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1. Abstract

Field development and control optimization aim to maximize the economic profit of oil and gas
production while considering several sources of uncertainty. This results in a high-dimensional
optimization problem with a computationally demanding and uncertain objective function based on
the simulated reservoir model. The limitations of many current robust optimization methods are: 1) it
is single-level optimization (e.g. optimization of well locations/placement only; or of well
production/injection control variables only) that ignores interference between the control variables
from different levels; and 2) they provide a single optimal solution, whereas operational problems
often add unexpected constraints likely to reduce that optimal, inflexible solution to a sub-optimal
scenario.

This paper presents a robust, multi-solution framework based on sequential iterative optimization of
control variables at multiple levels using the Simultaneous Perturbation Stochastic Approximation
(SPSA) optimization algorithm. A systematic realization selection process, tailored to the objective of
the subsequent optimization stage, is used to select a small representative ensemble of reservoir
model realizations to be used for calculating the expected objective value. The estimated gradients
are calculated using a 1:1 ratio mapping ensemble of control variables perturbations at each iteration
onto the ensemble of selected reservoir model realizations to reduce the computational cost. An
ensemble of close-to-optimum solutions is then chosen from each level (e.g. from the well placement
optimization level) and transferred to the next level of optimization (e.g. where the control settings
are optimized), and this loop continues until no significant improvement is observed in the expected
objective value. Fit-for-purpose clustering techniques are developed to systematically select an
ensemble of solutions, with maximum differences in control variables but close-to-optimum objective
values, at each optimization level.

The proposed framework has been tested on a benchmark case study (Brugge field). Multiple solutions
are obtained with different well locations and control settings but close-to-optimum objective values.
We show that suboptimal solutions from an early optimization level can approach and even outdo the
optimal one at the next level(s). Results demonstrate the advantage of the developed framework in
more efficient exploration of the search space and providing the much-needed operational flexibility
to field operators.

Keywords: robust optimization, well placement, optimal control, SPSA, geological uncertainty

2. Introduction

Optimal field development and management process operates critical decision variables (a.k.a. control
variables), such as well locations and control settings, to maximize the economic profit from oil and
gas production. However, mathematically this often results in a high-dimensional, constrained
optimization problem with computationally demanding and uncertain objective function (i.e. the
production forecast model and field performance estimation based on it). The control variables in this
optimization problem can be grouped based on their type (e.g. integer, model grid cell number-based
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well locations; continuous well production/injection pressure or rate control settings, etc.). In this
paper we refer to optimization of different variable types as different ‘optimization levels’, e.g. the
well location optimization is one level, and the well production/injection control optimization is
another level.

Single-level optimization frameworks have been developed to optimize only one type of control
variables, such as well locations [1-7] or well control settings like flow rate or pressure [8-18]. These
methods may not be appropriate where the optimization problem involves multiple levels, as they do
not capture the potential correlations or interference among control variables at different levels. In
contrast, multi-level frameworks aim to simultaneously optimize multiple types of variables at
different levels to account for the correlation among control variables. Current multi-level approaches
can be classified into two groups: (1) Joint optimization [19-21]: this approach optimizes a single
augmented vector containing all control variables at different levels. Although the obtained solution
using this approach is theoretically optimal, however, a sub-optimal performance as a result of
convergence to a local optima is expected when using this approach in reasonable-scale full-field
applications due to the optimization algorithm’s high demand for computational resources because
of the large number of simultaneous control variables [22]. (2) sequential optimization [22-24]: in this
approach, the main problem is divided into sub-problems with reduced number of control variables.
Each sub-problem is a single-level optimization (with a single type of control variable); an iterative
approach is then employed to account for the correlations among control variables at different levels.

Current field development/control optimization frameworks can further be classified into three main
groups based on the employed optimization algorithm: (1) stochastic derivative-free and
metaheuristic algorithms such as genetic algorithm (GA) [25, 26] or particle swarm optimization (PSO)
algorithm [27], (2) adjoint gradient-based algorithms [28-32], and (3) stochastic approximated
gradient-based algorithms such as Simultaneous Perturbation Stochastic Approximation (SPSA) [23]
or Stochastic Simplex Approximate Gradient (StoSAG) method [33]. Stochastic derivative-free and
metaheuristic algorithms can globally search for the optimal solution of all types of control variables
(e.g. categorical, integer, continuous), however, they typically have a slower convergence rate than
gradient-based algorithms and their performance decreases rapidly when the number of control
variables increase [34]. Adjoint gradient-based methods are computationally efficient; however, most
of the commercial simulators either do not have a fully developed adjoint code or do not allow access
to the source code for efficient calculation of the gradient [35]. Approximate gradient-based
algorithms are developed to address this issue by stochastically estimating the gradient of a black-box
objective function using an ensemble of simultaneous perturbation of all control variables. The
approximate gradient-based algorithms have been successfully employed to solve large-scale well
placement (e.g. using SPSA [36]) and well control problems (e.g. using SPSA [37] and StoSAG [38]).

The reservoir model is never perfect, nor the production forecast based on it. Hundreds of reservoir
model realizations are generally developed to quantify the underlying uncertainty due to limited
reservoir description knowledge. A robust, optimal well placement/control solution can then be
achieved by optimizing the expected value of the objective function over the ensemble of model
realizations. A variety of techniques have been developed to select a relatively small ensemble of
model realizations, as the sufficient representatives of all possible realizations for the problem at
hand, to reduce the computation time associated with the robust optimization process. Random
sampling of realizations has previously been employed by Guyaguler and Horne [39] and Chen, Li [40],
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however, random sampling approaches in general cannot guarantee to capture the underlying
uncertainty. Iteratively updating the randomly selected samples during the optimization process (e.g.
[22, 41]) can potentially improve the performance especially with a large number of iterations. A
systematic selection technique [2, 37, 42] is preferred to select a subset of realizations as the
representative of all realizations, tailored to the objective of the subsequent optimization.

