction at DST and seismicéseéakeéegéas . wdl5I a

Figure 4.5 General workflow of thisresearehé ¢ ¢ ¢ é é é é €€ ééééééé. . 109
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Figure 4.6 First row: first eigenvector PCA of the nine seismic attributes common to the three
different surveys at the BVE reservoir level. The PCA importance of the attributes for
eigenvectoros variability i s opdeawshoxsplows ofthe acr os
normalized attributes within the BVE zone. The general distribution and skewness are also
persistent in the three different seismic surveys. Third row: the correlation heat map pattern is
similar across the different seismic syrseAll this PCA and statistical analysis indicate high
geological similarity between Mero field (source) and Bacalhau and Lapa fields (target

dataset®) e éeeéeééeeéeceéeeéeeéeeéeeéeeéeecee. .. . 111

Figure 4.71 Gross depositional environment (GDE) map of BVE reservoirs at Mero, Bacalhau
and Lapa fields. All three areas have the same type of lithologies with different volumetric
proportions. At the Mero and Bacalhau fields, the build ups and mounds are expressive. In the
Lapa field, the most representative facies are the low depositoayy reservoirs. In the
Bacalhau field, there are sS\BVE volcanoclastic mounds that do not occur in other areas. In the

Mero field, we have Santonian age sill intrusions in BVE reservoirs that were not yet found in

//////////////////////////

Figure 4.8 Seismic and well interpretation based geological sections of Lapa field (a), Mero field
(b), and Bacalhau field (c). From Lapa to Bacalhau, there is an increasing fault density that affects
the BVE reservoir. As a result, the build ups and ndgysresence as well as their hydrothermal
silicification is more prominent in Mero and Bacalhau fields. This reflects the higher productivity

observedintheselasttwoaréas é ¢ € é e ¢ ééeécééeecééee. . eeé. . 115
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Figure 4.9 3D view Mero field carbonate platform. The surface is the top of BVE reservoir co
rendered with structural dip to enhance the faults (black shaded areas). Wells in purple are the
highest productivity ones (silicified mounds and build ups),|svel blue are mild productive
(dolomitized platform facies, locally enhanced near faults), and wells in green are the lowest
productivity wells related to dolomitized distal facies. All these ten wells were used as training
dataset where their DST flow gacity values were used to train supervised regression algorithms
(Maas et al., 2024). At the bottom of the figure, we have the box plots of FC distribution in the

Mero high (0 to 350,000 mD.m) and Mero low training subsets (0 to 37,500 @m&m). . . € 118

Figure 4.10 Composite log (left), PP synthetic seismogram and HTAM attribute vertical section

at one of the Mero training wells location (Well C), which was drilled in the low energy platform.

We used DST and PLT flow units from perforations at BVE reses\and seismic attributes along

with the perforations. As can be seen, the PL"
resolution, which is 40 m. Because of its zero porosity and proximity to the other perforated zones,

we inserted in our traing dataset nomeasured zero values of FC to counterbalance the biasing

of the training dataset which is composed of mostly-reno values. This can also help our

supervised learning algorithms to recognize other types of igneous bodies as nongoductiv

""""""""""""""""""""""

Figure 4.11 Top: 3D view of the predictive model of flow capacity (FC) (using random forest
regressionRFR) at the Mero field showing some of the training and blind test wells (Maas et al.,

2024). The purple geobodies are the predicted hyper flow zarsty/melated to heavily silicified
F+2



build ups and minor mounds. Middle: same arbitrary seismic section of HTAM attribute with RFR
predicted FC. Bottom: same arbitrary section showing SOM clustering unsupervised model and
its interpretation. Note the coincidence of high FC zones with theecduzlated to build ups and
mounds and the low FC zones with clusters related to sill intrusions. For both RFR and SOM

clustering, the input seismic attributes used Ww&FéM, AVF, K1, K2, ERSandGLE& ¢ . . . 121

Figure 4.12' a) Random Forest regression model of FC using all 10 attributes in the Mero high
training dataset (with hyper flow units). Bot
show that due to the presence of hypeyductive build ups and mounds, the most important
attributes are AVF, K1, K2 and ERS due to their convex shape, and frequency attenuation due to
intense hydrothermal karstification. The hexagonal bins plot of predicted versus measured FC
shows a good fibetween the predictive model and the training data (median absolute error =
2.67% and R=0.83). b) the same as A but the training dataset is the low productivity Mero subset.

In this case both SHAP and RFR attributes importances changed when compaeddeoot high

dataset, due to the dominantly layered nature of the reservoir affected by strong dolomitization,

leadingtolowerproductivigE é é e € € € €€ é. . . éeéeeéééééééeeee. 122

Figure 4.13 Mero Field: SOM clustering model using SWEET, HTAM, ERS, K1 and GLEN
seismic attributes as inputs. At the blind test well BT8 position, we have the cumulative FC of the
tested interval (black rectangle, 125 m thick DST interval, FC=23,500nn[As this well was
drilled far away from the major faults, the BVE reservoirs are strongly dolomitized low energy
platform facies (higher impedance, feuabkish clusters), intercalated with less dolomitized layers

(lower impedance, greeyellowish clusers). The BT9 well was drilled close to a fault zone, here
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the reservoirs are less dolomitized with more cement dissolution due to hydrothermal activity
along faults. The FC values in the DST interval (black rectangle, 100 m thick) are the highest ones
in the low platform energy (53,000 mD.m). The SOM clusteriepicted these hydrothermally

,,,,,,,

enhanced reservoirs as subvertical bluish clusters (fault contboked) é é é ¢ é e e . . 12 4

Figure 4.14 Transfer learning from Mero to Bacalhfeid: a) Predictive model based on random
forest regression (RFR) of flow capacity (FC) at BVE reservoir at the Bacalhau field using local
HTAM, AVF, ERS, K1, K2, and GLET seismic attributes inputs. We used the hyperparameters
(400 regression trees, maepth=10) of the best RFR model that fitted the Mero field training
dataset with hyper productive wells (Mero high) and built a predictive model of FC. At the seismic
section passing through B4 and B5 wells from Bacalhau field, weratered HTAM (seismic
bandwidth pseudo impedance) and RFR flow capacity prediction. b) Same as A but the overlay is
the SOM clustering using the same attributes. ¢) geobodies from SOM clusters related to the build

///////////

ups and a vertical section of the RFR of flow capacitymoodee ¢ ¢ é é . . é ééééé. 131

Figure 4.15 Transfer learning from Mero to Lapa field: a) Predictive model based on random
forest regression (RFR) of flow capacity (FC) at BVE reservoir at the Lapa field using local
HTAM, SWEET, ERS, K1, and GLEN seismic attributes inputs. We usedyjberfparameters

(500 regression trees, max depth=12) of the best RFR model that fit the Mero field training dataset
without hyper productive wells (Mero low) and built a predictive model of FC. At the seismic
section passing through all studied wells froapé field (a), we coendered HTAM and RFR
regression model. b) Same as 15a but the overlay is the SOM clustering model using the same

seismic attributes. c) 3D view of the highest FC values (>10,000 mD.m) and SOM mounds
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geobodies over the middle BVE surfacereadered with the ERS attribute. Some of the higher
FC blobs are associated with faults (dissolution) whereas others are faraway (original permeability

remnant e éeeéeééeééeeéeceéeeéecéeccécecececeee. . 134

Figure 4.16 Detailed results of RFR of FC and SOM clustering around two of the wells studied
in the Lapa field. a) coendered HTAM and predicted FC along the perforated interval at Well L4

with the NMR porosity log and PLT flow units. b)-cendered HTAMand SOM clusters around

the same well. c) eceendered FC prediction and HTAM attributes around Well L2 perforated

zones. d) caendered HTAM and FC prediction atthe sameévélle e e ¢ é é éé . . . €. 135
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Table 4.2 Results summary of random forest regression of fault capacity transfer learning from
Mero to Bacalhau and Lapa fields. The two first rows are the models fitted to training subsets with
(Mero high FC- Bacalhau like) and without (Mero low FCapa like) hyper productive wells

from Mero Field. The third and fourth rows are respectively the predictive models in the Mero
high FC and Mero low FC (red cube in Figure 4.12). The fifth and sixth rows are the predictive
models using transfer learning toddéhau and Lapa fields. The overall blind test performance in
the three seismic surveys is around 80%, which is very close to the GSCV performances during

training. This is a very good indication of the high generalization capacity of our predictive models
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Chapter 1: |l ntroducti ol

