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Abstract

This dissertation explores a novel cyclensistent convolutional neural network
(CNN) application for seismic impedance inversion. The acoustic impedance is a valuable
source of information foreservoir geophysics, as it is a subsurface layer parameter
intrinsically related to petrophysical properties used for reservoir simulations. Deep
learningbased seismic inversion has recently gained significant attention due to its
capacity to establish omlinear relationships between observed data and model
parameters, producing robust acoustic impedance estimates. | employed a 1D cycle
consistent CNN to perform the highsolution seismic impedance inversion in the
turbidite reservoirs of the Jubarteskl, Campos Basin, Brazil. The neural network was
trained using geostatistidmsed pseudwells with high pattern variability. Before
applying the trained CNN in the real dataset, | performed the seismic data pre
conditioning to remove high and lefrequency noises affecting the data amplitudes,
making the dataset more suitable for seismic impedance inversion. The results show that
the deep learninbased inversion produced a hig¢solution estimate, allowing an
accurate internal characterization of tdite lobes. Quantitatively, the estimated average
correlation coefficient in the eight wells evaluated in this study was 0.78. | observed that
the preconditioning step was important for this application since the 1D architecture
utilized could not deal ggopriately with the noise as it disregards lateral connections.
2D and 3D networks may address this issue. Compared to thdompe@NN and the
traditional modebased inversion, the cyetmnsistent network produced the best
estimate, with good laterabntinuity, vertical resolution, and correlation. Therefore, |
support that modern dedgarning architectures like the one presented can be efficiently

integrated into reservoir characterization workflows to enhance subsurface assessment.

Keywords: convolutional neural network, seismic impedance inversion, @gansistent

loss, turbidite reservoirs
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Resumo

Esta dissertacdo explora uma aplicacdo inovadora de uma rede neural
convolucional (CNN) de ciclo consistente para a inversao sismica acustica. A impedancia
acustica € uma fonte de informacao valiosa, pois ela é uma propriedade de subsuperficie
intrinsecamate relacionada com propriedades petrofisicas usadas para simulacdes de
reservatorios. A inversdo sismica baseada em métodos de aprendizado de maquina
profundos ganhou grande atencao recentemente devido a sua capacidade de estabelecer
relacbes n&dinearesentre os dados observados e os parametros do modelo, produzindo
estimativas de impedancia acustica robustas. Eu empreguei uma CNN de ciclo consistente
para realizar a inversdo sismica acustica de alta resolucdo nos reservatorios turbiditicos
do Campo deubarte, Bacia de Campos, Brasil. A rede neural foi trainada usando pseudo
pocos baseados em geoestatistica com alta variabilidade de padrdes. Antes de aplicar a
CNN treinada no dado real, eu realizei o-po@dicionamento do dado sismico para
remover ruide de alta e baixa frequéncia afetando as amplitudes, tornando o dado mais
propicio para a inversao sismica acustica. Os resultados mostram que a inversdo baseada
no meétodo de aprendizado de maquina profundo produziu uma estimativa de alta
resolugdo, pernmiitdo uma caracterizagdo interna precisa dos lobos turbiditicos.
Quantitativamente, o coeficiente de correlacdo médio estimado nos oito pocos utilizados
neste estudo foi de 0.78. Eu observei que ecprélicionamento sismico foi importante
para esta aplicdg, dado que a arquitetura da rede 1D néo foi capaz de lidar de forma
adequada com os ruidos, pois ela desconsidera conexdes laterais. Redes 2D e 3D podem
superar esta limitacdo. Comparado com a CNN de ciclo aberto e a inversao baseada no
modelo convenciaa, a rede de ciclo consistente produziu a melhor estimativa, com boa
continuidade lateral, resolucéo vertical e correlacdo. Portanto, eu apoio que arquiteturas
de redes neurais de aprendizado de maquina profundo como a apresentada podem ser
efetivamenteritegradas dentro de fluxos de caracterizacéo de reservatorios para melhorar

a avaliacdo de subsuperficie.

Palavras-chave: redes neurais convolucionais, inversdo sismica acustingdo de

custo de ciclo consistente, reservatorios turbiditicos
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1. Preface

| divide this manuscript into three chapter$ie first chaptebriefly describeshe
concepts necessary for this reseanctiexploressometheoreticaformulations | discuss
what reservoir geophysics is and how quantitative seismic interpretation is a field open
for exploring new methods and technologi€se seconathapter presents aublished
research article showing the application dgep learnindased seismic impedance
inversion.In this research, wemployaphysicsguidednetwork calledacycle-consistent
convolutional neural networla relatively new approach withihe field of deep learning
for seismic inversionThe last chaptesims to piece together the first tnsymmarizing
the answers to the main questions raised and highlighting the ones that still need to be
carefully addressed by new research.

1.1. Reservoir geophysics

Reservoir geophysics is mending topicnamein the oil and gas industry

However what does it consist of?

Dimri et al. (2012) definereservoir geophysics as the bridgeat unifies
geophysics and reservoir engineering. In essence, a reservoir geophysicist must have a
deep understanding of concepts organically linked to both disciplines, such as reservoir
rock properties, fluid parameters, and the dynamic behavior ofservaer under
production. Abriel (2008) argues that a reservoir geophysicist should demonstrate how
geophysics can enhance reservoir management, with a particular focus on seismic data
and seismideived products. Azevedo and Soares (2017) further illustrate the
application of geostatistical methods in reservoir geophysics to integrate geophysical
information for reservoir modeling, highlighting the interdisciplinary nature of this field

Put simply, a reservoir geophysicist leverages geophysical information to enhance
the value of an oil and gas projedbohann (1999%tatesthat an increase of 1% in the
recovery factor of a giant oil field may havenare significaneconomic impact thaa
small discovery Abriel (2008) emphasized thahe seismiaderived attributes are the
primary contributionmade byreservoir geophysics, enabling the spatial prediction of
reservoir properties and the mapping of geological faults. This opens up a multitude of
possibilities across all phases of the reservoir prajmivever, for many years, the role
of geophysics was concentrated in the exploration phase and, at some level, in the

1



development of petroleum discoveri@ennington, 2001)This increase imata quality

was a gamehanger feature that changéds scenario.

Pennington (2001presents a substantidiscussiorof exploration and reservoir
geophysics. In summary, the amount of hard data, such aogelata, is a key factor.
While in exploration geophysics, the well data is often required to be extraptolédege
distancesthe wells are commonly available for analysis in reservoir geophyihes
differences extended to other aspgldte inputs from reservoir engineer

In reservoir geophysicghe reservoir is assumed to be in the production phase or
late developmentTherefore,a reservoir geophysicist must gather and integrate all
sources of information.d®rophysicists supply edited and interpretesll-log datawith
mineralogy porosity, clay volume, pore shape, flindormation, and reservoir zones. At
the same time, reservoir enginepravide the reservoir volumeressure, temperate, and
production curvesknowing the limitations of each input, the geophysicist niurstg
value to the project to enhance reservoir characterizaé®ook physicsalso has high
importance in this type of study, and the reservoir geophysicist should address the value
of the compressional and shear velocities to provide insights about lithology, fluid

content, pore pressure, and fractpresencéPennington, 2001)

At the seismic scaleattributes are @aluablesource of informatiorfior inferring
geology from seismic reflection dat@he simplest attribute is the seismic amplitude
Barnes (2016) divides the seismic attributésto geological, geophysical, and
mathematical Acoustic impedance is @eologicalstratigraphic attribute that has
excellentvalue for reservoir characterizatioas it uses the inverse theory to transform
the seismic amplitude, which responds to layer interfaces) tdtribute directly linked
to the layerdWang, 2016) The reservoir geophysicist musiin the seismic attributes
with well-log data to checkheir correlatiorto characterize the reservoif8ennington,
2001).

With the crescenguality of seismic dataseismiescalegeophysical techniques
were ableto bring accurate information for detag thin and ultrathin beds.This is
where the quantitative seismic interpretation (Avseth et al., 2005) eQueastitative
seismic interpretatios anexciting facet of reservoir geophysics. It combines several
methods to estimate threimensional models o€lastic parameters and reservoir

properties which canquantitatively assisthe decisioamaking process in reservoir
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managementin fact, outputs of quantitative seismic interpretation workflows are direct
inputs for reservoir simulatia{Simm and Bacon, 2014} is important to disclaim that
the quantitative seismic interpretation is notnieged to reservoir geophysics; most of its
techniquesave beenvidely employed in the exploration contexterthe yearsAgain,

the main difference is in tr@mountof data available.

Quantitative seismic interpretation routines incladsmic data preonditioning,
seismic attributes, seismic inversion, rock physics, reservoir properties modeling,
geostatisticsypscale ofwvell-log datg and 4D seismi¢Avseth et al., 2005; Dvorkin et
al., 2014; Simm and Bacon, 201Despite alithese methodbeing weltestablished in
the literature, new methodologies emeitgeenhance the quality of results fact, it is
substantial that a reservoir geophysicist understandsméie limitations of these
methodsThereforejt is imperativdo concentrateffortson developing thesedkniques
to keep pace with recent technological advancemanitds overcome the gaps in
conventional approacheBor example, employing advanced technologoedeliveran
accurate highresolution acoustic impedance model that precisely mapsbéun

reservoirs casignificantly impacthereservoirdecisioamaking process.
1.2. Seismic inversion: Quantifying properties in seismic volumes

Seismic impedance inversion isettledmethod in reservoir geophysidsserves
as a valuable tool for seismic reservoir characterizatimnsformingthe seismic
amplitude data to the acoustic impedance of layé¢esce, seismic inversioassistan
the interpretation anduantification of reservoir properties and their spatial distribution
(Latimer, 2011) Seismic inversion isooted in inverse theora branch of mathematics
aimed at estimating model variables from observed data while assuming physical
relationships between thenTherefore, sismic impedanceinversion is naturally
intertwinedwith seismic forward modelingwhere a seismic trace corresponds to the
convolution responsieetween a waveleindthe reflectivity series, governed by acoustic
impedance contras($arantola, 2005)

This routine has been widely employed for reservoir characteriz&larez et
al. (1998)map the spatial extent and quality of the main reservoir sands thireugdsult
of seismic impedance inversidbvorkin and Alkhater (2004gombinetheoreticalrock-
physics models and the acoustic impedavaleme to estimate the porosity volume.
Togeer et al.Z021)utilize the acoustic impedance to map spatial porostityeatservoir
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level, achievingsatisfactory estimate.n t he 1990s, Petrobras’
efforts to fully integrate the seismic inversion routine into reservoir modeling workflows
in Brazilian basins (Johann, 1999). Sirthen it hasbeen systematically used for the
internal characterization of turbidite reservoirs in Campos Basin oil fields like Caratinga,
Roncador, Namorado, and Marlim (Johann, 1999; Bruhn et al., 2017). Traditionally, the
modetbased inversion algorithm has beendudeussell, 1988). Nascimento et al. (2014)
focus on contouring the namiqueness of the seismic inverse problem by introducing
stratigraphic and structural information for building a more accuratefrequency
model in the turbidites of the Marlim Fieldlinhares and de Figueiredo (2022) use
acoustic impedance to enhance the interpretation of internal depositional elements of
turbidites in the Roncador FielBernandes et al. (2023) achigu@osityscenariosising

the percentiles of the stochastic seismic inversind facies in the prgalt of Santos
Basin.Teixeira et al. (2020) perform the seismic impedance inversion in the salt bodies
of the Tupifield in Santos Basin to reduce uncertainty during the drilling of wells in pre
salt(Figurel).
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Figure 1: Results of seismic impedance inversion in the salt bodies of the Tupi Field, Santos Basin: (a)

seismicamplitude; (b) acoustic impedance. Source: Teixeira et al. (2020).
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Despiteits proven efficiency, seismic inversitras limitationsSeismic forward
modeling is an approach that establishes a linear relationship to the forward pass through
the 1D convolutional model. However, the seismic method has limitations such as noise
presence, limited bandwidth, numerical approximations, andgatyssumptions in the
forward modeling. Due to these limitations, classical seismic inversion approaches face
the problems of netinearity, noruniqueness, and {itondition between seismic data
and model parameters, making it challenging to obtaiabigihighresolution results.
(Tarantola, 2005)l'o address these problems, ddteven seismic inversion through deep
learningbased methods can be used. These methods lealimeanmappingperations
(Figure2) between seismic traces and impedance sequences, which can simulate a more
complex relation between data and model paramétegsWang et al., 202). This can
provide more reliable and higlesolution results and overcome the instabilities and
uncertainties in the inverted models that are present in conventional methods based on

the 1D convolutional model.

Figure 2: Features from different layers of the neural network learned in a deep lebasied seismic

impedance inversion. Source: Wang et al. (2022).

1.3. The advent of artificial intelligence

What is an advent?

Summarizing some dictionary definitions,is simply the arrival of something
remarkableor outstandingbe ita personthing, or eventl consider artificial intelligence
or Al, one of the most important advewnfsthe contemporary erdndeniablythe world
hastransformedubstantiallysince the dawn of artificial intelligencenpacting all &cets
of our society The profound influence of artificial intelligence is witnessed in various

secbrs, from technological advancements to how we communicate, conduct business



and solve problemdt marks a paradigm shift ihow we perceive and navigate the

modern world.
1.3.1. On the notion of artificial intelligence

The dream of creatinghachineghat can think and act independently dates back
to a far old time In ancient Greegemythologicalfigures like Pygmalion, Daedalus,
Hephaestusand Palamedeasan be interpreted as inventonghile their creations may be
regarded as artificial lifeTheyexplored the creation of mechanical devices designed to
imitate human or animal actiorfSorexample HephaestubuiltH e r mwngeéd sandals
allowing the messengegod tofly and travel long distanceswiftly (Ovid and Martin,
2004) The sandalsareanintelligent tooldesignedo enhane the capabilitiesof a Greek

god thereforethey can be compared to modern artificial intelligemezhanisms

A crucial idea behind artificial intelligen@ndthe creation ointelligent devices
is reasoningAccording to theMerriamWebster dictionary;, e asoni ng 1 s “t he ¢
i nferences or concl us. Aristctle (884828 B.G.Jwastthee use «
first to formulatea setof laws thatrule proper reasoningflhomas Hobbes (1588679)
defends that reasonimganalogous to numerical computatard can be carried owhen
“we a dubtraaimadir silent thoughts Ih the trendof giving reasoning to machines
Leonardo da Vinci(1452-1519) designeda mechanical calculatofor performing
mathematical operationshowever, it was rever built. Pascaline the mechanical
calculator built in 1642 by Blaise Pascal (162862) is themost famousnechanical
calculatorand can be considered one of the fimtentions that gives reasoning to a

machine though a set ofogical rules

All the previousexamplesdraw metaphorical links to thenodernconcept of
artificial intelligence Since thePascaline calculator, several intelligent devitage been
developed. Howevetheofficialt er m “ar ti fi ci al intmetle0sl i gence
In 19%, John McCarthyled a group that organizedt@o-month workshop reuniting
several researchers interested in automata theory, neuraamebigrtificial intelligence
Despitethe lack of significant breakthroughreached, it waselpful in introducing
prominentfigures inthe field to each othefhe field ofartificial intelligencewas then
dominated by théenattendees of the evetiheir studentsand colleagues for the next 20
years.Therefore, the Dartmouth worksh@an be considered dke birth of artificial

intelligence as we know {Russell and Norvig, 2010).



