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Abstract

The numerical simulations required for the robust optimisation of the alternating injection of water and CO2 in
hydrocarbon reservoirs are computationally expensive due to engineering, geological, and economic uncertainties.
Using approximation models of the desired objective function(s) can significantly decrease the cost associated
with the optimisation routines while providing an adequate parameter space sampling for the input variables/
uncertainties. In this study, we optimised the value of a water-alternating-gas injection project in a Niger-Delta
oil reservoir by applying the Markowitz classical theory to a suitable approximation model of the objective
function. Our robust optimisation methodology incorporated significant geological and economic uncertainties,
such as uncertainties due to upscaling the reservoir model, and those due to the lack of other relevant geological
and economic data, to the optimisation routine to create better operating strategies for the project that are risk
quantified. To compute the objective function, we applied a new economic model for the CO2 sequestration
processes in the Niger Delta hydrocarbon basin. The result showed that an NPV of at least 65.98 million USD
was derived from the project depending on the engineer's or user's confidence level. Although this result was
63.84% lesser than the solution of the nominal optimisation (182.46 million USD), it was more realistic. Overall,
the applicability of proxy models to robust optimisation routines was demonstrated, and investment decisions that

included uncertainties were made.

1 Introduction
Oil recovery by water-alternating-gas (WAG) injection is highly dependent on a combination of the various

engineering, economic and geological parameters that determine the performance of the injection process.
Numerical simulations are important in investigating the performance of WAG injection in oil reservoirs as they
can consider the numerous engineering and geological uncertainties [1]. They can be used to search the parameter
space, determine the relationships between parameters, and optimise the recovery process's performance.
However, using numerical simulations to analyse the performance of a WAG injection can be computationally
expensive because many simulation runs are required due to the numerous uncertainties that must be considered
and the large number of grid cells used in the simulation models. Therefore, it is not always practical to set up and
evaluate the performance of WAG using reservoir simulation models because of the associated complexities and
computational expenses. This process can, however, be simplified by approximating the desired numerical
simulation output(s) such as incremental oil recovery [2], CO, storage [3], gas utilisation factor [4], water

production [5], or project life cycle [6] with a proxy function.

In this study, we performed the robust optimisation of the value of the WAG injection project in the five-spot pilot
model of the case study reservoir under geological and economic uncertainties. We applied the Latin Hypercube
Design (LHD) to create the designs of the engineering, geological and economic parameters needed to calculate
the objective function. Artificial intelligence was then applied to construct the proxy models of NPV response.
Further improvements to the derived neural network were then made, and the Markowitz classical theory was
applied to the resulting NN model to perform the robust optimisation routine. The non-dominated sorting

algorithm was then applied to generate the Pareto fronts needed to rank the optimality of the resulting solutions.

2 Theoretical Background



2.1. Optimisation under Uncertainty: Markowitz classical theory and the Efficient
Frontier

In this study, the Markovitz classical theory was applied for the robust optimisation of the WAG project under
uncertainty. The theory is a method of optimising under uncertainty (Markowitz, 1952, as cited by Bailey and
Couet, 2005). An extensive review of this approach and its advantages was done by [9].

To apply this theory, we categorised the decision variables that were within the engineer's or optimiser's control
from those that were not within our control, such as the geological and economic uncertainties. We termed the
latter set of variables as the optimisation process's uncertainties. The response of the system can be described as

follows:

f=f@p) (1)

where a = {aq, @y, a3, ...,ay} and B = {f1, 52, 3, ..., By} represent the sets of process’ design variables and

uncertainties, which affect the system respectively. Arithmetically, a probability distribution function can be
applied to represent the distribution of the uncertainties, and the optimiser could decide to use n samples to
represent this [8]. In a system having m uncertainties, N = n” realisations of the system are needed to sample these
uncertainties.

For the N realisations, the mean and standard deviation are given as:
1vnN
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An efficient frontier can be obtained by plotting 1 (a) against o (). This is the set of points which have a higher
u than any other with the same or lower g, and lower ¢ than any other with the same or higher u. It optimises u
for a given o and optimises ¢ for a given u (Markowitz, 1952).

A mean-variance approach is typically applied to optimize £, which takes the form (Couet et al., 2000):

Fy = p(a) — 1o(a) 4)

where A is the risk-aversion factor which specifies the optimiser’s aversion to risk (or uncertainty). Different A >
0 can be used to determine this frontier which is equal to the points that maximise the utility or objective function
(Bailey and Couet, 2005). When a higher value of A is selected, it describes a higher risk aversion (or lesser risk
tolerance) and greater confidence. When the samples have a normal distribution, A of 0, 1, 2, 3 and 4 corresponds

to confidence levels of 50.00, 84.13, 97.72 and 99.99 %, respectively [11].

In the present study, we systematically selected the five confidence levels to account for a wide range of risk
aversion in the optimisation under uncertainty routine as stipulated by Bailey and Couet (2005). A search
algorithm, the genetic algorithm (GA), was applied to locate the maximum F; for a specified A. This process was
then repeated for other values of confidence levels. An extensive review of the GA and its suitability for robust
optimisation under uncertainty has been discussed by Ogbeiwi et al., (2020). The resulting models can be plotted
on the mean vs standard deviation (or variance) plot, and the optimal models for each A will form a convex hull

known as the efficient frontier [8]. Using this approach, the “risks” (related to the uncertainties) can be correlated



with the potential rewards. Decisions having low rewards can be detected and ignored based on the risk allowing
us to account for uncertainties/risks while ascertaining the benefits of various decisions.

In the optimisation routine, many independent computations of the reservoir model are required, and these have
a high CPU cost. As shown by Ogbeiwi et al., (2020), using suitable approximation models effectively mitigates
the high computational cost associated with applying the Markowitz classical theory in robust optimisation
routines. This is done by applying data-driven adaptive proxy modelling methods to build a surrogate model of
the desired output based on a relatively small amount of full-physics simulations. The resulting approximation
model correlates the engineering design variables and the uncertain input parameters to the desired response, and

it can be applied for fast simulations, optimisation and decision-making under uncertainty [13].