I n deep water settings, where all operation
of reservoir characterization assisted with 3
for accurate facies distriingut{ird&maamcd rR2dDer v dia
et al ., 2001; ARhaeesaj eandl AlL r @912 ,An2i0flo8w o sAeb deut
al ., 2019; HPResrenaiard2 A2l i,HhasM er , accur ate s

cubes requwelel sdofzoernsa onior e robust wavel et esti

Mor eover, in deep water settings, this can t &
useful only for field devel osphhemte, i Wwheérnenag edu
well i nformation. The most common type of sei ¢
and, in some <cases, amplitude versus offset
environmemtasa sned spent betvwegn ahidelcd mahies c i al (
decr e aesceosnotmiec val ue of the project. These dr a
fact that the petroleum industry has a huge a
assets (big data), t hat coul d tbhee uwpdt rfeoarm rpehs

virgin areas (greenfield exploration).

I n this sense, I propose that we can use p
producti on-kmatwes Jascsfetwel Ipost stack seismic at
techniques to bypass the sei pmiediicnversi momdeprs
di stribution andThied dir stma ro pgriamd weet iawmidt yaccel er

by reducing risk and, thus, adding economic V.



seismic trace is a result of the interactions
even dif &abeloirtomenrm domains within a reservo
enhance these reservoir heterogeneities that
these heterogeneities must be obserivatbilen)at I
this sense, seismic attributes and well dyna
assisted maescteewviozaticonna (Il i thology and product
guestion that mot i viomees tmayc kP hde irsensiecg nathti rciabnu tl

predict reservoir facies distributisda and wel

To answer this broad research question, this

Chaptidghe2secondary research gqueifainomnsibhaer mos
clustering asntaalcyksisseiosfmipcosatt tri butes effecti v

di stribution?0nd productivity

Toaddress this issue, I used seismic attrib
textur e, and AVO) and three dif foerrgeamti zd mgu prear
SOM, generati ve 4GdmMo gramplh nke ) mapmpeébduigceltdi ve f aci
productivity -kmodwnl coafrb@anaweé!l reservoir from a
of fshore deepwater (Mero field). | wused infor.]

training to validatmgttbhbkesunsupervised cluste

Chapt®Bhe 3secondary research qued€Camnas ¢$h@aer miod
|l earning model using multiple seismic attribu
i n tweerl | reservoir productivity, and does deep

met hods in thi?2s. prediction task



an

vV a

of

To answer these questions, |l used drill ste
d post stack seismic attribbaeed (festanéepn
pervised regression al goriotihrmsf |[foow cparpeadciicttyi
oductivity index (Pl), two important DST pa
gression met hods:-negamaontm feirgeshder s( RFRNN)K

chines (SVM). Addieaonahgyal gotesheMlRudeep
investigate its <cost effectiveness when c
edictive models were validated using inforr

aining (atliiond) t est wvalid

apt-efrhe4d secondary research quesfiCaoan malktai neo
arning models trained on Mero field data be
[ control ,tramadf dones eahmnisng approach demor

timize upstrea?m project outcomes

From previous research described in chapter
|l i dated with Mero field data and tested the
kil ometers distant from WMeveysanacgwivree ¢ da 1
di fferent times and using different techno

ing the same seismic attributes combination

ield to make predscdisenhantnfoomet he Mero Fi

ol ogy (same depositional system, same geol o
ustering and RFR trained with Mero field da
ealapd Bacal hau oi |l fields that also have

arning models wvalidation. The main challen

O



geol ogy di scr epamdiuecs i ylechvodssamor | asti ¢ mounc

are not present in the training dataset.

Chaptkerstmmari ze the main conclusions based o]

and 4 of this dissertation.

Appendlix i1s a study of the state of art of th
reservoir unit described in this dissertation
Vel ha For mation (BVE) of -Salutt)h.ealsteeanc Birlae i o\
understanding of the BVE r eser vot heecam24sbtOe vol v e
the present day. It i s a good opportunity for

aspects @ietthiegle winel d reservoirs.

Appendl xpResent toy examples of supervised re€
functions (y = sin (x) + 20% noise). I show h
buil ding blocks-nefarreandaanni fiedeidaensrts smaschip jmeerst, va n ¢
perceptron affect the mdhel sndimepurpbsel wtfe td
show to the reader how these algorithms wor k),
nonl i near sepatrtadby ewarak awi tTth er evaly wor |l d probl e

nonlinear separable but with high di mensional
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Chapter 2: Seismic identificat.i
spots using unsluepearrnwiisge:d Amaccahsiel
Brazil deep wadletr* dAgptta an pr e

*This study is publishé&eoil pgtyhealMaas ne and Pet

Maas, M. V. R., Bedle, H., Matos, M. C. 2023.:
spot sumusumgr vi sed machine | earning: A-sadse st
datMarine and Petroleum Geology, Volume 151,
https://doi.org/10.1016/j . marpetgeo. 2023.1061

Abstract

The -sparlet-y ihelgdh car bonate reservoirs of Br azi
national oil production. Still, seventeen yeal

of these reservoirs remains ocdhuaclilnegn gli intgh o lwoigti

exhibiting the same amplitude response. Thos
productivity |l acustrine carbonates -p(rotdrucmatgo |
mudstones, clays, and@dss ghkRiosishemenmrageé maist y Towe
machine | earning clustering techniques 1inclu

Topographic Mameaa&Thind apepl Kk them to a suite
interval veledagintiy, agand iAWUQ ess. We use both st a
13 wells at the Mero field that pé&nremataiterd tl a
validate the accuracy of our unsuper vtiesdd lasa
they were not wused for any algorithm training
l earning in the Mero fi elnke,anwe nmfoidred st lhpatovs @M,
can be linked to sweet kapetsfacsadcioateadanwi thly df

Additionall vy, clusters related to sill- intru
T


https://doi.org/10.1016/j.marpetgeo.2023.106199

reservoirs were identified. The results can b
in exploration phase), where we have identifi
Mero Field and, thus, taAaegetan ber caocsudacegda:
attribute combination SOM cPeftsit @b-d algtdh wace fpied d n
dat aset and the results wepe¢timitrasifiact puypos$s

proposed workfl ows can al so be applied to ot he

| nt roducti on

Seventeen years after its di scoalerycaskeosa
reservoirs remains a difficult task, with the
bet ween pr odpurcadciucianngd Iniotnh ol o gerepsr.e tFaotri oinn sptiat nf
very similar ampl iffuarer meghheumge abbhseomed an
pl atfor mifmeoomeseraondr mudstones of the embaym

superi mposed tectoni chidyenf @rrmoatuican .vi Ewyr tf meri nmesr

clear amplitude response due to seaihemiexciemagi
reservoirs (shrubby stromatolites) of the ca
il T umbmeadteld overlying complex salt bodies. Thi
production if they |l ead to suboptimal well I o

I n deep water E&P projects, the increased
appraisal and devel opment phase decreases the
machine | earning (ML) assi stsepde edeiuspmiacl |i nttheer |
hel ping to more rapidly identify not only th

Y



interest, |ike igneous bodies which can give |
mu lattit ri butes are derived and analyzed toget he
(Chopra and Marfurt, 2007)t Hewewey,tfme baoamact
each one of these attributes separately for fa
in turn, caat tamiabh ytzees mud ta high di mensi onal

cluster ssitrmialtarhaolkar acteri stiocs whi ch can be

l' ithol ogi es. Unsupervised <clustering also ac
seismic facies even i n Wartehaosu gehf faetcttreidb ult ye sseeil:
human interact, i otnhesred tteltcthsni guas provide a re

Ssubsurface.

