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ABSTRACT 

 

      Vapour Extraction (VAPEX) is a process to recover heavy oil by injecting vapourized 

solvent into a reservoir. In order to ensure successful commercial application of a 

VAPEX process, reliable prediction of VAPEX performance is crucial. The current 

practice for VAPEX performance prediction is using analytical scale-up methods that 

translate laboratory results to field applications with analytical models. However, the 

drawbacks associated with the analytical scale-up methods are that they only consider 

single phase flow and gravity drainage and cannot take reservoir heterogeneity into 

account, which limits the applicability to real field cases. In this work, an effort was made 

to investigate the capability of predicting up-scaled VAPEX performance through 

numerical simulation. 

      In this study, numerical simulation was conducted to up-scale 2-D VAPEX tests and 

to predict 3-D VAPEX performance. The 2-D VAPEX test was conducted under 

conditions very close to those for the 3-D test which is done by the Saskatchewan 

Research Council (SRC). In each test, the initial waterflooding was conducted prior to the 

subsequent solvent injection. Then, a numerical model was established to simulate the 2-

D test. History match of the 2-D test was conducted by tuning the uncertainties, such as 

the relative permeability, capillary pressure, solubility, and the wall effect in sand-

packing. Afterwards, the tuned parameters were applied to predict the 3-D test 

performance. Through comparison of the predicted and experimental results in the 3-D 

test, the capability of predicting an up-scaled VAPEX process through numerical 
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simulation was examined, and the differences between the physical and numerical 

modeling were identified.  

      As history matching of VAPEX experiments is a complex, highly nonlinear, and non-

unique inverse problem, a modified genetic algorithm (GA) was developed to assist with 

the history matching process. A population manipulation database and artificial neural 

network (ANN) were incorporated with GA to enhance the computational efficiency and 

enlarge the search range. Compared to conventional GA, the computational time in this 

modified GA approach was reduced by 71%, and an excellent match between the 

simulation data and experimental data was achieved.  

      The upscaling study results show that the numerical method used, compared to 

analytical models, has greater potential to be used as a scale-up method because of the 

improved prediction results. Due to the nature of the numerical simulation method, it is 

difficult to match the early stage of the solvent injection process, which results in the great 

uncertainties. It was demonstrated that the waterflooding performance can be successfully 

predicted, whereas the uncertainty in scaling up the VAPEX process is great. In the 

waterflooding period, the predicted oil recovery factor was 25.8% compared with 23.4% 

in the 3-D test. In the VAPEX process, the difference between the predicted and 

measured oil recovery factors was in the range of 0.8–25.1%, depending on the different 

combination of uncertain parameters. This fact indicates that more work on this topic is 

required to reduce the uncertainties in predicting the field-scale VAPEX performance, 

and it would be especially valuable for field applications. 
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CHAPTER 1 INTRODUCTION 

 

1.1 Background  

      The heavy oil and bitumen reservoirs of Canada are one of the largest hydrocarbon 

resources in the world. The recovery of natural heavy oil and bitumen reserves is a 

difficult task, owing to their very high viscosity. Thermal methods, such as Steam-

Assisted Gravity Drainage (SAGD) and Cyclic Steam Stimulation (CSS), have been 

applied to reduce the oil viscosity through heating the reservoir. However, for reservoirs 

with thin pay zones, high water content, underlying aquifers, or for low permeability 

carbonate reservoirs, thermal recovery processes are usually not economical. Vapour 

extraction (VAPEX) is considered an alternative method to thermal processes and has 

recently received a lot of attention from industry. 

      VAPEX is a recovery process to extract heavy oil or bitumen resources by using 

vapourized solvent. The solvent, usually a light hydrocarbon component or a mixture of 

light components, is injected into the reservoir at a pressure slightly less than its dew 

point through the upper of two stacked or offset horizontal wells. The solvents mix with 

heavy oil, reducing the oil viscosity so that the diluted oil can easily drain down along the 

solvent/oil interface to the production well via gravity and be produced.   