2.2. Experimental Design (ED) and Surrogate Modelling

Experimental designs and data-driven proxy modelling has been commonly employed in enhanced oil recovery
(EOR) where they are used to create surrogates for the full-physics reservoir model. Common surrogate modelling
approaches include polynomial regression (Ampomah et al., 2016; Agada et al., 2017; Dalton et al., 2017; Ogbeiwi
et al., 2020), Kernel methods such as the Radial Basis Function (RBF) [17], multivariate adaptive regression
splines (MARS) [18], Kriging techniques [19], Polynomial Chaos Expansion (PCE) [20]-[22], and artificial
neural networks (Costa et al., 2014; Foroud et al., 2014; Negash et al., 2017; Ampomah et al., 2017; Golzari et
al., 2015; Maschio and Schiozer, 2015; Jang et al., 2018; Villarrubia et al., 2018; Jiang et al., 2020; You et al.,
2020).

These methods use complicated mathematical relationships between simulator input and output to mimic physical
systems and swiftly replicate the desired output patterns. Jin et al., (2001) compared the performance of several
surrogate modelling techniques based on multiple criteria, including robustness, accuracy, efficiency,
transparency, and conceptual simplicity. Their results showed the dependence of the performance of proxy models
on the sampling technique used to generate designs for constructing them. An extensive review of experimental
design and proxy modelling techniques and their suitability for robust optimisation problems has also been
performed by Ogbeiwi et al., (2020).

In this study, we applied an artificial neural network to construct approximation models of the desired objective
function. Artificial intelligence has emerged as a prominent tool for oil and gas problems and has received many
successful applications, particularly in reservoir performance optimisation (Ampomabh et al., 2017; Golzari et al.,
2015; Maschio and Schiozer, 2015; Jang et al., 2018; Villarrubia et al., 2018; Jiang et al., 2020; You et al., 2020).
The Latin-Hypercube Design was applied to design the simulation experiments regarding the engineering,
geological and economic parameters needed to calculate the objective function. The Latin-Hypercube design is a
pseudo-Monte Carlo sampling design and has received many applications in oil and gas reservoir modelling and
optimisation problems [21], [34]-[38].

Artificial Neural Networks (ANNSs) are information processing systems approximating biological neural network
system. They comprise of artificial neurons that are highly interconnected and serve as processors. They are
characterised by the number of neurons and layers and their connectivity [24]. The correlations between the inputs
and outputs are modelled using the neurons and their connectivity weights. In this study, the ANN training task
was done by setting the network’s weights and biases to approximate the NPV responses of the full-physics

numerical simulation models.



The predictability and quality of the proxy model can be measured using different error metrics. In this study, we
applied the R? Goodness of fit to verify the quality of our surrogate models (Ogbeiwi et al., 2020). The R? goodness

of fit is given as:

R? =1 —res 5
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2.3 The optimisation objective function: An economic model for CO2 EOR and/or storage processes in
the Niger-Delta
To compute the objective function, we developed a new economic model for CO, EOR and storage processes in
the Niger-Delta hydrocarbon basin and applied this to compute the objective function. This requires the
establishment of the net annual cashflow profile which was given as the annual cash inflow less outflow, plus the
"allowable" fixed assets’ depreciation. The following relationship was used to compute the annual cash flow [40]:
NCF =R — Ccapex — Copex — Croy — Crax — Cco2 (6)
where R is the gross revenue, Ccappx, Copex> Croys and Cryx are the capital expenditure, operating expenditure,
royalty, and tax, respectively, and Cq, is a “fine” for any fugitive carbon emissions. The gross revenue R
comprised cash receipts from oil and gas sales and any credits accrued due to the secure carbon storage.
The royalty and tax expenditures, Croy and Cp4x can be calculated as:
Croy = 1R, (7
Crax = 1t(R — Croy — Copex — Cpep) (®)
where 7, and 1; are royalty and tax rates, respectively. Cpgp= depreciation, and R’ = gross revenue less carbon
credits. These estimates are made on an annual basis. The royalty and tax disbursements are government receipts

due to the fiscal policy of Nigeria (Lawal, 2011; Echendu and Iledare, 2016).

The NPV objective function was estimated from the NCF as:

_ won  NCF
NPV = i=1 (1+rp )i (9)

where 1, is the discount rate which amortises the capital expenditure over the lifecycle of the project [43]. The

analyses were carried out for 10 years of CO» injection.

2.3.1.  The Capital Expenditure (CAPEX) and Operating Expenditure (OPEX) Components

The capital cost relates to wells, flowlines and processing facilities. Given the existence of flowing producers and
injectors, and existing surface facilities in the reservoir, the CAPEX also included the cost of converting the
existing water injection facilities to CO; flooding facilities and vice-versa [44]. Since the reservoir was a mature
oil field, the cost of drilling and completing additional injectors and producers and their corresponding surface
facilities were also included. In summary, the CAPEX considered included the workover cost of existing
producers and injectors, pattern production and injection equipment, CO; processing equipment, and drilling and

completing new wells. Provisions were also made for contingency and decommissioning costs.

The OPEX of'the project included typical daily expenditure and other consumables expenses such as gas injection,

oil treatment, CH,4 treatment, water handling, and surface and subsurface facilities maintenance costs. After the



breakthrough of CO> at the production wells, any produced CO, can be extracted and reused with the purchased

CO; for injection.

The total annual operating cost was given as:
Corpx = O&M{pnyqr = O&Mggy, + O&M,n + 0&Mfyr + 0&M{ypeyr + Crec + Cho, + Clyater
(10)
A summary of the important components of the CAPEX and OPEX, and the presumed reference values is shown

in Tables 1 and 2, respectively.

