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Development and Application of a Machine Learning Based Multi-1 

objective Optimization Workflow for CO2-EOR Projects 2 

Abstract 3 

Carbon dioxide -Enhanced Oil Recovery (CO2-EOR) is known as one of techniques for 4 

hydrocarbon production improvement as wells as an important candidate to reduce 5 

greenhouse gas emissions. Thus, an ideal development strategy for a CO2-EOR project 6 

would consider multiple objectives including to maximize oil recovery, CO2 storage 7 

volume and project economic outcomes. This work proposes a robust computational 8 

framework that couples artificial neural network (ANN) and multi-objective optimizers to 9 

optimize the aforementioned objectives in CO2-EOR processes simultaneously. Expert 10 

ANN systems are trained and employed as surrogate models of the high-fidelity 11 

compositional simulator in the optimization workflow. The robustness of the 12 

development optimization protocol is confirmed via a synthetic injection-pattern-base 13 

case study. Afterward a field implementation to Morrow-B formation to optimize the 14 

tertiary recovery stage of the field development is discussed. This work compares the 15 

optimum solution found using an aggregate objective function and the solution repository 16 

(Pareto front) generated by the multi-objective optimization process. The comparison 17 

indicates the existence of potential multi-solutions satisfying certain criteria in a CO2-18 

EOR project designing, which cannot be found using traditional weighted sum method. 19 

The optimization results provide significant insight into the decision-making process of 20 
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CO2-EOR project when multiple objective functions are considered. 1 

1. Introduction 2 

In the oil and gas industry, primary and secondary recovery methods typically can 3 

produce on the average about one-third of the original oil in place (OOIP), while 4 

enhanced oil recovery (EOR) techniques can boost oil recovery to 40% to 60% of OOIP 5 

[1]. Common EOR methods include gas flooding [2], chemical EOR [3] and thermal 6 

EOR[4, 5]. Recently, gas injection EOR gained extensive attention due to its wide 7 

application in shale reservoirs [6]. In US, the existence of natural CO2 resources makes it 8 

possible to use CO2 as one of the main injection agents to enhance hydrocarbon recovery 9 

[7]. Reported studies show that CO2 –EOR brings huge potential in improving oil 10 

production from shale reservoirs in North America [6, 8] and some mature oil fields [9]. 11 

A successful CO2-EOR project would take advantage of the injected CO2 to produce 12 

residual oil leftover from the primary and secondary recovery stages, and safely store 13 

large volume of CO2 gas for a long time period. Thus CO2-EOR is also considered as one 14 

important approach to reduce global greenhouse gas emissions [10-12]. CO2 has been 15 

utilized as a miscible/immiscible injectant in numerous enhanced oil recovery (EOR) 16 

projects in the US and it has been observed that much of the injected CO2 remains 17 

underground during the life of the project [13-15].  18 

This paper uses an extensive data set collected by The Southwest Regional Partnership on 19 

Carbon Sequestration (SWP) at the field site of their Development Phase project [16, 17]. 20 

One primary purpose of this project is to investigate the feasibility of safely and 21 
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permanently storing over one million metric tons of anthropogenic CO2 in a partially 1 

depleted reservoirs [11, 18-20]. The SWP’s project focuses on an active water alternating 2 

CO2 (CO2-WAG) project underway at Farnsworth Field (FWU) in Ochiltree County, 3 

Texas [19]. The work in this area has yielded rich set of geological, geochemical and 4 

petrophysical data from FWU unit [21, 22], providing significant fundamental input to 5 

the numerical reservoir simulation models used to history match the historical data, 6 

forecast field performance, optimize the development strategy, and investigate the 7 

trapping mechanisms and track the long-term fate of injected CO2 [16, 23, 24]. 8 

Although the field operator may have a different strategy, the ideal development strategy 9 

concerned by SWP scientists would seek to maximize the hydrocarbon recovery, CO2 10 

storage volume and project economic outcomes simultaneously. And this task can be the 11 

same for CO2-EOR projects with similar concerns. Various methods have been used to 12 

deal with problems that have multiple objectives to optimize; methods include goal 13 

programming, multiple objective particle swarm optimization (MOPSO) [25-27], multi-14 

objective genetic algorithm (MOGA) [28], non-dominated sorting genetic algorithm 15 