Artificial intelligenceis drasticallychangingthe world aroundis. As a result, we
will probably experience thmost significantechnological revolution on Earth in the
following decadesThe currentexamples abound: e s del&driving cars are equipped
with autopilot technologyhat usesrtificial intelligencealgorithms such as convolutional
neural network§CNNSs), recurrent neural networkRNNs), and reinforcement learning
networksto supply driver assistance featur&ésese technologies allow, for examles
owness to summon their vehicles remotelising a smartphone applicatidRobotsare
invading the servicesof restaurantsserving thefood, or evenmaking it In China,
Infervision uss artificial intelligence toautomaticallyreview computed tomography
scansto find early signs of lung canceGlobal Fishing Watch adopts artificial
intelligence combined with satellite data to secure a sustainable use of ocean resources
identifying where illegal fishing is happeningpridwide In the artistic worldthe DALL -

E image generatotan create unique scendgslizing only prompt commands natural
languagemeshing multipleoncepts, attributes, astyles Figure3). Other examplesf
image generatoiiaclude Midjourney and Stable DiffusioBrammarly is an Apowered

writing assistance tool that helpeaewrite thismanuscript



Figure 3: Image generated through artificial intelligence. It was created with the Microsoft Designer, which
utilizesa DALLE 3 background. The prompt to generate the i
Sea of Fog from Caspar David Friedrich in Brazil
The examples of artificial intelligence are not always posifdeep fakes an
outstanding but dangeroapplicationof artificial intelligence It canswiftly changethe
faces of peoplemimic facial expressions, and changeirthmices, and it iswidely
employed to spread fake news atefame someonénother examples an automated
cyberattack which can be adaptative to defensive mechanisms, making it more
challenging to fight againsthereforeas with every tool, artificial intelligence must be

used carefully.

However, intelligence differs from consciousneédg are still far from when
machines withartificial intelligencewill present human performanda all tasks—
literally replacing usThey may excel in problersolving, decisiormaking, and task

performance, buthey lack the subjective experience inherent in humagsrding



aspects like perception, thoughé&s)d emotions Henceforth forthcominggenerations

will probably experience a balance betweeth entitiegather than engaging in conflict

A key pointto be addressedvhen discussing artificial intelligence, machine
learning, and deep learning is their definis@nd how they are related. According to
Russell and Norvig (2010), the definition of artificial intelligence depends on the
application motivation, behavior, and rationalitheauthordivide artificial intelligence
into four: acting humanly, thinking humanly, thinking rationally, and acting rationally.

Regarding acting humanly, a computer can be considered intelligent if it
successfully passes the Turing Test against a human interrogator. The test is completed
in case the interrogator cannot tell if a human or a computer gave the responses. For that,
machines must have unique abilities that are characteostmumans. They can be
summarized as natural language processing for communication; knowledge
representation to recognize what one hears and compare with what one knows; automated
reasoning to use ailable information to answer questions; machine learning for
adaptation; and patterns extrapolatién. important aspect is théhe answer given by
the machine does nokcessarily need to lm®rrect.Like a humanwould, the machine
shouldmake mistake$o act fair enoughAs lan McDonaldmentioned Ary Al smart

enough to pass a Turing test is sneaugh to know to fail it ”

On the notion of thinking humanly, computer behavior is compared to the
functioning of the human mind, which ésntroversial. To create a computer that thinks
like a human, we first must know how a human thinks. However, the intrinsic
stochasticity of our actions has not yet been entirely reproducedolgyamstrying to
behave likethe human brainThe field of cognitive science carries out both artificial
intelligence and experimental psychology to develomtiteon of artificial intelligence

in human hinking.

Thirdly, thinking rationally- or reasoning-is more of a philosophical discussion
based on logic. This logicist tradition within artificial intelligence aims to create
intelligent systems to solve practical problemsing manipulable symbolsThese
symbols are utilized according to some wifined rules taive the machine actions.
Still, thinking rationally lies on several issues, like the knowledge domain and the

difference between principle and practice.



Lastly, artificial intelligence is compared to an agent acting rationally. This
pragmatic definition gives that a rational agent takes the best possible action in a specific
scenario. The field of artificial intelligence studies how to create such agkmever,
this rational agent could be more intelligent. A brief comparison of a rational agent that
is not intelligent in geophysics is a tool for automatically tracking seismic horizons, which
is hardcodedo perform this specific taskor exampleit is embeddedo trackthe most
positive amplitude values laterallyhis tool rationally knows what it is supposed to do
but cannot acquire knowledge and learn patterns from data as an intelligent@gent
Thus, it is necessary to define a subfield of artificial intelligence in which the systems can
learn their decisiomaking rulesconstantlyusing data. This subfield is called machine

learning.

1.3.2. Machines that can learn

A classicexample in geophysics of an artificial intelligence tool taatnot learn
from data is the auttrackingtool for mappingseismic horizonsAuto-trackingis hard
coded to perfornspecific tasks, such as laterally mappthg most positive reflection
within a local windowAfter a pick in gparticularposition, the toogoes to théollowing
seismic trace and automaticaplicks the most positive amplitudgthout any feedback
from thedata This behavior ishelpfulin most cases; howevet mightfail in areas with

complex geologynd lead to misinterpretations.

The keywordto overcome thais learning.In this scenario,darningconsists of
improving the performance of an agafter making observations toake accurate
predictionsor decisions.Given thaf the motivation for designing machhearning
algorithms is straightforwardlhey are trained tsupply precisesolutions tooverpass
challenges found in real life, witheirperformance intrinsically dependenttbe quality
of thetraining dataln fact, datds crucial when discussing machine learnifibeadvent
of machine and deep learning is directly related to the large amounts of data at@ilable
be processed in recent yedfsom this point, Iwill exploremore technicabspects of

machinelearning methodto further dive into the dedparning algorithms

Machinelearning algorithms comprise many daft@ven methods that extract
useful information from raw databuilding predictive models to tackle reabrld
problems (LeCun et al., 2015; Goodfellow et al., 2(R&schka and Mirjalili (2019)

These methods can be employed to solve different tasks, depending on how the features
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(or examples) should be processed. Classification and regression are the two most
common tasks using mach#earning techniquesin classification, the learning
algorithm estimates a mapping functi®p © pH8 NQ that is responsible for giving

which classwan inputwbelongs to, such thad "Qw (Goodfellow et al., 2016)An
example is taking a couple of wdtlg samples (features) in each depth and feeding them

to "Qfor estimating which facies (class) occidupois et al., 2007Hall, 2019. For
regression problems, the computer program calculates a humerical output, instead of a
categorical one in classification. The behavior is similar, taking the input feaiares
outputtingwy however now the mapping functidiis defined a&jn  © s. Maintaining

the example in the world of welbg data, machinéearning models can be used to predict
missing data of a given well log in an interval or even estimate a complete well log from
others Gouza, 2028 Other general applications of machilearning techniques include
transcription, sampling, anomaly detection, density estimation, and denoising
(Goodfellow et al., 2016).

Rob Tibshirani a statisticiarfrom Stanford Universitycompares the learning
process in machine learning to the fitting step in statistic$act, machinelearning
methods can bseen through the point of view of probabilistic thecfe laws of
probability rule the reasoning of machidearning system$ make predictions in the

presence of uncertain{Goodfellow et al., 2016)

A typicalintersection betweestatistics and machine learning is linear regression.
The linear regression model heageneraform (Murphy, 2012):

w 0 0o 0o E 0w -h (1)

where0 for all’'Q pFB FE are the weights is theresidualerrorbetween th@redictions
and the true responseften assumed to obey a Gaussian distributidh mean' and
standard deviation (-*x 0 ‘h, ). Theprobabilistic worldconsiders thathe modelQ

is a conditional probability density
noawh— 0 o oh o h 2

where—is the set of model parametefsssuming a linear function @ U « the

model has the form:

11



hogh— 0 a0 oh, 8 ©)

A traditional approach for statistically estimating the m@aeameters is through

the maximum likelihood estimation (leesjuares method):
— AQICABTigos—h (4)

where O comprise the datasetaining samples.Assuming that thsee examples are

independent and identically distributed, the-likglihood can be written as follows:

A . g ®)
a—1 1 TnQos— | ThQoewh—38

A more convenient approach than maximizing thellkeglihood is minimizing
the negative lodikelihood (NLL):

o ©)
00 B—1 I InQooh—38

Theapplication of theanaximum likelhood estimation in the probabilistic setting
of the linear regressigthe log likelihoods given by:
- (7
a— H%‘L Ao 6 0w

P o6 oo iy I¢c, 8
Gy C

The maximum likelihood estimate is the one that minimi#esresidual sum of
squares termB w U w . Figure 4 illustrates the line with the parameters
(intercept and slope) estimated utilizing the maximum likelihawethod given the
training dataThe contour surfaces of the residshabw that the prediction converged to

the maximum likelihood estimate
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Sum of squares error contours for linear regression

prediction
truth

Figure 4: Linear regression achieved through the maximum likelihood estimate, showing (a) training
samples, prediction, and error; (b) contour surfaces of the residual sum of squar&oteoa. Murphy
(2012).

As shown linear regressiohasasolid probabilistidoackgroundThis stands for
all machinelearning methodsas hey were built on concepts of statistittowever
machine learning is not just a fancy name for statistibile statistic provide
foundationsand theorems$or different models, machinlearningfocuseson deploying
systems tosolve problemskFitting the training dataliffers from finding patterns that
generalize to new data (Goodfell@wal., 2016)A statistician would probably focus on
the first, while a machintearning engineer woulcbncentraten the lastln other words,
the goal ofanoptimizationalgorithmis to purely minimize a cogkoss functionv, while
the learning process of machine learramgsto reduca) — forimproving a performance
metric0. Therefore the key poinfor this discussioiis the emphasien each(Murphy,
2012).

Neural networks, also called artificial neural networks, thee most exciting
machinelearning models. Neural networks try to replicate the learning behavior of
neurons in the human brain. McCulloch and Pitts (1943) created a simplified
mathematical model for the functioning of a neuron, and from thatas possible to
establish the relationship between a biological neuron and computational logic.
According to Goodfellow et al. (2016), the first neural network models designed for
neuroscientific purposes were simple linear models that take atsetmft valuesvand
output ¢ the dot product between these inptnd a weight vectai, asw @0

wL E @0 . Estimating his kind of modelparametergorresponds to the linear
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regression, previously discuss&tie operatiorof the linear modeahdicates a connection
between all inputs and weighthus, the second part of the name of neural networks
refers to the fact that the neurons are connected in a network fashion. The neurons from

a layer receive the information from the previous one and pass it to the following layer.

In the McCullochPitts Neuron model, th@eural network was designed to
perform binary testing Maf)  is positive or negative. However, a significant challenge
of their approach is that the weigthitsand threshola — or activation function used for
the binary decisior must be manually set correctly to achieve accurate performaoce
overcome this limitation, Rosenblatt (B)5roposes the perceptron algorithFgire
5), the first one to learn the weights by using pairs of inputs and outputs from each class.
Moreover,the concept of learning isaitical factor in understanding machine learning

and neural networks.

Inputs Weights
X1
X2 Activation
Sum function Output
x3 hO_ y
xn

Figure 5: Representation of the perceptron algorithm. This neural network takes an input vector and
performs the dot product with the network weights. The scalar is fed to an activation function that yields
the class to which the input belongs. After Rosenbl&&g)L

The perceptron, a singlayer neural network, receives input valdgsends them
to the weight neurons, and outputs a binary valdg®0 or 1).From now on, we will call
the neurons as nodes. Another element in the network is the activation function, also
known as the threshol d. Il n Rosenbl att’ perc
weight nodes) give the importance of each input (or feature) for generating the output;
therefore, they are the only trainable parameters to be optimized in the perceptron
algorithm. The perceptron training is done by feeding the network with input features and
their respective labels. The network outmitompared to the actual label for all samples

at each iteration, and the weights are updated based on that (Raschka and Mirjalili, 2019).
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Despite its accurate predictions in some cases, the perceptron algorithm can only
be effective if a linear decision boundary can separate the classes. Furthermore, it is a
binary classifier that cannot handle mulass problems. In fact, the greatestitation
of the perceptro@rises whenit cannot learn the XOR function, whé mip h) P,
Qpmh  p, Qpph 1 and’Qnimh) 1 (Raschka and Mirjalili, 2019).
The XOR classification problem is a classical task that requires dingam decision
boundary Figure6 illustrates clouds of 200 random points generated to mimic the XOR
function and the respective decision boundary estimated using the perceptron algorithm.
Half of these points were used to train the neural network weights. The result highlights
a low accuacy of only 70% in the validation set after 200 training iterations, with part of
the class 0 points being classified as class 1 by the linear decision boundary. This
inaccurate result in a relatively trivial ndinear problem restricts the perceptron

application to more straightforward scenarios that are ranatare
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Figure 6: Training and validation metrics of the perceptron for 200 epochs aedtih@atedinear decision
boundary. The linear decision boundary derived utilizing a sitayler neural network cannot separate the
two classes. Source: Raschka and Mirjalili (2019).

