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Abstract

Hydraulically fractured horizontal wells are widely adopted for the development of tight or shale
gas reservoirs. The presence of highly heterogeneous;sualé, fracture systems ofteendes

any detailed characterization of the fracture propertielfecitpng. The discretdracture network
(DEN) model offers a viable alternative for explicit representation of multiple fractures in the
domain, where the comprising fracture properties are defined in accordathcepecific
probability distributions. Hoever, even with the successful modelling of a DFN, the relationship
between a set of fracture parameters and the corresponding production performance is highly
nonlinear, implying that a robust histemyatching workflow capable of updating the pertinent
DFN model parameters is required for calibrating stochastic reservoir models to both geologic and
dynamic production data.

Thisthesiswill developan integrated approach for the history matching of hydraulically fractured
reservoirs. First, multiple realidans of the DFN model are constructeih conditioningdata

based omavailable geological information such as seismic ,da&ll logs and rate transient
analysis (RTA)nterpretationswhich are useful for inferring the prior probability distributiofs o
relevant fracture parameteré. pilot point scheme and sequential indicator simulation are
employed to update the distributions fadicture intensities which represent the abundance of
secondary fractures (NHs)the entirereservoirvolume Next,the modetealizatiors are upscaled

into an equivalent continuunduatporosity duatpermeability model and subjected to numerical
multiphase flow simulation. The predicted production performance is compared with the actual
recorded responses. Finally, DEN-model parameters are adjusted following an indiebésed
probability perturbation method. Although the probability perturbation technique has been applied

to update facies distributions in the past, its application in modeling DFN distributiomstesili



An indicator formulation is proposed to account for the -G@ussian nature of the DFN
parameters The algorithm aims at minimizing the objective function while reducing the

uncertainties in the unknown fracture parameters.

The novel probabilistiebased frameworks applied to estimate the posterior probability
distributions of transmissivity of the primary fractuTg), transmissivity of the secondary induced
fracture Ts) andsecondaryracture intensity P52 ), secondary fracturaperture(re), length and
height (L andH), in a multifractured shale gas well in the Horn River Basin. An initial realization
of the DFN modelis sampled from the prior probability distributions using the Monte Carlo
simulation. These probability distributions are updated to match the production history, and
multiple realizations of the DFN models are sampled from the updated (posterior) distabutio
accordingly.The key novelty in the developed probabilistic approach is ttretcibunts for the
highly nonlinear relationships between fracture model parameters and the corresponding flow
responses, and it yields an ensemble of DFN realizations ¢atibi@ both static and dynamic
data, as well athe related upscaled flegimulation modelsTheresults demonstrate the utility of
the developed approach for estimating secondary fracture parameters, which are not inferable from

other static informationlane.
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Chapter 1: Introduction

1.1 BACKGROUND

The basircentered continuous accumulatipogherwise known as the unconventional reseryoirs
cannot produce economic volumes of hydrocarbon without stimulation treatments such as
fracturing and steam injection. These types of reservoirs (gaaland shale oil, coalbed methane,

gas hydrates, deep gas, heavy oil and (or) natural bitumen and shallow biogenic gas) are often
characterized by low recovery factor, low matrix permeability, uncertain hydrocardken
contact, large iplace volumedack of traditional traps or seal, and abnormal pressures., 8hale
particular, the most abundant source rock for conventional reservoirs aisdgeihg cap rock

for unconventional oil and gas fields is a fipiined fissile or laminated sedimentawgk formed

from the compaction of silt and clasjze mineral particles (clay size < silt size < sand size); less

than—— mm in diameter particles.

The combination of horizontal drilling and hydraulic fracturing, also called hydraulically
fractured hozontal wells, as shown iRig. 1-1, has contributed to the improved productmin
unconventional (tight and shale) reservoirs in recent years. This technique involves horizontal
directional drilling of well into the tight formatiomd the use of water, sand, and chemicals at
high pressures to create fissures in the shale, mbich increases permeability and allows
hydrocarbon to escape. The commercial application of this method was successful in the nineties
and as of 2012, about 2million fracturing jobs had been performed worldwide on both oil and

gas wells with an adequdtew from the reservoirs (shale gas, tight gas, and tight oil).

Although theuse of hydraulically fractured horizontal wells has some recorded successes,

the presence of highly heterogeneous, nudéle fracture systems often renders any detailed



characterization of the fracture properties, a necessity for future predictiore séghbrvoir,
challenging. The complex geometries of the secondary fractures and the significant disparity in
permeability between the matrix and fracture systems pose particular challenges to the flow
simulation and intensify the nonlinearity between thacture model parameters and flow
responses. There, ithereforea need fora robust anefficient process to update both hydraulic

and secondary fracture parameters integrating both static (e.g., logs) and dynamic data (e.g., rate
and pressure measurenrfor reliable production forecast and to facilitate reservoir management

or optimizedevelopmenstrategies.

1.2 SIMULATION APPROACHES FOR PROPER REPRESENTATION OF COMPLEX

FRACTURE SYSTEMS

Many different strategies are available for the numerical nhatip simulation of fractured
reservoir systems. They primarily differ on how the geometries of the fracture systems are
described and how the fractumgatrix fluid flow is presentedlhe choice of simulation approach
reflects the complexity of the fractumharacteristics (e.g., geometry, intensity, and scales) in
capturing the matrix and fracture flow interactiofifie dual porosityformulation considers
fracture systems as the flow path directly connected with the welbdieter-porosity flow from
matix system to fracture system while ignoring the flow from the matrix to the wellbore
(Barenblatt et al., 1960; Warren and Root, 1963:GAbmdi and Ershaghi, 1996). The
consideration of both the fracture system and the matrix block as fluid flow patimaybe
wellbore with additional inteporosity flow between matrix and fracture systems, otherwise called
dual permeability model (or DPDK duakporosity duatpermeability) was proposed as
improvements to the DP model (Hu and Huang, 2002; Degraff, &0l5; Uba et al., 2007). It

widely depends on the assumption that the fractures should be densely populated and well



connected (Sun and Schechter, 2015; Kumar et al., 2019) to ptleyenerestimation of fracture
connectivity Due to these limitationsDFN modeling which explicitly specifies the actual
geometries and locations of individual fractures usaugl refinemento discretize the volume

near fractures in the computational domain, serves as a sub#titsitaations where the detailed
desciption of the actual geometries and locations of individual fractures are necessary, local grid
refinement (LGR) can be applied in the fracture regions to represent these fracture elements in the
computational domaiaxplicitly. Despite that the DFN model approaan offer a more accurate
representation of the complex fracture system than the DP or DPDK madelsffers
computational constraints, thus demanding the need to upscale the DFN models into equivalent
dual permeabilit models as often adopted in most commercial simulation tools (Sarda et al., 2001,

Nejadi et al., 2017; Nwabia and Leung, 2020).

The advanced higharder discretization schemsach as contrefolume finiteelement
(CVFE), celtcentered finitevolume (CGV or multi-point flux approximation MPFA) and mixed
finite-element methods (MFE), have been developed (Monteagudo & Firoozabadi, 2004; Sandve
etal., 2012; Zidane & Firoozabadi, 2014; Liu et al., 2@@8)mulate fluid flow in fracture systems
using unstuctured gridsaccurately Each of these techniques has its own merits and limitations;
for example, the CVFE design is computationally efficient, but it does not maintain flux continuity
for a heterogeneous porous medium; the MFE method, which is |dtathcontinuous and
conservative, can be computationally expensive, as both the velocity and pressure fields are
evaluated concurrentlyVhile the use of unstructured grids suffers from high cost of computation
as a result of too many gridblocks requiredconform to hydraulic fractures, the local grid
refinement suffers the same constraint due to the difficulty in representing fracture orientation

(Cipolla et al., 2010). The recent and widely adopted embedded discrete fracture model (EDFM)



discretizes fretures into structured cubical matrix cells (Li and Lee 2008; Shakiba et al., 2018).
The EDFM is computationally efficient in calculating fluid transport within SRV since fractures
are modeled explicitly within the matrix grid without refinemértese simlation tools used for

the representation of complex fracture systems have peculiar limitations associated with
adaptability forthe scope of a study, computational efficiency, and the assumptions used for the

formulation.

1.3 PROBLEMS WITH THE METHODS F& CHARACTERIZING FRACTURED

RESERVOIR SYSTEMS

In reservoir systems where both hydraulic and secondary fractures are present, secondary data such
as seismic can improve predictions of fracture intensity in between the wells.thegigsfracture

intensiy at pilot (e.g., well) locations are used as conditioning data in a sequential indicator
simulation to populate secondary fractures to the rest of the doResBrvoir model parameters

are adjusted during history matching such that the model predici#nslosely reproduce the
historical data (e.g., flow rates and pressures). History matching is inherenthpaseitl inverse

problem with norunique solutionsFor fractured reservoir systems, a set of initial models (or
realizations) are constructed imgorporating various static or geological datad the models are
subjected to flow simulation and an optimization scheme to adjust the fracture parameters until the

mismatch between the predicted response and the actual historical data is minimized.

The goals of most probabilistic histenyatching schemes ar@) to estimate the posterior
distributions corresponding to the unknown model parameteds(b) to sample a set of updated
models (or realizations) from those distributions; the variabilityieted by those realizations

facilitates the uncertainty quantification and assessment. A particularly important aspect of



fractured reservoir history matching is the capability to handle the probability distributions of any
forms, without assuming that follows a Gaussian distributioistochastics search algorithms
(e.g., genetic algorithm, simulated annealing), optimizabased methods (e.g., maximum a
posterior), and samplirgased (e.g., gradual deformation), have been used to either update
equivaknt model parameters or update parameters of the discrete fractures. A combined gradient
simulator and the adjoint method was formulated by Cui and Kellar (2005) to update the flow
properties of a reservoir based on the correlation between fracture tintansi fracture
permeability, matrix permeability, and a coupling factor. Gradasied optimization techniques
require several gradient calculations ardthus not computationally efficient. De Lima et al.
(2012) implemented the gradual deformationrapph to estimate realizations of fault distribution

(i.e., spatial locations, intensity, and length). However, despite the ease of the implementation of
the gradual deformation method, it only works for modeling properties that follow a Gaussian
distribuion, and this is an invalid assumption for most fracture properties. The MCMC has been
applied to calibrate subsurface models and quantify its uncertainties in a Bayebiailpilistic
framework (Maucec etl., 2007. The gap with MCMC is tht it tends to require a large number

of forward simulations,especially when dealing with a large number of unknown model
parametersThe implementation of stochastic search algorithms to estimate fracture distribution
have also proven useful in reservoir studies. Ensetdded techniques such as Ensemble Kalman
Filter or EnKF (Aanonsen et al., 2009; Emerick and Reynolds, 2011) and ensemble smoother or
EnS (Chai et al., 2018; Chang and Zhang, 2018), which utilize the covariance matrix to update an
ensemble of parameters, have also gained wide attention for thantages in data assimilation

and uncertainty quantification. Its major limitation is that it assumes-@alissian distribution

on model and data variables and a linear relationship between all variables, and these assumptions
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do not hold for fractured servoirs, rendering the convergence behavior of other ensérakbel
methods, including EnKF, to be compromised. Emerick and Reynolds (2012) assessed the results
of a very long MCMC as a reference solution to scrutinize the sampling performance of the
ensenble-based methods by combining MCMC with EnKF. Despite acknowledging a high data
mismatch, the outcome identified improvements when compared to EnKF &lttheugh these
extensions/hybrid formulations may retain the idea of utilizing an ensemble,dheyt dely on

linear update and are not appropriate for highly-8aussian variables; therefore, it is argued that

they could offer only partial approximation of the true distribution.

1.4 PROBLEMSTATEMENT

Hydraulically fractured reservoirs are charaizied by very complex fracture systems and
heterogeneities. The significant challenges usually encountered in characterizing these types of
reservoirs includethe inadequate constraimg information for the proper description of the
fracture networks, irality of optimization algorithms to handle fracture parametef®se
distributions are nofaussiantheuncertainties posed in the nonlinear relationship between the
fracture parameters and updated upscaled reservoir model propertieghe aationale for

formulating localization schemes for reliable history matclprogzess

These limitations can be resolveg developinga novel technique poised with the ability to
properly characterize the complexities inherent in such reservoirs while being agfiropriate
computational efficiency and cost. Consequentiigegratingthe description of fracture network
systemausinginformation frommicroseismic data and RTéstimatesnto the formulation of an
efficient probabilistic history matching workflowprovides a meansfor improving the

characterizatiof multi-scale fractured reserveir



Therefore, the problem statement of this thesistse vel opment of a robust
matching framework aimed at improving existing history matchnogtines for the

characterizationof muis cal ed hydraulically fractured rese

15 RESEARCH OBJECTIVES

The main objective of this research is to develop a practical probaHiesed assisted history
matchingworkflow for characterizing and updag fracture network parameters mwiulti-scale
hydraulically fractured reservoirs while honoring both static geological data and dynamic
information. The developed history matching workflow integrated both dynamic production data
and static information iot the probability perturbation method to specifically addriws

following objectives.

1. Descrilefracture networlsystemsising conditioning data from microseismic information

and RTA estimates

2. Handle the spatial variability of the secondary fracturabénreservoirincluding those
in the vicinity of the hydraulic fractures and those disconnected from the hydraulic
fractures by incorporating a pilotpoint parameterization scheme and sequential

simulation inan indicatothased PPM workflow.

3. Formuhtealocalization scheme based BTA-derived flow regimes for reliable history

matching.

4. Handk the uncertainties associated with the 4tiaear relationship between fracture
network parameters and reservllow responsefor both Gaussian andon-Gaussian

uncertainfracture network parameters.



5. Update the posterior probability distributionstiosé hydraulic and secondary fractures of

a shale gas reservaiHorn River Basin.
1.6 LIMITATIONS OF RESEARCH

(i) The forward model does nateplethe flow computations with geomechanics calculations
thus the impact of stress changes in the reservoir on produstimt explicitly captured.

(i) The research workflow is implemented Bo(waterwet) dry gas reservoir where the gas
remains in the gashase during pressure depletion in the reservoir.

(i) The hydraulic fractures are modeledetmngated pennghaped fissures

(iv) The DPDK model is used to represent the madtriracturefluid flow in the fractured

reservoir system comprising of both hydraul@aecondary fractures.

1.7 DISSERTATION STRUCTURE

This is a papebased thesis with a total of 7 chapters. Chapters 3, 4, 5 are already published
articles and chapter 6 has been submitted for publication. Each of these artiolgsies a
specific intraluction, literature review, methodology, conclusion, and references. The
bibliography at the end of the thesis is the combination of the references from individual chapters

of the reports.

Chapter 1 presents a general background in terms of the motjvhigoproblem statement and
research objectives. Chapter 2 resdhe relevant literature associated with the characterization

of fractured reservoirs and production history matching approaches.

Chapter 3 discusses thpbabilisticbased history matchingorkflow formulationand the

practical applications for updating Gaussian and@anssian fracture parameters in case studies.



Chapter 4 explores the integration of an Rd@@nstrained localization scheme for the formulated
history matching workflow in Clpter 3 for a reliable history matching of hydraulically fractured
reservoirs. In this chapter, the result derived from RTA was used to constrain the initial probability
distribution of uncertain fracture parameteihe flow regimes were used to formaéat
localization scheme for history matching. Chapter 5 employs the developed workflow to assess
the impact othevariability of fracture parameters across hydraulic fracture stages during history
matching and update of fracture parameters. Chapter BlmkEssarobustassisted history matching
workflow for updating fracture network parameters for hydraulic and secondary fractures (NFs).
In this chapterthe pilot-point parameterization scheme and sequential simulation are integrated
into the indicatotbased PPM workflow tohandle thespatially varying secondary fracture
distribution and theparameters of both hydraulic and secondary fractures of a reservoir in the

Horn River Basin were characterized and updated.

The conclusionf the thesistherelevantcortributions and applicationare presented in

Chapter7, along with recommendatiorier future work.
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Chapter 2: Literature Review

2.1 OVERVIEW

This chapter gives an insight into different approaches of quantifying, representing, and managing
uncertainties in subsurface systems. Detailed discusaimh8mitations of differenprobability-
basedsamplingtechniquesised in history matching are also presented. It should be noted that this
thesis is written in a papéased structure and therefore contains specific literature reviews

peculiar toeach of the publications presented in different chapters.
2.2 QUANTIFICATION OF UNCERTAINTIESIN SUBSURFACE SYSTEMS

Subsurface systenwith a large pool of natural resources are abound with several complexities
andrequire proper characterization. These systems are usually studied and measusenifatthe
based on collated data improve knowledgeand volume calculationsDespite studies and
modeling performed on these systems on diffesgaies (includindocal, regional, or global
scaley, it is plagued with several uncertaintis®ostlydue tolack of data, measurement errors and
lack of understanding of the elemental phenomena and processes taking place. Generally, there is
no unique representation or interpretation of the subsurface naddddisioamakingpurposes

A reasonable numerical del comprising of geostatistical inputs is usually needed to relate
available data and improve the understanding of the subsurfacefdrbe the quantification of
uncertainty in subsurface systems is a crucial part ofdé@sionmaking process in the
characterization of a reservoir aisdliscussed in thighesisin the contexbf uncertainties in input
parameters and uncertainty management (uncertainty presentation, multiple realization

decision making under uncertainty).
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2.21 Uncertainties in Input Parameters

Input parameters the form ofhistogram means, standard deviation and sample range are mostly
assumed to be fixed whereas they have some inherent uncewaictyrequires assessment.
Reduction of these associated uncertainty in input parameters improves accuracy of results from
modeling. Methods such as theonventional Bootstrap (BS), spatial Bootstrap (SBS) and
Conditional Finite Domain (CF¥)as beewleveloped for thpurpose of quantifying uncertainties

in such statistical parameters.

The BS methods basedn random sampling with replacement notwithstanding the form

of data probability density function. It is a form of statistical resampling technique that camyquanti
uncertainty by simply resampling from the original data. It assumes that the data are independent
and is representative of the entire populatenmg therefore may not be adaptable for reservoir
data which usually have some level of correlations. dldudnd Deutsch (2007) develogsabt
avg code based othe resampling techniquelhe SBSmethodis applied to spatiatiatawith
correlated structure and quantifies uncertainty only of order one in histofnantimitation with
this approach is thabof spatially dependent data, the application of conventional bootstrap will
amount to the loss of the correlation. Solow (1985) created spatial dependency for SBS by
describing covariance matrix to the bootstrap. Deutsch (20@8tel the GSLIB-like code
premised on efficient matrix simulation procedbserelaxng theindependence assumptions of
bootstrapghroughresampling with correlation.
For SBS, the following steps are used.

1 Gather theepresentative data.

1 Computethe 3D variogram of the data set.

1 Lower and upper triangular matrices (LU) simulation.
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1 Calculate the necessary statistical parameters.

1 Redostep 3 severally and

1 Assemble the distribution of uncertainty in the statistic.
Despite that thé&SBS has the ability tchandle the problem of datadependencythereis an
increase in uncertaings thespatial correlation increasssceit does not account for all possible
data in the area of interest.

The CFD techniqueassesss theuncertainty in the histogrameanby accounting for the

size of the domain and the local conditioning data. It is a stochastic apdrasetd on a
multivariate Gaussian distribution. Compared to SBS, CFD quarttigesicertainty of any order
in the histogram and has a decreasing uniogytan sample mean as the range of correlation

increases (Babak and Deutsch; 2008).

2.2.2 Uncertainty Management

Decision analysis on subsurface systems involves; consideration of all possible inherent
uncertainties, the complexity of the system, multipkgectives and time factor involved in
guantifying the uncertainties. The decisions made in the study of these subsurface systems usually
depend on how best the uncertainties inherent in these systems are undpresmdedand

managed.

2.2.2.1Uncettainty Presentation

It is certain that due to lack of complete knowledge of relevant geophysical, geological and
reservoir engineering parameters of subsurface systems, it is impossible to redunéitige
uncertainties to zerd his necessitates the need to carefully stigate, capture and present the

important parameters affecting the systeam a good manner to avoid underestimation and
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overestimation in decisions which can mostly lead to bad outcomes. The use of probability
distributions, quantilessensitivity analysis, spider diagrams and tornado chats are some of the
popular methods of representing and understanding uncertainty. Probability distributions will be

discussed in this section.

22211 Probability Distributions

Since uncertaingsin model parametergremajorly due to lack of knowledge, the uncertainties
are usually incorporated in the input data (individual parameters) in the form of histogram (or
maybe variogram) forming different realizations. Probability distributions (probabiditsity
function PDF) is constructed by drawing smooth curve fit through a vertically normalized

histogram. It is differentiated from a histogram due to its involvement with continuous data rather

discrete datan the context of subsurface systems stydle® mi ni mu m, P90 (actu
estimate with probability of at |l east 90%), m
probability of at |l east 50 %), me an, P10 (act L

10%), and maximumarethe common termsised in quantifying reserve uncertainty according to

the Guidelines for Application of the Petroleum Resources Management 26ty Fig. 2-1.

22212 Screening Techques

Simplified approachesra useful inidentifying the noninfluential inputs of a computer model
before usingthe more advancedensitivity analysismethods for systems with many input
parametersThis simplified screening method®ep the number of model evaluations small
(Scheidt et al., 2018)The useof a screening technique is computationally economical making
sensitivity evaluation subjective to parameter ranking based on their imporfdreoeneat-a-

time and the Morris methods are fhegularscreening techniqués subsurface systems modeling.
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The oneat-a-time methogroposed byaniel, 1973 involves varying the input parameters
one after another while keeping other input parameters fixed at a nominal value or a baseline. This
simple process enables visualization of the effects of changingapameter at a time and this is
best expressed using Tornado chartee Morris, 1991methodis bestadaptedor models with
large number of input parametensdis based on repeated sampling of randomizeedatadime
designsit measuretheglobal sensitivity using a set of local derivatives (elementary effects) taken

at points sampled throughout the parameter space.

2.3 UNCERTAINTY ASSESSMENT WITH MULTIPLE MELS AND REALIZATIONS

The understanding that uncertainty is not an inherent characteristic of reservoirs but rather due to
lack of knowledge about the reservoir implies that it can be modeled while bearing in mind that it

has no objective measure.