Current single/multi-level optimization frameworks provide a single solution as the output, while in
practice, operational problems often impose unexpected constraints that result in operators having
to adjust the optimal solution degrading its value. For instance, the provided optimal well location
solution could be impractical (or difficult) to drill, due to the deviation of the well trajectory from the
planned trajectory, caused by operational/tool errors. Hence, operational flexibility is an outstanding
challenge to be addressed for practical application of the optimization frameworks. This paper
presents a multi-solution optimization framework (MSOF) to solve well placement and control
problems under geological uncertainty, based on a multi-level sequential (iterative) approach [3].
SPSA is used as the optimizer following previous works proving its efficiency in large-scale problems
[23, 43-45]. The gradients at each iteration are stochastically estimated using a 1:1 ratio between the
ensemble of control variables perturbations and the ensemble of selected model realizations. An
ensemble of close-to-optimum solutions is then chosen from each level (e.g. from the well placement
optimization level), transferred to the next level of optimization (e.g. where the well controls are
optimized), and this loop continues until no significant improvement is observed in the expected
objective value. Fit-for-purpose clustering procedures are developed to systematically select an
ensemble of realizations to capture the underlying model uncertainties, as well as an ensemble of
solutions with adequate differences in control variables but close-to-optimum objective values, at
each optimization level.

Multi-objective optimization approaches, such as bi-objective (pareto front) [16, 18, 46] and
hierarchical approaches [29, 35, 40], have been initially used to achieve a secondary objective (usually
a short-term gain, e.g. highly discounted cash flow) while maintaining a long-term, primary objective
(e.g. undiscounted cash flow). The pareto front approach follows a similar concept to provide a
reasonable degree of freedom to the decision maker to choose the optimal solution based on the
relative importance of each of the two objectives [16]. The focus of this work is to develop a
framework to provide the required operational flexibility in single-objective optimization problems.

This paper is organized as follows: First, problem formulation for robust well placement/control
optimization, with an uncertain reservoir model, is presented; followed by a brief description of the
SPSA algorithm. Next, the developed techniques for reservoir model realization selection are
presented and compared with the alternative realization selection strategies. The MSOF along with
the developed techniques for selecting representative solutions at each optimization level are
presented. The MSOF is then applied to a benchmark case study (Brugge oil field model). The
numerical results are compared with single solution optimization approach and the previous approach
of using all the selected realizations for gradient estimation (instead of the proposed 1:1 approach),
and the conclusions are drawn.

3. Problem statement

In this work, the objective is to find the optimal set(s) of control variables (i.e. well locations and
control settings) to maximize an objective function. Net Present Value (NPV), considering only oil and
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water production/injection over the presumed life of the reservoir, is the selected objective function,
defined as:

S

Np N;

ot
JG,m) = z (roap; — Towdiy ;) — Z(Cwiq;l/i,k) A1) (1)

n=1\|j=1 k=1

where x is the N, dimensional vector of the control variables, m is the N,,, dimensional vector of the
uncertain reservoir description properties (e.g. porosity and permeability fields, fault transmissibility,
oil-water contacts) quantified as the reservoir model realizations, n is the n'" time step of the reservoir
simulation, S is the total number of simulation steps, §t™ is the length of n* simulation step, t,, is the
simulation time at the end of the n™ time step, b is the annual discount rate in decimal, and Np and
N; are the number of producers and injectors, respectively. The cost coefficients 7,, 13,,,, and c,,;
denote the oil price, the water handling cost, and the water injection cost respectively; all in
(USD/STB). qgj and qv’},’j are the oil and water production rates of well j at time step n in STB/day.
q;l,i_k is the water injection rate of well k at time step n in STB/day. The expected value of the objective
function (J;) over an ensemble of reservoir model realizations is maximized in order to account for

the reservoir description uncertainties. Hence the robust optimization problem is defined as

Ny
1
Jmax Jg(x) = N kZl] (x, M)

(2)
subject to x™" < x; < x",i=1,2,..,N, (3)

where N, denotes the number of representative reservoir model realizations, m;, represents the N,
dimensional vector of the uncertain reservoir description properties (e.g. porosity and permeability
fields, fault transmissibility, oil-water contacts) for the realization k and x™™ and x%* are the lower
and upper bound for the it® component of the control variable vector x, respectively. In this study,
control variables x are scaled from the original domain [X,;in, Xmax] to [0,1] (Eq. (4)) to eliminate the
impact of different ranges of control variables at different optimization levels.

Xi ~ Xmin,i

W= @)

xmax,i - xmin,i

Simulation runs are conducted using a commercial reservoir simulator (ECLIPSE-100) [47] to calculate
the objective function for the specified set of control variables and model realizations.

