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The CapacitancResistance Model (CRM) asreduced physics, datiiven technique that

is used to model waterflooding performance of a reservoir.dased on the theory of
signal processingvhich dictates thaany changesppliedat the injectors have a direct
influenceon the producerd.he CRM model is computationally inexpensasst does not
solvethe full physics models used in traditional reservoir simulations to determine well
production rates. Instead, it relies on historical data of produatidnnjection rates along

with well bottom hole pressures to estimate these rates.CRM model consists of a
material balance equation coupled with the inflow equation. Traditionally, a- semi
analytical solution is used to solve the differential equation representing the CRM model.
In this study, however, finitdifference schemes are used to solve the ODE representing

the CRM model.

In the first phase of this studypeoducerbased representation of the CRM m@RMP)

is solved to estimate total production rates using fidifteerence methasl In CRMP,
separate control volumes are defined for each producer coupled with all the injectors in the
reservoir. Since the resulting ODE for CRMP consists of-tie@endent parameters, both

the explicit and implicit finitedifference schemes are used to solve the problem. Stability

Xiv



and consistency analyses are performed to evaluate the applicability of the resulting finite
difference solutionsThe implicit finite-difference scheme was found to be unconditionally
stable and consistent whereas the explicit fidifeerence scheme was found to be
conditionally stable. A constrained optimization technique such as Fihdnim of
CONstrained nonlinear multivariable function (FMINCON) is implemented in order to
estimate certain parameters in the CRMP model such that a good match is obtained
between the observed data and the modeled soldileen. CRMP model is applied on
different reservoir modelandresults indicate that the CRMP model is able to accurately

predict the production rates.

In the second phase of this study, capacitance resistance model foripjedciacer pair
(CRMIP) is used to assess the individual phase rates.CRMIP model is an injector
producer pair representation of the CRM model where separate control volumes are defined
for each injectoproducer pair in the reservoir. A constrained optimization technique
(FMINCON) is implemented to estimate the unknoparameters in the CRMIP model.

In this study, a fullymplicit finite-differenceschemédor atwo-phase flom{ TP-CRMIP)

is developed to quantify the effect of injection rate on the production of individual oil and
water phasesTP-CRMIP model is applied on different reservoir modaisl results
indicate that th&P-CRMIP model is able tprovide a reasonably good match wilte

individual phaseates.

Although the CapacitandResistance Model (CRM) has numerous advantages and has
proven to be an effective tool, it has limitations when it comes to managing and planning
field development, especially in terms of adding future wélle CRM model does not

provide a straightforward way of incorporatingw wellsinto the modelThe final phase

XV



of this study addresses the issue. Ipt@ase capacitance resistance modeafonjector
producer pair (TRCRMIP) is used to initially history match the production rates to estimate
model parameter® newly developed cosiAeased model ishenused to generate the
unknown model parametefer the injectors and/or producers using the known model
parameters of existing wells. Once the model parameters of all injectors and producers are
calculated, TRCRMIP is used to calculate the production raRssultandicated that the
unknown model parameters generated using the cbsised model when used along with

the TRCRMIP modelprovide reasonable estimategio production rates
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CHAPTER

INTRODUCTI ON

Reservoir simulation studies are essential for exploration and production companies for
production planning, decision making and resengoirveillance Reservoir simulation
honors the full physics of fluid flow in porous media and dceuracy iscomparatively
higher whencompared to available other analytical and empirical motlifrtunately,
the lack of accurate data, missing information, model uncertainty ardmguesolutions

makes the reservoir simulation model imperfagnany cases.

Traditional reservoir simulations typically involve creating complex reservoir geological
models that consist of numerous grid blocks. These models are generated using
geostatistical reservoir modeling, which can result in multiple realizations for a given

property without ainique solution which can be tedious and time consuming.

To avoid delays in decision making and planning, other technigues are also employed for
fast computation and estimation of future production rates. Such available models are
analytical models, empirical models, proxy models and capacitance resistance. model
Classic analytical models are mainly used for direct estimation of fluid in place and water
encroachment from production data. They were initially developed using macroscopic
material balance to understand the reservoir performance. For a homogentwak con
volume, the expansion of oil, water, gas, and rock at any time is edliatitproduction.

This model is independent of temperature, and compositional gradients within the system

and sometimereferred toas Tank Model.



Empirical models such as decline curve models are also avaitapl®videdirect and

rapid estimation of ultimate reserves ardoften usd in production planning. They are

data driven models and the model accuracy is highly dependent on data size and quality.
Since many decline curve models are available for different reservoir conditions and fluid

types the selection is highly important for reasonable predicted output.

Capacitance Resistance Mod€RM) is based on the theory of electrical cirsuit
consising of resistos and capacit@ The input is applied via electric current which is
either stored imcapacitor or transmitted to the output &i@sistor. The same phenomenon

is applied in waterflooding applicatisnvherethe injected water rates atbe source of

input signalswvhich are transmitted toward producers and refkbict the production rates

as output signalsThe injected water anputsignals are eitheattenuated due to reservoir
storage or transmitted to the producer similar to the capacitor and resistors in the electric

circuit.

In this research workhe capacitance resistance modelsedo study phase production
rates. The model is solved using fintd#ference methoslinstead of traditional semi
analytical methosl The model solution is tested for consistencgnvergenceand
stability. Thenovelmodel is applied on differesimulatedcases and compared with the
available models in the literatuda.the latter part of this stugg new approach is presented
to address themitation of adding future well$n the CRM model This approach is also

tested on differaircases to assess the accuracy.

The literature review of available CRM models is discussed in Chapter 2. It summarizes

the continuous improvementaind modificationsto the original CRM model. It also



highlights the use of CRM in different reservoir conditions and the benefits of the model

parameters in understanding the fluid dynamics.

Chapter 3 discusses the problem statement and the research objectives of this dissertation.

Chapter 4 assessthe value addd and applicability of finitedifference method@DM)
to CRM model. CRMP model was used in this chapter to evaluate the FDM solution.
Convergence, consistency, and stability of the model solution were evaluated. Three

different cases were studied to observe the model accuracy.

Chapter 5 proposes a tvphase finitedifference solution othe capacitance resistance
model foraninjectorproducer pai{TP-CRMIP). This model provides a direct estimation
of oil and water production rateBhree different simulated cases were studied to observe

the model accuracy of FERMIP.

Chapter 6 proposes a solutionathallengingssue of CRM to effectively model new
injectors and producers. Ttpsoblemwas resolved using a newly developed cosiased
model. This new model was tested on three different simulated cases to examine the

accuracy.

Chapter 7 present®nclusionsf this work



CHAPTER

LI TERATWREEI| EW

The idea taelatereservoir fluid flowto the flow ofcurrent inelectrical circuits was first
introduced byBruce 1943)Instead of solving partial differential equatsdar fluid flow,
he developed an apparatus of electrical units wired together to simulate fluid flow in porous

media using the concept of current flow through conductive media as shown in Figure 1

Pi H pz
—_ 1 —
_— H —
I
Q" —a,
I'1c. 1.—POROUS-MEDIUM UNIT.
"I E i E,
AAAMNAAAA—————
A
ELECTRICAL
C-UNIT

Figure 1: A pictorial representation of analogy between porous media and electrical circuits

Wahl et al. (1962) used theconcept of(Bruce 1943)and made an electrical system
consising of input and outputievicesalong with a resistaneeapacitance network and a
central control to model four reservoirs in Saudi Arabia. Tésstanceapacitance

networkconsistedf 4,900 resistance decades interlinked Ri501 capacitance decades.
A rectangular network of 2,501 mesh points is formed watmponents in a 41 x 61mesh

array.



Heffer (1997)studied injectoproducer interaction using the distribution of in situ stresses
on the flow directionalities of injectors toward the producer. They introduced a correlation

coefficient called Spearman rank to model connectivity between injecdducer.

Panda and Chopra (1998froducedan artificial neuralnetwork (ANN)to assessvater
flooding efficiency. A simulated case was presented to observe the effect of reservoir
heterogeneity betweeaminjector producepair using artificial neural netwaslapplied on
injection and production data. However, because of the intrinsic nature, ANN model cannot

be used for sensitivity analysis of data outside the range of trained network.

The early research to optimize water flooding pattern and injection scheme for production
enhancement was mainly focused on experimental investigation and statmbical
Albertoni and Lake (2002, 2008)erefirst to mathematically model the injectproducer
interaction using the analogy of resist@apacitor network They used multivariate linear
regression to account for the connectivity between injectors and producers. They reported
that the total production rate for a particular well is a weighted linear combination of the
individual injection rates. They used fdi$ivity filters to account for the attenuation and

dissipation of injection signals due to reservoir heterogeneity.

Gentil (2005)was first topresent the twgphase flow rates equation using an empirical
fraction flow model to calculate individual oil production rate from the total production
rate. He also investigated the physical meaning of injgmtmaucer connectivity constant
(regression weightsglated to the reservoir transmissibility. He reported that the regression
weights are the ratios of inverse distance average permeabilitesirgéctorproducer

pair corresponding to each injector.



Yousef et al. (2005 & 2008)ere the first to derive a physical model forinjector
producer connectivity usintipe continuity equation. They alsacorporatedhe effect of
change in bottom hole pressureagfroducer in their model. The model was then solved
using discretization in time to obtain the total production rate at the producer. They used
two parameters such as weight constant to account for the attenuation of injection signals
to the producer andéttime constant to account for the compressibility and mobility of the
fluid. The technique was successfully applied to the synthetic field models and two
producing fields in Argentina and the North Sea. Since the defined parahsatedsrect
analogy with the electrical circuits in terms of energy storage such as capacitors and energy
transmittance such as resistors, this model was tetimedtipacitance Resistance Model

(CRM).

CRM is developed from signal processing techniques in which injection and production
valuesare considered as input and output signals, respectively. With the standard CRM
method, two parameters are estimated for each injpotaiucer pair during the il
history matching stage. These parameters are 1jwmeiconnectivity that measures the
connection between pairs and 2) tig@nstant indicating the time delay of the injection
rate affecting the producer. These parameters provide some undeggtarfidihe
underlying reservoir physics. For example, the el connectivity represents the
contribution of fluid flow from each injector towards each producer and the distribution of
certain facies can be identified by CRMaviani & Jensen, 2010Yhe authorobserved

that the intemwell connectivity is related to change in facies and some facies act like
barriers to flow direction while some facies provide a continuous flow path which is

reflected by high value of intevell connectivity factor. On the othdrand, the time



constant provides the response time from injectors toward the producer, and it is generally

affected by the intewell distance, fluid properties and the producer productivity index.