Table 1: Components of Operating Expenditure

Variable Value Comments/ References

Fixed OPEX (%) 5 Fixed OPEX is 5% of CAPEX (Lawal,
2011; Wei et al., 2015)




Variable OPEX

Gas Injection ($/ MMscf)

Carbon Capture, ($/ MMscf)

CO, Compression Cost, ($/t
CO»)

CH4 Treatment, ($/ MMscf)

Fluid Handling/ Treatment, ($
/stb)

Water Compression and

Injection, ($ /m?)

CO; recycling cost, ($/t CO»)

Daily and Consumables O & M

Costs, $/annum

O & M cost for well facilities,

$/annum

580

1600

The mean cost of 13USD/t for
1Bar of CO2 and 1USD/t for high
pressured gas from a pipeline

terminal were applied.

400

1 for oil and water pumping, and

12 for oil treatment.

1.2 for a WAG process regardless

of pressure difference

Cree=23.66 - Q

Daily O&M = Nyeit x 7596.
Cons. O&M = Nyen x 20,295

O&Miur = Nyen X 15420 x [(d/
(280 X Nyen))*3 4+ 5000];
O&Miubsur = Nelt * [5669 -
(d/1219)]

[46], [47]

[47], [48].

Wei et al., (2015)

A value of 20% of sale gas price was
assumed Wei et al., (2015).
[49]

Anthony and Mohan, (2010); Wei et al.,
(2015)

Wei et al., (2015); Tayari et al., (2015)

Wei et al., (2015)

Wei et al., (2015)

Table 2: CAPEX Components

Variable

Value

Comments/ References

Drilling and Completions




Number of new injectors

Number of new producers

Cost (10 $ / well)

Number of injection lines

Number of new production lines

Length per line (km)

Cost (10 $ / well)

Peak water rate (10 stb/d)

Peak liquid rate (10° stb/d)

Cost of liquid facilities (10° $ / 103stb liquid)

1 -
2 -
1.5 Tayari et al., (2015)
Surface Pipelines
1 One flowline per injector
2 One flowline per producer
1
0.5 Tayari et al., (2015); Cremon et al., (2020)
Processing Facilities
3 Based on the secondary waterflood (Ogbeiwi et
al., 2020b)
5 Based on the secondary waterflood (Ogbeiwi et
al., 2020)
1.9 Wang et al., (2018)

CO: Capture and Compression Facilities

Peak gas rate (10° scf/d)

Peak CO; injection rate (10° scf/d)

1 This rate will decrease across the project’s

lifecycle since produced CO; will be recycled.

1 This rate is dependent on the gas cycle time of

CO; injection.

Unit cost of capture (10°$ / 10%scf) 13 [54], [55].
Unit compression cost ($ mln / MMscf) 1.3 Gaspar Ravagnani et al., (2009)
Other Components
CAPEX contingency (%) 10 Assumption [40]
Decommissioning cost (% of CAPEX) 25 [56], [57]
CAPEX phasing (% / year) 100 CAPEX spending calculated for the first year.

2.3.2.  Revenues and Penalties

The sources of revenue considered include revenue from the sale of the recovered hydrocarbon and that obtained

due to the volume of CO; sequestered, known as carbon credit. In the economic model, penalties were incurred

for any fugitive emission of CO,. The reference values are shown in Table 3.




Table 3: Revenue and Penalty Rates

Item Rate Comments/ References
Oil Price, $/stb 70 Bloomberg, (2022)
CHg price, $/Mscf 2 Mokhtari et al., (2016); Hill et al., (2013)
Carbon Credit, $/ton CO, 16 Mokhtari et al., (2016)
Carbon Penalty, $/ton CO, 60 IHS MARKIT, (2016)

2.3.3.  Fiscal Policy

The Nigerian government receives three taxes for operations in its upstream petroleum sector, namely the
corporate tax, Petroleum Technology Development Fund (PTDF) tax, and Tertiary Education Trust Fund

(TETFund) tax [55]. The reference values of these terms are shown in Table 4.

Table 4: Components of Fiscal Terms

Item Rate Comments/ References
Corporate tax, % 30 CITA, (2004); PPT, (1990)
PTDF Tax, % 3 PTDF, (1990)
TETFund Tax, % 2 ETF, (1993)
Depreciation, % 20 NIPC, (2010)
Royalty, % 8 PPT, (1990)
Discount Rate, % 10 Yang et al., (2007)

In the Niger Delta, the royalty rate depends on the location of the reservoir, the type and volumes of hydrocarbons
produced, and the price of oil (Echendu and Iledare, 2016; PIB, 2009). For offshore basins to which the case study
reservoir belongs, the royalty is 8.0% (Onwuka et al., 2012; Echendu and Iledare, 2016). For the sake of simplicity,
we also assumed this value as the royalties applied to the prices and volume of hydrocarbons produced. We also
applied the straight-line depreciation of assets stipulated by the Nigerian government (NIPC, 2010) and equally

depreciated the CAPEX elements over the first three years of incurring the expenditure.

3 Methodology
3.1 The Case study: Field Description

The simulations were run using the five-spot pilot sector model extracted from a calibrated full-field model of an
under-saturated oil reservoir in the Niger-Delta, as shown in Fig. 1. The vertical and horizontal grid resolutions
and the original rock and fluid properties were retained in the pilot model. The model consists of 9 x 7 x 25 grid
cells with an average dimension of 330 x 330 x 2.5ft. The pilot WAG injection was then performed using an
inverted five-spot pattern. To ensure consistency, the pressure field, phase saturations and other properties were
initialised directly from the results of the full-field simulations at the end of the secondary waterflooding of the

reservoir.



Fig. 1: The five-spot pilot sector model (a) was extracted from the calibrated full-field model (b).

Arinkoola et al., (2016) and Ogbeiwi et al., (2020) presented the properties of the reservoir model and descriptions
of the history matching procedure and primary and secondary production schemes. The compositional fluid model
was presented by Ogbeiwi and Stephen, (2021). The minimum miscibility pressure (MMP) of the reservoir oil
with CO, was computed using the Glasg correlation (Glasg, 1985 as cited by Ahmadi et al., 2017) of the
Schlumberger PVTi software 2019 as 80.7 bars (1170.46 psia) (ECLIPSE, 2019).