(NSGA II) [29], etc.  16 

More specifically to CO2-EOR projects, critical literature reviews show that multi-17 

objective optimization approaches are broadly applied to assist project design and 18 

evaluation of project performance. Forooghi et al. [30] designed a methodology to 19 

optimize the performance of a CO2-EOR project in a North Sea Chalk reservoir. Leach et 20 

al. [31] developed a theoretical framework to analyze the dynamic co-optimization of oil 21 

production and CO2 sequestration in a CO2 –EOR project. Menad and Noureddine [32] 22 
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introduce a methodology to optimize CO2- WAG processes using evolutionary 1 

algorithms. 2 

One approach to the multi-objective problem is to transfer multiple objective functions 3 

into an aggregated objective, which is calculated using the weighted summation of the 4 

sub-objectives. This approach is also known as Weighted Sum Method (WSM), and it 5 

has been employed to co-optimize the CO2-WAG project at FWU, where oil production 6 

and CO2 storage are used as objective functions [9, 33]. The two objectives were 7 

combined into a single objective function by assigning the same weights. And genetic 8 

algorithm is employed to optimize the aggregated objective function. However, it is 9 

difficult to assign reasonable weights for individual objectives. More importantly, 10 

different weight combinations would yield various results, which introduces strong 11 

uncertainties and bias to the optimization process. Notably, the global optimization 12 

algorithms typically go through an iterative searching procedure that requires assessing 13 

the objective functions multiple times, a computationally expensive process. In field scale 14 

optimization processes, machine-learning proxies are broadly employed to act as 15 

surrogate models of high-fidelity numerical models to reduce the computational 16 

overhead. This is because running a proxy once takes fraction of seconds while a high- 17 

fidelity numerical model would take minutes to hours to run one simulation depending on 18 

the size of the model. 19 

Literature surveys show extensive successful developments of machine learning models 20 

to act as proxy models of high-fidelity numerical models using regression [9, 34], 21 

artificial neural network (ANN) [35, 36] and support vector machine models [37, 38]. 22 
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Machine-learning based proxy models help with reservoir characterization [39], history 1 

matching[40], uncertainty quantification[41], reservoir simulation [42] and more. 2 

Utilization of those machine learning algorithms greatly increases the computational 3 

efficacy of dealing with those complex problems. 4 

In this paper, we present a comprehensive framework coupled with an ANN-based proxy 5 

model developed to evaluate the performance of CO2-EOR project and CO2 storage 6 

capacity in the FWU field. Field and injection-pattern scale reservoir models are used to 7 

generate datasets that serve as the training knowledge base of the proxy model. Three 8 

objectives functions including cumulative oil production, CO2 sequestration volume and 9 

project net present value (NPV) are considered in the optimization workflow. The 10 

MOPSO algorithm is employed to generate the Pareto front considering all three 11 

objectives. Once the optimization framework is structured, we first apply it to optimize 12 

an injection pattern scale problem around a specific well and then extend the workflow to 13 

the entire field. The results indicate that the proposed optimization protocol is competent 14 

to establish the solution repository that contains various dominating solutions. More 15 

importantly, we show comprehensive comparison between the Pareto front solution and 16 

the result using WSM, which provides constraints and reduces uncertainties involved by 17 

the multi-objective optimization process.  18 

2. Methodology 19 

In this section, we will discuss the major procedures to structure the proposed 20 

optimization workflow, which includes the followings steps:  21 
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1. Data preparation: preparing the dataset used to training the proxy model using 1 

artificial neuron network. The training database is prepared by sending a certain 2 

number of batch runs to the original numerical simulator. 3 

2. ANN architecture optimization: to find the optimal architecture that yields the 4 

smallest error or satisfies the error limit. The proxy model trained by optimal 5 

architecture is picked as the optimal proxy to be used in the following work.  6 

3. Coupling the ANN model with MOPSO: the developed proxy model is utilized to 7 

generate the Pareto front of multi-objectives in cooperation with the MOPSO 8 

algorithm.      9 

Figure 1 briefly depicts the workflow chart of the research work.  10 

 11 

Figure 1 Procedures of optimization framework 12 
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2.1. Reservoir Modeling and Training Data Preparation  1 

The proxy model is trained using synthetic data generated from high-fidelity numerical 2 

simulation models. Therefore, a certain volume of batch simulation runs is sent to prepare 3 

the knowledge base to develop the ANN models.  4 

The developed optimization protocol is firstly validated by applying it to a synthetic 5 

injection-pattern-base case study. The injection pattern model focuses on the 5-spot 6 

pattern near Well 13-10A at Farnsworth field (Figure 2). The reservoir model was 7 

established to simulate one-eighth of the injection pattern. After a rigorous grid 8 

dimension sensitivity analysis, we imposed a 60×60 Cartesian grid system to discretize 9 

the system with a grid size of 26.7 ft × 26.7 ft. The reservoir properties were extracted 10 

from the area surrounding Well 13-A. This injection pattern based model is used to 11 

predict CO2-WAG performance for 10 years. For the injection pattern scale application, 12 

820 simulations runs were performed to extract the training data. Compared with the 13 

field-scale reservoir model, the computational overhead of the synthetic model is small; 14 

hence a shorter time is needed to prepare the training dataset. The validation process is to 15 

test whether the proposed optimization framework can work appropriately. A quick 16 

preparation of dataset helps to test the workflow more efficiently. 17 
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 1 

Figure 2 Schematic diagram of a 5-spot injection pattern. Four producers are placed at corners and one injector is placed at 2 

the center of the pattern 3 

Afterward, the validated workflow is used to co-optimize the multi-objective of an active 4 

