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Abstract. This paper proposes an optimization model, based on Computation-
al Intelligence, to identify an efficient activation schedule of oil wells in a given 
reservoir, defining the order and opening time of these wells. This model con-
siders technical and operational constraints imposed by the particular problem 
and seeks to maximize the net present value (NPV) of the exploration project. 
The results show that the model can generate schedules that contribute to keep 
the reservoir internal pressure for longer period, increasing therefore the recov-
ery factor. 
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1 Introduction 

One of the most important tasks in Reservoir Engineering is defining the production 
strategy and it consists in a very complex process due to the huge number of variables 
to be considered. These variables are related to geological characteristics, economic 
factors, and decisions such as location and amount of injector and producer wells, 
operating conditions and opening schedule of the wells [12]. The development plan-
ning of a field also considers decisions about the installation of drilling rigs and pro-
duction platforms, the drilling programming of wells, the association between wells 
and production platforms, and the operational planning of the production rates [7]. 

In Brazil, according to the National Petroleum Agency (decree No. 90 of May 31, 
2000), the development plan for a oil and natural gas field requires a document de-
scribing the work program and needed investments. This document should contain the 
main characteristics of the reservoir, such as: 

• size of the oil reserves; 
• expected maximum flow rate of production; 
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• location of the wells and strategy of production; 
• amount and characteristics of the wells; 
• period of development; 
• abandoning plan of the field; 
• activation schedule of the wells. 

This activation schedule should include the drilling date of each well, and tables 
containing annual values of oil flow rate, water and natural gas production and flow 
of water and gas injection. There are many alternatives to development of E&P assets 
and defining the production and oil recovery strategies is important to obtain a better 
use of the reservoir. This process requires much time and effort due its complexity, 
since there is not a simple solution, but many options of solution [12]. 

The building of the drainage plan of a field depends on information as geological 
composition. It allows identifying regions with greatest potential of hydrocarbons 
accumulation and then build an efficient alternative to development of the wells. 

2 Schedule 

In [1] and [4] is presented a methodology specifically addressed to well placement 
optimization. In this case, all wells (producers and injectors) are simultaneously 
opened at the same time. 

In [2] is used Simulated Annealing to optimize the drilling time of the wells com-
bining reservoir simulation and economic analysis. The approach establishes the fol-
lowing schedule: in the first three years, three wells per year should be drilled and in 
the fourth, fifth and sixth years, one well per year should be drilled. Then the location 
and opening sequence of the production wells are varied in order to identify a good 
solution in the predefined schedule. 

In [10] is proposed a methodology to support the decision making process. It de-
termines an appropriate number of producer and injector wells, and an opening 
schedule using production and injection forecasts generated by reservoir simulation. 
After establishing a constant interval among the wells openings, the NPV of each well 
is calculated. The opening order of the producers starts in the highest NPV well On 
the other hand, the opening order of the injectors starts in the lower NPV well. 

In [9] is used Genetic Algorithms to optimize only the opening order of wells, as-
suming a constant 30 days interval between the openings of two wells. 

In this paper, the proposed methodology employs Genetic Algorithms and Reser-
voir Simulation to optimize the opening schedule of wells. This methodology honors 
the minimum time interval between the drilling and the opening date of a well. This 
ensures the conditions needed to start the production in a well. Moreover, the meth-
odology ensures the payback of the wells, avoiding its opening near the end of the 
production period. 
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3 Genetic Algorithms 

The Evolutionary Computation refers to search methods based on population of so-
lutions. Among these methods are the Genetic Algorithms, proposed by [6]. A genetic 
algorithm (GA) is an optimization method inspired by the principles of evolution and 
natural selection proposed by Charles Darwin (1809-1882). According to Darwin: 
"the better an individual adapt to the environment, the greater your chance of surviv-
ing and produce offspring". 

Based on these principles, a GA evolutes a population of individuals, where each 
individual represents a possible solution for a given problem. Each individual of the 
population has an associated probability of selection which is directly proportional of 
its fitness. Some of these individuals are modified by genetic operators (crossover and 
mutation) in order to generate new solutions for a given problem. 

The crossover recombines the genetic material of two individuals to create two 
other. On the other hand, the mutation modifies one or more genetic characteristics 
genes of an individual to create a new one. The crossover is aimed to the exploitation 
of a search subspace and the mutation is aimed to the exploration of all search space. 

After applying the genetic operators a new population is generated. All individuals 
of this population are evaluated and a cycle of evolution is finished. These cycles are 
repeated until reaching the stop condition. 

The balance between exploitation and exploration makes the GA appropriated to 
solve complex optimization problems. Instead of an optimal solution, a GA is applied 
to find an acceptable solution [11]. 