Generdly, to appropriately manage uncertainty associated with different aspects of
reservoir management, there is need for a method ocapable okvaluaing acomplete range
of uncertaintiedy identifying the relevant elements of uncertainty and fiftgirout the irrelevant
ones, and implement the processes that @u® the uncertainties to an acceptable level by
refining both theinterpretatiorandmodel and gathering more datehen tke existing information
cannot be refined further.
Construction of multiple 3D models (either by changing a parameter or performing stochastic
simulation, etc.) serves as a way to assess the cumulative impact ointlafaetation,and
modeling uncertainties on reservoir management decisions. For a 8B, iee uncertainty

analysis follows the workfloyproposed bysringarten (2009):
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1 Evaluation and quantification of the uncertainties of all parameters invislted model
construction

1 Integration of the evaluated and quantified uncertairitidgrough he construction of a
complete reservoir model.

1 Analysis of the impact of constructing multiple models based on the criteria used to make

a decision and

1 Perform iterations targeted at reducing the uncertainties until risks are sufficiently
minimized to allev decision making.

A way of looking at model uncertainty is seeing it as multiple realizations of a
geostatisticabased process where stochastic simulations reproduce input parameters due to
ergodicity (fluctuations around the input parameters), withsaltant variability in responses. It
is believed that the only way to assess the cumulative impact of all uncertainties is to construct
multiple realizations through a combination of scerrased and stochastic simulatiors, by
repeating stochastianulation processg(g.,Monte Carlo method, Gaussian simulation etc.) using

different random paths or seeds (Amarante et al., 2019).

24  PROBABILITY APPROACHES FOR PRODUCTION HISTORY MATCHING

The major goal of history matching is to improve how resesvare represented so as to make

reliable predictions of production rate and consequently optimize future field developments. The
conventional Amanual o tri al and error approac
uses limited number of modelsrfprediction can only make global modifications and local
adjustments which are not always geologically realistic and does not handle static uncertainties.
The probabilistic approaches for production history matching incorporate uncertainty

guantificationas an ensemble to improve forecasting or prediction.
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The assessment of uncertainty in estimated reservoir parameters requires sampling from
the posterior distribution of the parameters, and this is implemented efficiently using the Bayesian

methods (Lee, 1997).
24.1 Bayesian Approach

In simple terms, the Bayesian approadms to determinéhe probability distribution of model
parameters based on Bayesd theorem (Bayes et
event based on prior knowledge of conditions that might be retated event. This probabilistic

approach is useful in calibrating model parameters considered as random vahaldeterized
byaprobability density function, whilst having

a joint posterior distribitn of parameters.

Mathematically, the probability function of a particular parameter defined according to

Bayes theorem is given as,

pia| p= POl APCF

P(b) (2-1)

Where;

a represents the model parametér;is the observations or experimental daga | His the
posterior probability function (posterior beliefs haviagcounted fob) or the conditional
probability of even& occurring given thabis true; P(a)is the prior probability distribution
(modeler prior beliefs);P(B|a)is the likelihood function of the observations; &) is the

probability of observations.
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Important advantages of the Bayesian approach naotduk tadaptable for production
history matching include; (1) treating inverse problems as apeskd problem (i.e. has a
uniquely determined solution that depends continuously on its data) in an expanded stochastic
space, (2) providing point estimates fimaum and medians) and posterior probability distribution
function, and (3) providing more flexibility in the regularization or while adding information
(stochastic regularization is the minimum mean square estimation of a random parameter that is
normallydistributed when the data are also normally distributed) (Emery, 2016).

Some probabilistic approaches referenced on Bayesian concept and some other useful

probabilistic methods for production history matching are discussed in the folleagtigns.

24.1.1 Markov Chain Monte Carlo

Markov Chain Monte Carlo (MCMC) method derives its meaning from the individual terms
AMar kovo which assume that predictions for th
depend entirely on the currenbst e of the system and AChaino i
iterations of Monte Carlo random sampling. This therefore means that in MCMC, the distributions

from which sampling is done depends on the current state of the system (related to bayesianism).
During the process, each iterative step consists of a proposal and an acceptance step and as the
iterative steps continue, the Markov chain converges to a desired fixed distribution. The basic

method of the MCMC is simple and is derived from Metropaligeorithm.

1. Start with a guess of the parametgysCalculate the probability for this gue$s,
2. Guess a second set of parameters, randomly drawn from a Normal multivariate solution

centered og,. The Normal distribution is known as the proposal density, or jumping

distribution. The normal sampling distributions for each of the parameters are assumed to
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be independent, with Gibbs sampling. Call the new set of sampled paramesterd

calculate its probability aB».

P
3. Calculate the acceptance raRce Fz
1

4. Pick a random number r between 0 and 1. If R>r, then new best gugsg,isgo to step

3. If R¢ r, go to step ZThe idea of using the current guess to change the sampling region
defines the MCMC.

5. The algorithnterminates after some fixed (large) number of iterations that attains the
desired distribution. The posterior proHdapi distributions of the parameters is the
distributions of the accepted values of the parameters at the various iterations.

Note that the parameters of the normal sampling distribution in step 2 depend only on the

current best guess, thus MCMC.

The described technique can generate realizations conditioned to hard data as well as honor

the reference statistics. The major challenge in using MCMC is its requirement of large number of
iterations to converge to a stationary distribution mainly due to doeeptance ratios for

transitions to a new state when the number of parameters in a model is large.
2.4.1.2 Kalman Filtering and EnKF

The Kalman Filtering developed by Rudolf Kalman (1960¢dsentially a set of mathematical
equationghat minimizes the estimated error covariance by applying a predictwrector type
estimatorwhen some presumed conditions are satisfiedrovides a recursive computational
procedure fominimizing quadratic function of estimation error for a lindgnamic system with
statistical noise and inaccuraci@dere is a basic assumption in Kalman filtering that the system

dynamics are linear and that measurements and errors follow a Gaussian distribution.
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The following stochastic differential equatioestribes the Kalman filter as a method of

estimating the current state of a process.

X = AX. HBu W, (2-2)
WhereA« represents the state transition mo8ethe control input model applied to the control

vectoruk. Wi-1 is the process noise with mean zero and covari@nce

P(w) ~ N(0,Q (2-3)
Let z be the measurement defined as:

Z = Hcx (2-4)
WhereHx represents the observation mgdelid thew represent the measurement noise with

mean zero and covariancerf

P(v) ~ N(O, R (2-5)

The priori state estimate based on the knowledge of the system kistigdined as;K , and

L
the posterior state estimate at stepased on the measuremaptis defined ax« .

Let the prior estimate error b = x L)g( and the posterior errag = x, ;& :

Error covariance matrices measure the correctness of the state estimates.

The priori estimate error covariance is defined as:
R =EHE&&] (2-6)
The posteriori estimate error covariance is defined as:

P =He¢g] (2-7)
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L
Now, the posteriori state estimatio® is defined as a linear combination of the priori estimate

L
x.and the weighted difference between an actual measurement and the predicted measurement:

e = X #K(z H §<k) (2-8)

Where K represents the Kalman gain and it also minimizes the posteriori noise covariance:
K=(R'H")/(HR H™ +R* (2-9)

The Kalman filter can operate in two different stages; prediction and updating. While the
prediction phase utilizes the current state to estimate the state of the next step, the updating phase
uses the priori estimates atié current observations to improve the state estimate.

The Kalman filter as is most history matching algorithms minimizes the mean square error.

The expected value (or rather the mean) of the squared error in the posteriori estimate error is:
e 2,
Eg(xk - %) (2-10)

Note that to minimize the expected value of the squared error is the same as minimizing the
trace of the posteriori estimate error covariance meirik can be said that this trace is minimized
when its derivative with respect to the gain is set to,ztnes leading to Kalman gain which
minimizes the mean square error.

There has also been some useful extensions and generalizations to the Kalman filters method
including extended Kalman filter (known to be the nonlinear version of the KalmanWihah
linearizes about an estimate of the current mean and covariance), the unscented Kalman filter
(particularly useful when the predict and update functions are highly nonlinear, thus poor
performance with the use of extended Kalman filters. This detetimis@mpling is used to pick

minimal set of sample points or sigma points around the mean to propagate through the nonlinear
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functions and the ensemble Kalman filter (a Monte Carlo based technique in which an ensemble
of model states are used to approxenéie covariance matrices used in the updating process).

The ensemble Kalman filter (EnKF) is a Monte Carlo implementation of the Bayesian update
problem. EnKF represent the distribution of the system state using a collection of state vectors,
called anensembleand replace the covariance matrix by $henple covarianceomputed from
the ensemble. The ensemble is assumethdom samplebut the ensemble members are really
notindependent the EnKF ties them together. An advantage of EnKF is that advancing the PDF
in time is achieved by simply advancing each member of the ensemble.

The Kalman filters and its extensions a&egy useful algorithms for history matching but not
without some challenges. The main challenge of the EnKF is the Gaussian assumption of the prior
joint probability distribution and thus difficulty in convergence to the correct distribution if the
prior joint probability distribution has ne@aussian contribution. The ndinearity in the dynamic
model, the nofGaussianity of state variables distribution and the limitations of the ensemble size
(highly dependent on the size and characteristic of thelieiigemble) result in nephysical

updates during the analysis.

2.4.1.3 Gradual Deformation Method

This is a stochastic method introduced in Hu (2000) to constrain history matches to simple statistics
and was further remodified to handle dependent realizations in Hu (2002). The method utilizes the
fact that certain linear combinations of independentsSian fields maintain second order
statistics. It is the continuous perturbation of an initial realization of a prior model in a way that
the perturbed realization matches better the dlatad the same time honors a prior model. While

the perturbations ithis method are gradual or continuous (as the name implies), the variable being

perturbed can be discrete or categorical (Caers, 2007).
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The implementation of this method requires that a standard Gaussian random Vasiable
standard Gaussian vectcan be represented as a linear combination of two independent standard
Gaussian variableg; andV- or standard Gaussian vectdsandV2 sharing the same covariance
matrix; equations below.

V =V, cosr ¥, sinr
V = Vicosr + Vasinr (true for any value of) (2-11)
Some important points to note;
1 Components oY, andV> of vectorV can be correlated or uncorrelated.
1 When correlation of the components\afis expressed in a variarcevariance matrix C,
and the components b% share the same covariance, then the componemsisb have
the same varianeeovariance matrix C.
1 ris the perturbation parameter of varialle
T Ifr=0,V=Vy
1 If rincreasesany outcome o becomes fAgraduallyo differen
outcomes oW1 in the limit case.
T lfr= "V=22,
1 ViandV2must be independent random vectors.
Generally, the gradual deformation method is relativetgraightforward process with an easy
implementation for an existing history matching framework. However, its application to only
systems that can be represented by a Gaussian distribution makes it unsuitable for complex

geologies or systems which cannotdegived from a Gaussian distribution.
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24.1.4 Probability Perturbation Method

The probability perturbation method (PPM) introduced by Caers (2003) is a flexible data
integration method applicable to solve HAorear inverse problems where there is cawpl
geology. The process follows a different course from the normal Bayesian inverse models which
usually rely on prior and likelihood distribution and sampling from posterior distribution. Rather,
sampling in this method consists of perturbing the proibalbiodels used to generate the model

realization, creating a chain of realizations which converge to match any type of data.

The concept of PPM is to incorporate production data mismatch as a piece of secondary
information during history matching to genate new realizations. It uses the following
parameterization to translate production data mismatch into a piece of secondary information:
P(AIC) =@ -p)i #P(A) (2-12)
whereP(A) is the marginal distribution of the evehithe unconditional probability ok or the
prior probability distribution or the modelers prior belief) representing the global proportfon of
over the entire domair€ represents the production datais the perturbation parameter anis
the realization of binary indicator variables for any physical property or parameter at the grid
blocks.

Referencing on the equation aboveif 0, P (A|C) =1, resulting in a realization similar
toi. However, whenc = 1,P (A|C) = P (A), resulting in a different binary indicator variable or
realization equiprobable 10A blend ofi and another equiprobable realization will be obtained if
rcis between 0 and 1. Thus, by adjustigghe indicatovariable is perturbed.

P (A|C) does not depend on the production data mismatch, C, rather it is considered to be
dependent on the resulting realization of the binary indicator which simply implies that the

production data depends on the choice.of
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A good history match using PPM is achieved when the mismatch between the forward
model and actual datd (otherwise called objective function) is optimal or minimal. This is
possible with an optimal value of the perturbation pararmeter
o(r) =g (™ u;.r.)) d, | (2-13)
whereO(ro) is the objective function as a functionref g is the forward model and$(u;,rc),
j=1, é }ida generated perturbation.

Using the method to perturb the initial realization can only reduce the objaatiston but not
achieve a global minimum. The probability perturbation algorithm below is employed in an
iterative way to further reduce the objective function and achieve a global optimal match.
1 choose random seed
1 generate an initial realization
1 Until an optimal value of¢ is found
() Minimize to getr°P%
o(r,) =llg (® U;.r.)) 4, |l
(i) Change random seed
(i) Assign
OU)) « 1901,
In the use of PPM algorithm for production history matching, the production data can be integrated
through an optimization process (such as Dekker Bré&hdeérivativefree optimization method)
while the PPM serve as the main engine for the productionrdataation (Johansen, 2008). The
entire process consists of an i nner | oop wher
(Brent, 1973) can be used to obtain a local optimal value far a given initial realization, and

an outer loop where a different initial realization of model parameters is explored. The method
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does not require a particular type of distribution to represent the perturbed parameter, thus it is
able to represent ras®ir fracture parameters which is usually not smooth{@Banssian); a very
flexible advantage it has over other methods such as gradual deformation and Kalman filtering

whose parameters are represented by Gaussian distributions.

APPENDIX - Figures
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Chapter 3: Inference of Hydraulically Fractured Reservoir
Properties from Production Data Using the IndicatorBased

Probability Perturbation Assisted History-Matching Method

3.1 OVERVIEW

Hydraulically fractured horizontal wells are widely adopted for the development of tight or shale
gas reservoirs. The presence of highly heterogeneous;sualé, fracture systems oftesnder

any detailed characterization of the fracture propertiedertzahg. Discrete fracture network
(DFN) model offers a viable alternative for explicit representation of multiple fractures in the
domain, where the comprising fracture properties are defined in accordathcespecific
probability distributions. Howeveeven with the successful modelling of a DFN, the relationship
between a set of fracture parameters and the corresponding production performance is highly
nonlinear, implying that a robust histemyatching workflow capable of updating the pertinent
DFN mocel parameters is required for calibrating stochastic reservoir models to both geologic and

dynamic production data.

This thesisproposes an integrated approach for the history matching of hydraulically fractured
reservoirs. First, multiple realizationstbe DFN model are constructed conditioning to available
geological information such as seismic data and well logs, which are useful for inferring the prior
probability distributions of relevant fracture parameters. Next, the models are upscaled into
equivdent continuum duapermeability model and subjected to numerical multiphase flow
simulation. The predicted production performance is compared with the actual recorded responses.

Finally, the DFNmodel parameters are adjusted following an indiebésed pobability
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perturbation method. Although the probability perturbation technique has been applied to update
facies distributions in the past, its application in modeling DFN distributions is limited. To account
for the nonGaussian nature of the DFN paraerst an indicator formulation is proposed. The
algorithm aims at minimizing the objective function, while reducing the uncertainties in the
unknown fracture parameters.

The method is applied to estimate the posterior probability distributions of the isaiviy of

the primary fracture (F), transmissivity of the secondary induced fractukg @hd global fracture
intensity (P520) in a multifractured shale gas well in the Horn River Basin. An initial realization
of the DFN model are sampled from theop probability distributions using the Monte Carlo
simulation. These probability distributions are updated to match the production history, and
multiple equiprobable realizations of the DFN models are sampled from the updated (posterior)
distributions acordingly. The final sampled realizations of the DFN model are consistent with

both static geological information and dynamic production history.
3.2 INTRODUCTION

The combination of horizontal drilling and hydraulic fracturing, or otherwise known as
hydraulically fractured horizontal wells, has contributed the improved production from
unconventional (tight and shale) reservoirs in recent years. The presence of highly heterogeneous,
multi-scale fracture systems often renders any detailed characterizatienfodcture properties
challenging. Complexities such as the secondary fracture geometries and the striking difference
between permeabilities of the matrix and fracture systems constitute distinct challenges to the flow
simulation and intensify the nonkarity between the fracture model parameters and flow

responses (Wang and Leung, 2015). Thus, formulating an efficient workflow that integrates both
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static (e.qg., logs) and dynamic data (e.g., rate and pressure measurements) to update hydraulic and

secondry fracture parameters in a discrete fracture network model remains challenging.

First, numerical simulation of multiphase flow in fractured porous media is challenging. The
choice of simulation approach should reflect the complexity of the fracturectdrastcs (e.g.,
geometry, intensity, and scales), while capturing the matrix and fracture flow interactions. The
dualporosity (DP) model considers the fracture system as the only flow path that is directly
connected to the wellbore; although irparrosty flow between the matrix and fracture systems

is accounted for, intgporosity flows within the matrix system and to the wellbore are ignored
(Warren and Root, 1963; De Swaan, 1976; Bui et al., 2000). An improved form of the DP model
is termed the dugborosity dualpermeability (DPDK) model, as it considers all irp@rosity

flows between the matrix system, fracture network, and the wellbore (Hu and Huang, 2002; Al
Shaalan et al., 2003; Van Heel et al., 2008). In the DPDK framework, the flow trasisrare
formulated as functions of the shape factor, pressure gradients, and several other physical
parameters. A major pitfall is its difficulty in fully capturing the effects of capillarity and gravity
into the formulation of shape factor. Equivalentdals consisting of matrix and fracture domains
have also been used to represent the fractured medium in the DP or DPDK modeling frameworks.
Other more sophisticated techniques are available to incorporate features of a discrete fracture
model, where the &gal geometries and locations of individual fractures are explicitly specified in
the computational domain. This generally requires discretizing the domain with unstructured
meshes. Several finite element and finite volume methods, such as-vohirak fnite-element
(CVFE), celtcentered finitevolume (CCFV or multpoint flux approximation MPFA) and mixed
finite-element methods (MFE), have been developed (Monteagudo & Firoozabadi, 2004; Sandve

et al., 2012; Zidane & Firoozabadi, 2014; Liu et al., 20E@ch of these techniques has its own
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merits and limitations; for example, the CVFE design is computationally efficient, but it does not
maintain flux continuity for a heterogeneous porous medium; the MFE method, which is locally
flux-continuous and consetive, can be computationally expensive, as both the velocity and
pressure fields are evaluated concurrently. More recently, the Embedded Discrete Fracture Models
(EDFM) has been widely adopted. Each matrix cell is divided into a set fegubents divield

by various discrete fractures located within the cell. An updated connectivity/transmissibility list
is used for computing the flow between matrix and fracture segments (Shakiba et al., 2018). The
transmissibility calculations take into account the madon and size of individual fractures.
Given that pressure distribution along each fracture is not explicitly calculated, the overall
computational cost is reduced.

The DP model is used in this work because of its ease of implementation. The presekfied/w

is not specific to a particular flow simulation strategy, so other aforementioned simulation
techniques can also be adopted readily. The specification of a dual continuum reservoir simulation
model requires assigning equivalent porous medium piepeo each reservoir cell consisting of

both matrix and fracture continua (Nejadi et al., 2017). These equivalent properties refer to the
permeability tensor and shape parameters obtained by appropriate upscaling techniques
(Bourbiaux et al., 1998, Bogdav et al., 2007). The Oda upscaling technigue is a commonly
adopted analytical approach developed by Oda (1985). Othetbfieed upscaling techniques
(including both local and other advanced legllbal schemes) have also been developed (Chen

et al., 203).

A second challenge is associated with the inference of distributions of fracture properties from
dynamic (flow and pressure) data. History matching is in itself an inverse problem witimiooie

solutions. This is a process by which all data (varsaurces and scales) are integrated. Typically,
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a set of initial models (or realizations) are constructed by incorporating various static or geological
data. The models are then subjected to flow simulation and an optimization scheme to adjust the
model @mrameters until the mismatch between the predicted response and the actual historical data
is minimized. In the case of fractured reservoirs, the uncertain model parameters may include
different fracture parameters (e.g., size, location, intensity, oti@mta The goals of most
probabilistic historymatching schemes are to (a) estimate the posterior distributions
corresponding to the unknown model parameters and (b) to sample a set of updated models (or
realizations) from those distributions; the varidpiéxhibited by those realizations facilitates the
uncertainty quantification and assessment. A particularly important aspect of fractured reservoir
history matching is the capability to probability distributions of any forms without the assumption

of Gatssianity.

Different approaches, such as stochastics search (e.g., genetic algorithm, simulated annealing),
samplingbased (e.g., gradual deformation), and optimizabased methods (e.g., maximum a
posterior), are available to characterize fracture nétwaodels. While the equivalent model
parameters are updated in some cases, the discrete fracture properties are updated in others. Cui
and Kellar (2005) adopted a gradidyatsed technique, where the sensitivity coefficients of
production data with respetd the fracture intensity were computed using a gradient simulator
and the adjoint method; correlations between fracture intensity and fracture permeability, matrix
permeability, and a certain coupling factor were used to update these pertinent flowtpesam
Others have applied alternative global search techniques. Hu and Jenni (2005) designed a gradual
deformation routine to tune an objdxEsed Boolean model for predicting the location, shape, and
size of various heterogeneous features from produdtda An approach called the probability

perturbation method (PPM), which is adopted in this work, was previously used by Hoffman
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(2004) and Suzuki et al. (2007) for production history matching. Hoffman (2004) formulated a
PPM workflow to estimate the uextain locations and proportions of calcite bodies in a North Sea
reservoir integrating both water rates and repeat formation tester (RFT) data. Suzuki et al. (2007)
applied the PPM workflow for history matching of a synthetic naturally fractured reselrvoir

their study, fracture density (e.g., fracture count per volume) was the unknown parameter; a multi
scale approach was adopted where both lacgée distribution and localcale variations were
estimated; however, hydraulically fractured tight/shaédlswvere not analyzed in that work; in
particular, additional relevant fracture parameters (e.g., aperture, permeability) and their
distributions were not considered. It has been widely established that PPM can hardle non
Gaussian probability distributien as no particular assumptions of the model parameter
distributions are necessary; these previous works did not explicitly present examples where the
model parameters are highly n@aussian.

