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Abstract

A petroleum production system is generally modelled based on the concept of nodal
analysis, where the entire system is broken down into discrete elements such as near-
well bore, tubing, surface choke and flow line. Operating flow rates and pressures can be
estimated with a nodal analysis procedure by calculation of the intersection of
performance curves. Input parameters in nodal analysis of production systems are
considered deterministic, however, some of these parameters are better represented as
distributions. In this report, the ensemble-based data assimilation methods “ensemble
Kalman filter” (EnKF) and “particle filter” (PF) are applied to steady-state models of a
production system for tuning of uncertain model parameters during the test separator
phase. The performance of the EnKF and the PF is tested with the use of twin experiments.
The calibrated model parameters of the choke, tubing and the near-well bore elements
with EnKF and PF can be used to create an ensemble of performance curves leading to an
ensemble of operating flow rates and pressures. The foreseen next step is to use the
posterior distributions of model parameters as inputs for soft sensing of flow rates during
semi-steady-state production for a single phase oil reservoir, where the oil rate and
reservoir pressure are considered as unknown parameters. In the twin experiments as
used in this thesis, a total number of three steady-state pressure drop measurements was
used to estimate a total of six independent parameters which constitutes an ill-posed
problem, resulting in non-unique parameter estimates. It is recommended to alleviate
this issue by either reducing the number of parameters or by using multiple separator
tests at different flow rates.
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1 INTRODUCTION

A petroleum production system is generally modelled based on the concept of nodal
analysis, where the entire system is broken down into discrete elements such as near-well
bore, tubing, surface choke and flow line [1]. Nodal analysis enables one to optimize the
design of production facilities in field development by calculation of flow rates and
pressures for different system configurations. Nodal analysis could also be used during
operation of the field to interpret production measurements. The involved models give a
steady-state description of the pressure drop across each element for given flow rates of
oil, gas and water while assuming all other parameters as known values. Some parameters
such as well length, choke diameter of recently placed choke and initial reservoir pressure
are known values or could be measured with good accuracy. However, other parameters
such as the reservoir pressure during production, permeability and model parameters are
much more uncertain.

Data assimilation, also known as “computer-assisted history matching” is a
frequently used technique in weather forecasting, oceanography [2] and reservoir
engineering [3] to update uncertain model parameters with incoming measurements.
Data assimilation consist of three components: (1) measurements, (2) a model and (3) a
data assimilation method.

Data assimilation has already been applied to discrete elements of a production
system (e.g. multi-phase flow in wells [4]) but has not been applied to an entire
production system. Ensemble-based data assimilation methods, such as the Ensemble
Kalman filter (EnKF) and the particle filter (PF), create multiple realisations of the output
of the model (i.e. of the predicted measurements) by sampling uncertain model
parameters and measurement errors based on prior distributions of those uncertain
parameters and errors. Subsequently, the mismatch between the predicted
measurements, based on the model, and the actual measured values is minimized in some
averaged sense and used to update the distribution of the uncertain parameters with
EnKF and PF. Assessment of the uncertain parameters is done by comparing the prior
and posterior distributions of the uncertain parameter, aiming for a posterior distribution
that has a smaller spread, i.e. smaller variance of the uncertain parameters.

The scope of this research is to apply the stochastic data assimilation methods EnKF and
PF to a petroleum production system based on production data such as pressures and
flow rates of oil, gas and water. We envisage that the data assimilation methods EnKF and
PF could be applied for two production phases in a production system consisting of, e.g.,
the elements choke, tubing and near-well bore.

In the first production phase, called the "test separator phase", flow rates of gas,
oil and water and pressures at different locations like at the bottom of the well, at the
tubing head and the downstream part of the surface choke are measured. The goal of the
"test separator phase" is to tune the uncertain model parameters. Earlier examples of
model parameter tuning for production system models include the updating of a drift flux



multi-phase flow model with EnKF [5], and the updating of drift-flux model parameters
on real data with the extended Kalman filter [6].

In the second production phase, called the "flow rate estimation phase", the
measurements of the pressure are available, while the flow rates are estimated with EnKF
and PF. This type of flow rate estimation, also called “soft sensing”, has already been
applied with the auxiliary particle filter for transient well flow models [4, 7] and for
steady-state models in wells by [8-10] based on pressure and/or temperature
measurements. The focus of this thesis is to investigate the application of the data
assimilation methods EnKF and PF on a production system with twin experiments, i.e. test
the performance of a data assimilation method in the absence of real data. The two goals
for applying data assimilation for the steady-state models of the production system are 1)
tuning of uncertain model parameters (during the test separator phase), and 2) soft
sensing of flow rates (during the flow rate estimation phase). In this thesis, only the tuning
of uncertain model parameters during the test separator phase will be discussed. Use of
the results for flow rate estimation is recommend for future research.

In Chapter 2 details of the data assimilation methods EnKF and PF are described for the
application to a petroleum production system. The production system used throughout
this report consists of the elements: a surface choke, a vertical well and near-well bore. In
Chapters 3, 4, and 5 data assimilation is applied to the discrete elements of the production
system, i.e. the choke, tubing and near-well bore for the purpose of model parameter
estimation during the test separator phase. Chapter 3 focuses on tuning of model
parameters of the extended Gilbert equation [1, 11] which describes the pressure drop
over the choke. In Chapter 4 data assimilation is applied for multi-phase flow through
wells with the Mukherjee and Brill correlation [12], by tuning two introduced model
parameters: correction factors for the gravity component and friction component of the
pressure loss in wells. Chapter 5 explores data assimilation applied to the near-well bore
element of the production system, taking into consideration the uncertain model
parameter, which is chosen as a correction factor for the productivity index. In Chapter 6
data assimilation is applied, in the test separator phase, to the entire production system,
i.e. the tubing, choke and near-well bore elements simultaneously. Chapter 7 concludes
this thesis with a discussion and directions for future research.



2 DATA ASSIMILATION APPLIED
TO PRODUCTION SYSTEMS

This chapter presents how two stochastic data assimilation methods known as the
“ensemble Kalman filter” (EnKF) and the “particle filter” (PF) can be used for model
parameter and flow rate estimation in a production system.

First, the classical use of nodal analysis to predict flow rates based on two fixed
pressures in a production system is explained. Current deterministic nodal analysis
models take all parameters and inputs as certain (i.e. deterministic) values. However, in
reality, many of the parameters are uncertain (i.e. stochastic). Uncertain model
parameters and measurement errors (input errors) can be described with probability
distribution functions (pdfs) instead of with single values. Samples of these pdfs (also
known as ‘realizations’) can be used to generate multiple model predictions of pressures
and flow rates, i.e. ensembles of predicted values.

The second part of this chapter describes the stochastic data assimilation methods
EnKF and PF. These methods update the pdfs of model parameters based on the mismatch
between predicted measurements and actual measurements. The chapter concludes with
a generic description of the application of EnKF and PF to a production system for two
production phases: (1) the “test separator phase” and (2) the “flow rate estimation
phase”. Details of the application are then discussed in the following chapters.

2.1 Stochastic nodal analysis

Nodal analysis is a commonly used technique to compute the pressures and flow rates in
an oil and gas production system [1]. It represents the production system as a group of
elements in between nodes. A simple production system consisting of a choke, a tubing
and a near-well bore element are used in this report; see Figure 2.1. The pressure drop
over an element is described by a mathematical function g which calculates the output
pressure pous,

Pout = g(pin' 4g,scr9o,5¢r qw,sc)' (2.1)

starting from an input pressure pi»and gas, oil and water flow rates at standard conditions
Qgsc Qosc and gwse. The pressure drop over an element is typically calculated for known
values of the three flow rates (or, alternatively, the oil flow rate, gas/oil ratio (GOR) and
water cut). However, often the pressures at two points in the system are known (e.g. from
measurements), whereas the oil flow rate is unknown. In that case the nodal analysis
procedure has to be repeated in an iterative fashion (changing the oil flow rate, for given
values of the GOR and water cut until the pressure drop matches the difference between
the known pressures.) Alternatively, the pressure drop over two system elements, one
upstream and one downstream of a connecting "analysis" node is computed for a large
number of oil flow rates, and the flow rate at which the pressures at the analysis node
match is then the output of the nodal analysis procedure [1].

With the nodal analysis procedure the oil rate gosc in the simple production system
displayed in Figure 2.1 can be calculated for given values of reservoir pressure prand flow
line pressure ps.
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Qtubing
(Pwr,gsc)

near-well bore

I Pwt = Qres(pﬁ’, QSC)

@ Calculated pressure @ Fixed pressure

Figure 2.1: Nodal analysis configuration of a production system with fixed reservoir pressure prand flow line pressure
pawith analysis node at the tubing head. The bottom hole pressure pur and two values of the tubing head pressure, p«z
and pez are calculated for different flow rates gsc one for the system elements upstream of the analysis node, and one
for the downstream part of the system. The output flow rate corresponds to the value for which the two tubing head
pressures become equal.

Suppose the analysis node is the tubing head node, see Figure 2.1. Two values of the tubing
head pressure, p«1 and per2, are calculated, each for a range of different oil rates, resulting
in a “tubing performance curve” and a choke performance curve”; see Figure 2.2. The
calculated tubing head pressure ps1 is a function of the pressure loss over the near-well
bore area and the tubing, starting from a fixed reservoir pressure pz. The calculated tubing
head pressure ps2 is a function of the pressure loss over the choke, starting from a fixed
flow line pressure ps With the choke performance curve and the tubing performance
curve plotted in Figure 2.2, the operating point at the tubing head can be determined as
the intersection of the two curves.
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Figure 2.2: Tubing performance curve and the choke performance curve. The intersection between performance curves
gives operating oil rate and tubing head pressure.



The performance curves in Figure 2.2 are based on two fixed pressures and consider all
other parameters as deterministic parameters. However, many of these parameters are
stochastic and could better be described with a pdf. This implies that the output pressure
will also have a pdf which is a function of the pdfs of the uncertain parameters. Because
there are multiple uncertain parameters in a production system, and because the
functions g describing the pressure drops are nonlinear, closed-form calculation of the
pdf of the output pressure is normally not possible. A different approach to represent the
output pdf is with a discrete distribution rather than a continuous probability
distribution. This is done by random sampling of the uncertain parameters from the pdf,
to obtain “realizations” of outputs. In Figure 2.3, realizations of the choke performance
curve and tubing performance curve are displayed, which are based on samples from the
pdfs of uncertain parameters. This leads to an ensemble of possible operating pressures
and flow rates as output.

Choke performance curve
Tubing performance curve

Flowing tubing head pressure Poer MPa
X

0 1 1 1 1 1 1 1 1 1 1
0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5

Oil flow rate e m/s <107

Figure 2.3: Realizations of choke performance curves and tubing performance curves leading to multiple operating flow
rates and pressures.

2.2 Stochastic data assimilation methods EnKF and PF

The distribution of the uncertain parameters can be updated with one of the ensemble-
based data assimilation methods “ensemble Kalman filter” (EnKF) and “particle filter”
(PF). Ensemble-based data assimilation methods are typically used because of their easy
implementation [13].

2.2.1 Definitions

Ensemble-based sequential data assimilation methods are typically used for dynamic
models in which the model parameters are defined as static (i.e. fixed in time), and the
input and output variables as dynamic (i.e. varying over time) [14]. In our case (semi-
)steady-state models are used to describe the pressure drop, which implies that the input
and output variables either do not change over time or, in the semi-steady-state case,
decline very slowly at a constant rate. The following concepts are introduced for our
(semi-)steady-state data assimilation problem:

1. Model parameters - each mathematical function in an element requires the
definition of model parameters. Some of these model parameters could be seen as
deterministic values, e.g. fluid properties, well length, or well radius. However,
other model parameters are subject to more uncertainty, and could therefore be



better described as stochastic. Stochastic model parameters are updated with data
assimilation and are stored in the uncertain model parameter vector m. Their
initial distribution is referred to as the “prior distribution”; their updated
distribution is referred to as the “posterior distribution”.

2. Model inputs - together with the model parameters, these variables are required
to calculate the modelled output. The model inputs are often measurements
containing measurement errors with an (assumed known) pdfs. Model inputs are
stored in a model input vector u and are not updated during the data assimilation
procedure. (Sometimes inputs may therefore also be stochastic model parameters
that have been updated in a previous data assimilation step, but are now left
unchanged.)