3.2 Description of Key Uncertainties

3.2.1.  Economic Uncertainties

Eight economic parameters were considered uncertain regarding the project's net present value (NPV). Table 5
shows these parameters and the range of uncertainty considered. The uncertainties in the offshore Niger Delta
hydrocarbon province's tax regimes and fiscal policy were ignored since these are government policies and are

not prone to changes like other variables.

Table 5: Economic Uncertainties and their ranges.



Economic Variable Low (-1) Median (0) High (+1)

Oil Price, $/stb 50 70 80
Discount Rate, % 5 10 15
Carbon Credit, $/ton CO, 0 10 20

Gas (CHy) price, $/MMscf 0 2000 2500
Change in CO; recycling cost 0 10 30

CO; injection cost, $/MMscf 580 1000 2000
Change in unit OPEX cost, % 0 10 30
Increase in CAPEX, % 0 10 30

According to the Annual Energy Outlook (AEO), the West Texas Intermediate (WTI) oil price rose from $60 per
barrel (in 2019 dollars) to $100 in 2022. However, a low price of $50 and a high price of $80 were applied to
account for oil price volatility. For deterministic analysis, an average price of $70, the average crude oil price

between 2019 and 2022, was assumed.

The range of uncertainty of other parameters was based on the existing economics of the hydrocarbon industry of
Nigeria and other assumptions as listed in Tables 1, 2 and 3. For example, given the lack of CO, EOR projects in
the Niger-Delta, the absence of carbon credits was assumed as the worst-case scenario, while revenue of $20/tonne
of CO; stored was assumed as the best-case. Also, given the lack of an ever-ready market to purchase produced
CHa, we assumed that in the worst-case scenario, there would be no revenue from the sales of the produced gas,
and all of it would be converted to CO» for injection. To account for inflation, we assume a maximum change of

30% to the cost of CO, recycling, unit operations, and capital expenditure (CAPEX).

3.2.2  Description of the Well Controls and Engineering Variables

Different parameters, such as CO; slug size, WAG ratio, gas injection rate, bottom-hole pressures (BHPs) affect
the performance of WAG floods. For example, the BHPs of the injectors and producers are significant parameters
during miscible CO; flooding since CO; injected into the reservoir is required to remain at or above its miscibility
pressure (MMP) for optimal oil recovery [73]. Table 6 shows the design parameters utilised in this study and the

range of the sampling space considered for each parameter.

Table 6: Engineering design parameters and their ranges.



Design Variable Low (-1) Median (0) High (+1)
Gas Cycle Time (months) 4 6 10
Water Cycle Time (months) 2 4 6
Target Oil Production Rate (for each 500 750 1000
producer) (stb/day)
Target CO; injection rate (scf/day) 11600 16800 22400
Maximum Injector BHP (psia) 2000 2500 3000
Maximum Production Well BHP (psia) 1150 1300 1400

3.2.3  Geological Uncertainties
The geological uncertainties assessed include relative permeability hysteresis parameters, layering within the
reservoir, micro- and macro-scale physical instabilities, and uncertainties in the absolute permeability and porosity

within the reservoir.

Relative Permeability Hysteresis: Numerous studies such as those by Spiteri and Juanes, (2006); Pham et al.,
(2011); Shahverdi and Sohrabi, (2015) and Assef et al., (2019) indicated that the relative permeability hysteresis
has a significant impact on the retention and displacement of fluids in the porous media during WAG floods. To
understand the effects of hysteresis on the project’s performance, some relative permeability hysteresis quantities,
such as the Land trapping parameter C, and secondary drainage reduction factor ;, were regarded as uncertainties

in this study.

Reservoir Stratification: Due to the lack of well logging and core data for the wells around the pilot sector model,
uncertainty of the layering/ stratification in the pilot model was assumed. A cross-sectional view of the model
reveals five distinct stratified permeability layers containing two highly productive formations (Fig. 2). The layers
within the reservoir rock were identified to be communicating from the history-matching by Arinkoola et al.,
(2016). We accounted for this uncertainty by considering variations in the permeability, porosity, and fluid
saturation distributions within the layers within the pilot model. These were given as L1, L2, and L3, representing

three cases of stratification uncertainty.
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Fig. 2: A cross-section of the full reservoir model showing the presence of permeability strata.

Grid Coarsening/ Upscaling: Ogbeiwi and Stephen, (2021) indicated that small-scale physical instabilities such
as viscous fingering, permeability heterogeneity, and physical diffusion must be incorporated into the coarse-scale
simulation of CO,-enhanced oil recovery for more accurate results. Their results showed that the calculated
pseudo-relative permeability functions are negligible compared to efficiently tuned transport coefficients. Hence,
we accounted for any uncertainties due to the coarsening of the grids by incorporating uncertainties of transport

coefficients.

Other Geological Uncertainties Arinkoola et al., (2016) and Ogbeiwi et al., (2020) presented other significant
uncertainties, such as vertical permeability, porosity, and horizontal permeability, that influence the drainage and
injection processes from the case study reservoir. The distributions of these uncertainties were relatively unknown

and were modified to calibrate the reservoir’s pressure and saturation history.
In summary, this study considers seven geological quantities uncertain, as shown in Table 7.

Table 7: Geological Uncertainties and their ranges.

Design Variable Low (-1)  Median (0) High (+1)

Land trapping parameter, C 0.2 1 2
Secondary drainage reduction factor, & 0.1 0.2 1.0
Layering L1 L2 L3
Transport Coefficient 1 2.5 4
Global porosity 0.9 1 1.1
Vertical permeability 0.5 1 6
Horizontal permeability 0.57 1 1.29

3.3. Sensitivity Analysis

The Plackett-Burman design was applied to generate the simulation runs to assess the effects of the engineering
design variables, geological uncertainties, and economic uncertainties on the objective function. These effects
were represented as the percentage contribution of each variable to changes in the objective function [69]. This

was given as follows:



o Yimax—Yimi
% contribution = M x 100% (11)
imax imin

where Y; 4 and Y; i, are the maximum and minimum values of the objective function(s) evaluated for the
minimum and maximum values of each variable i, respectively. The denominator represents the sum of the

numerator for all the variables.