Sayarpour et al. (2009); Morteza Sayarpour, Kabir, and Lake (2008, 20@8¢r
investigated the physidsased modelling of CRM and solved the governing mass balance
differential equatiorsemtanalytically (SA)to three different reservoir control volumes,
such as single tank model (CRMT), a single producer m&#eGRMP) and an injecter
producer model (CRMIR)denoted as SA&RMT, SACRMP and SACRMIP in this
study. They also incorporated the change in bottom hole pressure of praediliber
general solution othe differential mass balance equation was solved using supgoposi
in time instead of numerical integration to find a semalytical solutionfor total
production ratesThis approach was validated usiaghumerical reservoir simulation
model and applied successfully on a cas®lving water/CO2 floothg. Once the total
production rates are obtained, they usedractional flow model to predict the oll
production ratateach produceFollowing the empirical model presented by Gentil 2005,
more empirical fractional flow modelgerereported for immiscible and midae flows to

use along with CRMCao, Luo, and Lake 2014; Nguyen et al. 2011; Weber et al. 2009)

Weber et al. (2009resented an approach to model a large data set cogsiEseveral
injectors and producers with fluctuations in injection and production rate data. The
presented study was applicable with simutvells, intermittent weli and producers that
become injectors. Different optimization techniques were reported to remove outliers in
field dataand reduce model parameters to improve and expand the capability of CRM to

handle large field data sets



Izgec, Kabir, and Etc (2009, 201f¥esented a study to model injeepyoducer interaction

before water breakthrough usitige continuity equation and showed similarity of CRM to

the pressure transient testing. The presented study can be used for immature fields where
the saturation changes in the control volumes significantly affect the flow transmissibility,
consequentlyreflectingin the production rates. In 2010, Inzgec presented another study to
model differential aquifer influx at individugdroducersausing the combination of CRM

model and unsteady state analytical aquifer model such as Van Everdingen and Hurst

(VEH).

Kaviani and Jensen (201p)esented an approach similactmventionalCRM and called
it as multiwell productivity Index (MPI). Instead of weight constant and time lag, they
used influence matrices for each producer iajgttorproducer pair. This technique was

successfully applied on two synthetic models.

Nguyen et al. (201Ipresented an integrated approach to model the CRM. The CRM model
was solved for total cumulative production using the total water injected in the control

volume. The developed model was validatedymhetic cases and an oil field in Oman.

Zhao et al. (2015presented an Interwell Numerical Simulation Model (INSIM) to study

the injectofproducer interaction. The interval between the injector and producer is
discretized into small segments and each segment has two control parameters such as
transmissibility anaontrol volume. The model is solved using front tracking and the inter

well parameter at each segment is obtained using history matching. Once the saturation
and interwell parameters are known, phase production rates can be determined. For model
predicton, they claimed that saturation and pressure profile generated from the INSIM

model are sufficient.



Altaheini, Al-Towijri, and Ertekin (2016)addressed the associated challenges of the
available CRM model angroposed anodified CRM model to accommodate #edsting
limitations. The limitations were frequent shator addition of new wells, aquifer influx,
variation in fluid compressibility and change in well productivity index due to workover
operation. They resolved these limitations by introducing a pseudoiomjeete and
keeping the CRM parameters constant to address the aquifer support aindpghniatds.
The changein well productivity indexdue to recompletion/workover was addresbgd
consideringtwo separatgroducershaving productivity index values before and after

completion.

Eshraghi et al. (20163tudied the change in reservoir properties and production data
fluctuationin the CRM model. They used a synthetic reservoir model with varying porosity
and permeability. They observed a strong effect of changing porosity than permeability on
CRM parameters. A linear trend was also observed between error to mean production ratio

(EMPR) and reservoir porosity or permeability.

Jamali and Ettehad Tavakkot (20EXpanded the scope of CRM model to apply in large
scale mature oil fields. They presented an approach to minimize the computing cost and
increase convergence rate. They used global optimization for the CRM objective function

incorporated into the gradiemector and Hessian matrix.

T. Zhang, IZGEC, and Sayarpour (20h8jhlighted that the time constant and innell
connectivity in CRM varies with time for heavy oil waterflooding. They considered the
effect of viscous fingering in heavy oil and observed that CRM parameters varies with

viscosity ratio of displacing ardisplaced fluid, storage and flow capacity contrast and the



flood maturity. They observed that the evenly distributed injected fluid among producers

can produce constant CRM parameters after breakthrough.

K. Liu, Wu, and Ling (2019) and X. Liu et al. (202&)plied the CRM model on a field

case of Gaither Draw Units (GDU) in Wyoming, US38 estimate reservoir heterogeneity

and interwell connectivity. The field was injected with 1.7 MMSTB of water with no clear
impact of water flooding on production performance. CRM technique was used to assess
the reservoir heterogeneity and future well planning. They observed low inter well
connectvity values and large time constant for some producers. This implied a weak
connection between injectors and producers. They also verified the findings of CRM model

using a fullscale reservosimulation modkeon acommercial software.

Sal ehian et al . (2018) ; Sal ehi anpresentel ¢ én a |
another study to manage the frequent shutf wells in CRM model. They introduced a

modified connectivity parameter to account for the freqakuatin and derived a dynamic

CRM model (BCRM). The developed CRM model was in good agreement with the results

generated from a synthetic reservoir model usmgmerciakoftware.

Naudomsup and Lake (201&)tended the application of CRM model to get insight of the
reservoir properties using CRM modmupledwith tracer models, based on miscible
displacement theory. Three tracer models were utilized in this study which are dispersion
only model, a Koval model, and a combination of both. The CRM model and tracer models
were coupled together using two techngjgsach as serial fitting (CRM then tracers) and
simultaneous fitting (CRM and tracers). The developed method was successfully applied
on Lawrence fiel&and found good agreement of inteell connectivity with the observed

peak tracer concentration.
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Xuewu Wang, Wang, and Xi{2020)improved the available CRM model and introduced
interface coefficiersbetween producers to address the issue of wellisrarid pressure
fluctuatiors. The model was validated laysynthetic reservoir model and the effect of
changing well locations, frequent well switching from production well to injectors and vice
versa was also reportdd.another study(Xiang Wang et al. 202@ddressed the limitation

of low permeability in CRM model. They reported that the fluid flow in low permeability
reservoirs requires a certain pressure gradiaiied athreshold pressure gradiearid this

pressure gradientwasn t r o d u ¢ e dquatianto Baalify CRMnsodel.

Kim (2019) further expanded the scope of CRM to overcome the limitation of CRM
application in viscous oil and lack of bottom hole pressure. They observed a significant
difference in inteiwell connectivity observed from conventional CRM model and tracer
test conducte in Lost Hills field, which is a low permeability, high porosity, and heavy oil
formation. To overcome the limitation, they introducedtatisticalapproach in CRM
model to analyze the CRM parameters using bootstrap method. A confidence interval is
defined and if the initial solution is exceeding the confidence interval, then the parameter
values are substituted with P50 values and injgmtoducer connectivity and connection

pair is updated.

Olenchikov and Posvyanskii (2019udied the challenges of active aquifer and changes

in operation mode on the available CRM model to predict the flow rates ehig@yasized

the use of productivity coefficient instead of well influence coefficient as tuning parameters
for the model. The active aquifer was adjusted in the mass balance equation and a new
modified CRM model was derived. The developed CRM provitedbility to model

crossflow, change in operating conditsand aquifer influence

11



Mamghaderi, Aminshahidy, and Bazargan (20&ugied the model uncertainty of CRM

to mimic the reservoir fluid flow behavior. They used a time correlated error coupled with
the CRM model, including stochastic and rgtachastic parameters. The use of stochastic
parameters generates multiple possiesults, and the numbers of generated stochastic
runs reflects the discrepancytirematching problem. The intended model profile can then

be obtained byveraginghe possible results.

It is evident that theCRM is a powerful tool to determine connectivity between
injector-producerpairs However, the proper implementation and application of CRM in a
complex subsurface system and varying surface operating conditions requires alteration

and modification in the general solution of the CRM.
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CHAPTBR

PROBLESMATEMENT

3.1 Current Limitations

As highlightedin Chapter 2thecurrent CRM modelarebased on thdirect estimation of

total production rate from the solutiontbe continuity equatioreliminatingthe saturation
changesof individual oil and water phase Thus, totalliquid production rates are
calculatedusingCRM model provided that the model parameters are obtained beforehand
by history matching a set of productiamd injection datafrom the reservoir control
volume The individual oil and water rates are then calculated indyrbgtlsing available
fraction flow models such as Koval method and Gentil method. Consequently, the current
CRM modelamatchthe total production rates howeytreylack the correct estimation of

individual rates of each phase.

In all the available models, the limitation of adding future wislieot effectively addressed

or resolved Some of the available models adjust the new injectors and producers as a part
of the history matchingrocessvhile others provide solutions to introduce new injectors
However, there is no current model available in the literature that can efficiently model
both new injectors and producers in the CRM moteeérefore, it is crucial to develop a
more efficient CRM modedio accommodate future wellsat can estimate both the total

production rates and the individual rates of each phase accurately.

13



3.2ResearchObijectives

In this studya twophase CRM model is developed to quantify the effeatjettion rate
on the production of individual oil and water phas®@il andwater rates are calculated
usingsimultaneousolution of continuity equatianfor each phase at each time siEpe
newly developed CRM modealkeducesthe deficiencies of the previous modelad

enhanceshe accuracyf estimaing production rate of each phase

The CRM provides a rapid techniqgue to model the waterflooding performance of a
reservoir. The primary reason for the computational inexpensiveness of the CRM model is
that the future well production rates are not determined by solving the full physics models
as B the case with traditional reservoir simulation problems. Rather, the rates are
determined based on the historically observed production and injection rates and the well
bottom hole pressures. The CRM mod®ssistof a material balance equaticoupled

with the inflow equation. In this study, however, find#ference schemes are used to solve

the ODE representing the CRMP model.

To address thlimitation of new wells a new CRM model is proposed that can efficiently
incorporate future wells into the model. In addition, the model can incorporate the injection
and production data from the new wehl$o the existing model and adjust the intesl|
connectivity and time constant accordingly. The proposed model is expected to
significantly improve the accuracy of the CRM model and optimize production from

reservoirs.
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3.3Scope of work

This study aims to study theroducerbased representation of the CRM model where
separate control volumes are defined for each producer coupled with all the injectors in the
reservoir.Since the resultingrdinary differential equatiorQDE) for CRMP consists of
time-dependent parameters, both the explicit and implicit fiditkerence schemes are

used to solve the problem.