3. Modelled outputs - depend on the model inputs and the model parameters. The
uncertain inputs u and uncertain parameters m lead to multiple realizations of the
modelled output stored in a model output vectory, see Figure 3. Inputs in a simple
‘nodal’ production system model are typically the flow rates go,ss ggscand gw.scand
the input pressure pis, to calculate the output pour

4. Measured outputs - the mismatch between actual measured values and predicted
values is used to update the uncertain model parameters. The actual measured
values are subject to uncertainty due to measurement errors. They are stored in a
measured output vector d. The mismatch is therefore defined as

(y-4d).

The PF and the EnKF make use of Monte Carlo sampling of the distributions of uncertain
inputs, model parameters and measurement errors. The samples from the distributions
are often called “realizations”, “ensemble members” or “particles” depending on the data
assimilation method used. Equation 2.1 can be rewritten for data assimilation purposes

as

y = g(u, m), (2.2)

where the vector-valued forward model g calculates the outputs y with a realization of
input parameters u and model parameters m. (We use bold lower-case letters to indicate
vectors and bold capitals to indicate matrices). Suppose that there are M»uncertain model
parameters defined and that each uncertain model parameter is initially randomly
sampled from independent Gaussian distributions:

m' = [mi~N(p1,02,1) -+ mi~ N(tm j, 02,;) - My ~N(ptmn, 020 )] (2.3)

where m’is the # realization of model parameter vector m, and i, j; and a,zn,]- are the mean
and variance of model parameter m:. The prior model parameter matrix,

Mprior = [m1 m2 mi mNr]' (24)

contains Nrrealizations of the model parameters. Realizations of N, measured inputs are
defined as

u = [ui u§ u]l uIqu]TJ (2.5)



where a realization for each input ujis defined as,
u]- = u]"obs + Eu,j , (26)

where ujops is the measurement of the input j and €,; is a randomly sampled
measurement error from the Gaussian distribution,

2
€u,j ~N(O, eu'j), (2.7)
with a zero mean and variance 65' i which is assumed to be known. The input matrix,
U = [ul u2 ui uNT], (28)

contains Nrrealizations of the uncertain input parameters. Similarly, the modelled output
matrix is defined as

Y = [yl y2 eyl ey, (2.9)

for Nrrealizations of the output vector,

, . , . 1T
y' = [yi yé---y}---y}vy] ) (2.10)

where each realization,
y' = g(u’,m’), (2.11)

is calculated with forward model g with a sample of input parameters u and model
parameter m. The resulting parameter-output matrix is defined as,

; T
ZpTiOr = [z1 zz cee Zl cee ZNp] e [Mgrior YT] , (2.12)

with parameter-output vectors defined as
z=[m"y"", (2.13)

containing realizations of model parameters and modelled outputs. The measurement
matrix is defined as,

D=[d'd? d'--d" ], (2.14)
where
d = [d,dj-dy,], (2.15)

contains Nrrealizations of measurements for Nzpressure measurements. Each realization
of a measurement is defined as,

dj = djops + €aj (2.16)



where d; ;s is the observed value and the measurement error €q; is randomly sampled
from a Gaussian distribution,

ea; ~N(0.€3) (2.17)

with a zero mean and variance of 65, the measurements errors which are stored in

T
€1 = [Ed,led,z " €q,j "‘Gd,Nd] : (2.18)

The measurement errors are assumed to be known and uncorrelated leading to a diagonal
covariance matrix of the measurements:

Cy = diag([€3 €2, €5 Eczz,zvd])- (2.19)

Sequential data assimilation methods require an initial distribution of the uncertain
model parameters mo which is used as the prior distribution mprior for the first data
assimilation step. During each data assimilation step, the distribution of the model
parameters is updated with incoming data.

2.2.2 Particle filter (PF)

The particle filter is preferred because of the easy implementation and because it can cope
with nonlinear systems and non-Gaussian pdfs [15]. Like all ensemble-based methods, the
prior distribution of the modelled output is based on sampling of the uncertain model
parameters. To obtain the exact posterior distributions of the model parameters, large
amounts of particles (i.e. realizations) are needed to create every possible combination of
model parameters and inputs to calculate the modelled output y. This is computationally
challenging and becomes difficult when the number of the uncertain model parameters
Nmincreases. In this thesis the number of uncertain model parameters is low compared
to geophysical systems [16]. However, the uncertainty variance in model parameters
leads to a large spread in predicted outputs, see, e.g,. Figure 2.3. Each data assimilation
problem needs as specific implementation of the particle filter ranging from basic
importance sampling (SIS), to the auxiliary particle filter (ASIR). The most basic
implementation of the particle filter is SIS, where only the relative weight of each particle
is changed.

The application for updating uncertain model parameters is different from the approach
for a dynamic model for state estimation described in [15, 16]. In dynamic models states
are estimated sequentially in time, i.e. the states of the current time step are predicted by
a dynamic model based on the state of the previous time step and parameters. With the
particle filter, the predicted states are updated based on measurements of the current
time step. In our case, however, the particle filter is applied to update uncertain model
parameters of a steady-state model. The uncertain model parameters m and uncertain
inputs u are used in a forward model to calculate output y and stored in the parameter-
output vector z. Thus, the forward model calculates outputs at the same time step, instead
of first performing a forward integration in time as necessary in state estimation. The
posterior distribution of the parameter-output vector is approximated with the particle
filter, which is based on Bayes’ theorem,



p(d|z)P(2)

P(zld) = ==~

(2.20)

where the probability of the observations given a particle of parameter-output vector
P(d|z) is multiplied with the prior distribution of the model A(z) divided by the
probability of the data A(d) [16]. The probability of the samples is represented as,

P(z) = Ni YN 8(z — 2y), (2.21)

where N:is the number of particles and z is a particle containing uncertain model
parameters m and modelled outputs y. Because of random sampling, the initial weight of
each particle will be equal to 1/ N The probability of the measurements can be calculated
with

P(d) = [ P(d|z)P(z)dz, (2.22)

and is referred to as the normalization constant [17] used to normalize the probabilities.
The posterior distribution in the particle filter is calculated with Equation 2.20 and 2.21,

P(z|d) =X, w; 6(z —z)), (2.23)
with the weight of a particle defined as,

 _ _P(djzy)
S T (2.24)
and the probability of the observations given a set of the uncertain parameters P(d|z;) is
usually calculated with a Gaussian distribution [16],

1 _
P(dlzl) = —1 e_E(d_Yi)TCdl(d_Yi)' (225)

4/27TNd [Cql

where Csis the covariance matrix of the measurement errors (Equation 18), and |Cy4]| is
the determinant of C« In basic importance sampling (SIS), weights are assigned to each
particle z.

An example of the application of the particle filter for model calibration with basic
importance sampling (SIS) is shown in Figure 2.4. The first step is to forecast predictions
of y with Equation 2.11, i.e. particles from prior distributions of m and u give different
outcomes of y. The relative weight of each particle is calculated with Equation 2.23. The
posterior distribution of the model parameter and input can be represented by plotting
the values of the sampled particles and the weights of those particle, see Figure 2.4.
Weights of the particle is based on calculation of the conditional probability of
observation d given for each realization (particle) of parameter-output vector z, Equation
2.25, which are normalized with Equation 2.24.
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Figure 2.4: Sequential importance sampling (SIS) applied for model parameter tuning. Particles are generated based
on prior distributions of zand m. Output yis calculated for each particle with g (Equation 2.11) and gives a prior
distribution of the model parameters. Weight to each particle are assigned by Equation 2.24 The posterior
distribution of mand u1is represented by assigning the calculated weights to the particles.

The weights assigned to the particles can be used to obtain updated statistical
information, like the mean with

- N _
Zpr = Zi=1 WiZ; = Zprior w, (2.26)
and the covariance of the posterior distribution with

_ AZpp AZpp"

Corr ==\ (2.27)
where AZpr is the perturbation matrix defined as
AZpp = Zprior - Z_PF = [(z1 — ZpF) - (Zi — ZpF) - (sz — Zpr)]. (2.28)

A common problem of the particle filter occurs when only a limited number of particles
have a non-zero weight and the ensemble effectively becomes very small. This is referred
as filter degeneracy [16]. When the spread of ensemble of realizations of output y is large
compared to the error variance of the measurement d, this leads to only a limited number
of particles with weights assigned. This is illustrated in the example from Figure 2.4. In
SIS the particles sampled from the prior distribution are not changed during the data
assimilation, only a relative weight wiis assigned to them. When filter degeneracy occurs,
a large number of particles are assigned a zero weight and are not taken into account for
the estimation. A possible approach to prevent this is to represent the non-zero weighted
particles as a distribution where multiple copies of particles with non-zero weights are
resampled, this leads to a posterior distribution where the probability of each particles is
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1/Nr. In this thesis resampling techniques residual resampling and regularization are
applied to obtain a posterior distribution of the model parameters. Including the
resampling step is referred as sequential importance resampling (SIR) [16]. An
implementation of the auxiliary particle filter (ASIR) is discussed alongside with the
particle filter with the two SIR implementations.

Sequential importance resampling (SIR)
A workflow to obtain the posterior distribution of the model parameters could be
described by:
1. Make Mrindependent samples of inputs u and model parameters m, see Section
2.2.1.
2. Use realizations of u and m to calculate predicted measurements y, see Equation
2.11.
Calculate weights of each realization of parameter-output vector z Equation 2.24.
4. The obtained distribution is the outcome of SIS, when the variance of outputy is
much larger than the error variance of d, filter degeneracy will occur. With step 5,
a posterior distribution of model parameters can be represented without any
particles with a zero probability.
5. An posterior distribution of model parameters mposterior can obtained with
resampling methods. In this thesis residual resampling and regularization are
applied, this additional resampling step differentiates SIS from SIR.

w

In residual resampling the particles with non-zero weights are copied, i.e. sampling noise
is reduced [18]. The amount of copies of a particle depends on the weight, i.e. higher
weight leads to more copies of particles in posterior distribution. The advantage of using
residual resampling that the posterior (resampled) distribution will closely resemble the
posterior distribution of SIS. The disadvantage of using residual resampling is when filter
degeneracy occurs. Due the fact of limited particles with weights, it is highly likely that a
misrepresented posterior distribution will be obtained with SIS. Which potentially leads
to a overestimation of some model parameters in the posterior distribution when
resampled with residual resampling, see Figure 2.5. In residual resampling, the weights w
are multiplied by the number of realizations N [16]. Particles of the uncertain model
parameters are copied ntimes, where nis the integer part of Mw. The sum of the integer
part of N:w will not add up to N; i.e. remaining particles need to be defined to get N:
particles. The remaining particles are drawn randomly from the distribution obtained by
subtracting the integer parts of N;w from Nw.

In addition to the misrepresentation of the posterior distribution, residual resampling
could also potentially lead to filter divergence, i.e. when particles in the forward step do
not result in different realizations of the output. This is typically the case for most
deterministic models like the one under consideration here. Having multiple copies of
particles with the same values of m could lead to filter divergence when the distribution
of u does not have a large impact on the calculated output. Instead of discrete resampling
from the weights as in residual resampling, regularization could be applied by resampling
from a continuous distribution around each particle [16]. In this thesis, regularization is
applied by sampling from a Gaussian distribution, with as mean the particle obtained from
residual resampling and a decreased standard deviation based on Equation 2.27. This
decreased standard deviation is to ensure that not too much sampling noise is added to
the posterior distribution of model parameters. The advantage of using regularization is
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that the added noise will increase the model parameter space, i.e. more variance in the
posterior distribution, see Figure 2.5. The added noise decrease the chances of filter
divergence occurring. The disadvantage is that with the added noise the posterior
distribution is changed (compared to SIS), and potentially too much noise is added.

SIR can suffer from two shortcomings depending on the system under consideration: (1)
if the number of particles is small, outliers could have an uneven distribution in the
posterior distribution, i.e. filter divergence and (2) the posterior distribution is not guided
by future observations [19].
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Figure 2.5: Resampling of the obtained weights of the particles with sequential importance sampling (SIS) (left
figure). Sequential importance resampling (SIR) is applied with residual resampling (middle figure) and
regularization (right figure).