3.1. Optimization methodology

SPSA is a stochastic optimization algorithm based on the steepest ascent (or descent) while gradient
is approximated using a randomly selected stencil [48]. Consider J(u,) to be the objective value,

where uy is the N, dimensional vector of the scaled control variables at iteration k. The gradient
9]

gr(w) is defined as the partial derivatives of the objective function gk(u)=£=

DT,
duqy’ ouy” " duyy,

T

, where [.]" represents a column vector [49]. SPSA iteratively maximizes the

objective function J(u) using:

g1 = U + @ G (W) (5)
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where g (1) is the stochastically estimated gradient of the objective function and a;, > 0 is the step
size at iteration k. To calculate §j (uy), Ax= {Akl,Akz,...,AkNx} is defined as a random vector of

symmetrically distributed +1 values, satisfying the conditions defined by Spall [48]. The stochastic
gradient g, (uy) is then calculated using A, and a positive scalar cy:

(6)

et :](uk + ciBy) — J (ug — ¢ by) y 11 1 ]T

2Ck Akl'Akz’".'AkNx
The convergence of the SPSA algorithm depends on the tuning parameters a; and cj. Spall [49]
suggested the following decaying sequences to calculate aj and ¢, to ensure a gradually refining
search:

a

% ATk D)? )
Cc

“= G+ (8)
where a, ¢, A, 9, and y are positive, real numbers. The values of 9 and y are recommended to be
0.602 and 0.101 [48]. The stability constant A is recommended to be 5-10% of the expected, or
allowed, number of iterations when optimizing continuous variables [50]. Jesmani, Jafarpour [41]
recommended using a larger A (e.g. A was set to 100 that is 33.3% of the 300 iterations) to achieve a
more refined search in order to enhance the convergence of the algorithm in well placement
optimization problems with discrete control variables. In this work, A = 100 and A = 10 is used for
well placement and well control optimization levels, respectively. Haghighat Sefat, Elsheikh [37]
recommended setting 0.1 < oy < 0.5 and ¢y, (i.e. when k = ky,4,) between 0.025 and 0.1 based
on the complexity/noise of the search space. Initial sensitivity analysis in this work showed that faster
convergence and more stable search process is achieved when ay = 0.5 and ¢,;;;, = 0.08 for both
well location and control optimization.

Average SPSA: The expectation of the stochastically estimated gradient (g, (uy)) is the true gradient
due to the random nature of A, [48]. Wang, Li [51], therefore, suggested using an averaged stochastic
gradient calculated by use of an ensemble of perturbation vectors to improve the estimation of the
search direction. Using the central difference formulation for gradient estimation, n, independent
samples of A, are generated at each iteration, which results in 2 X n, objective function evaluations
(Eq.(6)). The average stochastic gradient is then calculated by arithmetic averaging of the ensemble of
n, estimated gradients using the following equation:

I
G = - ) 8w o
i=1

where m is the average stochastic gradient substituted for g (1) in Eq. (5). Note that developed
framework is independent of the choice of the objective function. Variance or standard deviation can
be added as an extra term to Eq. (9) to form a utility function if the objective is to reduce the risk while
maximizing the objective value [37]. We observed that setting n, between 3 to 5 provided a good
quality of the estimated gradient at both the well placement and the well control levels.

1:1 perturbation allocation method: Uncertainty in reservoir description is generally captured by
creating an ensemble (usually hundreds) of equally probable model realizations [2, 52]. Therefore, a
fixed control vector (x) will produce different objective function values (/) when applied to different
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model realizations. Assuming n. is a small subset of model realizations, selected as the representative
of all available realizations, 2 X n, X n, function evaluations are generally required at each iteration
to estimate m using n,, estimated gradients (Eq. (9)), which is referred to as all-to-all approach
(Figure 1-Left) in this paper. Chen, Oliver [53] and Fonseca, Leeuwenburgh [35] showed that a 1:1
approach (Figure 1-Right), by mapping one member of the ensemble of control variables perturbations
to one member of the ensemble of selected model realizations, can still provide a good estimate of
the search direction at a significantly lower computation time while StoSAG [33] is used as the
optimization algorithm (Note: StoSAG is an ensemble based optimization algorithm based on the
EnOpt [53], where a smooth, stochastic approximated gradient is calculated using a temporal
covariance matrix and an approximated simplex gradient over a number of perturbations of control
variables). Assuming both ensembles of selected model realizations and control variables
perturbations have an equal number of members (n, = n,) and considering that mean of the selected
realizations is the objective function, a 1:1 approach can be used to reduce the number of function
evaluations to 2 X n, in SPSA. Section 4.3 provides a comparison between all-to-all and 1:1 approach
before employing the 1:1 approach in MSOF.

1
1
1
All-to-All approach : 1:1 approach
1
1
:
1
1
i Py+
1
— m ! —— m
o £ 5 1 B2 >
s o w0 1 5 0 P 3$
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Figure 1-A schematic example for Left: all-to-all perturbation allocation method (2 X n, X n,
function evaluations are required at each iteration) Right: 1:1 method (2 X n, function evaluations
are required at each iteration). Note that central difference formulation is used for gradient
estimation and both positive and negative perturbations are calculated using a particular realization.

3.2. Reservoir model realization selection

Selecting a small ensemble of model realizations as the representative of all available realizations can
significantly reduce the computation time of robust optimization. A systematic approach is to tailor
the realization selection process to the objective of the subsequent optimization stage. Wang,
Echeverria-Ciaurri [2] proposed projecting all model realizations to 2D space while each dimension
attributes to a time-varying (e.g. cumulative oil production) or static (e.g. permeability, oil-water
contact, original oil in place) property of the model, followed by clustering and selecting
representative realizations from each cluster. They used the normalized oil-water contact and the
cumulative oil production as the model attributes when selecting representative realizations for well
location optimization with the objective of maximizing NPV by enhancing reservoir sweep efficiency.