Stability and consistency anaggsare performed to test the applicability of the resulting
finite-difference solutionsof CRM model A constrained optimization technique
(FMINCON) will be usedto estimate certain parameters in the CRMP model such that a
good match is obtained between the observed data and the modeled oartipatation

improvement will also be evaluated with the available CRM models.

First, a singlephase CRM model is derived based on the soluifarontinuity equation

for the combined rates and compared withdiiailable semanalytical solution of total
production ratesln the second phase of this studytwophase CRM model is derived
usingthe solutiorof continuity equation for each phase separately and direct estimation of

saturation profile and production rate of each phase.

The study will be extended to determine mhethodologyto accommodate future wells in

the developed twphase CRM model
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CHAPTER

AFI NI-DEFFERENCE APPROACAPATC TIAHECE

RESI STAMOPEL

4.1 Introduction

Reservoir simulation studies are of vital importance for E&P companies for production
planning, field development and reservoir management. Reservoir simulation studies
honor the full physics of the fluid flow in porous media and therefegeireextensive
computational resources to accurately predict the reservoir production. Several models
have been developed to efficiently predict the reservoir perfornzasss on totdlquid

production ratesnstead of individual phase rates, consideasdinglephasemodels in

this study(B. Chen et al. 2017; B. Chen and Reynolds 2016; Fonseca et al. 2013; Isebor,
Durlofsky, and Echeverria Ciaurri 2014; Oliveira and Reynolds 2@4¢ such model is

the reduced order proxy model which attempts to reduce the computational complexity by
simplifying the physics of the simulation modeardoso and Durlofsky 2010; van Doren,

Mar kovinovi and Jansen 2006; GHowevern et a
multiple runs of the full physics reservoir simulation are required to develop a reduced
order modelProxy models are used to accelerate the history matching process as they offer
computationally cheaper alternatives to -®dbhle reservoir simulation models
(Mamghaderi, Aminshahidy, and Bazargan 202Appropriate use of orthogonal
decomposition is a popular procedure to develop aproxy jodeh n Dor e n, Mar ko

and Jansen, 2006; Cardoso and Durlofsky, 2010; Gildin et al., 2013; He and Durlofsky,

16



2014) These reducedrder models significantly improvemputationaperformance by
reducing the calculation time spent on forward simulation runs. However, the development
of reduced orthogonalecomposition models requires a full physics reservoir model which

is simulated several times to capture snapshots of differemery fields such as pressures

and saturation&Zhao et al. 2015)

Datadriven proxy models provide a faster alternative to reduced order models as they
require only the historical input (well injection rates) and output (@reltiuction and well
bottom hole pressures) data to develop a proxy model. Two main categories of the data

driven statistical models arg&) blackbox models and 2) physizased models.

The blackbox proxy models are developed by a computer algorithm using the input and
output response. The user has limited understanding of how the different functions and
variables are combined to produce the output. Machine learning and artificiad@ned

based proxy models fall under this category and have recently been widely implemented
in the industry to develop proxy modéks. Liu et al. 2020; Ng, Jahanbani Ghahfarokhi,
and Nait Amar 2021)The disadvantage of this particular method is that the fluid flow
system in the reservoir is not really taken into consideration and therefore the model may
replicate the results during the history matching stage while producing very different
responsesluring the prediction stagé&kowan and Clegg 1963; Wanderley de Holanda,
Gildin, and Jensen 2018)hese models may only work for limited cases and for a limited
period of time thus compelling the user to update the model which further increases the
computational costzan Essen, van den Hof, and Jansen 2013; Heijn, Markovinovic, and

Jansen 2004)
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In contrast to the blaekox methods, the physitmsed methods incorporate limited
physics of fluid flow in the developed proxy modélse of theaecent data drivephysic
based modekchniquedor the estimate of total production rates is capacitance resistance
model as discussezhrlierin the literature review. It is based tre theory of electrical
circuit consisting of a resistor and a capacii®ruce 1943)applied on waterflooding
applicationsTheinjected water rates atle source oinput signalsvhich are transmitted

toward producers and reflect in the production rates as output signals
4.2 Capacitance Resistance Moddbr Single Phase Fluid Flow

The differential equatiofor CRM is derivedusingmaterial balance equatioogindividual

phases in a control volume. The continuity equations of each phase are added up to

eliminate phase saturations. The average reservoir pressure in the resulting differential
equation is then substituted by the drawdown equafibe. derivation of capacitance

resistance model (CRM3 provided in Appendix A

The first mathematical model to account for the interaction of injgotmtucer pair is

given byAlejandro and Lake, (2002) and Albertoni and La2€03)

qj(t):bOj -Ia__ pLO)(] EF2,3..N, 4.1)

where g, (t) is the total production rate at produgeat timestep, boj and b, are the

regression coefficients account for thebalance and weighting factors between injector

producer pair, respectivel\N jrepresents the number of producers &ndepresents the

injector rate at injectar.
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Yousef et al., (2005), (2006)erived a physical model for an inject@roducer

connectivity using the continuity equation

&% 0 _at (x—t o 8 X ot

a; Qi xe F° gl

Mo (4.2

where q(t) is the total production rate at timheq(t,) is the total production rate at time
t,,f is the time constant,is the injection rate] is the well productivity index ang,; is

the bottom hole pressurg,is the dummy variable fdr
Sayarpour, Kabir and Lake, (2008), (2009) and Sayarpour et al., (2R69)ded the

investigaion of CRM and solved thphysical model ofYousef et al., (2005), (2006)sing

asemtanalytical approacfor threedifferentcases to estimate total production rates.
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where g, and q,_, is the total productlon rate at tinhand (t - 1) ,Z is the time constant,

represents the intavell connectivity, J is the well productivity index anp,, is the

bottom hole pressure

Consider a control volume» covering thed number of injectors and number of
producersHere,i andj are the index of each injector and producer, respectively. The

CRMP model for the total production rateat producej is given by(Liang 2010)

dq (1) N dp,
" +q (1) :ia:lfu'i J'”JF’

44)
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where at any given tinte g, (t) is the total production rate,, is the bottom hole flowing
pressure at producgr|; is the injection rate at injectoy J; is the productivity index of
producet, £, is the time constant for produgeand f; represents thigaction of injection

rate of injecton flowing toward producej. 'Q andt are the CRMP model parameters

and are given hy

t =

V.G
3 , (4.5)

and

f,=—1, (4.6)
where f; represents the intavell connectivity between injectarand producej and
ranges between zero and one. A zero value indicates no transmissibility while a value of
one indicates the injecting fluid from injeciarontributes only to producer? represents
the time delay from injector response toward the producer because of permeability in the
producer drainage volume, thetal compressibility of injecting fluidand reservoir
formation, ¢ and the productivity indeX; atproduceyj. f;andz, are the unknown model
parameters of the CRMP model and are obtained by minimizing the error between the

observed total production rates and CRMP calculated total production ratexhj@ttese

function is defined as

min (at,obs' agcal)T'(atobs 'atca) ’ (4.7)

nd pts

such that

20



N;
a f,, ¢1,forall injectorsi, (4.8)
j=1

and

fi’j;[j 20. (49)

Here,n, representshetotal number of data points used for the history matchipg, is

the total observed production rate, agpg, is the total CRMP calculated production rate.

4.3 Finite-difference approximation of CRMP model (FD-CRMP)

In this study, the differential equation obtained from the CRMP mwdslsolvedising

the finitedifference methodFDM). FDM is a classical numerical technique for solving
ordinary or partial differential equations which are difficult or impossible to solve
analytically. FDM replacesthe derivatives in a differential equation with difference
qguotients (Forward, Backward or Central). The dependent variables such as time and/or
space are discretized into a finite number of steps and the resulting algebraic or finite

difference equations are solved at each step size.

The explicit finitedifference form of the CRMP model is given by:

agmt n g N, t N
g %—qim- qnJ g’ = ;1" 54 f'ji QrV:J (4.10)
o} -t = i 4

where q:‘*land q:‘”are the total production raseat producerj at time n+2land n,

respectively.p,; ; is the bottom hole flowing pressure at producek is the injection
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rate at injector, J,

; Is the productivity index of producgr £, is the time constarat

producerj and f; represents th&action of injection rate of injectarflowing toward

producey.

Upon rearranging,

n+ n 1 é"'\fi n n n n n n 6 nl+ n

qt=qesad (00 ) @t 1) s3 bR w) @1y
j Gi=l -

The implicitfinite-difference form of the CRMP model is given by:

A N T il R
W*‘qu ——F% fil 3 tnjik _,[nl (4.12)
and upon rearranging,
ig o q? J F\)NT:: - B;,j
iy tj i iji tn+1_ tn J tn-lL _tn (413)
9 = 1 1 '
it en T
-t

Equations 4.11) and 4.13) show the explicit andnplicit forms of the CRMP model,

respectively. When differential equations are numerically solved, each derivative term is

substituted by Taylor series. The terms from Taylor series expansion can be arranged to

get the equivalent finiteifference scheme and the neglected higher order terms are called

truncation error. The neglected terms, round off values, grid size or timestep can lead to

consistency, stability and convergence problems in a {itifference solution. These

aspectwill be discussed fujl in the upcoming sections

4.3.1Consistency

A finite-difference solution of a differential equation is consistent if the truncation error

approaches zero by decreasing the grid sizeeducing the time step. Thus, the finite
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difference solution wouldpproachthe exact solution of the differential equation. To

evaluate the consistency of theRIRMP, the initial equation is given by

dq(t) dp,,
t—T4q(t) A(t) -8 22 414
Separating derivative and naolerivative terms gives,

da(y), ,dr, 1 (t) 1

dt dat ¢ (1) #49

Let f(t)=i(t) q(t), then,

dq_(t)u% =%f(t)

(4.16)
dt dt t
Discretizing Equation4.16) intime yields the following:
n+l n+1 n
q - q pwf Bt :E fnetn (4.17)
Dt D t
and using Taylor series expansion %}? we arrive at:
2 2
mog 99 BEA9 e 418
9" =q % 5 g XD (4.18)
dp,s
dt
dp, D2 & p,
= + b= =+ +1). 419

n+l -

Substitutingg™* and p;; in Eq.4.17 and rearranging,

dq, Dt d’q dp, ndp, & p, .
th) J+—2 — + é fin 4.20
a2 ae B a Ve ae A ¢ (420

Substituting Eq4.16 and rearranging,

Dtdq bd Rm 1

1
+0 F— )D= & = f(4 421
At any timestem orn+1, if Yo O nthen,
1 1
_fn+1,n__f t _O )
- A(t) (4.22)

hence, the formulation Onsistent.
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4.3.2Stability

A finite-difference approximation is stable if the truncation or round off errors decrease
from one timestep to another as the computation proceeds. Aihiterence scheme is
unstable if the errors continue to increase uncontrollably with time. Ahfevaijoon factor

(G) is defined as

n+l

=L (423

where, ¢'is the rounebff error at the timestem, and ¢[™is the rounebff error at the

timestepn+1l. The ampl i fication factords absolute

one to stabilize thénite-difference schemee., |G| ¢ 1.