The results of the preliminary screening analysis of the economic uncertainties are presented in Fig. 3. The price
of the produced oil was the most significant economic uncertainty, and changes to it resulted in more than 60%
changes in the project's value. Other significant economic uncertainties with more than 5% contribution include

the cost of CO; injection and the discount rate.

Oil Price

CO2 Inj Cost
Discount Rate

Gas Price

Water handling Cost
Carbon Credit

Unit OPEX cost
Water Inj. Cost

CO2 recycling cost 1
CAPEX 1
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% Contribution
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Economic Unc.
- = § N

5% cut-off

Fig. 3: Pareto charts showing the key economic uncertainties impacting NPV.

The sensitivities of the economic uncertainties to the NPV response were assessed by varying one parameter at a
time and are presented in Fig. 4. Varying the oil price from 50 — 80 USD/stb resulted in a 75.83% increase in the
NPV from 82.83 to 145.64 million USD. Also, a change in the operating cost of CO» injection resulted in a 16.3%
decrease in the value of the project from 125.63 to 102.84 million USD. The change in capital expenditure had
the least effect on the NPV, resulting in only a 0.5% decrease in the value of the project.
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Fig. 4: Sensitivities of the economic uncertainties on the NPV response.



3.3.1  Engineering Variables and Geological Uncertainties

The net cash flow must be positive for the WAG injection process to be commercially viable, i.e., NCF > 0. Since
the revenues were incurred from the volumes of hydrocarbons produced and CO; stored, which are functions of
the engineering and reservoir parameters, it was also necessary to assess the effects of the engineering control
variables and the geological uncertainties on the value of the project. The results of the sensitivity analyses of the

engineering and geological uncertainties are shown in Fig.s 5 (a) and (b), respectively.
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Fig. 5: Pareto charts showing the key (a) engineering control variables and (b) geological uncertainties impacting

the NPV response.

Overall, the bottom-hole pressure of the producers (which determines the miscibility of the flood), the length of
the water cycle time (the sweep conformance of the flooding process), and the target oil production rate were the
three most important technical parameters as presented by Fig. 5(a). On the other hand, the global horizontal
permeability, the secondary drainage factor, the level of stratification of the reservoir and the transport coefficients

were the most important geological uncertainties.

The sensitivity analysis of the engineering and geological uncertainties is presented in Fig. 6. When the BHP of
the producers was changed from the minimum to the maximum values, the NPV of the project decreased from
222.94 to 148.48 million USD. Also, a change in the length of the water cycle time from 2 to 6 months resulted
in an 11.57% increase in the NPV, while an increase in the target oil rate resulted in a corresponding increase of
8.93% in NPV. Conversely, the maximum CO; injection rate had the least effect on the NPV, resulting in only a

4.29% decrease in the value of the project.

The values of the global horizontal permeabilities had the most significant effect on the project’s NPV resulting
in a 68.17% increase in NPV from 59.93 to 100.77 million USD. The effects of the transport coefficients (alpha
factors), layering (stratification) and the secondary drainage factor were also prominent, resulting in changes of -

12.22%, +42.03 and -32.0%, respectively. The effects of other uncertainties are presented in Fig.s 6(a) and (b).
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Fig. 6: Summary of the sensitivities of (a) engineering control variables (b) geological uncertainties on the NPV

response.

34 Experimental Design and Surrogate Modelling

Including many uncertainties implies large-scale dimensionality and a higher computational expense of the
investigated problem, particularly when these uncertainties have small effects on the objective function (Agada et
al., 2017; Ampomah et al., 2017). Therefore, before constructing the proxy model, the sensitivity analysis results
were applied to ascertain the significant parameters to be retained in the proxy modelling.

As usual, the sensitivities of the engineering, economic and geological uncertainties on the value of the WAG
injection project were performed by varying one variable at a time. The significant factors include oil price,
horizontal permeability, and the hysteresis parameter, the secondary drainage factor (see Fig. 7). The discount rate
had the least effect on the NPV objective function. The screening results (Fig. 8) showed that the price of oil was
the most important economic variable, and changes in oil prices from $50 — 80 resulted in an increase of NPV
from 87.9 — 153.6 million USD. Similarly, horizontal permeability was the most significant geological parameter
changing the NPV from 106.2 — 167.13 million USD. The bottom-hole pressure of the producers (Prod BHP) was
the most significant engineering variable leading to a decrease of the NPV from 144.11 — 97.35 million USD for

the maximum and minimum values.
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Fig. 7: Pareto charts showing the key parameters.
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In summary, the engineering control variables accounted for about 20% of the changes in the NPV output, while
the geological and economic uncertainties accounted for variations of approximately 57% and 23%, respectively.
This shows that the optimisation problem is apt and balanced. In problems where the uncertainties are too
dominant, they dominate the optimisation routine, and the optimisation of the control variables is needless since
the process is out of the optimiser’s control. Conversely, in the presence of negligible uncertainties, the
optimisation problem is simplified, and the robust optimisation may behave like a nominal or deterministic one

without uncertainties. Table 8 presents the values of surrogate model’s input variables.

Table 8: Minimum, median and the maximum values of input variables.

