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ABSTRACT 

History matching is a fundamental technique in reservoir engineering principle. 

Successful reservoir interpretation mostly depends on the precision of the history 

matching. History matching is an act of adjusting the developed model in simulating 

the past reservoir performance to match the actual historical data. From the outcome, 

engineers are able to estimate the future production rate of the well closely based on 

parameters like pressure, relative permeability and porosity. When the differences 

between the observed performance data and simulated data are found, the iterations are 

made to modify the accuracy of the match. Traditionally, this iterative technique is 

computed manually which is very time consuming.  

The development of history matching technique has evolved rapidly over the 

past 20 years from manual to automated history matching. As the technology moving 

on, history matching is also improvised in scope of optimization. Generally, history 

matching consists of manual and automatic computation. Manual execution commonly 

apply trial-and-error concept which the probability ranges is quite uncertain and time 

consuming. Besides, it really demands skill and experience on the part of simulation 

engineer. Today, tremendous efforts are made to develop Automatic History Matching 

algorithms. While the automatic method focus on optimization which is normally 

computer based. 

In this project, we will define and discuss the application of evolutionary 

algorithm in assisted history matching. Evolutionary method helps to find the global 

minima directly without the presence of local minima. Besides, algorithm based 

method has been widely used to forecast future result in various field for example art, 

biology, marketing including engineering. The methodology will be tested on 

developed synthetic model. 
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CHAPTER 1: INTRODUCTION 

1.1 Background 

History Matching consists of three stages of computation. It starts with 

developing Forward model, secondly by applying objective function and lastly the 

history matching will be completed by optimization technique. The efficiency of the 

history matching of uncertain reservoir is very crucial in several of reservoir 

engineering application such as development optimization. Application of 

optimization is always become a major focus to reservoir engineering. Nowadays, 

optimization algorithm is used for assisted history matching by computers through 

numerous of advanced software. While many applications that is used to assist 

history matching such as genetic algorithms, differential evolution, particle swarm 

optimization and ensemble Kalman filter (EnKF), evolutionary algorithm is a 

promising technique for better history match result. However, evolutionary is an 

interesting method as it has tendency to avoid local minima but, it is identified to 

slow down the convergence simulation.  Generally, Evolutionary algorithms (EAs) 

are a group of optimization encouraged by biological evolution.  

It works on a population of possible solutions by applying the principle of 

survival to the fittest to generate promising approximations to a solution. Throughout 

the selection process, the fittest individuals will create the new approximation and 

expanding those using operators from natural genetics. Then, the process will 

eventually will form the evolution of populations of individuals that are adapted to 

their environment than the individuals that they were created from, just as in natural 

adaptation. 

Besides selection, recombination, mutation, the other examples of 

evolutionary algorithms model natural processes, are, migration, locality and 

neighbourhood. Evolutionary algorithms work on populations of individuals instead 

of single solutions. In this way the search is performed in a parallel manner. 

FIGURE 1 shows the structure of a simple evolutionary algorithm. 
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1.2 Problem Statement 

The problem with time consuming to compute the result of manual history 

matching has become a major problem. As the result, the feasibility of this technique 

used for a single deterministic model has become questionable which later will affect 

the fiscal costs -[1]. Moreover, manual history matching is not openly demonstrated. 

In addition, this technique really requires the intelligence and skill of the expert to 

perform history matching manually. The lack of experiences of using history 

matching tools and error application without consider the engineering judgement 

may lead the user to several potential pitfalls which are unrealistic -[2] 

The optimization technique has been widely developed. Gradient techniques 

are the one tool that pioneering the optimization. These particular techniques have 

great efficiency in terms of convergence between simulation data and observed data. 

However, they always has problem with local minima of the objective function 

which will yield premature convergence of the search algorithm -[1] 

Therefore, in this study, evolutionary algorithm application will be optimized 

to the fullest to assist history matching to achieve better result in a short time. Some 

of evolutionary algorithm will be applied to search for the global parameter search 

space in the conceptual model. The adaptation method is used to amend the search 

quality. 