CO2-EOR project within FWU. For the field-scale implementation, a numerical reservoir 5 

model of the FWU field (Figure 3, [21, 22]) is employed. This compositional reservoir 6 

model incorporated extensive geological, geophysical and operational data, and it has 7 

been successfully history matched using field historical data collected from 55 years of 8 

primary and secondary production and 8-years of tertiary CO2–WAG implementation. A 9 

total of 53 wells (21 injectors and 32 producers, placed in a 5-spot pattern) are included 10 

in this field reservoir model. The model is used to predict CO2 storage amount, 11 

cumulative oil production and project NPV in the following 20 years. For the field scale 12 

application, we employed 597 cases as the training knowledge base. 13 

 14 
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 1 

Figure 3 Top view of the FWU numerical reservoir model. The left figure shows the initial oil saturation distribution in the top 2 

layer of the reservoir, the right figure shows initial water saturation distribution in the top layer of the reservoir 3 

As visualized in Figure 4, four project design parameters including the water cycle, gas 4 

cycle, producer bottomhole pressure (BHP) and water injection rate are were considered 5 

as the inputs of the proxy model. In a CO2-WAG project, WAG optimization and CO2 6 

slug size are significant factors to determine the project performance [43]. The duration 7 

of water/gas cycles, water and gas injection rates need to be carefully designed to have 8 

good project performance. In this work, the total gas injection rate is controlled by the 9 

total compressor capacity of the field, which equals 20 MM scf/day [9]. To ensure more 10 

CO2 is injected and then stored underground, the gas injection rate is directly set to be 11 

this value. For WAG wells, the upper limitation of injection pressure is to set to be 5000 12 

psi, since an injection pressure higher than 5000 psi may frack the formation rock due to 13 

previous published work [9]. For the producers, a higher producer bottomhole pressure 14 

typically will lead to more oil production; however, more CO2 will be produced at the 15 

same time, which reducing CO2 storage amount. Consequently, the producer bottomhole 16 

pressure was selected as another control variable and used in the optimization workflow. 17 
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This work doesn’t account for changing the number of wells and well placements, since 1 

due to the operator’s developing plan, all water injection wells will be converted into 2 

WAG wells to achieve a higher oil recovery and storing more CO2 underground [9, 33]. 3 

Table 1summerizes the grid blocks used in each case. 4 

Table 1 Summary of grids used in pattern base case model and field model 5 

 X Y Z Total blocks Total blocks in active 

Pattern base case 60 60 1 3600 1830 

Field case  88 82 10 72160 14754 

In a CO2-WAG project, water is first injected to pressurize the reservoir to reach the 6 

minimum miscible pressure (MMP) and enhance macroscopic sweep efficiency, then 7 

CO2 is used to improve microscopic displacement efficiency by forming a miscible front 8 

with reservoir fluids. Table 2 lists the fluid components model used in each case. 9 

Table 2 Fluid components model for each case 10 

Fluid component (mole fraction) Field case model Patten base case model 

C1 38.5% 36.6% 
C2 3.9% 3.9% 
C3 2.5% 2.5% 
C4 2.0% 2.0% 
C5 1.8% 1.8% 
C6 2.8% 2.9% 

C7-38 33.5% 34.6% 
C38-70 15.1% 15.6% 

The output parameters are cumulative oil production, CO2 storage volume and the project 11 

NPV.  12 
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 1 

Figure 4 Structure of training dataset, the training targets include cumulative oil production (green square), CO2 storage 2 

amount (red square) and project NPV (yellow square) at the end of the forecasting period. Training inputs are four parameters 3 

represented by blue squares. 4 

A simplified economic model is utilized in this study to estimate the project NPV that 5 

serves as the third objective. The project NPV is calculated using Eq. 1:  6 

 ��� � ∑ ���	
��
�
���	 � �	

�
���	��
��
  (1) 7 

where ��� is the oil production at i-th year, bbl; �� is the selling price of oil, $/bbl; p is 8 

discount rate; Ci is the operational cost for i-th year, $. The operational cost incorporated 9 

in this economic model accounts for the cost of water injection, CO2 injection and 10 

recycling. It should be noticed that tax credit for carbon capture projects is not considered 11 

in this equation, which bring some limitation to this economic model. The policy of tax 12 

credit in each state of US can be different depending on various project types. Moreover, 13 

the sparse public information regarding tax credit makes it is even more difficult to select 14 

a correct value of tax credit and use it in this economic model. However, the use of this 15 

NPV model is to test whether the developed optimization framework can work properly, 16 
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which is proofed to be good enough to estimate the project NPV under current project 1 

development requirements. The economic model can be easily modified to evaluate the 2 

effect of tax credit if there is more solid information obtained regarding tax credit in 3 

future work. 4 

2.2. Development of ANN Proxy 5 

An artificial neural network is composed of three types of layers: one input layer, one (or 6 

more) hidden layers and one output layer (Figure 5). The input information is transferred 7 

to hidden layers via weighted connections. The information is processed in neurons in 8 

hidden layers through the linear transformation function (activation function) and then 9 

transferred to the output layer. Connections between hidden layers and from hidden layer 10 

to output layer are controlled by weight vectors.  11 

In our work, in order to find the architecture yielding the best prediction performance, a 12 

pool of many ANN models containing different ANN architectures is generated [44, 45]. 13 