      The potential advantages of the VAPEX process over thermal-based recovery 

methods include no large water requirement, low heat loss, no water treatment cost, and 

possible in-situ de-asphalting and great energy efficiency (Upreti et al. 2007). The 

injection of vapourized solvents does not require extensive surface facilities such as those 

for hot water or steam generation and the subsequent treatment of wastewater produced 
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with oil. Furthermore, the implementation of VAPEX can cut down greenhouse gas 

emissions greatly. In addition, vapourized solvents are easily recoverable for recycling. 

Laboratory results have shown that 90% of the injected solvents can be retrieved and 

recycled in VAPEX (Singhal, 1997). Therefore, VAPEX is an effective, energy efficient, 

and environmental friendly process of heavy oil and bitumen recovery. 

1.2 Problem Statement and Research Objective 

      VAPEX has great potential to produce heavy oil in western Canada, which cannot be 

efficiently produced through thermal approaches. Over the past two decades, a number of 

VAPEX laboratory tests have been conducted, and the results were very encouraging. 

However, the pilot tests did not achieve the expected results, as actual oil production rates 

were far below the predictions based on the existing theoretical models. Therefore, in 

order to ensure successful commercial application of VAPEX processes, reliable 

prediction of VAPEX performance in the field scale is crucial to determine whether and 

under what conditions the VAPEX process will be viable and profitable. 

      The current practice for VAPEX performance prediction is using analytical scale-up 

methods, which translate laboratory results to field applications with analytical models. 

The classical analytical model was developed by Butler and Mokrys in 1989. It could 

accurately predict oil drainage rate in Hele-Shaw experiments, but gave a lower oil 

drainage rate than that in the corresponding experiment with porous media. Attempts to 

modify this analytical model have been performed by many researchers. However, the 

essential drawbacks associated with the analytical scale-up methods are that they only 

consider single phase flow and gravity drainage and cannot take reservoir heterogeneity 

into account, which limits their applications in real field cases. In this work, an effort was 
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made to investigate the capability of predicting up-scaled VAPEX performance through a 

numerical simulation method. Numerical simulation not only can be used to optimize the 

operational parameters and evaluate the economics in a real field case, but also, some 

important information, such as the distribution of viscosity and solvent mole fraction, 

which are difficult to measure, can be visualized in the simulation modeling. It helps to 

understand the oil recovery mechanism during the VAPEX process and provides an 

important tool for VAPEX up-scaling studies.   

1.3 Methodology 

      In this work, numerical simulation was conducted to up-scale a 2-D VAPEX test and 

to predict 3-D VAPEX performance, as shown in Figure 1.1. More specifically, the 2-D 

VAPEX test was conducted under very close conditions to those for a 3-D test that was 

done by the Saskatchewan Research Council (SRC). Then, a corresponding numerical 

model was designed to simulate the 2-D test. History match of the 2-D test was 

conducted by tuning the uncertainties such as the relative permeability, capillary pressure, 

solubility, and the wall effect in the sand-packing. An efficient and effective genetic 

algorithm (GA)-based automatic history-matching approach was developed to assist the 

history-matching process and understand the uncertainty of numerical simulation. 

Afterwards, these tuned parameters were applied in a 3-D numerical simulation model to 

predict the 3-D laboratory experimental results. Through comparison of the 3-D predicted 

and experimental results, the capability of predicting an up-scaled VAPEX process 

through numerical simulation was investigated, and the differences between the physical 

process and numerical process were identified.  
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Figure 1.1 Flow chart of VAPEX up-scaling study through numerical simulation 
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1.4 Thesis outline 

      There are seven chapters in this thesis. Chapter 1 provides an introduction to the 

VAPEX process together with the problem statement, research objectives, and 

methodology of this study. Chapter 2 is a comprehensive review of the previous studies 

on VAPEX process and up-scaling studies. Chapter 3 presents the 2-D and 3-D VAPEX 

experimental results, which are used in the up-scaling studies. Chapter 4 investigates the 

VAPEX numerical simulation process with a commercial simulator, which includes the 

establishment of a simulation model and the identification of the tuning parameters for 

history matching based on a sensitivity study. Chapter 5 describes a modified genetic 

algorithm-based automatic history-matching approach, which was tested and validated 

with three 2-D VAPEX experiments. Chapter 6 describes the up-scaling study of the 

VAPEX process through numerical simulation, and the associated uncertainties are 

discussed. Chapter 7 provides conclusions and recommendations for future work. 
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CHAPTER 2 LITERATURE REVIEW 

 

2.1 Main Mechanisms of VAPEX    

      The VAPEX process was proposed by Dr. Roger Butler in 1989. During the VAPEX 

process, oil viscosity is reduced due to solvent diffusion and dispersion into the heavy oil 

and the deasphaltene phenomenon. The dissolved gas in heavy oil generates a saturated 

displacement front by swelling oil in the reservoir and reduces the adhesive forces 

between oil globules, films, and connate water, as shown in Figure 2.1.  