 

FIGURE 1: Structure of a single population Evolutionary Algorithm 
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Developing synthetic 
model 

Generating 
data for 

simulation 

Objective 
Function 

Evolutionary 
Algorithm 

(Optimization) 

1.3 Objective 

General Objective 

To reduce computational time of history matching through application of 

evolutionary algorithm 

Specific objective 

- To develop the synthetic model 

- Selecting the most outstanding method of Evolutionary Algorithm 

 

1.4 Scope of Study 

During the project time frame, the research will emphasis on developing the 

synthetic reservoir model to run a simulation and apply history matching technique 

Then, history matching process will be started with forward model, objective 

function and end up with evolutionary algorithm application as optimization purpose. 

 

 

This scope of study will be conducted during Final Year Project I & Final Year 

Project II. Below are the details :- 

 1.4.1 Final Year Project I 

 Research and detail study regarding the History Matching and 

Evolutionary Algorithm optimization method 

 Developing the Forward model from material balance and diffusivity 

equation 
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1.4.2 Final Year Project II 

 Compute Objective Function 

 Illustrate a synthetic model for reservoir data obtained from 

undisclosed field in Peninsular Malaysia using Eclipse software 

 Comparing the Evolutionary Algorithm to choose the best for history 

matching 
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CHAPTER 2: THEORY 

History matching is the fundamental technique in aiding reservoir 

engineering simulation. In the end, the future production performance can be 

predicted based on the results of history matching. The parameters involved includes 

pressure, water oil ratio (WOR), gas oil ratio (GOR), water gas ratio (WGR), water 

and gas arrival times, fluid saturation from cores, well logs, chemical tracer test, 

seismic time travel, time-lapse seismic amplitude and time-lapse AVO gradient and 

intercepts -[3] 

2.1 Forward Model 

This kind of model is developed based on the fundamental physical laws and 

specified by certain parameters to simulate the behaviour of actual reservoir system. 

A typical forward problem is shown by a differential equation with specified 

initial/or boundary conditions. For example, the relating forward problem that is the 

following steady-state problem from a one-dimensional in a porous medium: 

 

  
(
 ( ) 

 

  ( )

  
)    

For 0 < x < L, and 

  

  
      

  

 ( ) 
 

 ( )     

Where A (cross sectional area to flow in cm
2
),   (viscosity in cp), q (flow rate in 

cm
3
/s), L (length) and pressure pe atm are assumed to be constant. The function k(x) 

represents the permeability field in Darcies. [3] stated in their paper that the 
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mathematical model (forward model) required for the estimation of unknown 

parameters in this research consists of reservoir simulator (ECLIPSE) to model the 

flow of fluid through porous media and rock physic model (petro-elastic and forward 

seismic model) to compute seismic responses. 

2.1.1 Conservation of Mass 

The transient flow is considered in the model which means accumulation of fluid 

(water/gas) occurs in the flow. The equation below includes time dependency 

through the right hand side term. 
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Dividing above equation by   , 
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Considering one dimension with multiphase (oil and water) flow in the reservoir :- 
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where the corresponding Darcy’s equation for each phase:- 

    
    

  

   

  
              

 

One phase of Oil 
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For undersaturated oil, Rso is constant. Therefore the equation can be written as:- 

   
        

  
 

One phase of Water 

   
   

  
 

        

  
 

 

By substituting Darcy equation and density,  into the flow equation gives :- 
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2.1.2 Discretization of flow equations 

Left side  

The oil transmissibility term ,    :- 
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The oil mobility term,    is defined as 

   
   

    
 

By rearranging the flow equation in term of     and    gives :- 
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Upstream selection of mobility 
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Right side 

By using the Chain Rule, 
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For the second term 
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For the first term, we replace oil saturation by water saturation:- 

   

  
  

   

  
 

By using standard backward approximation of time derivative, 
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Substituting       and       into flow equation, 
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For the second term, 
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For the first term, capillary pressure is a function of water saturation 
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Substituting       and       into the flow equation, 
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The discrete forms can be written as  
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2.1.3 Solution by IMPES method 
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IMPES Pressure Solution 

    
     

 

     
  

 

Substitute into flow equation, 
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Rearranging the term according to group, 
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Therefore the pressure equation can be written as, 

                                                

 

2.1.4 Modifications for Boundary Conditions 

For production of oil and water with specified bottomhole pressure 
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Thus, the following matrix coefficients are modified : 
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2.2 The Objective Function 

