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ABSTRACT

Time-lapse seismic has evolved as amportant diagnostic tool in efficient
reservoir characterization and monitorifeservoir models, optimallgonstrained to
seismic respons&s well as flow responsean provide a better description of the
reservoir and thus ane reliable forecast his dissertatioriocuses on different aspects
of joint inversion of timdapse seismic and production data for reservoir model
updating, with application to th&lorne field in the Norwegian Sea. This work
describes a methodology fimint inversion of production antime-lapseseismic data,
analyze sensitive parameters in tharjbinversion,identifies sensitive rock physics
parameters for modelingime-lapse seismic response of a field and successfully
applies and compares the filynof particle swarm optimizers fgoint inversion of
production andime-lapseseismic data othe Nornefield. The contibutions from this
research includa systematic workflowor joint inversion of timdapse seismiand
production data that can l@nd has been practically applied to a real fi@dtter
reservoir models, constrained to both data will in turn lead to better reservoir forecasts

andbetter fieldmanagement.

The first part of this thesis usBlornefield data toanalyze sensitive paratees
in joint inversion of production anime-lapseseismic data. An experimental design

performedon the parameters dfie reservoirand seismic simulator. The resufiee
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usedto rank the parameters in terms of sensitivity to production tane-lapse
seismic dataAt the same time it is showthat porosity/permeability mads isnot the
most sensitive parameter fiwint inversionof production and timéapse seismic data
of the Norne field.The parameters selected for study are porosity and peliteabi
model, relative permeability, rock physics models, pore comprbtgsibnd fluid
mixing. Results showhat rock physics model has the most impacttiore-lapse
seismic whereas relative permeability is the mgiortantparameter for production
respamse.The results of this studgre usedn selecting the mostnportantreservoir
parameters for joint inversion time-lapseseismic and production data thie Norne
field.

It is established that rock physics model is the most sensitive parameter for
modelingtime-lapseseismic ofthe Nornefield, but there are rock physics parameters
associted with rock physics model that impathe-lapseseismic modelingSoit is
necessyy to identify sensitive rock physics parameters for modelinge-lapse
seismic respons&hus the second part of thibesisidentifies sensitive rock physics
parameters in modelingme-lapseseismic response dfornefield. At first fades are
classifed based onwell log data. Then sensitive parameter@e investigatedn the
Gassmann's equation to generate the initial seismic velocikles. investigated
parameters include mineral properties, water salinity,-pogssure and gasl ratio
(GOR). Nex, parameter sensitivity for timlapse seismic modeling tie Nornefield
is investigated The investigated rock physics parameters are clay content, cement,
porepressire and mixing. This sensitivity analysis helps to selechportant
parameters for tim&@pse (4D) seismic history matching which isimaportantaspect
of joint inversion of production anitme-lapseseismic of a field.

Joint inversion of seismic and flow data for reservoir parameter is highky non
linear and complex. Leal optimization methods may fail to obtain multiplestory
matchedmodels Recently stochastic optimization based inversion has shmmn

good results irthe integration of timdapse seismic and production data in reservoir
Vi



history matching. Alsphigh dimensionality ofthe inverse problemmakesthe joint
inversion of both data setsomputationally expensive. High dimensionality of the
inverse problem can be solved liging reduced order models. In this study, principal
component basederived from th@rior is usedto accomplish thisin the third parof
the dissertatiora family of particle swarm optimizelis usedin combination with
principal component basdor inverson of a synthetic data seth& performance of
the different particle swarm optigersis analyzed both in terms othe quality of
history match and convergence rate. Ressiisw that particle swarm optimizers have
very good convergence rate for a synthetic c#dso, these optimizers areused in
combination with multidimensional saling (MDS) to provide a set of porosity
models whose simulated production atiche-lapse seismic responses provide
satisfactory match with the observed productiontand-lapseseismic data.

The goal of the last part is to apply the results of preyiauts in joint inversion
of production and timéapse seismic data tfie Norne field. Time-lapse seismic and
production data of the Norne field is jointly invertdy varying the sensitive
parameters identified in previous chapters and using different particlemswa
optimizers.At first the timelapse seismic surveys tife Nornefield acquired in 2001
and 2004is quantitatively interpretednd analyzedWaterwas njectedin the oil and
gas producingNornereservoir and repeat seismic surveyere conductedo monitor
the subsurface fluids. The interpretedvBve impedance change between 2001 and
2004is usedin the joint inversion loop as tirdapse seismic datahe application of
different paticle swarm optimizers providea set of parameters whose simulated
responses provide a satisfactory history match with the production andapsee
seismic data of Norne fieldt is shownthat particle swarm optimizers hapotential
to be applied fojoint inversion ofthe production and timkpse seismic data afreal

field data set.
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Chapter 1

INTRODUCTION

1.1 Overview

Reservoir characterizatiois basedon building and updating a reservoir model by
integration of all data available during the different stages of reservoir develogResetvoir
models can be used to estimate hydrocarbon in ;pteesign optimum well trajectories and
evaluate different msible production scenarios. At firstn initial static 3Dreservoirmodelis
built by the integration of seismic data, core and log measurements, and sedimentary models
using appropriate geostatistical techniques. The model consists of both the estfluotinons
and faults) and the physical propertiéscies porosity, permeabilf of the reservoir. Dynamic
data such as production and tilapsed 3D seismic data @D seismic datajs acquiredduring
the production phase of the reservdiD seismicdataacquired during production can be used to
monitor fluid property changes in the reservoir after specific proces#ingan provide
information on the dynamics of fluids in the reservoir based on the relation between variations of

seismic signals anehovement of hydrocarbons and changes in formation pressure. Movement of
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fluids and changes in pore pressure, in response to pumping and injection, depend on the

petrophysicaproperties of the reservoir rock.

This new information can bmtegrated in theeservoir model byhe process ohistory
matchingor joint inversion History matched models are required during the production life of
the reservoird improve forecast reliabilityThe general workflow for history matching of time
lapse and production data involves minimizationtlod objective function which takes into
account the mismatch in the observed and modeled seismic and floomses@he objective
function is minimized usng a proper optimization algorithm and reservoir parameters

(porosity/permeabilityare updateduring the process

Huanget al.(1997, 1998) formulated the simultaneous matching of production and seismic
data as an optimization problem, with updating of model parameters such as porosity. Landa and
Horne (1997) used gradiebased optimization to estimate the reservoir parameliersas
assumedhat water saturation changes could be derived from-lapse seismic dat&anchiet
al. (1999) developed a workflow for calculation of geophysical attributes with an integrated flow
model for different reservoir management scenafiser et al.(2000) used saturation apdre
pressure maps as observation ditaas shown that matching only production data is not able
to provide a good estimation of pressure and saturation map and could be trapped in a local
minimum. Mantica et al. (2001) have shown the advantage of chaotic sampling of parameter
space with a local optimizer over a gradibased methodArenaset al.(2001) have used pilot
point method in joint inversion of production and time lapse seismic.é¢aal. (2001) used
watersaturation changes based on multiple seismic surveys with production deda.usedo
estimate the geometric parameters of the faults such as size, position and.dmdne(2001a)
demonstrated an efficient method to distinguish the pressure amdtwat changes inside the
reservoir using seismic dat&asco et al. (2003) used streamline based flow simulation in
integration of flow and timéapse seismic dat&ortellaand Emerick (2005) have shown the
feasibility of using timdapse seismic datan ithe closed loop history matching procesavds
shownthat timelapse seismic improved the workflow of history matching procéas.et al.

(2005) used time lapse seismic and production data to better predict water saturation fields thus
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helping to locaé new wells and to monitor fluid moveme®tepheret al. (2005 haveshown

that aquastglobal stochastic neighborhood algorithm (NA) approach improves on gradient
based methods by avoiding entrapment in local minima and can be used for joint inversion of
seismic and flow dat&Rotondiet al. (2006) used stochastic sampling techniques in a Bayesian
framework for the uncertainty quantification in joint inversion of production and-lapse
seismic data. Walker and Lane (2007) presented a case studycthdedhtimelapse seismic

data as a part of the production history matching process, and show how the use of seismic
monitoring can improve reservoir predictidDastroet al. (2007) used a probabilistic approach

for integration of timdapse seismic and production dala et al. (2009) developed a global
optimization method based orery fast simulated annealing (VFSA) and a muodsolution

model parameterization schemejaint inversion of production and tirlapse seismic data.
Dadashpouet al. (2009) used AVO (amplitude versus offset) time laga& to constrain the
results of the inversion, that is, the use of zgffset amplitude and AVO gradient differences in
conjunction with production dataThey compared several optimization methods for joint

inversion of production and tirdapse seismic data.

All of the previous research worksientioned abovdollowed a fixed workflow of
minimizing an objective function contang mismatch of seismic and production data and
considered only uncertainties in reservoir porosity or permeability n{8eelFigure 1.1). The
porosity or/and pernability modelsare updatedill a minimum mismatch between observed and
modeled datas achievedIn this processhe parameters for reservoir and seismic simulater
consideredas fixed, It in reality there are uncertainties attached with thesametrs andif
ignored, itcan give misleading resulis the history matchingprocess Also, joint inversion of
production andime-lapseseismic data is complex and computationally expensive essential,
before proceeding with large scale history matching, to investigate parameter semsitivith
types of datalt can reduce the computational cost and rank the sensitive parameters for
perturbationsThereforg it is critical to developa systematic workflowor joint inversion that
not only updateporosity or permeability model but aknsitive parametesich that it can be
applied to a real field.



Production
data at time t

Dynamic
modeling

A Pressure :
A Saturation Y
W v = _ -
R : Minimize
................................................................ : mismatch

r

Seismic data
at time t=0

Rock physics
modeling

{ '
Seismic data

at timet

Update
parameters

Figure 1.1: Workflow of joint inversion oftime-lapseseismic and production data. The blue dotted boxes
indicate the flow simulator and the seismic/rock physics simulator. Often these simatattakeras black
boxes without investigating the sensitivity of thenglator parameters on the intelated flow and seismic
response of the reservoir.



In order to develoguch a workflowthis thesidocuseson several components thfe joint
inversion process for production atithe-lapseseismic data of thHornefield. A threepronged
approachs adoptedo develop a systematic workflowirst, we identify sensitive parameters in
the joint inversion loop. These sensitive parameters affect production responsediaredéapse
seismic respons&econdwe analyzesensitive rock physics parameters in modeltimge-lapse
seismic response of a fieldThird, we applyand comparalifferent members of damily of
particle swarm optimizer¢FernandeaMartinez et al. 2009,GarciaGonzalo andrFernandez
Martinez 2010) first on synthetic data set for joint inversion of production artime-lapse
seismic da. Based on the results tife synthetic case, we includiis family of particle swarm
optimizers in the workflow for successful joint inversion of production and-kpgeseismic
data ofthe Norne field, where we vary all ohé sensitive parameters that héeen identified

previously.
The main contributions of this research are:

1. Sensitivity study for joint inversion of production atiche-lapseseismic data othe Norne
field; workflow can be used for joint inversion of production &inek-lapseseismic data of

other fields.

2. Sensitivity study of rock physics parameters in modelindithe-lapseseismic response of
the Nornefield; workflow can be applied for inversion tifne-lapseseismic data of other

fields;

3. Reservoir characterization by joint inversion of production tamé-lapseseismic data using
a family of particle swarm optimizers, comparison of their behavior in terms of history match

and convergence,

4. Developnent and application of a systematic workflow for joint inversion of production and
time-lapseseismic data othe Nornefield using a family of particle swarm optimizers by

varyingthesensitive parameters identified in previous chapters;



1.2 Thesis outline

This dissertation covers four main topies described abovi® develop a systematic
workflow for joint inversionof production and timéapse seismic data of a fiel@hese four

topics are describeth the nextchapters.
Chapter2i Norne Field Data and Reservoir Model

Chapter 2 provides an introduction Morne field dataset.All of the methodologies
discussed in this dissertati@are appliedon SegmenkE of the Norne field. We discuss data
availability and reservoir ndeling workflow togeneratene thousand porosity and permeability
realizations of thé&ornefield. These porosity and permeability realionsare usedor research
in the next chapters.

Chapter 3- Sensitivity Analysis for Joint Inversion of TinWapse Seismic and Produon

Data of Norne Field

Chapter 3discusses a sensitivity study ientify and rank thesensitiveparametergor
joint inversion of production antime-lapseseismic data othe Norne field. We perform an
experimental desigon the parameters difie reservoirand seismic simulatoit is shownthat
reservoir models not the most saitive parametein joint inverson of both the datasets. The
selection of the mosimportantreservoir parametefsr joint inversion oftime-lapseseismic and

productiondata ofNorne field is basedn this study.

Chapter 41 Sensitivity Study of Rock Physics Parameters for Modelifighe-lapse Seismic

Response olNorne Field

Chapter 4discusses a sensitivity study to identg#fgnsitive rock physics parameters in
modelingtime-lapseseismic response dfie Nornefield. Rock physics analysis is the basis for
modeling tle timelapse seismic signaturét first sensitive parameterare identifiedin the
Gassmann's equation to generate the initial seismic veloditiesnvestgated parameters are
mineral properties, water salinity, pepeessureand gasoil ratio (GOR). Nextparameter

sensitivity for timelapse seismic modeling dfornefield is investigatedThe investigated rock
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physics parameters are clay content, cemamg-fressure and ming. This sensitivity analysis
is usedo selecttheimportantparameters for tim&apse(4D) seismic history matchinge8sitive
rock physics parameters during the joint inversion of productiortiarelapseseismic data of
any real feld can be identified using this method.