De Lima et al. (2012) subsequently employed the gradual defarmtechnique to estimate
realizations of fault distribution (i.e., intensity, length, and spatial locations). Chai et al. (2016)
proposed a twstage Markov Chain Monte Carlo method with embedded discrete fracture
modeling for characterizing differenbpsity distributions corresponding to the organic matrix,
inorganic matrix, secondary fractures, and hydraulic fractures of shale reservoirs. Other
researchers have applied various stochastic search algorithms to estimate fracture distribution.
Chen et al (2019) designed a mubkicale (tweway) strategy for the histompatching of dual
porosity models: an evolutionary algorithm was used to calibrate ese@abestatic and dynamic
parameters fronaverage fieldoressure, well bottorhole pressures, and et formation tester

(RFT) data, while the streamline simulation was performed tetfine local fracture permeability

to match the specific well bottohole pressures. Many ensemblesed techniques (e.g.,

36



Ensemble Kalman filter, or EnKF, and ensembl@ather) have also gained wide attention due

to its merits in data assimilation and uncertainty quantification. The basic form of EnKF assumes
multi-Gaussian distribution for all model and data variables and a linear relationship between
them; unfortunatelynone of these assumptions would hold for fractured reservoirs. A Bayesian
updating scheme is involved to minimize the mismatch function. Modifications were proposed to
partially address these limitations: iterative updating to alleviate issues relataditearity and
alternative parameterization schemes to transform theGamssian distributions into Gaussian
ones. Nejadi et al. (2015) employed EnKF to characterize hydraulic fracture parameters (e.g., half
length and transmissivity) and induced fraetparameters (e.g., length, transmissivity, intensity)
using a DPDK simulation model. This approach was also employed in Nejadi et al. (2017) for
inferring fracture orientation, conductivity, permeability tensors, and intensity for a naturally
fracturedreservoir. Although these extensions/hybrid formulations may retain the idea of utilizing
an ensemble, they do not rely on linear update and are not appropriate for higldpussian
variables; therefore, it is argued that they could offer only panipfoximation of the true

distribution.

The literature review highlights a number of unresolved issues pertinent to production- history
matching of multiscale fractured reservoirs. The gradibased optimization techniques are
robust, but the computationf gradients (sensitivity coefficients) can be computationally
expensive. Stochastic search algorithms, such as simulated annealing and the genetic algorithm
may also require many iterations to converge. A samyilaggd technique, namely the probability
perturbation method, is preferred, as it does not require gradient calculations and exhibits good
convergence property; it facilitates the estimation of the posterior probability distribution, from

which multiple realizations can be sampled. This approastbben used to calibrate permeability
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distribution in conventional reservoirs (Kashib et al. 2006) and naturally fractured reservoir
permeability distribution, which was conditioned to a prescribed fracture density model (Suzuki
et al. 2007). However, thewas no previous application for unconventional reservoirs where both

hydraulic and secondary fractures are present.

The objective of thisesearclis, therefore, to formulate an indicatosised probability perturbation
method for historymatching prodution data in a reservoir system consisting of both hydraulic
and secondary (natural) fractures: the discrete fracture network (DFN) model parameters are
updated, and the DFN model will be upscaled into a DPDK model for flow simulation. This
framework is ued to characterize both local and global fracture parameters. A significant
advantage is that the uncertainties in fracture parameters are represented by mulgrtebatyie

DFN realizations and their corresponding upscaled -Bonwulation models. Manyrevious
studies focus on updating the upscaled models, without offering a direct means of transferring that
upscaled model parameters back to a set of DFN model parameters. In addition, the proposed
indicatorbased formulation of the probability perturibat method is flexible in the handling of
nonGaussian fracture model parameters. The developed workflow is applied in a synthetic case

study of a hydraulically fractured shale reservoir in the Horn River basin.

3.3 METHODOLOGY

3.3.1 Generation of amitial Realization of the Discrete Fracture Network Model

The Fisher et al. (2005) conceptualization of a complex hydraulic fracture system was adopted to
construct the DFN model using FRACMAN® (Golder Associates, 2018). Each hydraulic fracture
stage is radeled using a primary fracture (an elongated pestnaped crack) intersected by many

randomlydistributed secondary fractureEhese secondary fractures may represent any complex
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induced (or natural) fractures connected topgheary fracturei Fig. 3-1. Fracture properties,

such as the location, size, orientation, intensity, aperture, and transmissivity, are defined for both
the primary and secondary fractures. The Fisher distribution (Fisher, 1953) is used to define the
orientation parameters of the unmed fractures. In principle, different orientation parameters
should be defined for each hydraulic fracturing stage, and these parameters can be inferred from
geomechanical and microseismic data, if available.

Thetransmissibilities of the primaryl§s) and induced fractureg§), as well as the global induced
fracture intensityR%5,0), aretheuncertain histoymatching parameters. Updating of the uncertain
parameters based on production histories is achieved during history matching. For a cedain valu
of PS3,6, individual secondary fractures are populated following a prescribed nearest neighbor
model, where the local fracture intensif§*'z1) decreases exponentially with distance to the

primary fracture:

by
P, (x)=ce’* (3-1)

wherec is an empirical constant; is the distance between locatigrand the primary fracture

plane (according to Dershowitz, 1993kan be estimated using image log data, possibly gathered
from nearby fields, an8 controls how quickly the secondary fracture intensity would decrease
with distance away from the primary fracture; its value is calculated from the mean distance

between tk locationx and the primary fracture and is defined as

T - (3-2)

Static data such as cores, well logs, and microseismic interpretations can be used to infer prior
distributions of various fracture parameters; for example, aperaight in relation to the bed

thickness, density or spacing, orientation, and dip are fracture parameters derivable from cores,
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while the approximate trend and plunge of both primary and secondary fractures can be inferred
from microseismic responseg. dhould be emphasized that although static data is useful for
interfering the prior distributions and offeringn approximation of SRV, static data alone is
typically insufficient to resolve all relevant parameters of a hydraulic fracture system, such as

secondary fracture parameteP8i4g, Ts); hence dynamic data is needed to reduce the uncertainty.
3.3.2 DiscreteFractureNetwork Model Upscaling

The DFN model is transformed into an equivalent DPDK simulatiodel Eig. 3-2) basedn a
static upscaling scheme (Oda 1985). Given that the induced fractures are well connected and

densely populated, the Oda upscaling scheme is assumed applicable\{iershal., 2000).

The upscaled DPDK model parameters include fracture porosity, Oda permeability tensor, and
matrix-fracture coupling in the form of shape factor. In particular, the fracture porosity is defined
as the total fracture volume (averagessrgectional areax aperture) divided by the cell volume.
The Oda permeability tensor is computed by projecting the fracture isotropic permeability onto the
fracture plane and then scaling it according to the fracture pordbiyorientation of a fracture
inside a grid cell is described by a unit normal ventdrhe mass moment of inertia of all fracture
normals distributed over a unit sphere is obtained as:
N=mnEn)dV

w (3-3)
whereY is the integration domain corresponding to the surface of a unit sphisréhe number

of f r ac tnuande sre thencomponents of andE(n) represents the probability density

function describing the number of fractures whose unit normalsierged withind Y
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The resultant 3 x 3 fracture permeability tensor describing the directional permeability for the

upscaled grid cell is given by the following matrix:

1
Kij _1_2(Fkkai’j 'Fij)

(3-4)

whereKjj is an element in the permeability tendey is the corresponding element of the fracture
tensor: it projects the permeability to the directiom@ind expresses the flux alongassuming

the fractures are impermeable in a direction parallel to their unit normals. It is calculated by
summingthe contributions fronN individual fractures within the upscaled grid block, weighted

by their area and transmissivity iaseg. (3-5); U is the Kroenecker's delta.

1.0
F=saATny
r=1 , (3_5)
whereV is the grid cell volume\ is the total number of fractures in the grid cellandn;: denote
thei'™ andj™ components of the unit normal vector corresponding to the fracturerplaris the

area of fracture plarreandT; is the transmissivity of fracture plane

Finally, the shape factor, or sigma factor (with a dimension of 1/I&ngttovides a measure of
the fracturematrix interaction or interporosity flow between the matrix and fracture domains. It is
representedhathematically according to Kazemi et al. (1976) as:
. 1
Sigma=4 +— =
Lk2

L’ , (36)

O o
J.Nl_\

wherelL,;, Lj, andLk refer to the fracture spacing in tkey andz directions.
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In mostpractical applications, fractures could be +wothogonal and irregularly oriented within a

grid block). For such complex scenarios where multiple disconnected matrix blocks separated by
thin fracture planes are present in a grid block, the regional diomsngoerpendicular to the
fracture surface areas) become the fracture spacings. In most of these applications, the shape factor
is used directly in the simulators in such a way that the contact area open to flow direction is

preserved. Kazemi et al. (1998troduced a formulation for the generalized shape factor as:

V

m

Sigma= 1 a fal}
s dy (3-7)

Vm represents the matrix volume within the grid blo8k,is the area open to flow between a

segment of the fracture plane and its neighboring matrix bthcis, the distance from that open

flow surface to the center of the corresponding neighboring matrix block, and sigma is computed

by summing over all suchpen surfaces within that particular grid block. This formulation was

further generalized by Heinemann et al. (2011) for two specific scenarios. For matrix with isotropic

permeability, the distance should be calculated by selecting g poitiie fractur@lane segment,

such that a line connectingo the center of the neighboring matrix blockorshogonal to the

surfaceA;:

. 1N A
Sigma=—g —
Vi dj (3-8)

N refers to the total number fracture plane segments. For an anisotropic matrix, the diss&ince mu

bek-orthogonal to the surface:
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m |

1

j ‘ . (3-9)

k is the permeability tensor

3.3.3 Numerical Flow Simulation

Material balance, momentum balance, phase behavior descriptions, and numerous auxiliary
equations are implemented in numerical simulation to model multiphase fluiddfloemmercial
black-oil simulator (Schlumberger, 2017) is employed. This system ofimeznl differential
equations for the DP formulation is solved numerically based on-fiifiference and finite

volume methos

d=G(m,u) (3.10)

u andm represent the estimated state variables (pressure and saturation) and the model parameters,
respectively;d is simulated data after mddemulation G, which depends on the principles of
material balance, momentum balance, phase behavior descriptions, and numerous auxiliary

equations.
3.3.4 Probability Perturbation Method

The probability perturbation method (PPM) can be used to effectimédgrate production
dynamics during the histompatching process (Caers, 2003; Kashib and Srinivasan, 2006). In
PPM, instead of tuning the specific unknown model parameters, such as a particular geostatistical
realization of fracture intensity, the pudflity distributions corresponding to these model

parameters are perturbed; in other words, instead of attempting to construct onenastbigd
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realization of the DFN model, the goal is to infer the posterior probability distributions of
numerous DFN @rameters such that multiple realizations of the DFN model can be sampled. The
variability exhibited by these realizations is expected to capture the uncertainty in the model

parameters and reflect the rRonique nature of an inverse problem.

The technige does not depend on the conventional Bayesian decomposition of posterior into the
likelihood of observing the data and a prior belief, but rather utilizepgsterior distributions
(probability of the model parameters given some subset of the datadbles a fast neiterative
updating scheme to generate new realizations of the uncertain model parameters, and this aspect
differs from other methods, such as MCMC, which requires a large number of iterations to
converge to a stationary distribution dieelow acceptance ratios for transitions to a new state,
especially when the number of unknown model parameters is large. The convergence behavior of
other ensemblbased methods, such as EnKF, may also be compromised if the prior and posterior
are norGaussian. In Emerick and Reynolds (2012), a hybrid method where MCMC is combined
with EnKF to improve sampling efficiency, a very long chain was used as the reference solution
to scrutinize the sampling performance of several ensebasied methods with 108alizations;

the comparison showed that either MCMC or EnKF alone may not be efficient.

Another drawback with EnKF is that, in its simplest form, EnKF assumes-@ailtssian
distribution on model and data variables and a linear relationship betweeriadllesa(Aanonsen

et al. 2009; Emerick and Reynolds, 2012). Both these assumptions do not hold for fractured
reservoirs. Modifications were proposed to address these limitggaohally. iterative updating

to alleviate issues related to nonlinearity éod Reynolds 2009; Chen and Oliver, 2012) and

alternative parameterization schemes to transform theGamssian distributions into Gaussian
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ones (Linde et al., 2015). One of our previous works also employedaan@ing scheme and a
parameterization formation to account for ne@aussian model parameters and nonlinear multi
phase flow processes in an EnkF framework (Nejadi et al., 2015). However, the choice of an
appropriate parameterization scheme for 3D fracture parameters is not establisheddirthieeeen

is still debate that though these extensions/hybrid formulations may retain the idea of utilizing an
ensemble, they do not rely on linear update or transformation of space; they could offer only partial
approximation of the true distribution.

Similar to previous PPM implementations, as cited previously, an indicator formulation is adopted
here to account for the ngbaussian nature of DFN parameters. The probability distributions of
the uncertain parameters (i.B526 Tpr and Tsf) are perturbedaccording to the indicatdrased

formulation proposed in Kashib and Srinivasan (2006):

=

P{I"*(u) | I'(u) & G =R I(UY=k" K

PO (W)= I'(U) & G =& p R I(W) K=
(3-11)

The formulation describes the probability of transitioning from the indicator catkgbisted to

A

the categork éat sted+ 1 using the deformation factde ! [0’]] . The probabilityP{l ( u )}is= k o

the prior probability (inferred from static/geologic data) wiifd@"*(u) = k|I' (u) =k, C} is the
posterior probability. A$ tends towards 1, more perturbation of the probabilities is resulted. If
i =0, there is no perturbation, and the probability of staying at categdisted+ 1 is 1.0; ifi

= 1, the probability of staying aategoryk at sted+1 is 0. Thus, the indicatdrased formulation,
together with thep adjustment facilitates the perturbation of both Gaussian andgsaossian

distributions.u represents the unknowia, Tpr andPs2c as points in the domain.
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At the em of each perturbation step, a set of updated DFN parameters are sampled and used to
generate a new DFN model. The model is subsequently upscaled into a DPDK model for flow
simulation. The advantage of this approach, instead of perturbing the DPDK muatekpas

directly, is that it facilitates the sampling of DFN realizations and the corresponding upscaled
DPDK models to be conducted in a consistent fasiBoipposeone were to perturb the DPDK

mode parameters directlyn that casethere is no unique way to reconstriloe posterior
probability distributions or even to sample realizations, of the corresponding DFN parameters
based on those updated DPDK parameters alone. This parameterization scheme helps to preserve
the nonlinear relationship between a given set of Dp&tameters and the associated reservoir
flow response. As the perturbation is performed in the DFN space, nogst@ahng is actually
required; after each perturbation step, there is a DFN model associated with the upscaled DPDK

model.

The PPM workflow iddescribed irFig. 3-3. Toattain the global optimal, the workflow is divided

into an inner loop, where the Brent 1D optimization scheme (Brent, 1973) is used to obtain a local
optimal value ofrp for a given initial realization, and an outer loop, wherdiféerent initial
realization of the model parameters is explored. Denotations are marked in the figure to describe
the sections of the workflow indicating the two loops.

2
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(3-12)

Eg. (3-12) is the normalized objective function, whe@, Qw and b representing the gas

production, water production and Bottdmle pressure, respectively; the subscpbsandmax
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denote the simulation prediction, hist@licata, and the upper limit (maximum value) for that

particular variable, respectively.

During the probability perturbation, Brent's algorithm is applied to search for the optimal
corresponding to the local minima of the objective function based ertaarcinitial realization of

the model parameters. This algorithm is effective in locating the minimum of a-sarggdle
function by utilizing the concepts of golden section search and parabolic interpolation, which are

summarized irkEq. (3-13).

s = o 7 ©:618
x9N - X X -X (3-13)
wherex°" and x"9" are the lower and upper bounds for the search interval corresponding to an
unimodal functionx® andx® are points on the function such that the distances #%hto x®
andx to x"9" are exactly the same. EithéP andx® is selected as thrainima for the next search
interval. The process is repeated until the minimum is below a certain predefined tolerance.
the ratio of equal distances to the overall interval distaxit® { x°¥), which is a factor akin to
what is applied in the dgen section search algorithm. The algorithm is computationally efficient
as objective function evaluation is only required at the edjisédnce points (i.ex¥), x? etc.) and
the convergence speed is fast. The method is used to estimate the agtimafry corresponding
to a given initial realization of the unknown parameters. The inner loop is then repeated using a
different initial realization, as denoted by the outer loop. With the implementation of the entire
workflow for the PPM, the following uncertaparameters are updated:

Global fracture intensity of the secondary (induced) fractit®sd).

Transmissivity of the secondary fractufies);

Transmissivity of the primary fracturé)
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New model realizations are generated for each updatbesk parameters until an optimal
objective function is achieved based on a predefined tolerance.
Following the approach described by Caers (2007) and Kashib and Srinivasan (2006), the PPM

algorithm, as implemented in this work, is summarized below;

Genere an initial realization'(u) with seed s
Until a history match of data is achieved
o Change the random seed
0 Until the search forp yieldsrp°
() Guess a value fap
(ii) CalculateP{I"*(u) = k|I' (u) =k, C}
(i)  Generate a new realizati¢ (u, 1p)
(iv)  Evaluate ofective function as a function ®f*(u, ro)
o Setl"(u,rp® Myu)L
Although the PPM formulation has been applied in other studies in the literatutbe#iss the
first to illustrate how this method can be formulated to infer/characterize parameters associated
with hydraulic and secondary fractures from dynamic data. In particular, previous studies, those
that are cited in the introduction and earlier instisiection, focused on characterizing the
distribution of a single unknown parameter (e.g., absolute permeability, facie, or fracture
intensity). This thesis however, attempts to history match multiple unknown parameters
simultaneously, corresponding tdfdrent scales and prior distributions. Another contribution is
that, despite it having been widely established that PPM can handi@éaussian probability

distributions, previous works did not often explicitly present examples where the model parameters
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are highly norGaussianTwo different case studies are presented to show how the results would

di ffer i f the Atrueodo distributi onGaussiin.t he unk

34 REFERENCE CASE STUDY

To demonstrate the functionality of the@posed PPM implementation, an example corresponding

to a horizontal shale gas well consisting of four stages of hydraulic fracturing is presented.

3.4.1 Model Description

The model dimension is 800 ft. x 800 ft. x 250 ft. (with 50 x 50 x 10 grid cellg dfanx, y-,

and z directions, respectively). The reference model representing a multifractured shale gas well
in the Horn River Basin is created. Each hydraulic fracturing stage is modeled as a primary (main)
fracture plane intersected by a set of sdeoy (smaller) fractures. The trend and plunge of each
primary fracturewere inferred from interpreted microseismic events (Nejadi et al., 2015). The
trend is defined as the horizontal angle in thygplane measured away from the north (i.e., positive
y-axis), while the plunge is defined as the vertical angle between the fracture plane and the
horizontal (xy) plane. The microseismic observations show that the orientation of fracture growth
(as defined by Fisher (1953) distribution) is along the NE doedtie., with an average pole trend

of 140¢) . These values are used to popul ate
reference model.

The properties of the fracture and matrix systems in the DPDK model are determined via analytical
upscalingof the DFN model (Oda, 1985). It is then subjected to numerical flow simulation to
compute the production profiles for a period of 12 months. Thed2h production profiles of

water production rate, gas production rate, and bettola pressureRus) areconsidered as the
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historical data in this case study. The uncertain DFN model parameters to be-mstiched are

Pho6, Tsr, andTpr. It should be emphasized that in the reference case, these three parameters are
constants for the entire domain. Givirat the historymatching problem is Hposed with non

unique solutions, the objective for applying the PPM workflow is to infer the univariate
distributions ofP%%s6, Ts, and Ty, from which multiple sets of solutions, while honoring the
production hitories, can be sampled. It should also be noted that in this case study, the forward
model incorporates only the flow simulation, and geomechanics calculations are not coupled. In
addition, history matching of other reservoir parameters such as relativeegislity or
compaction tables has not been considered. These additional aspects can be integrated into future
work. However, it should be mentioned that the proposed workflow is very flexible and can be
readily extended to incorporate additional uncartabdel parameters.

A preliminary historymatch is conducted to determine, approximately, the potential mismatch in
the objective function (although it could be quite high) and assess the upper and lower bounds of
individual model parameters. This step is essential to exagithe sensitivity of the production
responses with respect to variations in the uncepaiameters. Tablg1 summarizeshe other

(i.e., known) DFN model and the corresponding upscaledmkraheability model parameters.

The orientation parameters for the secondary fractures are assumed similar to those of the primary
fractures. As explained previously in the methodoldbg, nearesheighbor model and Fisher
distribution (Fisher, 1953) are used to populate the secondary fractures in accordance to the
location of the primary fractures. Values of storativity for the primary and secondary fractures are

similar to those repaetl in Cinceley (1996).
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Table 31: Data for the discrete fracture network model and the dynamigdtrakability
(DPDK) simulation model

Discrete Fracture Network Parameters:

Primary Fractures

Aperture 1.0 x 107 feet
Storativity 1.0 x 102
Trend (Stage 1) 247¢e

Trend (Stage 2)

Trend (Stage 3)

Trend (Stage 4)

Plunge (Stage 1)

Plunge (Stage 2) 29e¢
Plunge (Stage 3)

Plunge (Stage 4) 19e¢
Compressibility 0.231 psia?