The objective function can be defined as the amount of inconsistency 

between the historical data such as seismic survey, production history data, pressure 

and the simulator response for a given parameter. It is similar like to calculate the 

error between the observed and simulated data. According to - [3], there are three 

common formulas in calculating objective function :- 

-Least-Square Formulation 

F = (         )
 
(         ) 

-Weighted Least-Square Formulation 

F = (         )
 
 (         ) 

-Generalized Least-Square Formulation 

F=
 

 
(   ){(         )  

  (         )}  
 

 
 {(        )

 
  

  (        )} 

Where d
obs

 represents the observed data, d
cal

 the response of the system, w is a 

diagonal matrix, β is a weighting factor, Cd is covariance matrix of the data and Cα  is 

the covariance matrix of the parameters of the mathematical model. In history 

matching, objective function can be divided into local components and seismic zone. 

Local components is usually referred to the well depends on the smaller number of 

parameter. The partial separability of objective function can assist in resolve 

derivatives in smaller number of the simulation for gradient based optimization 

technique -[4]. There are several researches done to study the effect of objective 
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function in history matching. According to-[5] the work on objective function used in 

history matching must be particular due to its influence on the optimization 

performance method. Their research shows that the square error global objective 

function obtained smaller number of simulation which is the most highlighted 

function. Meanwhile, the simple error objective function yields a good result but has 

slow convergence. Several studies related to fluid flow in the reservoir have also help 

to improve the objective function. From the evaluations, suitable approach requires 

the acceptance of an objective function will have to partner up lag time with 

deviation-based statistics in order to improve history matching -[6]. As a result, 

faster convergence and less computational time are obtained. However, using the 

least square objective function can results term that are difficult to reduced. Some of 

the alternative developed by -[7] is generated from image analysis tool to improve 

the formulation. According to- [7] by using an alternative formulation as a 

comparison for several images with different injection scenarios to a reference case 

shows this formulation is more steady to calculate the difference between images 

instead of least square formulation. 

2.3 Evolutionary Algorithm 

An evolutionary algorithm is optimization method that is inspired from 

biological evolution of living thing such as offspring. It operates based on the 

principle of survival to the fittest. The most common algorithm in evolutionary 

algorithm is genetic algorithm and evolutionary strategies. In genetic algorithm, 

decision variable are initialized as an individual called chromosome. The population 

is evolves by genetic algorithm by the process of selection, recombination and 

mutation. The process will be looped until it finds the best fit of the solution. When 

the evolution stops, the individual with the best fitness indicates the optimal solution 

of the optimization case. 
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CHAPTER 3: LITERATURE REVIEW 

3.1 Optimization by Genetic Algorithm 

Historically, several methods that have been used in optimizing history 

matching result. According to -[8], the gradient technique is effective to build 

convergence between the simulation and the production data but somehow it is easily 

stranded in local minima of the objective function. As a result, the premature 

convergence will be obtained of the search algorithm. The computation of numerical 

derivatives also requires evaluation of the objective function which are very 

expensive -[4]. Evolutionary Algorithm is proven to be better formula as it can avoid 

the local minima that will need further solution and time consuming.  

Genetic algorithm is identified as the most used evolutionary algorithm in 

optimization process. As stated earlier, evolutionary algorithm inspired from 

biological evolution. Commonly, genetic algorithm is the distinction of the list of 

parameter by using binary code scheme that transforms in an analog of the 

chromosome -[8]. The usual steps in genetic algorithm are selection, mutation, 

crossover and coding. [9] stated that eventhough evolutionary methods such as 

Covariance Matrix Adaptation – Evolution Strategy (CMAES) or genetic algorithm 

are fit for well modelling, their efficiency is relied on various parameters involved in 

the model. Genetic Algorithm have been shown to have broad range of application 

includes nuclear reactor management, gas pipeline operation, process control and 

aircraft design -[10]. The main advantage of genetic algorithm is its tendency to 

converge towards the model with great fitness values for rational crossover and 

mutation distribution of probability-[8] That’s the reason why genetic algorithm can 

be succeed in complex function  in optimization. 
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Another successful evolutionary algorithm is evolution strategies that usually used 

for continuous parameter optimization. While, genetic algorithm uses probabilistic 

selection, evolution strategies select deterministic approach. The research by done by 

-[8] found that evolutionary algorithm seems to has better optimization problem of 

history match due to high non-linearities in reservoir parameter to be improved. 