7



228
229
230
231
232
233
234
235
236

237
238
239
240
241
242
243
244
245
246
247

248
249
250
251
252
253

254
255
256

257
258
259
260
261

262
263
264

A robust, multi-solution framework for well placement and control optimization

Haghighat Sefat, Elsheikh [37] proposed using the pairwise distance between water cut curves of all
model realizations as similarity/dissimilarity measure when selecting realizations for well production
optimization with the objective of increasing oil production by delaying water-breakthrough. Shirangi
and Durlofsky [42] also proposed to measure similarity/dissimilarity between model realizations using
a low-dimensional feature vector containing a combination of static and dynamic (varying with time)
model properties, tailored to the optimization objectives. They found that both static and dynamic
model properties need to be considered when selecting realizations for well location optimization
while dynamic properties become especially important in realization selection for well control
optimization.

Well placement optimization: Optimal well locations are often functions of both static (geological)
and dynamic (flow properties) features of the reservoir, hence at the well placement optimization
level, the realization selection is performed by creating a two-dimensional map where each model
realization is characterized by its normalized permeability distance and the area under the field
cumulative oil production curve. The permeability distance is defined as the Euclidean distance
between the permeability field of a particular realization (m;) and the average permeability field over
all available realizations (m) (i.e., d; = ||m; —m||, where ||.|| represents the l,-norm), which
identifies the realizations showing different spatial permeability distribution compared to others. K-
means clustering [54] is then performed to group all available realizations (n,-) into a small number of
clusters (n.) by iteratively finding the optimal cluster centers, i.e. T,y = {Tl, Ty, ey Tnc}, such that the
summation of the distances of all n,. realizations from the nearest cluster center is minimized.

ny
Topt = min |lu; — Tj||2 (10)

Jj=12,..,n¢
i=1

where 7; is the center for cluster j, and u; denotes the mapped realization. Each realization is then
assigned to the nearest cluster center. Determining the optimum number of clusters is an ill-posed
problem and mostly involves some form of intuition supported by a performance measure. The
Silhouette value [55] evaluates how well a data point is assigned to a particular cluster and is used as
the clustering performance measure in this work. Assuming n. clusters, the optimum number of
clusters (ncopt) is determined by comparing the average silhouette value (Sil(n.)) for different
numbers of clusters (n.), where the maximum silhouette value indicates the best quality of clustering.
Detailed information about the standard procedure of calculating average silhouette value can be
found in Salehian, Sefat [12] and Haghighat Sefat, Elsheikh [37].

Well control optimization: The objective of the well control optimization level in this study is to
improve oil recovery, which is typically achieved by delaying early water breakthrough in wells. Hence,
following Haghighat Sefat, Elsheikh [37], the realization selection at the well control optimization level
is performed by calculating the pairwise distance between model realizations as the summation of
area between the well water cut versus production time curves of those realizations, given by:

D(mi, mj) — Zp ft: (fwcg (m;, t) — fwcg(mj, t)) dt (12)
g=1"t=

where fwcg (m;, t) is the water cut in the g™ production well as a response of model i (m;) at time t,

n, is the total number of production wells, and t; is the final production time. The n,. X n,. dissimilarity
matrix is then projected into two-dimensional space using multidimensional scaling (MDS) [56],
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preserving the Euclidean distance between data points in 2D as close as possible to the distance
measured in the original space (Eq. (11)). K-means clustering followed by average silhouette value
analysis is performed to group model realizations into Ny, clusters, similar to the routine followed

at the well placement optimization level. At both optimization levels, the realization closest to the
center of each cluster is selected as the representative of that cluster (following Scheidt and Caers
[57] and Haghighat Sefat, Elsheikh [37]). Note that if the number of selected realizations is larger than
the number of clusters, then a weighted averaging approach should be used [37]. Section 4.2
compares the performance of the developed realization selection approach with the common
alternatives.

3.3. Multi-Solution Optimization Framework (MSOF) for well placement and control

Fonseca, Leeuwenburgh [35] and Haghighat Sefat [9] showed that in optimization problems with a
large number of control variables, the search space is characterized by several local optima with
objective values close to each other. These local optima may form a multi-dimensional subspace
where a minor change in the objective value is observed by varying control variables (similar to
“mountain ridges”) [9]. Although some of these solutions could be sub-optimal, they provide an
acceptable level of improvement from operational point of view. Moreover the provided continuous,
level of freedom, to achieve similar objective values using different sets of control variables, offers the
much-needed operational flexibility. The developed MSOF explores the search space to identify
multiple sets of solutions with distinctly different control variables but close-to-optimum objective
values. The multiple sets of solutions can be considered as realizations of the (uncertain) control
variables. A similar realization selection approach, as the one explained in section 3.2, can then be
employed to select an ensemble of representative optimal solutions from each optimization level.

Solutions with low objective function values (E(NPV)) or with control variables values close to the
optimal solution already selected are not good for the representative ensemble of optimal solutions
from each optimization level. Hence, only the representative solutions with distinct differences in
decision variables are selected from the top cases with objective values greater than a specified
threshold, defined as p% of the maximum objective value (J,,q,) achieved. The optimal value of p
(Popt%) depends on two competing criteria: distinct dissimilarity of the selected solutions, and
proximity of the objective value of the selected cases to the maximum objective value. Selecting a
large percentage of cases at each level (e.g. the extreme case of all cases) captures the maximum
diversity between optimization scenarios. However, the selected cases do not all have the potential
to achieve a close-to-optimum objective value after the next level of optimization and therefore do
not qualify as an acceptable final solution. In this study, a sensitivity analysis followed by Salehian,
Haghighat Sefat [45] showed that selecting p,,; = 0.8 at each optimization level (i.e. all cases with
objective values in the range of [pyp: X Jmax » Jmax] are selected, where /.4, denotes the maximum
objective value achieved) provides the best performance in both sufficiently capturing the ensemble
diversity and providing close-to-optimum objective values.