Auxiliary particle filter (ASIR)

The auxiliary particle filter (ASIR) was introduced to take the measurements into account
to estimate the posterior distribution [19]. In this thesis, a slightly different approach of
ASIR is implemented which tries to tackle possible shortcomings of the SIR. The first
shortcoming is the problem with outliers in the posterior distribution when filter
divergence occurs, i.e. more likely to happen with residual resampling. This motivated the
choice for applying regularization as resampling method. However, sampling noise is
introduced with regularization, which could lead to a posterior distribution with too much
variance. In the ASIR, the posterior distribution of the PF generated with regularization
will be used to make predictions again at the same data assimilation step. The predicted
measurements based on the posterior distribution will have a much smaller variance
compared the predicted measurements obtained with the original prior distribution, this
leads to less filter degeneracy when applying Equation 2.24 to the predicted measurement
based on the posterior distribution of regularization. The ASIR used can be described by:
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1. Use predictions y (based on mprior) and measurements d and SIR with
regularization to obtain the posterior distribution based on SIR, mposteriorsiz, i.e.
steps 1 - 5 of SIR.

2. Based on myosterior,siz and u predictions of ysiz are made (note the predictions
are made for the same data assimilation step), i.e. Equation 2.11 (note, the
application of ASIR requires the forward model gto be run two times for the
number particles N-for each data assimilation step.).

3. The prior distribution mposterior,sizis resampled with regularization to generate
the posterior distribution mposterior.4sir.

The advantage of using mposterior.sik to make predicted measurements is that the variance
will be much smaller compared to making predicted measurements based on mprion
Which will result in much more particles with an assigned weight leading to a better
estimation of the posterior distribution of model parameters. However, the prominent
disadvantage is that the model needs to be run twice. With ASIR a more accurate
representation of the model parameters is given, in the first data assimilation step model
parameters are filtered out, where after sampling noise is introduced to expand the search
area near the combinations of model parameters which caused high weights with
regularization, i.e. add Gaussian noise to the posterior distribution obtained with residual
sampling. By using this posterior distribution ‘again’ as prior distribution will lead to
predicted measurements, i.e. prior ysz which will have less variance compared to the
predicted measurements y. Because the variance is narrowed down, more particles will
be assigned a weight leading to a more accurate representation of the posterior
distribution with ASIR.

2.2.3 Ensemble Kalman filter (EnKF)

The ensemble Kalman filter (EnKF) is a sequential data assimilation method widely used
in oceanography, reservoir history matching and weather forecasting. EnKF is a Kalman
filtering technique and was put forward as an improvement of the extended Kalman filter
(EKF) [13]. For more information about EnKF, see e.g. [20, 21]. EnKF is preferred as data
assimilation algorithm because it is a sequential data assimilation method, which is easy
to implement and is suitable for large number of variables [3].

Kalman filtering techniques are applied in two steps, the forecast step and the analysis
step. In the forecast step, the prior ensemble members of model parameters and inputs
are used to predict the output y, see Equation 11. The prior parameter-output matrix
Z,,or contains ensemble members, see Equation 12. In the analysis step the posterior

distribution is obtained with a linear update step,

Zposterior = Zprior +K (D -Y), (2.29)
where K is the Kalman gain matrix, D is the matrix of observations (Equation 2.17),and Y
contains modelled output based on the forecast step (Equation 2.12) and the prior

parameter-output matrix. The Kalman gain is defined as,

K=C,HT(HC,HT +C,)?, (2.30)
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where Cyis the covariance of the data, C, is the covariance matrix of the system and H is
the measurement operator which used to obtain the prior modelled output from the
parameter-output vector z,

Hz =y (2.31)

It can be shown that Equation 2.29 represents a weighted update of the prior based on
the data mismatch (D - Y) where the weight depends on the relative errors in the prior
and the data as indicated by the definition of K in Equation 2.30: for a prior with small
uncertainty (i.e. small values of the elements of matrix C;) and data with a large
uncertainty (i.e. large values of the elements of Cq) the updates will be small. For the for a
prior with large uncertainty and data with a small uncertainty the reverse is true. In
EnKF, the covariance matrix of the system is calculated with,

AZoprior Alprior:
_ prior A&prior
CZ—T, (2.32)
r

where N:ris the number of ensemble members and the 4Z,,;,, is the perturbation matrix
calculated with,

AZyrior = Zyprior — Lpriors (2.33)

with,

Zprior = ARARE AR z"r), (2.34)

where each element in Z,,,,, contains the mean calculated based on the sampled
distribution Z,, ;.
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Figure 2.6: Schematic illustration of EnKF applied for parameter estimation. First step is to make ensemble members of
m and u, in this example there is one uncertain model parameter and one measured input u. In the forecast step
predicted measurements of the ensemble members are calculated with the forward model, see Equation 11. In the
Analysis step the ensemble members are updated based on the Kalman gain, see Equation 29 and 30. The posterior
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distribution of m could be described as Gaussian distribution, and should show a smaller spread (when parameter m is
correlated with y).

In Figure 2.6 an example of the EnKF is displayed for model parameter estimation. The
difference between the ensemble-based EnKF and other Kalman filtering techniques such
as KF and EKEF is the calculation of the covariance matrix of the system (Equation 2.32).
The Kalman filter (KF) is a sequential data assimilation method that works for linear
models and assumes a Gaussian probability distribution of the prior [22]. EKF is applied
for nonlinear systems, where the linear update step (Equation 2.29) is based on
linearization of the nonlinear equations, which is computationally more demanding and
more challenging to implement than EnKF [13]. EnKF is an ensemble based method which
takes samples of the prior distributions for an approximation of C, based on the prior
distribution Zprior. EnKF makes use of the same analysis step as the original Kalman filter
(Equation 2.29), however with an approximated C, [21].

The matrix P, gives correlation coefficients between uncertain model parameters m and
modelled output y approximated in Cz The correlation between m and y is calculated with,

Cz(zy25)

P,z,z )= :
Z( ' ]) CZ(ZL',Zi)Cz(Zj,Zj)

(2.35)

where C:is the covariance matrix of the system, z;and z;are parameters of the parameter-
output vector. The resulting matrix P,, contains correlation coefficient between -1 and 1
indicating the correlations. These correlations are used in the analysis step to update the
sampled uncertain model parameters, see Figure 2.6.

A limitation of the EnKF is the requirement of a Gaussian distribution of the initial model
parameters, which makes EnKF unsuitable for updating non-Gaussian distributions such
as multi-model distributions [3]. The EnKF does not perform well for non-Gaussian
distribution because the ensemble members are updated based on the mean and variance
of the model in the analysis step [21]. When the model is highly non-linear, applying EnKF
could lead to unsatisfactory results due to application of linear update on a nonlinear
model. This could be solved with multiple data assimilations updates within a data
assimilation step, see e.g. [23].

The main difference between the particle filter and the ensemble Kalman filter is the
approach of approximation of the posterior distribution. Both data assimilation work with
a forward step and an analysis step. In the analysis step of the PF, the mismatch between
modelled output y and measurements d is used to assign weights to each particle.
Whereas, EnKF updates the prior distribution based on statistical information of the
system, i.e. ensemble members are updated based on the mismatch of y and d and the
correlation of y with the uncertain model parameters m. The practical difference between
EnKF and PF is that the PF can cope with non-linear system and non-Gaussian
distributions.

2.3 EnKF and PF applied to a production system

In this thesis, the application of the EnKF and PF methods is tested with twin experiments.
A twin experiment is a means to test the performance of a data assimilation method in the
absence of real data. Synthetic data generation gives control over the available
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measurements. In this thesis, two production phases are introduced which differ in the
available measurements and goal of applying data assimilation. The two production
phases are defined as:

* ‘Test separator phase’ - in this production phase pressure and flow rate
measurements are available. Flow rates of oil, gas and water are measured with a
test separator. The pressures are measured at the tubing head and the bottom hole,
see Figure 2.7. At start of production the reservoir pressure and downstream
pressure of the choke are considered known. The primary goal of the test separator
phase is to calibrate uncertain model parameters.

* ‘Flow rate estimation phase’ - in this production phase only pressure
measurements are available. The pressure is measured at the tubing head and the
bottom hole. The pressure at the downstream part of the choke is considered
known and assumed to be below the critical pressure, i.e. the downstream
pressure of the choke has no influence on the upstream pressure. The reservoir
pressure is considered as an uncertain parameter. The choke diameter could
change due to erosion, and should be considered as uncertain. The primary goal of
this production phase is ‘soft sensing’ of the flow rates.

Furthermore, the following assumptions are made throughout this report:

» Single-phase oil reservoir, reservoir pressure well above bubble point.

e Multi-phase (oil and gas) flow in the well and choke.

* Semi-steady state decline of the pressure (constant pressure decline of the
reservoir pressure).

* Fluid properties, such as density and viscosity, at standard conditions are fixed
parameters.

* The downstream pressure of the choke has no influence on the upstream pressure
of the choke, i.e. the ratio between the downstream and upstream pressure is
lower than the critical pressure ratio.

The production system is described untill the downstream part of the choke. Due to the
assumption of critical flow, the pressure at the downstream part of the choke has no
influence on the pressures in the production system.

2.3.1 Production phase 1 —test separator phase

The production system of Figure 2.1 is displayed in Figure 2.7 regarding data assimilation
terminology. During the ‘test separator phase’ the flow rates of oil, gas and water are
measured with a test separator in addition to the pressure measurements. The
measurements of the oil rate and gas rate will be used as uncertain input parameters.
Samples of the inputs are made based on Equation 2.6. The three outputs in the
configuration are,

T
y= [yl Y2 y3]T = [ptf,choke Ptf tubing pwf] ’ (2.36)
with the tubing head and bottom hole pressures predicted based on uncertain model

parameters m and uncertain inputs u and a forward model g. The predicted pressure at
the tubing head could be calculated by modelling the pressure drop over the choke with,

Y1 = Ychoke (uchoke' mchoke): (2.37)

where yzis the modelled output at the tubing head pitcroke. Note that the flow line pressure
pris not considered as input, in the critical flow regime, psdoes not have an influence on
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the modelled output pressure yz. A different way to predict the tubing head pressure is by
estimating the pressure drop over the tubing with,

Y2 = Ytubing (utubing' mtubing): (2.38)

where yzis the predicted output of the tubing head pressure p:frusing with measured oil
rate, gas rate and bottom hole pressure dz as inputs uwsing and uncertain model
parameters meuning. The pressure drop over the near-well bore element could be described
with,

V3 = Gres(Ures, Mygg), (2.39)

where y; is the predicted bottom hole pressure p,,r, with the measured oil rate and gas
rate as uncertain inputs ures, the reservoir pressure as fixed input and mes as uncertain
model parameters.

In EnKF and PF, realizations of the predicted output y are based on samples of
uncertain model parameter m and u. In the ‘test separator phase’ the extended parameter-
output vector for data assimilation is described by,

T =

Z= [mT y [mT ptf,choke ptf,tubing pwf]Tl (2-40)

with predicted measurements y (Equation 2.34) and uncertain model parameters,
— [T T T 1T
m = [mchoke mtubing mres] . (2-41)

Samples of z are updated in some averaged sense by EnKF and PF by minimizing the
mismatch between predict pressures y and actual measurements of the pressures,

T
d=[d, d, dZ]T = [ptf,obs Ptf,obs pwf,obs] ’ (2.42)

with measured pressures at the tubing head pross and bottom hole pwzoss see Figure 2.7.
The uncertain model parameters of Equation 2.40 are yet to be defined for the specific
elements. Selection of the model parameters depends on the uncertainty of the
parameters and the effect on the predicted output. The prior distribution and selection of
uncertain model parameters in the choke model m ;.. is described in Chapter 3. The
selection of the uncertain model parameters in multi-phase flow model gupingis described
in Chapter 4. The modelling of uncertain model parameter ms for a single-phase oil
reservoir is described in Chapter 5. Data assimilation is applied for the ‘test separator
phase’ in Chapter 6, after definition of the uncertain model parameters and their initial
distribution in the previous chapters.
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Figure 2.7: Production system of Figure 1 for data assimilation purposes for production phase 1 ‘test seperator phase’.
The reservoir pressure prgand the flow line pressure pzare fixed. The tubing head pressure prand bottom hole pressure
pwrare measured, and are represented as measurments dzand dzrespectively. Based on uncertain model parameters
and input parameters different realizations of yare calculated based on the different elements, see Equations 2.37, 2.38
and 2.39.