This paper describes the first work on mach
We explored Self Organizing Maps (SOM) (Kohon
Topographic Maps (GTM) (Bi shop;Me&Ba9(8Foamdy , 219 &
LIl oyd, 1982; and Zhao et al., 2015). Seismic f
been attempted in deep water turbidites (La M
by comparing S@dManESTMesmblt Khasvawel hti ons amon

when different sets of input attributes are e



Area Location and Geol ogi c.

The studied area is the Mero Field iwmre&anto
21) . It I's a world class asset t hat was disc
Brazilian Petroleum Agency. Il n 2013, a joint

Total Energi es, CNPC, CNOOC, and tRP$A cSdmpxeanit

thirteen appfriave adewa@ldop wemt ywel |l s have been d
started in April ofdja@2nt tDhe hMerCenftirall d Lii o
only two exploratory wells have been drill ed
pattern detected by machine | earning at Mer o

Li brat hoenycear e covered byFitg@)essame sei smic dat a
The Santos Basin i s a passive matrigatnibheagsa m
the Early CretaceouBi ®Be&dadni aim hs& aabnd senelira rm)a n(t |
pl udirei ven | ithospheric stretching with the ri/f
and thinned continental crust domains during
Stica,Fi2gR#xddnbese grabens, there are, from bo
tadtcevensite sequences, |l acustrine source roc|
the rift phase dominated by mechantihceald espuobssiitdi
of |l acustrine carbonatFer matsiediF o ([gBBgE arfaitnHe B ar
pl atforms over basement horsts and buitdthleups
Late Aptian, wheman,t hae tohciecakn iecv asptoargiet eb esge quenc e

a typical transgressive marine drift sequence

N M



Santonian, an al kaline magmatic event is resp

reservoirs and overlying evaporites (Moreira

Brazil | .
"‘ Rio de Janeiro

» 3 ‘ ¢ aWn
Google Earth  \ S \ }
(4 ;

FiugzZlLocation map of the Mero Field and Central Libra Apjg

Mero Field Central Libra Appraisal Plan

Anticipated
production
system

Cropped seismic dataset (1205 km?)

1.

|
OriEinaI seismic dataset (2848 km?) 10 km

Fiugz.2ocation map of the Mero Field and Central Libra Apprai s
Wells A to H have dril!l stem test (DST) data. Wells a1l to X5
an it m®egjreocducer pair to support an anticipated production syste

NN



I n the Mero field, the main reservoirs are
(Fi gR3)e, t hat i's the main objpradtt ocfoqtuhinaspdpe®
For makii ogh3¥3)d are al so hydrocarbon producers ( Ces

t he main pr odcuacribndgruaftiaat i €ess af BU) and mounds (|

stromatolites and minor travertines related t
producing |ithologies are their associated p
grainstoneseandntedsal aesdawdt dspheégal itamesi

there are embayment fafliesal EMyidsbompesedndama
which -aeeenvoirs. Alolmmoimgtyru ded tlsy a$&nt oni an
bodies (1B) (most !l ySasritlaitsa taoln.diF i m@@5e8.) R b é &) (
summari zes the key el ements of the Mero Field

Anot her pecul i da@arhpeyvadi weilsy darr ®etah eirsma | al t e
characterized by moderate to strong silicific.
deep faults. Lima et al ., (2020) showed petro

altepoéat-palet | acustrinet tNearbtomeartre G ER@@EGAB a ssi N T

Tritla et al. (2013) identified the sama kind
t hout hern Camposs eBasailn.., Ro2017) identified th
margin in Kwanza B#&sigipBff shorseemsgalhat ( t hce
proces sast oaccruergi onal scale at both South Atl a
the subsequent sections that, at Mero Field, t

on the reservoir producti vityn slthreo mgolsyt spirloidc

karstified carbonate bushdwnpshandhyduodbker inal

pra
11
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build ups-l akd Meandres are often seen i n som
ustering model s
GEOCHRONOLOGY ASTHOSTRATCRARTY SANTOS BASIN Mod. Moreira et al., 2007 e
AGE | ™ MEMBER NW SE| M
Holocer%:n fl?e%if\‘m" Bo (1)
Messinian Bl | | e
Tortonian g =
Serravallian
Langhian | | <pAc
Burdigalian S| 2
Aquitanian & g ____________ »
Chattian <
<
Rupelian |3 g % ______ =
Priabonian g é g
Bartonian | =| = ©
: - EIpm
il IO I D B - COOOOBAS008 | EASOSOBEINONONIO00
)
e 50
| dorsn | s
anetian S O
Selandian A &0
Danian | | | | | 0 iiamiiibiiilnnniiiell St S ey
Maastrichtian g = s
Campani EE NP
mpanian [w |g
HEVER: .
Santonian |“ |&|/ =| 3
Coniacian 2 -
Turonian
@0 2 Q
z |9k 2 S | eeseimEaS 100
2 2| Z o
s 3= E
Albian S gbumwk - 110
(BVE)
Aptian BARRA 120
o L e =4
§ ITAPEMA(III'P)
Barremian |5 | PIGARRASCIC) 130
2 >
COMBURIU| :
(CAM) 3 :
g@288antos Basin chronostratFimgr(&8p/lEi))c retsaemtv.oi Ttse aBa&r rha gWd li hgd
odified from Carval ho and Fernandes, 2021 and Moreira et a
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Cretaceous Hinge
Line

Crustal
Faults

Original Stretched Thinned Ribbon Hyper-extended Exhumed Oceanic
Crust Crust Crust Continental Crust Bsitis Crust
Figa24€rust al domains of the Santos Basin proposed by Zal an (
(1), ™Moho (2), Ductile Lower Crust (3), Conrad disaedtinuity
Mant |l eed( Oceaamic Crust (8). Color code for the sedimentary ur
Rift (yellow)-Ri Ear{({grAph)-RntL 8y @B¥hEt ibalnuePos Late Aptian evapor
Ryft Al bian Carbonates (dark blue), siliciclastic Laglte Creta
indicates the crustal segment of the Mero Field area, (modif
EM PF
MO Embayment Platform BU
Platform facies Mound Mound Mg clays facies Build Up
N e \ [/ |5°°’“
m ~ e -
Igneous bodies f
IB Mudstones and Mg-clays Grainstones/ Rudstones Silicified
and Laminites Shrubby
] Hydrothermal stromatolites
5 km vents (HV)
Fige@bdBarra Vel ha Formation main deposiSaropabhtbaci2€48at Mbeoi
igneous bodies are of Santonian age and alkaline signature.
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Mero Field key reservoir metrics

Fluid API 290
Structural closure 211 km?
Column height 600 m
Net pay 194-420 m
Porosity 10-14%
Permeability 12-12,000 mD
CO, content ~ 44%
Recoverable volume 3.3 billion bbl

Tab2léKey metrics of the Mero Field (after Carlotto and Silva,

E

Retiro Fm.
(E i

Pre-Salt

e ‘ Rift Interval
Basement

2000m Basaltic
| e | CabiGnas Fm.