Three components are varied to form the different architectures in this work: the number 14 

of neurons in each hidden layer, the number of hidden layers and activation functions 15 

applied to each hidden layer. Each model is trained and assessed by extensive blind 16 

testing applications. The goal is to select the model with the best testing performance.  17 
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 1 

Figure 5 Schematic diagram of the multi-layer neural network 2 

The number of hidden layers used in this work is pre-set to be selected from 1~5. For 3 

each hidden layer, the possible number of neurons is assigned to be selected from a close 4 

set of 1~50 due to the small number of the training targets used in training data. Possible 5 

options for the activation function used in this work include the hyperbolic tangent 6 

sigmoid transfer function (tansig) and the log-sigmoid transfer function (logsig). The 7 

framework will select the architecture having the lowest prediction error or the one 8 

satisfying a given error limit. For simplicity, a format is defined to represent possible 9 

combinations. For example, an architecture containing three hidden layers, with 10 10 

neurons in the first layer, 20 neurons in the second layer and 30 neurons in the last layer 11 

is expressed as{10, 20, 30}. The number of values in the brace represents the number of 12 

hidden layers used in every architecture, and the values represent the number of neurons 13 
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in each hidden layer. Table 3 summarizes the components and their possible values or 1 

selections. 2 

Table 3 Values and options for components used in neural network architecture 3 

Item Possible selections  

Number of neurons 1 ~ 50 
Number of hidden layers 1 ~ 5 

Activation functions tansig, logsig 

As displayed in Figure 6, the entire dataset is divided into categories for training, 4 

validation, and blind testing with ratios of 80%, 10% and 10%, respectively.  5 

 6 

Figure 6 Schematic diagram of the division of training dataset into three groups: 80% of the training data are used to train 7 

proxy, 10% of the data are used for validation and the other 10% are used as blind tests 8 

For the injection pattern base case in this work, there are 820 sets of data. 80% (656 sets 9 

of data) are used to train the neural network, while 10% (82 sets of data) were used 10 

validation, and the remaining 10% used for blind testing. For the field case, the number 11 

of these three groups of data was 477, 60 and 60. The performance of the trained neural 12 

network was determined by finding the absolute relative error of the blind test data.  13 
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The absolute relative error of blind test data (�) of one training is calculated based on Eq. 1 

2: 2 

 � � 

� ∑ |��� �|

��
�
!�
  (2) 3 

where "! is the observed target value of the k-th output, #! is the predicted value of k-th 4 

output, and m is the number of outputs (training targets) of each experiment.  5 

In this work, each architecture picked from the architecture pool was trained 10 times 6 

repeatedly. For each training run, the training data, validation data and test data were 7 

randomly selected from all training data sets following the ratio of 80%, %10 and 10%, 8 

to ensure every training run is based on different training data. The alternation of test data 9 

in every training run avoided overfitting of trained neuron network, and guaranteed the 10 

trained network could be tested in a broader range of unused data.  11 

Finally, the framework will determine the average absolute relative error of these 10 12 

times training runs (�$), expressed by Eq. 3: 13 

 �$ � ∑ %&'(&)'

*  (3) 14 

where �+ is the relative absolute error of s-th training run. �$ helps to test the performance 15 

of a certain neural network architecture in a more general way and to avoid fortuitous 16 

good or bad performance results. The developed framework will finally find the optimal 17 

architecture that has the smallest average absolute relative error ( �$ ) among all 18 

architectures in the architecture pool.  19 
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2.3. Multi-Objective Particle Swarm Optimization (MOPSO) and Pareto Front 1 

The PSO is incorporated with Pareto dominance to handle problems with multiple 2 

objectives to be optimized. The multi-objective PSO optimizer is referred to as MOPSO. 3 

Pareto dominance is defined as [27]: 4 

A vector ,-. � �,
, ,0, ⋯ , ,!� is said to dominate 2. � �2
, 20, ⋯ , 2!� (denoted by ,-. ≺ 2. ) 5 

if u is partially less than v, which is expressed as Eq. 4:  6 

 ∀5 ∈ 71, 2, ⋯ , :;: ,� ≤ 2�  ∧  ∃5 ∈ 71, 2, ⋯ , :;: ,� < 2� (4) 7 

Pareto Optimum Set is the collection including the solution vectors (Eq. 5):  8 

 �∗ � CD ∈ E|∃DF ∈ E: G.�D′� ≺ G.�D�I (5) 9 

where E is a set of vectors which include all the feasible solutions in the search domain; 10 