Secondary Fractures

Storativity 1.83 x 102

Aperture 1.97 10 feet

Trend Similar to primary fractures
Plunge

Compressibility

Dual Permeability Model Parameters:

Number of grids 50 x 50 x 10

Model dimensions 800 x 800 x 250 feet®
Matrix Permeability 0.0005 to 0.0007 mD
Matrix Porosity 6%

Reservoir depth 6400 feet

Initial reservoir pressure 5000 psi
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3.4.2 Workflow Validation

In this section, the workflowdescribed inFig. 3-3 is appliedto history match the historical
production data corresponding to the reference case. An initial realization of the DFN model is
constructed and upscaled; it is carried out within the FracMan® software facilitated by the use of
macros. The macro is an abte script consisting of a set of function calls for creating and
upscaling the DFN models. The macro can be executed repeatedly within a loop, enabling the
generation of multiple DFN realizations at each iteration or updating step. The rest of the PPM

workflow is implemented in Matlay! R2018a (MathWorks, 2018).
34.2.1 Case #1i Gaussian Fracture Parameters

It is assumed that the three unknown parameRtsd, Ty, andTs) would follow the Gaussian
distribution. Thirty indicator levels are usedparameterize each of the three unknown model
variables. Thenidpoint corresponding to each level is used during the-traakform. Fig 3-4(a)

shows the initiatlistributions of the three uncertain model parameters.
3.4.2.2 Case #2 NonGaussian Fractue Parameters

This case illustrates the application of the probabilistic histeayching framework, if the
distributions of the various uncertain fracture parameters ar&aassian. It is assumed that the
distributions for three unknown parameté?¥s6c, Tpr andTss) are unknown and could possibly be
nonGaussian. Once again, thirty indicator levels are used to parameterize each of the three
unknown model variables. However, in this case, the initial distributions for some of three
unknown parametersemassumed ne@aussianP5,cis log-normally distributed, whildss and

Tor are btmodally and normally distributedgspectively. Fig3-4(b) showsthe initial distributions

of the uncertain model parameters.
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3.4.2.3 Case #3 Gaussian andNonGaussian Fracture Parameters for a Complex DFN

A more complex DFN case, abown inFig. 3-1(b), is analyzed next. This example consists of

the same muklstage hydraulic fracture system, where a more complex set of secondary fractures
are present irach stage of the primary fracture. This, the global fracture intensity of the secondary
fracture PS's2q) is higher compared to that Dase #land Case #2 The same three unknown
parametersiac, TorandTsy) are considered. Thirty indicator levelg aised to parameterize each

of the unknown variables; two particular scdises are examineh) Gaussian distributions are
assumed for all three parametdi®; nonGaussian distributions are assumed for some variables,
wherePSs,6is log-normally distrbuted, whileTsiandTpr are bimodally and normally distributed,
respectively. Fig. 3-5(@ & 3-5(b) shows the initial distributions of the uncertain model

parameters.
3.5 RESULTS AND DISCUSSION

The quality of the history match ofthee f er e n ¢ e nabddtai$ nseadsurbd basedwn thec
mismatch in the objective function; the iterations are terminated if the objective function in Eq. (3
7) is less than 5 %. It is observed that the mismatch would be around or reduced below this
tolerance after approximately 39 iterations, which is equivalent to roughly three outemiabps

each comprising 13 inner loop iterations.

Selected successive changes in the prior and posterior distributions from itet@itenationl+i

are shownn Figs. 3-6(a), 3-6(b) and3-7(a) & 3-7(b) for cases #1, #2 and #3; this figure depicts
the probabilities for either staying at the current categatysted+ 1 or transitioning to category
k' at stepl+1. In the figure, each row represents a particulaeoloop (1, 2, and 3), while

individual figures along the row depict selected inner loop iterations from cauntdo i =[+1.
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The profiles of gas production rate, water production rate Pancbrresponding to the posterior
distributions are compade with the historicaldatga and three additional realizations are
subsequently samplgtte corresponding profiles of the gas production rate, water production rate,
andPys of all three historymatched realizations are showrFigs. 3-8(a), 3-8(b) and3-9(a) & 3-

a(b).

Tables 8-2, 3-3, 3-4 and3-5) summarize the mean of the distributionghef model parameters

for the initial and updated realizations. Notwithstanding the differentsbetwea Case #1 and

Case #2 (i.e., Gaussian vs. ABaussian distributions of unknown model parameters), a reduction

in the model parameter uncertainty is observed after the history matching process, reflecting the
conditioning effect in the model uncertaintyedto the integration of additional dynamic data. The
historymatched results obtained in both demonstrations of Case $8pwas in Table§-4 and

3-5, reflect an increase P56, resembling that of the reference model. The results presented in
Figs. 3-6 i 3-7 further suggest the final updated distributions P&s.c and Ts remain non

Gaussian.

Asingle deterministic Atrueo (r efiwdsribuwiony r ese
are assumed for all unknown variables. In all practical applications, some additional static
(geological studies or microseismic data) must be used to infer these prior distributions (as
mentioned in section.81). This particular aspe@inference of a prior) is universal to all histery

matching and dynamic data integration methods. However, as shown in the case studies, despite
the initial models being quite different from the reference model (Tab®$ 3-5), the final

updated modelare remarkably close to the reference model. This behavior implies that despite a

set of incorrect initial models being used, the history matching workflow is capable of

progressively perturbing the posteriors to match the actual production data.
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Table3-2: Summary of the uncertain DFN model parameter distribution for the reference, initial
and updated realizations (Case.#1)

Uncertain Parameter Reference Model Initial Model Updated Model
(Mean values) (Mean values)
Global Fracture Intensity (PSf3sg), /ft. 0.092 0.152 0.059
Transmissivity Ts;, ft?/sec 31.160 84.970 28.875
Transmissivity T, ft?/sec 449.56 680.100 571.450

Table 33: Summary of the uncertain DFN model parameter distribution for the reference, initial
and updated realizations (Case.#2)

Uncertain Parameter Reference Model Initial Model Updated Model
(Mean values) (Mean values)
Global Fracture Intensity (Psf2c), /ft. 0.092 0.120 0.079
Transmissivity Ts;, ft?/sec 31.160 112.625 32.110
Transmissivity Ty, ft?/sec 449.56 888.900 412.500
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Table 34: Summary of the uncertain DFN model parameter distribution for the reference, initial
and updated realizations (Cassa}

Uncertain Parameter Reference Model Initial Model Updated Model
(Mean values) (Mean values)
Global Fracture Intensity (Psf3c), /ft. 0.092 0.104 0.2418
Transmissivity Ts;, ft?/sec 31.160 103.670 99.910
Transmissivity T, ft?/sec 449.560 848.300 524.250

Table 35: Summary of the uncertain DFN model parameter distribution for the reference, initial
and updated realizations (Case #3b)

Uncertain Parameter Reference Model Initial Model Updated Model
(Mean values) (Mean values)
Global Fracture Intensity (Psf32c), /ft. 0.092 0.050 0.1713
Transmissivity — Ts, ft?/sec 31.160 80.125 55.845
Transmissivity Ty, ft?/sec 449.560 571.450 441.500
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The procedure adopted in this work demonstrates the possibility of estimating DFN model
parameters using dynamic flow data by incorporating complex fluid flow physicsliegut
perturbation of the probabilities of DFN model parameters, from which DFN models can be
sampled and upscaled into the equivalent DPDK models. Thus, this approach is more suitable for
handling the notlinear relationship between the DFN parameters flow response. It offers a
means of estimating parameters related to secondary (e.g., induced) fr&SkxsandTs) based

on production data, which may not be readily inferred from well logs and microseismic

interpretations.
3.6 CONCLUSION

o0 A probabilistic workflow for perturbing the probability distributions of uncertain fracture
parameters has been developed to characterize hydraulically fractured reservoirs from static

and dynamic (production) observations.

o Anindicator formulaibn is adopted to facilitate the modeling of uncertain distributions of three
particular global fracture parameters (primary fracture conductivity, secondary fracture
conductivity, and global fracture intensity).

o The method is flexible in handling both Gatan and nofGaussian uncertain fracture
parameters and can be implemented to characterize other uncertain fracture parameters, such
as fracture aperture, length, and height.

o0 The method is more suitable for handling the-hiear relationship between discrete fracture

network parameters and reservoir flow response. This was achieved by the perturbation of
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DFN parameters in the DFN space instead of the upscaled reservoir feasathes reducing
possible errors associated with upscaled reservoir parameters.

o An important benefit of this method is that the uncertainties in fracture parameters are
guantified using multiple egtprobable DFN models and their corresponding upsdaed
simulation models.

o It is recommended that this technique be applied to analyzing other complex field cases
involving multiple well pads (with more than one well) and extended to characterize naturally

fracturedreservoirs
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APPENDIXT Figures
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Fig. 31: Diagram showing the well, the primary fractures and secondary induced fractures inte
the primary fractures for (a) Cases2land (b) Case #3.
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Fig. 32: (a) Nested model gridwith the variable of fracture PERMX is shown; (b) 1D filter of the variab
fracture PERMX.
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Fig. 3-3: Flowchart describing the probability perturbation method and obje
function minimization workflow.
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Chapter 4. Probabilistic History Matching of Multi -Scale Fractured
Reservoirs: Integration of a Novel Localization Scheme Based on

Rate Transient Analysis

41 OVERVIEW

A new assisted histomnatching workflow is pesented, whereate transient analysis (RTA)
results are used to constrain not only the inidigicrete fracture networkDEN) models, the
interpreted flow regimes are also used to formulate a localization scheme for more efficient
updating of the pertimgé DFN model parameters. The outcome is an ensemble of DFN realizations

that are calibrated to both geologic and dynamic production data.

RTA interpretations and other pertinent geological data are used to infer the prior probability
distributions of the mknown fracture parameters, from which an ensemble of initial DFN models
is sampledThe DFN models are subjected to nuneatimultiphase flow simulation.he fracture
parameters are adjusted following an indicdtased probability perturbation method,ighis
capable of minimizing the objective function and reducing the uncertainties in the unknown
fracture parameters simultaneously. A key feature is that the flow regimes identified from RTA
are used to formulate a localization strategy, where indivekgrhents of the production daia
used to tune only a specified subset of the unknown model parameters.

In a case study, the method is applied to characterize dialplty distributions of four
parameters in a multifractured shale gas well: prinfeagture transmissivity aperture of the
secondary fracturéransmissivity of the secondary induced fractarel global fracture intensity.
Their probability distributions are updated following the proposed approach to match the

production history. Mulple realizations of the DFN model are sampled.
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A key novelty is that the proposegmrobabilistic approach facilitates the representation of
uncertainties in fracture parameters via multiple DFN models and their corresponding upscaled
flow-simulation modelsA more comprehensive and robust approach is presented for integrating

specific RTA interpretations and estimations into various steps of the hmstiching process.

42 INTRODUCTION

Detailed characterization dhighly heterogeneousnulti-scale fracture systemswhich are
commonly observed in hydraulically fractured unconventional reservoirs, is dfilenging.
Complex fracture geometrie®mpounded witlthe significant disparity in permeability between
the matrix and fracture systeman pose particular challengeBlow simulation of a discrete
fracture network DFN) model can be computationally demanding considerthg highly
nonlinearrelationshipsbetweenvariousfracture model parameters atite correspondingjow
response$Wang and Leung, 2015; Liu et al., 201R)remains challenging to construct a set of
DFN mode$ and update both the hydraulic and secondary fracture parammgtetsgrating bth
static (e.g., logs) and dynamic data (e.g., rate and pressure measurements).

The first issue ighe integration of data and measurements from diverse sources and scales
Fracture propertiesuch as size, aperture, compressibility, orientation, stdyatikansmissivity,
intensity, halflength, permeabilit, aregenerallynot knowna priori. Certain image logs may be
used to infer the statistics of these parameata acquired from recorded microseismic activities
has been useful in determining tieection of fracturesegarding theitrend (the angleneasured
from the Northin thex i y plane) and plunge (the vertical angieasuredrom the horizontalx i
y plane).Rate transient analysi®TA) can be used to assefsw regimes and certain frage
parametersfrom production data. There are many existing RTA models in the literature

corresponding to different flow regimes and boundary conditions. Some of the early works is that
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of Bello et al (2010, whichdeveloped an analytical model for a tparosity medium entailing
five identifiableflow regimes Ezulike et al. (2015) identified three flow regimes similar to those
in Bell ods model and f urtimd pseudedeady stataelflewd du¢ tb e a n &
inter-fracture interference. Alet al. (2013) also performed an analysis on the tppl®sity
mode| which assumes sequential flows from matrix to miteztures, macrdractures, and
finally to the horizontal well while identifying six different flow regimes. Recently, Wang (2018)
incorporated many additional mechanisms in their analytical models, including secondary fracture
networks, norDarcy flow, noruniform stimulated reservoir volume, gas desorption in hanopores,
and heterogeneous completion across multiple stages, for imgalyarious flow regimes in
fractured shale gas well production. Despite the development of many new models over the years,
the main limitation, however, is that the analytical models used in RTA often invoke many
assumptions, such as constant parameteesand specific boundary conditions. Nevertheless,
interpretations derived from RTA can be used as initial guesses for more rigorous (detailed) history
matching analysis (Yue et al., 2016).

The seconatoncernis connectedo the numerical simulation of uttiphase flow in fractured
porous media. Fractured reservoir simulation approaches can be categorized depending on how
the fracture geometry is represented and how the matrix and fracture flow interactions are captured.
The dualporosity (DP) model consais the fracture system as the only flow path directly
connected to the wellbore; although irparosity flow between the matrix and fracture systems
is accounted for, intgporosity flows within the matrix system and to the wellbore are ignored (De
Swaan 1976;Warren and Root1963;Bui et al, 2000). An improvement to the DP model, which
is the dualporosity dualpermeability (DPDK) model, was proposed, and it considers all-inter

porosity flows between the fracture network, matrix system, and the wel{bla and Huang
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2002;Al-Shaalan et gl2003;Van Heel et al.2008). In the DPDK model, the flow transfer terms

are formulated as functions of the shape factor, pressure gradiedtseveral other physical
parameters. A major drawback is that it is difficult to fully capture the information pertinent to
multiphasdlow, in terms of capillarity and gravity, into the formulationtleé shape factor. In the

DP or DPDK modeling framework, the fractured medium is represented with an equivalent model
consisting of matrix and fracture domaifbere is also aassumptiorthat the fractureshouldbe
densely populatefibr this model to work efficientlyAhmed et al 2015). Alternative approaches

have been developed to alleviate these limitations by incorporating the discrete fracture model,
where the actual geometries atacations of individual fractures are prescribed in the
computational domain explicitlyAn unstructured mesh is used to discretize a domain with
randomlydistributed fractures. Various finite element and finite volume methods, such as-control
volume finite-element (CVFE), celtentered finitevolume (CCFV or multpoint flux
approximation MPFA) and mixed finiteelement methods (MFE), ake been developed
(Monteagudo andriroozabadi2004; Sandve et al2012; Zidane an#liroozabadi2014 Liu et

al., 2020Q. There are some limitations with these techniques; for example, the CVFE scheme does
not preserve flux continuity for heterogeneous porous medium, while the MFE method, which is
locally flux-continuous and conservative, can be computationally expensibetlathe velocity

and pressure fields are estimated simultaneously. In recent years, the use of Embedded Discrete
Fracture Models (EDFM) is becoming more popular. The discrete fractures are integrated within
the conventional matrix cells (Shakiba et aD18). In this work, the DPK model is usedo

capture the interporosity flows between the fracture network, matrix system, and wellbore
construct a dual continuum reservoir simulation model, equivalent porous medium prcpetties

as permeabilityensor and shape parametars assigned to each reservoir cell consisting of both
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matrix and fracture continuaa upscaling techniquéslejadi et al.2017). A commonlyadopted
analytical approach was developed by Oda (198&)re advanced flovwased upsaing
techniques and locallobal upscaling schemes have also been developed (Chen et al., 2003).

The third concerns the inference of distributions of fracture properties from dynamic (flow
and pressure) data. History matching is a process by whiclnitydata is integrated to infer the
uncertain model parameters: fracture parameters (e.g., intensity, location, orientation, size) are
perturbed until the simulation prediction is consistent with the actual dynamic data. This is an
inverse problem, andsitsolutions are neanique.Severatechniquesincluding stochastics search
(e.g., simulatecannealing, genetic algorithm)ptimizationbased methods (e.g., maximum a
posterior) and samplingbased (e.g., gradual deformation), have betdized to charaterize
fracture network models. In some cases, the equivalent model parameters are updated, while
discrete fracture properties are updated in others. Cui and Kellar (2005) calculatedsitigity
coefficients of production data with respect to thettrecintensity using a gradient simulator and
the adjoint method; correlations between fracture intensity and fracture permeability, matrix
permeability, and a certain coupling factor were used to update these pertinent flow parameters
Yet, the gradienbased optimization techniques can be computationally expensive due to the
gradient calculationHu and Jenni (2005) formulated a gradual deformation method to calibrate
an objectbased Boolean model for estimating the shape, location, and size of various
heterogeneous features from production data. De Lima @Qdl2 applied gradual deformation
to estimate realizations of fault distribution (i.e., intensity, leratld spatial locationsiHowever,
despite the ease of the implementatiothefgralual déormation methodit is only applicable for
modeling properties that follow a Gaussian distributiand this isgenerally not a valid

assumption for fracture properti€izuki et al(2007) applied the probability perturbation method
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(PPM) to estimate tge-scale fracture distribution and loestale variations in fracture densities
for a naturally fractured reservaiithout considering hydraulic fracture stag€éai et al (2016
proposed a twatage Markov Chain Monte Carl@1CMC) method with embeddediscrete
fracture modeling for characterizing different porosity distributions corresponding to the organic
matrix, inorganic matrix, secondary fractures, and hydraulic fractures of shale resérheirs.
problem with MCMC is that itequiresnumerousterations to converge to a stationary distribution
due to low acceptance ratios for transitions to a new gparéicularly when the number of
unknown model parameters is largéther researchers have applied various stochastic search
algorithmsto estimate fracture distribution. Chen et(@D19 developed a mukscale approach

for historymatching of duaporosity models: an evolutionary algorithm was used to calibrate
coarsescale static and dynamic parameters frawerage fieldpressure, wée bottonmhole
pressures, and repeat formation tester (RFT) data, while the streamline simulation was performed
to finetune local fracture permeability to match the specific well bothote pressures.
Ensemblebased techniques (e.g., Ensemble Kalmaarfitir EnKF, and ensemble smoother) have
also gained wide attention ftreiradvantages in data assimilation and uncertainty quantification.
The convergence dnKF is guaranteed ifnulti-Gaussian distributi@can be assumed for the
model and data variéds, as well as ifa linear relationship between all variabkegsts. These
assumptions are generallyptnapplicablefor fractured resenics, rendering he convergence
behavior of other ensemblmsed methodcluding EnKF, to becompromisd. Improvemats

on the EnKF formulation, such aterative updating to mitigate concerns associated with
noninearity Chen and Olive 2012) and alternative parategzation schemes to transform the
nonGaussian distributions into Gaussian ones (Linde et al., 20&5¢ proposedNejadi et al

(20195 employed EnKF to characterize hydraulic fracture parameters (e.g:lemgtlh and
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transmissivity) and induced fracture parameters (e.g., length, transmissivity, intensity) using a
DPDK simulation model. A similar tecique was used in Nejadi et 42017 to infer fracture
orientation, conductivity, permeability tensors, and intensity for a naturally fractured reservoir.
Emerick and Reynolds (2012ombined MCMC with EnKF, and the results showed some
improvement compaceto EnKF alone; however, the data mismatch was still quite high. They
assessed the results of a very long MCMGCaasference solution to scrutinize the sampling
performance of the ensemidased methoddn the endthere is still debate that thoughes
extensions/ hybrid formulations may retahe conceptof utilizing an ensemble, thayo longer
dependon a linear update or transformation of spased are not appropriate for highly ron
Gaussian variablesmplying that theycould offer onlya partial approximation of the true
distribution.

The literature reviewhas revealed severarguableissuesrelevantto production history
matching of multiscale factured reservoirs. The descriptimhDFN models with little or no data
counters the idea of proper representation of fractured reservoirs. Values obtained from thorough
RTA study and microseismic data serve as an ideal substitatastrairthe descriptionof DFN
and further localizatio of dynamic history matching. The gradidratsed optimization techniques
are robust, but the computation of gradientsliesensitivity coefficients) can be computationally
expensive. Stochastic search algorithms, such as simulated annealing anckticeatgorithm,
may also require many iterations to converge. A samyilaggd technique, namely the probability
perturbation method, is used for tihesearchas it does rtarequire gradient calculations and can
easily handle no#aussian fracture paratees it facilitates the estimation ahe posterior
probability distribution, from which multiple aizations can be sampled. The PBpproach has

beenimplemented ta@alibrate permeability distribution in conventional reservoirs (Kashib et al.
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2006) awd naturally fractured reservoir permeability distribution, conditioned to a prescribed
fracture densit model (Suzuki et al., 2007).

The objective of thighesisis to propose a new workflow for incorporating Ritkerived
information into anindicatorbasel probability perturbation method for histemyatching
production data in a system consisting of both hydraulic and seconddugd€d fractures in
addition to utilizing theRTA results to constrain the initial distributions drious fracture
properties (e.g., transmissivity, aperture,intensity), information related to thedv regimes is
used to formulate lacalization schemeyhere individual segments of the production dataised
to tune only a specified subset of the unknown model paramétenefore, the RTA results are
used in two different ways to constrain the overall histoptching workflow.The adoption of
localization strategies in other settings has ompi the convergence behavior of many history
matching problems that are geribrall -posed. In the proposed methdbde global and local
discrete fracture network (DFN) model parameters are updated, and the DFN isodel
subsequentlyupscaled into a DPDK model fanmultiphaseflow simulation. A significant
advantageof the techniquas that the uncertainties in fracture parameters are represented by
multiple DFN realizations and their corresponding upscaled -$iomulation models. Many
previous studies focus on updating the upscaled models, without offering a direct means of
transferng that upscaled model parameters back to a set of DFN model parameters. The outcome
is an ensemble of DFN realizations that are calibrated to both geologic and dynamic production
data The developed workflow is applied in a synthetic case study of ahlychlly fractured shale

reservoir in the Horn River basin.
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4.3 METHODOLOGY
4.3.1 Rate Transient Analysis of Production Data

In the RTA study, a dugdorosity reservoir model is employed to represent the hydraulic fracture
and background matrix; is assumed that a hydraulicafiactured horizontal well is located in

the center of the rectangular domain withfloov outer boundaries (Blasingame et al., 1990;
Bourdet, 2002). The fractured horizontal well model commonly used for unconventional gas

aralysis and production forecasting is adapted leseepresented Fig. 4-1.