Linearities function will be able to solve easily rather than non-linearities function. 

Key advantage of this method is the simple translation of model parameters into the 

language of coded optimization parameters used by the optimization module -[11] 

 Stochastic evolutionary algorithm is also considered to be one of the common 

methods in history matching. The particle swarm optimization is a stochastic 

evolutionary algorithm which is inspired in social behaviour of individuals in nature 

such as bird flocking and fish schooling -[12]. Like other evolutionary algorithm, 

stochastic algorithm is quite simple to implement due to its ability to find the global 

convergence. The problem in this algorithm includes computational demands and 

trouble in parameter tuning. For this case, an adaptation method in adjusting control 

parameter of evolutionary algorithm can be suggested to improve the search quality. 

Based on -[13], the comparison of original evolutionary algorithm and adaptive 

evolutionary algorithm shown that adaptive evolutionary algorithm  is able to find 

the range of fitting models with better convergence with minimum misfit. 

 However, different evolutionary algorithm will react contrarily in terms of 

level of diversity. Therefore, population-based evolutionary algorithm (PBEA) 

should be measured to ensure the history-matched results of the algorithm in control 

and good quality. Algorithms with less number of reservoir simulation is very crucial 

and demanding to assist history matching as the objective function computation is 

costly. Diversity measures are defined and design based on the concepts of 

exploration and exploitation -[13].  

 Evolutionary algorithms are commonly applied in classic single objective 

optimization. It means that all the objective parameters equivalent to the well 

measurements are totalled into a single objective. As the nature of history matching 

is multi-objective, the multiple objective optimization become an immediate 

alternative. This is because it has ability to separately improve the multi-objective 

corresponding to the different qualities to be matched -[8]. Pareto-based multi 
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objective evolutionary algorithm (MOEA) is the one that able to find the set of 

optimal named Pareto optimal. Based on -[14], Pareto-based multi objective 

evolutionary algorithm (MOEA) outperforms the commonly used aggregation-based 

genetic algorithm (GA-SOP) in history matching application. 

3.2 Genetic Algorithm Approach in Other Field Application 

As the most frequent evolutionary algorithm, genetic algorithm has been successful 

in solving various problems. For example, the problem in soft drink production 

requires a lot of sizing and scheduling decisions should be produced at the same time 

for raw material preparation/storage in tanks and soft drink bottling in several 

production lines minimizing inventory, shortage and setup costs. The objective is 

similar to history matching which is to reduce the time computation as well minimize 

the cost. According to - [15] the hardest part in the problem is reduced by this 

method once the genetic algorithm and mathematical programming (GAMP) 

provides binary information (sequences), which can deal with simple and fast 

continuous linear model for lot sizes. It is stated that GAMP is more suitable to 

evaluate real-world problem instances than pure mathematical programming 

methods. 

Another field like transportation also implements genetic algorithm to solve the 

problem encountered. For example, transit network design problem is sensitive in 

finding of a set of routes with corresponding schedules for a public transport system. 

-[16] conduct a research on designing the transit network while giving a preference 

to maximize the number of satisfied passengers and to minimize the total travel time. 

Using genetic algorithm with elitism (GAWE), they find it is competitive with other 

approaches as it can generate high quality solutions within the sensible CPU times. 

Based on the example above, genetic algorithm will become more effective 

optimization tool when it is combined with other appropriate method.
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CHAPTER 4: METHODOLOGY 

4.1 Research Methodology 

4.1.1 Synthetic Model Development 

A synthetic model is developed by altering some properties from the original Odeh 

Field. Initially, Odeh field has 2 well which is producer and injector well. For this 

project, another 3 gas injector well have been added to the field to optimise the 

production rate and the total production. This method is made to generate data for 

historical and simulated data. TABLE 1 and TABLE 2 below show the general 

descriptions of the well:- 

Dimension  

10 X 10 X 3 

TABLE 1 : Grid location of the wells 

  