2.3.2 Production phase 2 — flow rate estimation
During (semi-steady state) production, the flow rates of oil and gas, the reservoir
pressure and the choke diameter are subject to change and could be considered as
uncertain model parameters. A forward model is required to predict the model
parameters in the next time step. The calibrated pdfs of the model parameters from
the test separator phase are used as inputs in u,

T
u=[ABC cyrav Crric  Rp Vo | - (2.43)
Possible uncertain model parameters which should be estimated are,
T
m = [qo,5c Prav den | (2.44)
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3 TUNING OF MODEL
PARAMETERS OF THE CHOKE

The choke is a designed flow restriction, where a pressure drop occurs. In a petroleum
system, a wellhead choke connects the flow line to the tubing head of a well. It has two
main functions, (1) create a pressure drop by dissipating large amounts of energy over a
small distance and (2) regulate the flow rate to produce in a controlled manner [1].
Controlling the fluid rate prevents excessive water and gas production, sand production
and erosion due to high fluid velocities [24]. The pressure drop in the choke for multi-
phase flow could be modelled in several ways, e.g. with empirical models and theoretical
models. Empirical models are based on relationships of curve-fitted data with different
parameters. Theoretical models are based on the underlying physics and
thermodynamics [1]. In this chapter, the data assimilation methods ensemble Kalman
filter (EnKF) and particle filter (PF) are used to update model parameters of the extended
Gilbert model for multi-phase flow in chokes.

For multi-phase flow and single-phase gas flow the choke performance can be divided into
two flow regimes, critical flow and sub-critical flow. During critical flow, a pressure
disruption occurs between the upstream and downstream pressure, i.e. the downstream
pressure does not influence the upstream pressure [25]. Tuning of the model parameters
is only applied assuming critical flow, i.e. when the pressure ratio of the downstream and
upstream pressure is below the critical ratio.

3.1 Choke models

There are different multi-phase models available for critical flow and sub-critical flow to
model the pressure drop in the choke. The Gilbert correlation is an empirical model based
on experimental data to describe the pressure drop for critical flow and has three input
parameters: the choke diameter dc, the producing gas-liquid ratio Ry and the liquid
production rate gjsc [11]. After the introduction of the Gilbert correlation, several
attempts have been made to estimate coefficients 4, B and C of the Gilbert correlation
based on experimental data [26-32]. A general form of these correlations can be
formulated as the Gilbert equation,

B
ER
pe = —Aqyec EMZ?)C +D, (3.1)

where,

prris the tubing head pressure at the inlet of the choke [Pa],

dcn is the choke diameter [m],

qiscis the liquid flow rate at standard conditions [m3/s],

Reris the producing gas-liquid ratio [m?/m3],

A, Band Care experimentally-determined coefficients for the different empirical
models,

Dis the atmospheric pressure 1.01 x 10° [Pa],

FEand Fare constants.
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In Equation 3.1, the tubing head pressure ps does not depend on the downstream
pressure and prrhas a linear relationship with the production rate g;s. The pressure drop
in the choke is in reality more difficult to predict with a model, because p: depends on
more factors than specified in Equation 3.1. In some cases Equation 3.1 is modified to have
a better fit with field data, with parameters to account for free water, sediment and
emulsion (BS & W) [33, 34] and the temperature at the tubing head [29, 34, 35]. The
Gilbert equation is only valid for the critical flow regime; for sub-critical flow the Gilbert
equation can be extended heuristically with a third order polynomial function to estimate
prrat sub-critical conditions [1]. There are also more theoretical models available describe
the pressure drop for multi-phase flow in chokes. The theoretical model derived by [1]
which is based on [27, 36-38], leads to a near-linear relationship of the tubing head
pressure and the flow rate in the critical regime, see Figure 3.1.

Possible reasons of a mismatch between the extended Gilbert model and observed data
are: (1) incorrect model parameters 4, Band (C, (2) larger choke diameter due to choke
erosion, (3) incorrect critical pressure ratio used, (4) change in parameter which is not
defined in the extended Gilbert model, such as the temperature, and (5) measurement
errors. See Figure 3.1, for different choke performance curves based on different
correlations but calculated for the same choke diameter dc»and producing gas-liquid ratio
Rgl-
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Figure 3.1: Choke performance curves based on extended Gilbert equation with different correlations, and based on
the theoretical model described in [1].

3.2 Data assimilation for the choke model

Data assimilation requires three elements: measurements, a model and a data
assimilation method. In production phase 1 - ‘test separator phase’, the distribution of
uncertain model parameters 4, B and C of the Gilbert model (Equation 1) are updated
with the stochastic data assimilation methods ensemble Kalman filter (EnKF) and particle
filter (PF). An initial prior distribution of the model parameters is required to initialize
the data assimilation process.

3.2.1 Prior distribution of model parameters
In past researches the coefficients 4, B and C have been estimated based on different
experimental data [26-32], which illustrates that these model parameters are not
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applicable to all chokes and fluid properties and thus can be considered uncertain. Based
on the various available correlations a mean and variance of the model parameters can be
determined, see Appendix A.1. Correlations used to obtain the prior distribution of the
model parameters are from Gilbert [11], Ros [27], Baxendell [26] and Achong [28]. In
Appendix A.2 a sensitivity study is conducted to determine the correlation between the
model parameters and the tubing head pressure. The sensitivity analysis is based on a
base case which uses the mean of the model parameters described in Appendix A.1.

3.2.2 Stochastic data assimilation application on the Gilbert choke model for the test separator
phase

In the ‘test separator phase’ measurements are available of the gas-liquid ratio Ry ,ps, 0il
flow rate q; s¢ ops and the tubing head pressure p;s ;5. The predicted measurement of the
tubing head pressure p;f cpoke is calculated with,

Y = YGchoke (uchoke; mchoke)r (3.2)

where yis Dif choker Sehoke is the Gilbert correlation (Equation 3.1), u are inputs,

T
Uchoke = [ul uZ]T = [ql,sc Rgl] ’ (3.3)

and m are model parameters,
Mepope = [ml m; m3]T = [A B C]T’ (3-4)

with 4, Band Cuncertain model parameters of the Gilbert correlation (Equation 3.1). The
pdfs of A, Fand Care specified in Appendix B.1. The extended parameter-output vector is
defined as,

z= [mT yT T= [A BC ptf,choke]T- (3.5)
The goal of applying data assimilation in the test separator phase is to update the pdfs of
the three model parameters of the choke model based on pressure and flow rate
measurements. The updated posterior distributions should give better predictions, i.e.
with lower variances, compared to the prior distributions of choke performance curves.

3.3 Twin experiment

A twin experiment is performed to test the performance of EnKF and PF during the ‘test
separator phase’ to match the choke performance curve based on measurements.
Synthetic data is created with a theoretical model described in [1]. The main assumptions
of the twin experiments are: (1) two-phase flow in the choke with fixed gas-oil ratio and
zero water cut, (2) the downstream flow line pressure is fixed and known, i.e. pzis not a
stochastic variable, (3) the choke is operating under critical flow conditions, (4) the choke
diameter is fixed and known, (5) measurements are available of oil rate go,sc, gas rate ggsc
and tubing head pressure p« with a known error distribution.

The input parameters to create synthetic data are given in Appendix C.1. The
theoretical based model is used to create synthetic data; this means there are no ‘truth’
values for the model parameters. Validation of the updated model parameters is done by
calculating realizations of the output p« based on the posterior distribution of model
parameters and compare the corresponding output with the ‘true’ output for the same
flow rates and choke diameter.

3.4 Results

Data assimilation is applied to update the model parameters defined in z. Probability
distribution functions are displayed as normalized histograms based on samples of Zprior
and Zposterior. In this part the prior and posterior pdfs of the output and model parameters
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are compared. In the next section the posterior pdfs of model parameters will be validated
in two ways: (1) with the prediction of p:r for the same inputs and (2) by comparing choke
performance curves based on 4, Fand C from the prior pdfs and posterior pdfs, and based
on the ‘truth model’.

3.4.1 Posterior pdfs of outputs

The posterior pdfs of the outputs based on the EnKF with 200 ensemble member show
that the variance is within the measurement variance, see Figure 3.2. The posterior pdf of
the output of the PF is obtained with residual resampling, see Figure 3.3. Filter degeneracy
can be observed from Figure 3.3b, there are not enough particles with weights to
represent the Gaussian distribution which was expected (see Equation 2.25). More
information about resampling with the PF for this problem is discussed in Appendix A.5.2.
Note that the measurement variance is increased compared to the EnKF, due the limited
non-zero particles obtained otherwise. In Appendix A.5.1, the minimum number of
particles is discussed by analysing the number of non-zero particles for different
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Figure 3.2: Prior and posterior distribution of tubing head pressure, based on EnKF with 200 ensemble members.
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measurement variances and number of particles. Based on the results of Appendix A.5.1,
a sample size of 1000 particles is determined.

3.4.2 Posterior pdfs of model parameters

The estimated correlation matrix based on the prior ensemble, see Equation 2.34,
indicates the correlation between elements in parameter output z, i.e. correlation
parameter-parameter and parameter-output. The correlation for 200 ensemble members
is shown in Table 3.1. Because of independent sampling of model parameters, the
correlation between model parameters should be approaching zero. The correlation
matrix for different ensemble sizes appears in Appendix A.4. Table 3.1 indicates a positive
correlation of 4and Bwith y and shows a negative correlation of Cand y.

Table 3.1: Correlation matrix based on N, = 200.

my =A
1.00
0.03
0.00
0.58

m, =B
0.03
1.00
0.03
0.73

m;=C
0.00
0.03
1.00
-0.25

Y = DPtf.choke
0.58

0.73
-0.25
1.00

ml :A
m, =B
m3 = C

Y = DPtf,choke
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Figure 3.4: Prior and posterior cross-plots of model parameters m and output p:; based on EnKF with 200 ensemble members

In Figure 3.4, the correlation between the uncertain model parameters and the predicted
output is displayed. The model parameters and output are not strongly correlated, see
Figure 3.4. Hence the variance of the model parameters is not reduced significantly, see
Figure 3.5. However, this does not imply that the variance of the predicted output will also
not be reduced significantly, because combinations of model parameters are updated
which jointly may produce posterior simulated output close to the “truth”. The posterior
model parameters are validated in Section 3.5.

The posterior pdfs of the model parameters are also derived with three implementations
of the particle filter, (1) SIR with residual resampling, (2) SIR with regularization and (3)
auxiliary particle filter (ASIR) with regularization. The pdfs in Figure 3.6 are based on SIR
with residual resampling implementation of the PF with 1000 particles. Multiple
combinations of parameters have high probabilities based on the PF; the posterior
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distribution does not indicate the prior Gaussian distribution which was used to make the
initial samples of model parameters.
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Cross plots of the model parameters show that the particles with high weights are
observed all over in the model parameters space, Figure 3.7. The results of the different
implementation of the particle filter are discussed in Appendix A.5.2.

3.5 Validation

The updated distributions of model parameters are validated in two ways. Predicting
pressure measurements and validate the obtained distribution of the output by observing
the variance of the predictions and the mismatch from the ‘true’ tubing head pressure.
The second method of validating the posterior pdfs of model parameters is to calculate
realizations of choke performance curves and compare these with the choke performance
curve based on the ‘true’ model.

In Figure 3.8, the tubing head pressure p:r is calculated based on the model parameters of
the prior pdfs and posterior pdfs based on EnKF (Figure 3.8a) and three implementations
of the PF (Figure 3.8b); note that they are not on the same scale. The pdfs of model
parameters updated with the particle filter give better predictions of the tubing head
pressure. The variance of the predicted output of the particle filter depends on the
resampling method. The largest variance reduction is observed with residual resampling
because no sampling noise is added. With regularization as resampling technique, the
variance in the output is still reduced significantly compared to the predicted
measurement based on prior model parameters and EnKF posterior model parameters.
The ASIR gives a better approximation compared to SIR regularization at the price of
having to run the samples twice in the model, see Appendix A.5.2 for detailed explanation.
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Figure 3.8: Predictions based on model parameters pdfs of (a) prior and EnKF and (b) PF with SIR and ASIR.

Choke performance curves based on the prior and posterior model parameters are
plotted in Figure 3.9. As observed in Figure 3.8, the EnKF has the highest variance in the
resulting choke performance curve. The choke performance curves based on the posterior
model parameters obtained with the particle filter are displaying lower variance
compared to EnKF. The effect of the resampling method in the particle filter is like Figure
3.8 also observable in Figure 3.9.