G.�D.� � JG
�D.�, G0�D.�, ⋯ , G��D.�K is a vector including m objective functions involved in 11 

the optimization process. The Pareto front is defined as the corresponding set of objective 12 

function of the Pareto Optimum Set (Eq. 6): 13 

 �L∗ � CG.�D.� � JG
�D.�, G0�D.�, ⋯ , G��D.�K|D ∈ �∗I (6) 14 

In MOPSO, the external repository (REP) (or archive) is used to store a historical record 15 

of the nondominated solutions. When the REP is full, the nondominated solutions found 16 

in a new generation will be compared with solutions already stored in the repository. 17 

Dominated solutions in the REP must be eliminated and replaced by the dominating 18 

solutions in the new generation. A sample Pareto front with two objectives is 19 

demonstrated in Figure 7. 20 
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 1 
Figure 7 A sample of Pareto front with two objectives. 2 

As shown in Figure 7, all solutions in the red rectangular area are dominated by solution 3 

x1. For example, x2 is the dominated solution since both two objective values of x2 are 4 

larger than those of x1: f1(x2) > f1(x1) and f2(x2) > f2(x1). When comparing the solutions on 5 

the Pareto front, i.e. x1 and x3, f1(x3) > f1(x1) while f2(x3) < f2(x1). Thus all solutions on 6 

Pareto front are nondominated solutions.  7 

The algorithm of MOPSO is well demonstrated in reference[27]. The framework 8 

developed in our work incorporates MOPSO and feedforward neural networks to co-9 

optimize cumulative oil production and CO2 storage in a CO2 -WAG project. 10 

3. Workflow Validation 11 

The developed optimization framework is firstly utilized to optimize various objectives in 12 

an injection-pattern-base case study (Figure 2) as the following strategy: the framework 13 

was initially used to co-optimize two objectives (cumulative oil production and CO2 14 

storage), and subsequently extended to optimize three objectives (cumulative oil 15 
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production, CO2 storage and NPV) simultaneously. Such an implementation strategy is to 1 

examine the capability of optimization workflow on handling two and three objectives 2 

respectively. 3 

A summarization of all architectures is shown in Table A- 1 in Appendix A. Table A- 2 4 

summarizes the blind test results for all four cases that were evaluated, while Table A-3 5 

provides more information regarding error for each case. Figure A- 1 displays the training 6 

dataset used for proxy development for all case studies. 7 

3.1. Two Objectives 8 

The developed framework is firstly applied to optimize cumulative oil production and 9 

CO2 storage. It should be noticed that for two-objective case studies of both injection 10 

pattern base model and field model, training output data contains only oil production and 11 

CO2 sequestration amount. As discussed in section 2.2, the workflow selected a best one 12 

from a pool of network architectures, and the optimal architecture found is {9, 9, 8}, 13 

which represents three hidden layers are contained in this architecture. The average blind 14 

test error of this architecture is 0.8%. Figure 8 displays the histogram of blind test errors. 15 

As shown, 97.6% of all blind test data has an error of less than 2% as compared with the 16 

simulation results.  17 
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 1 

Figure 8 Histogram of blind test results of two objectives in the injection pattern base case  2 

Among the blind tests, the highest error was 6.5%, the lowest one was 0.01%, and the 3 

median was 0.7%. 4 

From this work, we conclude that the trained proxy model using optimal architecture 5 

selected by the framework is robust enough and capable to make predictions matching 6 

high fidelity simulation results. Then, the trained proxy is used to generate Pareto front of 7 

these two objectives (f1 and f2) with the MOPSO algorithm, as shown by the blue line in 8 

Figure 9. It is observed from the Pareto front that the range of f1 (cumulative oil 9 

production) in the Pareto front is 1.74 ×105 to 3.59 ×105 bbls, and the range of f2 (CO2 10 

storage) in the Pareto front is 1.53 ×104 to 1.87 ×104 metric tons.  11 
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  1 

Figure 9 Pareto front of two objectives and the comparison between Pareto front and 5000 random experiments in the 2 

injection pattern base case 3 

To validate the generated Pareto front, 5000 experiments were conducted by using the 4 

trained proxy. Input parameters of these 5000 experiments are randomly picked from 5 

their operational range, which are enumerated in Table 4. The results of these random 6 

experiments are depicted in Figure 9. As shown, solutions of all those 5000 experiments 7 

are dominated by the Pareto front, proving its validity. 8 

Table 4 Range of training input parameters  9 

Parameters Unit Min Max 

Water injection period day 100 200 

Gas injection period day 200 365 

Producer BHP psi 1000 4000 

Water injection rate stb/day 1000 3500 

For further validation of the Pareto front, several solutions were randomly picked from 10 

the Pareto front and their input parameters investigated and given back to the numerical 11 
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model of the injection pattern base model to conduct simulation. Figure 10 shows the 1 

comparison between the simulation results and Pareto front solutions. 2 

 3 

Figure 10 Comparison between Pareto front and the simulation results in the injection pattern base case 4 