 

 

 

 

 

 

 

 

 

 

Well/Location i j k1 k2 

Producer 5 5 3 3 

Injector 1 1 1 3 3 

Injector 2 10 1 3 3 

Injector 3 1 10 3 3 

Injector 4 10 10 3 3 
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FIGURE 2 : Synthetic model 

 

 

Size(ft) DX : 300 X 1000 

DY : 300 X 1000 

DZ : 100 X  20(first layer) 

         100 X 30(second layer) 

         100 X 50(third layer) 

Porosity,  0.3 

Viscosity,µ(cp) 0.31 

Oil Formation Volume Factor, Bo 1.726 

Bottom hole Pressure,BHP(psia) 4800 

Fluid present Oil,water,gas and dissolved gas 

TABLE 2 : Well parameter 
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4.1.2 Sensitivity Analysis 

This method is used to provide a data that are relevant to solve during optimization 

phase. Besides it is to validate the data that we guess for simulation. In this synthetic 

model, several permeabilities have been added to check the effect towards the model. 

Then sensitivity analysis has to be made to select the observed and simulated data for 

optimization. Here, permeability value will be changed to yield different production 

curve. Each permeability will give different simulation result. The production will be 

simulated for 1216 days. From the results obtained the graph will be plotted. Below 

are the permeabilities tested for each set of injection:- 

 

TABLE 3 : Permeability of the set of simulation 

Set/Attempt Permeability range /k 

GAS_INJECTION 1-499 

GAS_INJECTION1 500-999 

GAS_INJECTION2 1000-1499 

GAS_INJECTION3 1500-1999 

GAS_INJECTION4 2000 -3000 

4.1.3 Solving the Objective Function  

Objective Function will calculate the error between the simulated data and historical 

data. It will calculate based on Least square method:- 

OF = (Function of Qhistorical – Function of Qsimulated)
2
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 Historical permeability 

 

   

 

  Top   Middle        Bottom 

 Simulated permeability 

 

  

 

 

  Top   Middle        Bottom  

The permeability above is the tested data that is going to use to solve 

the unknown which is the real permeability that match to the historical permeability. 

The other parameter like bottomhole pressure, area, width, viscosity, porosity and oil 

formation volume factor are kept constant. 

The finite-difference equations for all grid points may now be written in a matrix 

form as :- 

TP
n+1

 = D(P
n+1

 – P
n
) + G + Q  

           = D∆lP + G + Q  

where  

T = transmissibility matrix, 

D = accumulation matrix,  

G = vector of gravity of gravity terms(assumed to be expressed explicitly at the time 

level n) 
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For model 10 x 10 x 3, the accumulation in this field are coming from block 

Producer(5,5),Injector1 (1,1), Injector2(10,1), Injector3(1,10) and Injector4(10,10) in the 

bottom layer 
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*The values above are obtained from the synthetic data 
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The equation above can be written as :- 
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4.1.3 Evolutionary Algorithm Application Using Genetic Algorithm 

Genetic Algorithm is the class of evolutionary algorithm that commonly used.  

Basically, genetic algorithm applies selection, recombination and mutation to find its 

possible solution for the unknown parameters. Furthermore, genetic algorithm does 

not require parameters reduction step such as Principal Component Analysis (PCA) 

and Discrete Cosine Transformation (DCT). Evolutionary algorithm which is 

basically the stochastic and population based algorithm will be utilized to solve the 

history matching problem. This method will be implemented by computational 

software which is MATLAB to reduce the misfit data between historical and 

simulated data. 

 

 

 

 

 

 

 

 

 

 

 

 

 

FIGURE 3 : Process of optimization by Genetic Algorithm 
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Below is the process of Genetic Algorithm:- 

Step 1: Initialization 

The number of chromosomes, generation are determined along with and mutation 

rate and crossover rate value 

Step 2: Evaluation  

Then, the chromosome number of population is generated, and initial value of the 

genes chromosome-chromosome are assumed with a randomly. The fitness value of 

chromosomes is computed by defining objective function,  

f (x) where  

f (x) = ((a + 2b + 3c + 4d) 

Step 3: Selection 

The fittest individuals will have the higher probability to be picked up for the next 

process. In order to compute probability value, the fitness of the 

individual/chromosome must be computed first. The value of 1 is added to avoid 

dividing by 0. 