The results show that the model parameters can be updated to give better
predictions of the tubing head pressure, however, tuning three model parameters based
on one output proved to be difficult due the large sample space of model parameters
which resulted in an ill-posed problem. EnKF was not able to update the model parameter
in a sufficient way (Figure 3.8a), the prior pdfs is based on independent samples from a
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Gaussian distribution, such that the correlation between the model parameters is not
considered in the sampling process. The PF required more samples to tune the model
parameters, which is due the variance in the predictions based on the prior model
parameters and the comparably low measurement variance leading to filter degeneracy.
This is partially solved with implementation the auxiliary particle filter, see Appendix
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4 TUNING OF MULTI-PHASE FLOW
MODEL PARAMETERS

Multiple phases, such as oil, gas, water and/or solids are produced in oil wells [39].
Modelling of the fluid flow in pipes in production systems involves conservation of mass,
momentum and energy [24]. There are many multi-phase correlations available for flow
in pipes, which can be divided into two categories: (1) homogenous models and (2)
mechanistic models [40]. In mechanistic models the multiple phases are treated as
separate fluids [14]; they are also referred as semi-empirical models [1]. Homogenous
models treat the multiple phases as a mixture with certain properties, such as hold-up,
mixture velocity and represent a form of empirical models.

The multiple phases present in wells make modelling of the pressure drop
complicated [24]. One of the complicating factors is the different flow regimes or flow
patterns which are a typical feature in multi-phase flow in wells. Another complicating
factor is the description of the difference in velocity between the phases, also known as
slip, which causes liquid hold-up [1]. Most multi-phase models make use of empirical
expressions based on experiments to describe the liquid hold-up based on fluid
properties, flow rates, pipe diameter and inclination [1]. The available models lead to
different predictions of pressure and flow rates. With data assimilation a better match
between model (prediction) and reality (measurement) can be obtained.

Various applications of data assimilation methods in multi-phase well flow model
are already available. The ensemble Kalman filter (EnKF) and extended Kalman filter
(EKF) have been used for several applications in multi-phase flow modelling, e.g. to
update model parameters of the drift-flux model [5, 6] and for flow rate estimation [8].
Other applications involving drift-flux models and pressure and/or temperature
measurements are found for under-balanced drilling [41, 42], estimation of zonal
production rates [8, 9, 42], and multi-phase flow estimation in horizontal wells [14, 43].
The most recent developments are for transient well flow models which are able to track
sudden changes in flow rates [4, 7, 44, 45].

The focus in this chapter to tune two model parameters of a homogenous steady-
state multi-phase well flow model with the data assimilation methods EnKF and PF. The
model used to describe the pressure drop in the well is the Mukherjee and Brill correlation
[12] extended with a gravity correction factor cgravand a friction correction factor csic. The
correction factors are modelled as uncertain model parameters. Twin experiments are
performed with the synthetic data based on the drift-flux model [1, 46].

4.1 Multi-phase flow models in wells
The element equation for multi-phase well flow can be written as,

Pout = gtubing (pinr qg,scr qo,sc» qw,sc)r (4’-1)

where,
Jtubing is the multi-phase flow model in wells, p;,, is the pressure at the inlet which in this

case is the tubing head pressure (FTHP) or the bottom hole pressure (FBHP), p,y¢pus is
the pressure at the outlet, either FBHP or FTHP, and q s, 9,,sc and q,, 5 are the flow rates
of oil, gas and water at standard conditions. There are different multi-phase flow models
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available varying in complexity; for a detailed overview of available multi-phase well flow
models, see [24], and for a basic explanation of the concepts, see [1]. For steady-state flow
the description of the total pressure gradient in the well,

(%)tot - (Z_Z)grav + (%)fric + (Z_Z)acc' (4.2)

consist of three components: head, friction and acceleration losses [1, 24]. The
predominant factor for pressure loss in a production well is the elevation/head loss
component followed by the friction component with usually a negligible acceleration
term. For empirical/homogeneous models the pressure drop is described in terms of
mixture density and velocity,

an - _ ing —Pm _ dvm
(), == Pmgsing =22 f vy o]~ prvm o, (4.3)

where,
Pm is the mixture density [kg m-3], which depends on empirical hold-up correlations,
g is the gravitational constant 9.81 [m s],
0 is the pipe inclination, where for vertical wells sin8 = 1,
dis the diameter of the well [m],
fis the friction factor,
vm is the mixture velocity, which depends on slip and hold-up correlations. The pressure
loss due the elevation change depends on the mixture density. The pressure loss due to
friction depends on a two-phase friction factor, pipe diameter, mixture velocity and
mixture density. More complicated (semi-empirical) models are available. However, the
description of these model is outside the scope of this research.

The pressure drop measured in the field and the modelled pressure drop based on
a multi-phase model do not necessarily match. Calculation of the pressure drop with
empirical multi-phase models requires several assumption for the friction factor, mixture
density and mixture velocity. This empirical nature of the equations leads to different
intake curves with the same inputs for well and fluid properties. A typical feature of multi-
phase flows in wells is that different flow patterns occur which influence the pressure
drop. In this research, the pressure drop is calculated with the Mukherjee and Brill
correlation, which takes different flow patterns and slip into consideration. For a detailed
description of the correlation see [12].
4.2 Data assimilation for multi-phase well flow models
As mentioned above, there are many ways to compute the gravity and friction component,
which explains the mismatch between observations and predictions. The mismatch
between predicted output and measured output depends on the model error and errors
in input parameters. The predicted output based on the Mukherjee & Brill correlation is
corrected by applying correction factors on indiviual components of Equation 4.2,

ar)  _ ar _(4r ar
(dS)tot - Cgrav (dS)gTav + CleC (dS)fTiC + (dS)aCC, (44)

with, cg.q, the gravity correction factor and cf,;. the friction correction factor. Note that
multiple combinations of the correction factors can lead to the same output.

28



4.2.1 Defining prior distributions of gravity and friction correction factors

The initial distributions of the gravity correction factor c¢gav and the friction correction
factor cric need to be defined. The correction factors in this report are applied to the
Mukherjee and Brill correlation [12]. However, the approach of applying the correction
factors may also be used with other homogenous multi-phase pipe flow models. The mean
of cgravand csicis set at 1, which corresponds to the Mukherjee and Brill correlation. The
correction factor of the gravity component causes a translation of the tubing intake curve,
i.e. the tubing intake curve moves up or down based on the value of ¢gray, see Figure 4.1a.
The friction component has more effect on the part where friction forces dominate, i.e. at
higher flow rates, see Figure 4.1b. With the friction correction factor and gravity
correction factor, predicted tubing intake curves and the ‘truth’ intake curve can be
matched, see Figure 4.1c, where the tubing intake curve based on the drift flux model is
approximated with the tubing intake curve calculated with Equation 4.4 and Mukherjee
and Brill correlation.
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4.2.2 Stochastic data assimilation application applied to multi-phase well models for test
separator phase

In the ‘test separator phase’ measurements are available of the gas-liquid ratio Rgj ops, 0il
flow rate qjscobs, the tubing head pressure p; o5 and the bottom hole pressure py¢ obs-
The predicted measurement of the tubing head pressure p; 1,ping is calculated with,

Y = YGtubing (utubingl mtubing): (4.5)

where yis pis tuping, upingis the Mukherjee and Brill correlation extended with correction
factors (Equation 4.4), u are inputs,

T
u= [ul U u3]T = [CIo,sc Ag,sc pwf,obs] , (4.6)

and m are model parameters,

T
m = [m, mZ]T = [Cgrav Cfric] . (4.7)

The extended parameter-output vector is defined as,

T
7= [mT yT]T = [Cgrav Crric ptf,tubing] . (4.8)

The pressure drop in this element can be calculated in two ways: with the bottom hole
pressure as input or with the tubing head pressure as input, see Equation 4.1.

4.3 Twin experiment

Synthetic data is created based on the drift flux model, see [46]. The Mukherjee & Brill
correlation gives a different tubing intake curve given the same input values of fluid
properties, well properties and flow rates, see Figure 4.2c.

The twin experiments are conducted with tubing head pressure p: fixed, and
predict the well bore pressure pws i.e. tubing intake curves are plotted.

‘True’ data is created based on the black oil Standing correlations [47] and drift
flux model [46]. With the Glaso black oil correlations [48] as input and the Mukherjee and
Brill correlation modified with correction factors, the bottom hole pressure is predicted.
Appendix B.3 gives a detailed overview of the inputs of the models. See Figure 4.3 for the
difference between the ‘true’ tubing intake curve and the ‘base’ intake curve which is
based on the mean of the prior distributions, i.e. Mukherjee and Brill correlation.
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4.4 Results

Data assimilation is applied to update the gravity correction factor and the friction factor.
The posterior pdfs of the model parameters in this section are based on EnKF and the
auxiliary particle filter (ASIR). Results are obtained with 100 and 500 realizations. In the
next section the posterior pdfs of model parameters will be validated in two ways: (1)
with the prediction of pwr for the same inputs and (2) comparing tubing intake curves
based on model parameters from the prior pdfs and posterior pdfs, and based on the ‘truth
model’.

4.4.1 Results - 100 realizations

The posterior distribution of the gravity correction factor shows a reduction in variance,
see Figure 4.3a. The variance of the friction correction factor is not reduced, see Figure
4.3b. However, Figure 4.3c, shows as a clear correlation between ¢grav and c#ic.
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Figure 4.3: Prior and posterior pdfs of model parameters based on EnKF with 100 ensemble members.

The posterior distribution obtained with ASIR and 100 particles displays a different result
compared to the EnKF, see Figure 4.3 and 4.4. However, Figure 4.4c shows that the cross
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plot of the posterior model parameters (Figure 4.4c) is similar to Figure 4.3c, only with
less model parameter space covered.
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Figure 4.4: Prior and posterior pdfs of model parameters based on the auxiliary PF with 100 particles.

4.4.2 Results — 500 realizations

The resulting cross plot of model parameters, in Figure 4.5c, show similar trends
compared to 100 realizations with EnKF, see Figure 4.3c. The posterior pdfs obtained with
ASIR show a distributions, resembling the correlation between model parameters much
better compared to the 100 realizations case, see Figure 4.6c.
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4.5 Validation
The posterior pdfs of model parameters are validated in the two ways described in Section
3.5. The predicted bottom hole pressure is calculated with the posterior model
parameters. The pdfs in Figure 4.7 are obtained with 100 samples, and show three peaks.
These peaks indicate filter degeneracy, and because residual resampling will generate a
distribution close the SIS distribution, these peaks are picked up with residual resampling.
In this example, the use of regularization as resampling technique becomes clear, by
adding noise to the resampled particles a more accurate distribution is obtained, see
Figure 4.7a, the extreme probabilities are not visible anymore. The implemented ASIR
produces similar results EnKF, however the cross-plots in Figure 4.6c show that gaps are
present in the model parameter space.

Tubing intake curves based on prior and posterior model parameters in Figure 4.9
show that the ensemble variance near the measurement decreases. An important note is
that ensemble collapse can happen with the current prior distribution, see Appendix B.2.
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With multiple measurements, at different operating conditions, better estimation of the
combination of the correction factors can probably be estimated.

40

©w
=
T

Flowing bottom hole pressure Prrr
w
8
T

~ |—Truth
o Measurements ||

30+ 0
Prior
Posterior
FontSize
28 f L L L L L I T
0 0.5 1 1.5 2 25 3 3.5 4 4.5 5
Oil flow rate Qe mls ¥10°
(a) EnKF
40 T T T T T T T T

@
3
T

@
=
T

Flowing bottom hole pressure P MPa
S 2
T T

@
=
T

i

I I I

— Truth
© Measurements
Prior
Posterior
1

28
0

05

1.5

2 25 3
Qil flow rate A m/s

(¢) PF with regularisation (SIR)

35 4 45 5

<107

40 T T T T T T T

@
&
T

@
&
T

Flowing bottom hole pressure p_,, MPa
®

&i— ——
N _777"'——7_& == —
@) - = =
ot —Truth
@ Measurements
Prior
Posterior
ZB 1 1 1 1 L 1 1 1 L
0 0.5 1 1.5 2 25 3 35 4 45 5
QOil flow rate Gyt m¥s %107
(b) PF and residual resampling (SIR)
40 T T T T T T T T T
£
s B
§
Q
o BF
i
v M|
- \
s o
g s —— =
£ af =
a
o
£
g 30F — Truth
[ © Measurements
Prior
Posterior
ZB 1 1 1 1 1 L 1 1 1
0 05 1 1.5 2 25 3 35 4 45 5
Qil flow rate A m/s «10%

(d) Auxiliary PF with regularisation (ASIR)

Figure 4.9: Tubing intake curves based on samples from prior and posterior based on 500 realizations compared to the
‘truth’ tubing intake curve.