A GA can avoid the convergence to a local optima, however the convergence time 
is usually higher compared to gradient-based methods. In the optimization problem of 
scheduling the opening of wells, the production data are obtained from a reservoir 
simulator such as "black box", where the gradient values are not known. This makes 
difficult the application of gradient-based methods. 

One of the main characteristics of a GA is the ability to explore non-linear solution 
spaces, where other methods usually fail. Additionally, different of an exhaustive 
search, it is able to find good solutions for a problem without evaluate all possible 
solutions [8]. Besides, in optimization problems like scheduling of wells, the evalua-
tion of a solution depends on data  

4 Proposed Model 

In order to optimize the opening schedule of wells in a reservoir, this paper proposes a 
model solution composed of three modules: Optimizer Module, Simulator Module 
and Evaluator Module. Fig. 1 shows the architecture of the proposed optimization 
model. 
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Fig. 1. Architecture of the optimization model 

The Optimizer Module is composed of a genetic algorithm which determines the 
opening date of each well in a production alternative. Then the alternative is submit-
ted to the Simulator Module, which uses a reservoir simulator to provide forecasts of 
oil, gas and water production of the alternative. These forecasts are used by the Eva-
luator Module to determine the evaluation value of the alternative by calculating its 
net present value (NPV). Finally, the Optimizer Module assigns the calculated NPV 
to the alternative. The following sections bring more details about these modules. 

The opening schedule of wells depends on the number of available drilling rigs, the 
placement of wells in the reservoir and the types of rocks that compose the reservoir 
[10]. The proposed model considers all these factors and also the drilling and comple-
tion time of each well (producer or injector). Before the production starts, t days are 
spent to prepare (drilling and completion) the well, thus its drilling should start 
around t days before the activation date (defined by schedule). 

4.1 Optimizer Module 

The Optimizer Module is composed of a genetic algorithm that determines the open-
ing schedule of the wells. The application of GA to solve optimization problems de-
pends on a suitable representation for the solution of the problem and an objective 
function to guide the search for better solutions. 

According to Fig.2, in this paper the solutions are represented by chromosomes 
composed of two different segments. 

 

Fig. 2. Representation of the chromosome 

The first one is an order-based segment whose number of genes is the same as the 
number of wells to be drilled. This segment establishes the opening order of the wells. 
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The second segment is composed of integer numbers that define when the wells 
will be opened. Each value represents an interval of days between the openings of the 
previous and current wells. Thus, the number of genes in the segment also is the same 
as the number of wells. Before the optimization starts, the model receives the number 
of wells and the available period of time to drilling. Additionally, a specialist can 
provide the expected minimum payback time to the model [5]. This avoid the genera-
tion of infeasible solutions where the wells are opened near the end of the production 
period. This is important because the production of these wells is not sufficient to pay 
its investment costs. Moreover, these eliminations also contribute to pruning the 
search space. 

4.2 Simulator Module 

The Simulator Module provides the oil, gas and water production profiles to the alter-
native generated by the Optimizer Module. These profiles are produced by the IMEX 
reservoir simulator [3]. 

Since the simulator is a separate module, the communication between the optimiza-
tion algorithm and the reservoir simulator occurs by text files (sending files to the 
simulator and reading some files provided by the simulator).  

In the sent files there are all characteristics of the field as: size and type of the grid, 
permeability, porosity and any other geological or flow properties. In a specific file 
are included all details about the wells to be drilled. It describes the grid locations, 
trajectories, completions, production controls and opening dates of all wells (produc-
ers and injectors). The optimization starts with all wells closed and along the process 
the opening dates are changed according to the schedules produced by the Optimizer 
Module. 

After the simulation, the simulator provides an output file containing data about the 
oil, gas and water production. These data are used by the Evaluator Module to deter-
mine the evaluation value of the alternative. 

4.3 Evaluator Module 

For each alternative, the Simulator Module returns the production profiles of the en-
tire production period of the field. Then the Evaluator Module uses these data to cal-
culate the NPV of the alternative. 

According to [1], the net present value brings to present the price of some event 
that will occur only in the future. Thus it is important to have today a good prediction 
of the future behavior of this event. The NPV calculation is given by Equations 1-7. 
 (1) 

Where: 
PV: present value of the project; 
D: cost of project development. 

 (2) 
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Where: 
PVr: present value of revenue; 
PVcop: present value of operating cost; 
I: tax rate. 

�=1��������+����������−��−11+�����365 (3) 

Where: 
R(t): revenue at time t; 
tma: minimum rate of attractiveness; 
d(t):day at time t; 
T: total time of production. 
qo: flow rate of oil production (m3/d); 
po(t): selling price of oil at time t (US$/bbl); 
qg: flow rate of gas production (1000m3/d); 
pg(t): selling price of gas at time t (US$/1000m3). 