First, we consider the stability of the explicit scheme which is given by.EQ,.

U gq” %f o R R (4.24)
j n+l _ ¢n j A i“Yj 1 n .
i BT P

To perform the stability analysis for the explicit scheme of CRMP, the RHS of the
eqguations consisting of all the elements which are independent of the unknown variables

are dropped from the equation.

EQ.4.10 can therefore be written as

a 0
q; :?-t (‘)qn (4.25)
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Equation4.23 canalsobe writtenasroundoff error (e) becausehe errorhas tosatisfy

the discretized equatigAnderson 1995)

a p O
n+l _ o=
¢ =g ;8 (4.26)
¢ -
Rearranging Eq4.25 and introducing the amplification factor,
Dt
G| =1- . (4.27)
j

Since,Dt2 0, and¢; 2 0, therefore, for the explicit scheme of CRMP to be stahley,

Next, we consider the stability of the implicit scheme of CRMP shown id ER.

qr-q 1 ., 1N Rl -Ri,

+—q =—q f. I 3 —— (4.29
n+1 n [ nt n
-t o, tim S R

After dropping the RHS which consists of termigich are independent of the unknown

variable we get

j Dt (4.29)
Equation4.26 canalso bewritten asroundoff error (¢) as

ET1+l - 6?
T (4.30

t
J
Rearranging Eg4.28 andintroducing the amplification factor we get,

Gl=|—x (4.3)

Since,Dt2 0, and?, 2 0, the implicit scheme of CRMP is unconditionally stable
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Therefore, the explicit finitelifference scheme of the CRM model is conditionally stable

with a CFL conditionDt @, while the implicit form is unconditionally stable.

4.3.3Convergence

A finite-difference equation is convergenthe finite-differencesolution of the differential
equationapproaches the true solutiddonvergence iselated toconsistency and stability

and accordingt®a hl qui st 6s equi valence theorem for

consistency + stabilityh+ convergence 4:32)

Because of convergence assurattoe implicit finite scheme will be used henceforth.

4.4 Application of Finite -Difference Capacitance Resistance Model for

Producer (FD-CRMP)

The CRMP model consists of the following tateps.

1. History matching of the FELRMP model with the observed data to estimate the

unknown model parameters such@sandt .

2. Predict the production rate using the history matched nmuztameters.

In this study, a local butith optimization tool of MATLAB, fmincon is used to history
match the production data and estimate the model parameters. Fithiotanda, Gildin,

and Jensen 2015; Pinto, Gildin, and Schiozer 2&1&nonlinear multivariable gradient

based method designed to work on problems where the objective and constraint functions

are both continuous and have continuous first derivative.
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45 Example Cases

Three separate cases are presented to test the efficiency rewhedeveloped finite
difference scheme for the CRMP model. The first case uses field production data from the
literature to test the accuracy of the model. The second and third cases use synthetic
production data obtained by simulating a synthetic reservoir model in a commerci
simulator. Efficiency is tested by comparing the results of the model with both the semi

analytical solution of the CRMP model, and the actual available data.

4 5.1 Case 1Data available in the literature

The first example uses the streak case presentdd. IBayarpou(2008) The reservoir
consists of a total of five injectors and four producers (Fig)reThere is a high
permeability streak between injectorfdroducer 1, and injector-roducer 4. The general
reservoir properties and injection data are given in Table 1 and Bguwspectively. The

bottom hole pressure is constan@® psi foreach producer.
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Figure 2: Model representing the location of injectors/producers and the higlpermeability
streaksfor Case 1

Table 1. Model parameters andfluid properties to generate datafor the Case 1

Property Value
No. of Injectors 5
No. of Producers 4
Kn (md) 5 md except two streaks
f (fraction) 0.18
Co (1/psi) 5310°
Cw (1/psi) 13 10°
Ct (1/psi) 13 10°
Puwt (psi) 250
Grid size (ft) 80 x 80 x 12
Model dimension 31x31x5
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Figure 3: Injection Rates data for Case 1

The FD-CRMP and SACRMP modek wereapplied to 50% of the observedoduction
ratesdataof each produceand the matchethodel parameters were used for predicting
production rates. The results were compared with the production rates calculated by the
semtanalytical model (SACRMP)and the simulated datpresented in Figures7. The

matched parameters and mean square error between observed and estimated data are listed

in Table 2.
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Table 2: Values of CRMP parameters given by SACRMP (Sayarpour,2008) and FD
CRMP.

FD-CRMP model SA-CRMP Model
PL | P2 | P3| P4 | PL|[ P2 ] P3| P4

f; 096 | 0.02 | 000 | 0.02 | 0.96 | 0.02 | 0.00 | 0.03
F2, 041 0.03 | 020 | 0.28 | 0.41 | 0.03 | 0.20 | 0.28
fa 0.09| 0.00 | 000 | 091 | 0.09 | 0.00 | 0.00 | O0.91
fa 0.30| 0.08 | 0.00 | 0.62 | 0.30 | 0.08 | 0.00 | 0.62
s, 0.15| 0.04 | 019 | 063 | 0.16 | 0.04 | 0.19 | 0.62
Uj, Days 0.56 | 11.50 | 44.55| 0.23 | 0.97 | 16.17 | 49.33| 0.60

Error (Matching) | 75.32| 11.81 | 11.56 | 143.15| 77.72| 11.86| 11.07 | 141.95
Error (Prediction)| 74.67| 34.69 | 16.15 | 127.52| 75.83| 34.28 | 15.72 | 125.68

As can be seen from thresults in case 1, the interell connectivity between injector
producer pairnjector T producer 1 and Injector B producer 4is above 0.9nd the
reservoir model shows a higiermeability stealbetweenthese injectoproducerpairs.

This exhibits a strong relation of reservoir characteristic and fluid flow behavior with the

interwell connectivity f, ;. The f, values of other producer pairs corresponding to

injector 11 and 13 are almost zero which shows that most of the injected water from 11 and
I3 is translated toward P1 and P4 respectively and the contribution is minimal toward other

producers. Thef, ; values of injector producer pair expectR1 and 13P4 are varying

based on the distance from injeepoducer pair and the injection rates variation.
Furthermore,tican also be observed from Table 2 thath SA-CRMP and FBCRMP

modelparametersandmean square erroese comparable and in good agreement with the
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observed production rateSince the results of both models are compar&RleCRMP can

be used as an alternate approach for solving CRM.

4.5.2Case 2 Synthetic data using a commercial simulator.

The second case uses data obtained by simulating a synthetic homogenous reservoir
(Figure8) using a commercial simulatofhe general reservoir properties are presented in

Table 3 and injection rates are shown in Fidure

Figure 8: Saturation map for Case 2, showing distribution of injectors and producers at the
end of the simulation run
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Table 3: Model parameters andfluid properties to generate datafor Case 2

Property Value
No. of Injectors 5
No. of Producers 4
Kh (md) 40
Kv (md) 4
f (fraction) 0.18
Co (1/psi) 5310°
Cw (1/psi) 13 10°
Ct (1/psi) 13 10°
Put (psi) 500
Grid size (ft) 80 x 80 x 12
Model dimension 31x31x5
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Figure 9: Injection Rates data for Case2
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Again, the FBCRMP and SACRMP modek wereapplied to 50% of the observed dafa
each produceand the matchedhodel parameters were used for predicting production
rates. The resultsvere comparedwith the production rates calculated by the semi
analytical model (SACRMP) and simulated data, shown Figure 10. The matched

parameters and mean square error between observed and estimated data are listed in Table

4.
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Figure 10. Comparison of total production rate of each producer with FDCRMP and SA-
CRMP for Case 2
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Table 4: Values of CRMP parametersobtained by the FDCRMP model and SACRMP

FD-CRMP model SA-CRMP Model
P1 P2 P3 P4 | P1 P2 P3 P4

f 0.32 031 018 | 019 | 031 | 0.31 | 0.18 | 0.19

fy 0.32 015 | 0.14 | 0.34 | 031 | 0.15 | 0.15 | 0.34

fs, 0.05 019 | 0.22 | 0.09 | 0.05 | 0.18 | 0.20 | 0.07

fy 0.05 022 | 053 | 0.20 | 0.08 | 0.21 | 0.50 | 0.21

fs | 0.33 028 | 0.15 | 0.24 | 032 | 0.28 | 0.16 | 0.24
Uj, Days | 100.00| 100.00| 100.00| 100.00| 100.00{ 100.00| 100.00| 100.00

Error 65.87 | 67.88 | 61.24 | 66.05 | 68.96 | 70.31 | 63.98 | 68.92
(Matching)

Error 136.55| 87.09 | 42.16 | 134.94| 134.01| 90.26 | 50.41 | 135.24
(Prediction)

It is observed from Figure 10 thdtet FDCRMP model shows a godustory match and
prediction with SACRMP and thebservedsimulated productionlatawhich is evident

from the root mean square errors as listed in Tableiglalsohighlightedthat the values

of interwell connectivity factors, f, are higher between the nearest wellgairthe value

is low if the distance between injectors are producers is.langbe case of FECRMP,

for injector 1, the nearest producers are P1 and P2 and the values are 0.32 and 0.31,
respectively whih are comparatively higher than 0.18 and 0.19 for producers P3 and P4,
respectively. Similarly for injector 2, the nearest producers are P1 and P4 and the values
are 0.2 and 0.34, respectivel@ther injectors also showed a similar pattern of flow which

indicates that thmajor contribution oinjected fluidis usuallytoward the nearegroducer
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in a homogenous reservagirovided that the bottom hole pressures for each producer is

constant at each time step.