As shown, these simulation results had similar values with some solutions found on the 5 

generated Pareto front, proving that solutions found on the Pareto front match well with 6 

high-fidelity numerical simulation results and that the difference between them is within 7 

acceptable margins of error. Each of those nondominated solutions on the Pareto front is 8 

not worse than any other solution. It is difficult to use the numerical model coupled with 9 

other optimization algorithms to find those nondominated solutions due to the huge 10 

computation required; however, with the help of the proxy model, the computational 11 

overhead of structuring a high-resolution Pareto front is reduced tremendously.  12 

3.2. Three Objectives 13 

After successfully using the framework to optimize a two-objective problem, the 14 

framework is applied to find the optimal solutions for three objectives; cumulative oil 15 
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production, CO2 storage and project NPV, at the same time. The optimal architecture 1 

found is {12, 18}, and the average error is 0.7%. High, medium, and low error are 5.5%, 2 

0.6%, and 0.02%, respectively. As shown in Figure 11, 84.6% of all blind tests have an 3 

error of lower than 1%, and 98.5% have errors less than 2%. Details of architecture and 4 

test results are shown in recorded in Table A- 1 and Table A- 2 in Appendix A. The three 5 

selected data with highest, median and lowest error are listed in Table A- 3. 6 

 7 

Figure 11 Histogram of blind tests results of three objectives in the injection pattern base case 8 

The generated Pareto front of the three objectives is displayed in Figure 12. Again, an 9 

additional 5000 experiments were also performed to compare with the Pareto front 10 

(Figure 12). The Pareto front indicates that f1 has a  range from 1.59 ×105 to 3.62 ×105 11 

bbls, f2 (CO2  storage) has a range from 1.52 ×104 to 1.87 ×104 metric tons and the range 12 

of f3 (NPV) is from 0.99 ×107 to 2.05 ×107 US dollars. 13 

Figure 12 shows that this optimization framework can successfully be applied to 14 
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problems with three objectives 1 

 2 

Figure 12 Pareto front of three objectives and the comparison between Pareto front and 5000 random experiments in the 3 

injection pattern base case 4 

4. Field Application  5 

The application of the developed optimization framework in a synthetic injection pattern 6 

base model proves that this framework is capable of simultaneously co-optimizing 7 

multiple objectives. Thus it is finally utilized to optimize the oil production, CO2 storage 8 

and NPV of the CO2 -EOR project that is currently operational at the FWU field (Figure 9 

3). Similarly to what is done in the injection pattern base case, the framework is first 10 

applied to co-optimize two objectives and then used to optimize the three objectives. 11 

4.1. Two Objectives 12 

The optimal architecture selected is {15, 30}, yielding an average blind test error of 13 
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1.4%. The histogram (Figure 13) shows that 75.8% of the total blind tests have an error 1 

of less than 2%. The three selected cases are listed in Table A- 3, the worst case is found 2 

to have the highest error of 3.9%. 3 

 4 

Figure 13 Histogram of blind test results of two objectives in field case 5 

The generated Pareto front of two objectives and results of 5000 random experiments are 6 

shown in Figure 14. The Pareto front indicates that f1 has a range from 1.37 ×107 to 1.64 7 

×107 bbls, f2 (CO2 storage) ranges from 1.54 ×106 to 2.17 ×106 metric tons. 8 

Comparing the two Pareto fronts of two-objective in both pattern base case (Figure 9) and 9 

that of field case (Figure 14), it is found that the Pareto front of pattern base case contains 10 

two regions: a relatively flat top (with oil production ranges from 1.74×105 bbl to about 11 

3.5×105 bbl) and a sharp decline region (with oil production ranges from 3.5×105 bbl to 12 

about 3.59×105 bbl). The sharp decline means the solutions in this region are approaching 13 

the physical limits of the original pattern case model, indicating that not much more 14 
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incremental oil recovery can be enhanced by sacrificing the CO2 storage amount. A 1 

similar trend is also found in the Pareto front of field case model. Although not obvious, 2 

the right side of Pareto front (Figure 14 ) also exhibits a sharp drop on the curve. 3 

 4 

Figure 14 Pareto front of two objectives and the comparison between Pareto front and 5000 random experiments in field case 5 

For further validation, six solutions were randomly picked from the Pareto front. 6 

Similarly to the injection pattern base case, the input parameters of those six solutions 7 

were put into the numerical model for simulation. The simulation results are shown in 8 

Figure 15. The comparison between the simulation and Pareto front validates the Pareto 9 

front and implies that the Pareto front is capable of capturing the trend line of how f1 10 

changes with f2. The difference between the simulation results and Pareto front is within 11 

an acceptable error margin. 12 
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 1 

Figure 15 Comparison between Pareto front and the simulation results in field case 2 

4.2. Three Objectives  3 

In this case, NPV is added as the third objective. The optimal architecture is found to be 4 

{8, 5, 19}, and the average blind test error is 1%. 5 

As shown in Figure 16 and Table A- 3, 93% of the blind tests have an error of less than 6 

2% and the worst case’s error is 4.2%. 7 
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 1 