A linear model can be applied to a transformed impuad instead of tawitself to
represent notfinear functions, where is a nonlinear transformationThis leads to the

problem of how to choose the mapping funcio(Goodfellow et al., 2016)

1.3.3. Deep learning: The neural networks get deeper

Deep learning works oearningthe functione forementionedTo derive a non
linear decision boundary and deal with challenger problé&mshe XOR functionmore
hidden layers can be added to the neural network, forming alayéti neural network.
The multilayer perceptron (MLP) is a fuHgonnected neural network where the nodes
from a hidden layer are connected to all nodes of the previous and neStacigng
hidden layers with their respectiv@nlinear activation functions allows the model to
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transform the input data into a nbnear representation (Goodfellow et al., 2016). This
sequentiabccumulation of hidden layers gives the notion of depth to the neural network,
which is the starting point for the subfield of machine learning called deep learning.
Authors such as Goodfellow et al. (2016), Aggarwal (2018), and Raschka and Mirjalili
(2019) provide a comprehensive journey through the world of neural netwiglkse 7

shows the noitinear decision boundary calculated using the maiter perceptron with

four hidden layers. In this case, the accuracy in the validation dataset is near 95%,

representingn excellenpredictive performance of the model.
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Figure 7: Training and testing metrics of the mtliyer perceptron for 200 epochs and estimated non
linear decision boundary. The ntinear decision boundary derived in the MLP enables the separation of
the two classes in the dataset Source: Raschka and Mgal9).

Finally, deep learnings defined as a subfield of machine learning and,
consequently, artificial intelligenc&igure8). Deep learning uses deep neural networks
to learn advanced concepts from large amounts of data:|Baejng routines are widely
employed in computer vision, where the neural networks are composed of several hidden
layers that extract representativetteas from the observed data, identifying edges,
corners, contours, and objects, allowing their description. By managing sevelialgaon
modules, deefearning methods can learn complex functions. They apply to tasks like
image classification, image geration, semantic segmentation, speech recognition, and
dimensionality reduction (LeCun et,@015; Goodfellow et 312016).
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Artificial intelligence

Rational agents which can perform actions
based on pre-defined knowledge

Machine learning

Intelligent algorithms that can learn
during time to tackle real-world
problems

Deep learning

Deep neural networks applied to
learn complex concepts from a
large amount of data

Figure 8: Venn diagram showing the relationship between artificial intelligence, machine learning, and
deep learning. After Russell and Norvig (2010), LeCun et al. (2015), Goodfellow et al. (2016), Aggarwal
(2018), and Raschka and Mirjalili (2019).

There are many types ofeural networks in deep learning, each designed for
specific applicationsMLP, CNN, RNN, long shorterm memory network (LSTM),
generative adversarial network (GAN), autoencadeesp belief networks (DBN), and
reinforcement learning network8NNs are e focus of the discussion of this research.
However, reviewing the MLParchitectureis the easiest way to introduce the basic
concepts of deep neural networks for further developing a more comprehensive

understanding of sophisticated architectures likiNE

1.3.3.1.  Multi-layer perceptron

The MLP (Figure9), called a deep feedforward network, is the core of modern
deeplearning techniques. Its goal is simply to approximate a funcébrthat is
responsibleto map "Qai}—and learns theet ofparameters—that best fit the function
® "Q w.They are deep because several layers can be appended to the network, giving
the notion of depth. And they are also feedforward because the information flows towards

a single direction, fronbto «y without any feedback. Finally, MLP is a network because
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the composition of different functions represents it. The key aspect of a deep neural
network is finding the best set of parameterasing examplesoand their respective
labelsw Like in the perceptron case, this is called training. For each qadiné training

pairs explicitly state in the output layer the desired output that closely mafches
However, the training data does not provide direct instructions for the behavior of the
other layes. The learning algorithm determines how these layers should be utilized to
achieve the desired output. The trainthgta does not strictly specify the role of each
layer in the network; hence, these layers are referred to as hiddes(Ggedfellow et

al., 2016)

Output units é)

A 4 E Wi Y

Wy keH2

f(z

Hidden units H2 Y =10
% 2 Wik Y|

jeHl1

Hidden units H1 Y l‘(zj,-)
7= W X

i e Input

Figure 9: This is an example of an MLP network in which information flows from the input layer to the
output layer, passing through the hidden layers. Each hidden layer contains its respective hidden units. The
input layers take the values of the input featugesirce: LeCun et al. (2015).

The easiest way to undgand how aleep neural networis through an example
of the MLP.The generalorm of ahiddenlike processing unis very similar toEquation

1, but activated by a nelinear function, given by

. (8)

Here, | introduce the bias tertito the neural networkAs a fully-connected
neural networkeach hidden unit has its own bidwever,this termcansometimede

overlookedwhen addressindeep neural networldue to reasons such as computational
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efficiency, simplicity, zerebias assumption, and employmehhormalization layerdn

the following example, | take the bias tenmta account.

Figure 10 shows a numerical example of the MLEet the input dataset be
composed of threfeaturesthe nontlinearactivation function okach hidden unit in the
second layebe the sigmoidand the actual value be.8Bhe output layer does not have
anactivation functionThe forward pass consists of flowing theuts through the layers
toward the output layemaking a predictionGiven the parameters and biases shown in

Figure 10, the prediction of the first forward passo ¢ ®Bou

(€3]

y(l)

o) y(Z)

b,

Input Layer € R® Hidden Layer € R*>  Output Layer € R’

Figure 10: Numerical example of the MLP. The weight parameterdiare 1®, 0 ® V0 TP,
0 TEIYL TP, 0 ™Iy pgandd  « The bias terms am@ P VR p vand
@ ¢ mThe output of the first hidden unit, after the sigmoid activation functiah, is 1@ ¥ and the
one of the second hidden unit also after the activation is T8t 1.XThe first forward pass yieldd
¢ WU

As noticed, the prediction guite different from the actual valuBy defining a
cost functionv —, this difference can be quantitatively measuitt the parameter
space The nonlinearity of the neural network makesost ofthe cost functios non
convex (Goodfellow et al., 2016)he best way to optimizeon-convexcost functios is
by iterativelymovingalong the negativdirection oftheir slope until finding a minimum

value.This is callecperforming the gradient descent.

Let the cost function be defined as:

0— O . (9)
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Equation9 measures the square of the distance betweemprediction and the
actual value. Its minimizatiooan beperformedthrough gradient descetd update the
parameters<weights and biasesiiowever,the gradientmustbe calculated to achieve

that and his iswhere the backpropagatiatgorithmenters.

The backpropagatiomlgorithm calculates the partial derivatives of the cost
function regarding each parameter, while the gradient descent performs the learning
(updating) step using the estimated gradient. In otkerds the backpropagation
algorithm gives how sensitive the cost function is to small perturbations in each parameter

of the neural networlkbased on the chain rul&or example, if | want to check how
sersitive 0 — is to small perturbatieatd (—), the chain rule gives
1o e 19
ToO TWlo
The partial derivativeof the cost function regarding the predictisngiven by

— ¢ 0 . On the other hand, the partial derivative of the prediction déuygthe

parametep is:

T 1T 0® 0w O (11
10 10

Thus the sensitivity of the cost function o is written as:

0 . (12
— 8
5 CW WW

By applying the values shown Figure 10, the result of the partial derivative is

— T &. This value is usetb updata) by performingthe gradient descent

10 (13

where— is the learning rate. The learning ratamsimportanhypeparameter in machine
learningthat determines the step magnitude along the negative direction of the slope of
the cost functionGenerally, digh learning rateancau® divergence in theost function,
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while with a low learning rateit may take a long time to converge and possibly be stuck

in alocal minimum. Equation13is respectively utilized for all network parameters.

The stepdor modifying the parameted are analogous t6 . To update the
weights of thehidden units in the second layére backpropagation algorithm involves
calculating a more complicated chain riter example, taipdate the parametér , the

chain rule gives:

TO6 TOl®d Ta 10

L T 0TwTw T¢(8 (14

Each hidden unit in the second layer correspondsvtodperatios. the linear
combination of the inputanda nonlinear sigmoid activation function. Thereforégt
calculation involvegaking the partial derivates of the hidden unit outptd the linear

combination—. In this case— has the form:

o
TTTC(Jo 6o —2 o —P a8 (19
p Q p Q

From the values ifigurel0, the sensitivity of the cost function to changes in

is— p & 1t

MLP training involvesminimizing the cost functioror a userdefined number of
epochs for all samples in a datasetr a deeper discussiohthe MLPregardingraining,
convergence rate, number of layers, depth of the maddimpact ofhyperparameters,
| refer toRaschka and Mirjalili (2019).

The first papersadopting deep learnindpased mihods for solving seismic
inversionproblemsemployedthe MLP (R6th and Tarantola, 199An and Moon, 1993;
Ro6th and Taranto]dl994; Calder&iMacias et al., 2000Calderé6nMacias et al. (2000)
utilized the MLP to obtain 1[acoustic velocity models from synthetic seismic data,
presenting that the network caffectively map from the seismigaveform domain to
the velocity of the medi&im and Nakat#2018) compare the MLP with the conventional
leastsquares method to solve reflectivity inversion, showing that the neural network

yields high spatial resolution and is more robustata noiseDespite the positive results
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in all these applicationshe MLP presents crucial problems thaider its application to

realseismic datasets.

While the MLP approach can be problematic due to the quick expansion of
parameters, leading to difficulties in training, and the disregard of spatial information
which can make it challenging to apply to real datasets, CNNs offer a solution. By
accounting for local connectivity and utilizing fewer weights, CNNs can overcome these
obstacles (LeCun et al., 2015).

1.3.3.2.  Convolutional neural networks

CNNsare a spdalized type of neural network designed for handling data with a
defined structuredgrid where the spatial dependencies are str@godfellow et al.,
2016 Aggarwal, 2018 This netvork wasproposedy LeCun et al(1989) for classifying
handwritten digitdn images representing areakthrough in computetision due to its
outstanding performance for several image classification .t&keeits dawn CNNs
have becomene of the most employed dekgarning architecturelheadvantage of the
grid-like operations of this type of neural netwaskdue to the convolution operation
and it suits either 2D grid operations, as in image data, or in the 1D grid, sticte-as
series dataThe CNNs also fit 3D data volumeA. seismic amplituddrace can be
interpreted as a 1D time series that baeffectively processedy a CNN.

The main difference betwee@€NNs and vanilla neural networks is &h
mathematical operation called convolutidathematically convolution isan operation
performedbetween two functions thatendthen togetheiproducing a final function that
is definedas

16
o "Q Qo JQ0 0Qd (16)

where"Gand Qare thaéwo functions,0is the domain variabl&yis the integration variabje
andi is the convolutiorresult Thez operator denotethe convolution operation. The

same process can be generalized for the discrete case and for multiple dimensions.

The suwcess of CNNs for image recognition is intrinsically related to
understandinghe structures of biological neural networks at stewel. This architecture
was inspired by the visual cortex behavior of calbserved by Hubel and Wiesel (1959)
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experimens. The way the cats process the information flowing through their eyes is
analogous to the data path in convolutional neural netw@ggarwal, 2018) The
information isassimilatedn a hierarchical fashigrwith eachlayer building upon the
features extracted by the preceding layallswing the extraction of increasingly abstract
and complex featureSimilarly to the visuakortex of cats,he first CNN layersstart
extracting simple features like edges and contours, gradually progressing to more
complexones like shapes and patterns (Goodfellow et al., 2016).

The multidimensional discrete convolution is the building block for CNIYie.
main ideas behindhe CNN design are sparse interactions, parameter sharing, and

equivariant representatiofGoodfellow et al., 2016)

Sparse weightsmeanthat CNNs usefewer parameters thaan MLP to perform
theirbasic operations. It is accomplished by the fact that the kernels of a CNN are usually
much smaller than its inpuTherefore, just a femumbersof parameters are stored in
memory, making the CNN vesfficient. In a 2D examplethe samekernel convolution
is applied to any size of 2D arrays, while increasing the number of neurons in a layer of
anMLP will increase the number of weights proportionally. The calculation of this type
of convolution is also much more efficient than the matrix multiplication, requiring fewer

operations.

Parameter sharing is the other concept that arises because of the nature of discrete
convolutions thabenefitCNNs. This concept is tied the concept of the sparse weight
discussed befordt consists ofeach member of the layer kern@siployed at every
position of the inpytstrengthening the CNN to changes in ldeationof objects in the
input layers.The reuse of parameters also helps on improving traamygreduce the

memory consumption of CNNs.

Lastly, equivariant representation denotes that if a change happens on the input of
a convolution, the same change will be observed on the output. Specifically, convolutions
have the property of being equivariant to translation, meaning that shiftimgpits by

any amount will cause an equivalent shifits output.

Figurellshows a typical CNN architectundilized for image classificationlThe
input layerrepresentshe raw input datawhichis labeled accordinglyin this case, the
class is a carA CNN layergenerallyconsists of three stages: convolutiaetivation

function, and poolingln the convolution stagenultiple kernels are convolved with the

23



input data to capture differealements of the image, such as edges, textures, and patterns.
The activation fuation is responsible for introducing néinearity into the model. The

final stage of a CNN layes pooling,whichreducethe spatial dimensions of the feature
mapswhile keeping the essential informatiofihe sequentiahddition of these CNN
layersenableghe network to learn most of the features fribiadata. The last part of a
CNN comprisesfully-connected layerswhich areresponsible for the classification
processThese layers learn higbvel features and make predictions based on the features
extracted by the previous layetdsually, the last fullyconnected layer is activated by

the softmax function taransform he network output ito class probabilitiegzinally, the

output layerproduces the final predictiorieat the CNN is designed fékeCun et al.,
2015.

D - BICYCLE

. FULLY .
I~ eur CONVOLUTION + RELU  POOLING  CONVOLUTION + RELU  POOLING aren FULLY - sortmax
FEATURE LEARNING CLASSIFICATION

Figure 11: An example of a CNN for image classification. Some layers are responsible for learning the
main features of the input data, while the last layers yield the respective cltss ioput. Source:
https://towardsdatascience.cort@mprehensivguideto-convolutionaineuratnetworksthe-elis-way-
3bd2b1164a53

The convolutional layer is theorebuilding block of aCNN. It conductdiscrete
multidimensional convolutions on inpytgroducingoutputswith the same number of
dimensionsin Equationl16, the inputcan be considered as the functi@and the kernel
as"Q A convolutional layemgenerally has fouparameters: the number of convolution
kernels, the shape of the kernels, the stade whether it uses paddif@oodfellow et
al., 2016)

The number of kernelsleterminesthe number of independent convolution
operations that will be performehdthe number of output elements. Tkernelshape
defines the dimension of eacbnvolutional filter which is usually much smaller than

the size of the layer input. For convolutional layers, the weights are tensors
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(multidimensional arraysyvith the first dimension accounting for the number of channels

on the input and the last dimension for the number of kernels. The other dimensions define
the size of the kernel. Fexample if the input haghreechannels and the layer $132

kernels of shap&x7, the weights for this layer are tensavith dimensions3x7x7x32.
Figure12 illustratesan example of the discrete convolution of an image with input size
3x4 with a 2x2 kernel in the mode called valithe valid mode restricts the output to only
thepositiorswhere the kernel entireyoversthe input image. In practicene must adopt
padding to produce an output with the exact size of the.ifjig is equivalent to the

convolution in a mode called to full.