Since the model parameters and calculated mean square error of both meG&§BA

and FDCRMP are similar, there is a need to compute the run time of both models to
evaluate both models.h&€ computational cost of the FCRMP model isassessetby
comparing the total simulation run time of the-ERRMP model to that of the SERM

model and fullscale simulatioras shown in Table.5All simulations in this work were
carried out on a system having an Intel(R) Core (TM}0310U CPU @ 1.80GHz 2.30
GHz processowith 1TB Solid State Drive (SSD) and 16 GBAM. The comparison of
simulation run time presented in Table 5 indicates a substantial increase in the
computational efficiency during forward simulation (prediction) as compared to SA
CRMP (semianalytical method) and as expected CRM models provides f@ution as

compared to the fulscale simulation model.
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Table 5: Comparison of computation cost of semanalytical model (Sayarpour,2008) and
FD-CRMP with full -scale simulation model

Model Runtime (Sec.) Percentage
decrease of
computational time
compared to Full
Scale Simulation

FD-CRMP History Matching Period:0.95 | Total: 67.58%0

Model Prediction Period: 2.79E03 0.95

SA-CRMP History Matching Period: 1.10 | Total: 62.120

Model Prediction Period: 4.36E03 111

(Sayarpour,

2008)

Full Scale Total: 2.93

Simulation

4.5.3Case 3 FD-CRMP applied to a synthetic reservoir model with varying BHP.

In this case, the synthetic model presented in case 2 was used as a base case. The bottom
hole pressure at each producer was varied using a cosine function def{Agaiande

2014) with maximumBHP of 400 psi as shown in Figurell The model was run for
approximately 3000 days with a timestep size of 30 dBlys.first50% of the data was

used for history matching and the remaining 50% of data was used for prediction.-The FD
CRMP requires a prior knowledge thie productivityindex if BHP at the producer is not

constant. In this regard, there are three possible approaches to adjust the productivity index

in the CRMP for prediction of flow rates which are discusedtie nextsections
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Figure 11: Bottom hole pressures for each producer used i@ase 3

4.5.3.1 Method 1:

If the productivity index is known at discrete time intervals, a mean value of productivity
index can be used in the FERMP for history matching and prediction. The comparison
of FD-CRMP results with the fulscale model is shown in Figur and the matched
parameters are shown in Table 6. The-ERMP shows a good history match and

prediction with average mean square error87014and 46.36 respectively.
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Table 6: Values of CRMP parameters obtained by FBCRMP model developed in this

study.

P1

P2

P3

P4

0.29

0.19

0.15

0.10

0.37

0.14

0.19

0.31

0.01

0.63

0.22

0.00

0.00

0.00

0.44

0.56

0.34

0.22

0.16

0.28

Uj, Days

100

100

100

100

Error (Matching)

58.43

76.10

62.66

71.36

Error (Prediction)

187.88

183.94

94.66

118.94
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4.5.3.2 Method 2

Alternatively, the last known value of productivity index can be used in thR€RMP for

history matching and prediction. Tleemparison of the FIERMP results with the full

scale model is shown in Figui8 and the matched parameters are shown in Table 7. The

FD-CRMP model shows a good history match and prediction with average mean square

errors of75.05and B4.59 respectively.
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Table 7: Values of CRMP parameters obtained by FBCRMP model developed in this

study.
P1 P2 P3 P4

f; 0.31 0.19 0.18 0.07

fa, 0.40 0.07 0.21 0.32

fa 0.00 0.70 0.15 0.00

Fa 0.00 0.00 0.40 0.60

s 0.28 0.27 0.18 0.27
Uj, Days 100.00 100.00 100.00 100.00

Error (Matching) 76.16 77.43 56.88 89.72
Error (Prediction) 200.66 178.01 108.57 131.12
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4.5.3.3 Method 3:

In this case, the productivity index is unknown, and it is determined during history

matching along with the other matching parameters su&b asdt . The comparison of

FD-CRMP results with the fulscale model is shown in Figuré.IThe matched parameters

are listed in Table 8. The FORMP model shows a good history match and prediction

with average mean square errorgl@66 and 1®.52, respectively. By comparing the root

mean square error of all methods, it is observed that optimizing the productivity index

along with other unknown FICRMP parameterprovidesbetter history matching and

prediction performance of observed data.
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Table 8: Values of CRMP parameters obtained by FBCRMP model developed in this

study.
P1 P2 P3 P4

f; 0.32 0.35 0.14 0.18

fa, 0.29 0.11 0.11 0.27

fa 0.02 0.40 0.31 0.12

Fa 0.18 0.00 0.49 0.33

s 0.31 0.24 0.19 0.26
Uj, Days 100.00 100.00 100.00 100.00

Productivity Index 0.50 0.11 0.42 0.84
Error (Matching) 38.28 61.62 41.60 56.76
Error (Prediction) 137.27 118.16 51.14 127.52

4.6 Conclusion

In this chapter a novel technique is presented to solve the capacitance resistance model
using finitedifference method. Finitdifference explicit and implicit methods were
examined for consistency, stability and convergence. It was shown that implicit method
was unconditionally stable. The finithfference approach was observed to be
computationally faster than the available samalytical solution. FDMCRM is a faster
technique and inexpensive to use. It can be successfully applfedd case studies for
historymatching and optimization of reservoir performance which exhibits its unique
capability as a powerful engineering tool. The studied cases demonstrated tRBt the
CRM is capablef successfully mimic the solution frosynthetic numerical simulation
model and a good quality match is observE®CRM requires only injection and

production datato effectively evaluate the intevell connectivity, the reservoir
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characteristic and future rates predictiofiree different methods to obtain the
productivity index for prediction in casedare the bottom hole pressures are varying was
presented. The three different methods are: 1) calculating a mean value of the known
productivity index obtained from the historical data, 2) using the last known value of
productivity index obtained from thastorical data, and 3) setting the productivity index

as an unknown and estimating it during the history matching processtsRedidated that
optimizing the productivity index along with other unknown -EBMP parameters
providesbetter history matching and prediction performance of observedTdetaewly
developed finitedifference CRMP model will serve as a fast and reliable tool for water

flooding optimization.
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AFULLYMPLI CHINI -DEFFERERNEEACI TANCE

RESI STAMOPEL FAM®RDEL I NWO-PHASEL Ow

5.1 Introduction

Two of the matwidely used physiecbased modelfor rapid estimated of production rates
are the Capacitive Resistance Models (CRM)A. Yousef et al. 2006and the Interwell
Simulation Model (INSIM)(Guo, Reynolds, and Zhao 2018) related interwell model
for advection dispersion equations (ISADE) was recently developgtiaal et al. 2023)
CRM has attracted a lot of attention as a proxy reservoir manageme(i¥l&onghaderi,
Aminshahidy, and Bazargan 2021; Salazar et al. 2012; M. Sayarpour 2008; M. Sayarpour
et al. 2009; Morteza Sayarpour, Kabir, and Lake 2008, 2009; Weber et al. 2009; K. Zhang
et al. 2022; T. Zhang, IZGEC, and Sayarpour 2018)

Different approaches have been implemented to solve the differential equation of CRM
for the total production rateSantos Oliveira, Horowitz and Rojas Tueros, 2@Xtended
the work of producer base representation of CRNRMP) and improved prediction of
individual oil and water rates. They used a combination of Koval and Gentil fractional flow
models, called Kogen model to estimate oil and water rate separately.

Several researchers assume a sligtdimpressible reservoir system while ignoring
changes in the fluid saturatiofi®. Sayarpour 2008; M. Sayarpour et al. 2009; Morteza
Sayarpour, Kabir, and Lake 2008, 2009; Weber et al. 2009; T. Zhang, IZGEC, and

Sayarpour 2018)Cao, Luo and Lake, 201Highlighted that the existing CRM models are
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based exclusively on singfghase fluid flow equations. These singlease models provide
good approximation for mature water flooding where change in saturation is minimal.
However, they fail to capture the physics when the system has high dependeluog on f
saturations such as in the case of immature water flGad, Luo and Lake, 2014,
presented first the twphase CRM model to account for the induvial oil and water rates.
The fluid mobility and total compressibility was coupled with the time constant to account
for the saturation changes. Thus, instead of using a constacbimstant, the time constant
varies with the average saturation of the control volanmkthe effect becomes significant
at low water cutThe authors used an impligiite explicitsaturation solution approach. In
this regard the oil phase CRM equation was added to the watase CRM equation to
obtain a single equation for the total phase which was solved for the total well rate.

As highlighted from the above literaturepst of the current CRM models are based
on the direct estimation of total production rate from the solution of continuity equation
eliminating the effect of saturation on individual oil and water phase. Thus, total production
rates are calculated by solgi€RM model using only injection rate data, provided that the
model parameters such as inter well connectivity and time constant are obtained
beforehand by history matching a set of injection and production Tataindividual oil
and water rates are then calculated indirectly by using available fraction flow models such
as Koval method and Gentil method. Consequently, the current CRM models match the
total production rates however it lacks the correct estimatiandividual rates of each
phase.

In this study, a fullymplicit finite-difference solution to the twphase CRMIP (TP

CRMIP) model is developed to quantify the effect of injection rate on oil and water rates
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at the production wells. Oil and water rates are calculated using simultaneous solution of
continuity equations for the two phases at each-stap. The approach presented improves

the accuracy of the estimated oil and water production rates.
5.2 Mathematical Model for Two-Phase Flow

This section describes tlgoverning fluid flowdifferential equation$or two-phase fluid

in areservoirand thdfinite-differenceformulations to solve those equations

5.2.1 Two-Phase Capacitance Resistance Model for Injectd?Producer pair (TP-

CRMIP)

The differential equation for capacitance resistance model is derived using material balance

of individual phase in separate control vqu(n,g) for each injecto('i)-produce(j) pair.

The average reservoir pressure from the resulting differential equation is then substituted
by the drawdown equation. The individual oil rate and water rates are then calculated by
solving two equations for two unknowns which are water saturatiomiarate.

Consider a cluster of three produc®ds P2, andP3 and one injector as shown in
Figure 15. Thecontributionof injection rate of injectortowardproduction rate of each of

the producers is denoted Wy, , wherei represents the index of injectors gnépresents

the index of producer.
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Figure 15: Injector -Producer pair showing control volume between injector i and producers :
2 and 3.

The watefphase equation is given by,

&S, . dp 1 . dg () O 3,
V8 TG % G 87 () g ( )JT (5.9
(; 0j - i
and the oil phase equation is given by,
adS, ;oo 9 1 ooy 99000
o 8 ey 70 S)e—g § (5.2

where ¢, =c¢;, #,, C,=¢C 1, C, is the rock compressibility,c, is the water
compressibility and, is the oil compressibility. Alsoy, represents the control volume
between injector and producey; S, is the average water saturation in the control volume
between injectorand producey, q, (t) is the oil production rate at produgeontributed

by injectori, p, and J, are the bottomhole pressure and the productivity index,

respectively, of producgr A detailed derivation of Eq®.1 and 5.2 is presented in

AppendixB. The productivity indexJ, is defined as.
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_ 2ok K,
ar, _8’8 (5.3

wherek is the absolute permeability of the formatibns the formation thickness, is the
reservoir radiusy, is the wellbore radiusg, is the oil relative permeability and is the

oil phase viscosity.