1) Oil viscosity reduction 

      The mixture viscosity reduction in solvent/oil systems is the primary reason for the 

mobility of the diluted oil in the VAPEX process. It is believed that there is a strong 

correlation between oil rates during VAPEX and viscosity of the produced oil. Different 

correlations have been developed to calculate the viscosity of heavy oil and bitumen 

saturated with solvents. Some of the available viscosity-mixing correlations in the 

literature were examined with experimental results by Yazdani (2010) the results of 

which indicated that Shu’s model had the best results among all of the correlations. Shu’s 

correlation is based on the equation published by Lederer (1933):  

       
    

           (2.1) 

where    
   

      
   and         . µo and µs are the viscosities of oil and the solvent 

with volume fractions Vo and Vs, respectively, and α is a positive fraction. Shu (1984) has 

provided the following correlation for α: 

  
     (     )

        
        

      

  (
  
  
)

      (2.2) 
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Figure 2.1 Illustration of VAPEX process (Upreti, 2007)   (original in colour) 
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The solubility of a solvent in heavy oil is a crucial parameter to quantify the amount 

of solvent dissolved into the oil. During the compositional flow, the liquid and vapour 

equilibrium phase are modeled by the cubic Equation of State (EOS), and the solvent 

solubility in heavy oil could be represented by its k value of each solvent component. The 

k value for each component i is defined as follows: 

        ⁄           (2.3) 

where    isand    are the equilibrium mole fraction of component   in oil and gas phase 

respectively. The flash calculation and the quasi-Newton successive substitution method 

are usually employed to solve this system of equations. 

2) Swelling effect 

      The liquid volume increases when solvent dissolves in oil. The volume of oil and 

dissolved solvent divided by the oil without the solvent is called the swelling factor. The 

oil swelling effect assists recovery of oil in two respects: oil swelling can make some 

residual oil mobile and recoverable and oil swelling increases the oil saturation and, 

consequently, the oil relative permeability (Yang, 2007). The oil-swelling factor is 

usually measured in the laboratory through a high pressure visual cell (Welker and 

Dunlop, 1963; Jha, 1986). The volume change of the saturated oil with solvent at a 

certain pressure and temperature is observed to determine the swelling factor. 

3) Diffusion and dispersion 

      Diffusion and dispersion are the two important elements controlling the mass transfer 

at the leading front in a VAPEX process. Molecular diffusion takes place solely due to 

concentration gradient, while physical dispersion is induced by variation in the 

convective velocity field created by the flow paths of porous media (Shrivastava, 2002).  
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      Many experiments have been done to determine the diffusion coefficients of various 

solvents in heavy oil. These methods can be categorized into two main groups (Etminan, 

2011). One group involves the measurement of the composition of the dissolved gas 

molecules along the liquid body directly. This method is labour-intensive and time 

consuming due to the necessity of taking out samples and analyzing them to provide the 

required concentration data. In the other category, a parameter that varies with 

composition change is monitored and then related to the concentration change to find the 

diffusivity value, such as the rate of pressure decay in a diffusion cell, volume change as 

a result of diffusion or rate of gas injection, or gas-liquid interface movement. It is 

indicated that diffusivities of solvent gases in heavy oil and bitumen are on the order of 

10
-9

 to 10
-11

 m
2
/s (Schmidt, 1989). The diffusivity is a function of pressure, temperature, 

solvent, and solvent concentration. 

       Due to the induced flow, gravity, and density variation, dispersion occurs, which 

augments the mass transfer process. The effective diffusivity is used to account for the 

combined effect of diffusion and convective motion. Lim (1996) found an effective 

diffusivity that was 2-3 orders of magnitude higher than the molecular diffusivity. 