The similarity/dissimilarity of the selected solutions is measured as a pairwise distance between their
corresponding control variable vectors, normalized into [0,1] using Eq. (4). At well placement
optimization level, the employed approach calculates distances between reservoir grids with active
wells irrespective of well names [45] while conventional Euclidean distance is used at the well control
optimization level. The selected solutions are then projected onto two-dimensional space using MDS
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[Note that the choice of the projection into 2-dimensional space is validated by performing the
principal component analysis (PCA) [58] as explained in the results section] followed by k-means
clustering, accompanied by average Silhouette analysis to identify the optimum number of clusters.
One representative solution is then selected from each cluster, to be transferred to the next
optimization level. Figure 2 shows the flow diagram of the robust multi-solution framework with well
placement and control settings as the optimization levels.
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Figure 2-Flow diagram of the proposed robust, multi-solution optimization framework.
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4. Case study — Brugge model
4.1. Model description and optimization settings

The Brugge (model) is a benchmark reservoir model based on a North Sea field [52]. The model
consists of 139 x 48 x 9 (total of 60,048) grid blocks of which approximately 45,000 are active. The
original model consists of 20 producers and 10 injectors. In this test case, five vertical producers and
five vertical injectors are kept from the original model, due to the limited computational resources.
The total production time is 30 years. Figure 3 shows the top structure of the model with the base
case well locations. The uncertainty in the model description is quantified by 104 equiprobable
realizations of the permeability, porosity, and net-to-gross (NTG) value distribution [59].
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Figure 3-Top structure of the Brugge model.

The objective function, NPV (Eg. (1)), is calculated using the economic parameters provided in Table
1. 150 and 300 iterations are performed at well placement and control optimization levels,
respectively. The top (i, j) location coordinates of the wells are optimized during the well location
optimization level, which results in 10 X 2 = 20 control variables. A minimum inter-well distance
constraint of 200 m (equivalent to 2 grid blocks) is imposed during the well placement optimization
level using a penalty method following Lu, Forouzanfar [22]. Well locations are maintained within the
actual, irregular reservoir boundary limits, represented by a binary matrix with 0 and 1 elements
indicating null and active reservoir grids, respectively. Following Salehian, Haghighat Sefat [45] each
well is moved to the nearest active grid if it appears outside the reservoir boundaries during location
optimization. The producers are all controlled by the Bottom Hole Pressure (BHP) varying between
725 and 1595 psi, while the injectors are each controlled by the water injection rate varying between
0 and 6289 STB/day. The producers are shut when their water cut exceeds the economic value of
90% calculated using Table 1 economic parameters. 30 control steps (of 1 year each) are considered
during the well production/injection (control) optimization level resulting in the total of 30 X 10 =
300 control variables.
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Table 1-Economic parameters for calculating NPV

Parameter Value

QOil price 50 USD/STB
Water production cost 6 USD/STB
Water injection cost 3 USD/STB
Yearly discount rate 10%

4.2. Comparison of realization selection strategies

An ideal realization selection strategy should select the minimum number of realizations, as the
representative of all realizations, which have the potential to provide a robust well placement and
control scenario with optimal global performance during the subsequent optimization. The following
realization selection strategies are compared in the context of the single-solution iterative sequential
optimization approach:

1. No selections: optimization over full ensemble (104 in here) of model realizations.
The earlier-proposed systematic clustering approach tailored to the objective of subsequent
optimization level.

3. The Reduced Random Sampling Strategy (RRSS), i.e. random selection of an ensemble of
model realizations at each iteration proposed by Jesmani, Jafarpour [41].