34



5 TUNING OF NEAR-WELL BORE
AREA MODEL PARAMETERS

The driving force for the inflow in the well bore is the difference between the reservoir
pressure and the bottom hole pressure. The inflow in the well could be restricted by
several factors, like reservoir properties, fluid properties and completion of the well [1].
All these factors determine the inflow performance relationship (IPR), which can be
described as the relationship between the flow rate and the pressure in the well bore and
reservoir.

For single phase oil reservoirs, the IPR is linear. The slope of the IPR depends on
reservoir properties such as permeability, skin and the reservoir radius and fluid
properties such as density and viscosity. The IPR for an oil reservoir above bubble point
is also referred as the productivity index (PI). In this chapter, the predicted Pl is corrected
with a PI correction factor c¢;.

5.1 The inflow performance relationship
The IPR for single phase oil reservoirs with the reservoir pressure above the
bubble point pressure can be expressed as the productivity index (PI),

—do,sc
= —) ) 51
] PRref~Pwf ( )

where,

Pprreris the reference reservoir pressure [Pa], which refers to the average reservoir
pressure pravor the pressure at the drainage boundary of the well pg,

pwris the bottom hole pressure[Pa],

Go,scis the oil flow rate at standard conditions [m3 s-1],

Jis the productivity index [m3 s-1 Pa-1].
For single phase radial steady-state oil flow near a well, the bottom hole pressure can be
approximated by an analytical expression [49],

Pws = PRrref + % [11’1 (:_;) —frt+ S] ’ (5.2)

where,

U, is the viscosity of the oil [Pa s],

B, is the formation volume factor of the oil [m3 m-3],

kis the permeability of the reservoir rock [m?],

his the reservoir height [m],

reis the drainage radius of the reservoir [m],

rwis well radius [m],

fr is a correction factor which depends on the reference reservoir pressure prrer
and the flow regime [-],

S'is skin factor [-].
The factor fz depends on the flow regime, i.e. steady state flow or semi-steady state flow
and the reference reservoir pressure, i.e. prrer= prav OT PRref= pg, resulting in a constant
value for 7z
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( 0 for steady-state flow with pg ;.. = pg,

1 .
> for steady-state flow with pg e = Dr avs

fr = (5.3)

1 . .
> for semi-steady-state flow with pg ... = pg.

3 . .
kZ for semi-steady-state flow with pg r.r = Dg q-

Based on Equation 5.1 and 5.2 an analytical “inflow performance relationship” can be

derived as,
—qosc  __ 2mkh

PRav—Pwf N uBgy [ln(:—vev)—fr+S]’

] = (5.4)

for single phase oil flow. In addition to the analytical model, a numerical model is also
available for a homogeneous oil reservoir, which takes the pressure dependency of the
viscosity in account [1]. In Figure 5.1, an IPR is plotted with a linear relationship of oil rate
and pressure above the bubble point pressure ps, and a non-linear one below pe.
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Figure 5.1 Inflow performance relationship (IPR) with bubble point pressure ps, illustrating single phase flow when
bottom hole pressure above puwrand multi-phase below p.

The bubble point pressure ps depends on the type of oil, and the temperature, and can be
calculated with correlations which are valid for certain ranges. Thus p» could be
considered as an uncertain model parameter. Equation 5.2 is not applicable for multi-
phase flow, i.e. when the pressure in the reservoir is lower than the bubble point pressure
P, in which case the Vogel equation can be used [50].

5.2 Data assimilation

There are many uncertain parameters during production such as permeability, skin and
drainage area. However, the effect of all these parameters is to change the PI, and hence
only a single PI correction factor is considered as a stochastic parameter. Equation 5.4 is
extended with,
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C]] = —dosc ¢y (n—_i.,_g]>' (55)
4

PRav—Dwf 1B, [ln(:—‘i)

where ¢is the PI correction factor. Note that semi-steady-state conditions and an average
reservoir pressure are considered in Equation 5.5. In the ‘test separator phase’
measurements are available of the gas-liquid ratio Ry ,ps, 0il flow rate g, s ops and the

bottom hole pressure p,, ¢ ,s- The reservoir pressure is assumed to be a known parameter
in the test separator phase. The predicted measurement of the bottom hole pressure py¢
is calculated with,

y= gres(“res: mres)' (5.6)

where y is the bottom hole pressure p, s, gres is the analytical model describing the
pressure in the near-well bore area (Equation 5.1), and u are inputs,

T
u= [ul uZ]T = [qO,SC qg,sc] ’ (5.7)

while in this case mres only consist of one parameter
Myes = C. (5.8)

The extended parameter-output vector is defined as,
T
z = [Myg y]T = [C] pwf] . (5.9)

5.3 Twin experiment

This twin experiment is conducted with different values for re, kand S in the ‘true’ model
and the model used for data assimilation, see Table 5.1. The PI correction factor is
estimated with EnKF and PF.

Table 5.1: Parameters for twin experiment in near-well bore element
Variable Symbol  Unit ‘Truth’value ‘Model’ value
Reservoir data:
Reservoir height hr m 30 25
Permeability k m? 0.9x10-13 1.1x10-13
Skin S - 0 3
Reservoir radius Ie m 400 800
Fluid properties:
Black oil correlation Standing[47] Glaso[48]
Oil density Po,sc kgm3 890 880
5.4 Results

All methods give similar results when the number of realizations is sufficient, which is
much lower compared to the realizations used in Chapter 4 and 5. In Figure 5.2 the
update of the PI correction factor is displayed.
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Figure 5.2: PI correction update with EnKF and 100 realizations.

5.5 Validation

The IPR based on the posterior pdfs shows that the PI can be accurately estimated; see
Figure 5.3. With the available measurements of flow rate, well bore pressure and assumed
fixed reservoir pressure the PI can be calculated with Equation 5.1. The PI correction
factor gives an idea of the mismatch between the analytical expression and the measured

PL.
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6 MODEL CALIBRATION DURING
TEST SEPARATOR PHASE

Stochastic model parameters of the production system are updated during the test
separator phase, see Section 2.3.1. The initial distributions and the choice of the uncertain
model parameters are discussed in the Chapter 3, 4 and 5 for the choke, tubing and near-
well bore element respectively.

6.1 Data assimilation on a production system

The stochastic data assimilation methods ensemble Kalman filter (EnKF) and particle

filter (PF) are used to update probability density functions (pdfs) of model parameters in

the test separator phase. The uncertain model parameters in the parameter-output vector
z=[m"y']", (6.1)

can now be specified with the chosen parameters described in Chapters 3, 4 and 5 as,

— [T T T _ T
m = [mchoke mtubing mIes] - [A BC Cgrav Cfric C]] ’ (6-2)

resulting in an extended parameter-output vector,

T
z= [A BC Cgrav Cfric C] ptf,choke ptf,tubing pwf] ’ (6-3)
which contains model parameters and predicted outputs for all the elements in one
extended parameter-output vector.

In the previous chapters, only one predicted output was used in the data assimilation
procedure. In the application to a production system three predicted measurements are
used, i.e. Nyis equal to three. Data assimilation with the ensemble Kalman filter is applied
with 200 realizations, motivated by computation time, and results from previous chapter.

Assigning weights to a particle z proved to be difficult with the particle filter. As
illustration, with measurements errors increased 50 times and 15000 realizations, only
one particle was assigned a weight, i.e. severe filter degeneracy occurred. The current
production system and uncertain model parameters permit a different approach of
solving this data assimilation problem with the particle filter (PF) in the test separator
phase. Instead of applying data assimilation simultaneously to all elements of a
production system,

T
z= [mT yT] = [mchoke Myyping Myes Y1 V2 Y3] ’ (6.4)

data assimilation is applied to discrete elements of the production system:
choke,

T T
Zchoke = [mr(,l:hoke Y1] = [A BC ptf,choke] ’ (6.5)
tubing,
T T
ztubing = [mrtrubing }’2] = [Cgrav Cfric ptf,tubing] ’ (6'6)

and reservoir,
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T
Zyes = [mIes y3] = [C] pwf] . (6.7)

This approach could be justified, because the uncertain model parameters of each element
are independent, i.e. not having any correlation with each other. However, in this
approach weights are assigned to each element separately, i.e. applying Equation 2.24
three times (note, the number of realizations is not affected in this approach and the
number of calculations of the modelled outputs remains the same).

6.2 Twin experiment

In a twin experiment, synthetic data is created based on a truth model. With the pdfs of
model parameters and chosen models, prior realizations of performance curves are made.
6.2.1 Truth model
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Figure 6.1: ‘True’ performance curves at tubing head and bottom hole node.

A ‘true’ model is used to create synthetic data. Synthetic data for the ‘test separator phase’
is created based on deterministic inputs and models for the choke, tubing and near-well
bore element to obtain the performance curves. With the nodal analysis procedure
described in Chapter 2, the operating flow rate and pressures are obtained which will be
used as synthetic measurements, see Figure 6.1. See Appendix D for inputs of the model.
6.2.2 Prior ensemble

Realizations of ‘performance curves’ can be plotted at the tubing head and bottom hole
nodes of the production system, see Figure 6.2. The prior distributions of the model
parameters are given in Appendix D.
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bore element.

6.3 Results

Realizations of the performance curves can be calculated based on the posterior model
parameters. The posterior pdf of model parameters is obtained with ASIR and EnKF. EnKF
results are obtained with 200 realizations, the ASIR results are obtained with 1000
realizations of model parameters. More realizations in PF were needed to avoid filter
degeneracy. Realizations of the performance curves calculated with the EnKF based
calibrated model parameters are displayed in Figure 6.3. The choke performance curves
show a large variance compared to the measurement variance, like the results observed
in Chapter 3. Realizations of the tubing performance curves based on EnKF indicate that
the applied method is successful in minimizing the variance in the predicted output by
tuning model parameters. However, the tubing intake curves in Figure 6.3b show that
there is a mismatch between predicted and the ‘true’ tubing intake curve. Not containing
the ‘true’ solution in the posterior ensemble, could be the result of a wrong ‘initial’ prior
distribution or too much reduction of the variance in uncertain model parameters. Both
reasons seem to apply in this case: as observed in Figure 6.3b, the prior distribution of the
tubing intake curve does not contain the ‘true’ intake curve in the ensemble at low flow
rates, i.e. there is not enough variance in the gravity correction factor. Furthermore, for
high flow rates, the ensemble of tubing intake curves show that the ‘true’ intake curve is
not in the ensemble. The estimated PI correction factor gives a good approximation of the
PI, see Figure 6.3b.
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of choke, tubing and near-well bore element.

The auxiliary particle filter (ASIR) is able to update the model parameters to obtain an
ensemble of the choke performance curve with lower variance compared to the EnKF, see
Figure 6.4a. The tubing intake curves display better results, however at lower flow rates
the estimated tubing intake curves deviated from the ‘truth’. The ASIR implementation in
the current approach needs 20 times more model calculations compared to the EnKF.
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The goal of the ‘test separator phase’ is to tune the uncertain model parameters. The
uncertain model parameters can subsequently be used as stochastic input in the ‘flow rate
estimation phase’. However, we do not address this subsequent step in this thesis.
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{ CONCLUSION

The focus of this thesis is to investigate the application of the data assimilation
methods ensemble Kalman filter (EnKF) and particle filter (PF) to a production system
with twin experiments. The goal for applying data assimilation for the steady-state
models of the production system in this report is tuning of uncertain model parameters
during the test separator phase. The results show that the posterior distributions of the
model parameters lead to ensembles of performance curves with lower variances
compared to the performance curves based on the prior distribution. EnKF and PF can be
applied to estimate uncertain model parameters in a petroleum production system,
however further research is required to reach the stage where the calibrated model
parameters will be used as stochastic inputs in the flow rate estimation phase.

7.1 Discussion

The biggest challenge is selection of model parameters and the prior distribution
based on these model parameters. This discussion is split into two main categories: (1)
individual elements and (2) general remarks.