The analysis is performed on thlet of rate normalized pressure versus square root of time and
the log-log plot of rate normalized pressuf®NP integral as well as its derative, versus
equivalent time ) (as shown in Fig.4-2 and Fig. 43, respectively The equations for the
identified flow regimes are presented in Appendix Alhe RNPintegral and its derivative are
defined according to E¢4-1) and Eq.(4-2), respetively. Relevant model parameters, including
fracture halflength X7), total matrix surface area draining into fracture systégm)( matrix
permeability km) and stimulated reservoir volumeSRY can be obtained from different

identifiable flow regimes.

T = (m(R)- m( R¢)) d tversus (4-1)

t. ¢ a@)

l—l él Lo qref
uint, &%, 1 @)

(M(P)- m( R¢)) d £ gersus § (4-2)

where; — Q) is the equivalent timeotherwise callednaterial balance timand it is a time
©oam

function that transforms the variabiate solution into an equivalent constaaie solution The

integral ofRNPand its derivative are often preferred, instead of its direct form, as they help to
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preserve the signatures correspondmghe flow regimes and suppress the noise or fluctuations

commonly observed in the derivativeRNPversuste plot.

The dashed blue lines represent the boundary model where the dfstemdbe wellto the

North and South boundaries are the same, la@dlistance to the East and West boundaries are

also the same. The two nodes can be adjusted to control the distances to the boundaries. These

flow regimes can be identified:

1. Transientlinear flow: halfslope representing flofrom the matrixinto the primary

fractures with infinite conductivity:Acm can be obtained from this segmeafter

determiningkm from the psedo stat&tate flow regire.

2. Pseudo steadstate or SRV flow: unit slope representing pressure interference between

consecutivénydraulic fractureskmandX; can be determined from the intercept and slope,

respectively.SinceX; is determinedSRV (= 2 x L. x X; x h) can be obtained from this

segment.

The normalized rateumulative plot (Fig4-4) is also employed to estimate the initialglace gas

volume. A straight line with a nega¢ slope can be identified during the bounddoyninated

flow regime. Thus, this is transformed into a simple relationship between the dimensionless rate

and cumultive as defined below:

o = 1422Tq
° kh(m(P)- nf R))

o _4.5TzSTGIPM(P)} m(P)
 fhAR(M(P- ni R))

q VersusSTGnP(m(Pi)- m(P))

(m(R)- n( R) (M(R)- m( py)
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The plotof Eq.(4-5) with an assumed value of STGIIP iteratively converges to a value of STGIIP
(compared with the assumed value) identified as an intercept orattis. x

Fromthe RTA results, the following parameters are estimatedthey areusedsubsequently
in the numerical simulation modeXs, km and Acm. For the remaining four fracture parameters
(transmisavities of the primary Tpr) and induced fracture34), global induced fracture intensity
(PS320), the secondary fracture apertugl the RTA estimates will be used ifer the initial
distributions, while the posterior distributions will be updated in the probabilistic histatghing
framework in the nebstep. First, the Latin hypercube sampling technique is applied with the RTA
procedure to generate random samples of these four paramsdassdering that model parameter
estimation is an inverse problem, multiple sets of values could match the distaampling
approach helps to determine a reliable range for each parameter, which is subsegadrniby
define the initial distributions of the DFN model parameters. This approach ensures that the initial
DFN models used in the next step are constddinghe RTA estimates. Details are discussed later

in sectiond4.4.1.

4.3.2 Generation of Initial Realization of Discrete Fracture Network Models

The Fisher et al(20095 formulation for a complex hydraulic fracture system was adopted to
construct the DFNnodel using FRACMAN® Golder Associates, 2018&ach hydraulic fracture

stage is modeled usingpaimary fracturglan elongated penrghapedissure) that is intersected

by randomlydistributed secondary (induced) fractures connected to the primary é&adctig. 4-

5. The secondary fractures are the induced fractures initiated as cracks on the hydraulic fracture
surfaces. Sincaatural fracturesre not considerelere their impacts orthe hydraulic fracture
geometry as well as reactivation of naturahétures, are not modeled. In this work, it is assumed

that the primary and induced secondary fractures are the most dominant felatactisre
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properties, such as orientation, intensity, aperfogation, sizeand transmissivity, are defined

for both pimary and secondary fractures. The Fisher distribution (Fi488&8) is used to define

the orientation parameters of the induced fractures. Parameters of the Fisher distribution should be
defined separately for individual hydraulic fracturing stagesl can be estimated from
geomechanical and microseismic data.

Transmiswvities of the primary Tpr) and induced fracturesTd), global induced fracture
intensity P%520), as well as the secondary fracture apentyrarethe uncertain historymatching
parametersonsidered in thisesearchUpdating of the uncertain parameters based on production
histories will be achieved during history matchimgdividual secondaryréctures are assigned
following a prescribed nearest neighbor model, where the local fracture intéhsijydecreases

exponentially with distance to the primary fracture:

s bd, ¢

P (X)=ce (4-6)

Where ¢ and are empirical constantstis the distance between location x and the arnjm

fracture plane@ershowitz 1993).

4.3.3 DiscreteFractureNetwork Model Upscaling

The DFN model is transformed intcaquivalenDPDK simulationmodel (Fig.4-6) based on a

static upscaling scheme (Oda, 198B)e Oda upscaling scheme is assumed to ihabéel and
applicable for thighesis it is computationally faster than the fldvased upscaling schemes (it

can be calculated without running any flow simulations). In addition, it is assumed that the induced

fractures are weltonnectedo the primary facture(Dershowitz et al 2000).

The upscaled DPDK model parameters include fragtaresity, Odapermeability tensornd

matrix-fracture couplingn the form of shape factor. In particular, the fracture porosity is defined
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as the total fracture voluen(average crossectional area x aperture) divided by the cell volume.
The Oda permeability tensor is computedfiogt projecting the isotropiracture permeability
onto the fracture plane and then scaling it according to the fracture porbséyesultant3 x 3

permeability tensor is given by the following matrix:

K, =

1
ij 1_2(Fkka|’] _Fij ) (4_7)

Where Kjj is an element in th@ermeability tensorFj is the element offracture tensor
(facilitates fracture flow as a vector along the unit nornmahfthe fracture plane and is calculated
by adding the individual fractures within the upscaled grid block, weighted by their area and

transmissivity as ifiEq. (4-8); Uj is theKroenecker's delta
1N
i :\7a ATnn (4-8)
r=1

WhereV is the grid cell volume\ is the total number of fractures in a grid call,nj. represents
the component of a unit normal to the fracture?r is the area of fracture r anbt is the
transmissivity of fracture r.

Finally, the shape factor, or sigma factor, provides a measure of fracairie interaction, or

interporosity flow betwen the matrix and fracture domains. It is represented mathematically as:

41 6,41 1 1
Sigmage— g4 e (4-9)
Qﬁz 0 éﬁ_l—z sz Lk2

WherelL,, Lj, andLkrefer to the fracture spacings in the xagpd z directions.

4.3.4 Probability Perturbation History Matching Using Flow Regibhoealization Scheme

A commercial blacloil simulator (Schlumberge2017) is employed to modehultiphase fluid

flow.
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PPM effectively integrates production data dynaaitycduring the histoymatching process
(Caers 2003; Kashib arfsrinivasan2006). It substitutes the tuning of specific unknown model
parameters, such as a particular geostatistical realization of fracture intensity, with the tuning of
the probability dstributions corresponding to these model parametersisTaccomplishedia a
deformation parameterp.

The probability perturbation method (PPM) is a perturbation approach based on the Bayesian
updating framework. It perturbs or updates the postprimability distribution directly based on
the mismatch with the production histories. Similar to other ensepatsled techniques, multiple
realizations can be sampled from the posterior distributions, facilitating the analysis of many
realizations of theincertain model parameteiSecondly, it is aortiterative updating scheme and
does not assume Gaussian distributions. Therefore, PPM is adopted here due to its flexibility with
nonGaussian distributions and ntinear updating. The main disadvantageP#fM is that the
perturbation is based on a perturbation factor, and in some implementations, this can be a limiting
step. However, in the formulation shown here, an efficient 1D optimization scheme is adopted, as
suggested by others in the literatuBaés 2003; Kashib an8rinivasan2006.

An indicator formulation is adopted here account fo the nonGaussian nature dDFN
parametersin particular, probability distributions of thencertain paramete(se., P5526 T, Te,
and Tsf) are perturked according to the indicatdrased formulation proposed in Kashib and
Srinivasan (2006):

P{I"(u)=k| I'(u) =« G B.RI(Uy Kk k k

(4-11)
P (u)=k|I'(u) &% G E& ¢ .RI(Y K=

k' Kk
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The formulation describes the probability of transitioning from the indicator catkgbisted to

the categork at sted+ 1 using the perturbation facteg i [O,J].The probabilityP{l ( u)}is= k0

the prior probability whileP{I"*(u) = k|I' (u) =k, C} is the posterior probabilityAs i tends
towards 1, more perturbation of the probabilitesults If i = 0, there is no perturbation, and the
probability of staying at categofyat stepl+1 is 1.0.;if i = 1, the probability of staying at
categoryk atstepl+ 1 is 0. u represents the unknowiig; re, Tpr, andP5,c as points in the domain.
The PPMframeworkis describedn Fig. 4-7. To arrive at the global optimal, the workflow is
divided into an inner loop, where the Brent 1D optimization scheme (Brent, 1973) is oddain
a local optimal value af for a given initial realization, and an outer loop, where a different initial
realization of the model parameters is explored. Denotations are marked in the figure to describe
the sections of the workflow indicatingetwo loops. In Figd-7, thefirst step is to generate a set
of initial realizations based on previousigrived RTA resultslt should be emphasized thaet
RTA step is not repeated at the beginning of every outer lbgpsimply necessary to ensuak

initial realizations are constrained by the RTA estimated distributions, as discussed earlier

2

40, (0- Q, (1, ,ﬁ<t Q15,9 0 () b0 9
P I8 o 5‘“ L dt@érﬁw f e

Wh max max\'D !

Eq. (4-12) definesthe normalized objective functidmased on the L2 norm corresponding to
the mismatch between historical data and simulation prediction, @e@, andb represent the
gas production, water producticand Bottomhole pressuraespectively andthe subscripts, h
andmaxdenotethe smulaion prediction histori@l data,andthe upper limit fnaximumvalue)

for that particular variablegspectively.
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Inthe innerloop t h e alGoritermis¢ ap@ied to search for the optimal corresponding
to thelocal minima of the objective functidmased on a certain initial realization of the model
parametersThis algorithmeffectively locateshe minimum of asinglevariable function by
utilizing the concepts ofjolden sectin search and successiparabolicinterpolation which are

summarized in Eq4-13).

x(2) - yJow gh - _ 31 )
. = — 6.61¢€
Xh|gh _ XIow Xhlgh _ Xlow 7 (4—13)

Wherex andx"9"are thelower and uppeboundsfor the search interval corresponding to a
unimodal functionx® andx® are points on the functicguch that the distances frofi" to x®
andx® to x"9" are exactly the same. EithéP andx® is selected as the minima for the next search
interval. The process is repeated until the minimum is below a certauhefireed tolerance. is
the ratio of equal distances to the overall interval distaxit® { xX°%), which is afactorakin to
what is applied in the golden section search algoritiime Brent algorithm in the inner loop is
computationally efficient as objective function evaluation is only required at the-digteice
points (i.e.,x®, x®, etc.) and the convergence speed is fast. The efficiency of the designed
workflow is therebre associated with the Brent algorithm. The method is used to estimate the
optimal value ofrp corresponding to a given initial realization of the unknown parameters. The
inner loop is then repeated using a different initial realization, as denoted by the outer loop.

A novel localization strategig incorporated based on the flow regimes identiéiditom RTA
The RTAderived flow regimes are used to constrain which model parameters can be perturbed or
updated based on different parts of the production data. Thetieaglyata is used to adjust the

parameters describing the hydraulic fractures. [Ahetime data is used to adjust the secondary
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fracture parameters; this is because secondary fractures generally rerpaopped, and their
aperture and hydraulic conductivity strongly depend on the -inaeture fluid pressure;
communication betweetlhe secondary and hydraulic fractures is significant during the late time
after muchof the water in the active secondary fracturasbeendisplaced by gas influx from the
matrix (Ezulike andDehghanpour2015). A localization scheme is designed: (1) taely-time

data is used to perturb and optimize ofly, (2) the latetime data is used to perturb and optimize

Tst, PSGag, re, While Tyt remains fixed at its optimal value from stage (1).

44 REFERENCE CASE STUDY

To demonstratehe functionality of tle proposed®PM implementationa modelrepresenting a
particularhorizontalshale gas welkomprising of four stages of hydraulic fracturing in the Horn
River Basin is presentedhe data is extracted from a field example presented in an earlier work

by Ngadi et al. (2015) and as adapted from Nwabia and Leung (2021).

4.4.1 Model Description

The model dimension B44m x 244m x 76 m (with 50 x 50 x 10 grid cells along the ¥-, and
z- directions, respectively). Each hydraulic fracturing stage is modeled as a primary (main) fracture

plane intersected by a set of secondary (smaller) fractures.

Table4-1 showsa summary of thd®FN madel parameters-racture orientation, including the
trend (horizontal angle in the-yx planemeasured away from the north, i.e., positivaxys) and
plunge(vertical anglebetween thdracture plane anthe horizontalx-y plang of each primary

fracture can be inferred frommicroseismic interpretatios. For this particular well, ite
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microseismimbservations show that tleeientation offracture growth isalong the NEdirection
(le,pol e t r e(Neadietfal., 2045). ¢ )

As discussed in sectioh3.1, values ofXs, Acm, km, andSRVare estimated directly from the
RTA results and are used for the construction of the reference DFN niduelfollowing
equations are used to compute the relevant DFN model paraméiars are used to constrain
the initial distribution of the four uncertain fracture propertiegds, Tpr, Ts, andre) that are

updated in the PPM workflow:

b iy < Anltotal area of fractures)_% 2IﬁNN n 414(2)
V, (total volume) 2_X.h

T (119 =29 w140

/ = skﬁ 414(c)

Stac = (Guia  *Grac) 7 9L 4-14(d)

) 249

P32 is a measure dfactureintensity, as defined by Dershowitz (1984); the subs@igéenotes a
global fracture intensity sasure that is constant throughout the entire doriianmefers to the
transmissivity of either primarylpr, or secondaryTs;, fracture. In this example, the secondary
fractures represent induced/reactivated fractures due to hydraulic fracture; thémetiofer and
Tstare proportional to the corresponding primary fracture permeakil(igyages 1 to 4, as shown

in Table4-1).reis the secondary fracture aperture. Values of fluid viscesitensity; and fluid
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compressibilitycnuia for the gas phase at initial conditions are presemietable 4-2. g is the
gravitational constant is the shape factor defined by the chanastie dimension of the matrix
block and the number of normal sets of fracture planes intersecting the matrixrialeskhe
wellbore radius (0.091m¥ac andcrac are the fracture storativity and fracture compressibility,
respectivelywis thestorativity ratio describing the fractional contribution of the fractures to the
total storativity of the system (i.e., ratio of fracture storativity){ to the storativity of the entire
matrix-fracture systems/€:)r-m; where'm and /s are thematrix porosity (obtained from RTA) and
the fracture porosity, respectively; the fracture porosity is defined as the ratio of total fracture
volume to the cell volume, and the total fracture volume is computedas 2 Primary and
secondary fracture compregsity are assigned based on values corresponding td/tiekwa
shale ranging between 0.0250.12 MPa according to Bustin et al. (2008).

Eq.4-14(a) is used to compuR.c. Eq.4-14(b) is used to estimaleyr, andTs;, Eq.4-14(c) is
used to estimatk. Eq.4-14(d)(e) are usedo computere, and the values of storativifgr both
the primary and secondary fractures are similar to those observed byI€in(®96) As
discussed in sectiof.3.2, individual secondary fractusearepopulated according to theearest
neighbor model, where the local fracture intenditys) decreases exponentially witisthnce to
the primary fracture. Analytical upscaling (Oda, 1985) is used to construct the equivalent DPDK
model.After the DFNmodel upscaling, the upscaled model is thebjected taaumericalflow
simulation (EclipsePetrel E&P Software Platfor@017)to compute the production profilés a
total period ofLl2 months

One particular DFN realization is treated as the reference case, from whidbtthieal data
is extracted for this case study. discussed in sectioh3.4 the production period is divided into

two segments for localization purposes: early time (Dey@ay 90) vs. late time (Day 91 to 365).
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Therefore, the 1-Pnonth production profiles of water production rate, gas production rate, and
bottomhole pressureRys) corresponding to the reference case are considered asstibecal
data.

A preliminaryhistory match is conducted to determiapproximatelythe potential mismatch
in the objectivefunction @lthough it could be quitkigh) andto assesthe level of perturbation
(e.g.,the bounds corresponding to the model parameters) that may be requirggl tthe PPM
history-matching step

Table 41: Parameters for the reference discrete fracture network (DFN) model and the
corresponding dual permeability (DPDK) simulation model

Discrete Fracture Network Parameters:

Primary Fractures

StOl‘atIVIty, Spfrac 10 X 10_6
Equivalent radius, epeq (70, 50, 64, 75) ft
Permeability ki (k1 = Kr2 10, ki3 15, kia 5) mD

Trend (Stage 1)

Trend (Stage 2)

Trend (Stage 3) 244¢

Trend (Stage 4)

Plunge (Stage 1) 19¢

Plunge (Stage 2)

Plunge (Stage 3)

Plunge (Stage 4)

Compressibility, Cpfrac 0.000156 psi?
Secondary Fractures

Storativity, Ssfrac 1.0 x 106

Equivalent radius, €seq (10, 19, 9, 32) ft

96



Trend Assigned based on the nearest neighbor model from the primary fracture
Plunge
Compressibility, Csfrac Similar to the primary fracture

Dual Permeability Model Parameters:

Number of grids 50 x 50 x 10

Model dimensions 800 x 800 x 250 ft3
Matrix Permeability 0.00004 to 0.00007 mD
Matrix Porosity 6%

Reservoir depth 6425 ft

Initial reservoir pressure 5000 psi

Table 42: Reservoir Fluid Properties (Shale Gas)

Gas Density, } 0.0507 Ib./ft3
Viscosity, € 0.015¢cp
Compressibility, Ciuid 3.99 e-7 psit

4.4.2 Workflow Implementation

The designed history matching framework is implemented to perturb the unknown DFN model
parameters and to integrate the historical production data for the reference case, as described in
sectiond4.4.1. A FracMara macro editable script comprising o$at d function calls for creating

and upscaling of the DFN mode$sused to generate a set of initial realizations, as well as the new
realizations during each iteration or updating step. The remaining segments of the PPM workflow
involving the fluid flow sinulation, history matching, and unknown parameter updating are
implemented in Matlab® R2020a (MathWorks, 2020) as a central control for the call functions to

the other software platforms.
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Thirty indicator levels are used to parameterize each diotireunknown (history matching)
parametersPs3,c(lognormadistribution) Tpr (Gaussian distributionye (lognormal distribution),
and Tsf (bimodal distribution). These indicators represent different bins of the categorical
parameters, where tmeidpoints correspond to the levels used during the-bacisform. Fig4-
8 shows the initial distributions of the four uncertain model parameters generated in the outer loop
and this will be optimized when the minimum objective function is achievedra@ibto both

geologic and dynamic production data.

45 RESULTS AND DISCUSSION

The initialrealizations are constructed based on the RTA estimated\wathging between 2 and
9 andkm ranging from 0.0002 to 0.0006 mD. For the reference médel4 andkn» = 0.004 mD.
The statusof the dynamic history matehg is monitored according to the mismatch, and the
iterations would terminate if the objective function is lower than alptermined tolerancew

O %, Gccording to Eq.-42). It is observed thathe iterations would stoafter approximately
104 to 120iterations for example, in this case study, it takeoii@er loopsand13 inner l@ps for

one particular set of initial realizatians

Selected successive changes in the prior and posterior distributions from iteration | to iteration
I+i are shownn Fig. 4-9, representing thprobabilities for either staying at the current category
atstepl+1 or transitioning to categomy at sted+ 1. The rowsindicatesomeselected outer loops
andindividual figures alongachrow represensomeselected inner loop iterationosrresponding
to counteri = | toi = I+1. The spiks observed in the figureeveal areduction in the sampling
variance which indicatesa level ofconvergnceto a solution at thearticulariteration step.

Between loops 1 and 5, only: is updated using the early time data. From loop 6 onwagis,
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not updated, with its value being drawn from the posterior distribution obtained at the end of loop
5, while PS5, re, and Tsrare updated using the late time ddii. 4-9 illustrates that the PPM
algorithm has satisfactorily retained the r®aussiarncharacteristics for different distributions
during the parameter updating process, while Gaussian posterior distributions are generally
expected with other samplidgased methods, such as EnKF. After obtaining the final posterior
probability distributionstwo additional realizations are sampled amelprofiles of gaproduction

rate, water production rate, aRg; of all three historymatched realizations are shown in Fg.

10. A 5% noise is added to the production data. The results confirm that owdnetiobust and
capable of handling noisy data.