Anhydrite
thick layer

Intrusive
mafic rocks

Hydrothermal
alteration

Figaeek) Proposed model bysadalitmaresemavoir¢200NofohepneCampos B
model proposed by Poros et al., (2017) for Kwanza Basin, Ang

Dat aset

We used marine 3D seismic data and reservo

Field and EerguZ)aPt.haitbrvai I(t h & esnuebgsseccrtii boends .i n

Sei smic Dat a

The seismic dat Reeéer seompme s®i gration (RTM)

and an interval velocity model obtained by Fu

NP



3D marine, broadband, narrow azimuth streamer
or production had starRiegdd2)anduree @groo cietsss esdi ziel
original dat aset was Er ogbdpp)e,d aanrdo utnhde tfhien aslt uvdoyl

each calculated seismicFagaan)eebute and the vel

Seismic inversion data (both acoustic and e
di scrimination and decameter flow unit ident.if
dabarearely available during early exploration
avail able, they may be unreliable due to | ack

mai n obj ect irvees eissvwetedr isert iafsy soon as possi bl e
in this wortkh e wel afsosciucsalonattri butes described

can be calculated in AASPI (Attttrp :b/u/tnec eA¥s.sd (5.t eec

and also in al most al | of the seismic interp
amplitude volume as input. I n addition to th

interval vel oci tfyul rho dwealv ed loF Wh,)) niandviemiga bhglier f

model s (Castiello et al. ,2022), and Fatti os
This seismic input mouietrxep |iosr aatviaoi nl apbrl oej ef cotrs , moes\
Al t hough more computationally expensive than

and AVO volumes commonly form part of modern

N2


http://mcee.ou.edu/aaspi/

FigareD view of the input sei

s mi c

cube

after cropping
Seismic Acquisition Parameters 35 Hz RTM reprocessed data
A Santos Phl 6A—- CGG-2011/12 B (CGG-2016)- Cropped version
Area 2,848 km? Area 1,205 km?
Number of cables &10 Number of inlines 1,451
Maximum offset 8,000 m
Channels/cable 640 Number of crosslines 1,365
Shot interval 25 m (flip-flop) Bin size 2x25m
Station interval 125m Sample interval Sm
Shot line interval 500 m Samples/trace 861
Cable interval 100 m Total number of traces 1,980,615
Sample interval 2 ms Total number of voxels 1,705,309,515
Bin size 625x25m Volume size ) GB
Cable depth 9m
Source depth 6 m
Azimuth 178/358
Nominal fold 80
Traces/km? 512,000
Taba226 A) Sei smic acquisition parameters; and B) Geometry
depth vol umes.
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We | | dat a

We used data from one wildcat and t2WdI8ve acg
Wells A to H have both electric | ogs, rock art
temporary well completion technique for reser

reservoir pressure behaviicorpeduroidng (oBiolurpmreddu c
X2, X3, X4, and X5 have only electric | ogs an
X3 (producers) were part of an anticipated pr
were put Tomp20o0tdctoon02tr (44 months) for fiel

par amEBt gud)e.(

Base of Barra Velha Fm
Surface + fault gaps

Fi ga83D view of the base of the Barra Vel ha reservoir surface
Pl an area (right) showing the wells used in this study.

NY



1
Seismic data analysis

1
Well data compilation

Seismic and well data selection

Input seismic
data selection

RTM raw data : Full + Angle
Stacks (near, mid, far, ultra-
far), Interval Velocity

1
Well logs and DST data
|

Reservoir sweet spots identification

Carbonate sweet spot
reservoir identification in the
wells

Cropped Cropped Cropped
Full stack Near Ultra-far
| p— —
AASPI attributes: Fatti’s Lambda
Hilbert Transform Rho Input seismic
E';’rﬂ;‘::;’:e':;“ | attributes
GLCM attributes HT of Fatti’s
K1-K2 Lambda Rho Interval Velocity
i - Results
Z-score Normalization ST
1 T Carbonate sweet spot
Covariance Matrices Covariance Matrix Calculation and spot reservoir identification within
dimenslonalit:} reduction ':l“;':ir the clusters
Decimate for training | | I CEEEELED
Build final model Sell S ST
Final Clustering L ! J
Figeaewor kfl ow used in this study. (RTM = Reverse Ti me
occurrence Matri x, K1 and K2 = maximum positive and
Maps, GTM = GenheircatMovdee | Tso)p.ogr ap
Met hod
Seismic data conditioning, nterpretat:i
Fi g2 eshows the wor kfl ow appildieetdaiilne dt hbiesl osw.
of the seismic dmrteavivosd sulide SGBd e Sorri btehd s
about the area of interest (AOl) in
22 a2¥g . After cropping, each seismic vol
and interpreted I R22Ahsudeptrhzdemahe.
and PaBldescribes geometmiy alfat talsenectrbdkprped da ts eoin
the top and base of theBWHR) nwereseirvtioemrpruetiaed (

N &

negati ve

reas o

FheuMes o

s€alsimae c



RTM

attri

T

vol ume. From thihBVE npes$ervwdiurme, wef ocal cul
butes which are thoroughly described in

Hil bert transform of the amplitude (HTAM)

a seismic bandwidth acoustic i mpedance by
amplitude volume (Taner et al ., 1979). Ar
attribute could be used instead.

Energy Ratio Similarity (ERS): It is a g:¢

of the covariance matrix formed from the

identification of faults, fractures, and
Average frequency (AVF): it i's another ¢
Hil bert transfor m. The frequency values

strongest reflection events (Taner et al
attrdi btuot ei ntrinsic attenuation associated
attenuation due to scattering related to
Gray LewelurCence matri xbalsGLdCM)extturies aat tw
for faults and fractures detection that |
Mat os et al ., 2011):

A GLCM Energy (GLEN): measures the ul

response.

A GLCM Entropy (GLET): measures the r

response.

Il
<



1 Maxi

A GLCM HomogeBRWityne@aSures overall ST
i mage. Hi ghly contrasting voxels | e
this reason, it is also good for re

mum positive (K1) and negative (K2)

reflectors convexity (K1) and concavity

refl ectorsd curvatures are inversely propg

(ChopdaMarfurt, 2007).

Additionally, we used a velocity model and an
T I'nterval velocity (VEL): It i's the wvelo
processing. These velocity models have mi
with tomography (Castiello et al.,2022)
T Hi Il bert transforrmmoofatfFat biudse L aHMLARY : |t

computing the A and D terms of Fattids ap

near and far angle stacks. According to F
to the sum of P and S reflectivity. When
Lambrdhao attri bute, 1t mimics a seismic ba

vol umles ) .l p

Well data compilation

For
t he mai

al 8 steh e

reservoir quality assessment, we used

n

reservoir parameters (porosi tWe, gr os

| it hogeochéemige ail dheymie iottyhesaonmagy zones i d

Il
pz



measuring relative concentration of major chetl
2010) . I n wells with DST dat a, we compiled d
pressure drop times skin fnascmiosrs)i bainldi tfyl otw neas :
knowkhkhasThese two are the main parameters wuse
wells completion (Bourdet, 2002). For well s u:
production gaswi npeesi amdr ates vald,uewe whkawve ca
reservoir quality parameters for the BVE rese

pl an ar ea.

Well Facies Main Mean Gross Net pay Net to gross Silicon Productivity Index Flow Oil production Gas Injection
Lithologies Porosity  pay (m) (m) (%) anomaly (m¥/d)/(kgf/em?) Capacity plateau (bbl/d) plateau (m*/d)
(%) (= 50%) (mD.m)

A Build up Silicified 12.95 286 276.63 96.7 yes 2,200 350,000 - 75,000
Shrubby
stromatolites

B Platform Spherulitites, 11.3 109 102.39 94 1no - - - -
Grainstones
and laminites

C Platform Spherulitites, 9.8 311 199 60 1no 9.25 upper BVE 3,230 upper 40,000 -
Grainstones 367 lower BVE BVE
and laminites 50,000 lower

BVE

D Platform Grainstones 1235 57.61 50.06 87 no 73 6,500 - -

and laminites

E Platform Spherulitites, 127 244.7 146.8 60 no - - - -
Grainstones
and laminites

F Platform Spherulitites, 11.3 178.7 150.7 34 no 14 2,235 - -
Grainstones
and laminites

G Platform Spherulitites, 10.85 219.64 191.26 87 no 132.66 24,000 - -
Grainstones
and laminites

H Platform Spherulitites, 9.65 389 187.72 48.26 1no 55.8 8,130 20,000 -
Grainstones
and laminites

X1 Build up Silicified 13 410 398.53
Shrubby
stromatolites

X2 Build up Locally 108 551,92 313.67
Silicified
Shrubby
stromatolites
and travertines

X3 Build up Silicified 14.2 383.40 304.95 79.5 yes - - 48,000 -

Shrubby
stromatolites

@
3
ta
=l
-
@

'

'

o

X4 Embayment Spherulitites <5 0 0 0 no - - - -
and mudstones

X5 Build up Silicified 104 3822 167.69 44 yes - - - -

Shrubby

stromatolites
Tab23¢ Reservoir quality data compilation for wells (wildcat a
plan area for the Barra Vel ha Formation (BVE). Wel Ibsy in bl uc¢
strtoanlai t es within build up facies.