Variable Minimum Base case Maximum
Engineering Oil Rate (stb/day) 500 750 1000
Maximum Producer BHP (psia) 1160 1250 1400
Water Cycle Time (Months) 2 4 6
Geological Secondary Drainage Factor 0.3 1.0 3.0
Layering L1 L2 L3
Horizontal Permeability multiplier 0.57 1.0 1.29
Transport Coefficient multiplier 1 2 4
Economic Oil Price ($/stb) 50 70 80
CO; injection cost ($/MMscf) 580 1000 2000
Discount Rate (%) 5 10 15

3.4.1  Numerical Simulations, Surrogate Modelling and Testing
One hundred full-physics numerical simulations of the WAG injection scheme were performed based on a Latin-
Hypercube design to compute the NPV and used to train the neural network model. The feed-forward backward

propagation multi-layered neural network architecture (BPNN) implemented in MATLAB [79] was applied. The



input layer contained 12 layers (one for each input variable). The layering uncertainties were specified individually
since they are categorical variables. A hidden layer containing 20 neurons was used to connect to the input layer
by weights and a transfer function:

aj = tansig(y; +b}), i =1-20 (12)

with: y; = 332, X5 Xy = X;. wi; (13)
where X;; is the input parameter, Wilj represents the weight of the j* neuron of the input layer that connects with
the i” neuron of the hidden layer, and b} is the bias value of the i neuron in the hidden layer. A tangent-sigmoid
transfer activation function was specified as follows:

tansig(x) = (14)

1+e-2%
A sensitivity analysis informed the choices of the number of neurons and the transfer activation function. Twenty

additional simulations were performed to test the accuracy of the resulting surrogate model.

3.4.2  Surrogate Modelling

An objective function, the Net Present Value (NPV) of the project at the end of 10 years of WAG injection, was
developed in this study. The Latin Hypercube design was used to design 100 full-physics simulation experiments
for constructing the approximation models and 20 additional simulation runs to test the constructed surrogate
models. The accuracy of the proxy models was determined using the coefficient of determination (or the R?

goodness of fit). The performances of the approximation models are compared below.

Predictions of the ANN Model

In the NN model, the backpropagation algorithm initiates the vectors of the initial weights and bias values from
which the feedforward network calculates the output. The accuracy of the estimation was measured as the error
between the actual NPVs and the proxy predicted NPVs. The weights and biases of the NN model are adjusted
throughout the training process using the Levenberg-Marquardt algorithm. As this adjustment is carried out, a
more accurate model can be typically obtained when a larger volume of data is used in the training routine.
Conversely, using inadequate data for the training can result in overfitting the training data, where the model
estimates the training data to a high accuracy but underperforms for the test and other data Therefore, it was
necessary to use an optimal amount of training and testing data in the modelling process so that the constructed
model performs optimally for all the data it was used to predict. The results of the NPV of the training data ranged
from 20 — 270 MMS, while the distribution of the testing data ranged from 25 — 330 MMS, indicating a sufficient

change in the parameter space, which guarantees the quality of the training and testing data.
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Fig. 9: Parity plot of the simulation predicted NPV values vs. the predictions of the neural network model.

The R? goodness of fit of the NN predicted NPV was evaluated to determine its accuracy, as shown in Fig. 9. The
R?of the training and testing data are 0.986 and 0.987, respectively indicating that the model is valid and accurately

predicts the actual simulation results.
Improving the Surrogate Model

During the construction of a data-driven surrogate, a mismatch is commonly encountered when the predictions of
the data-driven proxy model are compared to the solutions of the true full-physics simulations, even for the best-
performing models. The traditional approach to eliminating this mismatch is to perform an adaptive iterative
update on the surrogate by adding more training data runs and testing points until a suitable match is obtained
(Agada et al., 2017; Arigbe et al., 2019; Ogbeiwi et al., 2020). However, this process is often rigorous and
computationally expensive because many full-physics simulations may be required to eliminate the mismatch.

To avoid this, we proposed a more efficient way to improve the surrogate model in this study. The surrogate model
was improved by optimising the weights and biases of the ANN model using a GA in an approach known as the
genetic algorithm-based-back-propagation artificial neural network (GA-BPNN) modelling (Chen et al., 2014).
As a combined prediction-optimisation method, the algorithm offered an excellent prediction ability because it
combined the inherent advantages of the neural network, such as its ability to fit non-linear data more accurately,
and those of the genetic algorithm, i.e., its efficient and parallel global optimum solution searching abilities. The

parameters of the GA operators are presented in Table 9.

Table 9: Genetic algorithm operators

Variable Value
Population per generation 50
Maximum generations 50
Mutation probability 5%

The GA minimised an objective function defined as the error of the predictions of the NN proxy model represented

as the root mean square error between the NPV predicted by the NN model and the numerical simulations and



stochastically searched for the optimal values of the corresponding weights and biases of the model. This method
was also discovered to be computationally inexpensive and adaptable when applied to the surrogate modelling
routine. The optimal solutions were then retained as the new weights and biases of the optimal NN model. The

predictions of the resulting NN model are presented in Fig. 10.
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Fig. 10: Parity plot of the simulation predicted NPV values vs. the predictions of the GA-optimised, neural

network models.

The optimised NN model results in better R? goodness of fit than the unoptimised approximation model. The R?
of the training and testing data of the unoptimised neural network model was 0.986 and 0.987, respectively, while

the R? of the training and testing data of the optimised neural network model was 0.997 and 0.995, respectively.

35 Robust Optimisation of the value of the WAG flood
A genetic optimisation algorithm, implemented in MATLAB [79] in a single objective function approach to
compute the optimal control parameters for maximising the NPV of the WAG project, was applied in the

optimisation routines of the WAG floods. The GA operators applied are presented in Table 9.

3.5.1.  Nominal optimisation (NO)
A nominal optimisation base scenario was done for comparison, where the values of the uncertain geological and

economic variables were assumed to be deterministically known and set to the median values, as presented in

Tables 6 and 8.