In EQ.5.3 the term Z;kh can be considered as constant and denotgg. Byhus, we
|n6e/ |
A

may write,

3= 2pkh
G n gs% (5.9
G/ w

In the TRCRMIP, V, , f.; and J, are considered as unknown model parameters. These

parameters are estimated using constrained nonlinear regression.
5.2.2 Finite-difference solution of TRCRMIP model

In this study, a fullymplicit finite-difference method is used to solve the differential
equation obtained from the TERMIP model. Finitedifference method (FDM) is a
classical numerical technique of solving ordinary or partial differential equatiaob ate
difficult or impossible to solve analytically. FDM replaces the ordinary or the partial
differential equation by a system of discrete linear equations.

The finite-difference approximation of wat@hase equation is given by,
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Similarly, for the oil phase,
é Qn+l . Q _ pn+.1 A" . o
S T o &) 2 Pl 0
& ! [x 9 n+l
Vﬁ‘j > 2) 1 _ q n+l q)n U 'q;.‘ i (56)
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Since Egsb.5and5.6are nonlinear, the discretized equations have to be written as residual
functions and the NewteRaphson method is used for solving the resulting nonlinear
simultaneous equations. A Jacobian matrix is formed from the derivatives of the residual
functionswith respect to water saturation and oil rate. A detailed derivation of residuals
and derivatives are presented in Appen@ixThe residual vectore* is given by the

following equation

+1

Rz (5.9
A
whereR;" and R are the residual functions of the water and oil phases, respectively. The

Jacobian matrixJ?* is given by

qR RT
g+l é“qgtl éjﬁ
J :é g+1 gt (5'8)
iR, ,J-
S o
gh B
Once the Jacobian matrix and the residuals are formed, the linear system,
Jrad#= R Y (5.9

is solved to obtainr s and the vecto# is updated by,
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9= a%+ o & (5.10

In Eq.5.1Q the vectorz¢** contains theinknown variables and is given by,

SN~y g+1
91 =¢é 0ij _ (5.11)

&S
At each timestep, the unknown variableg™ and S are obtained at the last iteration of

the NewtonRaphson methodrhe oil production rate," at producey at each timestep

n+1 can be calculated using,

N;
6" =4 q (513
j=1

and the average water saturation at the produateach timendex n+1 is calculated

using,

N; N

S=a(sv,) / av, (5.13

j=1 j 2

Once, oil production rate,™ is known, the water production rateeisaluated at each time
step using,

n+1
nt ‘JW

qvver-l = an J n+l (514)

The model parameterg, , f; and J, in Egs.5.5and5.6 are determined by history

matching the observed and simulated fluid raldege objective function minimized is
defined as the sum of individual root mean square errors (RMSE) of observed
simulated phase rates (Eql9.
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min & (5.19
ae-l ndpts ndpts
where g, is the vector of observed oil production rates at prodyagr, 4., is the

vector of calculated oil rates (from FERMIP) at producey, g, is the vector of
observed water production rate at producend q,, is the vector of calculated water

production rate (from TERMIP) at producey.

The objective function is constrained by,

fi,j 20 (5.19
and

N.

é f,; ¢1 foreach injector (5.17)

=1

The TRCRMIP model consists of the following two steps:

1. History matching to estimate the unknown model params#tersf,; and J, .

2. Prediction of flow rates for each phase using the parameters estimated in the first

step.

In this study, a buitn optimization tool in MATLAB,fmincon is used to history match
the production data and estimate the model parameteriscon is a nonlinear
multivariable gradienbasedptimization tool designed f@roblemselated to continuous
objective and constraint functions. The MATLAB functilmninconis selectedecause of
constraints in our model and because this functroimconis computationally more

efficient than global optimization routin€g. Chen, He, and Liu 2021)
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5.3 Example Cases

Three separate cases are presented to test the efficiency and accuracy eCRMIPP
model. In each of the cases the model is initially simulated using a commercial simulator
to generate the observed data. The first case is a synthetic homogenousg ezsesigbing

of three injectors and one producer placed at random locations in the reservoir. The
accuracy of the TRERMIP model was tested by comparing the results with the observed
data and the results obtained when using thepinase model developeg Bei Cao(Cao,

Luo, and Lake 2014)n all cases, 50% of the simulated data was used for history matching
andthe remaining0% of the data was predicted using@TRMIP. In the second case, the
TP-CRMIP model was assessed for its prediction accuracy. Four injectors and one
producer were placed in a synthetic heterogeneous reservoir to generate the synthetic
production data. The third case uses a more realistic reserediel mvailable in the

literature.

5.3.1 Case 1 TP-CRMIP model applied on a homogenous reservoir model with

three injectors and one producer (comparison with the Fei Cao model)

A synthetic model (Figre 16) is simulated on a commercial simulator to test the
accuracy of TRCRMIP. One producer is placa&uthe middle of the reservoir surrounded
by three injectorsThe reservoir dimensions, properties, and injection rates data are shown

in Table9 and Figurel?.
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Figure 16:Reservoir model showing the location of single producer at the middle and

Injectors at the cornersfor the Case 1

Table 9: Model parameters andfluid properties to generate datafor the Case 1.

Property Value
No. of Injectors 3
No. of Producers 1
Kn (md) 200
Kv (md) 20
f (fraction) 0.2
Co (1/psi) 53 10°
Cw (1/psi) 3310°
Ct (1/psi) 13 10°
Put (psi) 500
Grid size (ft) 80 x 80 x 65
Model dimension 33x33x1
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Figure 17: Injection rates data for the Case 1.

The TRCRMIP model was applied on tHiest 50% of theobserved datto computethe
model parameters and the remaining 50% of the data is predicted using the matched model.
The results weréhencompared with theimulated data and tie/o-phase CRM model

developed by Fei Ca&ao, Luo, and Lake 2014y shown in Figur&8.
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Figure 18: Comparison of oil, water, and total production rate with TP-CRMIP
model andtwo-phase CRM model developed by Fei Cao.

It is evident from Fig18c that both Fei Cao and TBRMIP model produces a good

match for the total production rate. However, the Fei Cao model fails to produce

satisfactory matches for the phase ratesufeigl8a & 18b). The TRCRMIP model,

however,produces a very good match for the individual phase rates (oil and water). This

is further evident from the values of root mean square error (RMSE) obtained for each of

the phase rates as listed in Tablz The root mean square errordi3.53 for TP-CRMIP

ard 62.25 for the twephase Fei Cao modeuring history march an83.18and 4.67

during the prediction using FERMIP and Fei Cao model respectivelhe accuracy of
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the newly developed FERMIP model issignificantlyhigherin predicting the phase rates
than the model available in the literature.

Table 10: Mismatch values for producer 1 (Example 1).

RMSE using TP- _ _
RMSE using Fei Cao
CRMIP
Error Values
. Total . Total
Oil Water Oill Water
Rate Rate

History 7.28 | 44.64 | 43.53 | 182.29| 182.47 | 62.25
Prediction | 7.68 | 75.49 | 83.18 | 278.46 | 276.95 | 74.67

Producer 1

Table 11 lists the values of the parameters estimated during the history matching
process. The first and the second column list the parameters obtained whetCiR&ITHP

model is used. Columns 3 and 4 list the parameters and their corresponding values when

the twophase model developed by Fei Cao is used.

Table 11: Estimated values of the unknown parameters (Example 1).

TP-CRMIP Producer Fei Cao Producer
f,;, injector 1 1.0 f); 1.0
f,,, injector 2 1.0 fy 1.0
fy;, injector 3 1.0 fs; 1.0
Vpl,,- , bbl,, injector 1 754 10 t' 144.7
V,, . bbl, injector 2 7.400 16 Vp, bbl. 8.74 10
V,,, » bbl, injector 3 3.68 10 Sonial 04
Je, ma-t 3.06
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It is observed from Tablgl that the value of intewell connectivity coefficient is
one for each injectgproducerpair, which is obvious considering there is no boundary

dominated flowi(e.,there is no aquifer present).

5.3.2 Case 2TP-CRMIP model applied on a heterogeneous reservoir model with

four injectors and oneproducer.

The second case considers a heterogenous reservoir withniiorm permeability
distribution (Figire 19. A single producer is placed the middle of a heterogenous
reservoir surrounded by four injectors. The bottom hole pressure at the producer is constant
and the injection rates in all injectors are fluctuatifige general reservoir properties and

injection rates data are given in Tah2and Figure20.

Grid Numbers

5 10 15 20 25 30
Grid Numbers

@ Producer
¢ Injector

Figure 19: Reservoir model showing the location of single producer at the middle
surrounded by four injectors for Case 2
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Table 12 Model parameters andfluid properties to generate datafor the Case?2

Property Value
No. of Injectors 4
No. of Producers 1
Kh (md) 150-250
Kv (md) 1525
f (fraction) 0.2
Co (1/psi) 5310°
Cw (1/psi) 1310°
Cr (1/psi) 1310°
Put (psi) 500
Grid size (ft) 80 x 80 x 65
Model dimension 33x33x1
4000
——Injector 1
. 3500 ¢ +Injector 2
_§‘ 3000 | Injector 3
E soo | Injector 4
(O]
< 2000 |
‘E -
S 1500 |
3
'§‘ 1000 |
500
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Figure 20: Injection Rates data for theCase 2
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The TRCRMIP model was applied on thiest 50% of theobserved datto compute the
model parameters and the remaining 50% of the data is predicted using the matched model.
The results weréhencompared with theimulated data and thevo-phase CRM model
developed by Fei CaCao, Luo, and Lake 2014)he results are presented in FigRfe

and Tablel3.
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Figure 21: Comparison of Oil, Water & total production rate with TP- CRMIP model and

two-phase CRM model developed by Fei Caor the Case 2
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Table 13 Values of CRMIP parameters obtained by twephase CRMIP model derived in

this study
P1

LY 1.00

F2 1.00

fy) 1.00

fa 1.00
V,,, » bbl. 6.00° 10
V,,, . bbl. 1.9% 106
V,,,» bbl. 4.00% 10
Vi, » bbl. 3.99 10

Je, maHt 3.633

Error (Matching) 38.69

Error (Prediction) 60.78

It can be observed from Table that the newly developed TERMIP provided good
prediction of the phase rates. The value of imell connectivity factor is one for all
injectorproducer pair which exhibits full contribution of injectors towards the producer.
Since, the reservoir is @duced in a controlled environment with no aquifer support or
boundary dominated flow, the injectors are expected to contribute 100% toward the
producer. It is worth mentioning that the -TRMIP can be successfully appliea dny
injection producer pattern. The predicted flow rates are in good agreement with the

observed rates.