4. Asingle realization corresponding to the P50 of NPV with the base case locations and control
settings [60, 61].

5. Arandomly selected single realization [39, 40].

Table 2 compares the global performance of different realization selection strategies while all other
settings such as the number of iterations and the initial starting point of the optimization remain the
same. Due to the stochastic nature of the SPSA algorithm, the comparison has been repeated with
seven different random seeds and Figure 4 compares the average of the 7 runs. The full ensemble
optimization (approach 1) delivers the maximum improvement at a significantly high computation
cost, previously reported by e.g. van Essen, Zandvliet [18]. The systematic clustering (approach 2) and
the RRSS (approach 3) both outperform the single realization optimization, but the global performance
reduces as compared to the full-ensemble due to selecting a limited number of realizations. This is in
line with Park [62] and Haghighat Sefat, Elsheikh [37], who showed that the mean value of a quantity
over a subset of realizations is not exactly equal to the mean value over all realizations, however, the
selected subset of realizations shows a similar behavior to the full ensemble and the optimal solution
calculated using that subset provides close objective value as compared to the full ensemble
optimization. The systematic clustering achieves greater global performance confirming that random
sampling cannot completely capture the underlying uncertainty, even after randomly selected
realizations are updated at each iteration in RRSS. Note that an ensemble of 4 and 5 model realizations
was selected at the well placement and control optimization levels, respectively, when using the
systematic clustering (See Figure 6 and Figure 12 in section 4.4). Following the recommendation by
Jesmani, Jafarpour [41], RRSS was performed with 5 randomly selected model realizations at each
iteration. Hence in this case, systematic clustering resulted in a lower computational cost at the well
placement optimization level
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378
379 Table 2- Global optimization performance (i.e. expected objective value and standard deviation over all realizations) using different realization selection
380 strategies.
No selection (full ensemble) Proposed S:;t;r?;ct: clustering Reduc;dr;;r;lcz?Ri:;Tpling Single realization selection (P50) Randorl:r;aslt?l(;iits: single
S':'::J’IZ:;:; 31200 1350 1650 1650 1650
E(NPV) o(E(NPV)) E(NPV) o(E(NPV)) E(NPV) a(E(NPV)) E(NPV) a(E(NPV)) E(NPV) o(E(NPV))
< x 1079 x 108 x 1079 x 108 x 1079 x 108 x 1019 x 1078 x 1019 x 1078
E Seed 1 2.39 0.71 2.30 3.64 2.30 3.23 2.24 10.07 2.21 11.55
% Seed 2 2.36 0.73 2.29 3.63 2.28 3.36 2.21 10.11 2.19 11.49
% Seed 3 2.40 0.73 2.32 3.67 2.29 3.12 2.21 10.18 2.18 11.74
§ Seed 4 2.37 0.77 2.33 3.54 2.25 3.48 2.20 10.10 2.15 116
§ Seed 5 2.36 0.72 2.31 3.70 2.24 3.25 2.19 10.11 2.22 11.63
= Seed 6 2.36 0.73 2.28 3.66 2.25 3.24 2.22 10.06 2.16 11.59
Seed 7 2.41 0.71 2.32 3.49 2.27 3.14 2.21 10.03 2.14 11.31
Average 2.38 0.73 2.31 3.62 2.27 3.26 2.21 10.09 2.18 11.56
:.'mzf.ﬁﬁi 62400 3300 3300 3300 3300
E(NPV) o(E(NPV)) E(NPV) o(E(NPV)) E(NPV) a(E(NPV)) E(NPV) a(E(NPV)) E(NPV) o(E(NPV))
x 1079 x 1078 x 1079 x 1078 x 1079 x 1078 x 1019 x 108 X 1019 x 1018
-é Seed 1 3.11 0.22 3.03 2.6 2.96 1.77 2.94 10.97 2.77 12.29
E Seed 2 3.09 0.17 3.01 2.64 2.95 1.9 2.92 10.92 2.73 12.76
%l Seed 3 3.21 0.35 3.04 2.43 2.86 1.93 2.94 10.85 2.72 12.64
*§ Seed 4 3.05 0.20 2.99 2.48 2.97 2.03 2.84 10.87 2.73 12.76
é Seed 5 3.13 0.24 3.03 2.55 2.91 1.87 2.89 10.84 2.70 12.51
Seed 6 3.12 0.29 2.99 2.6 2.96 1.86 2.88 11.00 2.68 12.58
Seed 7 3.15 0.38 3.00 2.66 2.96 1.79 2.90 10.93 2.70 12.52
Average 3.12 0.26 3.01 2.57 2.94 1.88 2.90 10.91 2.72 12.58
381
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Figure 4-Average improvement in the expected objective value (over all realizations) as a result of
well placement and control optimization using different realization selection strategies.

4.3. Comparison of 1:1 with all-to-all perturbation allocation in SPSA

As discussed in section 3.1, the following two approaches can be used when estimating the gradient
of the expected objective value over an ensemble of model realizations using SPSA

e All-to-all: mapping each member of the ensemble of control variables’ perturbations to all
members of the ensemble of selected model realizations

e 1:1 method: mapping each member of the ensemble of control variables’ perturbations to its
single counterpart in the ensemble of selected model realizations.

Table 3 compares the performance of the two approaches at the well placement and control
optimization level while all other settings, the number of iterations, selected realizations (using the
systematic clustering approach), etc. remain the same. The lower improvement in the objective value
is due to the lower quality of the estimated gradient using the 1:1 approach. However, a significant
reduction in the computation time is achieved (4650 vs 20250 simulations required). Hence, the 1:1
approach is employed in the MSOF due to the limited computational resources.
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Table 3-Global optimization performance (i.e. over all realizations) using 1:1 and all-to-all
perturbation allocation approaches.

1:1 method All-to-all method
Base case E(NPV) x 10° 1.93
well E(NPV) x 10° 2.30 2.42
placement
optimization Number of simulations 1350 4950
Well control E(NPV) x 10° 3.03 3.09
optimization Number of simulations 3300 15300

44. Application of MSOF for well placement and control optimization in the Brugge model

The MSOF along with the developed reservoir model realization selection techniques and 1:1
perturbation allocation method is applied to the Brugge model. Figure 5 shows the projection of all
model realizations in 2D based on the normalized permeability distance and cumulative oil production.
Note that the cumulative oil production is calculated based on the base case well locations and fully
open control scenario (i.e. producers are set at minimum BHP and injectors are set at maximum rate).

The optimum number of clusters is identified to be 4 (ncop = 4) based on the average Silhouette

t
analysis as the max value is achieved with four clusters (Figure 6). The realization closest to the center

of each cluster is selected as the cluster representative (Figure 7) and the selected realizations are
employed during the robust, well location optimization level.

Figure 5-Two-dimensional map of all realizations based on permeability distance and cumulative oil

7 ;
°
6l
[0}
2
5] L]
B5[
el
z ® °
T4t
©
£ °
£ o
3t °
oy ® 4 o °
8
T, e e
£ ° °
°
s °%., .'o‘. ° ° e’ % o &
o °® ®
1t Y ] °
[ 1) [ ] [ ] ....
0 ‘ s . ‘
8.5 9 95 10 10.5 1 1.5 12

Normalized cumulative oil production

production.

15



416
417

418

419
420

421
422
423
424
425
426
427
428
429
430

431
432
433
434
435
436

A robust, multi-solution framework for well placement and control optimization

0.9

08

075 -

07

Average silhouette value

06 L | | L | | L
1 2 3 4 5 6 7 8 9

Number of clusters

Figure 6-Average Silhouette value of all data points for different number of clusters in k-means.
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Figure 7-K-means clustering of reservoir model realizations considering four clusters, at well
placement optimization level. Red points show the cluster representatives.