Table4-3 compares the distribution means of the model parameters for the initial and updated
realizations. The updated values of the uncertain fracture parameters are different from those of
the initial moakls, indicating that the RTAerived mean values would only offer possible
estimates for the initial models. Tablel stows the comparison between the objective functions
of the three historynatched realizations with the set objective function toleréae, O %)0

For all the uncertain parameters, tipelated history-matched) values are much closer to those
in the reference model. In particular, a noticeable variation from the initial model is observed,
indicating that the initial model, which is cetrained based on RTA estimates alone, could only
offer a preliminary estimate. Fog although theipdated aperture (mean) value of &.ftlis not
as closeo the reference model (mean vahfed.029ft), it still represents a much better match
with the reference modetpnsidering that #n initial distribution was much wider and different
The variability exhibited by the final updated models illustrates theunaueness of all history

matching invers@roblems.
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Table 43: Comparison of the uncertain DFN model parameters for the reference case, initial and
updated realizatian

Uncertain Parameter Reference Model Initial Model Updated Model

(Mean Values) (Mean Values)
Global Fracture Intensity (Psfs2c), /ft. 0.190 0.250 0.193
Transmissivity T, ft?/sec 32.530 126.340 43.431
Transmissivity Ty, ft?/sec 357.600 855.100 391.910
Aperture re, ft. 0.029 0.052 0.016

Table 44: Comparison of thebjective function of the history matched realizations

& Q Realization #1 Realization #2 Realization #3
01 90 days 10% 0.1732% 0.3050% 0.0844%
91171 365 days 10% 8.7052% 9.5281% 8.5464%

The history matching framework adopted in tlthesis demonstates the possibilities of;
handling norGaussian fracture parameters, handling the-lme@ar relationship between the
uncertain fracture parameters and upscaled reservoir model properties, and implementing a flow
regimelocalization scheme for efficientidtory matching. It further presents a method for
evaluating secondary fracture parameters, sud'as, re, and T that are not readily inferred

from existing well logs and microseismic interpretations.
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It is acknowledged that there are limitations associated with the DPDK model for representing
fracture geometrgndthe matrix fracture flow interactionsas highlighted in the introductiobut
considering that the focus of thikesisis to introduce a historgnatching workflow for
characterizing unknown fracture parameters, the emphasis is on the history matching scheme and
less so on the simulation tool. The presented workflow can easitgdalified to integrate with
more advanced simulation tools (e.g., EDFM)tUfe studies will incorporate other methods of

fluid flow simulation for the multstage hydraulically fractured reservoir.

46 CONCLUSION AND RECOMMENDATION

a) This researchadoped the probability perturbation method for history matching of multi
staged fractured unconventional wells. This method has not been employed for this particular
application previously. Most importantly, a new localization scheme based on flow regimes
is adaekd.

b) The implementation shows the flexibility of the framework to handle Gaussian fracture
parameters. The workflow also handles the -loear relationship between fracture
parameters and upscaled reservoir model properties dibgqblgrturbing the pbabilities of
the uncertain fracture parameters (using a macro file representation of the DFN model).

c) The localization scheme for history matching designed for the method facilitates efficient
history matching by perturbation of the impacting parametetse model according to the
specific flow region.

d) A significant advardgge of this approach is thiite uncertainties in fracture parametars
guantified using multiple DFN models and thetorrespondingupscaled flowsimulation

models
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e) The updatedhistory-matched) values of the uncertain fracture parameters show a noticeable

f)

variation from the initial model; indicating that the initial model, which is constrained based
on RTA estimates alone, could only offer a preliminary estimate. A more rigordosyhis
matching procedure, such as that presented ithésss is required for properly inferring the
inherent uncertainties.

Future studies will extend this technique to modeling spatially varying uncertain fracture
parameters with a more complex disttibn of secondary fractures for several field cases.

Effects of natural fractures should also be considered.
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APPENDIXT Figures

Fig. 41: Schematic of a fractured horizontal well and dimensions.
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Fig. 46: Schematiegepresentation of the upscaled DPDK model with an indication
PERMZ (permeability along thedirection).
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Chapter 5: Incorporating the Variability of Uncertain DFN Model
Parameters of a Hydraulically Fractured Reservoir during
Probabilistic-Based Assisted History Matching: Findings and

Deductions

51 OVERVIEW

Discrete fracture network (DFN) models can explicitly repretengeometrical properties of each
individual fracture (e.g., size, orientation, shape, and aperture) and fracture sets, where these
comprising fracture properties are sampled from specific probability distributions. Nevertheless,
integrating these DFN atels during a production history matching remains difficult. A robust
model updating technique, with the capabilities of incorporating the variability in the fracture
parameters across hydraulic fracture stages and mitigating the uncertainty inhehnenham t

linear relationship between a set of fracture parameters and the corresponding upscaled reservoir
model properties, is required. It is important to update pertinent DFN model parameters, such that

they are calibrated to both stochastic reservoiretsoand dynamic production data.

Rate transient analysis (RTA) interpretations are used to infer the prior probability distributions of
the unknown varying DFN parameters across each stage of the hydraulic fracture and the
intersecting secondary fracturassociated with each hydraulic fracture stage; an ensemble of the
initial DFN models are sampled. This is followed dgumerical multiphase flow simulation of

the upscaled model amccomparison between the predicted production responses with the actual
historical data. An indicatelbased probability perturbation method is then used to minimize the

objective function and consequently reduce the uncertainties in the unknown fracture parameters.
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An essential detail ishoseflow regimes identified through RN study are used to develop a
localization scheme, where multiple flow regimes are inferred from the production data, and
different portions of the production data are used to perturb specific model parameters
corresponding to that particular flow regim&he adoption of localization schemes is targeted at
improving the convergence behavior of suchpdked inverse problesn The designed
probabilistic framework characterizes the posterior probability distributions of tf@mtyDFN
parameters of a muistaged (4 stages) hydraulicafhactured horizontal shale gas well in the
Horn River Basin: primary fracture transmissivilygd, secondary fracture aperture){ secondary
fracture transmissivityTg), global fracture intensity of the secondary fraet@52c), secondary
fracture length I{) and height Kl); The proposed approach does not only sample multiple
realizations of the DFN modehut it alsoupdates (through the adopted history matching
workflow) the probability distributions of thegmpacting DFN parameters. The results reveal the
flexibility in obtaining unknown secondary fracture parameters that are not easily inferred by other

methods such as cores and microseismic interpretations.

5.2 INTRODUCTION

The combination afiorizontal drilling and hydraulic fracturing, which is also termed hydraulically
fractured horizontal wells, has immensely contributed to the improved production from
unconventional (tight and shale) reservoirs in recent years. This practice involvemntabriz
directional drilling of well into the tight formation along with the injection of water, sand, and
chemicals at high pressures to create fissures in the shale rock. Despite the successes with hydraulic
fractuing and horizontal drillingthe presencef highly heterogeneous, muktcale, fracture
systems renders any detailed characterization of the fracture properties, a prerequisite for future

reservoir forecast, to be difficult. A particular challenge is related to the complex geometries of

119



the secadary fractures (intersected with or reactivated by a hydraulic fradttine)r distribution

is generally correlated to the position/orientation of a hydraulic (primary) fracture. Another
difficulty stems from the high contrast in permeability betweenrntatrix and fracture systems

which amplifies the nonlinearity (uncertainty) between the fracture model parameters and recorded
flow responses. Consequently, an efficient procedure, which would mitigate these challenges is
essential to update both hydrauéind secondary fracture parameters per stage whilst integrating
both static (e.g., core/ logs) and dynamic data (e.g., rate and pressure measurements) for reliable

production forecast and to optimize development strategies.

Detailed characterization ofdctured reservoirs is firstly challenged by data paucity
leading to the combination of information and measurements from different sources. Image logs
and results from core data analysis can be used to infer the uncertain statistics of fracture
parameterdike orientation, haHength, intensity, aperture, height, and permeability. In some
cases, acoustic data, such as microseismic events, has been used to infer fracture orientation (e.g.,
trend and plunge). Analytical models of rate transient analysi&)YRave been useful for deriving
fractured reservoir flow regimes and fracture parameters from production data. One of the early
RTA studies was performed Bello et al., 2010which presented an analytical model for a dual
porosity medium, and the modeéas used to analyze production rate data for identifying five flow
regimes. Many improved models have since been proposed to capture additional physics in
different reservoir settings: shale gagiarwal et al., 1999), tight gas (Zuo et al., 2016), artut tig
oil (Clarkson et al., 2010; Uzun et al., 2016)th®lugh RTA techniques are widely adopted for
analyzing production data obtained from hydraulically fractured horizontal wells in tight or shale
reservoirs, the major drawback of these analytical modekha many assumptions involved: e.g.,

homogeneous reservoir properties, rendering it difficult to be integrated for generating stochastic
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realizations of fracture parameters or DFN models. Yet, there are limited studies that integrate

results from thesanalytical models for constraining DFN models.

The next challenge concerning fractured reservoir characterization is the complexity
associated with numerical simulation of multiphase flow in fractured porous media. Detailed
representation of discrete ftaces (accounting for its geometry and the mafracture flow
interaction physics). One common approach is the-posity (DP) model, which is used to
represent a fractured medium with an equivalent continuum model. In the DP model, the fracture
systen is considered as the only flow path directly connected to the wellbore. An alternative, which
is the duaiporosity dualpermeability (DPDK) model, considers all iMeorosity flows between
the matrix systenfracture network, and the wellbore. With tB®DK models, regularly spaced
matrix blocks separated by a fracture network are utilized to replace a domain with randomly
distributed discrete fractures; a set of effective (upscaled) parameters are used to define this
equivalent system for fluid flow meding (Warren and Root, 1963; Kazemi, 1976; Uleberg and
Kleppe, 1996; Bui et al., 2000). The method is effective when the fractures are densely populated
and weltconnected (Vo et al., 2019). In recent years, the Embedded Discrete Fracture Model
(EDFM) tedinique serves as an improvement to the DPDK model and an alternative approach to
the more complex DFN flow simulations: complex fracture networks are embedded in a set of
structured matrix blocks without utilizing local grid refinement or unstructurediggdYu et al.,

2018; Torres et al., 2020). Since the main focus ofrésisarchs to introduce a historgnatching
workflow for characterizinginknown fracture parameters, the emphasis is on the history matching
scheme and less so on the simulation.tdblus, the DPDK model is used: equivalent porous
medium properties, such as permeability tensor and spagmeneters, are assigned to each

reservoir cell consisting of both matrix and fracture continua via upscaling techniques (Nwabia
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and Leung, 2020). Ehapproach developed by Oda, 1985 is used to compute these effective

properties

History matching (HM), which is the task of integrating production data to infer the
distributions of uncertain model (fracture) properties, is generally gquoskd invers@roblem
with nonunique solutions. Optimizatiebased methods (e.g., maximurp@sterior), ensemble
based methods (Ensemble Kalman FHtENnKF and Ensemble SmootheEnS), and samplinrg
based techniques (e.g., Monte Carlo Markov Chain or MCMC and grdelieaination) are some
common HM algorithms, which can be used for characterizing fracture network models, by
updating either the equivalent model parameters or specific discrete fracture properties. A number
of probabilistic approaches, such as the gradefmrmation method first introduced bl (2000)
and subsequently modified in H2002 can be used for updating probability distributions of
uncertain model parameters. However, though the gradual deformation method is easy to
implement, it is only apptable for modeling properties that follow a Gaussian distribution, which
is generally not a valid assumption for fracture properties. Another technique, the probability
perturbation method (PPM) that was developed by Caers, 2003, is more flexible forghaod
Gaussian distributions. In our previous work, Nwabia and L€R6g1), a HM workflow based
on the PPM was developed to characterize hydraulic fracture parameters (e.g., primary fracture
transmissivity) and induced fracture parameters (e.g., leag#rture, intensity) using a DPDK
simulation model); however, variability in fracture parameters across different stages was not
considered. Chai et 42016 proposed a twstage MCMC method with EDFM for characterizing
different porosity distributiongorresponding to the secondary fractures, hydraulic fractures,
organic matrix, and inorganic matrix of shale reservoirs. However, the MCMC approach may

require several iterations to arrive at a stable converged solution (Tripoppoom, 2019). Ensemble
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basedmethods, such as EnKF (Emerick and Reynolds, 2011) and EnS (Chai et al., 2018; Chang

and Zhang, 2018), which utilize the covariance matrix to update an ensemble of parameters, have
also gained wide attention for their advantages in data assimilation eerdaimty quantification.

Its major limitation is that it assumes meBaussian distribution on model and data variables and

a linear relationship between all variables, and these assumptions do not hold for fractured

reservoirs.

A PPM workflow that inégrates relevant RT-8erived information is applied in this
research thesis$t can handle neaussian fracture parameters and facilitate the estimation of the
posterior probability distribution, from which multiple realizations can be sampled. Properties
derived from RTA are used to constrain the initial distributions of the uncertain fracture parameters
(length, height, aperture, intensity, and transmissivagyl the derived flow regimes are used to
formulate a localization scheme where individual sexgis of the production data are used to tune
only a specified subset of the unknown model parameters. In contrast to our previous work
(Nwabia and Leung, 2021), the unknown hydraulic fracture model parameters can vary among
different stages. The proposeB N framework offers a direct means of updating unknown model
parameters in the DFN domain and subsequently upscaling them into a DPDK model for
multiphase flow simulation, thus creating the representation of uncertainties in fracture parameters
with multiple DFN realizations and their corresponding upscaled-fismulation models. A case
study of a synthetic case of a hydraulically fractuskele reservoir in the Horn River basin is

presented.
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5.3 STUDY PROCEDURE
5.3.1 Rate Transient Analysis to ConstrddFN Model Parameters

The schematic representation in FBgl (Appendix B) showsthe fractured horizontal well model
commonly used for unconventional gas analysis and production forecastingadapted to
represent a foustage hydraulically fractured horizontal well located in the center of a rectangular

domain with neflow outer boundaries.

The plot of rate normalized pressure ahe square root of time anldg-log plot of rate
normalizedpressure RNP integral and its derivative versus equivalent titgei¢ analyzed to
obtain the dominant flow regimes, where thatrix-fracture areaXcm), matrix permeability Km),
fracture halflength ) and SRVcan be derived. Both theNP integraland its derivative are
preferred because they are useful for smoothening noisy data. Various flow regimes can be
identified from the plot oRNPversuge. Eq. 6-1) and Eq.%-2) (in Appendixi A) and equations
in Appendix A.lrepresent thequations for definingthe NP v e r s RNPintegral andits d
derivative versu&. The equivalent time, otherwise known as the material balance MB€)( is

the ratio of the cumulative production as a function of time and fluid (gas) productowitiat

- Q0

time, t, :
q(t)

From the RTA, an initial linear flow period corresponding to a-klpe and the pseudo
steadystate flow PSS corresponding to a unit slope are observed. Fracture parameters, such as
Acmis estimated from the initial linear flolwom the matrix into the hydraulfcacture with infinite
conductivity, while properties representing pressure interference betwesgcative hydraulic

fractures are estimated from tR&Sflow (km, X, SRY. These estimated fracture properties are
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used to derive the initial distributions of the hydraulic and induced fracture parameters necessary
for the construction of the DFN modellgbal induced fracture intensit§5.c, the secondary

fracture aperture., transmissivities of the primaiiys and induced fractureks).
5.3.2 DFN Modeling Incorporating Unknown Multage Hydraulic Fracture Properties

In this work, eachhydraulic fracturing stages modeled as an elongated peismaped crack
(primary fracture) with intersecting randomly distributed secondary or induced fractures connected
to the primary fracture, according Eisher et al., 2005 Fig. 5-2. The secondary fracturese

induced fracturesnitiated as cracks on the hydraulic fracture surfaces. It is assumed that the
hydraulic and induced fractures are the dominant fracttines the impacts of other natural
fractures on primary fracture geometry and its reactivation are assumed to be negligible. Each set
of induced fractures is specified based on the nearest neighbour model, where the local fracture
intensity P32 decays expomdially with the distance to the hydraulic fractuireEq. 6-3)
(Appendixi A). The model is based on several empirical parameters: c is typically inferred from
image log datay controls how quickly the induced fracture intensity decreases with distaage a

from the hydraulic fracture] is the distance between location x and the primary fracture plane

(Dershowitz, 1993).

The initial distributions of the unknown DFN model paramet&gs P26, Tpr, re, L and
H) vary for each individual hydraulic frage stage, and their updating during history matching

will be performed simultaneously for all the fracture stages.
5.3.3 Probability Perturbation and Flow RegirBased Localized History Matching

The creation of the DFN model with varying unknown fragtparameters across fracture stages

is followed by model upscaling and PPM histomatching.
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The implications of the DFN model on flow and transport at the regional scale are evaluated
by transforming the DFN model into an equivalent DPEMdulation modke(in this case matrix
fracture coupling, fracture porosity, and Oda permeability tensor) following Oda, 1985 static
upscaling scheme. This scheme is selected since it can be calculated without requiring flow
simulations, thus it is more computationallfi@ént in comparison to other flolwased upscaling
schemes. The fracture porosity is calculated as the product of the averageectiossl area and
aperture divided by the cell volume. The 3 x 3 Oda permeability tensor is estimated based on the
projecton of the fracture isotropic permeability onto the fracture plane and scaling according to
the fracture porosity as in E&-4)1 (5-5) (Appendix A).The sigma factor or shape factor creates
a means of matrikracture interaction and it is representedhmaatically in Eq.%-6) (Appendix
i A).

With the DFN upscaling completed, numerical simulation of the DPDK model is

performed using ECLIPSE (Schlumberger, 2017) commercial fnhckmulator.

The PPM is an alternative to a traditional Bayesian approactsdiing inverse
problemswhich effectively integrates the changes in production data during the hisédching
process (Caers, 2003). Through the use of a perturbation paragnéterpraability distributions
corresponding to model parameters are adjusted instead of directly perturbing the specific
unknown model parameters (as implemented in most other HM methods). Thus, it has the
flexibility to handle norGaussian distributions for madearameters and ndmear relationships

between model parameters and the dynamic responses.

Following the proposed indicattwased PPM formulation in Kashib and Srinivasan, 2006

i Eq. 6-7) (Appendixi A), the probabilities of the unknown DFN model paggders P2, re,
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Tot, Tst, H, andL) are adjusted and updated. The indicator formulation handles th@aumsian
nature of the DFN modglarameters. Eq5{7) describes the probability of transitioning from the
indicator categork at step to the caégoryk at steg+1 usingrol [0,1]. The probabilityP{I(u)

= Jkistthe prior probability whileP{1"1(u) = k|I' (u) =k, C} is the posterior probability. When

i approaches 1, the probability of transitioning to another category increases; in other words, if
i =1, the probability of remaining in categdtat stepl+1 is 0. This is in contrast fo = 0,

when there is no perturbation and the probability afisg in categonk at stepl+1 is 1.0.u

represents the unknown paramet@gs:re, Tor, P326, H, andL for each stage.

The PPM framework described in Fi3 achieves a global minimum through a #lwop
process; the inner loop where the 1D optimization scheme is implemented; similar to Kashib and
Srinivasan (2006) and Caers (2003), the 1D optimizatigarithm by Brent, 1973 is adopted to
determine a localmiimal value ofrp for a given initial realization, and the outer loop is used for
exploring a different initial realization of the model parameters. The normalized objective function
corresponding to the mismatch between production history and simipatidiction is presented

in Eg. 6-8) (Appendixi A).

The 1D optimization scheme in the inner loop locates the minimum of a-siagddle
function and uses the concept of golden section search and parabolic interpolations to search for
the optimalrp which corresponds to the local minima of the objective function from any initial

realization of the DFN model parameters, as described irbE).(Appendixi A).

x"9" and X° in Eq. 6-9) are the upper and lower bounds for the search interval
correspoding to a unimodal function® andx® are points on the function such that the distances

from xX°% to x? andx® to x"9" are exactly the same. Eitheét andx? is selected as the minima
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for the next search interval. The process is repeatédtiumtminimum is below the prdefined
tolerances is the ratio of equal distances to the overall interval distaxi¥8 i X°%) and is a

factor related to what is applied in the golden section search algorithm. The computational
efficiency of the dagned workflow is associated with the Brent algorithm as its objective function
evaluation is only required at the eqdétance points (i.ex), x?, etc.). The method is applied

and repeated to estimate the optimal valus>aforresponding to anyiwen initial realization of

the unknown parameters.

The flow regimes derived from RTA are incorporated into the workflow as a localization
strategy to constrain which of the DFN model parameters is to be updated for different parts of the
production dataSince secondary fractures are considered to generally remairopped, the
communication between the secondary and hydraulic fractures is significant duriatg ttime
after much of the water in the active secondary fractures has been displacedribygérom the
matrix (Ezulike and Dehghanpour, 2015). Thus, hydraulic fracture paraifgtier perturbed
during the early time while the latene data is used tapdate the secondary fracture parameters
i PSl3q, re, Tsi, L, andH for all four fracture stages, whereas the alreaplymized Tyt remain

unchanged.
54 CASE STUDY
5.4.1 Model Definition

The model represents a festage hydraulically fractured reservoir in the Horn River Basin with
dimensions of 244 mx 244 m. x 76 m.with 50 x 50 x 10 grid cells along the, ¥-, and z
directions, respectively). The primary fractu

the available microseismic information of the well (Nejadi et al., 2015).
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The values okm, Xs, Acm, and SRVestimated from the RTA results are converted to the
relevant DFN parameter®¥szg, re, Tst, L, andH) for the construction of the DFN modél.plot
of the RNPintegral and its derivative versus MBT)(is shown inFig. 5-4 and the estimated

parameters are summarized in Table(Appendixi C).

The relevant DFN model parameters are useful in constraining the initial distributions of

the uncertain fracture parameters according to &=@0() i (5-10v) (Appendixi A).

The ®condary fractures are the induced fractures, and it is assumed th&j:laotth T
are proportional to the primary fracture permeabKifpr all the four fracture stages according to
Eq. 6-10i) (Appendixi A). PSscis the fracture intensitglefined by Dershowitz, 1984 whes#
refers to secondary fracture, and the subsdcdiptenotes a constant global fracture intensity
throughout the entire domain.represents the secondary fracture aperture, \@hil@ndceac are
the fracture storativity and fracture compressibility, respectively the storativity ratio described
as the fractional contribution of the fractures to the total storativity afythiem (i.e., the ratio of
fracture storativity {c)s to the storativity of the entire matriracture systems/€)wm; wherefm
andf:are the matrix porosity and the fracture porosity, respectively; the fracture porosity is defined
as the ratio of t@l fracture volume to the cell volume, and the total fracture volume is computed
as ZLwh. Once a DFN model is constructed, it is upscaled as shown i&-Figthich represents

the upscaled DPDK model of permeability along theirection.

Summary of he DFN model parameters and the shale gas reservoir fluid properties are

presented in Tabl&s2 and5-3, respectively.
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The historical data is a 12 month production histmmprising gagsnd water production rate and
flowing bottomhole pressureRus); with a localization scheme designed for early timé @0

days) and late time (91365 days).
5.4.2 Workflow Application

The implementation of the PPM workflow is performed using one DFN realization as a reference
case where the historical data is extgdc A firstpass history matching aimed at determining the
approximate mismatch in the objective function and evaluating the extent of perturbation that may
be required during the PPM histemyatching is conducted. An editable macro script in the
FracMan®domain containing a set of function calls for constructing and upscaling DFN models
is used to create a set of initial realizations during the initialization steps and updated realizations
during the updating steps. Other sections of the PPM framewaw @lmulation, history
matching, and parameter updating) are facilitated from Mati#a (MathWorks, 2021) central

control with call functions to other software platforms.