63



5.3.3 Case 3: UNISIM Model

In this final case, TRERMIP model was applied on the UNISIM reservoir model
(Figure 22) available in the literature. UNISIMID model was simulated with 5 injectors
and 4 producers to generate the production data. The first 50% of the production data was
used for history matching and the remaining data was used to compare the prediction
obtaned from the TRCRMIP model.The general reservoir dimensions, properties and

injection rates data are shown in tig23 and Tablel4.

Perrrix (MDARC'Y)

1.0 1 150.0

Figure 22: Reservoir model showing the location of producers and injectorfor the Case 3
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Figure 23: Injection Rates data for the Case 3.

Property Value
No. of Injectors 5
No. of Producers 4

Kn (md) 1-1190

Kv (md) 0.1-119

f (fraction) 0.2
Co (1/psi) 53 10°
Cw (1/psi) 13 10°
Ct (1/psi) 13 10°
Pt (psi) 500
Grid size (ft) variable
Model dimension 81 x 58 x 20
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Table 14: Model parameters andfluid properties to generate datafor the Case3.



Theresults are shown in Riges. 24-26. Results show a satisfactory match between

the observed data and the production rates obtained from {&&WPP model.
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Figure 24: Comparison of oil production rate between TRCRMIP and Fei-Cao model.
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Figure 25: Comparison of water production rate between TPCRMIP and Fei-Cao
model.
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Figure 26: Comparison of total production rate between TRCRMIP and Fei-Cao

model.
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Table 15: Values of CRM parameters obtained by twegphase CRM model derived inCase 3.

TP-CRMIP PL(=1) | P2(j=2) | P3(j=3) | P4(j=4) Sum
f,. 0.11 0.18 0.49 0.22 1.00
f,) 0.00 0.12 0.57 0.30 1.00
fy, 0.06 0.08 0.59 0.27 1.00
f,, 0.00 0.00 0.00 1.00 1.00
fy, 0.20 0.04 0.52 0.24 1.00
V,, . bbl. 198 16 | 560° 16 | 1.94 16 | 1.07 16

V,, ., bbl. 1.00° 16 | 71310 | 938 16 | 242 10

V, . bbl. 649 10 | 1.00° 16 | 443 16 | 2.64 10

V,, . bbl. 1.08 16 | 1.04 16 | 1.00° 16 | 1.06® 10

V,,, » bbl. 44210 | 1.00° 16 | 85410 | 3.3® 10

Jo, maHt 0.57 0.61 8.23 3.31

It is observed from Tabl&5 that the newly developed twihase CRMIP provided good
prediction of the phase rate with reasonable confidence interval. The value of interval
connectivity factor is below one for most injecmoducer pair which exhibits partial
contribution of injectas towards the producer.

Table16 shows the mismatch between production rates obtained for each of the phase
rates. The root mean square error for@QRMIP is comparable and in some producers

significantly lower than the twphase Fei Cao model.
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Table 16: Mismatch values for each producer (Example 3).

Phase RMSE using TP RMSE using Fei

CRMIP Cao

Producer 1 Oil rate 2.61 13.44
Water rate 10.31 16.14

Producer 2 Oil rate 5.72 16.72
Water rate 4.99 14.12

Producer 3 Oil rate 10.52 92.49
Water rate 24.86 91.23

Producer 4 Oil rate 6.79 63.83
Water rate 21.56 57.48
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54 Conclusions

The oil and gas industry relies on accurate estimation of oil and water rates to optimize the
production of hydrocarbondn this study, a fullyimplicit finite-difference approach is
presented to solve the capacitance resistance model and provide a direct and more accurate
estimation of oil and water rates.

TP-CRMIP provides advantage over available conventional CRM models in that it solves
the individual phase rates simultaneously instead of the conventional way of estimating the
total production rate and then using empirical fractional flow models forithdil/phase

rates.

Results from this study reveal that the indirect approach of computing individual phase
production rates is highly dependent on the total liquid production rates dataarsuch
indirect approach provides a good estimate of the total production rate but gives poor
estimates of individual phase rates because it ignores the changes in saturation. Thus, the
indirect estimate fails to satisfy and mimic the trend for the individual oil aner weates.

On the contrary, TRERMIP provides far better results of inalual oil and water rates. It

is worth mentioning that the TERMIP also performed well during prediction of flow

rates. The newly developed finitéfference CRMIP model will serve as a fast and reliable

tool for water flooding optimization and predictiohproduction rates.
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CHAPTER

ACOS|I MASEMORRELATTO@ESTI MATE

CONNECTI VI TY FACTORS ON NEW WEL|

CAPACI TAREElI STAMOPEL

6.1 Introduction

The planning and management of petroleum fieisigig reservoir simulatiotypically
requires the estimation of various parameters such as permeability, pavastyand oil

cut to deploy the most effective production scheme. Reservoir simulation models offer
physicsbased solutions to obtain these parameters, but their computational cost and
required data collection can make them unfavorable to use in many Taseldress this
issue,CRM models have become a popular alternative. These models aftescast and

efficient technique to analyze fluid flow dynamics.

With capacitance resistance models being heuristic and requiring delysimple data
inputs, many limitations are expected. Some of these limitations are attributed to the model
itself while others are different cases of data input. Examples of limitations due to the
nature of the model include highly varying fluid compredigjbiThis restricts reservoir

fluids to water and oil due to these fluids being incompressible and slightly compressible,
respectively. Another limitation is altering well prodwdty index. This restricts the use of

data whereby wells are recompleted and/or well skin values are altered. Data restrictions,

however, are experienced in modeling a time interval whereby new production wells are
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introduced, producers are frequently simjtand presence of external sinks/sour@es

Yousef et al. 2005; A. A. Yousef et al. 2006)

Kim, 2019introduced a technique to overcome the limitation of CRM in predicting flow
rates when new injectors are added to the reservoir. They proposed a linear relationship
between intewell connectivity and distance between injegbooducer pairs. The
coefficients of the linear equation were determined by curve fitting on availablevelier
connectivities and distances. The proposed methodology is only applicable to
homogeneous reservoirs, and they assumed that themelleconnectivity of existing

wells dees not vary with the introduction of new injectors.

Weber D.(2009) presented two approaches to overcome the injector well placement
limitation. In the first approach, they proposed to generate simulated response of new
injector placed at different locations in a simple grased reservoir model. Then, CRM

and fractional flow model parameters are calculated for each defined location to create a
surface map omodel parameters, which is then fitted by a polynomial equation. In the
second approach, a logistic regression model is presented to fit the CRM model parameters
andestimate the coefficients of the regression model based on distance between injectors
and producers. Once regression model is trained, it can be used for the prediction of model
parameters for new wells. Once the model parameters with the new injectobd&v

computed using this regression model , fi]

S. Chitsiripanici(2015 developed a technique identify potential infill drilling sites for
producers. The technique includes a qualitative examination of maps showing normalized
inter-well connectivities, permeability, porosity, Aedy thickness, and oil saturation.

Based on thanalysis, the proposedo drill new producers in areas with small normalized
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inter-well connectivity large oil saturation, and porosity. This approach was successfully
applied to a deltaic sandstone reservoir that had interfingered lacustrine sBalgb&ast

Asia. Although the technique does not incorporate a flow simulation model or optimization
algorithm, it can still provide useful insights into infill locations based on static and

dynamic information.

In this study,a modified version of CRMIP models used which is a two-phase
capacitance resistance model for injector producer pair. CRMIP hasvmbsn used in
recentstudies(Lins, Horowitz, and Tueros 2017; Morteza Sayarpour, Kabir, and Lake
2008, 2009; Tueros et al. 2018n this study, CRMIP solution was modified to
simultaneously solve the continuity equations for each phase to determine each phase rates.
The modified version of CRMIP is termed as tpltase CRMIP (TRERMIP). TP-CRMIP

has threeunknown modelparametersinter-well connectivity f ., that representthe

i,j?
contribution of injectors toward producey; interwell pore volumevp ;, thatrepresent

thepore volume between injector producer paivdgeometric constanthat indicates the

drainagevolumearound a producer affény its rates.

6.2 Mathematical Models foradding new wells.

This section describes theethodology to add new wells in an existing reservoir producing

for a certain period of time.

6.2.1Methodology

Consider dield in produdion with a setof producers and injectorthere is likely some

level of connectivityalreadyestablished between them. Bgingthe existing well data, it
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may be possible to avoid traditional simulation methods when adding new igjector
producers in thexisting networkln this studyinter-well connectivityfrom existing wells

is limited to between zero and one, and negataheesare not considered. This is because
allowing for negative connectivity would suggest that an injector could decrease
production in a given producer, which is physically impossible. Wbdenectivity
exceeding unity may occur in cases where there is external injection or aquifer support,

such scenarios were not considered in this study

TP-CRMIP is first appliedto the injection and production ratef existing wells This

providesestimate for thanter-well connectivity f

i

interwell pore volumevp and

geometricconstants], of the existing wellsn the reservoirTheexisting and future well

spatial location ocoordinatesn the reservoimust be knownlt is assumed thatlavells
aredrilled vertically to ignorez-coordinate. Intexvell connectivites for new wells are

calculatedusing cosine models

fi,j :C1(C2 _BOSVJJIOC ¢OEFinoc eprrate), (61)
where
t'°=a, +glog(x) +dog(y) #mg(d, ). 6.2
and
% = b, +Hog(x) +bog(y) #ey(d, ). 6.3
and,
=0 + 8o HWe. (6.4
whereas,
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and

Oavg 5 = 1091 ( T, ) ,

Similarly for the interwell pore volume

\]i’j - Cl(c2 _eostp‘iloc @0$"J-OC ee?prate) ’

whereV = Vo ,

b,max

and for geometric constant, if required

‘je :Q(Q -E:os;f’}“ eoqfljoc m$nrate)1

where J = Js ,

Gb,max

Note thatO¢ta @2,0¢ b €2 rand0¢g ¢2 4

(6.5)

(6.6)

(6.7)

(6.8)

x and y; are thedistances in the andy directionof the existing injectorand x; andy, are

thedistance in the andy directionof the existing producer3heinter-well distanceof all

wells arethe independent factors that influence ¢bsinemodel.