3.5.2.  Optimisation under uncertainty

In the current mean-variance optimisation problem, we applied 3000 realisations of uncertainties to adequately
sample the parameter space of uncertain variables to mitigate inaccuracies in the computations of mean and
standard deviation that occur when an inadequate number of samples is used in the robust optimisation routine.
The objective function was given as follows:

Maximise: F,l(g) = u(g) — la(g) (15)
s.t.: 500 STB/D < a; <1000 STB/D
1160 PSIA < a, < 1400 PSIA

2 months < a3 < 6 months



where @ = {ay, a,, a3} is a set of process’ control variables, ay, a, and a3, which are the target oil production

rate, maximum BHP of the producers, and length of the water cycle time, respectively. Then

N

1
u= N_[Zi=1 i (16)

ando= [L30(fi— w2 (17)

u and o are the mean and standard deviation of N, = 3000 reservoir realisations of the uncertainties, respectively,

on which the optimisation under uncertainty routine was performed on.

3.6 The non-dominated sorting algorithm

The ranking of the solutions of the robust optimisation routine was performed to show their level of optimality.
The non-dominated sorting algorithm (NSA) was applied to the “pseudo” two-objective optimisation problem
where the objectives would be maximising the mean, 4 and minimising the risk/standard deviation, . The ranks
of the solutions were depicted as individual Pareto fronts. Three-dimensional plots of the engineering variables of
the solutions were also made to show the correlations and any other trends between the solutions of each Pareto
front.

A summary of the methods applied in this study is presented in Fig. 11.
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4 Results and Discussion

4.1 Optimisation Results

The results of the NO and RO routines are presented in this section. The computational costs of each run in a 3.60
GHz computer processor are shown in Table 10.

Table 10: Computational costs of proxy model evaluation and full reservoir simulation

Scenario CPU cost
Full-physics numerical model run 30 mins
Surrogate model run 10s
Nominal optimisation scenario using 15s
the NN model
Robust Optimisation using the 120 s
surrogate model

4.1.1.  Nominal Optimisation using the Genetic Algorithm

Table 9 presents the genetic algorithm operators applied in the nominal optimisation routine. The specified
mutation probability ensured that the algorithm sampled a broader search space and was not struck at a local
minimum value. The specified tolerance function tells the algorithm the required difference between the new and
existing optimal values, and the optimisation routine is terminated when the defined value is achieved. Fig. 11
shows a plot of the best and mean fitness values of each generation/iteration. The mean NPV improved with each

iteration until it reached its best value at the 24" generation.
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Fig. 11: Result of the NO routine.

The optimal operation parameters are presented in Table 11. The NPV of the project is 182.46 x 10 USD when
the target oil production rate, maximum bottom-hole pressure of the producers, and the water cycle length were
1000 stb/d, 1160 psia and two months, respectively. A confirmation test was conducted to validate the results
obtained by applying the optimal solution to a full-physics simulation of the WAG injection and then computing
the NPV of the project. Using the numerical simulator resulted in an NPV of 182.4 x 10° USD, representing a

relative percentage error of 0.03%, implying that the proxy-predicted value agreed with the simulation result.



Overall, the optimum target BHP of the producers corresponded to the lowest possible pressure required to
guarantee a maximum pressure drawdown and miscibility. The optimum water injection cycle time was two
months, the minimum value of water injection cycle time, and a longer duration of gas injection. On the other
hand, the optimum target oil production rate corresponded to the maximum possible value of this parameter

applied in the optimisation.

Table 11: Optimum control variables from the nominal optimisation routine.

Variable Units Optimum Values
Target Oil Rate STB/D 1000
Maximum BHP of the producers PSIA 1160
Length of Water Cycle Time Months 2
Net Present Value, NPV MMS$ 182.46

4.1.2.  Robust Optimisation of the value of the WAG project
The plot of the reward versus the risk of the optimisation runs for each A are presented in Fig. 12(a), with the sub-
plots (Fig. 12(b) — (e)) showing the plots for each risk-aversion factor. Each data point represents u(g) Vs a(g)

for a unique set of engineering, @, obtained from the GA and 3000 realisations of the uncertainties.
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These large markers (representing the optimal solutions) and other solutions formed a convex hull known, as the
efficient frontier as shown in Fig. 12(a). Moving from left to right on the standard deviation axis (which represents
an increase in the associated risk) shows a corresponding increase in the values of the NPV as the aversion to risk
decreases. Other data points shown under the efficient frontier are inferior non-optimal solutions obtained from
the optimisation routine.

The results of the robust optimisation routine are presented in Table 12. At a confidence level of 50% (when 2=0),
the mean NPV was 192 million USD with a corresponding risk of 37.89 million USD. This means there is a 50%
probability that the NPV would be at least this value, which was 5.23% higher than the value of the uncertainty-
free optimisation. An increase in the risk-aversion factors led to an increase in the engineer's confidence in the
optimisation results but with a corresponding decrease in NPVs. At A = 1.0, i.e., 84.13% confidence, the NPV
would be 154.85 million USD or higher with an associated risk of at least 30.528 million USD.

As A or confidence increased, the reward decreased with a corresponding decrease in the associated risk. For
example, at A = 4.0, the value of the WAG injection project was 65.98 million USD, i.e., there was a 99.99%
confidence level that NPV would be this value or higher with a risk of 27.99 million USD, representing a decrease
of 63.84% from the value derived from the nominal optimisation. In summary, the gains/losses of the robust

optimisation over the NO scenario were observed to be very significant, particularly as the risk aversion increased.

Table 12: The results of the robust optimisation.

/. Function Optimized ¢ (10°S$)  u(10°$) Optimized Gains over the
NPV, F(10°$)  NO case (%)

0.0 F=u—-0.00 37.89 192 192 +5.23

1.0 F=u—1.00 30.53 185.38 154.85 -15.13

2.0 F=u—200 33.67 188.97 121.63 -33.34

3.0 F=u—-3.00 30.53 185.38 93.79 -48.60

4.0 F=u—4.0c 27.99 177.94 65.98 -63.84

Table 13 presents the optimal engineering parameters obtained from the robust optimisation routine. Depending
on the engineer's tolerance to risk, they can apply any of the results. These solutions show that a higher target oil
production rate and the lowest possible BHP of the producers that would guarantee the flood's miscibility were
desirable for maximising the NPV of the WAG flood. Generally, the lowest possible BHP that sustains the
miscibility of the flood was preferential as this assures a larger pressure drawdown and, therefore, a higher oil
production. However, the NPV of the flood was also clearly dependent on the length of the water cycle time as
this parameter is 5.4, 4.95, 4.5, 5.36, and 5.4 months when A =1, 2, 3, 4, and 5, respectively. The oil rates, BHPs
and the water cycle time obtained were the target controls that the production engineer would apply to optimise

the value of the project.