In each element the number of stochastic model parameters is different, three in
the choke, two in the tubing and one in the near-well bore. A higher number of uncertain
parameters leads to an increase of the parameter-output dimension, leading to increasing
complexity of estimation of distributions of model parameters for higher order problems.

Parameters of the original proposed Gilbert correlations are adjusted by many
researches, see Chapter 3, which motivated the choice of the parameters 4, B and Cas
uncertain parameters. The current approach is to take independent samples of prior
distribution of the model parameters, not taking into account the relationship of the
parameters. The results of the results with particle show that combinations of the model
parameters will have the same output, i.e. this is an ill-posed problem. In hindsight, this is
not surprising because only a single steady-state measurement is used to estimate three
parameters. Better results can therefore be expected by either reducing the number of
parameters to one, or increasing the number of measurements (separator tests at
different flow rates) to at least three.

The posterior distribution of the two correction factors in the well flow model is
also difficult to estimate, i.e., this problem is also an ill-posed problem. The case study in
Appendix B.2 show that the prior distribution is important to avoid ensemble collapse, i.e.
an ensemble of tubing intake curves without the truth curve. Also here, better results can
be expected by either reducing the number of parameters to one, or increasing the
number of separator tests at different flow rates to at least two.

The inflow performance relationship for single-phase oil flow is described with a
linear relationship between FBHP and oil rate. With the proposed correction factor, an
initial estimate of the PI is obtained, with the reservoir pressure considered as a
deterministic parameter in the test separator phase. Unfortunately, individual production
parameters such as the skin factor, permeability and drainage radius cannot be
corrected/estimated. Doing so would require a pressure transient test.

The EnKF needs a lower number of realizations compared to the particle filter. Applying
data assimilation to the parameter-output vector for a production system consisting of all
six model parameters and three outputs was computationally not feasible with the
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particle filter, leading to splitting of the parameter-output vector for the different
elements. The EnKF was able to update the parameter-output with 100 realizations of
model parameters, whereas the PF required 1000 realizations (with ASIR twice as much
model calculations, i.e. 20 times more compared to the EnKF).

7.2 Recommendations

Use multiple flow rates and pressure measurements in the ‘test separator phase,
or a smaller number of parameters, to obtain better estimates of the parameters in
the choke and multi-phase well flow models.

Make a predictive model for pressure decline and prediction of flow rates. With
EnKF and PF, the calibrated model parameters as inputs and the predicted output
of the pressure at the tubing head and bottom hole the flow rate and average
reservoir pressure can be estimated. Eventually parameters for near well-bore
damage and choke erosion could be estimated.

Perform twin experiments with different measurement variances and available
data. What will the effect be on the distributions of model parameters if the only
measurement is the tubing head pressure?

Make use of the temperature dependency for choke flow, see [34], and for multi-
phase flow in pipes, for flow rate estimation; see e.g. [8].

Use mechanistic multi-phase well flow models as ‘true’ models in twin
experiments. Also use the output of commercial software such as PIPESIM as
‘truth’.

Test the stochastic nodal analysis concept with actual production data.
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A DATA ASSIMILATION ON THE
EXTENDED GILBERT EQUATION

A.1 Prior distribution

Table A.1: Prior Gaussian distribution of uncertain model parameters A, B and C based

on correlations from Gilbert [11], Ros [27], Baxendell [26] and Achong [28].

Model parameter A B C

Correlation:

Gilbert 3.75x 1010 0.546 1.89

Ros 6.52 x 1010 0.500 2.00

Baxendell 3.58x 1010 0.546 1.93

Achong 1.43 x 1010 0.650 1.88
Statistical information:

Mean, u 3.82x 1010 0.561 1.93

Standard deviation, o4, 2.09 x 1010 0.064 0.055

Standard deviation used, o 0.5x2.09x1010 0.7 x0.064 0.7 x 0.0.055

If the standard deviation is calculated based on the correlations, negative values for 4
could be sampled from the distribution. The standard deviation from Table A.1 is lower
than the standard deviation based on the four correlations.

For model parameter 4, two Gaussian distributions are displayed in Figure 1, the first
distribution based on u = p4 and 0 = o4 and the second distribution based on on u =
Ugand o = 0.5 X 0gy. The first normal distribution has negative values for Awhich is not
possible (leads to positive flow rates). This is the reason of taking 0.5 X o4 as the
standard deviation for the prior distribution of parameter A.
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Gaussian distribution based on the mean and standard deviation calculated based on the Achong, Baxendell, Gilbert and
Ros correlation. Based on N(uc o¢) the spread is too high. The distribution based on N(uc 0.7 o¢) is used as prior
distribution to sample parameter C in stochastic data assimilation
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A.2 Sensitivity analysis

Based on the prior distributions the sensitivity of the model can be analysed by inspecting
the effect of changing a parameter to the tubing head pressure p« The sensitivity analysis
is performed by first defining a base case with fixed inputs des, ps, giscand Rgand model
parameters 4, Band C. The model parameters are fixed with the mean values which can
be found in Table A.1. With the base case parameters, the base case output of piis
calculated with the extended Gilbert equation. In the sensitivity analysis the correlation
of the model parameters with the output is obtained. The results of the sensitivity analysis
are displayed in Figure A.4.

Table A.2: Base case parameters for sensitivity analysis of the extended Gilbert equation
by changing model parameters A, B, and C with the standard deviation defined in
Appendix A. 1
Fixed variables Symbol  Unit Base Lower Upper
bound bound
Choke diameter dch 1/64%in 28 - -
Downstream pressure of pzg MPa 2 - -
the choke
Liquid production rate qisc m3/s -0.004 - -
Producing gas-liquid ratio = Rg m3/ m3 150 - -
Water cut fwsc - 0 - -
Model parameters
Proportionality constant A - Ua Ua—304 Ugt+ 304
Gas-liquid ratio exponent B - Up ug—30g Ug+ 303
Choke size exponent C - Uc Uc—30c Uc+ 3o
1.5 T T T T T
—A
—B
C

-
1

|- Critical pressure ratio for p, =2 MPa|

o
o (&)}
T
1

.
o
&

Relative change from base case output Py

Standard deviation of a parameter, o

Figure A.4: sensitivity analysis of model parameters A, B and C of the extended Gilbert equation. Base case values in
Table 2.
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A.3 Input tables
A.3.1 Truth model

Table A.3: ‘truth’ data for twin experiment based on theoretical choke model.

Variable
Production data:
Production phase
Water cut
Oil rate
Producing liquid gas-oil ratio
Flowline pressure
Choke data:
Choke size
Specific heat capacity of liquid at
Specific heat capacity of gas at constant
Specific heat capacity of gas at constant
Choke discharge coefficient
Temperature data:
Tubing head temperature
Fluid properties:
Oil model
Gas density at standard conditions
Oil density at standard conditions
Water density at standard conditions
Output data:
Tubing head pressure

Symbol

£ w,sc

{o,sc
Rgl

pa

dc]l
C/
&
Cv
Cd

T

Pesc
Po,sc
Pw,sc

ptf

Unit

Value

test separator phase

m3/s
m3/ m3
Pa

1/64t in
J/ (kg K)
J/ (kg K)
J/ (kg K)

°C

0
-0.004
150

2 MPa

28
0.80
0.25
0.20
0.7

80

Glaso correlation [48]

kg/m3
kg/m3
kg/m3

MPa

0.9
890
1000

12.8
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A.3.2 Input parameters for data assimilation

Table A.4: parameters for twin experiment 1, choke.

Variable Symbol Unit Value
Stochastic data assimilation data:
Number of realizations Nr 1000
Number of measured inputs Nu 2
Number of uncertain parameters Nm 3
Number of measured/model outputs Ny 1
Length of extended state vector Nz 4
Fixed production data:
Production phase test separator phase
Water cut fw,sc - 0
Flowline pressure pn Pa 2 MPa
Measured production data (inputs):
Measured oil rate qo,sc m3/s -0.004
Measurement error oil rate €40 sc m3/s N(0,1x 1075)
Measured gas rate qgsc m3/s -0.060
Measurement error oil rate €qgsc m3/s N(0,1x1073)
Choke data:
Choke size dch 1/64t in 28
Uncertain choke parameters:
Mean of 4 Ua - 3.82x 1010
Standard deviation of 4 0y - 1.04 x 1010
Mean of 4 Up - 0.561
Standard deviation of A4 Op - 0.044
Mean of 4 Uc - 1.93
Standard deviation of A Oc - 0.038
Proportionality constant A - N(ug,04)
Gas-oil ratio exponent B - N(ug,0g)
Choke size exponent c - N(uc,oc)
Measured output:
Tubing head pressure Drr MPa 12.8
Measurement error of tubing head €y MPa N(0,0.1)
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A.4 Correlation matrix based on prior ensemble

The effect of ensemble size on the correlation matrix of the Gilbert choke model is stated
down below, with higher realizations lower model parameter - model parameter
correlations are observerd.

Table D.1: Correlation matrix based on N, = 50.
my =4 m, =B mg =C Y = DPtf,choke
m; =A 1.00 -0.08 -0.06 0.51
m; =B -0.08 1.00 -0.12 0.74
ms = C -0.06 -0.12 1.00 -0.39
Y = Dtf choke 0.51 0.74 -0.39 1.00
Table D.Z: Correlation matrix based on N, = 100.
my =4 m, =B mg =C Y = DPtf.choke
m; =4 1.00 -0.04 0.15 0.48
m, =B -0.04 1.00 -0.03 0.77
ms = C 0.15 -0.03 1.00 -0.25
Y = Defchoke 0.48 0.77 -0.25 1.00
Table D.3: Correlation matrix based on N, = 200.
m =A m, =B my =C Y = DPtf,choke
m; =A 1.00 0.03 0.00 0.58
m, =B 0.03 1.00 0.03 0.73
mg = C 0.00 0.03 1.00 -0.25
Y = Dtfchoke 0.58 0.73 -0.25 1.00
Table D.4: Correlation matrix based on N, = 1000.
m =A m, =B my =C Y = DPtf,choke
m; =A 1.00 0.01 -0.02 0.61
m, =B 0.01 1.00 -0.04 0.69
ms = C -0.02 -0.04 1.00 -0.32
Y = Ptf.choke 0.61 0.69 -0.32 1.00
Table D.5: Correlation matrix based on N, = 5000.
m; =A m, =B my =C Y = DPtf,choke
m; =A 1.00 0.00 0.03 0.62
m, =B 0.00 1.00 -0.03 0.69
ms = C 0.03 -0.03 1.00 -0.28
Y = Dtf choke 0.62 0.69 -0.28 1.00
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A.5 Particle filter

A.5.1 Number of realizations

In Table A.2, the number of non-zero weighted particles for different number particles is
displayed. The results of Figure A.5b are obtained with a 10x bigger measurement error
than defined for EnKF, this due the limited non-zero particles obtained otherwise. This
can be quantified by calculating the effective numbers of particles detailed explanation. In
Figure A.5b the posterior distribution with SIS is displayed. Based on the posterior
distribution generated with regularization and another model run for the same data
assimilation step weights are obtained, shown in Figure A.5c (which are the weights for
ASIR). Filter degeneracy compared to Figure A.5b is reduced. A better approximation of
the Gaussian distribution is observed, because the variance in the predicted
measurements is smaller. This motivated the choice to reduce the measurement variance
compared to the first data assimilation step form 10x to 4x used in the ASIR weighting
step (Equation 2.24)

T —T T T o6 0014

| j > o Posterer|

|

|

|

|

|

! 4
{ L 012t 8
|

|

|

|

|

|

|

0.004

wek ’ 0002

-

| i L ol L L G §_nbeses S ) L | o X J
127 1275 128 128 129 129 13 21 1278 128 1285 29 1295 13 127 1278 128 128 129 129 13
Floving tubing head pressure p, - MPa Flowing tubing head pressure Py MPa Floving tubing head pressue o,,, MPa
(a) Based on residual resampling (b) SIS (c) SIS based on model parameters
obtained with SIR

Figure A.5: Effect of resampling to obtain more effective particles

Table A.2: Number of particles and effect of measurement error on non-zero particles.
N, =100 N, = 500 N, = 1000 N, = 5000
lep, 1 1 6 15
5€p,; 1 3 11 60
10 €p,, 1 7 18 74