Chapter 57 Reservoir characterization by Joint inversion of production and thia@se

seismic data using family of particle swarm optimizers

Chapter 5discusses a methodology for reservoir characterization by jowersion of
production andime-lapseseismic data of a synthetic field using a family of particle swarm
optimizers.High dimensionality otthe inverse problem makes the joint inversion of both data
sets computationally expensivdigh dimensionality ofthe inverse problem can be solved by
using principal component basis derived from the prior. In this chapter we have used a family of
particle swarm optimizers in combination with principal component base for inversion of a
synthetic data set. We analyttee performance of the different particle swaaptimizers, both
in terms of history match and convergence. We show that particle swarm optimizersehave
good convergence rate for the synthetic cabe. results are promising and subsequently in the
next chaptewe have applied all of the particle swaoptimizers injoint inversion of production

and timelapse seismic data tie Norne field.
Chapter 6i Joint Inversion of Production andlime-lapseSeismic Data ofNorne Field

Chapter &iscusses a syematic workflow for joint inversion of production atiwhe-lapse
seismic data of Norne field using a family of particle swarm optimizers and by vahgng
sensitive parameters that haween identied previously.Also, Seismic surveys dlornefield
aqjuired in 2001 and 20C&re quantitatively interpreteghd analyzedor thejoint inversion We
successfully applied the proposed workflow jomt inversionof production and timdapse
seismic data of thBlornefield. It is alsoshownthat particle swan optimizers have potential to
be applied fojoint inversion of a real field data s@the application of different particle swarm

optimizers provided a set of parameters whose simulated responses provide satisfactory match



with production and timéapsesasmic data of Norne fieldThis workflow can be applietbr

joint inversion of production aniime-lapseseismic data of other fields



Chapter 2

NORNE FIELD DATAAND RESER VOIR
MODEL

This chapter introducese Nornefield datasetand specially Segment E dfis field. The
SegmentE of Nornefield is usedas the research data set in this ihebhe chapter starts with a
description of the available data. Subsequently a detailed description of reservoir modeling
workflow is presentedThesereservoir modelsire usedin subsequent research studies of this

thesis.

The Nornefield is a large hydrocarbon reservoir located in the southern sector of Norland
Il area in blocks 6508/1 and 6608/10 in the Norwegian Sea, 200 km wist oid-Norway
coast(Figure 2.1). The field is 10 km long and 2 km wide and has a water depth of 380 m.
Nornefield was discovereth December 199landthe development project began in 1993. The
field consists of two separate structufdsynemain structure (Segment C, D and E) &atne

G-Segmen(Figure2.2).



The hydrocarbons are in sandstone rocks of lower and middle Jurasgikeggen, 2009).
It consists of a 14 m think oil zone with 75 m thick overlying gas cap. The structure of the
reservoir is flat with a trend of NEW. The top of the reservoir is abo®25 m belowthe mean
sea levelandreservoir pressure is close to the hydrostatic pressure. The reservoir consists of five

primary zones. Starting from the top they are Garn, Not, lle, Toftd ged

Based orverlo andHetland (2008)Tilje formationwas depositedn a marginal marine,
tidally affected environment. Sediments deposited are mostly sand with some clay and
conglomerates. There are numerous-sealingintra reservoir faults present in the field. . The
Tofte formationwas depositedn top ofthe unconformity during the Lat€oracian Mean
thickness of the Tofte formation across the field is 50 m. It consists of medium to coarse grained
sandstones. The lle formatiomas depositedduring the Aalenian, and is 3240 m thick
sandstoneThe reservai quality of the lle formation is generally good, especially in the
regressive deposition, whereas the reservoir properties are decreagard the top of the
formation The Not formation was also deposited during Aalenian titris.a 7.5 m thick, dark
grey to black claystone with siltstone lamina. It is almost impermeable and acts as a cap rock
preventing communication between Garn and lle formation. The Garn forme®uleposited
during the late Aalenianand is 35 m thick sandstone. The depositional environment was near
shore with some tidal influence. Reservoir quality is increasing upward within the formation,
from pretty good in the lower parts ¥ery good in the upper parts. The upper part is a sands
unit which is coarsening upward frorery fine to thefine grained sand.

The field has29 producers and 10 injector wells. Thé production was startedn
November 1997 and gas March 2001. The oils producedwith the support of gas and water
injection. Several measures have been applied in the field to improve the hydrocarbon recovery.
Time-lapseseismic monitoring is one of them. The purposéré-lapseseismic monitoring is
to identify undrained hydrocanh areas and decide the locations of future wells. It iskasay
usedto map the fluid movements in the reservoir and estimate the fluid and rock property for
better management of the reservoir. Joint inversion or history matchiimyespseseismicand
production data can provida better descriptiorof the reservoir and thus helps in efficient
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reservoir characterization and monitoring. Reservoir models optimally constrained to both the

data types can provide better reservoir forecasting.

Norwegian
Sea

l

a’am 2FALK

EB0BI1

Fr

3

N O il as0an
S 501

®
Ste
North Sea

Figure2.1: Location of theNornefield situated in the Norwegian S&egum, 2009

2.1 SegmentE of Norne Field

SegmenE is locatedon the north most part of tiéornefield. It is boundedoy normal
faults in the northeast and west and separates segideot Norne field in south by a non
sealing fault. Segmeiit has also five primary zones as discussed in the previous section. It is
producing with five wells (3 producers and 2 injectors). i®imainly foundin lle and Tofte
formationand free gas is in the Garn formation. The porosity is in the range-230 26 while
permeability varies from 20 to 2500D (Steffensen anarstad 1995;0sdalet al.2006). Since
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Not formation is impermeable and acts as a cap roekséigment E hasvo OWC (oil-water

contact) and GOC (gasl contact).

Figure 2.2: Top view of Norne field showing segments C,,5 and E present in the field. This stuiy
focusedon segment E of thidorne field (Begum, 2009)

2.2 Available Data

The Nornefield has a wide variety of datasanhdit is maintainedy ateamof geologists,
geophysicists and reservoir engineers working with Statoil. The dataset including well log data
of 29 producer and 10 injectavrells is available. These well logs include porosity, saturation,
gamma ray, sonic and density logs. Onlpenwells have sonic logfNorne field has a high
guality timelapse seismic data. The baseline survey for monitagnacquiredin 2001, and
monitor surveys are available in 2003, 2004 and 2006e-lapseseismic data has near, mid, far
and full 3D stacks. Other data includes properties of the fluids in the reservoir, interpreted
horizons, faults, velocity model, historical production data andva simulation model built in

Eclipse(Copyright 2011 Schlumbergdidw simulator software.
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2.3 Reservoir Modeling Workflow

The structural framework (structure grid) of the reserwais been builby the team of
geoscientists in Statoil based on interpreted horizons and fgifare 2.3). This section
describes in details the process of generation of realiwator porosity and permeability based

on the well data.

The 3Dgeocellulamodel has 146 X 112 X 22 number of grid blocks; each grid block has
an average width of 120 m (in x and y direction) and average thickness of 8m in the z direction.
The gridis populatedwith porosity and permeability based on the well log dBtgure 2.4) as
described in the following. The porositig distributed using variograrbased twepoint
geostatistics algorithm SGSIM (sequential gaussian simulafibeye are 22 horizontal layers in
the reservoir grid in the verticalrdction. Variogramsare obtaind by fitting the models to the
well log datafor each of the 22 layers. The detaifgte variogramsre shownn the Table2.1.

These variogramare usedor the rosity simulations1000 porosity realizationsre geneted
using SGSIMFigure2.5 showsfour porosity realizations out aine thousandenerated porosity

realizations.

Next permeability modelare obtainedor each of the porosity modetgsed on different
correlations established between porosity andnpability in each of the 22ayers. These
correlationsare establishetbased on the porosity and permeability data provided by Statoil.
Table 2.2shows the porosity permeability correlation used in each of the 22 layers for generation

of permeability models.
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Figure2.3: Structural framework olornefield. This frameworkhas been usei generate 1000 realizations
of Nornefield
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Figure2.4: Well logs ofNornefield used for generation of one thousand realizatiom$oofe field
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Figure 2.5: Four porosity realizations dornefield, one thousand porosity realizatiosa® generatedsing
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Layers Type Nugget Ranges Angles
Layer 1 Spherical 0 1231/912/0 | 45/135/0
Layer 2 Spherical 0.018 1584/549/0 | 22/112/0
Layer 3 Spherical 0.01 1081/500/0 | 42/132/0
Layer 4 Impermeable Layer

Layer 5 Spherical 0.01 2506/629/0 | 88/178/0
Layer 6 Spherical 0.01 2574/500/0 | 45/135/0
Layer 7 Spherical 0.014 839/500/0 | 0/270/0
Layer 8 Spherical 0 1905/668/0 | 44/134/0
Layer 9 Spherical 0 800/674/0 | 135/225/0
Layer 10 Spherical 0 1527/500/0 | 45/135/0
Layer 11 Spherical 0 830/500/0 | 125/215/0
Layer 12 Spherical 0.005 2486/971/0 | 45/135/0
Layer 13 Spherical 0 975/500/0 | 135/225/0
Layer 14 Spherical 0.02 2041/775/0 | 45/135/0
Layer 15 Spherical 0 1256/500/0 | 45/135/0
Layer 16 Spherical 0.02 1644/500/0 | 45/135/0
Layer 17 Spherical 0.02 1809/423/0 | 133/223/0
Layer 18 Spherical 0.013 1004/500/0 | 0/270/0
Layer 19 Spherical 0.015 | 2136/500/0 | 133/223/0
Layer 20 Spherical 0 1937/755/0 | 45/135/0
Layer 21 Spherical 0 2175/500/0 | 48/138/0
Layer 22 Spherical 0.028 1571/583/0 | 26/116/0

Table2.1: The details of the variograngenerated using well logs. These variogramsusedor generation of one
thousandporosity models
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Poro ( 071) Perm (K)

Layers correlation

Layer 1 K=10(0 613367 1 +
Layer 2 K=10(41 268365)
Layer 3 K =10( 20 922@578)
Layer 4 K = Impermeable Layer
Layer 5 K =10( 16 73780085
Layer 6 K=10(16 73789096
Layer 7 K=10(7- 155680 + 0

Layer 8 K=10(7- 15594 @ +

Layer 9 K =10(14 07om®54a1)
Layer 10 K=10(10-8496 o + d
Layer 11 K =109 986Qa0s6us2)
Layer 12 K=10(16 4828480
Layer 13 K=10(11 08azs299)
Layer 14 K =10( 14 79150772)

Layer 15 K=10(7 26556 o «

Layer 16 K=10(17- 768485939
Layer 17 K=10(21 3182289
Layer 18 K=10(12 17GH3427)
Layer 19 K =10( 26 8082979
Layer 20 K =10( 14 63@924686)
Layer 21 K = 10( 20 63 285890)

Layer 22 K=10(11 3666 0 + (@

Table2.2: Porosity permability correlation generated using the data provided by Stadtedse correlatiorasre used
for generation of permeability models.
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Chapter 3

SENSITIVITY ANALYSIS FOR JOINT
INVERSION OF TIME -LAPSE SEISMIC
AND PRODUCTION DATA OF NORNE
FIELD

3.1 Introduction

Dynamic data of the reservas usedfor efficient reservoir characterization, monitoring
and forecasting. The dynamic data set includes production andajase seismic data. Both of
these data sets can be used in history matching proceadédter descriptiorof the reservoir
and thus for better reservoir forecastirgs previously mentionedit is essential, before
proceeding with large scale history matching, to investigate pasasensitivity for bth types
of data. In this chaptehe data set dfornefield is usedto find out which reservoir rock and
fluid parameters have the most impact jointly on tlapgse seismic and production data. The
parameters investigated for thisudy include rock physics model, relative permeability, pore

compressibility, fluid mixing and porosity model.
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3.2 Sensitive Parameters

Joint inversion oftime-lapse seismic and production data consist of modeling of
production data antime-lapseseismic da. Modeling of production daia doneby a reservoir
simulator and requiregetrophysicalproperties of the reservoir, such as porosity, permeability
and relative permeability curves. Pressure and saturation distribution of reservoir at different
times and a rock physics modealre neededor modeling oftime-lapseseismic dataFlow and
time-lapse seismic response of a reservoir model or a set of parameters (that includes reservoir
model) is comparedwith the observed production and tilagpse seismicat and a misfitis
obtained based on an objective functiomhe objective function is minimized using an
optimization algorithmandin the process the varied parametaes updatedrinally, a reservoir
model or a set of parameters (that includes resemmidel) is obtainedwhich provides
minimum misfit with the observed data. Based on this workflow we selected the following

parameters for a sensitivity study:

A Porosity and Permeability model

A Relative permeability curves

A Porecompressibility

A Rock plysics models for elastic properties of the rocks
A Spatial scales of saturation distribution

In the following sections we describe in detail the variations in these factorgeteatsed

in the sensitivity study.

3.2.1 Porosity and Permeability Models

Reservoir rock properties are the basic input parameters for modeling of production and
time-lapseseismic data. Reservoir rock porosities and permeabilities are used to model the flow
response. Porosities, saturations, and pore presawgdmkedto the seismic response through
rock physics modelsThus spatial distribution of porosity and permeability is iamportant
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parameter to consider for this studijhe generation and selection of these porosity and

permeability models are described below.

The wokflow to generate reservoir porosity and permeability models for segment E of the
Norne field is describedn Chapter 2 The structure model for segment E Mdrne field is
generatedn PETREL (Copyright 2011 Schlumbergebased on the horizon data. The §8o
cellular model consists of 113344 (46 x 112 x 22) cblext variogram mode are estimated for
each of the 22 layefsased on the well log dat&hese variogram models are used to generate
one hundred posity realizations using Sequential Gaussanulation(SGSIM) (Deutsch and
Journe] 1998) Permeability modelare generateddased on the correlation between pdgoand

permeability in each of the 22 layers

All one hundredporosity and permeability models cannot be included in the experimental
design due to high computational coshus a few representative modedse requiredn the
experimental design such thithe computational coss notvery high, as well as selected models
are able to capture thariability present irone hundrednitial realizatiors. We selected three
representative porosity models bdson multidimensional scalingMDS) (Borg andGroenen
2005)and kernel kmedoidclustering(Scholkopfand Smola, 2002, Scheidt aGders 2009a, b)

3.2.2 Multi -Dimensional Scaling

Multi-dimensional scalinggs a method to project high dimensional models ftbemetric space

to a low dimensional space such that euclidean distance between models in the low dimensional
space is close to the distance used to construct the initial sdice for models.