Table 13: The optimal engineering variables from the robust optimisation

Confidence  Target Oil Production =~ Max. Producers’  Length of Water
level Rate (STB/D) BHP (psia) Cycle (Months)
50.0% 1000 1160 5.4
84.13% 1000 1162.7 4.95
97.72% 1000 1160 4.5
99.86% 1000 1160.2 5.36
99.99% 1000 1160.2 5.4

A three-dimensional scatter plot of the control parameters generated and evaluated by the GA as it searches for
the optimal solution is shown in Fig. 13. A clustering of the data points was observed for some lambda values (A
=0.0, 3.0, and 4.0). Other points indicate the optimal solutions when A = 1.0 and 2.0 and the non-optimal solutions
generated by the genetic algorithm. The level of optimality of these solutions can be better described using the

non-dominated sorting algorithm.
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Fig. 13: 3D plot of the solutions of the robust optimisation.

4.2 Non-Dominated Sorting

Fig. 14 shows the results when the non-dominated sorting algorithm was used to sort the solutions of the robust
optimisation. Six Pareto fronts of the solutions are displayed, where the first Pareto front, rank 1, represents the
solutions on the efficient frontier, which are superior to the solutions of other ranks. If these models are neglected,
then a new front, Rank 2, would be obtained which is, in turn, superior to the models in Rank 3. The outcome of
this procedure shows each solution's different scales of optimality and presents valuable information for decision-

making and reduction of its associated risk(s) to the optimiser or production engineer.
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The inset Fig. shows the Pareto in front of Rank 1.

Figs. 15(a) and (b) show the engineering variables of the Pareto fronts and that of the first rank, respectively, in a
3-D space. Like Fig. 16, they depict the levels of optimality of the optimisation solutions. For each front, it was
observed that the data points shown in Fig. 18(a) move from right to left as we move from left to right on the
Pareto fronts, shown in Fig. 17. We focused on the first Pareto front to outline this trend, as shown in Fig. 18(b).
Thus, depending on the risk tolerance of the reservoir engineer, applying any of the solutions to the WAG project

would result in an optimal NPV of the WAG project.
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Fig. 15: Plot of the (a) different ranks of solutions obtained during the robust optimisation routine and (b) that of
the solutions of the first rank. A general trend in the solutions of rank one is observed as the risks and rewards
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A series of confirmation tests were performed to validate the results of the robust optimisation by applying the
control variables of five solutions on the efficient frontier to full-physics simulations of the WAG injection in 5
realisations of the geological uncertainties and computing the corresponding NPV. Therefore, five NPVs were
calculated based on the values of the geological and economic uncertainties for each set of engineering variables.
In total, we calculated 25 values of the NPV using the full-physics simulations and 25 values of the NPV using
the NN proxy model. We also computed the mean of the five NPVs for each set of engineering variables. The

results of this procedure are shown in Fig. 16.
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Fig. 16: The cross plot of the simulation-predicted NPV values vs the predictions of the GA-optimised neural
network model used to validate the results of the robust optimisation routine. The small icons represent the 25
calculations of the NPV made, where five calculations were made for each set of engineering control variables,

while the large icons represent the means of the five NPVs.

Each unique legend represented the result of each set of control variables. The large icons represent the means of
the five NPVs calculated for each set of engineering control variables (represented by each unique small icon).
Fig. 19 shows that the distribution of the NPV ranged from 35 — 166 x 10 USD, which shows the quality of the
evaluation as there was a sufficient span of the parameter space. The points on the bottom-left of the plot (i.e.,
those between 30 — 40 x 10°USD) corresponded to the NPV calculated for the five sets of engineering variables
and one set of the economic and geological uncertainties. These uncertainties lie around the low spectrum or the
minimum of the parameters’ sample space. Other points range between 80 — 166 x 10° USD.

The data points are observed to lie around the x = y line, with the R? score of all the data points being 0.994,
implying that the NN proxy model offers accurate predictions of the performances of the full-physics reservoir
simulation model. This also means that the solutions obtained from the proxy-based robust optimisation routine,
when implemented for EOR and carbon storage in the reservoir model, will yield accurate predictions of the value

of the WAG project.

5 Summary and Conclusions

The numerical simulation and optimisation of the alternating injection of water and CO; in turbidite hydrocarbon
reservoirs is a computationally expensive process. Using surrogate or proxy models of the desired objective
functions can significantly reduce the complexities and costs associated with the full-physics simulations and the
optimisation routines.

In this paper, we optimise the Net Present Value of a water-alternating-gas injection project in the presence of
uncertainties by applying the Markowitz classical theory to a suitable approximation model of the objective
function so that the optimisation routine assessed numerous realisations of uncertainties. We first tested the

applicability and accuracies of the neural network modelling technique. To ensure the quality of the resulting



model, we applied a genetic algorithm to improve its performance. Our robust optimisation methodology
incorporated petrophysical and economic uncertainties to create better operating strategies for the project that are
risk quantified. A summary of the results obtained from the robust optimisation routine showed based on the
confidence level of the engineer, an NPV of at least 65.98 x 10° USD can be obtained from the project. These
solutions were more pragmatic than the result of the deterministic/nominal optimisation (182.46 x 10® USD),
where uncertainties were not considered. To present the reservoir or production engineer(s) with important
information for decision-making and to show different level of optimality. the solutions of the robust optimisation
routine were ranked using the non-dominated sorting algorithm.

In summary, in this study, the applicability of data-driven surrogate models for the robust optimisation of the

WAG project under geological and economic uncertainties has been demonstrated.
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