Figure 16 Histogram of blind tests results of three objectives in field case 2 

The generated Pareto front is showed in Figure 17. The Pareto front indicates that f1 has a 3 

range from 1.36 ×107 to 1.64 ×107 bbls, f2 (CO2  storage) has a range from 1.64 ×106 to 4 

2.19 ×106 metric tons and range of f3 (NPV) is from 5.79 ×108 to 6.99 ×108 US dollars. 5 
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 1 

Figure 17 Pareto front of three objectives and the comparison between Pareto front and 5000 random experiments in field case 2 

When comparing the Pareto front of three objectives and that of two objectives for this 3 

field case, it seems there is not much on the Pareto front solution values of f1 and f2. One 4 

reason is that, in this work, the NPV is calculated by two terms: oil production and 5 

operation cost (see Eq. 1), and the operation cost is mainly dependent on the CO2 storage 6 

amount. In the field case, the magnitude of oil production is ten times of CO2 storage’s 7 

magnitude, thus the NPV’s value is mainly dependent on the value of cumulative oil 8 

production. Consequently, when MOPSO algorithm is finding nondominated solutions, it 9 

is highly possible that a nondominated value of f3 will be found with a nondominated 10 

value of f1 at the same time. Therefore, adding NPV as the third objective will not change 11 

significantly values of f1 and f2 of the solutions on the Pareto front.  12 
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5. Comparison between Weighted Sum Method and Pareto Front 1 

In this section, we will compare the optimal solutions found by the Pareto front against 2 

that using WSM. Then, an optimization algorithm is applied, incorporated with an 3 

aggregate equation, to find the optimal solution. For comparison purposes, the aggregate 4 

equation is also utilized in the field case to find the optimal solution for these three 5 

objective functions. The aggregate equation is expressed as Eq. 7: 6 

 GM � G
 
 10�O P G0 
 10�Q P GR 
 10�S (7) 7 

where GM is the combined objective function of f1 , f2 and f3, its unit is 107 barrels oil +106 8 

metric tons CO2  storage + 108 US dollars. 9 

Particle swarm optimization is used in cooperation with GM  to find the best solution. The 10 

optimal value of GM  is 10.265. The values of GM  of all solutions on the Pareto front are 11 

calculated and plotted in Figure 18. It is found that the highest value of GM found among 12 

all Pareto front solutions is 10.279, which is even higher than the optimal solution found 13 

by using the aggregate equation. 14 

  
(a) (b) 

Figure 18 Comparison between the optimal solution found using the aggregate equation coupled with PSO. Plot (b) is zoom in 15 

the overlapped part (red circled part) of plot (a).  16 
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When two objective function values are similar or equal, decision making will be 1 

dependent on other constraints such as operational parameters. Because using an 2 

aggregate equation can only find one unique solution, it will not provide more choices for 3 

engineers to design development strategies to achieve the optimal objective value; 4 

however, a Pareto front will optimize different objectives simultaneously and find all 5 

existing possibilities of optimal objective values, hence providing more flexibility on 6 

development strategies design.  7 

When investigating the comparison between these two methods, it is found that, for the GM  8 

value found using the aggregate equation (10.265), there exist multiple solutions with the 9 

same or similar value of GM found in the Pareto front. Table 5 summarizes those solutions 10 

with a GM value that is equal or close to 10.265.  11 

Table 5 Comparison between optimal solutions found using aggregate equation incorporating PSO and solutions found by 12 

Pareto front 13 

Case # Value of TU 

PSO 10.265 
Case 1 10.265 
Case 5 10.265 
Case 13 10.268 
Case 32 10.266 
Case 33 10.266 
Case 34 10.265 
Case 35 10.266 
Case 36 10.267 
Case 37 10.264 

Optimal: Case 11 10.279 

Table 5 proves that, even for the same or similar value of GM, using an aggregate equation 14 

can only find one unique solution, while a Pareto front will be able to give all possible 15 

solutions with the same or approximate GM  value. Considering that in many real problems 16 

with different objectives, there always exists more than one optimal solution, using the 17 

Pareto front will help to find all those existing optimal solutions and help engineers to 18 
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pick the one satisfying other constraints. This also indicates that the Pareto front method 1 

is more robust than using aggregate equations to solve an optimization problem with 2 

multiple contradictory objectives.  3 

6. Conclusion 4 

In this paper, we presented a robust optimization framework coupling multi-layer neural 5 

networks and the MOPSO algorithm that co-optimizes oil recovery, CO2 storage, and 6 

project NPV in a CO2 -WAG project at the Farnsworth field in Texas, USA. The validity 7 

of the framework is confirmed by testing it on an injection pattern and a field-scale 8 

problem.  9 

The following conclusive statements can be drawn from this work: 10 

1. The ANN model exhibits its strength in adapting to the complex data structure 11 

associated with CO2-WAG projects. The ANN architecture optimization protocol 12 

helps the proxy model improve prediction performance.  13 

2. Employing an ANN model plays a vital role in the proposed workflow to help the 14 

MOPSO establish a high-resolution Pareto front since MOPSO alone requires 15 

extensive computational overheads.  16 

3. The outcomes of the optimization study show promising results that successfully 17 

establish the solution repository considering multiple objective functions. Such results 18 

are verified by presenting the Pareto fronts and the dominated solutions.  19 

4. The Pareto front solutions exhibit a contradictory relationship between oil recovery 20 

and CO2 storage volumes, meaning that field operators need to make a decision to 21 
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balance the trade-off benefits.  1 