0 a ad a a 8& NY (3.1)

Let 0 be the ensemble of n models. Each of the models has a dimension of Ldinelisional

scaling ond is such that

Qdhh e afp ap ap A (3.2)
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wherep is the dimension of projection spadde method starts with centering tbie distance

matrix D.
0 000 (3.3)

0 is the centering matrix,

C
C

6 O (3.4)

™| O

"Os the identity matrix and is a column vector of n ones. The elementdisancematrix Dare
calculatedas

() Q (3.5)

P,
C
Where'O is the distance betwe€efih and’@ models. Next eigenvalue decompositionthus

distancematrix O is done to obtain eigenvalues and eigenvectors,
0O WY W (3.6)

w is the matrix of eigenvectors and is the diagonal matrixcontaining eigenvalues of matrix
O. Nowif, p largest eigenvalues and associated eigenvestenretainedthe models in the MDS

spaceare definedas,
o T
U WRrY (3.7)

The values ot and L in this study are 100 and 113344 respectividhg reservoir models are
projected in a two dimensional space to select three repa@igenteservoir porosity models
(Figure3.1). The representative modedse selecteds the centroid of clusters obtained after the
kernel kmedoidclusteringis performedon the projections in the MDS space. The distance used

for initial distance matrix is euclidean.
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Figure 3.1: MDS performed on 100 porosity realization and plotted in two dimensiBesl. points
correspond to different porosity realizations. Porosity realizatiengdifferent from each other are far away
in the pot

Figure 3.2: Kernel kmedoidclustering performed on 100 porosity realizations after MDS. Green, blue and
magenta color represents different clustbtedoids of clustersare representealy squares
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Figure 3.3: Three porosity realizations associated with the medoids obtained after clustering. These
realizationsare selectefbr the sensitivity study

3.2.3 Kernel K-Medoid Clustering

Clustering is anmportanttool to select few representative models capturing the variations
present in the initial ensemble-rdedoidclustering is performed after the projection of models
from the metric space to a low dimensional space since it is easy and converges fast.-Kernel k
medoid clustering is kmedoidclustering in kernel spacén this method models are arranged

linearly in the kernel space making clustering very effective.

K-medoidis an iterative algorithm to find the locations of the medoids suchsthabf
distance beteen models and their nearestdoidis minimized Once the locations of medoids
are identified the models nearest to medoig® assignedhe same cluster. In the kernel k
medoidclustering thevery first step is thenapping of models from MDS spacekernel space.
Several kernel functions are available for mapping RadiatBasis function (RBF) kernat
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often selectedince RBF kernel is a function of distas only. Alsosince the distance in the

kernel spacés calculatedusing kerel function, itdoesnotr equi re def i nition of
explicitly (Scholkopfand Smola, 2002} he distance between two modelsiefinedas

. arp G

Qda ;f Aob c (3.8)

Based on the workflow mentioned above, three porosity models and associated permeability
modelsare selectedor sensitivity study. The clusters obtained after kerrelddoidclustering
on 100 porosity realizatiorsre shownn the Figure 3.2. Figure 3.3 shows the porosity models

corresponding to these three clusters.

3.2.4 Relative Permeability

Relative permeability is amportantpart of modeling the flow response of the resenioir.
effects multiphase flow and distribution of fluids inside the reservoir during production and
subsequently effects seismic respe. Production respse isaffected by relative permeability.

It has impact directly on flow as well as indirectly on tiapse seismic responsghe available
data ofNorne field includes eighty four combinations of -ovlater relatve permeability and
associated gaail relative permeability curvesF{gure 3.4). These curves have different oil
relative permeability end point and critical water saturatioms pairs of relative permedity
curvesare selectedor sensitivity analysigoil-water relative permeability curve and associated
gasoil relative permeability curve)These two relative permeability curves have minimum and
maximum set of oil relative permeability end poamd citical water saturations as shown in
Figure 3.4. This studyis basedon the assumption that selected relative permeability curves
captured the variations present i @ the relative permeability curves associated with the

Nornefield.
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Figure 3.4: Oil-water relative permeability curves fblornefield. Curve pairs 1 and 2 are selected for this
study Selected curves pture the uncertainty associated with relative permeability curvsmiefield.

3.2.5 Pore compressibility

Porecompressibility is a parameter that can impact both,feswvell as elastic (and hence
seismic) response of the reserv@ompressibilities for porous media depend on two pressures
(the external confining pressuné, and the internal pore pressuig) and two volumes (bulk
volume, \, and pore volumegy). Therefore, we can define at ledeur compressibilities.
Following Zi mmer mandés (1991) notati on, i n which t
change (b for bulk, p fgporg and the second subscript denotes the pressuris tWeated(c for

confining, p forpore, these compressibilities are

B

5 P
R (3.9)

—a
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pTw
© w1, (3.10)
p 1%
° T (3.11)
. p 1%
0 T (3.12)

Note that the signs are chosen to ensure that the compressibilities are positive when
tensional stresis takento be positive. Thus, for instandg,, is to be interpreted as the fractional
change in the bulk volume with respect to change in the pore pressure while the confining
pressureis held constant. These are the dry or drained bulk pok compressibilities. The

effective dry bulk modulus iKqy = 1/Cyc, andis relatedo the seismic fvave velocity by

W 0 T'To ¥ (3.13)

where 3 and O are the dry bul kDrydoekwsldcitegcaand s h
be related to the saturated bulk rock velocity through Ga s s mafloich Substitution
(Gassmann, 1951Figure3.5).

Ve, Vs Gassmann’s
(All Brine) Substitution

Figure 3.5: Dry rock velocitiesare calculatedu si ng saturated bul k rfudk velocit
substitution.

The different compressibilities can be related to each other by elasticity theory using linear
superposition and reciprocity. The compressibilily, appears in the fluid flow equations
through the stoge term and can be related tG,. (and hence to seismic velocity) by the
equation(Zimmerman, 1991).
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) (3.14)

where (G i s t heis tpecsolidminetalypulkamoduludo test the sensitivity of the
seismic velocity and fluid flow response to variations in pore compressibility, three levels of
pore compressibilitywere selectedased on its overall range estimated from well Idgse
compressibility for each of the zens calculated based on the well log data and using the
relation between g and G as described abovekigure 3.6 shows histograms opore
compressibility in each of the zones. The plots show thafptne compressibility can vary
within formations by factors of 2 to 4 amhg an order of magnitude across different formations.
Yet, often in flow simulations (typically simulations that do matcount for geomechanics)
though porosity is taken to vary over every grid block, the corresponding rock pore
compressibility istaken to be a constanthis leads to a clearlynconsistent modelPore
compressibility of the rock varies with porosity inchaof the zones ilNorneandis showvn in
Figure3.7. Suman et al(2008) showed that spatial variability in pore compressibility can play
an importantrole in time-lapse seismic modeling. Three sets pbre compressibility values
(1.56'° pa', 3¢'° Pa' and 5€° Pal) are selectedbr the sensitivity study. These values capture
the range of pore compressibility variations observed ilNtreefield.

3.2.6 Rock Physics Mockl

Rock physics modeling usedo determine the change in elastic properties of rocks due to
variations in mineralogy, change in fluid type, variation in saturation pamd pressure and
change in the reservoir effective stress. It can also be usedptdafm acoustic and elastic
properties Y, and \s and density) inside the reservoir away from the well. The bassirof
approach is to relate elastic moduli and porosity near the well (based on the well log data) and
use this relation to populate away from the well. Rock physics model selectionnipa@nant
step intime-lapseseismic modeling. The rock physics models ba different depending upon
diagenesis, sorting, and clay contprésent in the reservoilF{gure3.8). In this study two rock
physics modelareselectedor anaysis.
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These two rock physics models dine cemented sand model atite unconsolidated sand
model. These modelsre describedh Dvorkin and Nur (1996) andavebeen usedefore for
North Sea reservoirs. Seismic velocity porosity trends can be established using well,lbgtdata
uncertainties are always present away from the wElisrefore it is necessary to consider the

possibility of other scenariosot see in the well

cementing
trend

Uncemented |
trend

A A

0 1 2
0 0.1 0.2 0.3 04 0.5
Porosity

Figure 3.8: Schematicof seismic velocityi porosity trend for cemented amshcementedsands(modified
from Avsethet al. 2005).

3.2.7 Fluid mixing

Seismic velocities depend on fluid saturations as wells as spatial scales of saturation
distribution.It has been pointed out by several authors that seismic velocity not only depends on
fluid type and saturation but also on spatial scale of fluid mixiripeé pore space (White, 1975,
Dutta and Ode, 197Mavko and Mukerji, 1998). Uncertainties in the saturation stzdel to
uncertainties in the interpretation of seismic attribusesigupta (2000) discussed the importance
of saturation scales in modelinige changes in seismic velocity with respect to changesein th

reservoir at different timesSeismic velocities are different for uniform and patchy saturation
29



distribution in the reservoifor example, for an etjas mixture the seismicWave velocitycan
be different for the same oil saturation depending upon the type of fluid mixiggre 3.9
shows the effect on seismieviRve velocity due to change in oil saturation in argas mixture
for uniform and patchy sarations.Oil saturation of 0.@€ould haveseismic Pwave velocityof

2.09km/s for uniform saturation or 2.18n/s for patchy saturation, or anywhere in between.

2.2 | . ; g
—Homogeneous | :
—Patchy
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Vp (km/s)

21 ................... ................ ................... ................. ..................
Sandstone | '
porosity = 30%

2.0% 02 04 06 08 1

Oil Saturation

Figure 3.9: P-wave velocity trends for homogeneous and patchy saturations in-gas@and having a
porosityof 30%.

Thus saturation scales considereds a prameter for this studylable 3.1 describes the

selected parameters and their ranges for the sensitivity analysis

We have selected experimental design for sensitivity analysis. All of the selected
parametersare varied and the responses calculatedfor combination of parameters values.
Based on the parameters values selected for this st@dyifferent casebaveto be simulated

with different combination of parameter values

30



Parameters Values
Pore Cczg‘g.r{;nssmi”ty 1.5¢-10 3e-10 5e-10
Relative Permeability Low High
Rock Physics Model Cemented Uncemented
Saturation Scale Uniform Patchy
Porosity Model Model 1 Model 2 Model 3

Table3.1: Parameters and their ranges for sensitivity study

3.3 Methodology

Figure 3.10 describes the workflow used for this study. At first flow simulatien

performedon selected reservoir porosity and associated permeability model from 1997 to 2004.
Flow simulation providegroduction response (water cut in the field from 1997 to 2004) and

change in pressure and saturation inside the reservoir over four years (from 2001 to 2004).

Subsequently rock physics modeliisgoerformedby selecting rock physics model (cemented or

uncasolidated) to obtain seismieWwa v e

velocity

at

2001.

Nig x t

usedto obtain seismic fvave velocity at 2004. We only considertteé changein pore pressure

and fluid saturation over three years. The changevimye seismic impedance for segmeris E

calculatedfor all of the 72 cases and selected as a basis for comparison dapiseeseismic

responseAs the impedance change can be pesitor negativeso we compare.l norm of

change in pvave impedancaVater cut in well E2H from 1997 to 2004 takenasthe basisfor

Ga s

comparing production response. The sum of water cut in the field at each time step from 1997 to

2004is comparedor all of the 72 cases.

3.4 Flow Simulation

Flow simulation is performed for all 72 variations of the parameters, starting from the

initial condition of the reservoir. This provides us the spatial distributions of fluids and variation

of pore pressure in the resemvat different times after the start of productiém.order to use
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Gas s ma n n 0 swe aegditletsatuoatioss of each fluid (Oil, Water and Gas) at every cell at

different timesThe flow simulatiormodel was provided by Statoil.

Cumulative oil
production
Dynamic 1997-2004
modeling
(1997-2004)
A Pressure
A Saturation
Reservoir
Model
P-wave
impedancein
Rock 2001 and 2004
physics
modeling
| Differencein

Impedance

Figure 3.10: Workflow for generation of production aridne-lapseseismic response associated with a set of
parameters used in this study.
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We observed that a fault separates segment E from other segments presehioméhe
field. The simulation model consists of 113344 number of grid cells (46 x 112 x 22). The focus
of this study is on segment But simulation model has all the segments present irNthree
field since all of the segmenése separately nonsealingfaults. Segment EFgure3.11) has
three producers (2H, E-3H, E:3AH) and two water injectors {EH and F3H).

Figure3.11: Top view of flow simulation modeSegment E consists of wells3H, E-2H, E3AH, F1-H and
F-3H.

Producersare controkkd by reservoir fluid volume rate calculated frahe observed phase
flow rates and injectorsare contolled by water injection rateReservoir fluid volume is the

volume occupied by the produced fluid at reservoir conditiBlusy simulation starts during the
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year of 1997 and ends in 2Q03il, water and gas are produced fraralls E2H, E3H and E

3AH, while water is injected in thevells F-1H and F3H. NOT formation is an impermeable
layer (permeability is extremely loyand acts as a cap rock. It separates two formations, leading
to two oil water contacts (OWC) amo gas oil contacts (GOC). The depthfsSGOC and OWC

in the top formation are 2582 m and 2612 m respectively. Similarly depths of GOC and OWC in

the bottom formation are 2585 m and 2693 m respectively.

An isothermal blaclkil modelis usedor theflow simulation. Three phases are present i
the reservoir. Gasil capillary pressuras assumedo bezero during the flow simulation.léw
rates and controlare setup as observed in the field. Sewsrars of oil productiohave been
simulated PVT data istaken from originalNorne field simulation model(Begum, 2009)

Production and injectioschedule are the same as inNwnefield.

3.5 Rock Physics Modeling

As mentioned previously, rock physics modelusedto populateacoustic and elastic
properties YV, and \s and density) insiel the reservoir away from the well. We have selected two
different rock physics models for this study, namely cemented sand model and unconsolidated
sand model (Dvorkin and Nur, 1996).