Input

Kernel

h

v Output
—>
aw + bxr + bw + ex + cw + dr +
ey -+ 2 fv + gz gy + hz
ew + fx H fw + gxr + gw + hxr +
iy o+ gz jy +  kz ky + =z

Figure 12: Convolution operation of an input image with dimensions 3x4 with a 2x2 kernel. Each position
of the output is defined as the sum of the elemds¢ product of the two arraySource: Goodfellow et
al. (2016).

Padding introduces zeros in the corners of the input to allowdit@ete
convolutionto capturethe corners in the valid mod®/ithout the padding feature, the
width of the representation would be whik by one pixel less than the kernel widilihe
stride defines how many steps the kernel will move in each step of computing the

convolution
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In general, traininga CNN consists of updating thikeernel weights. Figure 13
illustrates the impact afonvolvingdifferent 3x3 kernelswith the same input imagen
the featuresextracted In the first example, | apply a vertical Sobel filter theinput
image This filter typically emphasizes regions of high spatial frequency, corresponding
to edgesn the vertical directionThe second example adopts the Laplacian filenich
usesa seconéebrderderivativefor imagesharpenindGonzale and Woods, 1992)The
last filter is initialized with random weightsighlighting some features like the eyes,
ears and noseEach filterspotlights a specific featurand their combinatioallows for

extracting different elements of the input image.
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Figure 13: Convolution of different 3x3 kernels with the same input image. The first filter is the vertical
Sobel filter, the second one is the Laplacian filter, and the last one is initialized with random weights. Each

filter extracts different features from thgut image.

Activation functionsare the second stage of a typi€IN layer. They are applied
after a convolutional layer fatroducenortlinearity to the neural network and allow it to
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learn norlinear mapping functiongGoodfellow et al., 2016)The most common
activation functions useuh neural networksire the sigmoid, hyperbolic tangent (tanh),
rectified linear unit (ReLNair and Hinton, 2010 leaky ReLU(Maas et al., 2013and
softmax.The choice of activation functiotlependson the specific requirements of the

problem, netwik architecture, and empirical performance.

For a long time, the most used activation function was the sigmoid. However, the
current default fotheactivation functionn the hidden layers of a CNislitheReLU.The
ReLU has some good properties for learning convergench,adeing piecewise linear
(Goodfellow et al 2016) Figure14 showsthe impact of different netinear activation

functions on the same input data.

Figure 14: Different nonlinear activation functions are applied to the same input image. The input image
is the output of the convolution with the vertical Sobel filter. The first activation is the ReLU, the second
is the leaky RelLU, and the last is the taAl.activations introduce natinearity to the neural network,

with specific properties desirable for designated problems.
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Poolingfunctionsarethethird stage of a CNN layefhey are théypical way to
performdowrsampling in CNNsas the poolinfunction replacethe output of a network
layer at certain locations by deriving a summary statistic of the nearby outputs.
Downsamplingis useful in deep learning to reduce memory consumption and improve
network performancéGoodfellow et al., 2016)As the poolingunctionsreduce the size
of the layer output, the following convolutional layer can extract hitghesl features
from data.Low-level features include edges, contours, and blobs, while-leigh

features comprise objects abiggerevents.

One of the main approaches for downsampling isimam pooling (max
pooling). Othercommon functionsnclude minimum pooling (min pooling) and mean
pooling (Raschka and Mirjalili, 2019 In the max poolingthe output of a layer is tiled
into small regionsand for each ahose regions, only the maximum value is passed ahead
tothe next laye(Figurel5). Besides théenefits previously posted, theax pooling step
makes the representation become approximately invariant to small translations of the
input Thisoccursbecause even if the output of a layer is dislocated by a few samples,

themax pooling operation might still yield the same outp@bodfellow et al., 2016)
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Figure 15: Example of two downsampling techniques: max pooling and mealing. Source: Raschka
and Mirjalili (2019).

Downsampling the input image with pooling funcsonitha2x2 kernel size and
stride 2 halves the size of the imggegure16). As expected, the ax and min pooling
produce more contrastive outputs, while the mean pooling yields a smoothBespite
thar differences, most of the CNNs in the literature adopt the max pooling as the

downsampling function.
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Max pooling Min pooling Mean pooling

Figure 16: Different pooling functions for downsampling applied to the input image. The input image is
the output of the convolution with the vertical Sobel filter and the ReLUlinear activation. The input
image has dimensions 1024x1024, and the downsanaptsibn has dimensions 512x512.

Figure17 shows the sequential applicatiohmaxpooling functions witha 2x2
kernel size and stride 2. Although this operation does not occur in a row in CNNs, the
illustrationhelpshighlight the more refined features associated with the first layers, while

the last layers capture more coagsained information.

0

100

Figure 17: Sequential application of the max pooling functions, halving the dimensions of the input image.

Theconvolutional part of th€NN previously shown ifrigurellis composed of
convolutional functions, activations, and poolifigne normalization layers are another
essential part of modedeep neural networlkamployed in several architecturds this
context, batch normalization (loffe and Szegedy, 2035)ne of the most exciting
innovationsfor improving the optimization step of neural networks$s added as part of
a convolutional layer, helping to stabiliaad improve the performance thle network
during the training stag&oodfellow et al., 2016)

The katch normalizatiortakesthe outputs froma previous hidden layer and
normalizes therso that theyass as the input of the next hidden layéis is important
since each feature of the inpumight have a different range of valuegthout
normalization Duringgradient descenthe network makea large update to one weight
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compared to the other weighhstead,if the features are normalized, gradient descent

smoothly converges to the minimugure18).

a) b)

Y

Figure 18: Loss landscape of (a) raw features and (b) normalized features. When the input is batch
normalized, the gradient descent converges faster and with more stability to the minimum of the loss
function. Source: adapteftom https://towardsdatascience.com/batgrmexplainedvisually-howit-
works-andwhy-neuratnetworksneedit-b18919692739

Batch normalization is a technique that helps to improve the performance of neural
networks. Essentially, it works by adjusting the activation of a layeubtracting the
batch mean and dividing by the batch standard deviaffter that, two learnable
parameters are employed: gamma is used for scaling and beta for shiffan, this is
a great innovation of the batch normalization algorithis a differentiable
transformationthe gradient of the loss function with respect to the batch normalizatio
parameters can be effectively computed by the chainThiebatch normalization layer
can optimizeandfind the best parametefer itself, enabling it to shift andcale the

normalized values to achieve optimal predictiinffe and Szegedy, 2015)

Batch normalization prevents the model from getting stuck in local minima,
allows faster convergencegularizeghe model by reducing internal covariate slaftg
mitigatesgradient vanishing and explosidaoodfellow et al. (201&)ighlight thatbatch
normalization improves the optimization performance in CNNs, especially titse
sigmoidal activationsTherefore, it is reasonable to adopt this algorithm wdesigning
a CNN.
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Computing gradients with bagkopagation in CNNs are quiige the MLP case.
Despite the mosintensive computatignthe chain rulealso appliesin CNNs to
backpropagate the information through the network and calculate the gradients
summary, the laws are the same, changing onlfutietion, which is now a convolution,
instead of matrixmatrix and matrixvector multiplicationsTo perform backpropagation,
the convolution filter is inverted horizontally and verticalllfigure 19), and the
backpropagated derivative sétthe posterior layas convolved with this filter to get the
backpropagated derivative set of the ackangdr, intuitively in the backward direction of
the network For a deeper overviewf the backpropagation in CNNand its practical

applications| refer to Goodfellow et a(2016)andAggarwal (2018)
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Figure 19: Kernel shape for the forward and backward passestce: Aggarwal (2018).

When addressing the differences between machine learningtaistics | have
shown the maximum likelihood estimate that minimizes the cost funaiion
B ® 0 w .The costfunctions are also an important aspéen building deep
neural networkdMlinimizing the cost function makes tdeeplearningmodel predictions
closer to the actual targefherefore building custom cost functiors a central research
line inmachine learningn orderto achieve modsithatperform well in dataEssentially,
regularizationadds prior information to the cost functiofor improving the model
generalization There are multiple types of regularizations created for regression and
classification problemdg-ocusingon the regression casthe most commoiparameter
norm penaltiesre theb norm (Tikhonov regularization) and norm (Goodfellow et
al., 2016).

Advanced cost functions arise to be applied in specific network architectures or
tasks.Examples include the adversarial loss used in GANs (Goodfellow et al., 2014), the
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style loss (Gatys et al., 2015), and the perceptual loss adopted in the VGGNet (Johnson
et al., 2016). The cycleonsistency loss was first introduced by Zhu et al. (2017) as a
method for imagéo-image translation in the CycleGAN. This loss function ffer
numerous benefits over the basic cost functions such as the mean squared error, including
the elimination of the need for paired data during training, preservation of image content
during translation between input and output domaths ability to hand image
variations robustly, and the capture of semantic information such as shapes and identities.
Wang et al. (2020) found similarities between the dorrainslation step of the cyele
consistency loss and the seismic forward modeling and seismic inversion processes,
making this cost function suitable for deep leardaged seismic impedance inversio
approaches.

After understanding the essential elements of a CNN, it is time to buildbee.
most conventional CNMrchitecture previously shown irrigure 11, is called LeNeb
(LeCun et al., 1989). It wgzroposed to classify images containing handten digits
revolutionizing computer visiant consists of several convolutional layers with fion
linear activations and pooling functions, followed by ftdlgnnected layer«rizhevsky
et al. (2012) preseatl the AlexNetfor image classification in the ImageNet dataset,
winningthe 2012mageNet Large Scale Visual Recognition Challeng8V{RC). It was
after their research that the ReLU was popularized as the main activation function utilized
in CNNs (Aggarwal, 2018). VGGNéBimonyan and Zisserman, 201d)a simple and
uniform architecture that exploits a series of convolutional layers with 3x3 filters and max
pooling, finishing with fully connected layers. Its variants have different depths, such as
the VGG16 and VGG19. VGGNet forces a stronger -lnogarity and greater
regularization by reducing the kernel sizes and increasing the depth of tldutiomal
layers. Another famous CNN architecture is the ResNet (He et al., 2015), wirther of
2015 ILSVRC.The original network used 152 layers, which is a much higher amount
than the previously used architectures, achieving hdmas performance in the

ImageNet classification task.

U-Net (Ronneberger et al., 2015) is a CNN architecture widely employed in
seismicrelated routinegLi et al., 2019;Wu et al., 2019Tschannen et al., 202Wang
et al., 2020Vizeu et al., 2021Ge et al., 2022izeu et al., 2022Jing et al., 2023 U-
Nets are designed to learn a condendath representatiotihrough compression and
reconstruction. By having fewer samples in the middle of the network, it can represent
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the same amount of information with fewer parameters. Additionaliets feature

connections between layers in the compresammhexpansion paths, enabling the use of

information from previous layers during the upsampling proffégsire20).

input
irll1a%ue P output
tile ~ | segmentation
3 = map

572 x 572

140
¥
\J
i
04
102 .
1002 ¥ g
[

0 ¥
200
el N 5,
1982 ! i
)
@

=»conv 3x3, RelLU

T 512 &1 . - 1 copy and crop
N>l — - ¥ max pool 2x2
S 1024 s 4 up-conv 2x2
o/ - [ -

=» cONnv 1x1

Figure 20: U-Net architectureSource: Ronneberger et al. (2015).

The U-Net architecture consists of three key elements: the encoder (contracting
path), the decodgexpansive path), and the skip connectiditse contracting path is
composed of repeated applications of two consecutive pad@szbBxolutional layers,
aReLU activation and a 22 max pooling layer with stride two for downsamplifidhe
U-Net architecture follows a contracting path where the number of mapped channels
doubles at each step. This helps the network learn a hierarchy of features, starting from
more detailed ones at the start of the network and progressing towards meee coar

grained ones towds the end.

In the expansive path, every upsampling step consists 2ftiZxsposed
convolutions with stride two that halves the number of feature channels, a concatenation
with the corresponding cropped feature map from the contracting path (skip connections),
and twoconsecutivgpadded 38 convolutions eachfollowed ReLU. The final layer is a

1x1 convolution.The expansive path, in conjunction with skip connections, enables
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accurate predictions through information decodibigNet is the CNN architecture

utilized in this researcfor seismic impedance inversion

Due totheir proven capacities, CNNs recently became popular in geophysics, and
their applications have grown significantienerally, theseekplearning methods can
outperformclassical machinéearning tools in large temporal and spatial geophysical

assignments (Yu and Ma, 2021).

For fault prediction,Wu et al. (2019)train a UNet with a synthetic seismic
dataset, achieving outstanding performance in differeat datasets. In factWu ’
network is stillwidely employedn the oil and gas industrii et al. (2019)usea small
manually labeled fault dataset to train @\et. Here the authors usea smart sampling
technique and different types of data augmentation to increase the dataset size without
needingmore manual interpretationgbtairing good resultsKaur et al. (2023predict
faults usinga U-Net to determine the potential for €D the Smeaheia Field, Horda
Platform, offshore Norway. Recently, Jing et al. (2023) preggmintspread function
basedPSFbasedyeismicforward modeling to generate neorealistic synthetic seismic
datasetdor traininga U-Net Their results in real seismmdatahave shown that the
network trained with th SFbasedconvolution perforrabetterthan the one trained with

1D convolution.

Horizon pickingis another facet aleep learning in geophysics. Wu et al. (2020)
continue their wdt of trainingU-Nets using synthetic seismic data, but this time also for
tracking horizons through the estimation of the relative geological time (RGT).
Tschannen et al. (202fyrmulatehorizon mapping as a multiclass segmentation problem
and use a tNetto solve it.Vizeu et al. (20225howan alternative method faynthetic
seismic data generation to train neural networks to estiR@E. They start with an
initial acoustic impedance section generated by sequential Gaussian simulation and use
the structural framewérto deform it, reaching models with high stratigraphic and

structural truthfulness.