Carbonate facies and related seismic attribut

The reference reservoir facies model omdopt

proposadti®y atb. (2018) aabd motdiifs ead wenl IFi dautr &

rock samples) simplistic but intuitive model t
at Barra Vel ha Formation across the field: bui
embaymentndf a%aretsoniaan age igneous intrusions.
attributadodelseirni badai |l ability at all phases

correlation between btyh e hcehiors ecno rartel43git.bi udt e em dstdnoie
t he <corr eltateisatnh eanhoinggher the individual contr
di scri mi waetdiuommdahnormttri butes) . For exampl e, 8
correlation among them (redundant attrndutes)

homogeneity was undertaken. Based on the aut

dentification (Meaeret aslsociadkrdyweedbhlmebred
each one of the seismic at2bri butes and are su
| Fi g2, we can observe different aftdcusdout e
hepae the main features of interest: silicifie
sweet spot reservoirs) and igneous intrusions
build ups (BU) and mounds (MO) are often char
T negative HT anomal ilami{Réaop!,i tduwdee taon da cFoautstti
drop after hydrothermal silica precipitat:i
T low energy rati o similarity, GLCM energy

faults/ fractures/ karstification.
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T high K1 anomalies related to its convex up

The igneous intrusions (1 B) have the foll owin
1T positive HT anomalies ((Rampl,i tduudee taon dt hFea trt i
acoustic I mpedance.

T high energy ratio similarity, GLCM energy

massiveness, continuity and | ack of faults
T near zKer ovaKlues related to its flat geometr
GLCM GLCM GLCM HT of Fatti’s HT of Average
Attribute ERS  Energy Entropy Homogeneity Lambda-Rho amplitude frequency Kl K2  Velocity
Energy Ratio Similarity  1.00 - - - - -
GLCM Energy 0.37 1.00 - - - -
GLCM Entropy -0.42  -0.98 1.00 - - -
GLCM Homogeneity 0.48 0.92 -0.97 1.00 - -
HT Fatti’s Lambda- Rho 0.01 0.01 -0.02 0.02 1.00 -
HT of amplitude -0.01 0.02 -0.01 -0.01 0.68 1.00 -
Average frequency -0.03 0.04 0.08 -0.01 -0.09 -0.13 1.00 -
K1 -0.13 -0.12 0.13 -0.13 0.00 -0.05 0.00 1.00 -
K2 -0.02  -0.01 0.01 -0.01 0.00 0.00 0.00 0.48  1.00
Velocity 0.04 0.03 -0.04 0.04 0.03 0.02 -0.05 -0.04  0.00 1.00

Tab24¢éCorrel ation matrix of selected attributes withinthkeke Bar
higher the correlation. The values shown in red are the high
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Attribute Facies Signature Geological reason
HTAM Build ups (BU) & mounds (MO)  Low Higher porosity related to in situ facies (boundstones-shrubby
Hilbert Transform of input stromatolites) and intense fracturing/karstification. Hydrothermal
Amplitude: Mimies Acoustic silicification reduces bulk density.
Tmpedance Platform Facies (PF) Medium Lower porosity and less fractures/karstification
Lmbayment (M) Low Low porosily-permeability mudsiones
Igneous bodies intrusions (1B) High Zero porosity and almost no fracturing.
HTLR Build ups (BU) & mounds (MO)  Low Higher porosity related to in situ facies (boundstones-shrubby
Hilbert Transform of Fatti’s stromatolites) and intense fracturing/karstification. Hydrothermal
Lambda-Rho: Mimics [p-Is silicification reduces bulk density.
Platform Facies (PF) Medium Lower porosity and less fractures/karstification
Embayment (EM) Low Low porosity-permeability mudstones
Igneous bodies intrusions (1B) High Zero porosity and almost no fracturing.
VEL Build ups (BU) & mounds {(MO)  Low Higher porosity related to in situ facies (boundstones-shrubby
Interval Velocity: built via stromatolites) and intense fracturing/karstification. Hydrothermal
Fwl silicification reduces bulk density.
Platform Facies (PF) Medium Lower porosity and less fractures/karstification
Lmbayment (EM) Low Low porosity-permeability mudstones
Igneous bodies intrusions (1B) High Zero porosity and almost no fracturing.
ERS Build ups (BU) & mounds (MO)  Low Intense fracturing /karstification
Energy Ratio Sllml.lanty: Platform Facics (PF) High Lower [racturing /karstification
Reflector Continuity (Faults,
Fractures, Karst) Lmbayment (EM) High No fracturing/karstification
lgncous bodies intrusions (1B) High No (racturing /karstification
GLEN Build ups (BU) & mounds (MO}  Low Tntense fracturing /karstification
GLCM Energy: Pixel based  platfyrm Facies (PF) Medium Lower fracturing /karstification
texture: Continuity
LEmbayment (EM) Medium No fracturing /karstification
Igncous bodies intrusions (IB) High No [racturing /karstification
GLET Build ups (BU) & mounds {MO)  High Intense fracturing /karstification
GLCM Lntropy: Pixel based
texture: Reflector Platform Facies (PF) Medium Lower fracturing /karstification
disorganization .
Embayment (EM) Medium No fracturing ‘karstification
lLgneous bodies intrusions (1B3) Low No [racturing /karstification
GLHO Build ups (BU) & mounds (MO)  Low Intense fracturing /karstification
GLCM Homogeneity: Pixel
based texture: Smoothness Platform Facies (PF) Medium Lower fracturing /karstification
Embayment (EM) Medium No fracturing /karstification
lgneous bodies intrusions (13) High No [racturing /karstification
AVF Build ups (BU) & mounds (MO)  Low Attenuation due to higher porosity and fracturing/karstfication
Average Frequency :
attenuation measurement Platform Facies (PF) Medium Lower porosity and lower fracturing/karstfication
Embayment (EM) High Lower porosity and no fracturing/karstfication
Igneous bodies intrusions (IB) Low Zero porosity and no fracturing/karstfication
K1 Build ups (BU) & mounds (MO)  Positive Top of these [eatures are convex zones
Maximum Positive Curvature:
Reflector convexity Platform Facies (PF) Near Zero Top of these features are more flat zones

Embayment (EM}
Tgneous bodies intrusions (TR)

Low to negative

Near Zero

Top of these features are concave zones

Top of these features are more flat zones

K2

Maximum Negative
Curvature: Reflector
Concavily

Build ups (BU) & mounds (ML)

Platform Facies (PF)
Embayment (EM)
Tgneous bodies intrusions (TB)

Low 10 posilive

Near Zero
Negative

Near Zero

Top of these [eatures are convex zones

Top of these features are more flat zones
Top of these features are concave zones

Top of these features are more flat zones

Tab256 At tri

butes si

gnatures

r el

ated to each facies

of

P

t

he
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Figaxre@D view of different seismic attributes used in this st
using its top and bottom horizons. A) Conceptual depgsitional
Sartetanb. , (2018) . (BU= Build Up, PF= Platform facies, MO =
Depth map of top of Barra Vel ha surface; C) Hil beRrhto; TrEAnsf or
Interval ) vEheciglyy;RaFio Similarity; G) GLCM Energy,; H) GLCM
frequency; K) Maximum positive curvatur e; L) Maxi mum negatiyv
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Unsupervised clustering basic theory

Among the unsupervised clustering techni que

mu Fattit ri but es. They-Darse acmd s ¢phleo tntuendb eirn od 1 n
and, t hus, det ect clusters with similar attr
perceptible for human i nterpreters (La Mar cz:
nor mal i zati on i satdtorniebuwietsh, tahned itnhpeutout put m

according ytod htehergeaod alldh ea stpheecotrse toif each cl ust
be detailed here. A very good explanation of
Mat os et al . (2010) , and La Marca (2020). Zh a
GTM ame akuss tcelr i ng techni ques.