3.5.1 CementedSand Model

This model assumes that cem@ntdepositedat gran contactscement is elastiand its
properties may differ fronthose ofgrain spheres. Starting framework of cemented sand model is
a random pack of spherical grains havaygprosity of 0.36 and coordination number of 9. After
addition of cement the efttive dryrock bulk and shear modudire calculatechs following
(Dvorkin and Nur, 1996)

o %6 0 % DY (3.15)
. 0'0 (0) 5 % © Y
5 X P %o (3.16)
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b " w (3.17)
7w (3.18)

%o is 0.36 (porosity of spherical graingh ,w and” areP-wave velocity, Svave velocity
and density of cement respectively.and™Y areproportional to the normal and shear stiffnesses

of a cementetlvo-grain combination. They are calculated as follows (Dvorkin and Nur, 1996):

Y 0| 0] © (3.19)
o) TICT LD (3.20)
6 mMmuntwd (3.21)
6 mrmnerd (3.22)
Y 8] 6] 6 (3.23)
0 PTT C& @ ¢y c&YS 8 8 (3.24)
6 TILVUYX 0 T wdX T Mg 8 8 (3.25)
6 pTm WHULT THRTL oP ¥ 8 8 (3.26)
N o
N (3.28)
| _$ (3.29)

Where' and’ arethe shear modulus and Poisson ratio of the cement, respectizely; are
the shear modulus and Poisson rafiche grain, respectively; R is the grain radius; ans the

radius of the cement layé¢r.can be related to porosity of cemented sand as follows:
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% %o T

| G O'Op %o

(3.30)

3.5.2 Unconsolidated Sand Model

This modelis basedon the assumption that cemastdepositecaway from sand grain
contacts. The starting framework ahcementedsand is a dense random pack of identical
spherical grains with porositg. of about 0.36 and coordination number C varying from 5 to 9.
At porosity%o with a hydrostatic pressure P, the effective {ulk ) andshear* ) moduliof

dry rockare calculatedsing HertzMindlin theory(Mindlin, 1949)

0 0P % ' g ' (3.31)
pth p '
V T a0 p % *‘ T

‘ , . —0 (3.32)
LG ¢ p

Where* and’ are the grain shear modulus and Poisson ratio respectively. Effective moduli
(b and‘ ) of adryrock at a different porosifjeare calculated using modified Hashin

Shtrikman lower boun(Hashin, 1965)

. %d %0 P %d %0 T,
0 = = —~ (3.33)
0 S l') ~ o
o o
) %d %0 P %d%o
‘ Cow y Y W
® U ¢ ® U ¢ (3.34)
‘ (Al:) l.U
® U G

Whereu is the grain bulk modulus.
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Once effective moduli of dry rockare calculated effective moduli at initial condition of the

reservoirare obtained si ng Gassmannés fluid substitution.

3.6 Time-lapseSeismic Modeling

3.6.1 Change in Saturation

The distribution of fluid saturations in the reservisirobtainedfor seventy two different
cases.These variations of saturations are responsible for change in the bulk density, effective
bulk elastic moduli, and finally changes in the seismic velocities as shown Beldtme-lapse
changes in seismic velocities agenerated using initial seismic velocities, density and
Gassmannodos fluid subntl951)@da s domarmausate ua t( iGars s Ml
shown belowis usedto obtain the bulk modulus Xof the rock saturated with fluid @t year

2004), whichis amixture of oil, water and gas in this case.

(3.35)

KiandK;ar e the rocko6s b u(atkyeam200land R(at weiart2004)f | ui d
respectivelyKs; andKy;, are thebulk moduli of fluds1and2i s t he r ockKynys por os
is the bulk modulus of the mineral. Theear moduluss, remains unchange@, = G; at low
frequencies appropriate for surface seismic ,datece shear stress cannot be applieduiold.

The fluid bulk moduli are a function of the oil composition, pore pressure and temperature. The

fluid moduli and densitiesare obtainedfrom the usualBatzleWang (1992) relationsThe

effective fluid bulk moduli are different for uniform and patcégturation distribution The

harmonic average of the individual fluid bulk modidi usedfor the case of uniform fluid

distribution while the arithmetic averagge usedfor the patchy case. The use of the arithmetic

average is an approximation and giamsupper boundfavko and Mukerji, 1998).
p Y Y Y

o b o 0 (3.36)
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0 YO YO YO (3.37)

The density of the rocks also transformednd the density of the rock with the second

fluid is computeds:

oo (3.38)

Having transformed the elastic moduli and the density, the compressional and shear wave
velocities of the rock with the second fllade computeds

. 10

U —

o (3.39)

(3.40)

3.6.2 Changes in Pore pressure

In addition to saturation changes, the elastic moduli of the porous rock frame and hence
seismic velocitiesire affectedy pore pressure changas well Flow simulation provides us the
variation of pore pressure and saturations with respect to timetedtstartup of the production.

Using a proper pore pressure model seismic velocities of dryarecfirst correctedor changes

in pore pressure. The correction in seismic velocity of dry rock for cemented and unconsolidated
reservoir rocks is differenbNow corrected seismic velocities of dry rocks are used to calculate
the seismic velocities by fluid subdheipagraut i on
pressure effect on the dry rock frame in modeled using an analytical curve fit to arcampir
relation derived from dry core data for unconsolidated and cemented sands (2ina2002).

3.7 Results

P-wave seismic impedances are modeled at year 2001 and R@04e 3.12 shows the
resuls of sensitivity analysis. The results are compared based on the L1 norm cfraiéferin
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seismic Pwave impedance from 2001 to 2Q0@éhdare plottedon they axis of the plts. The red

and blue lines show the median and iteartile range of the distribution respectively. The plot

on the left shows a clear change in the distribution due to change in the rock physics model. The
shift in the median is higher as compared t® shifts of other plots in the right. This clearly
shows that rock physics model is the most sensitive parameieng selecteparameters of

Nornefield.

Figures3.13 3.14 3.15 3.16and 3.17 are showing median changetime normalized-
wave impedance in different layers (5and 10) of segment E from 2001 to 2004. It is again
clear fromthesefigures that rock physics model has the most impactiroe-lapse seismic
responselt is also ¢ear that the change in impedansemore sensitive to relative permeability
end points ad saturation scaleas compared to changes in @ty models andpore
compressibility

Rock physics models and saturation ssalely affect seismic impedanderoduction data
is only affected by relative permeability curves, porosity and permeabiligeisandpore
compressibility Figures3.18 3.19 3.20and3.21showthe effect of change in eWater relative
permeability, porosity models angbre compressibity on cumulative oil production during
seven years of productiott.is clear from thee figures that relative permeability curves have
more impat on cumulative oil productioaf theNornefield as compared to porosity models and

porecompressibility.

One of the important findings of this chapter is that rock physics model is the most
importantparameter for modelinime-lapseseismic reponse oNornefield. The rock physics
parametersreassociatedavith rock physics model aniime-lapseseismic modelingThus, n the
next chapter wevill study the sensitive rock physics parameter for modeimelapseseismic
response olNornefield.
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I1 Norm of change in P-wave impedance from 2001 to 2004

Figure 3.12: Results of sensitivity study dime-lapseseismic response ®ornefield. Box plot shows the
median (red line) and interquartile range (blue box) of distribution for variations in each parameter. Rock
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physics model has the most impact on tiaggse seismic responseNédrnefield.
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Figure 3.13: Effect of the rock physics model on medianviave impedance change from 2001 to 2004.
Changes are shown for three different layers (5, 7 and 10)th®might, change in impedance for
unconsolidated sand modate showrand onthe left change in impedance for cemented sand moaled

shown
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Figure 3.14: Effect of the relative permeability on medianwave impedance change from 2001 to 2004.
Changes are shown for three different layers (5, 7 and 10)héxnight, changs in impedance for second
relative permeability curvare shownand onthe left changs in impedancefor first relative permeability
curveare shown
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Figure3.15: Effect ofthefluid mixing on median pvave impedance change from 2001 to 2004. Changes are
shown for three different layers (5, 7 and 10). tBaright, change in impedance for patchy saturatiare
shownand ontheleft changsin impedance for uniform saturati@ne shown
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Figure 3.16: Effect ofthe porosity model on medianywave impedance chge from 2001 to 2004. Changes
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Figure 3.17: Effect of the pore compressibility on median-wave impedance change from 2001 to 2004.
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Figure3.18: Results of sensitivity study for production respons&lofnefield. Box plot shows the median
(red line) and interquartile range (blue box) of distribution for variations in each parameter. Relative
pernmeability has the most impact on cumulative oil productioNafefield.
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Figure 3.19: Median cumulative oil production from 1997 to 2004 for two sets of relative permeability.
Response of first and secoradative permeability curves are shown in blue and red respectively.
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Figure 3.20: Median cumulative oil production from 1997 to 2004 for three porosity realizations. Response
of first, second and third modetse shownin blue, red and black respectively. Resporsenodel 1 and
model 3 aresimilar thus associated curves are identical
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Figure3.21: Median cumulative oil production from 1997 to 2004 for three different pore compressibilities.
Responsg of first, second and third pore compressibilige shownin blue, red and black resgevely.
Responses associated withrecompressibilities are almost similar thus associated curves are identical.

3.8 Conclusiors

We have identified sensitive parameters and rattkech formodeling the production and
time-lapseseismic response of tidornefield. This sensitivity workflow can also be applied for
joint inversion of production antime-lapseseismic data of other fields. It is shown that rock
physics modeis the mosimportantparameter among the parameters consideretinierlapse
seismic nodeling ofthe Norne field. Presence or absence of cement in the rock has a strong
impact on the sensitivity of velocity to fluid saturation chandeslative permability and
porosity/permeability modedre the second and third most sensitivity pararaétertime-lapse
seismic modelingf the Norne field. Pore compressibilityis the least sensitive parameter for
time-lapseseismic modeling ofhe Nornefield. We also found that relative permeability cusve
are the most important parameter for modeling the flow response WNbrne field.

PorosityPermeabilitymodels are the second most sensitive parameter for modeling of flow
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response. The result of this studyll be usedas inputs for parameter selection in history
matching oftime-lapseand production data dhe Nornefield. We also have showthat only
porosity/permeability models are not theportantparameter in joint inversion of production
andtime-lapseseismic data of a field.
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Chapter 4

SENSITIVITY STUDY OF ROCK PHYSICS
PARAMETERS FOR MODEL ING TIME -
LAPSE SEISMIC RESPONSE OF NORNE
FIELD

4.1 Introduction

Time-lapse seismic modeling is amportantstep in joint inversion of timéapse seismic
and production data of a field. Rock physics analysis is the basis for modeling tHaps®e
seismic dataln this chapterNornefield datais usedto identify and rank the sensitive rock
physics parametefsr the joint inversion. The sensitivity study consists of two parts. In the first
part, we investigate sensitive parameters in the Gassmann's equation to generate the initial
seismic velocities. The investigated parameters include mineral properties,safaity, pore

pressure and gasl ratio (GOR). Next we investigate parameter sensitivity for tiapse
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seismic modeling oNorne field. The investigated rock physics parameters are clay content,

cement, porgressure and mixing.

4.2 Rock Physics Modeliry

Rock physics modeling can be used to populate elastic properties inside the reservoir
model away from the wells. The basisofr approach isock physics modelingp relate elastic
moduli and porosity near the well (based on the well log data) andhisselation to populate
away fom the wells. The rock physics relations betweeastielanoduli and porosity depermh
factors such as clay content, diagenesis, sorting and lithof&ojese 4.1 describes the general
workflow for modeling initial elastic properties (seismic velocity) from the well log data of a
field. It starts with the well logs (porosity, saturation and sonic logs) to analyze the data near the

wells.

4.2.1 Facies classification

Facies classification in an important part of rock physics modelitigofluid faciesare
classifiedbased on available well logkithofluid facies are facies having a particular type of
fluid (hydrocarbon or water).ithofluid facies of segment E oNornefield arebasedon the well
log data of two wells BH and F1H (Figure4.2). The well log data used for analysis include

porosity, saturation, clay content;) and sonic logsf these two wells
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Figure4.1: Workflow for generation of initial (t=0) cube of elastic prajes using well log data. Starting with
well log data an appropriate rock physics model is used to estaldistrelationbetween porosity and elastic

properties.
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Figure4.2: Porosity and Mecity log (generated from wellogs provided by Statojlin well E3H on the left
and well F1H on the right. Both of these lage usedor the analysis
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Figure4.3: Facies classificatiom segment E of Norne field using well log data and based on velocity ratio,
clay content and acoustic impedanthree distincfaciesare classifiednamely sand, shaly sand and shale.
Shaly sand and shadeelimited to layer 3 in the reservoir

Sesmic Pwave and Svave velocities\{p and \s) are calcuhtednear the well based on
sonic logs. Seismic-Rave impedances establishedhased on Rvave velocity and density log
present in the wellA scatter plot between velocity raifg,/Vs) and clay cotent of well log data
is usedto classify different lithofacies. The well log data poirie coloredby acoustic
impedanceFigure4.3 shows clusters of differefithofluid faciesin segment E oNornefield.

All of the data points having shaleaction (clay contentless than 0.4reregardedas sand. Oil
sands have lowempedance thaibrine sands. The data points having highVs (~1.8) and
high clay contenare regardeds shale. Well log data points having clay content greater than 0.4,

intermediaté/p/Vs and relatively high acoustic impedarare definedas shaly saifs.

Thus segment E oNornefield is dividedinto threefacies(sand, shaly sand and shale) for
this study.In this study ve have investigated sensitive rock physics parametetinigrlapse
modeling of sandacies The same workflow can be applied for the otfasiespresent but it
has been observeabatthe presenceof shaly sandrad shalefaciesin the fieldarevery limited.

They are only present in the NOT formation which acts as a cap rock (permeability barrier).

54



Modeling and matching of timkapse seismic response in the NOT formaisnot considered

in this study.Thus Nornefield is modeled as sardcieswith varying clay content.