A.5.2 Resampling applied on the Gilbert equation

Available resampling methods for the SIR implementation of PF are residual resampling
and regularization. The auxiliary particle filter is applied with regularization. Based on
the weights of the particle filter (Figure A.5a) and regularization the posterior
distribution of model parameters is calculated (Figure A.6b). Based on the updated
posterior model parameters (Figure A.6b) the output is calculated for the same data
assimilation step, hence another run of the model for each particle is required. Weights
are again calculated (Figure A.6¢), due the smaller variance in the predicted output, more
particles with weights will be observed, (see Figure A.5c). By resampling again, the
posterior distribution of model parameters is observed. Note the difference between
Figures A.6a and A.6c, the variance in predicted measurement is clearly reduced.
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The difference implementation of the particle filter lead to different distributions of the
model parameters, see Figure A.7, A.8 and A9. The update is also plotted with for cross
plot of model parameters, see Figure A.10, A.11, and A.12.
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A.5.3. Pseudocode Resampling methods
Pseudo code SIR - Residual

Mprior = prior vector of model parameter
w = weights of particles

Nr=number of particles

n = integer part of N.w

ind = find(w > 1/N,.) % Find all particles with integers

n = floor(w N,.) % Get integer part of particles of index

ncum = cumsum(n(ind)) % Cumulative sum vector of n based on indices, to get cumulative
values of how much particle to copy

% Duplicate particles
IMposterior (1:ncum(1)) = mprior(ind(l)) % COpy particles
for i = 2:length(ncum)
IMposterior (ncum(i-1)+1:ncum(i)) = mprior(ind(i)) % COpy particles
end

% Resample remaining particles with systemic resampling
Nresidual = Nr— sum(n) % Remaining particles
Presiauar = N,w-n % Update probabilities, remove already copied particles

Presidual

Wresidual = —————*— 0 Normalize weights
sum(Presidual)

mposterim(sum (n) +1: Nr) = unifo rm_resample (mprior, Wresidual, Hresfdual)

Pseudo code SIR - Regularization
% same till duplicate particle
o= standard deviation of the model parameter, needs to be specified
Mposterior (1:n(1)) = mprio(index(1)) + o randn(1:n(1))
for i = 2:length(n)
Mposterior (ncum(i-1)+1:ncum(i)) = mprior(il’ldeX(i))-l— g randn(ncum(i-l)+1:ncum(i))
end
mposten'm(sum(n)-}'l:/vr) = uniform_resample(mpn'or, W residual, Hresfdual)
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B MULTI-PHASE FLOW
MODELLING THROUGH WELLS

B.1 Sensitivity analysis

0.15 1 T T T T
S — correction factor gravity with #Cg{av =7and O-Cg{au =0.06
S 0.1} |, corection factor friction with u, =lando, =025 N
qrav grav

relative change in output o

-0.15 ' '
-3 -2 -1 0 1 2 3

Change in parameter, standard deviation [o]

Figure B.1: sensitivity analysis of model parameters A, B and C of the extended Gilbert equation. Base case values in
Table 2.

B.2 Case study — effect of prior distribution of model parameters on posterior pdf
In this appendix, the effect of the prior distribution of the uncertain parameters is
discussed with a case study. Method used is the EnKF with 200 ensemble members.

See Appendix B.3 for a detailed overview of the inputs of the models. See Figure
4.3 for difference between ‘truth’ tubing intake curve and ‘base’ intake curve which will
be as mean in the modelling of priors.

Table B.1: parameters for twin experiment in multi-phase well flow

models.

Variable Symbol  Unit Truth’value ‘Base’ value
Well data:

Pipe roughness ew m 30%x10-6 30x10-5

Multi-phase flow model Drift flux Mukherjee&Brill

Fluid properties:

Black oil correlation Standing[47] Glaso[48]
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Figure B.2: Tubing intake curves calculated based on Table 4.1 and inputs values
from Appendix C.

This twin experiment is conducted twice, with two different prior distributions of the
model parameters. See Table B.2 for details about the prior distributions.

Table B.2: Prior distribution for twin experiment in multi-phase well flow models.

Variable Symbol Case 1 Case 2
Correction factors:

Gravity correction factor Cgeav N(1, 0.05) N(1, 0.05)

Friction correction factor Ctric N(1,0.3) N(0.6,0.2)
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With this case study with a different pipe roughness between ‘truth’ and ‘base’ model, see
Table B.1, the friction term will be overestimated. By manipulating the prior distribution,
the posterior tubing intake curve will be more in the middle of the ensemble, see Figure
B.3a and Figure B.3b. This example shows that there are chances for ensemble collapse,
i.e., the model parameters to predict the ‘truth’ curve will be not in the ensemble after

calibration.
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Figure B.3: Tubing intake curves based on prior and posterior distribution Table B.1 and B.2.
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B.3 Input tables
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Table B.3: Data for ‘truth’.

Variable

Production data:
Water cut
Producing GOR
Tubing head pressure
Oil rate at standard conditions
Fluid data:
Oil model
Solution GOR at bubble point pr.
Gas density at standard conditions
Oil density at standard conditions
Well data:
AHD
Wellbore inclination
Tubing inside diameter
Tubing roughness
Multi-phase flow correlation
Flow regime
Output:

Bottom hole pressure

Svmbol Unit Value
fw,sc - 0

Rgo m3/m3 150

prr Pa 12 MPa
do,sc m3/s -0.004

Black oil with Standing correlation [47]

Rsp m3/m3 150
Pzsc kg/m3 0.90
Po,sc kg/m3 860

Ltot m 3000

a deg 0

d: m 0.07600
et m 30x10-¢
Drift flux model

Semi-steady-state

Dwr MPa 33.25
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Table B.4: Data for ‘model".

Variable

Production data:
Water cut
Tubing head pressure

Measurement error of tubing head
Measured production data (inputs):

Measured oil rate
Measurement error oil rate
Measured gas rate
Measurement error oil rate
Fluid data:
Oil model
Solution GOR at bubble point pr.
Gas density at standard conditions
Oil density at standard conditions
Stochastic parameters data:
Gravity correction factor
Friction correction factor
Well data:
AHD
Wellbore inclination
Tubing inside diameter
Tubing roughness
Output:

Bottom hole pressure, FBHP

Measurement error FBHP

Symbol  Unit Value
fw,sc - 0
prf MPa 12.8
€p, s MPa N(0,0.1)
{dosc m3/s -0.004
€do.5c m3/s N(0,1x 107°)
{dgsc m3/s -0.060
€qgsc m3/s N(0,1x1073)

Black oil with Standing correlation

Rsp m3/m3 150

Pg.sc kg/m3  0.90

Po,sc kg/m3 890
Cyrav N(1,0.06)
Crric N(1,0.25)

Lot m 3000

a deg 0

d: m 0.07600

et m 30x10-¢

Dwr MPa 33.2

€,.. MPa  N(0,0.01)
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C INPUTDATA NEAR-WELL BORE

Table C.1: Data for ‘truth’,

Variable Symbol  Unit Value
Production data:
Water cut fwsc - 0
Producing GOR Reo m3/m3 150
Reservoir pressure DRav Pa 40 MPa
Oil rate at standard conditions qo,sc m3/s -0.004
Fluid data:
Oil model Black oil with Standing
Solution GOR at bubble point pr. Rsp m3/m3 150
Gas density at standard conditions Pgsc kg/m3  0.90
Oil density at standard conditions Po,sc kg/m3 890
Reservoir data:
Reservoir height hr m 10
Permeability k m?2 1x10-13
Forchheimer coefficient B 1/m 0
Skin S - 0
Reservoir drainage radius Ie m 400
Well bore radius I'w m 0.1778
Flow regime Semi-steady-state
Output:
Bottom hole pressure, FBHP DPwf MPa 38.12
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Table C.2: Data for ‘model’.

Variable

Production data:
Water cut
Reservoir pressure
Measured oil rate
Measurement error oil rate
Measured gas rate
Measurement error oil rate

Fluid data:
Oil model
Solution GOR at bubble point pr.
Gas density at standard conditions
Oil density at standard conditions
Reservoir data:

Reservoir height
Permeability
Forchheimer coefficient
Skin
Reservoir drainage radius
Well bore radius
Flow regime

Productivity index correction factor

Output:
Bottom hole pressure, FBHP

Measurement error FBHP

Symbol  Unit
fw,sc -
PRav Pa
do,sc m3 / S
€gosc  MP/S
{gsc m3 / S
€qg.5c m3/s

Black oil with Standing correlation [47]

Rsp

Pesc
Po,sc

hr
k

B
S
Ie
I'nv

G

Pwrf

EDMI f

m3/m3
kg/m3
kg/m3

Value

0
40 MPa
-0.004
N(0,1x 107°)
-0.060
N(0,1x1073)

150
0.90
890

10
1x10-13
0

0

400
0.1778

Semi-steady-state

MPa
MPa

N(1,0.25)

38.12
N(0,0.01)
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D PRODUCTION SYSTEMS

Table D.1: Data for ‘truth’,

Variable Symbol Unit Value
Production data:

Water cut fw,sc - 0

Producing GOR Reo m3/m3 150

Reservoir pressure DRav Pa 40 MPa

Oil rate at standard conditions qo,sc m3/s -0.004
Fluid data:

Oil model Black oil with Standing correlation [47]

Solution GOR at bubble point pr. Rsb m3/m3 150

Gas density at standard conditions  ggsc kg/m3 0.90

Oil density at standard conditions s kg/m3 860
Choke data:

Choke size dch 1/64t% in 28

Choke model Theoretical model, see A.3.

See Table A.3 for other inputs

Well data:
AHD Lot m 3000
Wellbore inclination a deg 0
Tubing inside diameter dr m 0.07600
Tubing roughness er m 30x10-6
Multi-phase flow correlation Drift flux model
Reservoir data:
Reservoir height hr m 10
Permeability k m? 1x10-13
Skin S - 0
Reservoir drainage radius Ie m 400
Well bore radius I'w m 0.1778
Flow regime Semi-steady-state
Output:
Tubing head pressure Drr MPa 15.15

Bottom hole pressure Dwr MPa 35.17




Table D.2: parameters for twin experiment, Chapter 6.

Variable

Stochastic data assimilation data:

Number of realizations
Number of measured inputs
Number of uncertain parameters

Number of measured/model outputs

Length of extended state vector
Fixed production data:

Production phase

Water cut

Reservoir pressure

Flowline pressure

Measured production data (inputs):

Measured oil rate
Measurement error oil rate
Measured gas rate

Measurement error oil rate
Fluid data:
Oil model
Solution GOR at bubble point pr.
Gas density at standard conditions
Oil density at standard conditions
Choke data:
Choke size

Well data:

AHD
Wellbore inclination
Tubing inside diameter
Tubing roughness
Multi-phase flow correlation

Reservoir data:
Reservoir height
Permeability
Reservoir drainage radius
Well bore radius

Uncertain parameters:

Symbol Unit

Nr
Ny
N
Ny
N;

5 w,sc
PRav
pa

do,sc

erSC
{dgsc

6Qg,sc

Black oil with Glaso correlation [47]

Rsb

Pesc
Po,sc

dcl]

Lot

a
dr

et

Mukherjee and Brill (1985a)

test separator phase

Pa
Pa

m3/s
m3/s
m3/s

m3/s

m3/m3
kg/m3
kg/m3

1/64 in

m
deg
m

m

Value

200 EnKF, 1000 PF
2

6
3
9

0
40 MPa
2 MPa

-0.0036
N(0,1x 107°)
-0.5429

N(0,1x1073)

150
0.90
860

28

3000

0
0.07600
30x10-6

15
1x10-13
800
0.1778
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Mean of 4 Ua - 3.82x 1010

Standard deviation of A4 Oy - 1.04 x 1010

Mean of B Ug - 0.561

Standard deviation of B Op - 0.044

Mean of € Uc - 1.93

Standard deviation of € Oc - 0.038

Proportionality constant A - N(ua,04)

Gas-oil ratio exponent B - N(ug, 0p)

Choke size exponent c - N(uc,oc)

Gravity correction factor Cyrav N(1,0.06)

Friction correction factor Crric N(1,0.25)

Productivity index correction factor ot N(1,0.25)
Measured output:

Tubing head pressure Drr MPa 15.15

Bottom hole pressure Dwr MPa 35.17

Measurement error tubing head pressure €, MPa N(0,0.01)

Measurement error bottom hole pressure €, . MPa N(0,0.01)
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