The regression coefficients obtained from ¢bsinemodel are utilized to calculate future

injectorproducerinter-well connectivitybased on their distance from existwglls and

theirx andy directions If the predictedonnectivityfor a specific injector exceeds one, the

parametersire normalized to ensure that no single injector dominates. On the other hand,

if the predictecconnectivitiesare below one, normalization is not applied to avoid falsely

increasing connectivities for poorly connected locatioRsCRMIP requires initial known
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values of production rates to calculate production rates for the next timestep. Thus, for the

estimation of initial production ratedg newproducers, thequation 6.9 can be used.
G =y 3 eoda wx) of 2 8) of.afd/q) [Hi)f 69

wherex =log,, X, q=log,, g, j* is the nearest producer to Produjcandi’is the nearest

injector to Produceyr a,, 4, 4 .4 ,,asanda, are the regression coefficients.

6.3 Application of New Cosine Based Function to estimate FERMIP

parameter values for new injectors and producers.

This approach consists of the followistgps:

1. History matchingpf existing wellsto estimate the unknown model parameters
such aso rj;, "Q ando .
2. Estimation of cosine function coefficients using the estimated model parameters.
3. Estimate intemwvell connectivity and intewell pore volume for new wells with
the existing wells using cosine function.
4. Using the matched and estimated values of model parameters, predict flow rates

for each phase for existing wells and new wells.

In thischaptera MATLAB function,fmincon, is used to history match the production data
and estimate the model parametersTP-CRMIP. Once the model parameters are known,
fmincon isused to fit the cosine model with known model parameters to extigeission

coefficients of cosine models.
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6.4 Example Cases

Three separate cases are presented to test the efficiency and accuracy of the new cosine
based approach to estimate model parameters of new wells-foRWVPP model. In each

of the cases theeservoiris initially simulated using a commercial simulator to generate
the observed data with a definite number of wells for a given duration. Then, injector and/or
producers are added in the same resereuudr produce for more yearEhe first case is a
synthetic homogenous reservoir consisting of three injectorthaee producers placed at
different locations. The reservoir is produced for four years with constant bottom hole
pressure of all producers and variable injection rates. After four years, a new injector is
introduced in the reservoir with variable inject rates. In the second case, the reservoir is
producedhe sames in thdfirst case but after four years, a new producer is introduced in
the reservoir. Finally in the third case, a more realistic heterogenous reservoir model,
UNISIM is used. The reseow initially produced for four years with two producers and
three injectors. After that, two more injectors and producers were aoldee reservoir.

The new cosindased function was applied to determine the model parameters of new
wells using theorior history matched model parametef existing wells. The accuracy of

the new cosindased approach was tested by comparing the results with the observed data
and the results obtained when using the logistic model approach presented by Weber

(2009)
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6.4.1 Case 1: Addition of a single injector in an existing reservoir producing with

three injectors and three producers.

A synthetic mode(Figure 27) is simulatedon a commercial simulator to test the accuracy
of new cosinébased function to predict future rates after addition of a single inj@ttae
producers and three injectavereplaced in the reservoir initially and production was taken
for four years. After four years of production, a single injector is placedhaneservoir

is producedor another four year3hereservoirdimensionspropertiesand injection rates

data areshown in Tablel7 and Figure 8.

Qilgat Qilgat

e_ [ q | H e_ I H
018204 0.3dre7 0.49309 064862 0.80414 018164 0.80630

Figure 27: Oil saturation distribution with three injectors and three producers after four
years of production (left). Oil saturation distribution after addition of new injector for
another four years (right) for the Case 1
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Table 17: Model parameters andfluid properties to generate datafor the Casel

Property Value
No. of Injectors 4
No. of Producers 1
Kn (md) 200
Kv (md) 20
f (fraction) 0.2
Co (1/psi) 5310°
Cw (1/psi) 3310°
Cr (1/psi) 1310°
Puwt (psi) 500
Grid size (ft) 80 x 80 x 65
Model dimension 33x33x1
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Figure 28: Injection Rates data for theCase 1

Injection rate (RB/day)

The TP-CRMIP model was applied on the observed databtain the model parameters

of TP-CRMIP. The model parameters of -ITIRMIP and distance of injectors and
producers are then used @nsinebased function to obtain coefficients of cosbeased
function. Once the coefficients are obtained, the cesased function is then used to
obtain interwell connectivity, intetwell pore volume of new injector with existing
producers. Te resultsof the production rates using new cosbased functionwere
compared with the@bserved data from reservoir simulation and logistic model presented

by Weber(2009)and shown in Figures 230.
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Figure 29: Comparison of simulated oil and water production rate with TRCRMIP Cosine
model and logistic model developed by WebdP009)for the Case 1
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Figure 30: Comparison of simulated total production rate with TP-CRMIP Cosine model
and logistic modeldeveloped by Webei(2009)for the Case 1

It is evident from Figure29 and30thatthe newcosinebased model for prediction of TP
CRMIP model parameters produces a closest match for the total production rates than the
logistic model presented by web@009) It is also worth mentioning that this cosine
based function also performed better in predicting the individual phase rates (oil and water)
than the available models in the literature. This is further evident from the values of root
mean square error (RNEJ of production rates obtained forchaproducermas shown in

Table 18.
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Table 18 Mismatch values for each producer (Example 1)

TP-CRMIP Cosine TP-CRMIP
Producer -
model Logistic model
P1 8.01 33.61
P2 12.21 21.02
P3 757 15.91

Table 19 lists the values of the parameters estimatdeen only three injectors and
producers were initially active. While Table 20 lists the model parameterg cosine and
logistic based models. The first and the second column lists the parameters obtained when

the cosinébased model is used. Columns 3 andlist the parameters and their

corresponding values when the logistic model developed by W20@9)is used.

Table 19 Estimated values of the unknown parameter$or three injectors and three
producers (Example 1)

TP-CRMIP Cosine Based Model

P1 P2 P3
f,, 0.51 0.28 0.21
fa) 0.28 0.53 0.19
fa) 0.19 0.00 0.81
V,, . bbl. 1.84 10 1.66* 10 1.16* 10
V,,, . bbl. 6.7% 16 1.94 10 2.82 10
V,,, » bbl. 1.49 10 1.00* 16 1.84 10
J_G maHt 0.35 0.52 0.37
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Table 20: Estimated values of the unknown parametersafter new injector is introduced

(Example 1)
TP-CRMIP Cosine Based Model TP-CRMIP Logistic Model
P1 P2 P3 P1 P2 P3
f 0.51 0.28 0.21 0.51 0.28 0.21
f 0.28 0.53 0.19 0.28 0.53 0.19
fa, 0.19 0.00 0.81 0.19 0.00 0.81
fa; 0.22 0.14 0.14 0.00 0.95 0.28
V,, .bbl. | 18416 | 16616 | 1.16 16 | 1.86 10 | 158 16 | 1.1% 10
Vp,  bbl. | 67310 | 19416 | 28216 | 653 16 | 1.78 16 | 2.9% 10
Vp, Dbl | 14910 | 1.0 16 | 1.84 16 | 157 16 0.00 1.90° 16
Vi, bbl | 18016 | 19816 | 1.82 16 0.00 0.00 1.123 16
J_G mdHt 0.35 0.52 0.37 0.35 0.52 0.37

Thesum ofroot mean square error23.79for TP-CRMIP cosinebased modednd70.54

for the TP-CRMIP logistic basednodel (weber, 2009) The accuracy of the newly

developedTP-CRMIP cosinebased modeis twice than themodel availablein the

literature.
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6.4.2 Case 2: Addition of a single producer in an existing reservoir producing with

three injectors and three producers.

A synthetic mode(Figure 31) is simulatedon a commercial simulator to test the accuracy

of new cosinébased function to predict future rates after addition of a single inj@ttae
producers and three injectavereplaced in the reservoir initially and production was taken
for four years. After four years of production, a single producer is placed, and reservoir is
producedor another four yeard.he reservoirdimensionspropertiesand injection rates

data areshown in Tabl€1 and Figure32.

ailgat QilSat

a_ I q I H F I H
016204 033767 046300 064862 0.80414 018854 0.80404

Figure 31: Oil saturation distribution with three injectors and three producers after four
years of production (left). Oil saturation distribution after addition of new producer for
another four years (right) for the Case 2
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Table 21: Model parameters andfluid properties to generate datafor the Case?2

Property Value
No. of Injectors 3
No. of Producers 4
f (fraction) 0.2
Kn (md) 200
Kv (md) 20
Co (1/psi) 53 10°
Cw (1/psi) 3310°
Cr (1/psi) 1310°
Puwt (psi) 500
Model dimension 33x33x1
Grid size (ft) 80 x 80 x 65
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Figure 32: Injection Rates data for theCase 2

Similar to the first case, FERMIP model was applied on the observed databtain the

model parameters of FTBRMIP. The model parameters of THRMIP and distance of

injectors and producers are then used in new cdrsed function to obtairegression

coefficients of cosindased function. Once the coefficients are obtained, the ebasesl

function is then used to obtain indeell connectivity, intetwell pore volume and

geometric constant of new producer with existing injectong fesultf the poduction

rates using new cosidmsed functionwere compared with thebserved data from

reservoir simulationThe results are presented in Fig88-34 and Table22.
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Figure 34: Comparison of total production rate with TP-CRMIP cosine-based modefor the

Case 2

Table 22 Values of CRMIP parameters obtained by twephase CRMIP model derived in
this study.

P1 P2

P3

P4 Sum

i 0.45 0.26 0.11 0.18 1.00
f, 0.24 0.42 0.14 0.21 1.00
fy); 0.28 0.00 0.69 0.03 1.00

1.843 10 1.843 10

1.168 16

1.843 16

6.73 10 1.94 16

2.83 10

2.1 16

1.49 16 1.008 16G

1.95 10

2.28B 16

1.81 2.39

1.57

0.81

14.7 11.8

59

6.8
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It can be observed froffigures 33-34 that the newly developetP-CRMIP cosine based
provided good prediction of the phase safiehe value of interval connectivity factor is one

for all injectorproducer pair which exhibits full contribution of injectors towards the
producer. It is worth mentioning that tAi€®-CRMIP can be successfully applied to any
injection producer pattern. The predicted flow rates are in good agreement with the

observed rates.

6.4.3 Case 3UNISIM Model

In this final caseTP-CRMIP model was applied on UNISIM reservoir mog&abure 35)
available in the literature. UNISINMD model wasimulatedwith three injectors and two
producerdo generate the production déba four yearsThen, two new injectors artd/o
producers were addedthe reservoir anthe reservoirs producedor another four years.
The general reservotimensionsproperties and injection rates data sihewn in Figire

36 and Table23.
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Figure 35: Reservoir model showing the location of producers anihjectors for the Case 3

Figure 36: Injection rates data for the Case 3
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