4.2.2 Sensitivity to Fluid Substitution

Facies classification provides the basis for rock physics analysis for each facies present in
the field.Once the facies are established based on the method described above, next step is to fi
a rock physics model based on the characteristic of plots between porosity and seismic velocity
observed in the well. But to do that all of the well log data should be at the same fluid saturation
which i s achieved byonG@GadesibadinSecien3.6.There ale tvgou b st i t
importantsteps intime-lapseseismic modeling of a field. First is the selection of an appropriate
rock physics model anthesecond s t he Gassmannds fluid substi
substitutionis usedto capture the variation in the elastic properties of the reservoir due to
changes in saturation ambre pressure. We have investigated the sensitive rock physics
paraneters in the both of the steps mentioned above and thus overall sensitivityeftapse
seismic modelingAs mentioned above ftar faciesclassification, an appropriate rock physics
modelis usedo fit the well log data after correcting to a constaturation (100% brine) using
Gassmannos f | @a sds nsaunbnsdt sEquatigni3ad&)s. usedto obtain the bulk
modulusk; of therock saturated with 100% brin€he fluid moduli and densitiesre obtained
from the usuaBatzleWang (1992) relationsSalinity, pore pressure and gais ratio (GOR)
effect fluid bulk moduli.Thusinvestigated parametersn t he Gassmannéas f | ui
clay content, gasil ratio (GCR), salinity andpore pressure. Again we used the apptoad
experimental design described in the previous chaps#ie 4.1 shows the values of different
parameters used for this experimental design sflidg.parametersangesare chose based on

the available data fahe Nornefield.
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Sensitive
Values
Parameters
Clay content
(%) 0 20 40
Salinity (ppm) | 15000 15500 16000
GOR 175 200 225
Pressure (MPa) 25 27 30

Table4.1: Parametersised in the sensitivity study &as s manné s

Reservoir parameters Properties
Bulk modulus of clay (GPa) 21
Shear modulus of clay (GPa) 7
Bulk modulus of quartz (GPa) 36
Shear modulus of quartz (GPa) 44
Gas gravity 0.85
API of oil 33

Table4.2: Values of the parameters used in this study
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Clay content hasn impact on bulk and shear modulus of the effective mineral. The
moduli of the minerals for different clay conteare calculatedising a Reuss average as shown

in the equations below:

P w P W

0 0 0 (4.2)
P w P W

o) o) o) (4.2)

wherew , 0 and'O areclay content, bulk modulus and shear modulus of the effective
mineral. Keay , Gelay » Kquartz and Gguariz @are the bulk and shear modulus of clay and quartz

respectively.

The experimental desigs basedn variations of clay content, salinity, pore pressure and
GOR. The rangefovariation of these parametershiasedon the observations in the Norne field
and results inthe generation of 81 cases (33x 3 x 3).The specific gravitie®f fluids are
measured in the laboratorffhus APl and gas gravitgare not includedor sensitivity study. For
each case a new set of moduli and density of rock saturated with 100%shoin@ined The
seismic Pwave velocity of the rocks calculatedusing the moduli and density of the rock. To
study the effect of variation of designed parameteescompared the response tlsatlefinedas
thesumof seismicPwave velocities after FiGeeddshawsthéd s f | u
resuls of sensitivity study for fluid substitution, in which box @aire usedfor identifying
sensitive parameters. For each valua parametervariation in the response (as definabove)
is analyzed through box plot which compares the median and interquartile saofjeesponse
distributon. The sensitivity results odn areas iexpectad Gas s
Increasing clay content by making the rock softaiusng increased fluid sensitivity; GOR is
alsoimportantwhile the response isot very sensitive tovariations inbrine salinity, within the

range tested
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Figure4.4: Result of sensitivity study fatas s manndés fl uid substitution, box

and interquartile range (blue box) of distribution for variations in each parameter

Thus clay content and GOR are kept as sensitive parametah are varied in the
overall sensitivitystudy of timelapse seismic modelingNext step in the rock physics modeling

is to fit a rock physics model to the well log data modified for 100% banh&ation

4.2.3 Selection of Rock Physics Model

Nine sets (3 x 3) of bulk modulusrf100% brine saturate@ck are calculatedbased on
the variations in clay content and GORgure4.5 shows all the nine sets of bulk modulus and
associated porosity colordyy Gamma rayThe uncertainties in clay content and GOR lead to
uncertainties in rock physics model parameters. Rock physics modeldaneto establish a
model between porosity and elastic properties (bulk and shear modulus). Once a rock physics

model is establisheoased on the well log data, the correlation can be used to populate the elastic
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properties away from the wells. Constant cement moalddth et al. 2000) is used as a rock

physics model for this study based on the cross plot between bulk modulus asityporo

: : 100
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Figure4.5: Bulk modulus obtained near the wells after fluid substitution for variations in clay content and
GOR.The well log points are for nine different cases (3 clay content x 3 GOR) and coithegamma ray
values

4.2.4 Constant cement model

Constant cement moded basedon the assumption that sands having different porosities
have the same amount of contact cement. Mathematically this model is a combination of contact
cement model (Dvorkiret al. 1994) at critical porosity and friable sand model (Dvorgiral.

1996) where porosity is lower than critical porosity. This is the most likely scenario in the
reservoir since cement fraction depends on the depth and porosity variation depends orf energy o
the system. In this model at first drygck bulk (0 ) and shear(' ) moduli are calculatedat

critical porasity using contact cement model aemliations 3.153.30.
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Next, ulk (b ) andshear(" ) moduli of the dry rock at porosities J lower than

critical porosityis obtainedusing the modified lowdrashirShtrikmanbound:

. N T%o p N T%o T,
0 - - - (4.3)
* — * _ ¢ 0
v o v o
N¥% p " T%o ,
¢ 2 ‘ 2 q (44)
a a
. w Y
aQ — — .
T c (4.5)

Next Bulk and shear moduli of the brine saturated mr@calculatedu si ng Gas s mant
equation. The model trend varies based on the variations in clay content, coordination humber
and cement fractions. The variations in the rock physics model paranretatsdeato capture all
the 9 sets of bulk moduli from well logs shown in tigure4.5. Figure4.6 shows the variations
in the rock physics model due to variations in clay content, coordimatimber and cement
fractions. The range of coordination number and cement fracii@®s.ch that it successfully
capturesghe well log dat shown in thd=igure4.6. The range of clay content and coordination

numberis shownin theTable4.3.

Based on the above analysi®xh we investigatghe sensitivity of time-lapse seismic
modeling results to rock physics model parameters. The investigated parameters include clay
content, GOR, coordination number, cement fraction, effective pressure model and fluid mixing.
The effective pressure model defines changadastic properties of the rock frame due to change

in effective pressure.
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Figure 4.6: Variations in rock physics models by varying clay content, coordination number and cement
fraction (color: Gamma RayYhe variations in rock physics parametars successfully calibrategth the
values in the well log. Blue lines are rock physics models and pomtsoloredvith gamma ray

The variation in elastic properties of the reservoir not only depends on charsgégration but

also on saturation scale (patchy saturatias)discussed ine8tion 3.2.7. This effect is more

visible if there isapresence of gas in the eegoir (Sengupta, 2000As Nornefield has freegas,

the scale of saturation (patchy versus uniform) isygortantparameter to be considered for the

sensitivity study.Thus two types of fluid mixingare consideredbr sersitivity analysis.Table

4.3 shows the investigated rock physics parameters for modatiegapseseismic signature of

Nornefield.
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Parameters Values
Clay content (%) 0 20 40
GOR 175 200 225
Coordination number 5 7 9
Cement fraction (%) 1 3 5
Effective pressure model Model 1 Model 2
Fluid mixing Uniform Patchy

Table4.3: Parameters selected for sensitivity studgnodelingtime-lapse seismicesponse oNornefield

4.3 Methodology

The methodology consists of flow and seismic simulations on reservoir property model.
The output of flow simulation (change in pressure and saturation) serves as an input-for time
lapse seismic modeling. The workflow for sensitivity gsais shownin theFigure4.7. For the

sensitivity study this loops computedor all combination®f parameters shown ifable4.3.

1?1};22::];; A Pressure
(1997-2001) A Saturation

Reservoir
Model 4

s ~
P-wave
impedancein
Rock 1997 and 2001
. \ J
physics T
modeling 'S ~
Difference in
impedance
9 v

Figure4.7: Workflow for generation of Rvave impedance change in four years. It consists of two parts, first
is flow simulation, second is rock physics modeling and fluid substitution.
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4.3.1 Flow Simulation

Flow simulation provides us the spatial distributions of fluids and variation of pore
pressure in the reservoir at different times after the start of production. We need the saturations
of each fluid (Oil, Water and Gas) at every cell at different times a nput s t o Gas:
equations. We have used an isothermal b@ckiodel and flow rates and contra@se seup as
observed in the field. Four years of oil productioom 1997 to 200have been simulate®VT
andcapillarypressure datare takerfrom the original Nornefield simulation model. Production

and injection schedule are the same as iNtbraefield.

4.3.2 Time-lapseSeismic Modeling

Change in Saturation

The distribution of fluid saturations in the reservirobtainedby dynamic modeling.
Thesevariations of saturations are responsible for changes in the bulk density, effective bulk
elastic moduli, and finally changes in the seismic velocities as described Belbtime-lapse
changes in seismic velocities are generated using initial seisnhicities, density and
Gassmannos ibnleguatidn (Gagsmnann,il95@a s s ma n n 6 €Equatignu3a8B%)i o n
is usedo obtain the bulk modulus; of the rock saturated with fluid 2, whichasnixture of oil,

water and gas in this case.

The fluid maluli and densitieare obtainedrom the usuaBatzleWang (1992) relations.
The effective fluid bulk moduli are different for uniform and patchy saturation distribUftoe.
harmonic average of the individual fluid bulk modidi usedfor the case of undrm fluid
distribution while the arithmetic averagge usedfor the patchy case. The use of the arithmetic
average is an approximation and gives an upper bavadk and Mukerji, 1998).

0 v oYY
b O U (4.6)

0 YO YO YO 4.7)
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The density of the rocks also transformedandthe density of the rock with the second

fluid is computeds:

oo (4.8)

Having transformed the elastic moduli and the density, the compressional and shear wave
velocities of the rock with the second fllade computeas

, 1O

o (4.9

(4.10)

Changes in Pore pressure

In addition to saturation changes, the elastic moduli of the porous rock frame and hence
seismic velocitiesre affectedy pore pressure changas well Flow simulation provides us the
variatiors of pore pressureand saturation in time duringroduction. Using a proper pore
pressure model seismic velocities of dry rack first correctedor changes ithe pore pressure.

The corrected seismic velocities of dry rocks are used to calculate the seismic velocities by fluid
substitution using Gassann nedation The pore pressureffect on the dry rock frame is
modeled using an analytical curve fit to an empirical relation derived from dry core data for
uncementedgands (Zimmeet al.2002).If dry core measurements of velocities were available
for the Nornefield, these curves coulthive been also obtainég calibration to core data. Since

the pressure sensitivity is an uncertain parameter.emplore the sensitivity of the pressure
model on thetime-lapseresults by using two different efftive pressure modelg={gure 4.8)

with large and small pressure sensitivity.
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Figure4.8: Two different effective pressuraodels used for sensitivity study

4.4 Sensitivity Analysis Results

Flow simulation is performed on reservoir porosity model to obtain change in saturation
and pressure in four years (1997 to 200w selected parameteaise variedo obtain 324 (3 x
3 x 3x 3 x 2 x 2) sets of Wvave acoustic impedance change in four years alymtion. To
compare theesults, we compardtie L1 norm of differences in seismieAve impedance after
four yeas of production and areplottedon they axisin the Figure4.9. The red and blue lines
show themedian and intequartile range of the disbiuition respectively. We obsenrtkat the
coordination number habe largestimpacton change in impedancEluid mixing, clay content

and cement are also importakffective pressure model and GOR have the legsact.

We also obtained median of the distributiontlué normalized®>-wave imgdance change
for each parameteFor exkample, each coordination number had 108 setsw&We impedance
change and their medianis compared The median of Rvave impedance change for each
coordination numbeis comparedn three dferent layers (5, 7 and 10) dhe reservoir and
shownin theFigure4.10. Similarly Figures4.11, 4.12 4.13 4.14and4.15show acomparison of
median & P-wave impedance change for fluid mixing, clay content, cement fraction, effective

pressure model and GOR. It is clear from the fguhat coordination numbers hate largest
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impact on change in impedance and thus in modelinglapee seismic respse ofthe Norne
field.
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Figure 4.9: Results of sensitivity study of rock physics parameters for modeling thelapse seismic
response olNornefield. Red line are mediaandblue boxes are interquartile range of the distribution

66



=9

=7

Cord No.

=9

Cord No.

-0.4

-0.4

Cord No.

J Jofe

orgm>MJ

Figure 4.10: Effect of change irtoordination number othe medianof P-wave impedance change in four
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Coordination number has the largest impact on impedance change
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4.5 Conclusions

We developed a workflow and identified sensitive rock physics parameters in maitheling
time-lapseseismic response dfiorne field. We alsoinvestigated sensitive parameters in the
Gassmanndés equation to gen efoumdthatdahententrisithei a |
most sensitive parameter in fluid substitution for calculating seismic velocitiles Wornefield.

Salnity andpore pressure haweinimal impact on fluid substitution. Coordination number is the
most sensitive parameter in modeling timae-lapse seismic signature oNorne field. Clay
content and fluid mixingare the second and third most sensitive parameter fatetimg the
time-lapseseismic signature. Results of this stuel be usedin joint inversion oftime-lapse
seismic and production datatbe Nornefield.
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Chapter 5

JOINT INVERSION OF P RODUCTION AND
TIME -LAPSE SEISMIC DATA USING A
FAMILY OF PARTICLE S WARM
OPTIMIZERS

5.1 Introduction

In recent years people have used different methodmifar inversion of production and
time-lapse seismic dataLanda et al. (1997) and Huanget al. (1997, 1998) used local
optimizaton methods for joint inversion of seismic and production dzdatroet al.(2007) used
geostatistical inversion tobtain reservoir model. The simulated production &ntke-lapse
seismic response diie history matchedeservoir model provided a satisfaxy match with the
observed production and tint@pse seismic data. The use of local optimization methods
providesthe best reservoir model that fits the observed data within a predefined tolerance. One

of the disadvantages of this methodology is thatimecertainty estimation is usually fhfermed
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since it only provides thbest reservoir model. In addition, local optimization methods for joint
inversion are highly dependent on the initial guess which igergtrobust.Also, it is difficult to
obtain a global optimum match of producti@s well astime-lapse seismic data using
conventional gradient based optimization meth&#sn andstoffa, 1996).