The twentyfour unknown fracture parameter;i (Gaussian distribution)Tsi (bimodal
distribution), PS56i (lognormal distribution), rei (lognormal distribution), Hi (lognormal
distribution), and.; (lognormal distribution) are parameterized using thirty indicator levels (bins
of the unknown parameters) whose midpoints ardetieds used for baeltansform.i represents
fracture stages 1 to 4 implying that the unknown DFN fracture parameters vary across the fracture
stages from = 1 toi = 4. Following the implementation of the PPM workflow, the initial
distributions of the urertain DFN model parameters generated in the outer loop are presented in

Fig. 5-6 (Appendixi B).
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5.5 RESULTS, FINDINGS, AND DEDUCTIONS

The minimized objective function was achieved with approximately 520 iterations, comprising 10
outer loops where alhitial realizations were explored and 52 inner loops. The iterations stop when

the mismatch has dropp&gO bled%)w. a certain tole

Fig. 5-7 (Appendixi B) shows the prior anfinal posterior distributions of the updated
mean values of the unknown fracture parameters after history matching using the designed PPM
framework. The updated valuesT¥ (Tpr1, Tprz, Tp3, and Tpta for all the four fracture stages) are
achieved in the earltime based on the novel localization scheme. These values are fixed during
the late time to obtain the updated valueFofTs1, Tsrz, Tsrs, and Tsa) andPS526i (PS5261, Ps52c2,

PS3263 PS5264) realized in 100p 7ie (Fex, Fez Fes,andres) realized in loop 9, and (Hs, Hz, Hz, and
Has) andL (L1, L2, L3, andLs) achieved in Loops 6 and 10 respectively. The figure further shows
that the designed workflow preserved the4@aussians characteristics of the distributions of the

updated paramets.

The gas production rate, water production rate, and bettepressur@rofiles for the
best three historynatched realizations sampled from the final posterior distributions are presented
in Fig.5-8 (Appendixi B). The comparison between thg@ttive functions of these realizations
as presented in TabE4 shows that the final model predictiod®sely matchthe production
histories for all three realizations corresponding to both early and late timegndtieiscan be

attributed to the robtisess of the designed PPM workflow.

Table5-5 (Appendixi C) compares the mean values of the updated model parameters with
the (true) reference model and mean values of the initial distributions (that are based on the RTA

estimates). The twentipur uncetain model parameters are grouped in the table according to the
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regective hydraulic fracture stages. The results indicate thauguated model's values closely
matchthe reference model with negligible differences. On the other hand, noticeableatisezsp

are observed between the updated and initial models, and this would suggest that the initial models,
though constrained with reliable RTA estimates, should be further updated to achieve a better

history match.
5.6 CONCLUSION

(i) We have developed and tested a probabilsiged history matching framework for the
updating of the unknown primary and secondary fracture parameters of a hydraulically
fractured reservoir in the Horn River Basin.

(i) A flow regimebased localization schenwecorporated into the workflow enhanced the
history matching process by adjusting only specific impacting fracture parameters for
specific flow periods.

(i) The PPM framework is flexible for handling the r@Gaussian fracture parameters, as well
as the nodlinear relationship between the fracture parameters and the upscaled reservoir
model properties, by perturbing the probabilities of the fracture parameters in the DFN
domain.

(iv) The noticeable variation between the values of the updated models and thenwlids
indicates that the initial models constrained by RTA estimates are only possible estimates.
The target match between the updated model and the reference model was achieved with

negligible differences.
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APPENDIXi A (Equations)
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Fij is the element of fracture tensor which facilitates fracture flow as a vector along the unit normal
from the fracture plane and is calculated by adding the individual fractures within the upscaled grid
block, weighted by their area and transmissivitynasqd.5-5; U is the Kroenecker's delta aKg is

an element in the permeability tensor.

<|k

1=
>
—
=
=

(5-5)

N is the total number of fractures in a grid cell,and nj: represents the component of a unit

normal to the fracturg, Aris the area of fracture T, is the transmissivity of fracture r aMds the

grid cell volume.

Sigmaee—zoi ! £~)'40 SR S
2 O 2 2 2
crz 2 éﬁr L2 L, (5:6)

Li, Lj, andLkis the fracture spacings in the x, y, and z directions.
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APPENDIXi B (Figures)
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Fig. 51: A representation of a fractured horizontal well and dimensions.

Fig. 52: The hydraulic fractures and intersecting secondary induced fractures
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Run flow simulation.
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Apply Brent optimization to calculate rpep
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Fig. 5-3: PPM framework and objective function optimization.
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Fig. 57: The prior and posterior distributions for the iteration step+1 of the updated parameters.

i =1 = iterative index.
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APPENDIXi C (Tables)

Table 51: Preliminary results obtained from the R&Aalysis

Fracture half length, X;

Porosity,
Interporosity coefficient, /
Storativity, w

Number of traverse fractures, N
Producing well interval, Ly

156 m (512 ft)
4
218 m (717 ft)
0.060
1.03E-08
0.538

Table 52: Summary of the reference DFN model parameters and the corresponding DPDK

simulation model.

DFN Parameters:
Primary Fractures
Storativity, Spfrac
Equivalent radius, €peq
Permeability ki
Trend (Stage
Trend (Stage
Trend (Stage 3)
Trend (Stage
Plunge ( St age
Plunge (Stage 2)
Plunge (Stage 3)
Plunge (Stage 4)
Compressibility, Cpfrac
Secondary Fractures
Storativity, Ssfrac
Equivalent radius, €seq
Trend
Plunge
Compressibility, Csfrac
DPDK Parameters:
Number of grids
Model dimensions
Matrix Permeability
Matrix Porosity
Reservoir depth
Initial reservoir pressure

1.0 x 106

(70.3, 50.9, 62.8, 72.7) ft

(kfl = kf2 12, kf3 17, kf4 3) mD

1)
2)

244¢

4)
1)
69¢e
29e
55e¢
0.000156 psi?

19

1.0 x 10®
(10, 19, 9, 32) ft

Similar to the primary fracture

50 x 50 x 10

244 x 244 x 76 m3
0.000045 to 0.000075 mD
47 6%

1959 m

5000 psi
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Table 53: Shale Gas Reservoir Fluid Properties

Compressibility, Ciuid 3.99 e-7 psit
Gas Density, | 0.0507 Ib./ft3
Viscosity, € 0.0155 cp

Table 54: Objective function values of the history matched realizations.

Days 8ol Realization #1 Realization #2 Realization #3
% % % %

0-90 10 0.01590 0.01582 0.01580

91-365 |10 0.1035 0.0134 0.1031
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Table 55: Comparison of the uncertain DFFhbdel parameters for the reference case, initial and
updated realization for the four stages of the fractures

Uncertain Parameter Reference Model Initial Model Updated Model
575.650 585.000
Transmissivity Tpf, 550.650 850.000 563.500
ft?/sec 270.500 273.510
240.600 250.050
0.090 0.041
Glol?al Fracture 0.093 0.210 0.042
Intensity (PSf52c), /ft. 0.190 0.142
0.130 0.105
45.050 53.420
Transmissivity Ty, 52.500 135.000 62.180
ft?/sec 50.000 ' 62.050
32.530 38.700
0.022 0.030
0.029 0.048
Aperture re, ft. 0020 0.670 0015
0.050 0.078
9.010 10.730
Height H, ft. 10.950 12.714
12.001 14.300 13.201
8.450 10.450
8.450 10.495
Length L, ft 12.000 13.320
11.005 14.250 12.901
9.000 10.861
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Chapter 6: A robust probabilistic history matching framework for
the characterization of fracture network parameters of shale gas

reservoirs

6.1 OVERVIEW

A novel workflow is presented for characterizing discrete fracture network parameters in tight or
shale reservoirs using an indicatlased probability perturbation method. The conditional
probability distributions of primary (hydraulic) and secondarytinaes are perturbed until a

reasonable match with the production history is attained.

A case study for the characterization of the DFN model parameters in a reservoir in the Horn River
Basin (HRB) is illustrated, where the posterior probability distrangi of primary fracture
transmissivity Tpr) at each stage of the hydraulic fracture and secondary fracture apefture (
secondary fracture transmissivifisf, global fracture intensity of the secondary fracti®4),
secondary fracture lengti.)(and height ) are updated. A pilot point scheme and sequential

indicator simulation are employed to update the distributiofS'of.

Each realization of the DFN model is upscaled to an equivalenipduasity dualpermeability

model and subjected toumerical multiphase flow simulation. The predicted production
performance is then compared with the historical data. The DFN model parameters are adjusted
following an indicatotbased probability perturbation method during the history matching process.
This workflow accounts for the highly nonlinear relationships between fracture model parameters
and the corresponding flow responses, and it yields an ensemble of DFN realizations calibrated to

both static and dynamic data, as weltlas relatedipscaled flowsimulation modelsTheresults
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demonstrate the utility of the developed approach for estimating secondary fracture parameters,

which are not inferable from other static information alone.

6.2 INTRODUCTION/ LITERATURE REVIEW

Detailed characterization of primary (hydraulic) fracture (HF) and secondary (i.e., induced or
naturally occurring) fractures (SF) in unconventional tight/shale gas reservoirs remains
challenging due to the complex heterogeneity in fracture properties. In adfltwrsimulation
of discrete fracture network (DFN) models remains computationally demar@argidet al.,
2007; Liu et al., 2019). Due to the significant disparity in scales, estimating the distributions of

secondary/naturdtacture properties is more challenging than the hydraulic fracture properties.

Data from different sources, including static/geologic and dynamic/flow measurements,
should be integrated during the characterization process. Interpretations of theeisnuios
response cloud are often used to infer the approximate size and shape of the stimulated reservoir
volume or SRV (Aminzadeh et al., 2013). The inference of SRV alone does not provide detail
about connectivity between different fractures and secoricirture properties. Yu et al. (2016)
applied the Hougltransform techniqgue and momdehsor analysis to generate DFN models
constrained by microseismic locations and fracture plane orientations. Many rate transient analysis
(RTA) models have been devpkx over the years to analyze flowing data (fluid rates and flowing
pressures) for estimating unknown fracture and reservoir parameters. One of the earlier works was
by Bello (2009), who developed a model consisting of five flow regimes for gpduasity (DP)
medium. The model was used to estimate matrix drainage area, fractdemgtif and formation
damage. There have been many improvements in the topic of RTA; however, given that RTA

models are based on analytical solutions of idealized models{ergogeneous properties and
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simplified boundary conditions), their applications are limited by these many assumptions (Yue et
al., 2016). Therefore, in this work, interpretations derived from RTA are used to infer initial

distributions of the model paratees for the PPM historgnatching analysis.

Many different strategies are available for the numerical multiphase simulation of fractured
reservoir systems. They primarily differ on how the geometries of the fracture systems are
described and how the frace-matrix fluid flow is presented. In a dupbrosity (DP) formulation,
only the fracture system or network is directly connected to the wellbore. Therefore, ftacture
fracture flow and inteporosity flow from matrix system to fracture system are iclmned, while
matrix-to-matrix flow and matrixto-wellbore connection (Barenblatt et al., 1960; Warren and
Root, 1963; AlGhamdi and Ershaghi, 199&)e not In a dualporosity dualpermeability (DPDK)
formulation, both the fracture and matrix systems @menected to the wellbore, where inter
porosity flow between matrix and fracture systems are considered (Hu and Huang, 2002; Degraff
et al., 2005; Uba et al., 2007). Both DP and DPDK models generally work well if the fractures are
densely populated and walonnected (Sun and Schechter, 2015; Kumar et al., 2019; Xu and
Leung, 2021). In situations where the detailed description of the actual geometries and locations
of individual fractures are necessary, local grid refinement (LGR) can be applied incthesfra
regions to represent these fracture elements in the computational domain explicitly. Although this
modelling approach can offer a more accurate representation of the complex fracture system than
the DP or DPDK models, it is much more computatiorddijnanding. Therefore, many simulation
studies still adopt DP or DPDK models (Sarda et al., 2001; Nejadi et al., 2017; Nwabia and Leung,

2020).

The aforementioned simulation techniques generally employ a structured (e.g., Cartesian)

mesh. Unstructured gi$ have become increasingly popular to model fracture systems. Advanced
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higherorder discretization schemes, such as mixed felgenent or finite volume with multiple

point flux approximation, can more accurately simulate fluid flow in fracture sysfEnese
discrete fracture models (DFM) are also more computationally intensive (Cipolla et al., 2010). The
recent and widely adopted embedded discrete fracture model (EDFM) discretizes fractures into
structured cubical matrix cells (Li and Lee 2008; Shakibal., 2018). The EDFM is considered
more computationally efficient in calculating fluid transport than DFM, where fractures are
embedded explicitly within the matrix; fluxes between -guld fracture segments and the

background matrix block are computgad without refinement.

In reservoir systems where both hydraulic and secondary fractures are present, secondary
data such as seismic can improve predictions of fracture intensity in between the wells. In this
work, fracture intensity at pilot (e.g., vielocations are used as conditioning data in a sequential
indicator simulation to populate secondary fractures to the rest of the ddRearrvoir model
parameters are adjusted during history matching such that the model predictions can closely
reproducehe historical data (e.g., flow rates and pressures). History matching is inherently an ill
posed inverse problem with namique solutions. A combined gradient simulator and the adjoint
method were formulated by Cui and Kellar (2005) to update the flmperties of a reservoir
based on the correlation between fracture intensity and fracture permeability, matrix permeability,
and a coupling factor. Gradiebaised optimization techniques require several gradient calculations
and are prone to converging latal minima. Other nogradientbased or global optimization
techniques can be applied: stochastics search algorithms (e.g., genetic algorithm, simulated
annealing), optimizatiotvased methods (e.g., maximurp@sterior), and samplirgased (e.qg.,
gradu deformation, MCMC), have been used to infer discrete fracture parameters or some

effective (or equivalent DPDK) properties. De Lima et al. (2012) implemented the gradual
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deformation approach to estimate realizations of fault distribution (i.e., spaasibins, intensity,

and length). However, this method only works for modelling properties that follow a Gaussian
distribution. It is not applicable for modelling n@uaussian fracture properties. The MCMC
technique has been applied to calibrate subsurfamels and quantify their uncertainties in a
Bayesiamprobabilistic framework(Maucec etl., 200j. A combined twestage MCMC with

EDFM was proposed by Chai et al. (2016) for characterizing different porosity systems
corresponding to the organic matrix, inorganic matrix, secondary fractures, and hydraulic fractures
of shale reservoirs. The MCMC tends to requitany forward simulations, especially when
dealing with a large number of unknown model parameters. Evolutionary techniques have been
implemented to estimate fracture distribution. For example, a-sudte sheme was formulated

by Chen et al. (2019) for the histemyatching of duaporosity models; they calibrated coarse
scale and locadcale fracture parameters from a variety of dynamic and static data. Finally,
ensembleébased techniques such as Ensemblanidal Filter or EnKF (Aanonsen et al., 2009;
Emerick and Reynolds, 2011) and ensemble smoother or EnS (Chai et al., 2018; Chang and Zhang,
2018) are also popular for data assimilation and uncertainty quantification. They utilize the
covariance matrix to uptaan ensemble of parameters. Its major limitation is that it assumes a
multi-Gaussian distribution on model and data variables and a linear relationship between all
variables. These assumptions do not hold for fractured reservoirs, compromising theigenoe
behaviour. Emerick and Reynolds (2012) assessed the results of a very long MCMC as a reference
solution to scrutinize the sampling performance of the ensebpasied methods by combining
MCMC with EnKF. Despite acknowledging a high data mismatehMEMC formulation offered
noticeable improvement to the EnKF formulation. However, though these extensions and hybrid

formulations may retain the utility of an ensemble, they do not depend on a linear update; thus,
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they provide only a partial approximatidor cases with highly neGaussian variables or

nonlinear system dynamics.

A workflow addressing some of the concerns above is proposed for production history
matching of multiscale fractured reservoirs. Integrated information from both microseistaic da
RTA results, and knowledge from previous studies can be used to infer prior probability
distributions of fracture network parameters. A samphbaged histommatching method (PPW
probability perturbation method) is adopted for updating the-Gamsgan hydraulic and
secondary fracture parameters; it facilitates the approximation of the posterior probability
distributions based on the dynamic (production) data. Although this method has been used to
calibrate permeability distribution in conventionaéservoirs (Kashib et al.,, 2006) and
unconventional reservoirs (Suzuki et al., 2007; Nwabia and Leung, 2021a), its application in
scenarios where the secondary fractures are disconnected to and not within the vicinity of the
hydraulic fractures is lackingn our previous works, the technique was used to estithate
properties of hydraulic fracture and nearby secondary fractures (those that are induced or
connected to the hydraulic fractures). Information from microseismic events and results from RTA
was abo used to construct the initial distributions of unknown fracture parameters. To history
match the production data, an indicab@sed probability perturbation method was employed
(Nwabia and Leung, 2021a; Nwabia and Leung, 2021b).

This thesisaims to exend the technique to modelling secondary fractures throughout the
entire domain. To handle the spatially varying secondary fracture distribution, aqiot
parameterization scheme and sequential simulation are integrated into the irzhsathPPM
workflow to update the unknown DFN model parametersnary fracture transmissivityf ) at

each stage of the hydraulic fracture, secondary fracture aperyyesécondary fracture
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transmissivity Tsf), secondary fracture length)(and height i), local fracture intensity of the
secondary fracturéts,.). Similar to the previous works, RTA interpretations, microseismic data,
and knowledge of the updated fracture parameters are used to construct the initial distributions of
the unknown DFN paramete In the PPM framework, a realization of the DFN model is sampled,
upscaled to an equivalent DPDK model, and subjected to flow simulation (forward modelling).
The mismatch between the simulation predictions and the actual production profiles is computed.
The novelty in our proposed workflow is the description of uncertainties in fracture parameters
through several DFN models capturing both HF and SF properties and the equivalent upscaled
flow-simulation models, resulting in an ensemble of DFN realizattonslitioned to both static

and dynamic data.

6.3 METHODS

The proposed PPM framework integrates data from different sources to infer unknowscadelti
fracture parameters. Static (geologic) information such as those extracted from microseismic data,
aswell as RTA estimates of fracture parameters, are employed to construct the initial (prior)
distributions of various uncertain discrete fracture parameters. Parameters inChddiggre, H

andL are assumed to be constant, while secondary fractteesity represented biyso. are
assumed to vary spatially. The pilot point technique is used to paraméeifizeuch that the
number of unknown parameters is reduced and to provide a means of reintroducing the spatial
distribution through sequential simulation. In particulBgz. values at selected pilot point
locations are updated and used as conditioning Wt isequential indicator simulationRUSIM
(Deutsch and Journel, 1998) to populate its values for the rest of the grid. thetis well
locations with conditioning data (microseismic data and RTA estimates of fracture properties) are

selected ashe pilot locations. The PPM algorithm is used to perturb the probability distributions
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of all unknown parameters (e.#l, Pz2L at pilot points, etc.) until a match with the production data

is attained: first, a realization of the reservoir (or DFN) m@lebnstructed by sampling from the
initial distributions of all unknown parameters; second, the model is upscaled into an equivalent
DPDK model and subjected to numerical flow simulation using a commercialtilasiknulator
(Schlumberger, 2020); (3) a@&ht D optimization algorithm is applied to minimize the objective
function update the unknown fracture parameters. A localization scheme -Gtevdistory
matching process is employed: edilye production data is used to update only some of the
hydraulic parameters, while latene production data is used to perturb only the secondary fracture

parameters.

6.3.1 DFN Modeling and Simulation

6.3.1.1 Generation and Upscaling of Initial Realization of DFN Model

The HF and SF properties are inputtedbiat commercial DFN modelling package (Golder

Associates, 2018) to generate different DFN model realizations and perform the upscaling step.

Fig. 6-1 represents a complex fracture system with primary fractures conceptualized as
elliptical fissures interséed by secondary fractures, as Fisher et al. (2005) proposed. It comprises
four hydraulic fracturing stages, modeled as elongated p&myed fissures and secondary
fractures throughout the domain. An editable macro script is used to implement these steps
Consider a mesh af x ny x n; grid cells. Each grid cell is populated with secondary fractures
according to its values dts21, Tss, re, H, andL. If a primary fracture is also present, then other
parameters of the hydraulic fracture, includifygare used to generate an initial realization of the

DFN model.
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To model the multivariate distribution &2, it would require modelling their values at
all ny x ny X n; locations. As mentioned earlier, a pilot point scheme is adopted to parameterize
P32L. For example, in the case study presented nmgxt,ny X n, = 50 x 50 x 10, five pilot points
are selected such that,. values at these selected locations are update used as conditioning
data inSISIMto populate the rest of the griBs2L is modeled as a categorical variable: high,
relatively high, medium, and low intensiti@here are many possible ways of choosing these pilot
points.A few considerations ammade when selecting these locations:tigy are intersected by
well perforations or hydraulic fracture plan@shere microseismic data and RTA estimates of
fracture properties are availaplé2) they areplaced randomly throughout the domain to ensure
sufficient variability is capturedn addition, instead of selecting five cells from all locations, five
subregiongeach consisting of 7 x 7 x 10 grid cells) are cho3ée. pilotsubregiongepresent
about 10% of the total reservoir domaénsuring a dticient level of conditioning is achieved

without exarcerbating the computational load

To summarize, the model parameters are:

1 Tpi at each hydraulic fracture stages= 1,.., number of hydraulic fracture stages. It is
assumed that they follow a Gaussihstribution.

1 Psgat each pilot poingf= 1, é, number of pil ot followa nt s .
lognormal distribution, an8ISIMis used to simulatBs;. at other grid locations.