Fitness[1] = 1 / (1+F_obj[1]) 

Then the probability for each chromosomes is formulated by: 

P[i] = Fitness[i] / Total 

Step 4: Crossover 

In this stage, two chromosomes are randomly selected from the duplicated 

population. Then they will be recombined to produce two new offsprings. There are 

several ways to crossover two new chromosomes. One method is called single-point 

crossover, in both chromosomes swap their bits at a randomly selected position with 

a probability. Another one is known as uniform crossover where the two 

chromosomes will exchange their bits at every position based on probability.  

The pseudo-code for the crossover process is as follows:- 
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k←0; 

while(k<population) do 

R[k] ←random (0-1); 

if (R[k] < ρc ) then 

select Chromosome[k] as parent; 

end; 

k = k + 1; 

end; 

end; 

Step 5: Mutation 

The method is to increase diversity of the population. Mutation process is done by 

replacing the gen at random position with a new value. Total length of gen is:- 

 total_gen= number_of_gen_in_Chromosome * number of population 

Step 6. New Chromosomes (Offspring) 

* Steps 3-6 will be looped until the number of generations is produced 

Step 7. Solution (Best Chromosomes) 

These new Chromosomes will undergo the same process as the previous generation 

of Chromosomes such as evaluation, selection, crossover and mutation and at the end 

it produce new generation of chromosome for the next iteration. This iteration 

process will be repeated until a set number of generations 

4.2 Tools 

 Eclipse 2009 Reservoir Simulation software 

 Microsoft Excel 2010 

 MATLAB software 
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CHAPTER 5: RESULT AND DISCUSSION 

5.1 Data Gathering  

5.1.1 Flow Model Simulation 

The model is simulated in Floviz to see the presence of hydrocarbon fluid and its 

movement in the field throughout the production period. Four injectors well are 

located at the edge of the field while the producer is at the middle. All injector well 

are flowing at the same rate at 25 000 STBD. 

FIGURE 4: Oil saturation when the water injection starts 

From the FIGURE 4 above, it shows that the oil is mostly saturated in three layers, 

while the water breakthrough only at top layer as the injection is started in all four 

well. When this happens, oil is accumulated through producer at the center of the 

field model.  Oil saturation starts to increase in the block around the producing block. 

It shows that the model is functional as the oil is flowing up in the field. Therefore 

the reservoir model is validated. 
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FIGURE 5: Oil saturation at the end of production 

At the end of the production, the intensity of water is higher than the oil produced. 

FIGURE 5 above shows top layer has been fully occupied by water. The producer 

will produce only water at this time. 

5.1.2 Sensitivity Analysis 

Sensitivity analysis is constructed by combining all the curve to give the clear 

variation of the permeabilities to the original case. In this case, GAS_INJECTION is 

the original case. The graphs below are obtained from Office in Eclipse. 

 

 

 

 

 

 

 

 

FIGURE 6: Field oil production total vs. Time 
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Based on the graph above, GAS_INJECTION3 which has the highest permeability 

range scores the same oil rate with GAS_INJECTION1. Its mean the permeability 

changes higher than permeability of GAS_INJECTION1 do not give any significant 

increase anymore.  

 

 

 

 

 

 

 

 

FIGURE 7: Field oil production rate vs. Time 

Field oil production shows all the curves are decreased significantly except for the 

base case, GAS_INJECTION which gives slight elevation throughout the production 

period. Due to different results given, it can be said that the model is validated as it 

can detect the changes in permeability thus gives different production data.  
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5.1.3 Historical Data vs. Simulated Data 

FIGURE 8: Production vs. Time curve 

The graph above shows Field Production Oil Rate and Field Oil Production Total. 

The red lines which is injection1 is selected as historical data while the blue lines 

from injection4 are representing the simulated data. From the graph, there is 

difference or gap between the historical lines and simulated lines.  