Figure 8 shows the improvement in the expected NPV (E(NPV)) of the selected realizations during
well placement optimization iterations. The oscillations in the E(NPV) are due to the minimum inter-
well distance constraint imposed as a penalty term in the objective function definition (see Lu,
Forouzanfar [22] for penalty term formulation). The dissimilarities between the top selected well
location solutions, within an E(NPV) shortfall of 20% as compared to the max case, are measured
followed by projection on 2D using MDS (Figure 6). Note that PCA performed on the dissimilarity
matrix of the selected well placement solutions showed that the first two dimensions account for
approximately 70% of the variance in the original dataset of N,, = 20 dimensions. Hence, the relative
distance between points in 2D space roughly represents the dissimilarity of the solution scenarios in
the original space.

Each data point in Figure 9 represents a well location solution, with the color showing E(NPV) over
the selected realizations, confirming that a close to maximum objective value can be achieved by
different well location solutions. The optimum number of clusters is identified to be 4 (Figure 10-left).
The solution with the maximum NPV is selected as the representative of each cluster (shown by red
points in Figure 10-right), considering the objective of choosing different solutions with highest
objective values.
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Figure 11 shows the representative well placement solutions, named Lq, L3, L4, and Lg,, where the
subscripts denote ranking of the solutions based on their E(NPV) over the selected ensemble of
realizations. Note that the case with the maximum objective value (L), i.e. the obtained optimal
solution using the classic single-solution approach, is automatically selected as a representative
solution. Table 4 shows the corresponding expected objective value and standard deviation of the
selected well placement solutions when applied to the full ensemble of model realizations. A very
similar global performance is observed by the selected ensemble of solutions (Table 4) while they
provide a reasonable degree of flexibility in the well locations (Figure 11). It should be noted that a
suboptimal member of the selected ensemble of solutions (e.g. L, here) can potentially provide a
better global performance over all realizations, showing the robustness of the developed multi-
solution framework by more efficient exploration of the search space.

® Injector =
. Producer .

=5 "
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L, mmm
L, mmm
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“
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@ @ %
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Figure 11-Four optimal well placement solutions obtained by MSOF.

Table 4-Mean and standard deviation of the optimal well placement solutions over all realizations.

Solution E(NPV) x 10°  o(E(NPV)) x 108
Base Case 1.93 4.55

L, 2.30 3.64

Ls 2.26 3.66

L, 2.31 3.42

Les 2.15 3.45

A new set of reservoir model realizations are selected, based on the distance measure described
before (Eg. (11)), for each member of the ensemble of optimal well location solutions prior to well
control optimization. Figure 12 shows the clustering performance, where the optimal number of
clusters is determined using average Silhouette value analysis for each case. Note that the well water
cut variation over time is a function of well location, resulting in different subsets of representative
realizations to be selected for each optimal well location scenario (Figure 12). The control settings for
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470 each optimal well location solutions are then individually optimized at the next optimization level.
471 Figure 13 shows improvement in the E(NPV) of the corresponding ensemble of reservoir model
472 realizations during 300 iterations of well control optimization for each optimal well location solution.
3 r 3 )
[ ]
@ (o] 25
1L s L3 s
° 2r @ ]
[} ® @ -] 15} o o ? !
5 1 ge e ® s ee
2 % % 2 qf
: | ee%2 00 00 ° 'l Qa0 ° e
ao e ® @o % ] 8 o o5} % ) o ©
= o # o0 e g, OCF&Q ° * . . ® e
Erw 00 0%80& °® 00 ggs oe .. .. [a¥e2) [-]
% (<] : o .h . @
@ ] =] o
°® e @ af e @ e |
= ° & o o o ©
15 o 1
4 2 =]
-2 -1.5 -1 45 ] 0.5 1 1.5 2 25 2 -1.5 -1 4.5 0 05 1 1.5 2
First Dimension First Dimension
3 ° 25
*e -]
Ly | Leg o2
z ° hd 15F A ®
® e g° °
5 o o ¥ e . g o a0 °
é 00.09 o e © ® g 05t %%%&3 e
3 0o BTe 0 tey bl setme N
s o 2 % o L)
2 L 2 ]
@ 4 ° % ° ® @ o 8o0q 000
[s] @ 1 oy
o ® 0_50° ®
15 o © .
: ° o 9° °
° 2r o
3 s . s . * . 25 -
-2 -1.5 -1 £5 o 0.5 1 1.5 2 -2 1 o 1 2 3 4
473 First Dimension First Dimension
474 Figure 12- K-means clustering for reservoir model realization selection for each member of the
475 ensemble of optimal well location solutions prior to well control optimization. Red points show the
476 cluster representatives.
3.5E+09 3, BE«09
FAE+09 3.7E+09
3.3E+09 JBE#DI |
— 32E+09 + _ ISE3
2 3 346009 |
= 3.1E+09 __3_,
e = 3.3E+09
g 3.06:09
= E,J.ZE--D‘:I r
#9809 3.1E+09
2BEH9 | J0EH0S §
2.7E+09 L 1 298409 L 3
2.6E+09 = 2.BE+D9 k
1] 1] 100 150 200 250 300 1] 50 100 150 A 150 300
Iteration number Iteration number
IBEHDD JAE#D9
J.TEHDD 336009 b
3 BE«DD
ISEH 3.2E+09
'a_‘ JAEHD9 é‘ 3,1E+09 |
< 330109 = 3.0E+09
Z 326409 g
= 1609 £ 206009 |
I 0EH9 7 BE+09
29E409
2.8E409 L4 278408 L64
1.TEHDD a . 2 6E+D3 L
(V] 50 100 150 200 250 300 o 50 100 150 200 250 300
Iteration number Iteration number
477

19




478
479

480
481
482
483
484
485
486
487

488
489
490
491
492
493
494
495
496

497

498

499
500
501

A robust, multi-solution framework for well placement and control optimization

Figure 13- E(NPV) of the corresponding ensemble of reservoir model realizations during well control
optimization for each optimal well placement scenario.