Othercommontaskssolved with CNNncludeseismidacies classificatio(\Vizeu
et al., 2021)andseismic denoisingBugge et al., 2021 Regarding seismionpedance
inversion,Das et al. (2019)se synthetic seismic dateeated under roeghysicsmodel
constraints to train a CNNpresenting successful results in the Volve Fddaset
Biswas et al. (2019mploy a fashion loss function tntroduce physicgéformationto
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the inversion problemWang et al. (2020also give a physicbackground to the CNN
based inversion, buhey do it by combining two {Nets forming the cycleonsistent
network:one network for seismic inversion and the other for forward modéntaagg et
al. (2022)adopt 2D CNNgo enhancehe spatial continuity of the seismic impedance
inversion Ge et al. (2023)show a appication of the cycleconsistent CNNto
characterize thinterbedded reservoirsr the Cretaceous Qingshankou Formation
Dagqingzijing area, Songliao Basin, Northeast ChiRgure21).
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Figure 21: Comparison between the seismic impedance inversion achieved utilizing (a) thean&ient
CNN and (b) the conventional moeehsednversion Source: Ge et al. (2023).

After addressing the foundations of deep learning methndpresenting some
of their seismierelated applications, the next chapter presents an article published
coveringone oftheirapplications. In this research, @ened to achieva highresolution
acoustic impedance modgilizing the cycleconsistent CNN for impedance inversion in
the turbidite reservoirs othe Jubarte Field, Campos Basin, Bra¥ihilst it is an
applicationarticle, wealsoaimed to answexwo lingeringquestionsn thenotion ofdeep
learningbased methods for seismic inversion.

35



1. The convolution operation is the quintessentiathodof both CNNs and
conventional seismic forward modeling. Therefore, why aismmplex
nonlinear network instead of the traditional approach?

2. Can a deep learniAgased seismic impedance inversion perform better
than the conventional modeased inversion?
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2.  Seismic impedance inversion using deep learning

Article published in

Geoenergy Science and Engineering, voll#88 April 2024 Formerly known

as Journal of Petroleum Science and Engineering
DOI: https://doi.org/10.1016/j.geoen.2024.212709
Impact factor5.168

Title: Cycle-consistent convolutional neural network for seismic impedance

inversion:An application for higklresolution characterization of turbidites reservoirs

Authors: Fabio Junior Damasceno Fernandes, Eberton Rodrigues de Oliveira

Neto,Leonardo TeixeiraAntonio Fernando Menezes Freire, Wagner Moreira Lupinacci

Estimating acoustic parameters from seismic reflection data plays a major role in
subsurface characterization in exploratory and reservoir geophysics. Acoustic impedance
is a subsurface laygroperty directly linked to reservoir properties such as porosity, clay
volume, fluid saturation, and facies. Therefore, calculating accurate acoustic impedance
models can significantly enhance the interpretation and quantification of the petroelastic
attributes and predict their distribution in 3D seismic datasets@do and Soares, 2017;
Grana et al., 2022). Seismimpedance inversion is the routine that obtains acoustic
impedance from positack seismic amplitude data. This technique is based on the inverse
theory, which is a field of mathematics used to estimate the model variables from the

observed data by assumiphysical relations between them (Tarantola, 2005).

In the past few decades, different deterministic and stochastic seismic impedance
inversion techniques have been developed based on the 1D convolutional model (Russell,
1988; Tarantola, 2005; Hamid and Pidlisecky, 2015, 2016; Wang, 2016; Azevedo and
Soares 2017; Grana et al., 2022). Seismic forward modeling through the 1D
convolutionalmodel is a modetiriven approach that establishes a linear relationship to
the forward pass, in which the seismic amplitude data is given by the response of a
wavelet passing through a tvayer interface that has contrasting values of acoustic
impedance.However, the classical seismic inversion approaches based on this
methodology face the problems of rlomearity, noruniqueness, and 4{ttondition

between seismic data and model parameters. These issues are due to the limitations of the
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seismic method, such as noise presence, limited bandwidth, numerical approximations,
and physical assumptions in the forward modeling (Tarantola, 2005). As a result,
conventional methods based on the 1D convolutional model present instabilities and
uncertanties in the inverted models, making it challenging to obtain reliable- high

resolution results.

Despite its limitations, modddased seismic inversion methods have been
systematically utilized with success for the internal characterization of turbidite reservoirs
in Brazilian basins (Nascimento et al., 2014; Bruhn et al., 2017; Teixeira et al., 2017,
Leone et al., 2021; Linhares and de Figueiredo, 2022). In the Campos Basin, Linhares
and de Figueiredo (2022) use acoustic impedance to enhance the interpretation of internal
depositional elements of turbidites in the Roncador Field. Nascimento etlal) (@6us
on contouring the noeaoniqueness of the seismic inverse problem by introducing
stratigraphic and structural information for building a more accuratefrequency

model in the turbidites of the Marlim Field.

An alternative approach to deal with the issues of traditional seismic inversion
methods relies on the use of deep learning. It is a branch of machine learning that utilizes
deep artificial neural networks with numerous hidden layers. These deep nencakset
are designed to learn complex concepts from data (LeCun et al., 2015; Goodfellow et al.,
2016). Due to the dedparning approach capabilities, it recently became popular in
geophysics, and its applications have grown significantly. Generally, thtpgréorm
traditional machindearning tools in large temporal and spatial geophysical assignments
(Yu and Ma, 2021). Deelearning methods have been used for seismic interpretation
tasks (Wu et al., 2019; Geng et al., 2020; Tschannen et al., 2020; W26P8; Vizeu
et al., 2022; Jing et al., 2023), seismic denoising (Yu et al., 2019; Bugge et al., 2021),
facies classification (Liu et al., 2020; Vizeu et al., 2021; Feng et al., 2022), and porosity
modeling (Allo et al., 2021).

A hot topic in the field is deep learniiased seismic inversion (Biswas et al.,
2019; Das et al., 2019; Zheng et al., 2019; Wu et al., 2021; Ge et al., 2022; Zhang et al.,
2022). One of the breakthroughs of déegrning methods over conventional seismic
inversion approaches is their ability to handle -finear mapping operations between
seismic amplitude data and acoustic impedance without assuming a unique wavelet.

Defining an accurate forward model for a real subsurface environment can be challenging,
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and the conventional seismic impedance inversion, which relies on the 1D convolutional
model, might be seen as a simplified representation. Adiatan seismic inversion

using deegearning networks has the potential to address this challenge wheu waine
diverse examples with high variability. Furthermore, it offers the benefit of solving
optimization problems without manual tuning. Once a neural network is trained, its
scalability allows the application to invert the whole 3D seismic volumes quickly.
Providing more accurate predictions of subsurface properties utilizing innovative
techniques can reduce exploration costs, improve reservoir characterization, and enable

efficient use of assets for subsurface energy resource management.

A couple of recent papers have proposed deep leabaisgd methods for solving
seismic inversion problems like the feedforward neural networks (FNNs), convolutional
neural networks (CNNSs), recurrent neural networks (RNNs), and generative adversarial
netwaks (GANSs). For many years, FNNs such as the ray&r perceptron (MLP) have
dominated the field for seismic inversion (R6th and Tarantola, 1994; Galticias et
al., 2000; Arif et al., 2009; Kim and Nakata, 2018) mainly due to computational
limitations of other network architectures for solving lasgale problems. The
disadvantages of the ML&proach are the rapid growth of the number of parameters,
raising problems for training, and the disregard of spatial information, which makes its
application to real datasets almost unfeasible. CNNs can overcome both problems as they
account for local aanectivity and use fewer weights (LeCun et al., 2015). RNNs are also
more robust than FNNs for seisnrelated routines as they can capture better
temporal/sptal variations of seismic traces (Alfarraj and AlRegib, 2019; Marques et al.,
2022). However, the results often have low lateral continuity. GANSs represent a great
advance in deep learning due to their generative nature instead of discriminative
charactestics like FNNs, RNNs, and CNNs (Goodfellow et al., 2014). They can create
data that is similar to the training set, enhancing the potential for recovering the acoustic
impedance patterns from seismic amplitude. Thus, several researchers use GANs for
seisnic impedance inversion (Meng et al., 2021; Wang et al., 2022; Zhang et al., 2022).
A great problem in GANSs is that it is hard to train due to factors such as instability of the

learning process and mode collapse (Arjovsky et al., 2017), limiting thdicatpm.

Despite the differences in the ddeprning architectures, training delgarning
models for seismic inversion is challenging due to the need for a large amount of training
data. Neural networks trained with few amounts of data can produce biased Tesults.
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tackle this issue in seismic impedance inversion, several authors have adopted the strategy
of creating pseudtbgs of acoustic impedance and performing the forward modeling
through the 1D convolutional model with a wavelet to train 1D neural networksgBis

et al., 2019; Das et al., 2019; Ge et al., 2022; Wang et al., 2022; Sun et al., 2023). Most
of these authors choose CNN as the architecture due to the aforementioned strengths. An
alternative approach employed by Allo et al. (2021) is applying augti@ntachniques

in the weltlog data to increase the number of training samples. Despite the proven
efficiency, this method might fail to create variable patterns enough to train a generalist

neural network.

Wang et al. (2020) adopt an innovative seismic inversion scheme based on the
cycle-consistency loss function of Cyef@AN (Zhu et al., 2017) to use labeled data from
pseudewells and unlabeled data to train a cyctmsistent or closedloop— CNN. This
type of approach is called sesupervised learning. Sersupervised combines a small
amount of labeled data with many unlabeled data in the training process, often achieving
better generalizations. The cyaensistent architecture cyclic matches the testia
forward pass from an inverted model with the original input, resembling a loop. Ge et al.
(2022) present a very successful application of this method femt@rbedded reservoir
characterization. The accuracy of their results in crucial asjleztateral continuity and
vertical resolution highlighted the importance of adopting the eymtesistency loss
instead of simpler ones like mean squared error (MSE), which tends to smooth the results.
The cycleconsistent CNN allows efficient coupling thfe physical laws of the forward
modeling without linearizing the problem and setting a unique wavelet, overcoming a

great limitation of conventional seismic impedance inversion techniques.

We evaluate the effectiveness of a 1D cyadesistent CNN for seismic
impedance inversion utilizing the cyatensistency loss function. The cyaensistent
architecture combines a network for inversion and another for forward mapping. Training
the CNN wth the cycleconsistency loss guarantees coherence in translating a seismic
amplitude to an acoustic impedance and returning to the seismic amplitude domain. The
network is trained using pairs of geostatisbesed acoustic impedance pselatys with
vanable frequency content and seismic amplitude traces generated through the
convolution of the respective reflectivity series with different Ricker wavelets. We apply
the trained network for a higiesolution characterization of turbidite reservoir in the
Jubarte Field, Campos Basin, Brazil. We furtligscuss the robustness of the neural
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network to the noise presence and compare it with an-lopen CNN and the

conventional moddbased inversion.

2.1. Theory and methodology

2.1.1. Seismic impedance inversion

Seismic impedance inversion is a routine broadly applied for reservoir
characterization. It is based on the inversion theory. The objective is to reconstruct
acoustic impedance sequences corresponding to seismic traces, utilizing the seismic

forward model:
Q 04 ¢h (17

whereQis the seismic amplitude dat@s the forward modeling operatdr, is the model
parameter, and is a random noise with the same frequency bandwidi &or the

conceptual development of the seismic forward modeling, we refiee tAppendix A.

Equation 17 defines the seismic forward modeling and, specifically, the
convolutional model as a linear problem. Seismic impedance inversion consists of
estimating the model parametergiven a seismic trac®and a known mapping operator
"0 The conventional approximation for the inverse problem is to find a particular solution
a that minimizes the difference between the observed and modeled data given a matching

criterion. The residual vectorto be minimized is written as:
i Q "0d8 (18

Hence, seismic impedance inversion is commonly faced as an optimization
problem, in which one can employ several algorithms to minimize a cost function defined
from the residual vectar. The Tikhonowtype regularization is a classical penalty applied
to the solution thaadds prior knowledge to the cost function that the shape of the model
is smooth and continuous (Russell, 1988; Aster et al., 2004; Hamid and Pidlisecky, 2015).
Total variation regularization is another penalty adopted to resolve sharfades and
produce blocky models in seismic inversion (She et al., 2019). Dedhpitdifferent
approaches for regularization, the limitations of the seismic method still bring difficulties

to the inverse problems. It is hard to define the true forward model to a real subsurface
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environment, and the 1D convolutional model on which the conventional seismic
impedance inversion is based may be an oversimplified approximation. Thdrigata

seismic inversion through deep learnit@sed methods can overcome this issue by
learning nodinear mapping operations between seismic traces and impedance sequences
when trained with multiple examples having high variability. This approach can simulate

a more complex relation between data and model parameters that can be more analogous

to the tue modeling and inversion processes.

2.1.2. Synthetic seismic data generation

A standardprocedure to generate 1D synthetic acoustic impedance data is by
simulating geostatisticdhased pseudwells (Doyen, 2007; Dvorkin et al., 2014;
Fernandes and Lupinacci, 2021; Ge et al., 2022; Sun et al., 2023). Dvorkin et al. (2014)
describe the workflow to build pseudeells that reproduce subsurface patterns such as
continuity of reservoir properties and vertidacies variation. Initially, a facies pseudo
log is constructed using the firstder Markov chain Monte Carlo (McMC) method and
the transition matriXYthat gives the probability of a given facies transition to amothe
vertically. In matrix"Y the elementY is the probability of transition from facié&o
facies Qwhere’'Gs immediately belowQLet the experiment be composed of three facies:
sandstones, shale, and carbonates. To build the facies log, we used the following transition
matrix:

T80 ¢ TIBT P T8I
Y m8ttT v T8t ph (19
TBTL TP T T L
where the first row'Q p is the probability of the facies being deposited above a
sandstone. For example, we have a 0.08 of probability of depositing a shale above a
sandstone”f;, 0.08) and zero to a carbonat®&}( 0.00). The second® ¢) and

third (Q o) rows refer to the shale and carbonates, respectively.