Af ttdoeut | i er removal, each input attribute i
ranges of the inputs. The -snoaorma, iizratwhinc med lhlo ¢
a distribution with mean equal teerdhasd sbham
matrices were computed, normali zed inputs wer
di mension per attribute) and distances from
cal cul amean s, nc IKufsotremreidn gu siisngp eerhe mean val ues
number of <c¢clusters (in this case, ei ght) . | n
vectors when their distances to the data poir
caledl| asing probability density functions. Th
di mensional mani fold using the eigenvectors (
algorithms calculate a maxi mum nhambée OBt @B6

(Fi g2rle). This |l eads to a high capability of s
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The interpreter can use his geol ogi cal reason

knowl edgemedms tailegoKr i t hm, the number of <cl ust
(eight in our case after d)stThigs al edantge demev
will be further detail ed.

For compari son purposes, unsupervised <clus

met hods and two attribute combinations:

1) SOM1, GhidManan@dsiKx attributes): usi-Rigo ,Hi | be
interval velocity, energy -Katcorsvamutasity, GI
2) SOM2 (eight attributes): wusing Hilbert tra

similarity,-eGtL@dmpbagrareg ftKy2) ,cuanwdtkKilI es.

The objective of this comparison is to evalu
geol ogically reasonable result and the i mpact
the clustering performance in terms of comput

The final clustered vol umesY (fforumatmoared se x pw
acommer ci al seismic interpretation software,
were applied to better visualize the features
(anddmiolnl ed similar structapmpesaiwhilcltanan dlag e

igneous bodies.
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K-means

v, &
Attribute 3
L ] 2
40
22
23 02
24 ot 8 1
25 ee z Attribute 2
Attribute 1 26 '
0
27
Y . y | Seismic \
ay Y Facies
e I "

Eigenvector v,
SOM axis 2

| Attribute ay

K SOME:n:c;“GTM flow o j

Figar¥.) Hyperdoamgm®ihgnalThe number of di mensions of clustering
in our case)fridmustr@at8on of the basic theory of the cluste
Generative Topographic Maps. (Modified from Zhao, 2015) .

Result s

I n terms of computational ti meodrog-memdasKer.
took 0.35 hours wusing 32 processors of a 64 G
FigQY2 shows the four different model s gen:
di fferent attribute combinations. These model

human i nter R2b5e ta286ds b(uRi gwirtehs t he advantage t hat

(o)



be buRilg2r3HAn we have a structur al map of the
well s and one of the identified | eads (possib
vertical FsgX 4L omibqddizB, the 2D color bar of t

model s are shown.

Vertical sections
Fi gulrde Rhowr vertical sections passing throt
composite |l ogs) and one of the identified | ea

Il imitations and its high similaring tbethea&9
figure shows the seismicmeapst &RdIdMGOTlIWMeinbdéehs
C location, al |l of the clustertihBeyEalrgsreir vioing

At this well, BVE i 9 erse mraa snd ryt eed nipy spelda toffo rsmp h
and | aminites with medium to2B8)ghTheser pobiat f @
(PF) were better highlighted by the GTM model
clustering. Il n SOM1 model, they are |l ess evid
platform -fheaanesmhdell Kthotr m end embayment ffaci
were merged into one, which represernft scla sltiemi
(ei ght ymeoafnst hael gkori t hm compared to the 256 <cl
with this drawback, the I giniKenesa niso dnioaele | we Ne aa
C location, mounds (MO) and hydrot her mal vent

explanation for the above average producti vif
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capacity comd) |widemtcdmpadreed to other platforr
H) . At Well X4 | ocation, the worst well in th
the very |l ow porosity and permeabil-lesermodst)

intruded by the igneoumo Dtodp rewel l(ld tBd) » e |AIte dWed d

Mero Field, the porous and p2X3r)meradll et ecda rtbam n ¢
stromatoliticliuislidiwcpg i &@de asitdr &krag sti fi ed due
which is well documented by Petrobras internal
silicification is responsible for twne adax cTalbll e
23. At this well | ocation, all the four model ¢
the Centr al Libra Area (close to Well X5), all

up feature verybyi weldars tAg XHhat X@r i XBad aad X5

good candidate for future drilling.

3D view of the clustering model s

Next, geobodies of the main features of in
reservoirs (mainly build ups and mounds) and
facies and hydrothermal vent wawenepdal €d, hioghlki

through which only desired clusterbBi glited t
we can observe the four final clustering 3D n
each moFdiegl2 2Are $SIOM1 model detected with a hi
Santonian intrusive i-gmwesdcly BBodilesyg . ( @ihrk wge ¢ I3

have penetratted Riil®eds ZlmsD,l Iveee claon nofesiwbet gsesoplk
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reservoirs, mainly the build ups and mounds c¢
shrubby stromatolites. Secondarily, we -can se
|l i ke features that are i htamper eptreodb adod yhyaeoerseto
pervasive silicificht gdlnse®,b swer vaepdp liine d hoi psa cairtey:
mounds, hydrothermal-rekated aoldupt eatsormnfabkie
t he struchhouwrealt hhe gohi-sdDW@ga t etr h € olndtaertal continui
connecting the build ups and mounds, this is
at Mero field and its disconhiegiRi®815€] aded t
215D, we can observe wundrilled features that
productive wells {gXaland ®VEamdkswarvyilrisghvel | s
The features i dentifiddc&r dernd@0Welm) X5S:rdroem alt ie

high porosity, permeability and also very hig
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e, Crossline and base of Barra Vel ha reser
A) SOM1 wusing six attributes: HTLR, VE

FigurZB.D2.view I in e
rea. L,
HhHHOK2 K C) GTM wusing six attributemeamrsSTLR, VI
ut es 2
ng

(I'n
at the studied a
AV F, EES, GLET, 1
using six attrib
bar when Fexgambtieni.

HTLR, VEL, ERS, GLEN, K1, and K2. E)

High

Top of BVE

Low

10 km

Fig2t@8ei smic structural (mBWE)o fr etsoepr voofi rBawirtah Mehlehast udi ed wel
white |ines are the vert2ildal sections paths shown in Figure
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As they were not wused for any training, the
plotted over the clustering results, one can
reservoirs (excellent produclerisnptr pdiadardorand a

faci ersegqe@arownoi rs) are coincident with distinct
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Di scussi on

The attribute combination used in this wor
of them have a high individual contribution
bet ween attributesHi g Ewug g Aledt, moarte ,e aacsh scd eurs tiemr
we can see the signature of certain attribut
it is clearly seen that vertical features ar
i mpact on thebdel doepds omamwmd hyher ot her mal vel
degree of fracturing, FhagaB@k)Y.i cl2h 0KRihgwmec anl
see the positive values of K1 aligned over t|
two attributes with the others presented her

From the four final model s, SOM1, SOM2 , a
showed better facies discrimination probably
clusterime@ansThe mMKtations regarding ththe | ow n

di scrimination between the platform and emb:

often merged, which represents a drawback fc
ups, mounds and hydrother mal vmedaslsgwerriet hvner y
and it took one third of theneaomp ste@®tmiso it al b
effective build up detector. The combinati on
opportune since it s howendo tthlreats dwomme pwar K ed
identification (GTM). For build ups, mounds
appropriately. Build up |ike features were s|
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Li bra Area and could be considered as futur
product piomj eoat iCdOn .