5. The comparison between the aggregate equation and Pareto front methods shows that 2 

the Pareto front is a more robust method to solve problems with multiple opposite 3 

objectives. The use of the Pareto front solution addresses the issue of the existence of 4 

non-unique solutions.  5 

6. The economic model used in this work is mainly to demonstrate the feasibility of the 6 

prosed optimization workflow. It can be easily modified when more solid information 7 

obtained regarding tax credit in future work. 8 
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Appendix 1 

Table A- 1 summarizes the setups of optimal architectures found in each case. 2 

Specifically, the “tansig” means hyperbolic tangent sigmoid transfer function, and 3 

“logsig” means log-sigmoid transfer function. 4 

Table A- 1 setup of optimal architectures 5 

Case name Number of each layer Activation function Average error 

Pattern case: 2 objectives {9, 9, 8} tansig-tansig-tansig 0.839% 
Pattern case: 3 objectives {12, 28} logsig-tansig 0.676% 
Field case: 2 objectives {15, 30} tansig-logsig 1.410% 
Field case: 3 objectives {8, 5, 19} logsig-logsig-logsig 1.014% 

Table A- 2 summarizes blind test results for all four cases studied. 6 

Table A- 2 Summary of blind test results 7 

 Two objectives Three objectives 

Pattern case 

Error Frequency Cumulative % Error Frequency Cumulative % 

<=0.5% 219 26.71% <=0.5% 327 39.88% 

0.5%< and <=1.0% 325 66.34% 0.5%< and <=1.0% 367 84.63% 

1.0%< and <=1.5% 215 92.56% 1.0%< and <=1.5% 89 95.49% 

1.5%< and <=2.0% 41 97.56% 1.5%< and <=2.0% 25 98.54% 

2.0%< and <=2.5% 9 98.66% 2.0%< and <=2.5% 6 99.27% 

2.5%< and <=3.0% 3 99.02% 2.5%< and <=3.0% 2 99.51% 

3.0%< and <=3.5% 6 99.76% 3.0%< and <=3.5% 0 99.51% 

3.5%< and <=4.0% 1 99.88% 3.5%< and <=4.0% 0 99.51% 

4.0%< and <=4.5% 0 99.88% 4.0%< and <=4.5% 1 99.63% 

4.5%< and <=5.0% 0 99.88% 4.5%< and <=5.0% 0 99.63% 

>5% 1 100.00% >5% 3 100.00% 

 Error Frequency Cumulative % Error Frequency Cumulative % 

Field case 

<=0.5% 91 15.17% <=0.5% 122 20.33% 

0.5%< and <=1.0% 123 35.67% 0.5%< and <=1.0% 214 56.00% 

1.0%< and <=1.5% 133 57.83% 1.0%< and <=1.5% 142 79.67% 

1.5%< and <=2.0% 108 75.83% 1.5%< and <=2.0% 80 93.00% 

2.0%< and <=2.5% 77 88.67% 2.0%< and <=2.5% 30 98.00% 

2.5%< and <=3.0% 41 95.50% 2.5%< and <=3.0% 9 99.50% 

3.0%< and <=3.5% 22 99.17% 3.0%< and <=3.5% 1 99.67% 

3.5%< and <=4.0% 5 100.00% 3.5%< and <=4.0% 1 99.83% 

4.0%< and <=4.5% 0 100.00% 4.0%< and <=4.5% 1 100.00% 

4.5%< and <=5.0% 0 100.00% 4.5%< and <=5.0% 0 100.00% 

>5% 0 100.00% >5% 0 100.00% 

Table A- 3 lists the 3 blind tests data with the highest, the median and the lowest error are 8 

selected from all blind tests. 9 

Table A- 3 Three blind test data selected with the highest, median and the lowest error in all case studies 10 

Case name Highest error Median error Lowest error Average error 
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Pattern case: 2 objectives 6.506% 0.740% 0.006% 0.839% 

Pattern case: 3 objectives 5.546% 0.577% 0.023% 0.676% 

Field case: 2 objectives 3.871% 1.273% 0.020% 1.410% 

Field case: 3 objectives 4.236% 0.890% 0.042% 1.014% 

Figure A-1 shows all training dataset points used to train the proxy model for each case 1 

study. 2 

  

(a) (b) 

  

(c) (d) 

Figure A- 1 Pareto front vs training dataset for all case studies: (a) field case with 2 objectives considered, (b) pattern base case 3 

with 2 objectives considered, (c) field case with 3 objectives considered and (a) pattern base case with 3 objectives considered.  4 
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