For each facies, a spatebvariance matrix brings the higtequency information
of the variogram range to the stochastic simulations of the continuous properties, which
is the acoustic impedancat the same time, the statistical measurements carry out the
mean and standard deviation. A single simulation is generated by adding the background

trend (lowfrequency information) to the residual pseddg achieved by multiplying the
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spatialcovariance matrix with a random noigettp . An infinite number of pseudo
logs of acoustic impedance can be generated through this workflow to create the output
data for training neural networks for seismic impedance inver§igure 22). We set
random ranges varying from 5 to 40 samples constrained by facies for the exponential
variogram model. The seismic amplitude, which is the input of the networks, can be easily
obtained by performing the seismic forward modeling. The facies pdegdodiscarded

after creating the acoustic impedance, as it is not used for training this neural network.

:
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Figure 22: Facies simulated through McM@seudelogs of acoustic impedance, and their respective
seismic forward modeling using random Ricker wavelets and sigmadise ratios. The yellow, green, and
blue intervals in the facies track represent the sandstsim&e, and carbonates.

We performed the seismic forward modeling of the acoustic impedance models
through the convolutional model using different Ricker wavelets with central frequencies
varying from 16 to 35 Hz. These values were selected based on the frequency analysis of
the application seismic dataset. To explore the effect of noise on the neural network,
random noises are applied in the seismic data with a digimalise ratio (SNR) ranging
from 10 dB to 35 dB. The noise amplitudes are estimated through the RMS amplitude of

the signal.
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YOV L
J T1ip A (20)

P

where'Y 0 "Yis the RMS amplitude of the input seismic data &ndfp is a
random noise drawn from a Gaussian distribution centered at zero with the standard
deviation equal to one. Thus, the synthetic amplitude data with high SNR presents a better
quality than the one with low SNR. Varying this parameter is important éstigate the
capacity of the CNN architecture to deal with noisy data. Low SNR, such as 5 dB, can
blur the amplitude signal strongly. Despite that, CNNs are usually sturdy to noise
presence due to the local connectivity, shared weights, and pooling lbjecsing
random noise into the training data can improve the robustness of neural networks
(Goodfellow et al., 2016).

2.1.3. Convolutional neural network

CNN has been one of the most employed deaming architectures since the
early 1990s. By composing several domrear modules, CNNs can learn complex
functions from data where the spatial information is relevant and apply them to tasks like
image clasgication, semantic segmentation, speech recognition, image segumution,
and others (LeCun et al.,, 2015). The motivations for adopting this-ldaspng
architecture for gridike operations are itstrinsic properties, such as sparse weights,
paraméer sharing, and equivariant representations. Sparse weights refer to the idea that
the convolution kernel size is usually much smaller than the size of the image being
processed. Therefore, a few parameters are stored in memory, making the CNN very
efficient. The parameter sharing occurs because the same kernel is applied at every
position of the input layerstrengthening the CNN to changes in the position of objects
in the input layers. The CNN is equivariant to translation because a change in the input
causes a change in the output in the same way (Goodfellow et al., 2016). The effect of the
pooling layers is also considerable, as it allows the CNN to capture global patterns of the
input data in the deepest layers (LeCun et al., 2015). All these ahastacs are desirable
when applying the CNN for seismic impedance inversion; however, the parameter sharing
must be highlighted. Jointly with the effect of pooling lay¢ne parameter sharing of
kernels allows CNN to learn how to perform the inversiatess in aonlinear fashion

due to the cascading of niinear modules, even if the training set was built using the
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linear convolutional model. Thus, the deep learsbaged seismic impedance inversion
can outperform the traditional techniques employed in quantitative seismic interpretation

workflows.

2.1.3.1. Network architecture

In our study, we treated the seismic impedance inversion as awpsel
regression problem. Therefore, we designed a aymhsistent CNN composed of two
subnetworkswith U-Net architecture to solve itF{gure 23). The UNet is a fully
convolutional neural network architecture originally proposed for semantic segmentation
in biomedical imagegRonnebergeet al., 2015). For seismic impedance inversion, the
U-Net performs the regression at the pixel level by choosing a loss function for regression
and setting the number of output channels to one. Then, the regression model establishes
relationships betwedeatures from images with different resoluti@msl the output pixel
values. An advantage of the-Nkt architecture is that its design was proposed for a
scenario like the one observed in geosciences, with a low quantity of labeled data for
training. Thisnetwork typically benefits from data augmentation to improve model
learning. The serrgupervised learning approach is enough to increase the training dataset
with unlabeled data from the application dataset. The @ahsistent CNN trains the
inversion sbnetwork to estimate the acoustic impedance by taking the seismic amplitude
data as input. On the other hand, the forward subnetwork aims to approximate the seismic

forward modeling using acoustic impedance.
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Figure 23: Architecture of the cyckeonsistent CNNThe inversion subnetwork | takes as input the seismic
amplitude S and outputs a relative acoustic impedanc€tds output is added to the background trend Z
and the result is the input of the forward subnetwork F.

The 1D UNet architecture has three fundamental elements: the contracting path
(encoder), the expansive path (decoder), and the skip connedtignse(24). The
contracting path is composed of repeated applications of two consecutive padded 3 x 1
convolutional layers (Conv) followed by a batch normalization layer (BN), a hyperbolic
tangent function (Tanh), and a 2 x 1 max pooling layer with stride tw@#nsampling.

At each step of the contracting path, the number of mapped channels doubles, allowing
the UNet to learn a hierarchy of features, from more detailed ones at the start of the
network to more coarsgrained ones towards the last step. In theaegye path, every
upsampling step consists of 2 x 1 transposed convolutions with stride two that halves the
number of feature channels, a concatenation with the corresponding cropped feature map
from the contracting path (skip connections), and two canisec padded 3 x 1
convolutions, each followed by a BN and a Tanh. The final layer is a 1 x 1 convolution
with Tanh activation. The expansive path works jointly with the skip connections to
decode the information to get precedictions. We built the 1D cyclsonsistent CNN

for seismic impedance inversion using the PyTorch framework version 2.0 (Paszke et al.,
2019). The number of trainable parameters in the network is 21,636,482. This architecture
and network hyperparametergnfiguration is similar téhe one adopted by Wang et al.

(2020) and Ge et al. (2022) for seismic impedance inversion.
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Figure 24: U-Net architecture adopted in the inversion subnetwork for seismic impedance inversion. The
architecture of the forwarsubnetwork is similar, but the input is the absolute acoustic impedance, and the

output is the seismic amplitude.

2.1.3.2.  Cycle-consistency loss function

Zhu et al. (2017) originally proposed the cyclnsistency loss for image-
image translation in the CycleGAN. This loss function presents several advantages over
the simple MSE loss: unneeded use of paired data for training; preservation of image
contert when translating from input to output domain; guarantees that an input image
translated to output domain and back again is consistent; robustness to image variations;
capture of semantic information such as shapes and identities. This leads te a semi
supervised learning problem. Wang et al. (2020) and Ge et al. (2022) found the
applicability of cycleconsistency loss in cycleonsistent CNN for seismic impedance
inversion by combining two subnetworks, one for the inversion task and the other for
forward nodeling. Considering only the inversiaatwork, the loss function of the open
loop CNN is given by the MSE of:

0 ® Uﬂd "O Q h (21

whereQis the input seismic data labeled by the output acoustic impedarfoeming0
pairs of training samples. Thus, the paramederare updated by minimizing the loss

function of the inversion network. After convergence, the funciinis used for the
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seismic impedance inversion. Therefore, it is straightforward that the loss function of the

opentloop CNN for forward modeling follows the same behavior and is given by:
P o o ¢ 22
= Q0 a 8 (22)

These two loss functions are used in the cegolesistent CNN to calculate the

cycle-consistency loss, expressed as:

0 @ o 0w 0 w
o ef 0 o (23)
‘0 ® o h
where:
v ®h DB Q 0 0 Q h (24)
0 oM UB 4 O 0 «a h (25
6 wf £ @ 00w (26)
with 0 and 0 corresponding to the losses concerning the labeled seismic

amplitude data and acoustic impedance, respectively. In addition, thecopsistency

loss takes the logs  related to unlabeled da, which makes this a semaupervised
training. The hyperparameters, © , and* are used for tuning the components of the
cycle-consistent loss function. The unlabeled data came from the observed seismic

amplitude data of the application datasets.

2.1.3.3. Training

We trainedthe 1D cycleconsistent CNN for 500 epochs using the Adam
optimization algorithm (Kingma and Ba, 2014) and the cgdesistency loss function
(Zhu et al., 2017). The training and test datasets contain 3200 and 800 labeled pseudo
wells, respectively. Thenlabeled data comprise 3200 pairs of seismic amplitude and

low-frequency acoustic impedance randomly extracted from the 3D seismic volume of
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the application set within the interval of interest. The batch size selected for training was

128, and the learning rate was 0.001. Theegctensi st ency | oss par ame
M3 were set to 1, 10, and 1, ionweepeafamedvel y.
using an NVIDIA RTX A4500 GPUFigure 25 shows the train and test losses and

correlation coefficients of the cyetonsistent CNN over the 500 epochs. The test
correlation coefficient reaches its sill approximately in epoch 50, and the- cycle
consistency losses startdverge after epoch 180. Based on these factors, we decided to

set the model parameters of epoch 100 to avoid overfitting effects found after the last
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Figure 25: Loss and correlationoefficient history in training and test sets.
2.1.3.4. Testing results

Figure 26 shows the evaluation of the seismic impedance inversion using the
trained cycleconsistent CNN in a pseudeell of the test set. The metrics indicate an
accurate prediction, with correlation coefficient of 0.93 and mean absolute percentage
error (MAPE) of0.01. These average values for the 800 psevalls are 0.88 and 0.03,
respectively. The inversion and forward subnetworks learned to map from the amplitude
to the acoustic impedance domain and wieesa. We highlight the higliequency
content notably recovered by the inversion subnetwork, demonstrating an excellent match
for thin-layered reservoicharacterization. Ge et al. (2022) also identify the capacity of
this type of CNN architecture to recognize timterbedded reservoirs, enhancing the
characerization of Cretaceous sandstones in the Songliao Bsimheast China. The
forward modeling of the inverted acoustic impedance closely aligns with the amplitude

label, validating the cycleonsistent architecture employed.
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Figure 26: Evaluation of seismic impedance inversion in the tiedhsetin (a), the inverted acoustic
impedanced ) matches the label one. The forward modeling (b) also presents a good pairing, indicating

that both subnetworks were trained consistently to perform the domain translation.
2.2. Application

We apply the trained cycleonsistent CNN for seismic impedance inversion in
the Eocene and Paleocene intervals of the Jubarte Field, Campos Basin,Fyas (
27). The dataset comprises eight wells and a 3Dsfaek deptimigrated (PSDM)
seismic volume with a bin size of 12.5m x 12.5m, the sample rate is 5m, zero phase, and
SEG positive polarity covering the study area. The peak frequency of the seismic data in
the interval of interest is 37 Hz. The velocity model built on processing and migration is
used to convert the seismic from depth to time domain for seismic impedance inversion.

The sample rate in the time domain is 4ms.
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Figure 27: Seismic amplitude map extracted in the Upper Eocene seismic horizon. The eight wells are
named from A to H. The white lines represent the seismic sections that will be further analyzed in seismic
impedance inversion. The well H was not used for bujldire lowfrequency model.

The lowfrequency (background trend) acoustic impedance model was built using
wells A to G. The well H was set as a blind test. We extrapolated the upscaled acoustic
impedance logs through ordinary kriging guided by the Upper Eocene, Paleocene, and
Upper Getaceous seismic horizons. The welf data upscale was performed by
applying a lowpass filter with a cutoff frequency of 6 Hz. We chose this frequency by

analyzing the frequency spectrum of the seismic data.

2.2.1. Geological setting

The Campos Basin is a passivargin basin type that started the tectenic
sedimentargvolution with the Gondwana breakup during the Neocomian and continued
until the present day (Guardado et al., 1990). The basin is in the southeast region of Brazil,
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bounded to the north by the Arc of Vitoria and to the south by the Arc of Cabo Frio
(Mohriaket al., 1989), covering an area of approximately 100,000 khe Jubarte Field
is situated in an oil complex known as Parque das Baleias in the northern portion of the

basin.

Winter et al. (2007) split the Campos Basin into three sspguences: rift,
transitional, and drift. The turbidites reservoirs are in the-galstsection, developed
during the drift supesequence (Albiar- Holocene). The structural framework of the
drift phase was controlled by compartmentalization of the rift and transitional phases,
thermal subsidence, and salt tectonics (de Castro and Picolini, 2015). According to
Guardado et al. (1990), growthult structures generated due to halokinesis play an
important role in developing sedimentary facies and traps for hydrocarbon accumulations

in the basin. Most ahese faults are oriented nortbrtheast to southouthwest.

The Eocene interval of the Campos Basin is a-aeapr clastic section composed
of shale, marls, and turbidite sandstones developed during drift-seqeence. The
Carapebus Formation corresponds to the sandstone deposits formed through gravitational
flows, mainly turbidites. These reservoirs are formed by clean sands with high
permoporous characteristics (Winter et al., 2007; de Castro and Picolini, 2015; Luna et
al., 2019). Their thickness can vary from 10 to 100 s m. For several years, these turbidite
reservoirs were the main petroleum producer in the Campos Basin (Bruhn et al., 2017).
The Carapebus Formation typically occurs intercalated with theresamvoir pelitic
deposits of the Ubatuba Formation, which act as cap rocks for the petroleum reservoir
(Winter et al., 2007).

Seismic impedance inversion can be used to identify and characterize turbidite
reservoirs (Nascimento et al., 2014; Leone et al., 2021; Linhares and de Figueiredo,
2022). Acoustic impedance improves the visualization of turbiditic complexes and the
predicability of reservoir properties, enhancing the exploratory and development stages
of the reservoirs (Leone et al., 2021). Typically, the acoustic impedance values of
turbidite reservoirs can be distinguished from the background, being botmfmdance
(Nascimento et al.,, 2014; Linhares and de Figueiredo, 2022) orirhjggdance
sandstones (Leone et al., 2021). As an elastic parameter closely related to reservoir
properties such as porosity, it can produce ‘n@golution porosity volumes (Nascimento
et al, 201L4).
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2.2.2. Pre-conditioning seismic data for impedance inversion

Yilmaz (2001) highlights that sometimes the seismic data must lpditioned
before seismic inversion. This occurs because the data can be affected by noises from
different sources, masking the actual amplitudes associated wisuliserface layer
propertiesWe performed the seismic data fm@nditioning to improve the quantitative
evaluation of the Eocene and Paleocene intervals in the study area. The focus was
increasing the SNR using filters to remove high and-fimguency noises. We used a
denoising UNet CNN, pretrained on synthetic data (Bugge et al., 2021), to filter the
high-frequency noise. This denoising neural network preserves the amplitudes and
frequency of the input signal, which guarantees the applicability oflteeedl seismic
data for seismic impedance inversion. It was also designed to remove cphaecessing
artifacts. We observed that this denoising CNN removed the noises and preserved the
discontinuities in fault zones better than other standard filters likerdépted average
smoothing in preliminary tests. A baipass cosine taper filter waslized to cut off the
low-frequency noise after denoising CNN filtering. The parameterization of this band
pass filter takes the frequencfésf2, f3, andf4, which were set to 4, 6, 125, and 135 Hz,

respectively.