Stochastic optimization based inversion methaageshown advantages the integration
of production and tinapse seismic data in reservoir historytohéng (Jin et al, 2007, 2008).
Stochastioptimizatian algorithms includsimulated annealing (Kirkpatriokt al. 1983), genetic
algorithms (Goldberg, 1989, Holland, 1992), part&learm optimization (PSO) (Kennedy and
Eberhart, 1995), differential evolotr (Storn and Price, 1997) andleighborhood algorithm
(Sambridge 1999) Stochastic optimization methods like genetic algorithms, simulated annealing
and neighborhood algorithare extensively useth geosciences for geophysical inversion (Sen
and Stoffa, 1991, Sambridgeand Drijkoningen 1992, Sen andStoffa 1995, Ma, 2002,
Fernandeilvarez et al. 2008). Global optimization methods have alsbeen used for
optimization of well plaement where the search space dimension is low. Global optimization
algorithmshave been useidr inverse problems in combination with derivativee techniques
and parameter reduction techniquEsheverriaand Mukerji, 2009Echeverriaet al.2009, Sena
et al.2009a, bRomary 2009a and b)Particle swarm optimizatiohas been used a variety of
optimization and inverse problems in different branches of engineering and technology (Poli,
2008b), but its use in geosciences still remains restai(Shawand Srivastava, 2007,
FernandezMartinezet al.2008b,Naudetet al.2008, Yuanet al.2009,FernandeaMartinezet al.
2009). Recently it has been used to optimize the well types and locations in a reservoir
(Onwunaluand Durlofsky, 2009). FernandeaMartinez € al (2010)have used particle swarm
optimizers to invert production data antdme-lapse tomographic datausing the gnthetic
Stanford VI reservoir. In this chaptee use the PSO family andd other novel variantsf PSO
(GarciaGonzalo andFermandezMartinez, 2010) as global optimizers for integration of
production and timdapse seismic data in history matching fasyathetic caseWe study their
convergence rate and compare their behatioe. goal of this chaptas to show tle feasibility
of PSO algorithmdor joint inversion of production and tirdapse seismic datdVe also show

that use of particle swarm optimizgyeovidean approximate measuof uncertainty. Although
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these algorithmsannot le considered exact sampleifseir uncertaiy information can beery

usefu in risk assessmenEérnandeadartinezet al. 2010a, band ¢.

The main advantage of global optimization method is that they can potentially address the
inverse problem as a samplingoplem. Although their use as a sarep| is limited by high
computational cost attached witigh numbeiof forward simulations and high dimension of the
inverse problem. The first problem can be handled by using faster approximations of the forward
problem (forward surrogates) and runninge tforward simulation in parallel. The second
problem can be handled by using parameterizations that reduce the dimensionality of the model
space. In this paper we use the spatial principal component analysis as parameterization
technique for dimensionalityeduction Echeverriget al.2009,Echeverriaand Mukerji,2009) in

combination with PSO family as global optimizers.

The chapter is structured as follows. First we describe the methodology in general terms;
then we expand on the key components ohtie¢hodology, namely, spattigrincipal component
analysis andamily of particle swarm optinziers Finally, we apply the different particle swarm

optimizers for history matching of production aimde-lapseseismic data of a synthetic data set.

5.2 Particle Swarm Optimization

Particle swarm optimization is a stochastic evolutionary computdtiechniqueinspired
by the social behaviour of individuals (called particles) in nature, such as bird flocking and fish
schooling (Kennedy and Eberhart, 1995)

Let us casider an inverse problem of the fof@a = d, wherem | M ER" arethe

model parametersll R" the discrete observed data, and
04 "Qa HQa B88RQA (5.1)

"Oa s the vector field representing the forward operator §(d) is the scalar field that

accounts for thg-th data. The "classical" goal of inversion given a particular data set (often

76



affected by noise), is to find a set a unique set of parammtessichthe data prediction error

|"O& 7 d]|in a certain nornp, is minimized
A prismatic space of admissible modé\, is defined
a a 6 Qélp QO (5.2)

wherel; and u; are the lower and upper limits for thie¢h coordinate of each particle in the
swarm,n is the number of parametars the optimization problerand N, is the swarm size.

The misfit for each particle of the swaimcalculatedand the we determine for each particle

its local bes position found so far (callekl (k)) and the minimum of all of thens calledthe

global bestd (k)). At each iteration the algorithm updates the positi@{&)), and velocities\{

(k)), of each model in the swarfhe velocity of each particlieat each iteratiork, is a furction

of threemajorcomponentsThe inertia term, which consists of the old velocity of the part{ale,

(k)) weighted by a real constantcalled inertia. The social learning terwihich is the difference
between the globabest positionfound so far (calledy (k)) and the particle's current position
(xi(k)).The cognitive learning term, which is the difference between the particle's best position

(calledl; (k)) and the patrticle's current position(K)).

DO P T0Q P QO ®Q " a0Q w0 (5.3)
WQp wQ vVQop (5.4)
n i ® (5.5)
n i ® (5.6)

where¥ ,a; and & are the PSO parameters, inerfiacal, and global acceleration constants
respectively. @and @ are the stochastiglobal and local accelerations, whereasndr, are
vectors of random numbers uniformly distributed (By 1) to weight the global and local
acceleration constant e r t iara to{alymean accelerati@o= (g + a)/2) play animportant
role in determining the convergence and stability of PSO algorithms. Research dORS0

and Mohan, 1999, Carlisle and Dozier, 2001, Clerc and Kennedy, Zl2g 2003, Zhenget
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al. 2003, van den Bergh and Engelbrecht, 208&nandeaMartinezet al. 2008a) have shown
thatthesuccess of PSO depends on g4tdnekaselemtedufes o f
optimization. There are many variants of PSO proposed in the literature, invalvargety of

heuristic mechanism for the positions and velocipdates.Thesefit for purpose heuristic
modifications makes it impossible to approach the analysis of all of the PSO algofitiungs.
FernandeMartinez € al. (2009 proposed the continuous PSO model and constructed a whole
family of particle swarm optimizers having different stability regions and exploration versus
exploitation capabilities. These particle swarm optimizeesbasedn a stability analysis of the
system of stochastic differential equations governing a dampedspensg system, which is the

physical analogy for the continuous PSO model.

5.3 Family of Particle Swarm Optimizers

The PSO algorithm can be physically interpreted as a particular discretizdtian

stochastic dampkemassspring systemRernandeMartinezandGarciaGonzalo, 2008).
of O P 1T wo N N o6 MPQO O NaAao o (5.7)

This modelhas been addressead thecontinuousPSO model since it describes (together
with the initial conditions) the continuous movement of any particle coordinate in the sy(grm
wherei standsfor the particle index, and(t) andI;(t) are its localand gbbal attractors. In
equation 5.7the trajectoriesre allowedo be delayed a timi with respect to the trajectories.
Using this plysical analogy PSO particle trajectori@sre analysedFernandeMartinezet al.
2008) and itexplaired the success iachieving convergence of some popular parameters sets
found in the literature (Carlisle andoBier, 2001, Clerc and Kennedy, 2002)releg 2003). A
whole family of PSO algorithmsFernandeiMartinez ad GarciaGonzalo, 2009,Garcia
Gonzalo andrFernandeaMartinez,2009) has been derivedconsidering difierent differencing
schemes foaf 0 andw 0 . These family members have different properties with regard to their

exploitation and exploration balance. These PSO algorithms are following:
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5.3.1 GPSO orcentred- regressive PSOt( = 0)

The GPSO algorithm is the generalization of the PSO algorithf o r any ti me
(PSO is the part i Gthedeaxpressians fr the ealocitgpdnd posiadea ) .
obtainedby employing a regressiv@ackward) differencinggcheme in velocity and a centred

scheme in acceleration.
Do Yo p p 1 YOUO n YOQ0O ®o N YoAaO0 ®oO (5.8)
o Yo wo Lo YoYO (5.9)

5.3.2 CC-PSO or centred- centred PSO {p,= 0)

The CGPSO algathm is derivedfrom equation 5. by employing centred discretization
in velocity as well as in acceleratiofhe expressions fahe velocity and position obtained after

discretization is shown below.

wo Yo wo —2006 n TR0 wo n L as wo Yo (510

L o v o y noao Yo wo o

vo Yo ———vo0o ——B o~ s s mSs (5.11)
Y Y n "o Yo wo Yo

5.3.3 CP-PSO orcentred-progressive PSOtp =}

The CRPSO algorithmis also derivedrom PSO continuous model considering centred
discretization in acceleration and progressive (forward) discretization in velOEitg.

expressions for particle position and veloaifter discretization are shown below.

p Yo 0o D YOO @O o Yodao o (5.12)
p p 1 YO

s s N 5.13
wWwo Yo WO UL OoYo ( )

0o Yo
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5.3.4 PP-PSO or progressiveprogressive PSOtp = 0)
PRPSO is the member of extended PSO family and derived from PSO contmodes
considering progressive discretization in both velocity and accelerdtlmn.expressions for

particle position and velocity are following:
0o Yo P p 1 Yo0o nYOQO wd M YOO wo (5.14)

s « s N 5.15
wWwo Yo WO UL OoYo ( )

5.3.5 RR-PSO orregressiveregressive PSOt, = i}

The RRPSOis obtainedby regressive discretization in both acceleration and velocity to
approximate the PSO continuous modéie expressions for particle position and velocity are

shown below.

DO N YOQO ®O N YOoao o

Lo Yo o p 1 Y 1%

(5.16)
0o Yo @0 0o YoYO (5.17)

All of the above algorithms are stochastic in nature and not heuristic because their
convergence properties can be related to the first and second order stability of the particle
trajectories, also known asochastic processesgrnandedartinez and Garda-Gonzalo, 2009
201Q a,b).

5.4 The Cloud Algorithms

All members ofPSOfamily have convergenaelated to the first and second order stability
of the particle trajectoriesThe stability behavior can be analyzed by examining the 2
di mensi on aland%.pAd membersperformwverywe | | for a wide rang
and total mean acceleratifd). T hi s r e b gpaceid close tohhe upper limit of the
second order stability region for GPSO, €SO, CPPSO and PHSO. The googharameter

values for RRPSO liealong a straight line located in a zone of trajectories with medium
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attenuation and high frequenchhese regions are approximately the same for different kind of
benchmark functions, so the same points can be used to zptamwide variety of cost
functions.Figure5.1 shows for each family member the stability regions and the contour plots of
the misfit error (in logarithmic scale) aft a certain number of itions (500) for the
Rosenbrockfunction that has a valley shape. This numerical y@mals donefor a lattice of
points ( ¥%) located in the corresponding first order stability regions over 50 different
simulationsFor GRSOCC-PSOandCAP SO bet t er p ag.aanelecatad orstleet s (¥
first order complex region, close to the upper border of the second order stability region where
the attraction from the particle oscillation center is lost,the.variance becomegnboundeg

and around the intersection to the median lines of the first stability regions where the temporal
covariance between trajectories is close to Zeeon@ndeaMartinezandGarciaGonzalo, 2009).

The PPPSO does not convergeor ¥ | e sand the ly@od paareeteo sets are in the
complex region close to the limit cfecond order stability and to the zone of total mean
acceleration equal to zerdhe good parameters sets for the-RBOare concentratedround a

line, mainly for inertia values gater than two. This linégs locatedin a zone of medium
attenuation and high frequency of trajectori@arciaGonzalo and-ernandeartinez 2009).

Based on the above idea cloud version of RG@rciaGonzalo and-ernAndeaMartinez,2009,
FernandeMMartinezet al. 2011) have been designesiich that each particle in the swarm has
different inertia and local and global acceleration constants, selected from within the appropriate
region. In this researche haveusea a cloud version of the PSO. The claaldorithm haghe
advantagesince heuristic finguning of he PSO parameteiis not neededSecondlyit has
potential for large explorationflso, it does not artificially clamphe particle velocities to avoid

instabilities.
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Figure 5.1: Logarithmic median misfit errors for thRosenbrockfunction in 50 simulations (after 500
iterations)for different family memberDifferent family members have different stability regiofke lines
are correspondingp PSO second order trajector{@rnandeaMartinez ¢al. 2010d).
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5.5 Dimensionality Reduction

High dimensionality of thanodel parameters the most challenging aspect of an inverse
problem. It is associated with high computational cost and requireggeaamber of forward
simulations. It becomes more challenging in the aspect of reservoir model updating since the
reservoirpetrophysicalproperties (optimization variables) canrme varied independently, but
haveto be varied so that geology of the me®e modelis preserved Principal component
analysis (PCA)Pearson, 1901} a weltestablished method to transfer anner of correlated
variables into a smaller number of uncorrelated variables. The first principal component
captures the maximum vahility and variability decreases with succeeding components. PCA
has been used asn@del reduction technique imstory matching problem by Reynolds al.

(1996), Sarmat al(2006) Echeverriget al(2009) andEcheverriaand Mukerjj(2009)

In this stidy, PCA is usedto reduce the dimension of model space based on the prior
samples of the reservoir models thet obtainedising geostatistical algorithms and conditioned
to the hard (well) data. It igsed to find an orthogonal basiEthe covariance atrix designed
from the prior reservoir models ariy selecting mosimportant eigenvalues and associated

eigenvector to obtain the reduced model space.

Let m represents a reservoir model which is a vector containing reservoir property at each
gridblock There are Nyridblocks in each reservoir modednd a total of L reservoir modedse
generatedfrom the prior. M is the set of L reservoir models generated by geostatistical

simulation methods (variogram based) and constrained to prior data (hard data).
0 a a a ad 88 8& NY (5.18)

The centered covariance matrix of ensemble M is denoteg,by C

a ‘' a (5.19)

c:o

where | is the mean of the ensemble M.
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The covariance matrix is centered to maintain the consisteinttye data fier reconstruction.

Next eigenvalue decompositiois performedn the centered covariance matrix
0 w W ¥ (5.20)
Where,o andy areeigenvector and eigenwa matrixof centered covariance matbix.

A few large eigenvalues and associated eigenveaterselected d O L) s capthre t h a't
the maximum variability of the prior reservoir models. This new set of orthogonal vectors forms
the basis of the reduced model space. Now any reservoir rf@odgels represented by knear

combination of the eigenvectors.

a ‘ WU (5.21)

« arethe coefficients (optimization variable) amd are the selected (d) eigenvectors of the
centered covariance matrix. The above appraadtiiscussedn Echeverriaet al. (2009) and
Echeverriaand Mukerji, (2009)One problenwith this method is that after transformation from
reduced space to model space there is a possibility of obtaining negative values for the reservoir
property which is unphysicako wepropose to apply the above method, not directly on reservoir
property (porosity in oucase) but particular transformation of the reservoir propefiyst we
transfer reservoir propertiesing a propr transfer function and then perfothe PCA analyis

on transferred perties to get the reduced space. e modeis obtainedoy construction in

the transformed spa andthen back transformatidinom transformed space to model space. The
appropriate transformation function can be selected basdwargervoir property that has to be
optimized. In this research we are updating porosity of the reservoir grid block based on the
production and timdapse seismic data. Logit transformati@ramer, 2003)s an appropriate
transformation dr porosity fied since porositie®f the Nornefield varies from0 to 0.39. First
porosity is normalizedby dividing with 0.4 and then logit transformatiaa applied on

normalized porosity.
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® 11— (5.22)

N isthe normalized porosity of the porosity model

PCA analysisis performedon the ensemble of®. The new model is obtained using back
transformationafter the construction in thigansformed spacelhis removes the possibility of

obtaining negative values for the reservoir properties (porositysicéise).