A similar clustering approach is applied to the control solutions where an ensemble of representative
solutions is selected from the top cases within the E(NPV) shortfall of less than 20% w.r.t. the max
case. Conventional Euclidean distance is used to measure the dissimilarity between control scenarios
followed by MDS to map them into two-dimensional space (Figure 14). Figure 15 shows the k-means
clustering where the optimum number of clusters is determined by average Silhouette value analysis.
The control scenario with the maximum NPV is then selected from each cluster as the representative
of that cluster, resulting in a total of twelve optimal well control scenarios for all four well placement
strategies.

The optimization trajectory as a result of using a gradient-based algorithm for optimizing well control
settings (which are continuous variables) is clearly shown in Figure 14 while a more scattered search
is performed during the well location optimization level with discrete variables (Figure 9). This feature
of the optimization algorithm provides a level of freedom by exploring solutions around the optimal
solution with limited exploration of new regions in the search space (i.e. capturing significantly
different solutions). Further research is currently ongoing to achieve the maximum level of diversity
in close-to-optimum solutions by enhancing the exploration of the search space, especially at the well
location optimization level. At the well control optimization level a lower diversity of the selectable
solutions is generally accepted due to the flexible nature of the well control operations.
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Figure 14- Projection of selected well control solutions (within an E(NPV) shortfall of 20% as
compared to the max case) corresponding to four optimal well locations into a two-dimensional
space using MDS.
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Figure 15 - K-means clustering followed by selection of the representative well control solutions, for
each optimal well location. The optimal number of clusters for each ensemble is identified by
average Silhouette value analysis.

Table 5 shows the mean of the final ensemble of close-to-optimum scenarios over all realizations,
where e.g. Ls.C,¢g denotes the 268™ control scenario, ranked based on E(NPV) during the well
control optimization, using well location solution L;. It can be seen that L,. C,34 delivers the greatest
global performance (over all reservoir model realizations) while only L;.C; would be obtained as the
single optimal solution using traditional, single-solution-transfer optimization frameworks. Moreover,
a sub-optimal control scenario (i.e. with lower expected objective function value over the selected
ensemble of realizations) could deliver higher global performance (over the full ensemble of
realizations) (e.g. E(NPV), > E(NPV),, ¢, and E(NPV),, > E(NPV),, c,), demonstrating
the robustness of the developed MSOF and its efficiency in the exploration of the search space.

C154 C231

The sequential optimization loop was terminated since no further improvements in the expected
objective value were achieved at the second loop. L;.C;54, L3. Ci50, Ls- C231, and Lg,. C; are selected
as the optimal control scenarios with the highest E(NPV) for each well location solution. A realistic
level of variability in the optimal location and control is observed while the objective value varies in a
relatively small range [2.80x10° - 3.08x10° USD], indicating the possibility of achieving a close-to-
optimum objective value via different field development/control scenarios.

Table 5- Mean and standard deviation of the optimal solutions over all realizations.

Solution  E(NPV)x 10°  o(E(NPV)) x 108
L,.C; 3.03 2.60
Ly.Cisy4 3.00 2.59
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Li.Cyes 2.78 2.42
L;.Cy 2.84 2.56
L3.Cis0 2.93 2.71
L3.Cyeg 2.70 2.39
Ly.Cy 2.88 2.71
Ly.Ca3q 3.08 2.76
Ly.Coue 2.85 2.45
Lgs.Cy 2.80 2.61
Lo Cio6 2.76 2.57
Lea-Cop3 2.58 2.32

5. Conclusions

The operational flexibility is a significant challenge, which needs to be expanded for practical
applications of the optimization frameworks. Multi-objective (pareto) optimization is recommended
when the optimal solution is decided based on the relative importance of each of the objectives.
However, for a single-objective optimization problem with multiple types of variables at different
levels, this paper presents a robust multi-solution optimization framework to offer multiple, distinct
robust field development and control scenarios through an efficient exploration of the search space.
Systematic clustering techniques were developed to select an ensemble of realizations to capture the
underlying model uncertainties, as well as an ensemble of solutions with enough differences in control
variables but close-to-optimum objective values, at each optimization level. SPSA was employed in a
multi-level, sequential, iterative approach to find optimal well placement and control scenarios. The
proposed framework was applied to a representative benchmark case study.

e The systematic realization selection process, tailored to the objective of the subsequent
optimization stage, outperformed the Reduced Random Sampling Strategy (RRSS) and single
realization selection approaches in efficiently representing the characteristics of the full
ensemble of realizations while significantly reducing the computation time of robust
optimization. The distance measure needs to be redefined for other optimization problems
with a different objective.

e Estimation of the stochastic gradients at each iteration using a 1:1 ratio between the ensemble
of control variables perturbations and the ensemble of selected model realizations
substantially reduced the computation time while providing similar objective values.

o  Multiple optimal well placement and control solutions with close-to-optimum objective values
but different decision variables were obtained. Moreover, it was found that selected
suboptimal location/control solutions over a small subset of realizations can outdo the
optimal one when applied to all realizations, highlighting the significance of here-developed
MSOF in order to provide a more robust solution and the much-needed operational flexibility
in the field development optimization problems.
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