Figure 28 illustrates the inline 2862 seismic section before and after pre
conditioning. The residual indicates that the processing artifacts removed were substantial
in the intermediate zone of the seismic section, between the Paleocene and Upper Eocene
seismic horizons, improvintpe quantitative interpretation of the target reservoirs.-Low
frequency noises related to fault F1 (blue circleSigure28-c) were filtered out without
compromising the fault plane. In general, the neighborhood of this fault is strongly
afflicted by these lowrequency artifacts, possibly due to seismic data processing issues.
The seismic data preonditioning also filtered out strong random noises in the entire
section while preserving the faults near the Upper Cretaceous séisnuon. This
ensures the robustness of the-ppegned CNN in handling lovguality data while
preserving true amplitudes. Higimplitude noises were removed above the Upper
Eocene seismic horizon, even though this is not the target interval of this Asidy
negative aspect, part of the seismic reflection signal was lost (red ciréligaire28-c);
the fault plane pointed out by the black arrdwig(ire 28-c) worsened aftefiltering.

However, we consider these information losses negligible globally compared to the
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overall improvement in the estimate. Therefore, all these factors indicate that-the pre

conditioned seismic data is more suitable for seismic impedance inversion.
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Figure 28: Inline 2862 (a) before and (b) after the seismic-queditioning for seismic impedance
inversion. The residual is shown in (c). The blue circles highlighbtedrequency noise near the fault F1
effectively removed in the preonditioning, possibly related to processing artifacts. Part of the coherent
signals were also filtered (red circles). Generally, most signals linked to faults near the Upper Cretaceous

seismic horizon were successfully preserved, except for the one pointed out by the black arrow.

54



2.2.3. Seismic impedance inversion

Figure 29 shows the deep learnitizased seismic impedance inversion in the
inline 2862 crossing well H (blind test). The target reservoirs are two occurrences of the
Carapebus Formation: a-46 thick layer ranging from 3133 to 3170ms (CFRigure29-

a) and a 34m thick layer at 32743306ms (ClI inFigure29-a). We willrefer to them as
Carapebus | and Il, respectively. The average of the acoustic impedance log in the
Carapebus 1 is 5033 m/s.g/cc and in the Carapebus Il is 5433 m/©gkrall, the
inversion result captures the main features of bothditelreservoirs, with good vertical
resolution and lateral continuity. Both targets are marked by low acoustic impedance
values that tend to be associateith high-porosity intervals according to roghysics
models calibrated in the Jubarte Field (Fernandes et al., 2022). In fact, the average total
porosity in Carapebus | and Il is 0.291 and 0.297, respectively. Therdsglution
inversion identifies irdgrnal variations in the acoustimpedance values within the
Carapebus I, possibly representing lateral and vertical depositional erktpgd facies
changes characteristic of turbidite lobes (Mutti, 1992; Mutti et al., 2014). The normal
fault F1 may have controlled the depositiomiaf turbidite lobe and worked as a structural
trap for the hydrocarbon accumulation in Carapebus I. The Eocene interval generally
presents higiirequency intercalations of acoustic impedance values associated with

lithological variations (black circle iRigure29-b).
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Figure 29: Seismic (a) amplitude and (b) impedance inversion in the inline 2862 crossing well H. In (c),
we show the comparison of the whih data and the seismic inversion result at well position. The acoustic
impedance measurement unit is m/s.gidee reservoirs of the Carapebus Formation marked by the red
arrows in (a) are characterized by low acoustic impedance values, indicatifgohdigiity intervals. The
black circle in (b)accentuates an interval with several lithological intercalations efficiently recovered by
the highresolution inversion

We observe a strong correlation between the inverted model and the acoustic
impedance log of well H, matching the values on both Carapebus | and Il-riesemwoir
interval (Ubatuba Formation) occurs between the Carapebus | and Il, marked by
intermediateto-high acoustic impedance values associated with shale lithology. The
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seismicimpedance inversion overestimates the absolute values in this formation. Above
the Carapebus I, we identify a third thick interval between 3028 and 3054ms with low
acoustic impedance values, possibly related to another turbidite deposit. Fregwielia
reaches this region, but the caliper log presents hrpakones, compromising the
guantitative analysis. Despite that, the composite facies log indicates intercalations of

sandstones and marls, highlighting another possible reservoir

There are slight differences between the values of observed seismic and the
forward modeling of the inversion achieved through the forward subnet®wigik€30).
Despite that, the forward subnetwork learned properly to map from acoustic impedance
to amplitude domain, preserving all features found on observed seismic data. This was
crucial to the functioning of the cyelonsistent network, and we can adopt thamed
subnetwork in other applications to perform seisfoigvard modeling in a nofinear
fashion. Larger differences in the absolute values (blue circlEigare 30-c) are
reasonable for this application, as they indicate that the forward subnetwork adequately
estimated all seismic events. The problem lies in areas displayingeotogical vertical
residuals (red circles iRigure 30-c), where the modeling process counlat reconstruct

the seismic events.
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Figure 30: Seismic (a) amplitude and (b) the forward modeling of the inversion subnetwork utilizing the
forward subnetwork in the inline 2862. The residuals are shown in (c). The blue circle highlights an interval
where the forward modeling resulas unable to capture the absolute amplitude values but identified the
main seismic features. On the other hand, regions with vertical residuals (red circles) are more critical as
the modeling process fails to recover the seismic events properly.

The inversion result in the inline 3100 is showrFigure31. We also highlight
two intervals of the Carapebus Formation in well B: arv¢thick layer at 30853143ms
and another 54n thick layer at3243-3277ms. Like the well H case, we refer to these
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turbidite reservoirs as Carapebus | and Il, respectively, although we link them to different
turbidite lobes. The average of the acoustic impedance log in the Carapebus | is 5490
m/s.g/cc and in the Carapebus Il is 6518 m/s.g/cc. The turbidite of Cardpemerked

by low acoustic impedance values with good lateral continuity in the structurally lower
area, in the crosslines range 548600. The structural configuration observed in this
seismic sectiomleveloped during the drift phase was probably ingrdrtor controlling

the turbidite deposition (Guardado et al., 1990). The inverted model slightly
underestimates the acoustic impedance in the position of well B; however, the external
geometry of the reservoir is well delineated. Internally, a thin lay@urs with
intermediateto-high acoustic impedance, indicating a vertical lithological variation
within the reservoir. In fact, well B reports a-fbthick shale in the middle of the
Carapebus | reservoir. Thus, the higisolution acoustic impedance reeoy
characteristic of our approach had a critical impact on this thin layer identification. This
high resolution can also be observed in the west region (black ciréligune 31-b),

where strong contrasts suggest multiple vertical facies transitions. Regdh&ing
Carapebus Il, we observe majorly intermediat@igh acoustic impedance values, as this

is a thinner reservoir with several shale intercalations below the tuning thickness.
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Figure 31: Seismic (a) amplitude and (b) impedance inversion in the inline 3100 crossing well B. In (c),
we show the comparison of the wkih data and theeismic inversion result at well position. The acoustic
impedance measurement unit is m/s.glte highresolution estimate was crucial to identify vertical facies
variations within the Carapebus I, as in the black box zoom. This behavior can be seen also in the region
pointed out by the black circle.

The quality control (QC) of the seismic impedance invergerformed by
extracting the inverted trace in the positions of the wells ratifies the reliability of our
application Figure 32 and Table 1). The acoustic impedance logs from wells were
resampled to the sample rate of the seismic data for the quantitative evaluation. We ratify
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that none of these wells were utilized to train the neural network, despite that the wells A
to G were used to construct the background trend. The caliper breakup interval in well H
was removed from the QC. The inversion result satisfactorily capturbegthrequency
information in the wells, enhancing the characterization oflthyaered turbidite deposits
within the Upper Eocene and Paleocene markers. Even in the wells where the correlation
coefficient calculated is relatively low, like well E, we ohsethat the main features
were recovered in the inversion. The exception lies in the well F, where we consider that
the inversion failed to depict the characteristics of the-lwglldata. We consider the
average correlation coefficient of 0.78 high imss@c impedance inversion in this study
area. We highlight that factors like the wegdiseismic tie, tuning effects, and quality of

the welllog data mighhegatively affect these quantitative metrics; thus, the quantitative
analysis jointly with the qualitative evaluation is crucial during the QC. Given that, we
support that our deep learnibgsed approach accurately estimated the acoustic

impedance logs ithe study area.
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Figure 32: Seismic impedance inversion evaluated in the positions of the eight wells. The red line in the
well H track represents the end of the caliper breakup interval, where the quantitative metrics were

calculated from this time.
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Table 1: Correlation coefficient and MAPE estimated in the eight wells.

Well Correlation coefficient MAPE
A 0.89 0.08
B 0.75 0.09
C 0.86 0.09
D 0.78 0.07
E 0.70 0.07
F 0.58 0.11
G 0.91 0.08
H (blind test) 0.71 0.11
Average 0.78 0.09

The average correlation coefficient of the application dataset shows a decrease of
11% compared to the test set, from 0.88 to 0.78. In the blind test, this decrease is of 19%,
from 0.88 to 0.71. The blind test is a fgkneralization data for the modebne of its
data was fed to the neural network as unlabeled data for model training nor for-the low
frequency model building. Therefore, its regression metrics indicate the true predictive
power of the model. Regarding all these aspects, we consider#asanable result for

seismic impedance inversion.
2.3. Discussion

The deep learninhased method we proposed for seismic impedance inversion
produces a higifrequency output, enabling the detectiortlah-layered intervals. The
enhanced level of detail in our approach can be linked to the integration of geostatistical
information introduced through variograms in the psewdt generation and the cyele
consistency loss. If a more straightforward loss function like MSE were used in a
conventional CNN disregarding the image context, it could lead to mosftreigiency

information loss. This occurs because the MSE approach only calculatesvisixel
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differences between labeled and inverted acoustic impedance without accounting for
broader contextWe will further compare the estimates of both networks trained on the
same synthetic seismic dataset.

A disadvantage of the 1D CNN is the lack of lateral continuity locally.
Nevertheless, this in our outputsnsnor compared to other results of deep learning
based seismic inversion reported in existing literature (Zhang et al., 2022; Sun et al.,
2023), highlighting the robustness of auethodology. Ge et al. (2022) also achieved
outstanding inverted acoustic impedance models utilizing the samecoydistent 1D
CNN architecture. We posit that 2D network architectures hold the potential to enhance
laterd continuity and retain highesolution details, plausibly yielding superior models
due to the network characteristic of considering lateral connections. However, generating
2D synthetic seismic data is more complex than in the 1D scenario. Wu et a). 42619
Vizeu et al. (2022) present techniques for generating 2D and 3D synthetic seismic data
capable of representing diverse structures such as faults, folds, and elastic properties like
acoustic impedance. Yet, they employed these models for purposeshathmeseismic
inversion. Certainly, the computational demands will escalate in the multidimensional
context. For instance, our current network boasts 21,767,554 trainable parameters,
whereas a direct extension of the same 1D architecture to 2D entél34 634
parameters. This substantial increase significantly augments the computational time

required in the trainingnd application steps.

Historically, deedearning algorithms primarily relied on data in computer vision.
However, computer vision operates in a dath environment, which contrasts with
seismic inversion, where data is limited. Consequently, in addition to developing high
quality synthetic data, researchers strive to incorporate phamsd knowledge into
deep learninglriven seismic inversion (Lin et al., 2023). Our approach falls under this
category, wherein the forward subnetwork approximates the fundamental prindiples o
transforming acoustic impedance into the seismic amplitude domain. Faroughi et al.
(2022) name this datdriven approximation of the physics rules of a function through a
neural network, a physigguided neural network (PGNN). Another plausible approach
involves utilizing a physiesnformed neural network (PINN). The PINN employs an
established physical rule, such as the convolutional model, to carry out the forward

mapping, afterward combining the outputs to compute the loss function (Biswas et al.,
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2019). Subsequent studies could undertake a comparative analysis of PINN and PGNN

methodologies for seismic impedance inversion.

2.3.1. Impact of noise on the application data

Previously, we accomplished the seismic dataconditioning to increase the
SNR in the Eocene interval to achieve the seismic impedance inversion. Here, we
compare the inversion results of the cyctmsistent CNN applied before and after the
pre-conditioning Figure 33). The objective is to evaluate the robustness of this deep
learningbased method in dealing with legquality seismic data within reservoir
characterization workflows. Generally, the inversion result after theqgnditioning
presents better lateral camtity with asimilar vertical resolution. The 1D architecture
could not deal properly with the low SNR in the Hitered data, presenting evident
discontinuities in the inverted acoustic impedance section. Wang et al. (2022) observed a
similar behavior, where the pedance inversion accuracy using a 1D GyahN
significantly decreases for SNR lower than 10 dB. Therefore, this behavior can be
associated with the 1D architectures, and we recomnikadseismic data pre
conditioning before the seismic invEms in this case. We support the idea that 2D and
3D deep neural networks would address the inversion in a noisy data scenario more
effectively, as the neural network accounts for lateral connectivity and could better
distinguish the signal from the noispatially. This methodology may suppress the need

for the preconditioning step.
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Figure 33: Seismic amplitude data (a) before and (b) after thepnglitioning in the inline 2862. The deep
learningbased seismic impedance inversionshafir respective amplitude data are shown in (c) and (d).
The black circles point out some intervals where the lateral continuity was evidently better preserved after

the seismic data preonditioning.