5.6 Application to synthetic case

A 2D reference porosity moddtigure5.2) is selectean whichour methodwill be tested
The reservoirs representeth a 2Dgrid of 2500 cells (50 x 50 x 1) with each grid block having
a dimension of 50 m in X and Y direction and 10 m in Z direction. The model has porosity

varying from 0 to 0.4. There sspatial continuityf high porogy in the NE direction.

Type Spherical
Nugget 0
Ranges 750/250/10
Angles 45/135/0

Tableb5.1: Details of the variogram used for geostatistical simulation of 1000 porosity realization. There is a
geological continuity in NE direction

1000 realizations of porosigre generatedsing variograms and well log data and based
on sequential Gaussian simulation. Welj data consists of porosity measured at five wells in
the reference porosity model. Variograms used for the simulat®g@eratedusing reference
porosity distribution. The aim i obtaina set of history matched porosity models using the
method discussed previously. The simulated response of these models should provide

satisfactory match with production and tilag@se sesmic data.
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Figure 5.2: Reference porosity realization used in this study. Porosity varies from 0,tan@.there is a
geological continuity in NE direction (show positions of well datdpjector and producer locatiorsse
shownin the black circles.
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Figure 5.3: Water cut over ten years for the reference porosity realization. It is considered as observed
production data in this study.
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5.6.1 Flow Simulation

The reference reservoir is produced with one prodlozated at lower most left corner
and one injector locatl attopmost right cornerBoth producer and injectoare operatedy
bottom hole pressure (BHP) of 3500 and 5500 psi respecth&ter and oil ar¢he only fluids
present in the reservoifhus a two phase (oil and water) isothermal black oil masleisedfor
dynamic modeling of the reservoir to obtain the fluid saturation distribution inside the reservoir
at different times. Pareability of a modeis obtainedby a log normal correlation between
porosity and permeahiji. Ten years of productiohave been simulated The observed
production data is the water cut of the reservoir in ten years of produEtgung5.3). Relative
permeability curves are constantime flow simulationand nocapillaryeffectis considered

5.6.2 Time-lapseSeismic

As the reservoiis being producedhe saturation of fld change inside the reservoir.
Seismic response of the reservoir will also change with tine, td change in the fluid
saturationln this case seismic-Rave impedance is changing with timetlasreservoiris being
produced The normalized change in seismisvBve impedance over ten ye@sconsideredis
reference timdapse seismic dat&igure5.4).

00 00

Y 50 (5.23)

The elastic pperties and initial fmpedance of the reservoir rockse modeledising
Dvorkinds wunconsolidated sand model tefy2asor ki n
of productionis obtainedu si ng Gassmannés fluid subtofi tutic

change in fluid saturation inside the reservoir.

5.6.3 Dimensionality Reduction

The reduced model space obtainedby following the methodogy described in &ction5.5.
Figure 5.6 showssix porosity realizatiosi out of 1000 initial porosity realizationsised for
dimensionality reduction. Theumber of optimization variables is amportantfactor in the
inverse problm. The dimension othe reduced modekpace or number of PCA coefficient
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retained for optimizatioms selectedsuch thaimportantgeological featureare retainedcs well

as computdonal costis reduced

Figure 5.4: Normalized Pwave impedance change over ten years of production for reference porosity
realization. It is considered as observed tiamse seismic data in this study.

It also depends on the fact that, first PCA coefficient captures maxivamance in the
prior and it decreases sucadesty with higher coefficientsThe number of PCA coefficients
used for dimensionality reduction is determined by studying its impact on the production, time
lapse seismic and total misfifBhe change in therpduction, timelapse seismic and total misfits
with increase in the number of PCA coefficients are shown iffripgre 5.5. It is observed that
production misfit is rore sensitive to the number of PCA coefficiefise total misfits obtained
using 50 and 150 PCA coefficients are almost similar and close to the minimum totalThesfit.
computational cost associated with 150 PCA coefficients is higher tth@tnof 50 PQGA
coefficients. Thus, 50 PCA coefficients are selected to define the dimensiothe reduced
space Normalizedcumulative sum of PCA eigenvalues indicatbe increase in variance with
increasean the number ofPCA coefficients. Figure 5.6 shows thab0 PCA coefficients are able
to capture 50% of the variance of the prigigure5.7 shows three actual realizations of porosity
and their distribution after selecting 50 PCA coefficients and associated eigenvectors. We
observed that 50 PCA coefficients are successfully capturing thedeatge features preseim
the actuaporosity models.
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Figure5.5: The change in the relative error with increase in the number of PCA coefficients. It is clear that
50 PCA coefficients are enough to reduce the relative error by 70%.
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Figure5.6: Variance of the prior captured by the PCA coefficients. In this study 50 PCA coeffiarentsed
andthese coefficients are able to capture 50% of the variance present in the prior
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Figure5.7: Six porosity realizations (reservoir modetske showrout of 1000 realizations generated using

sequential Gaussian simulation based on well log data and variograms
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Figure5.8: Three porosity realization shown on the left, corresponding porosity realization constructed using
50 PCA coefficients and associated vectars shownon the right. It is clearly observed that 50 PCA
coefficients are successfully capturing large scale features present in the reservoir models.
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5.7 Methodology

Figure 5.8 describes the methodology used for this study. The coefficients for PCA
vectorsare optimizedusing different particle swarm optimizers. The objective function used in
the optimization consists of two parts: production data mismatch and seismic idatateh.

The objective functio® is defined in the equatidmelow.
W W Y Y

o 0 : 0 - (5.24)
w Y

Where,00 andw arereferenceand modeled water cut for ten years of production
respectivelySimilarly, Y and”Y  arereference normalized-Wave impedance change and
modeled normalized-Rave impedance change respectively. The weights assigned to production

data mismatciiv ) andseismic data mismatdd ) areequal to 1.

We optimize 50 coefficients of PCA vectors using different particle swarm optimizers. The
upper and loweranges of 50 coefficients in optimization avbtainedfrom the range of
projections of reservoir models of the prior in the reduced space. Particle swanmzexstistart
with an initial guess within this range fahe swarm of 50 coefficients and subsequently
reservoir modelsre constructetbased on the transfoation (discussed inestion 5.5). Next
flow simulationis performecbn these reservoir models to obtain associated production response.
Seismic responses of these reserumadelsare also obtainedsing therock physics model and
Gas s mann 0 o (as debrived in tBetionb.®.2). Misfits for each of the reservoir model
arecalculatedas déined in the objective function.aticle swarm optimizers minimize timeisfit
to obtain a ghbal minimum and optimize the PCgoefficients. At the end, optimum 50
coefficientsare obtaine@ssociated with the reservoir model having minimum mismatch with the
observed data. In the process, not only a global minimswhtainedut at the same time several
local minimaare also obtainedue tothe exploration capability of the swarm associatéth the

particle swarm ofmizers.
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5.8 History Matching Results

The proposed workflow is applied using different particle swarm optimizers, namely CC
PSO, CPPSO, GPSO, RPSO and RRPSO. Swarm size and number of iterations for particle
swarm optimizers aré@mportant factos, and should be established based on comiputt
resources available. We have used a swarm size of 20 for each of the particle swarm optimizers.
Each particle swarm optimizes runfor 100 iterationsandit is observedhat it is adequate for

this studysince convergends achievedor each cas.

The history matching results for G@&SO are shownin the Figure 5.9. The simulated
production andime-lapseseismic response tfie best modeprovided the minimum total misfit
with the observed production artgine-lapseseismic data. The simulatadne-lape seismic
responses of initial guess model and best madelalso shownThere is a clear improvement
from the initial guess modelo the best model in terms of geological continuity. It is also clear
that time-lapseseismic response dhe best models very similar to the observedtime-lapse
seismic response as comparedinoe-lapseseismic response of initial guess model. Production
responsg (water cut) of inial guess model and best model ammparedwith the observed
production data ithe Figure5.10. It clearly indicates the improvement of production response
of initial guess model to the best modagure5.11 shows the convergence behavior of-E80
with the increasein the number of iterations. The median of misfit of models in the swiarm
plotted againstthe number of iterations. The decrease in production data misfit, seismic data
misfit and total misfitareshownby blue, red and green cusmespectively. The rate of decrease

in production mismatch is higher thme-lapseseismic mismatch.
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Figure 5.10: Best porosity model (top right) and associated {iapse seismic response (bottom right)
obtained using CPSO. Initial guess (left), Reference porosity model and observeeapse seismic data
(middle) are shownfor comparison
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Figure5.11: Water cut over ten years of production using-B€0. Observed production dasashownin
red water cut forinitial guess modeis shownin black, water cut associat@dth the best modas shownin
blue
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Figure5.12: Behavior of median misfit witlhe increasen number of iterations using GESO. Red, blue
and green curves are median misfits for tiaq@se seismic, pragttion and total

History matching results for GPSO are shownin Figures5.12 and 5.13 CRPSOis
designedsuch thatpftis less than JIsince CPPSO isvery explorative andt is observedhat if gpt
is greater than 1, it fails to converge atmesnot provide a good history match. Initial guess
model, best model and associated production and seismic res@wasesmparedvith the
referencemodel and obserde data. History ratched model hasuccessfully capturedhe
features present in the reference model-R3D has failed to resolve medium porositgnd
history matched models hal@wv and high porositiesCRPSO is successful in resolving low,
medium and high porositieAlso, we obtain a better history match of water cut usingRS®
as compared tthe CC-PSO.Figure5.14 shows the decrease in production misfit, seismic misfit
and total misfit withthe increasein number of iterations using @GPSO.The minimum total
misfit, seismic misfit and productiamisfit obtained using GIPSO ardower (almost half) than
the misfits obtained using C®SO. Also, the decrease in the misfit is fast and smooth as
compared tahe results oCC-PSO.
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Figure 5.13: Best porosity model (top right) and associated {iapse seismic response (tooh right)
obtained using CIPSO. Initial guess (left), Reference porosity model and observedapsae seismic data
(middle)are showrfor comparison
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Figure5.14: Water cut over ten years of productionngsCRPSO. Observed production dasashownin red,
water cut forinitial guess modek shownin black, water cut associated with the best m@&ishownin blue
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Figure5.15: Behavior of median misfit witlhe increasein number of iterations using GPSO. Red, blue
and green curves are median misfits for Hiaggse seismic, production and total
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Figure 5.16: Best porosity model (top right) and associated {iapse seismic response (bottom right)
obtained using GPSO. Initial guess (left), Reference porosity model and observddpgmeeismic data
(middle)are showrfor comparison
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Figure5.17: Water cut over ten years of production using GPSO. Observed productida slatavnin red
water cut forinitial guess modebk shownin black, water cut associated with the best madshownin blue
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Figure5.18: Behavior of median misfit witthe increasen number of iterations using GPSO. Red, blue and
green curves are median misfits for tiapse seismic, production and total
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History matching results obtaineding GPSO are shown Figures5.15 5.16and5.17.
The convergence behavionisry similar to that of C&PSO. The best model has higher misfit as
compared to best models thhe CC-PSO and CHPSO. There isan improvementin the
production and seismic mismatdtom the initial guess moel to the best mdel, kut the
production and seismic responsestlod best modelare not as good as the responses of best
models obtained usirtge CC-PSO and CHPSO.
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Figure 5.19; Best porosity model (top right) and associated fiapse seismic response (bottom right)
obtained using PPSO. Initial guess (left), Reference porosity model and observeddpse seismic data
(middle)are showrfor comparison

Figures5.18 5.19and5.20show the history matching results obtained ustRPSO. The
best modelprovidesa very good match with thebserved production and tirlk@se seismic
data. Thehistory match is better than the match obtained usiedsPSO and comparable to the
results ofthe CP-PSO.The convergence behaviof PRPSOis shownin theFigure5.20. The
minimum misfit obtained is lower than the misfit obtained usingRS®) but higher than the
misfits obtained using GE€S0O and GPSO.
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Figure 5.20: Water cut over ten years of production usingF30. Okerved production data shownin

red water cut forinitial guess modes shownin black, water cut associated with the best miglshownin
blue
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Figure5.21: Behavior of median misfit witlthe increag in number of iterations using FPSO. Red, blue
and green curves are median misfits for tiaggse seismic, production and total
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Figure 5.22: Best porosity model (top right) and associated fiapse seisic response (bottom right)
obtained using RPSO. Initial guess (left), Reference porosity model and observeeapse seismic data
(middle)are showrfor comparison

Figures 5.21 and 5.22 show the history matching results of Ff$O. The simulated
production andime-lapseseismic responsaf thebest modelobtaned using RRPSO provided
a satisfactoryhistory match tothe observed production and tirl@pse seismic data. The best
model successfully captured features present in the reference model.n7kegeace behavior
of RR-PSOis shownin the Figure5.23. The rate of convergence for RSO is highest among
all of the PSO algorithms. The algorithsiconverged in 30 iterations, wheaxs other particle

swarm optimizerfiaveconverged in more than 50 iterations.