It is very important to mention that seism
i's vital for project optimizati on. For examg

48,000 barrels per day (bBpd)e.ct @aulrey wfedquurs rpeadi r

ful fill the capacity of a 180,000 bpd Float
(FPSO) . For wells |ike D, E, F, G, and H (th
well s are necessary to fwlfill the capacity

The attribute combination used in this wor
salt exploration blocks and their geology i s

for t he BVEI fr ewemrkkiong s wi th ot her geol ogi ca
combi asah d wind Bbeec atursieed.he i nput attributes are
the main metric for high dimensional <cluster:
to other seismic surveys. We bedt SOMt cé us & me
anot her Petrobrasdé confidenti al dataset and
reservoirs drilled and tested by wells were
combination can be useaed if or ums®sgke Mai siemd efc U t

pl oration projects for wildcat and apprais

D
x
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Concl usi ons

Il n our unsupervised machine | earning anal
i nstantaneous, geometri c, I nterval velocity
expl oration phase of an oil field, can di f

maerately productiveepleatvioormmiuascit®nefsr amdno
form flow barriers and can cause drilling p
geol ogically meaningful in terms ehdéeatrget

Given t he-qawadrialyl dhreipghh mi grated amplitude Vv
task was some gentle data cleaning and attri./l
to the Central Li bra Apprai ddls mlaavre, bveteenr ed ra
dat e, showed that the patterns identified a
Centr al Libra Areamedhe BOMNMst &TM, fanth Khe Ce

similar to the sweet sdp,otpsr ovdiednitnigf i ggalo datt atrhg

drilling, and | ater bpinnjten@®hdadtet roifbuthee odrmifiil
met hodol ogy presented here can be applied to
exploration, appraisal and development optim
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Abstract
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relationships between seismic attributes and
are extrapolated to the adjacent underexpl or
ten wells of Mero Field wera@g wsu@derivo stedairmegs
algorithms for the prediction of flow capaci
devel opment wells (blind tests) were employe
The highest percentade odf i odrntectt preddisc i 18 & {k
random forest regression using si x-satatcrki but e
vol ume, neither AVO nor i nversion data wer €
performance (75%) oathlachisghet tcdmmetnstkriantged

tool that can be used for project optimizat:i

Introduction

Before thecommercial production of an olil fieldirill stem tests (DST) are usually the
most reliablereservoir productivity data In a very simplistic view, a DST consists of
production(or injection)of fluids from the perforated interval and measurements of rates and
pressure variations. Its interpretation leads to two key parameters for reservoir
characterization: total flow capacity (FIC also known askh), and productivity index
(PI). When a production logging tool (PLT) is also available, it issfie to observe the
contributions of the layers within intergalalso known as flow units, for the total result
(Bourdet, 2002). Depending dinereservoir nature, flow units identified through PLT have
thicknesses compatible with the seismic resolution. This observation leads us to the challenge

of determining the relationship between DST parameters and seismieatiritites to
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predict reservoir productivity as early as possiblthenE&P projectstimeline with an aim
their speed up and optimization

Some researchers have been working with reservoir prediction using welivetta
logs and coresgnd seismic inversion attributéscousticand elastic impedance) to primarily
predict porosity and permeability, without using dynamic reservoir data from D\@ira (
and Khara, 2001; Taboada et al.,, 2001; Raeesi et al., 28li&raj and Alregib, 2018;
Abdulaziz et al., 2019Anifowose et al., 2019; Hosseini et al., 201In the Mero Field
(Brazilian Deep Wateir Pre-Salt), our study area, Penna and Lupai@2020) used seismic
inversion attributes, well lggand core data to predict decameter scale flow units. These
procedures are effective for field devatogntoptimization but cannot help the exploration
teamsthat lack reliable seismic inversion data becaat¢éhe low number (if not zeropf
wells for an accurate wavelet estimation. In this work, we famusinderstanding the
relationshig between easyo-obtain seismic attributes and carbonate reservoir productivity
at Mero Field. It is a continuatiof the work of Maas et al., (2023), which qualitatively
detected sweet spot reservoirs through unsupervised clustering of seismiatimiitties.
This time, we explored three classic@hallow) supervised machine learning (ML)
algorithms fandomforestsRF, supportvector machinesSVM, and K-nearest neighbors
KNN), and deep neural network (mtiilyer perceptrotMLP) for prediction of both FC and
Pl by training them with DST/PLT data of ten wells and ten different seismic attributes
(instantaneous, genetric and AVO). The predictions were made over the entire seismic cube
covering the Mero Field (icommercialproduction since April 202but producing since
2017 and Central Libra Appraisal Plan Area (CLAP), which currently is siillthe
exploratory stage. We used DST data from twenty development wells, as blind tests for

predictv e moadsedsrent as they were not used for any training.
ny
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Dataset

We analyzed 3D seismic data and-sckewreami c r
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main reservoir is made by gravitational deposits from buil:

(HC) , carbon dioxide (CO2), and silica (Si) riclB)fluids tF
Chronostratigraphic chart of Santos Basin: BVE reservoir i :
Moreira et al., 2007). C) Our depositional model of the BVE
Seismic data

We derived classical seismic attributksscribed by Chopra and Marfurt (200fGm
depth migrated (Reverse Time MigratioRTM) full and angle stackihat cover both the
Mero Field and CLAP argdigure3.1B). In addition to these classical attribufiesm angle
stackswe al so used a sattributepmhith mignes a seiénic bandiw@lth
lambdarho (Fatti et al., 1994). This seismic input suyftdl stack and angle stack derived
attributes)s the most common in areas at exploratory stage enbéable seismic inversion

data is absent (Maas et al., 2023)

Well data

We used data from eight exploration and appraisal wells for the training dataset and
data from twenty development wells as blind tests for prediction assessment gi@)re
Wells A to J have both electric logs, rock and fluid samled drill stem test data (DST).
Wells X1, X4, and X5 have only electric logs and rock/fluid samples. Wells A (injector), C,
H, andBT17 (blind testhave also extended DST data (44 months) and production history
(anticipated production systemYhe main DST parameters arow capacity (FC=

transmissibility * fluid viscosity), productivity index (Pl= flow rate/pressure variation), and

PO



production logging tool (PLT) flow unitsyhich are individual or multiple permeable

reservoir units that contribute to well productivity

Method

The workflow is summarizeith Figure3.3and will be detailed in the next subsections.
Each of the seismic data volumes is 17 GB in size. For this reason, they were erapped
thearea of interest (AOI) in the Mero Field a@4AP area (Figure 1B). After cropping, each
seismic volume is reduced to 2 GBe and all of them were analyzed and interpreted in the
depth domainThe seismic grid is 25 x 25 x 5 m, other acquisition and processing parameters

can be found in Maas et al., (2023).

Seismic data conditioning, and attribute extraction

The analysis started with a basic seismic data interpretation workflow, which
comprises seismiwell tie, top and bottom of BVE reservoir horizon picking, and finally,
attribute computation. From the full stack volume, we derived nine seismic attridilibest
transform of amplitude (HTAM), sweetness (SWEET), energy ratio similarity (ERS),
average frequency (AVF), gray level-oocurrence matrix energ$sLCMs (energyGLEN,
entropyGLET, homogeneityGLEH), maximum positive (K1)and maximum negative (K2)
curvatures. From the angle stacks, we calculdietii | ber t tr ansf ehom of
(HTLR- an AVO attribute) Detailed descriptiomiof each attribute can be found at Chopra
and Marfurt, (2007). The reasoning tbeselection of these attributes can be found at Maas

P



et al., (2023). They found that instantane@$AM, AVF, SWEET), geometriqK1, K2,

ERS) pixetbased texture (GLCMs), and AVO (HTLR) attributes are geologically
meaningful for facies prediction at BVE reservoirs using unsupervised clustering algorithms.
Figure 3.4 shows 3D views of each one of the ten input seismic attributes at the top of the

BVE reservoir.