1 Ts; &t each specified perturbing locatigrek 1, €, number of perturhb
assumed that they follow a bimodal distribution, amtlalized based on the assumption
that the probability distributions ofs facilitated through RTA estimates ofiduced

fractures obtained from previous studies are suitable. At otheperburbing locations of
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the reservoir, the bimodal distributions T remain unchanged and values are sampled
randomly from these probability distributions.

1 rq,4j x andH; at each specified perturbing locatignk 1, é, number of
locations. It is assumed that they follow a lognormal distributigig initialized based on
the assumption that the probability distributionsedacilitated through RTA estimates of
induced fractures obtained from previous studies are suitable. The initial distributigng of
andH; are assumed based on knowledge of the field. At othepaduarbing locations in
the reservoir, the lognormal dliutions of these parameters remain unchanged and their

values are sampled randomly from their lognormal distributions.

The probability distributions of theecondary fracture network parameters (i£.Tsr, L, andH)
are adjusted only at specific pabation locationsThe assumption is that fracture intensiy()

is most uncertain and significantly impacts the overall conductivity of the SF network.

Next, the DFN model is upscaled to an equivalent DPDK model using a static upscaling procedure
developed by Oda (1985). In this work, a static upscaling scheme is employed for its computational
efficiency; however, other flovbased techniques can also be used. This Oda upscaling technique
works well when all the secondary fractures are well connéatdgt primary fractures, which is

assumed to be valid in thigsearch{Dershowitz et al., 2000).

The upscaled DPDK parameters are (1) Oda permeability tensor; (2) fracture godesited as
the total fracture volume (average crsgstional area x apture) divided by the cell volume; (3)
shape factor related to the flow area between the matrix and fracture systems within a grid block.

The Oda permeability tensor is computed by projecting the isotropic fracture permeability onto the
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fracture planethereafter scaling it in line with the fracture porosity, resulting in a 3 x 3

permeability tensor.

1
K; :1_2(Fkkdij ), (6-1)

In the equation above, whilé iig the Kroenecker's delt&; represents an element in the
permeability tensoif is the element of fracture tensor which simplifies fracture flow as a vector
along the unit normal from the fracture plane and is estimated by summing individual fractures

within the upscaled grid bl&cweighted by their transmissivity and area described ir{G=8).
1.0
R=gaatng . (6-2)
r=1

The total number of fractures in a grid cell is representéd ag, nj is the component of a unit
normal to the fracturg T, is the transmissivity of fractuire Ar is the area of fractume whileV is
the grid cell volume. The shape factor describes the interporosity flow between the matrix and

fracture domains and is mathematically represented as:

soanl L L (6-3)
SRR

whereLi, Lj, Lk are the fracture spacingsxny, z directions, respectively. Fi¢-2 shows the first

diagonal element of the upscaled DPDK Oda permeability tensor.

6.3.1.2 History Matchingi Probability Perturbation Method
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This probability perturbation method (PPM) is used to update the posterior probability distribution
of unknown madel parameters depending on the mismatch between model predictions and the
actual production histories at each perturbation step (Caers 2003; Caers 2007). The tuning of the
probability distributions corresponding to the unknown DFN model parameters svedthi
through the variablep (a deformation parameter). An indicatmaised formulation based on
Kashib and Srinivasan (2006) is applied here to model theGamssian distributions of model

parameters (Nwabia and Leung, 2021a, 2021b):

PO (u) =k I'(u) % G 5 RI(UY Kk k Kk
P{I™(u)=k[I'(u) % G F & RI(Y K= (6-4)

The equation describes the probability of transitioning from the indicator categosyed to the

categonk éat sted+ 1 utilizing the perturbation factay,, i [0,4],forn= 1, é, number of

types of model parameters (e.g.z 6 for Tpr, Tst, P32L, re, L, andH). P{I ( u )} isthe gridr
probability while P{1"1(u) = k|I' (u) =k, C} is the posterior probability considerir@ as the
production dataFor thisreseach, the probability distributions of the uncertain DFN model
parameters (i.eTpfi, Tsi, dP32L), e, kHj, @NA L) kare adjustedu represents the locations of the
unknown multivariate distributions @y, Tsj, ke, klj, ki, @ndP32y. The indicatorbased formulation
facilitates the handling of the ndbaussian distributions.

An efficient 1D optimization scheme suggested by othehors (Caers 2003) is adopted
here to handle limitations associated with the PPM perturbation, which depends on the perturbation
factoronly. As Y 0, there is I|little or no perturbatio
categoryk atstepl+1is 1.0.Asi Y 1, the probabil iktatstepbrflis@t ay i n ¢

since more perturbation is expected. The adopted parameterization scheme preserves the nonlinear
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relationship between the set of uncertain DFN model parameters and trspoading reservoir
flow response since the perturbation of these parameters is executed in the DFN space. DPDK
upscaling is performed after the sampling of a DFN model.

The PPM procedure is summarized in Fg. The process consists of an inner an@iout
loop, where different levels of optimization are performed to attain the desired global optimal. For
the inner loop, a 1D optimization scheme (Brent, 1973) is used to obtain a local optimal value of
rp for a given initial realization. In other words, the goal of the inner loop is to find the optimal
i , considering a particular initial realization of the model parameters. The -senigble
function is optimized using the golden section searchsaedessive parabolic interpolation, as

outlined in Eq(6-5).

X2 _ ylow ~ igh _ (1)

Xhigh_ Xlow Xhigh _Xlow

7 618 (6-5)

wherex"9" andx°" are the upper and lower bounds for the search interval equivalent to a unimodal
function; x® andx® are points o the function such that the distances fndt to x? andx® to

x9h are equal. Eithex? andx® is selected as the minima for the next search interval, and the
procedure is repeated until the minimum is achieved (i.e., below aefeed tolerance)
representshe ratio of equal distances to the overall interval distaxit® { X°"), and ths is a

factor related to what is applied in the golden section search algo€hoe. an optimal value of

ffroo i s obtained, the entire inner | oop is repe
the outer loop. In other wordduring the egcution of the outer loop, a different initial realization

of the model parameters is examined. An optimal sebofalues (fom model parameters) and

the corresponding posterior distribution are updated according t¢6H). Eachrpn value is
perturted and optimized individuallysince differentrp values should be used for different

variables.
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The normalized objective function is formulated as the L2 norm of the mismatch between

the historical data and the model forecast:

2

20, (9 Q, (1 o RO Q (an, ) 0 &R0 Ryfon ) O
DO h A t (6-6
:r‘é‘é ghmax( Dn ) gj ! %V\hmax Dn ’ 8 éﬁ I‘bwf Dn ’ Qd ( )

where Qg, Qw, and Py are the gas production, water production, and bctiola pressure,
respectively, while the subscripgsh andmaxare the historical data, simulation prediction and

the upper limit for a specific vaable, respectively.

The PPM algorithm is summarized below. It follows the algorithm descriptions given by

Caers (2007) and Kashib and Srinivasan (2006):

A [Outer Loop] Generate an initial realizatiasf the DFN model by sampling from
probability distributons of Ty, Tss, ke, kHj, kL kand P32y, Perform upscaling and flow
simulation to comput®O .

A [Inner Loop] Perform a set of 1D optimizations fosn to yield rpnopt [i.€., optimizing all
nrpdbs simultaneuosl!| y]:

o Repeat untilDOis minimized
A Guess a value fap, for each o parameters [E-5];
A CalculateP{1"*(u(x)) = k |I' (u(x)) =k, G for Tofi, Tsj, ke, i, &y @Nd Paa
[Eq. 6-4];
A Perform SISIM and generate a newealization of the DFN model by
sampling from the updated posterior distributiong*étu(x));
A Perform upscaling and flow simulation to compi@.

o Setl™u(x)computed usimiy wavelfupdpt i mal 0
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The outeloop [step 1] is repeated until minimum mismatch in the objective function is achieved,
and the most optimal**(u(x)) [step 2b] with the lowest minima is selected as the final updated
posterior distributions.

Following Nwabia and Leung (2021b), a nol@talization strategy is formulated using
the flow regimes identifiable from RTA. First, the eatitpe data is used to perturb and optimize
only Tpri. Next, the latdime data is used to perturb and optimigg Ps2uj, I, ki, @ndH; while Tps
remains fixed at its optimal value from the first stage. This scheme is adopted since it is known
that secondary fractures typically remain-pnopped, and their hydraulic conductivity and
aperture strongly depend on the infracture fluid pressure; commigation between the
hydraulic and secondary fractures are significant during the late time when much of the water in
the active secondary fractures has been displaced by gas influx from the matrix (Ezulike and
Dehghanpour, 2015kirst, therp perturbation foiTf at the four hydraulic fracture stages is done
independently until optimaipn and the corresponding updated distribution3 g@fare attained.
Then, independentpn for each secondary fracture parameter at the different locatiens ar
perturbed and combined untinopt Or Mminimum objective function mismatch is achieved. The

algorithm is computationally efficient and exhibits good convergence behaviour.

6.4 CASE STUDY

A field example of a foustage hydraulically fractured reservoiitivsecondary fractures in the
Horn River Basin is modelled to assess the validity of the designed workflow. The model domain
is244 m x 244 m x 76 m (50 x 50 x 10 grid cells along thg-xand z directions, respectively).

As mentioned earlier, to fditate the parameterization B2, five subregions of 7 x 7 x 10 grid

cells (each) are selected as pilot points. Model parameters (as shown iG-ILalalee extracted
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from a previous study (Nwabia and Leung, 2020). The average aperture of NFs inBhe HR

approximately 0.8 mm, with most of the NFs ranging from 0.1 to 2.5 mm (Yang et al., 2018).

A reference DFN model is created representing a multifractured shale gas well in the Horn

Ri ver Basin. Thi s reference mre.dAs Hiscussed i then s i

previous study, the trend and plunge of each primary fracture were inferred from interpreted

de

microseismic events (Nejadi et al., 2015). The reference DFN model is upscaled to an equivalent

DPDK model. This step is carried out withite FracMan® software facilitated by macros, which

are scripts of function calls for generating and upscaling the DFN models. The upscaled DPDK

model is then subjected to numerical flow simulation to compute the production profiles over 12

months. The 12nonth production profiles of water production rate, gas production rate, and

bottomhole pressure are employed as historical data. A sensitivity analysis is performed to

ensure the prior distributions of all model parameters are reasonable (ganggeexhibited are

sufficient to capture the variability in the production historiége summay of theparameters of

the DFN model and the corresponding upscaled -peameability modeare presented in Table

6-1. The orientation parameters for themedary fractures are assumed similar to those of the

primary fractures. Values of storativity for the primary and secondary fractures are similar to those

reported in Cincdey (1996).

Table 61: Parameters for the reference discrete fracture netwdiiK)Bhodel and the
corresponding dual permeability simulation model.

Discrete Fracture Network Parameters:
Primary Fractures
Storativity, Spirac

Equivalent radius, €peq

1.0 x 106

30, 45, 26, 55m (98.4, 147.6, 85.3, 180.4ft)
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Permeability ks

Trend (Stage 1)

Trend (Stage

Trend (Stage

Trend (Stage

Plunge (Stage

Plunge (Stage 2)

Plunge (Stage

Plunge (Stage

Compressibility, Cpfrac
Secondary Fractures

Storativity, Ssfrac

Equivalent radius, €seq

(kf]_ = Kro 10, kt3 15, kia 5) mD

247¢€

29e

0.0226 MPa! (0.000156 psiZ)

1.0 x 10

3.0,4.9,2.4,55m (9.8, 16.1, 7.9, 18 ft)

Trend Assigned based on the nearest neighbor model from the primary fracture

Plunge

Compressibility, Csfrac

Dual Permeability Model Parameters:

Number of grids

Model dimensions

Matrix Permeability

Matrix Porosity

Reservoir depth

Initial reservoir pressure
Parameters for Variogram Model:

2 0.0

1 0.15 0.0 0.0 0.0

5 5 0.0

1 085 0.0 0.0 0.0

Similar to the primary fracture

50 x 50 x 10

244 x 244 x 76 m?3 (800 x 800 x 250 ft?)
0.00004 to 0.00007 mD

5 to 6%

1959 m (6425 ft)

34.47 MPa (5000 psi)

-nst, nugget effect
-it, cc, azm, dip, tilt (angl, ang2, ang3)
-a_hmax, a_hmin, a_vert (ranges)

-it,cc,azm,dip,tilt (ang1,ang2,ang3)
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55 0.0 -a_hmax, a_hmin, a_vert (ranges)

Structure type (it):

1 - spherical variogram model

Table 62: Reservoir FluidProperties (Shale Gas)

Gas Density, |} 0.812 kg/m3 (0.0507 Ib./ft3)
Viscosity, € 0.015cp
Compressibility, Ciuid 5.787 e-4 MPa! (3.99 e-7 psi?l)

Next, the PPM workflow is applied to history match the production data collected from the
reference case. An initial realization of the DFN model is constructed and upscaled (using the
macros as described earlier). The macro caexeeuted repeatedly within a loop, enabling the
generation of multiple DFN realizations at each iteration or updating step. The entire PPM
workflow is implemented in Matldly R2018a (MathWorks, 2018), and it also acts as the interface

between multiple softare platforms.

The initial (prior) probability density functions of the uncertain DFN parameters are shown in
Fig. 6-4. They are formulated based on static information and RTA results, as discussed in the
previous studies (Nwabia and Leung, 2021b). Ti@sal probability density functions are set so
that their means are widely apart. To test the robustness and validity of the proposed technique,
the initial (prior) distributions are constructed such that the means (indicated in red) are different
from the true case (indicated in greeit is assumed that the initial distributions for each ofithe

J, andj' locations are the same).
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Thirty indicator levels are used to parameterize each unknown model variable. The midpoint
corresponding to each leved used for the baekansform. There are a total of 29 model
parameters, includins (i= 1, 85048 , € .,Poy)(=1¢é 59,kjxandH; ({4 , é.,Irb)
this thesis it is assumed that the perturbation locations of the secondary fracture properties (i.e.,
j) &re the same as those pilot point locatiprishe use of different notations is to emphasize that
SISIMis performed foiPs21j only, while the other secondafacture parameterg g, ke, Hi, ki) «
are updated during history matching process at the locatalgig. Finally, the variogram model
for P32 are shown in Tablé-1. A localization scheme is adopted wh&ge(i= 1, 6 turked
at the earlyitme production period (0 90 days), and the other secondary fracture param@tgrs (
GHK , é,Po)(=1¢&mqg,LjxandH; (K , é aré adjusted at the late time (9865 days).

This scheme is achieved by dividing the PPM workflow into separate stages, and different

parameters are adjusted in each stage.

An additional cases set up to examine the sensitivitytbé pilotpoints (or subregionsynthe
performanceand thedeveloped history matching framewadikig. 6-5. The model setip and
workflow implementationis the same as described earlier. The only difference is that there are
only four pilot points (subregions) intersecting the hydraulic fractures. fdpgsenabout 8%

of the reservoir domain.

6.5 RESULTS AND DISCUSSION

The quality of the history match is quantified according to the mismatch in the objective function.
The iterations are terminated after approximately 13363 iterations when the mismatch isde
than 5%. This is typically achieved after 10 outer loops and 30 inner loops (3 iterations for each

outer loop).
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The (final) updated posterior distributions with the minimum objective function mismatch
are presented in Fi$-6 & 6-7. The figures show #hdistributions ofTps for different hydraulic
fracturing stages and those of the secondary fracture parainé®ess) and {Ts, ke, ki, k) @t the
pilot locations and locatiorjsriespectively Selected successive changes in the prior andrpmyste
distributions from iteratiohto iterationl+i during the final outer loop are shown, representing the
probabilities of staying at the current categht step+ 1 or transitioning to categoly at step
I+1. The spikes observed in the figureveal a reduction in the sampling varignicelicating
convergence to a solution at the final iteration séeduction in the model parameter uncertainty
is observed in the posterior distributions, reflecting the conditioning effect in the modeaimgert
due to the integration of additional dynamic data. The results demonstrate that the procedure can
adequately capture the n@uaussian characteristics for the individual distributions during the

parameter updating process.

The means of the initial drupdated (posterior) distributions are compared to the reference
(true) values in Tablé-3. Despite the vast disparity between the initial models and the true case,
the updated models are close to the true case. It suggests that the history matcliiogy wemk
progressively perturb the posteriors to match the actual production imlataoth case
implementationswhere pilot points are placed either randomly throughout the domain, or placed
near the hydraulic fractureSince the updated posterior distiions of the DFN parameters
closely matches the true case for the case whe
that the fluid flow is more sensitive to the
away f r o nThdaslgkt varddbibitysexhibited by the final updated models, compared to the
reference (true) case, further illustrates the inherentumaueness (itposed nature) of all

history-matching inverse problems.
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Table 63. Updated realizations of the DFN mog@arameters are compared with the reference
(true) and initial models.

DFN Parameter Reference Model Initial Model Updated Model for both
cases
(Mean Values)
(Mean Values)
277.06 289.050, 280.060
Transmissivity Tt 282.40 273.501, 279.630
851.000
2
ftt/sec 287.90 280.092, 283.690
698.00 711.010, 705.000
91.36 102.500, 101.950
113.30 126.85, 125.680
Transmissivity Tsij, 3
82.19 137.400 88.072, -
ft?/sec
83.95 80.024, 81.402
67.78 65.809, 66.470
0.093 0.051, 0.058
0.097 0.060, 0.063
Fracture Intensity (Ps2y),
0.055 0.218 0.047, -
Ift.
0.209 0.190, 0.210
0.200 0.199, 0.202
Aperture rej, in. 0.050 0.087 0.048, 0.052
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0.065 0.064, 0.066
0.075 0.082, -
0.074 0.083, 0.080
0.045 0.033, 0.034
10.90 11.594, 11.520

Length Lj, in. 10.95 11.699, 11.600
10.00 11.710 10.780, -
10.25 10.793, 10.710
10.45 10.804, 10.778
12.95 13.374, 13.296
12.50 12.661, 12.618
13.90 14.400 14.197, -

Height H;, in. 10.90 11.190, 10.802
14.25 14.202, 14.242

Typically, in a robust optimization process as presented in this aekhsemble of model
realizations is used for the assessmenngkrtainties in thiacture parameterttuitively, these
realizations appear equiprobalale statistically similawith similar patterns and similar spatial
variability, since they are generatbg the same perturbation method using the same data, same

grid and same parameter settingsree additional realizations are sampled from the final posterior
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probability distrilutions. These realizationsare useful in optimizing reservoir management
decisions such as the proposed fracture sfrasture location, fracture spaciagd theirvaried
impacs on production, future reservoir performance predictions and the decisiouns fature
development(with minimized risks). Table 6-4 compares the objective functions of the three
realizations. Their profiles of gas production rate, water production rateR.amde compared

with the historical data in Fig-8 & 6-9.

Table6-4: Contrasts in the objective function of the history matched realizations

Days 8ol Realization #1 Realization #2 Realization #3
% % % %
Early time 5 0.7043 0.1039 0.6313
(07 90)
Late time 5 0.9467 0.1947 0.7031
(917 365)

A comparisorin model assumptions, computatiotiale,and model accuracy betwetre

developed techniqueith othersamplingbasednethods are presented in Tabié.6

Table 65: Comparison between the developed PPM framework and other saingdied

methods
Model Assumptions Computational Time Accuracy
Gradual Deformation Relies on the Converge exponentially Inaccurate sampler
perturbation of to the global minimum for non-Gaussian
random numbers for | for only linear problems cases.
stochastic after long run. Difficulty
realizations. Applied | in convergence for non-
to only systems that linear problems.
can be represented
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by a Gaussian
distribution.
EnKF Gaussian prior joint Difficulty to converge to | Partial approximation
probability correct distribution if the for cases with non-
distribution. prior joint probability Gaussian variables
Linear model distribution has non- or nonlinear system
assumptions. Gaussian contribution. dynamics.
MCMC Relies strongly on Large number of Approximately
the statistical iterations to converge. sample the space
assumptions of the defined by the
error model. model.
Developed PPM Framework | Relies on probability | Computationally efficient Better
models to generate and exhibits good approximations to
realizations. convergence behaviour. both Gaussian and
non-Gaussian
posterior probability.

It should be emphasized that the forward model does not couple the flow computations with
geomechanics calculations. In addition, other resenarampeters, such as relative permeability
functions or compaction tables, are not considered during the history matching. The proposed

workflow can be extended in future work to consider these additional parameters.

6.6 CONCLUSION

o0 A probabilisticbased assisted history matching workflow is applied to update unknown DFN
model parameterfsom static and dynamic (production) observatioRse method is used to
update posterior probability distributions of hydraulic and secondary fesctidra shale gas
reservoir.

o An indicator formulation is adopted to facilitate modelling uncertain distributions of several

fracture parameterd g, PsaL, Tst, Te, L, H).
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o The method is flexible in handling both Gaussian and-@Gaunssian uncertaifracture
parameters. It is suitable for handling the nonlinear relationship between discrete fracture
network parameters and reservoir flow response. Perturbation of model parameters is
performed in the DFN space instead of the upscaled reservoir pamri@uncertainties in
model parameters are represented using multiple DFN models and their corresponding
upscaled DPDK models.

0 Secondary fractures, including those in the vicinity of the hydraulic fracture and those
disconnected from the hydraulic fracts, are modeled. The spatial variability is handled using
apilot-point parameterization scheme and sequential simulation with the ineieasted PPM
workflow.

o The significance of this work is that while the workflow was developed for analyzing
hydraulially fractured reservoirs with secondary fractures, it can be applied to other
unconventional hydrocarbon formations with multiple welature studies should test this
technique for modelling other complex field cases involving numerous well pads.

o The history-matching results are achieved withinthe lowwbes f i ned ©aDed dNnce (
suggesting the modelling workflow can infer a reasonable representatiotna& r es er v o

primary and secondary fracture distributions.
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APPENDIX Figures
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Fig. 61 (a): The discrete fracture network model with the hydraulic and secondary fractures:

pilot points (left) andSISIMrealization ofPs2 (right).
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Fig. 6-:2: The upscaled DPDK Oda permeability ten®ERMXX 1 15t diagonal element).

Only the regions near the hydraulic fractures and several pilot locations are displaye
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Fig. 6:3: Schematic description of the PPM procedure.
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Fig. 6-4: Initial probability density functions of the primary and secondary fracture DFN
parameters.
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