The performance of different particle swarm optimizers in terms d€hiray observed
production data arshownin the Figure 5.25. The median of production responses associated
with the reservoir models preseéntthe swarm areomparedor CC-PSO, CPPSO, GPSO, RP
PSO and RRPSO. It is clear that RIRSO, CPPSO and PHPSO have perforned beter than
CC-PSO and GPSGinceassociated misfitare much lower. The rate of convergence of RR
PSO and CAPSO (pt< 1) arealso faster than GESO, GPSO and PPSO.
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Figure5.23: Water cut over ten years of production using-R&®O. Observed production dasashownin

red water cut forinitial guess models shownin black, water cut associated with the best miglshownin
blue
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Figure5.24: Behavior of median misfit witlthe increasein number of iterations using RRSO. Red, blue
and green curves are median misfits for tiaggse seismic, production and total
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Figureb5.25: Behavior oftime-lapseseismic misfit withtheincreasén number of iterations. Red, blue, green,
black and magenta curves are responses ePS0, CPPSO, GPSO, RPSO and RRPSO respectively
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Figure5.26: Behavior of production misfit witbhe increasdn number of iterations. Red, blue, green, black
and magenta curves are responses 6PS0O, CPPSO, GPSO, RPSO and RRPSO respectively.
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Figure5.27: Behavior of total misfit witithe increasein number of iterations. Red, blue, green, black and
magenta curves are responses of 3D, CPPSO, GPSO, RPSO and RAPSO respectively

Figures 5.24 5.25 and 5.26 compare he peformance of different particle swarm
optimizers in terms of matchingme-lapse seismic data, production data and total (sum of
production andime-lapseseismic data) misfit respectivelRR-PSO, CPPSO and PHSO have
provided lower productiontime-lapseseismic and total misfits as compared@@-PSO and
GPSO.

Overall RRPSO, CPPSO and PHPSO have performecetier (having lower misfit) in the
history matchingas compared to G8SO and GPSOThis factis also supportedy the
comparison of besporosity model and reference porosity model &ach particle swarm
optimizer. Best porosity modsl(history matched mods)l obtained usig RRPSO, CPPSO and
PRPSO aremuch closer to reference porosity model casnpared to best porosity models
obtained sing CGPSO and GPSO. SecondBR-PSO has performed best among-R8O, CP
PSO and PHPSQ since it has the highest convenge rate. It is clear fromme Figure5.26 that

RR-PSO has achieved lowest total misfit just after 20 iterations.
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5.9 Model Sampling

All of the particle swarm optimizers havee capability to explore and thysovide the
best model irthe process ofiistory matching. The exploration characteristit the optimizers
makeit an efficient algorithm to obtain a number of models which fit the observed data within a
specified tolerance. The midibf reservoir modelslecreaseawith the increasein number of
iterations and the swarm collapses to the glddest. A number of history matched reservoir
models can be selected after the iteratidifsese models provide satisfactory match to the
observed data within a specified tolerance. Now by the nature of particle swarm optimizers
some of these reservoir thels may be different or may be identical. So it is necessary to select a
number of reservoir models which are not idesdtand at the same time they maiiohd observed
data within a specified tolerance. We proposed to use-gigignsional scaling in agsiation
with kernel kmedoidclustering to select the required number of history matched models. The
methodis already beewliscussed in theeStiors 3.2.2and3.2.3 The selection of tolerance is an
important step in the model sampling. It is selectesed on the convergence behavior of
particle swarm optimizeiThe tolerance is thtotal misfit,selected between lowest and highest
total misfit obtainedduring optimization. It is closer to the lowest total misfit as parad to
highest total misfit. Avery high value of tolerancean sample models havingsatisfactory
history matchSimilarly, avery low value of tolerance will provide similar history match models
which are not different from each other. Both of the abaenarios areavoided, and the
tolerance is selected such that there ivadance between successful history match and
dissimilarity of models. We selected a tolerance of 0.5 based on the performance-BfSCC
and GPSQsince CGPSO and GPSO have the highest total misfit (less thaud.greater than
total misfit obtained using BEPSO, PFPSO and RRPSO). Nextreservoir modelfiavingtotal
misfits less than 0.5are selectedMulti-dimensional scaling (MDS})s performedon these
reservoir models using euclidean distance. A plot ofrvese models after MDS intwo
dimensionsare shownn Figure5.27. As previously mentionedhe plot should only be inferred
in the sense of closeness of two point (reservoir models) in the MDS #ptwee. points are
close in the MDS space that means associated reservoir models are not much @ffeilanly,

points far apart from each othiedicate that associated reservoir models are different.
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Figure 5.28 Reservoir models in a two dimensional MDS spamgints on the plot represent reservoir
models

Figure5.29: Four clusters and their centers in four different colors (green, blue, yellow and magenta) using
kernel kmedoidclustering on reservoir models obtained usingl”30O
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Kernel kmediodclusteringis performedafter MDS to obtain aepresentative number of
history matchedreservoir modelsvhich aredifferent from each otherTheserepregnative
reservoir models are cluster centres obtained after kemmeldiodclustering.Figure5.28 shows
the reservoir models obtained using-B80 in MDS space and clustered using kerrakekliod
Four colors are for four different clustesour cluster centresre obtainedo represenfour
different reservoir modelsand these reservoir modematchthe observed data within an
acceptableolerance The number of representative reservoir models (number of clusters) has to

be decided by the user and can vary based on the requirement.

In this study wehave applied the proposed methodn theresults of different particle
swarm optimizers to obtaiiour history matched reservoir modelhe simulated production and
time-lapseseismic responses of thediéferent reservoir models match the ebsedproduction
and time-lapseseismicdata within a specified tolerance (0.5 in this case). The four reservoir
models obtaing using the results of GBSOare shownthe Figure 5.29. The simulatedtime-
lapse seismic responses of thdear reservoir modelsare also shownWe observed that
reservoir models are differenbut their simulatedtime-lapse seismic responseprovide an
acceptable match the observed timdapse seismic response. The production respmitbese
four reservoir modelsare shownin the Figure 5.30. Again all of them provide an acceptable

match to thebservedoroduction data.
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Figure 5.30: Four reservoir models obtained after kerngh&doid clustering using C&SO on the Top.
Time i lapse seismic response asat®il with reservoir models at the bottom. Reference porosity model and
observed timdapse seismic response on the left
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Figure 5.31: Blue curves represent production responséoaf reservoir models obtained after kernel k
medoidclustering using C&SO. Observed production dé&ashownin red curve
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Figure 5.32: Blue curves represent production responséoaf reservoir models obtagd after kernel k
medoidclustering using CAPSO. Observed production dagashownin red curve
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Figure 5.33: Four reservoir models obtained after kerneh&doid clustering using CAPSO on the Top.
Time i lapse seismic response associated with reservoir models at the bottom. Reference porosity model and
observed timdapse seismic response on the left.
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Figure 5.34: Blue curves represent production resmon$ four reservoir models obtained after kernel k
medoidclustering using GPSO. Observed production dgashownin red curve

Figures5.31 and 5.32 show the history matched models and associated production and
time-lapse seismic respse obtained using GPSO. These resasir models are more successful
in terms of captring the medium porositiess compared to the models obtained usingRSD.
The history matched modeland associated production and tifapse seismic resporse
obtaired using GPS@re showrnn Figures5.33and5.34 The historymatched models obtained
using GPSO havalso high and low porositieas observed in thaistory matchedmodels
obtaina@l using CCPSO,but the history matchedhodels are different for GESO and GPSO.
Figures5.35 and 5.36 show the history matched models and associated production and time
lapses seismic rpsnse obtained using PIPSO. Again the reservoir models are different from

the models obtained using other particle swarm optimi&ansilarly, the results of RFPSOare
shownin Figures5.37and5.38
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Figure5.35: Four reservoir models obtained after kerneh&doidclustering using GPSO on the Top. Time
T lapse seismic response associated with reservoir models at the bottom. Reference porosity model and
observed timdapse seismic response on the left.
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Figure5.36: Four reservoir models obtained after kerneh&doidclustering using PPSO on the Top. Time
Tlapse seismic response associated with reservoir models at the bottom. Reference porosity model and
observed timdapse seismic response on the left.
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Figure 5.37: Blue curves represent production responséoaf reservoir models obtained after kernel k
medoidclustering using PIPSO. Observed production dégashownin thered curve
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Figure 5.38: Blue curves represent production responséoaf reservoir models obtained after kernel k
medoidclustering using RAPSO. Observed production dé@ashownin thered curve
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Figure 5.39: Four reservoir models obtained after kerngh&doid clustering using RAFPSO on the Top.
Time i lapse seismic response associated with reservoir models at the bottom. Reference porosity model and
observed timdapse seismicesponse on the left
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5.10Conclusions

We demonstrated that all of the members of PSO family performed well in joint inversion
of production andime-lapseseismic dataf a synthetic field. It i®bserved that RIRSO, CP
PSO and PHPSO have performed bettdran CC-PSO and GPSO in matchimgoduction and
time-lapseseismic data. RSO has performed best among all of the PSO family members in
lowering the production misfitime-lapseseismic misfit and total misfit. It also has the highest
convergence ratesacompared to all of the other PSO family membghsls the mostmportant
outcome othis study ighat RRPSO has the potential to provigeod results for joint inversion
of production andime-lapsesesmic data of a field. It ishown that all of thenembers of PSO
family can be usedhicombination to obtaisets of history matched models. The history matched
models obtained using members BSO faimily are different from each other We also
successfully applied principal componentlgsiz to reducelte model spac&s well as honoring
geology during the joint inversion proce#isis shown that, for each PSO family member a set of
different history matched models cae bbtained using muldimensional scalingnd kernel k
medoidclustering. In the nd chapter we will use the PSO family membersjéant inversion of

production andime-lapseseismic data of thBornefield.
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Chapter 6

JOINT INVERSION OF PR ODUCTION AND
TIME -LAPSE SEISMIC DATA OF NORNE
FIELD

6.1 Introduction

It is shown in the previous chapters that porosity model is not the only sensitive parameters
in the joint inversionln the first chapterwe observed that rock physics model and relative
permeability are mor@nportant parametes than porosityfor joint inversion of production and
time-lapse seismic data ofthe Norne field. In the second chaptert is established that
coordination numberlay content and fluid mixing have the most impact on modelingriiee
lapseseismic response dfiorne field. Based on th results of these chaptermge found that
coordination number, clay content, porosity model, relative permeability and fluid mixing should
be varied in the joint inversion of production aimde-lapseseismic data oNornefield. We also
showed that paxtle swarm optimizers in combination with principal component analysis (PCA)

provided promising results in joint inversion of production dinte-lapse seismic data of a
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synthetc field. In this chapterwe apply the results of previous chapters by varysensitive
parameters and using particle swarm optimizers in combination with PGRAeffmint inversion

of production andime-lapseseismic data athe Nornefield.

6.2 Joint Inversion Procedure

Joint inversion of production antime-lapse seismic data folNorne field consists of
several components. It involvéise definition of production andime-lapseseismic data to be
matched, selection of parameters and their ranges for variations in the joint inversion loop,
selection ofan appropriate numbesf PCA canponents, selection of particle swarm optimizers

and definition of an objective function.

The goal of the history matchimyocesss to perturb theensitive parameters identified in
the previous chaters. These parameters are porogigyative permeability curve, coordination
number, clay content, fluid mixing armbre compressibility. As discussed @hapter 5,our
workflow uses particle swarm optimizers in combination with principal component analysis. We
perturb the selected parat@es such thathe simulated responses of these parameters pravide
satisfactory match with the observed production tme-lapseseismic dataAt the end ofthe
joint inversion we obtain a set of parameters that when used in the forward model give an

acceptable match with the observed productiontand-lapseseismic data afhe Nornefield.

6.2.1 Production and Time-lapseSeismic Data

The production in the segment ENdrnefield started in 1997 from well-8H. Two more
producers E2H and E3AH are addedater Water injectors FH and F2H are addediuring the
course of time to increase the hydrocarbon production from the segmériteEhistorical
production data of producer wells3H, E-2H and E3AH are shown ini§ures6.10 6.20 6.30.
The historical production data include oil, water and gas productios frate each well.The
goal of joint inversionis to match the oil, gas and water productiongated bottom hole
pressure (BHP) from each produgeesent in the segment E.
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Figure6.1: Observed production data in the welRPB from 1997 to 2004 (a) Observed water rate in the well
E-2H from 1997 to 2004 (b) Observed oil rate in the weBHEfrom 197 to 2004 (c) Observed gas rate in
the well E2H from 1997 to 2004 (d) Observed bottom hole pressure in the vi2él ffom 1997 to 2004
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Figure6.2: Observed production data in the welBH from 1997 t®2004 (a) Observed water rate in the well
E-3H from 1997 to 2004 (b) Observed oil rate in the weBHEfrom 1997 to 2004 (c) Observed gas rate in
the well E3H from 1997 to 2004 (d) Observed bottom hole pressure in the v@l tom 1997 to 2004
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The base line 3D seismic surveyNdrnefield is acquiredn 2001 and repeated 3ine-lapse
surveyis acquiredin 2004. The goal of acquiringgme-lapseseismic survey in th&lornefield
was to approximate the fluid distribution in the reservoir with time for better reservoir
management. Water was continuously injected inNbmereservoir;at the same time odnd
gaswere being producedDuring this process oil and gas was being replaced dtgrwn the

reservoir andeservoir pressure is increased.

Time-lapseseismic data oNornefield consist of 3D seismic full stack surveys acquired in
2001 and 2004. 3D msenic survey acquired in 2001 is the base line survey. The repeated survey
was acquired in 2004 to track the fluid saturation change inside the reservoir due to water
injection. Figures6.40 and 6.50 show the seismic amplitude for inline 1023 at 2001 and 2004
respectively. The dominant frequency and wavelengtheogéismic surveyareat 30 Hz and 80
m respectively. These seismic surveys are correcteaidtime shifts.

A post stack seismic inversion of seismic survisyperforned using standard software
HampsonrRussell (Copyright 2010 CGG)Yo obtain Pwave acostic impedance at 2001 and
2004. The data used for inversiznwell logs of nine wells having sonic data and three horizons
(top, bottom and intermediate). Based on the horizons, wedi€orrelatedto improve the
correlation between events on the synthetic traces and events on the seisnkiigded8.6). A
waveletis extractedusingall the wells and it isfine tunedto improve the correlation for each
well. Next an initial model for Bvave impedanceés obtainedand this models usedfor the
inversion of 3D seismic survey. The procedure mentioned abaepliedin the software suite
HampsorRussell to obtain the-Rave impedance in time at 2001 and 20Bdjres6.70 and
6.80. P-wave impedance in time at 2001 and 2@@d converteto P-wave impedance in depth
at 2001 and 2004 respectively by using interval velocity cube (provided by Statdfie in
softwaresuite HampsoiRussell Figures6.90and6.10).
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