Seismic Volume Cropping/Cleaning Well DST/PLT data compilation
| | 1 | I
Attributes computed with AASPI: Flow Capacity (FC)
SWEET, HTAM, ERS, AVF, GLEN, HTLR (AVO) and Productivity
GLET, GLEH, K1, K2 Index (PI) data
| | (*.csv files)

|
normalizing input attributes (min-max) .
Data cleaning

10 attribute mini-cubes extraction at 9 traces and compilation
around the tested intervals at wells, export SEG-Y files +
| Exploratory
T Data Analysis

Training data concatenation : Numpy arrays and Pandas Dataframe building
1

T 1
Training input = Normalized attributes at tested intervals Training output = FC and PI values at tested intervals

RF-KNN-SVM- MLP Regression
Hyperparameters Optimization Training
Grid Search Cross Validation {GSCV)
L

FC and PI prediction with optimal hyperparameters at the validation seismic cube
1

r T T 1 Prediction
SEG-Y RF models of SEG-Y KNN models of SEG-Y SVM madels of SEG-Y MLP model of
FCand PI FCand PI FCand PI FC
1 1 . 1 1
Load into PETREL for blind
test validation using Blind Test
development wells validation
FigurwomBkfd3.L.ow used in this study. Acronyms: DST (drill stem
assisted seismic interpretation), SWEET (sweetness), HTAM
similarity), AV, (GWENaQe@o dgruerlgreiceradcey cmat ri x en-ecgu)resct&T (g
matri x entropy) -oc&ELUEH e(ngcrea ymalterviexih hcoomogenei ty), K1 (maxi mum

negative curvatur e, HTLR ¢rHiol)berAVOt { ampfl ot mdef veatstuisdé o flIf sk
(productivity index) ,neRaFr gsrtanndeocing hfboarress)t,) ,SVKMNN( s(lKpport vecto
cross validatdiagreYy, pdtR epmulotni) .
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Well dynamic data compilation and training dataset structuration

The Mero field wells with DST and/ or PLT

into three groups (Figure 3.5): i) mild proc
facies: their typical FC values fal leskset ween
than A80f2mcMhe average oil production at BV
(bpd) . ii) good producers related to high en
to hydrother mal vents or mounds: FC values b
bet wele na nldd¥ H@F 2mmnd average daily oil produc

iii) hyper producers related to karstified ai
explode to hundreds of thousands dafanmQ.OmOand
m/Bgf2cmell s |ike these have the highest oi |
(48, 000 bpd). Note that as FC=a®d.RR) ar dos thr

be targeted as predicted outputs (Figure 3.5

values are not restricted to depositional f
common within the silieyfalksobocc¢dr uwist minad m
di st al facies closegood hgdamplher mal Waleint €,

reworked grainstones close to deep frawclht s th
fluids (Figure 3.2A). As a resul t/,#8giftscnFC an
respectivel y) are signifialatnarleyd apoloavtef otrhne faav

10, 000 mD. m ¥wdgfBlcnc 100 m

Among the two first groupof wells, the platform facies ones, BVE carbonates are

mainly composed of interbedded layers of in situ spherulitites, microbial mats, and
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grainstones (Figures2A and 3.2G. Due to the layered nature of the reservoir, the horizontal
permeability is higher than the vertical o@mnsequentlywellsthatdrilled such reservoirs
often show vertically isolated flow units that can only be indicated through production
logging tools (PLT). At the hyper productive reservoirs from the silicified build ups and
mounds, the dissolution caused by at least two k&edion events (one meteoric and one
hydrothermal) yielded a metric to decametric scaj@lig interconnected cave system which
makes both vertical and horizontal permeability equally extremely high. Therafdie
very porous and permeable build ups and mouma&LT is required once the whole tested
interval is contributingo oil flow. Souza et al., (2021) describe ttwrosiveeffect of silica
rich fluids when they percolate layered carbonate reservoirs.

For building the training dataset, we compiled FC and PI information from wells A, C,
D, G, H, I, and J. We note that Well X4 found no reservoir at BVE, just intercalation of distal
mudstones with Santonian intrusive igneous bodies. To avoid biased itiornma the
training dataset due to the existence of only productive wells DST data, we assume that both
FC and PI values are zero at very low porosity mudstones and igneous intrusions. For this
reason, we includedVell X4 and pseudevells C1 and C2 as nguroducers to
counterbalance the potential biasing in the training dataset (RBdie In the Mero field,
most of the flow units identified through DST are compatible with the seismic resolution of
the areq25 - 40m) (Figure7). For this reason, we can use seismic attributes for FC and PI
prediction for the whole seismic cybethin BVE interval At each well with DST/PLT data,
at the tested interval depths, we extracted seismiccales (9 traces arourlde well) of
each one of the ten input seismaftributes. Therefore, for each one of the ten wells, at the
tested intervals ahe BVE reservoir, we have mistubes (prisms) of ten seismic attributes,

flow capacity and productivity index, totalizing 4968 dat@ints in the training dataset
PT



(Figures3.6B, 3.6C and3.6D). As the seismic sample interval in the z direction is 5 m, and
the seismic grid is 25x25 m in the x and y directions, the number of training voxels per well
ranges from 270 at the thinnest perforated zone (145 m at Well G) to 657 voxels at Well C
(360 m thck perforated zone)lhese seismic mirgubes were converted into SEGfiles,

then into NumPy arraysnd finally into a Pandas data frame which is composed of ten rows,
each one related to the input seismic attribute (independent variable or featLae)taer

row with the predicted output (FC or Pl values from DST/PLT) (Tatlgp
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Top of BVE MO
reservoir
Surface
Red=high
Purple= low

Fi gur&@bD3videw of the seismic attributes used in this study a
model of BVE reservoir at Mero Field (modified from Sartor
attributetsnrarCygf adrirh beefrtampl i tude; D) Hilbert transform of Fa
similarity; G) GLCM energy; H) GLCM entropy; 1) GLCM homog
cur v-aktlyr elL) Ma x i mu emt &K@ a tGiewd ogurcv features acronyms: BU (Bul
(high energy platform facies), LEP (l ow energy platform fa
from Maas et al ., 2023) .
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Flow Capacity vs Productivity/Injectivity Index (considering skin factor)

3000
EC Pl Pl = 0.0075*FC + 40.832
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FigurpSB.8ata compilation at BVE formation at Mero Field. T
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we have thé F&€x apldotrs respectively. Most of the DST data w
and good producers (24,000 bpd) from |l ow and high energy pl_
these platformimeB@ramd rBRlI hwaleuéds gh®he hyper productive wel

represent anomalies related to very high transmissibility |
accumul ates. At the tMares efrivelid,s tchaems @ rowaiete uppo t o 48, 000 b
and Pl are not totally related to depositional fpared es, t he
existing transmissibilmounwdsmainly at the build ups and

Exploratory data analysis

First, we applied mirmax (0-1) normalizationto each one of the ten input attributes.
With Pandas library functions, we calculated the main statistical parameters such as mean,
correlation and covariance. Figur@8A shows a heatmap of the correlation between each
one of the ten input attributes and flow capacity. It can be observed that the correlation is
very low (close to zero) faall the attributesthis indicates that with one attribute at a time,

it is not possible to predict flow capacitythen comparing the attributes, the correlation
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between them is also low. Theoeptons are the GLCM attributeswhich have high
correlation (0.67 0.9). However, where the correlation is lower than 0.y still
complement each other andetbfore are not redundant. This makes them useful for
contributing individuallyto machine learning based predictions of FC and PI.

In Figure3.8B,we present a pair pl¢Beaborn librarydf some of thenormalized input
attributes the hueis the FC value. Note that for almost #ike attributes there is no linear
separability. The only exception again is related to the GLCM attributes given their higher
correlation. Figur&.9 contains the histograms of each one of the ten input attributes and the
flow capacity values were grouped into the three distinct categories meniiefued (0
10,000 mD.m, mild producers; 10,686,000 mD.mgood producers; >85,000 mD.m, hyper
producers)We can obseryagainthat with one attribute at a timieis impossible to predict
flow capacity, as there is significant overlapping between the three categories related to
seismic ambiguity. For human beings, it is impossible to confidently predict FC or PI with
each one of these attributes separately dubree big issues: data is not linearly separable,
data is overlapping and theseea lot of independent variables (ten attributes) configuring
an 11D feature space (hyperdimensional). Only machine learning algorithms can cope with
suchamultidimensional dataset and detect subtle patterns that are not perdeptiblamost

experienced human seismic interpreters.
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FigurAk) 33B.view of the wells used in this study. The surfac

Mer o Field, the BVE reservoir is deformed by extensional r
originalgepmaeatfgrmwWells in red are mostly appraisals and wer
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predictive model s. From B to D, we have 3D views of one exa
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