�=1�����1+�����365 (4) 

Where: 
Cop(t): operating cost at time t. 

 
�������−��−1365+ ����−��−1+����� 
�+������(�)+������(�)+�������(�)]�[�(�)−�(�−1)] (6) 

 
Where: 

m: maintenance cost per well per year; 
v: variable costs of hydrocarbons production (US$/day); 
Ry: royalties; 
f: fixed costs; 
cpo: cost of oil production (US$/m3); 
qo: flow rate of oil production (m3/d); 
cpw: cost of water production (US$/m3); 
qw: flow rate of water production (m3/d); 
cpd: cost of gas production (US$/1000m3); 
qg: flow rate of gas production (1000m3/d); 
ciw: cost of water injection (US$/m3); 
qwi: water injection flow rate (m3/d). 

����+�+�+�1+������365 (7) 

Where: 
w:cost of the wet christmas tree; 
a: daily penetration rate; 
c: length of the well; 
s: rent of the drilling rig; 
l:costs of services and logistics; 
m: cost of materials; 



WORKSHOP PROCEEDINGS

-  8  -

6   Optimization and Multi-criteria Decision Making 
6.2.   Optimization of Well Opening Schedule  by Computational Intelligence  

Ana Carolina Alves Abreu, Eugênio Silva, Dilza M. Szwarcman, and Marco Aurélio C. Pacheco

da(t):opening day of the well at time t. 

5 Case Study and Results 

In order to evaluate the proposed model was used a synthetic reservoir model, but 
with characteristics similar to a real case. The reservoir model consists of a corner 
point grid with 33x57x3 blocks (i, j and k directions) and each block measure approx-
imately 100x100x8.66 m. 

The reservoir (Fig. 3.) has permeability equal to 575 md in i and j directions, 57.4 
md in k direction and porosity equal to 0.23 in all grid blocks. There is an aquifer 
(water saturation equal to 100%) in the deepest region of the reservoir and in the other 
regions the water saturation is equal to 0.25. These variations in the water saturation 
denote the heterogeneity of the reservoir. 

 
Fig. 3. Reservoir of Case Study 

The used alternative is composed of eight wells, four producers and four injectors 
with wet completion and under a water depth of approximately 2000 m. The mini-
mum time of drilling and completion was set to 21 days and the initial reservoir pres-
sure was considered enough to start the production without the support of recovery 
methods. 

The parameters used by the genetic algorithm and the fiscal and economic parame-
ters are respectively described in Table 1 and Table 2. Fig. 4 shows the evolution of 
the genetic algorithm. The blue line represents the best individual per generation and 
the green line represents the mean of all individuals per generation. 

Table 1. Parameters of the genetic algorithm 

Parameters used by GA 
Number of generations 80 
Population size 50 
Initial crossover rate 0.65 
Final crossover rate 0.08 
Initial mutation rate 0.08 
Final mutation rate 0.30 
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Initial steady state rate 0.40 
Final steady state rate 0.20 

Table 2. Fiscal and economic parameters 

Fiscal and economic parameters 
Oil price (US$/bbl) 100 
Gas price (US$/1000m³) 100 
Cost of oil production (US$/m³) 3 
Cost of gas production (US$/1000m³) 1 
Cost of water production (US$/m³) 3 
Cost of water injection (US$/m³) 2 
Cost of annual maintenance (US$/well) 1000000 
Tax rate (%) 34 
Royalties (%) 10 
Attractiveness annual rate (%) 10 

 
Fig. 4. Evolution of the genetic algorithm 

The schedule obtained by the optimization process were compared to a schedule 
were all wells are simultaneously opening at the beginning of the production and the 
results are illustrated in Table 3. According to the results, the optimized case achieved 
both NPV and recovery factor greater than those obtained by the base case. Besides, 
the water production was reduced of 6.62%. In Fig. 5 is shown the comparison be-
tween the water productions of both cases. 

Table 3. Results 

Cases Oil pro-
duced (m³) 

Gas pro-
duced (m³) 

Water 
produced 
(m³) 

NPV (US$) Recovery 
factor 
(%) 

Optimized 
case 

22031360 258857200 73570740 3858277518.96 43 

Base case 21684180 254740400 78791100 3787796596.37 42 
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Fig. 5. Cumulated water production 

6 Conclusions 

This paper proposed a computational model, based on Genetic Algorithms and 
Reservoir Simulation, to optimize the opening schedule of an alternative of wells. In 
order to avoid unfeasible solutions, the optimization process considers both the mini-
mum time interval between drilling and activation and the payback time of the wells. 

The results show that a good schedule can bring improvements in the production of 
a field. These are the first results achieved by the proposed model and can be consid-
ered hopeful. The model will be improved, new studies will be realized, and better 
results are expected. 
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