The result above is expected to be continued for next stage which is Objective 

Function and Optimization using Genetic Algorithm which is one of the 

Evolutionary Algorithm. The objective function will then calculate the discrepancy 

of the production history and simulation data while optimization will regress the 

simulated curve as close as possible to observed or historical curve. 
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5.2  Discussion 

The result of the history matching is obtained after genetic algorithm is applied 

towards the objective function. It is known that genetic algorithm works based on the 

probabilistic principle as the result obtained is different for each simulation even it is 

constantly initialized. Therefore, the result is choosen based on the least iteration 

number for each simulation run. The best fit for each individual or unknown is 

achieved after 53 iterations run.  

 

 

 

 

 

 

 

FIGURE 9: Interface of Genetic Algorithm in Optimization Tool MATLAB 

 

 

 

 

 

 

 

FIGURE 10: The Fitness value and Average Distance vs. Generation curve 

                       of the objective function 
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The 12 unknown permeabilities data are minimized to its best fit towards the 

historical data. From the FIGURE 11 and FIGURE 12 below, the newly history 

matched curve are constructed for graph field production total and oil production 

rate. Both data are starts to be matched at the time where both historical and 

simulated data divert from each other. It also records less than 5 seconds to match the 

historical data. The total oil production and reservoir pressure graph shows that 

genetic algorithms tested high volume of the search space that avoid the local 

minima. However, their convergence is quite slow to reach the global optimum. 

 

 

 

 

 

 

 

FIGURE 11: History Matched curve of Field Oil Production Total 

 

 

 

 

 

 

 

FIGURE 12: History Matched curve of Oil Production Rate
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CHAPTER 6: CONCLUSION & RECOMMENDATION 

History matching is the most vital tools in simulating reservoir to forecast the future 

performance especially in brown field reservoir. The process is like trial and error 

which modifies unknown reservoir parameters to improve the gap, calculated in an 

objective function (in this case is permeability and reservoir pressure). Evolutionary 

algorithm is proven to be the reliable optimization algorithm as it tendency to avoid 

the local minima and high non-linearities. Thus, it does not require parameter 

reduction like any other optimization does yet it has saved the time. Besides, 

evolutionary algorithm has been widely used in other field in solving problem 

regarding unknown parameters which enable the forecast prediction.    

For future recommendation, multi-objective optimization techniques can be applied 

to enhance the result of the algorithm. This is described as multi-objective objective 

intends to solve multiple optima and is more successful as respect to single objective 

optimization. At the end this project achieved the objective which is to reduce the 

computational time of history matching thus boost the reservoir simulation 

interpretation. 
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APPENDIX I 

Eclipse Model for base case 
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APPENDIX II 

MATLAB 
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APPENDIX III 

 

Key Milestones 

 

 

 

 

 

 

WEEK 7 
Completed 
Synthetic 

model to obtain 
Historical and 

Simulated data 

WEEK 10 
Evolutionary 

Algorithm 
computation 

using  MATLAB 

WEEK 12 
Submission of 

Technical Paper 

WEEK 14 
Viva 

WEEK 17 
Submission of 

Project 
Dissertation 
(Hardbound) 
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APPENDIX IV 

Gantt Chart 

NO FYP1 activities/WEEK 1 2 3 4 5 6 7 8 9 10 11 12 13 14 

1 
Selection of Project 
Topic                             

2 Preliminary Research 
Work/ Literature 
Review                             

3 Methodology & 
Planning                             

4 
Extended Proposal 
Work                             

5 
Submission Extended 
Proposal Defense                            

6 Proposal Defence                             

7 Developing 
Conceptual Model                             

8 Illustrating Forward 
Model                             

9 Results Analysis & 
Report                             

10 Submission of Interim 
Report Draft                            

11 Submission of Interim 
Report                             
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NO FYP2 activities/WEEK 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 

1 

Developing synthetic 
model                               

  

2 Application of 
Evolutionary Algorithm 

                              

  

3 Set the threshold                                  

4 Submission of Progress 
Report             

 
                

  

5 Review and 
modification of result                               

  

6 Pre-SEDEX                   
 

            

7 Submission of Draft 
Final Report                     

 

        

  

8 Submission of Project 
Dissertation(SoftBound)                       

 

      

  

9 Submission of Technical 
Paper                       

 

      

  

10 Viva                         
 

      

11 Submission of Project 
Dissertation(Hard 
Bound)                             

 

  