2.3.2. Comparison between cycle-consistent CNN, open-loop CNN, and

model-based inversion

In this study, we compare the effectiveness of seismic impedance inversion using
the cycleconsistent architecture with an ogleop CNN and the modddased inversion
(Figure34). The opedoop CNN was designed using the sama#lét architecture of the
inversion subnetwork of the cyetmnsistent CNN Kigure 24). For coherency, the
training stepof the opeAoop CNN wasperformed using the same batched data and
hyperparameters of the cyatensistent network. Firstly, comparing the deep learning
based methods, we observe a better vertical resolution of thecoydistent network,
with the thirlayered intervals well capred (black circles ifigure34-a). The opexoop
CNN struggles to consistently recover small variations of acoustic impedance, resulting
in a smooth and blocky inverted volume (black circldsigure34-b). This is an expected
behavior since the opdaop CNN only measures the MSE of the inverted and actual

acoustic impedance models, which is a smooth distance, while thecoydistent CNN
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considers the context of the training samples through a more sophisticated loss function.

As such, the opeloop estimate may not be suitable for higisolution reservoir
characterization workflows.
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Figure 34:. Comparison of the seismic impedance inversion in the inline 2862 utilizing the (&) cycle
consistent CNN, (b) opeloop CNN, and (c) moddased inversion algorithm. The acoustic impedance
measurement unit is m/s.g/che black circles highlight intervals where the ofi@op CNN was unable

to reconstruct small variations of the acoustic impedance values. The blue circles show an interval with
contrasts of acoustic impedance weltovered by the cycleonsistent CNN.
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The parametrization for the Tikhonov damping of the conventional rimsed
inversion was set to achieve the highest correlation coefficient and lowest MAPE in the
eight wells of the application dataset while maintaining geological consistency and
verticd resolution. We used the average wavelet of the eight wells estimated in the well
to-seismic tie. Generally, the cyet®nsistent CNN and modbhsed inversion have
similar vertical resolutions, with a slight advantage for the deaming method.
Additionally, the deejearning approach is less affected by the-feegquency model.

This is a key factor because the wells are often drilled at large distances from each other,
posing difficulty in constructing the background trends using interpolation methots

as kriging. The moddbased inversion is sensitive to the lodwquency model since it
updates iteratively until it meets certain stopping criteria. Near the fault F2, the cycle
consistent CNN inversion successfully captures acoustic impedancestotited are lost

in the modebased method due to the strong influence of the background trend (blue
circle inFigure34-a and c). Comparing the inversion results, the effect of using a single
wavelet instead of a complex ntinear neural network can be misinterpreted as a better
lateral continuity; however, it can be nothing more than an estiachieved through a
simpler relationship between data and model. In contrast, the-lgaddd approach
harnesses the power of deep earning to capture and model the intricate geological features
and variations within the subsurface, leading to a more complex relationship that, while
potentially reducing the lateral continuity, is desirablesr€fore, considering all aspects,

we conclude that the cyetmnsistent CNN produced the best acoustic impedance

volume.

Figure35 showsthe inversion and residual analysis of the three methodologies in
the position of well H. The opeloop CNN performs best, with the highest correlation
coefficient and lowest MAPE. This correlation coefficient is equal to the-©yisistent
CNN. However we showed previously that the ogeop CNN presents the worst
vertical resolution in the inline 2862. The modelsed inversion produces the worst
estimate quantitatively, with a correlation coefficient of 0.65. This high deviation can be
associated wit spurious points (higher than 9000 m/s.g/cc). The average correlation
coefficient of the modebased inversion in the eight wells is 0.73, representing a decrease
of 6% compared to the inversion using the cygdasistent CNN. These metrics suggest
that he cycleconsistent CNN exhibits enhanced predictiadailities and produces

acoustic impedance estimates that closely approximate the actual values. This

67



quantitative superiority may indicate that deep learning excels at capturing intricate

relationships and patterns within the seismic data, which may be challenging for the

conventional moddbased inversion.
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Figure 35: Inversion and residual analysis of the (a and d) egalesistent CNN, (b and epenloop CNN,

and (c and f) moddbased inversions in the position of well H (blind test).

The residuals do not obey a random distribution pattern. In all approaches, high

residuals are associated with high acoustic impedance values estimated, while the fit

works better for low values. Overestimating the acoustic impedance indicates a potential

underestimation of the reservoir properties. Yet, the residuals of theooydestent

CNN estimate have a distribution similar to a Gaussian not centered at zero. Fhis non

zero mean of the distribution evidences a bias affecting the result. In fagglthewas

set as a blind test, and the background model disregards its information, which can impact

the local sill of values and cause the bias observed as a shift in the absolute values. This

behavior reinforces the great importance of-foequency inbrmation in the inversion

process, even in modern deep learrdiaged methods. Thoroughly, we consider that the

cycleconsistent CNN performed best jointly evaluating aspects such as vertical

resolution, lateral continuity, correlation coefficient, anddesls.

The amplitude of the forward modeling from the cyctasistent CNN and the

modetbased inversion in the interval of interest of inline 2862 are showigire 36.
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The deegearning result presents a more homoscedastic behavior with a predominantly
constant variance of errors across the observations. The exception lies in some outliers
affecting the lowest and highest predicted amplitudes, where the model undeesstima
the actual values. This leads to an increase in the variance in this range of values. Despite
that, we consider that the model has good predictive power throughout most of the range
of values in the dataset, ratifying the potential of the forward $wonleto map from the

model to the data domain. On the other hand, the estimate from thelmasddhversion

has a more heteroscedastic behavior, where the variance of the errors increases toward
the most positive amplitude values. This response can be observed in the residual
variances. The given scenario suggests a poor performance in some regimay tlead

to unreliable predictions. Indeed, heteroscedasticity is usual in the-ivesk inversion

as the regularization parameter controls the balbetveeen the data misfit and the initial
model misfit. Lower Tikhonov damping values can lead to a more homoscedastic model
as the data misfit has a stronger weight; however, the acoustic impedance values would
deviate entirely from the initial backgroumdodel and show a negeological aspect.
Therefore, the deelearning method is more robust as it produces a reliable

homoscedastic estimate without manual parameter tuning.
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Figure 36: Forward modeling of the (a) cyetmnsistent CNN inversion achieved through the forward
subnetwork and of the (b) modlehsed inversion estimated utilizing the convolutional model asidge

wavelet estimated. The residuals of both estimates are shown in (c) and (d). The shaded yellow region
shows the interpreted variance of the residuals for the predicted amplitudes.

The quantitative analysis methodology brought valuable insights regarding the
performance of our models. Therefore, we recommend that future works adopting deep
learning algorithms for seismic impedance inversion perform the residual analysis in
blindteswel | s t o deepen the knowledge of the mo
point that applying deelearning methods for seismic inversion is a scientific frontier
with the potential to aggregate more technologies. Thus, future research can taclde pitfal
more efficiently when the results are rigorously explored.

2.3.3. Further applications

Further investigations can be evaluated to select other architectures for the cycle
consistent CNN instead of the-Nket and other loss functions and compare them with
othermethods, such as the CycleGAN. Regarding the 1D CNN architectures for seismic
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impedance inversion, Zhang et al. (2022) compared CNN and GAN in aspects like
hyperparameters sensibility, resolution, and convergence rate. The authors observe that
larger kernel size and number of channels can bring higher frequency to the inversion.
Newertheless, both hyperparameters make the network heavier. We also suggest exploring
2D architectures. The 2D approach allows for exploring alternative seismic forward
modeling methods like the poispread functiosbased convolution (PSF) (Lecomte,
2008),which contains information about acquisition aperture and is not computationally
expensive. Jing et al. (2023) evaluated the differences of using the 1D convolutional
model and the PSF in seismic forward modeling for fault detection using deep learning
methods. They concluded that the network trained with the PSF performs best in field
seismic data. We encourage a similar comparison for seismic impedance inversion. Given
the advances in 2D and 3D synthetic seismic data generation (Wu et al., 2019; Wu et al.
2020; Vizeu et al., 2022), more robust deep neural networks can be employed to solve

geophysical problems with improved spatial information.

Our method can be extended to-ptack inversion. Sun et al. (2023) observed
that theCNN-based amplitude versus angle (AVA) inversion performs better than the
traditional linear and nefinear AVA inversions. Furthermore, CNbhased inversion is
also applicable in the depth domain, as it does not impose any assumptions specific to the
seismc domain. Deptldomain inversion is advantageous as it saves the efforts of
converting the deptimigrated seismic data to the time domain to perform the inversion
(Singh, 2012). Moreover, the poigpread functiotbased convolution can be adopted
insteadof the 1D convolutional model, and the inversion in the depth domain can be seen
as a leassquares migration in the image domain (Letki et al., 2015). -Olidé¢d depth
domain inversion also overcomes the loss of ifgquency content when converting
from time to depth (Niu et al., 2023).

The approach shown is also expansible to the stochastic case. The stochastic
seismic impedance inversion is advantageous for reservoir characterization as it
guantifies uncertainty through realizations (Azevedo and Soares, 2017; Grana et al.,
2022). Goodftow et al. (2016) highlight that the noise addition to the model weights can
be interpreted as a stochastic approach to the Bayesian inference. A straightforward
extension of our approach to stochastic inversion is introducing random noises to the

inverson subnetwork weights after training. This generates an ensemble of models with

71



different weight configurations, and these perturbed models praifteent predictions

for the same input data, allowing an uncertainty quantification.

2.4. Conclusions

We presented the application of a 1D cyobmsistent CNN for higiesolution
seismic impedance inversion in the turbidite reservoirs of the Jubarte Field, Campos
Basin. To train the deep neural network, we utilipedstatisticdbased pseudwells.

The inversion subnetwork successfully captured the-figguency information in the
pseudewells of the test dataset, highlighting the potential of this deming
architecture to characterize tHmyered intervals. We achieved an excellent internal
characterization of the turbidite lobes in the application dataset, precisely identifying
typical acoustic impedance variations associated with vertical aerdllédcies changes.
Usually, the best reservoirs in the fielkhibit low acoustic impedance values,
approximately 50066500 m/s.g/cm3, and are surrounded by high acoustic impedance
bodies related to nereservoir rocks. The higresolution estimate provided by the CNN
based inversion enables the identification of shale with high acoustic impedance inside
the turbidite lobe drilled by well B. In the eight wells adopted in this stixgstimated
average correlation coefficient was 0.78. Regarding noise affecting the seismic data, our
findings also underscore thetaral importance of preonditioning for seismic inversion

in this type of application. This occurs because the 1D -tiseping architectures
struggle with handling lateral connections, and the presence of noise can significantly
deteriorate the outputsLastly, comparisons with the opéwop CNN and the
conventional modebased inversion revealed that the cyabasistent CNN produced the

best acoustic impedance model, evidencing the benefits of integrating modern deep

learningbased methods into resernvoharacterization workflows.

2.5. Appendix A

Conventional seismic forward modelingnd inversion are based on the
convolutional model. The convolutional model gives the linear relation between the
model parameters and observed data, wherein a seismic pulse can be modeled by the
convolution of a wavelet with a reflection coefficient serin the time domain. At a

normatincident angle, the reflection coefficient is the answer of the subsurface to the
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contrasts of the acoustic impedance property between overlapping layers. It is described

as:

G40 QO 4o, (A1)
40 Q0 4o

whered 0 ‘Qodanda 0 are the acoustic impedance of the layers in the incident and
transmitted ray side, respectively. Considering a wemakrast medium witld 0 S

T, the reflectivity series 0 is approximately expressed (Russell, 1988):

.. pQliao (A.2)
|l O E—8
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Discretizingequation A.2on a uniform finitedifference grid, it can be written as:
i 0dah (A.3)

wherei 1 h Feh in which 0 is the number of samples of an acoustic

impedance trace, O is a firstorder derivative matrix, and a

- a & hy & B & . Thus, a seismic trad@is written in the discrete form as:

Q wOdah (A.4)

wherew is thewavelet convolution matrix.

73



3. Epilogue

The conclusions presented in Chapterrédate to the cycleonsistent CNN
application for seismic impedance inversion. However, the ansavtrs two questions
raised at the end of Chapter 1 are within the manusanginly in the discussion section

Therefore, | decidetb tackle them specificallin this chapter.

The first one isvhy use a complex neimear network instead of the traditional
approachlin summaryseismic impedance inversion iswartlinear, norunique, and iH
conditiored problemlt can be challenging to accurately define a forward model for a real
subsurface environmentonventionalseismic impedance inversion, which relies on a
1D convolutional model, may oversimplify the situatiteading tounstable results that
are unable to capture the full potential of d&tatadriven seismiégmpedancenversion
is powerfulwhen dealing with notinear mapping operations between seismic traces and
impedance sequenceSNN properties such as tlparameter sharing, jointly with the
effect d pooling layersallow the CNN to learn how to perform the inversion process in
a nonlinear fashiontaking advantage dlfhe cascading of nelnear modules, evenhen
the training set was built using the linear convolutional mddes approackansimulate
a more complex relation between data and model parameters, wwhihto benore
analogous to the true modeling and inversion procedsssoccur in subsurface
submitted to several waygopagatioreffects

This behavior was observed when comparing the results of the-iGzsbid
method and the conventional modbelsed inversiorit is possible to mistake the use of
a single wavelet for better lateral continuity, but it may only be an approximation achieved
through a simpler relationship between data and model. On the other hand, the CNN
based approach effectively captwiend moded the complex geological features and
variations present within the subsurfatberefore, adopting a ndimear neural network
producesmore robust resulthan the traditional methods. Furthermore, deep learning is
a field in constant development and new techniquaesbe addressed to solve seismic

impedance inversion problems.

The CNNbased inversioperformed better quantitatively than the other methods
presentedDespite the similarities, | observe a better vertical resolutidhe resultlt
also had good statisticalmetrics with a more homoscedastic behavighowing a
predominantly constant variance of errors across the observalibissindicates the
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predictive power throughout most t¢iiis method, where the cyet®nsistent CNN
learned how to perform the domain conversipitfall in the inversiorthathas not been
overcome yet is the need for the ldn@quency model. Ithis research, well H was set as
a blind test, and the local siff values was biasedeinforcing the need for the lew

frequency model even inithdeeplearning approach

The world progresses, but it does so while orbiting around th&sume methods
found their applicability several years after being proposHus occursfor different
reasons, such as technological advancembatter computational resources,sanply
becausene discovers thaome algorithm isdeally suitedfor a specific application.
consider that deefgarning methods are the near future for several domains, including
geosciencesn the next few years, exciting publications can break paradigthstange
the way that things were done beforEhus, keeping up theaesearchis the keyto

progressively building knowledge
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