Boustani and Maini (2001) summarized some correlations for estimation of liquid 

diffusivities in the literature. Das (2005) adopted different dispersion coefficients to 

match the experimental data and concluded that the process could not be adequately 

modeled by a constant value of dispersion coefficient. Kapadia et al. (2006) reported an 

effective diffusivity that is 4 orders of magnitude higher than the molecular diffusion of 

butane in heavy oil. Alkindi and Al-Wahaibi (2008) used a first contact miscible fluid 

system to measure the longitudinal and transverse dispersion coefficients, ranging from  
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3.6×10
-6

–2.0×10
-4 

cm
2
/s, as a function of flow rate and viscosity ratio.  

4) Deasphaltene 

      Asphaltene is defined as the fraction of crude oil insoluble in excess normal alkanes 

such as n-heptane or n-pentane but soluble in excess aromatic solvents like benzene and 

toluene at room temperature (Haghighat, 2008). In the VAPEX process, if the operating 

pressure is higher than the dew point pressure of the solvent, asphaltene precipitation 

occurs during solvent injection. It has been found that the degree of asphaltene 

precipitation increases with the order of hexane, pentane, butane, propane, and ethane 

(Bray, 1938). Das and Butler (1994a) observed the presence of a threshold solvent 

concentration before the onset of deasphalting.  

      This in-situ deasphalting of heavy oil and bitumen causes a reduction of oil viscosity, 

increase of oil production rate, and upgrading of the produced oil. However, the 

adsorption and precipitation of asphaltenes can plug the formation pores and production 

well and cause severe damage to the reservoir. Therefore, the main concern about 

deasphaltene is whether and when the advantage of asphaltene precipitation can outweigh 

its pitfalls. Das and Butler (1994, 1998) carried out an investigation in a Hele-Shaw cell 

and found that precipitated asphaltene attached to the extracted sand matrix and occupied 

less than 20% of the void space, causing no impairment to the oil flow. Butler and 

Mokrys (1993) conducted VAPEX experiments in a 2-D sand-packed model with a high 

permeability of 830–81030 Darcy, and they concluded that asphaltene precipitation 

resulted in decreased permeability of the consolidated drained area, which consequently 

lowered the production rate. Haghighat (2008) conducted a series of experiments with 

low permeability (2.7 Darcy) that showed a significant amount of asphaltene precipitation, 
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formation damage, and, consequently, a large reduction in the rate of oil production. 

Ardali et al. (2009) compared the performance of the VAPEX process in dry and non-dry 

systems when asphaltene precipitation occurs. It was concluded that the presence of 

connate water enhances the VAPEX process and reduces adsorption of asphaltenes.  

       Other endeavors have been made to develop phase behaviour calculations and 

compositional simulations of asphaltene precipitation (Nghiem, 2000, 2001). The 

asphaltene precipitate was modeled as two solids where solid 1 was in equilibrium with 

the asphaltene component in the oil phase and solid 2 was formed from solid 1 through a 

chemical reaction representing the association of asphaltene and resin molecules.  

2.2 VAPEX Theoretical Models 

      1) Butler-Mokrys model    

      The first mathematical model to predict the production rates for the VAPEX process 

was developed by Butler and Mokrys (1989) in a vertical Hele-Shaw cell. They assumed 

a constant interface advancing velocity and ignored the interfacial tension and the 

drainage of the undiluted bitumen. Fick’s law and Darcy’s equation are coupled together 

in the model to calculate the stabilized oil drainage rate. The equation is as follows: 

   √                  (2.4) 

where Q is the oil production rate, k is the permeability of the model, h is the vertical 

drainage height, g is the gravitational acceleration, ϕ is the porosity,      is the change of 

oil saturation.    is a dimensionless parameter that can be calculated by the Equation 2.5, 

depending on the density difference   , diffusivity D, mixture viscosity  , and solvent 

concentration   . 

   ∫
  (    ) 

   
   

    

    
        (2.5) 
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       This analytical model indicates that oil drainage rate is a function of permeability, 

drainage height, and the properties of the system. 

      2)  Modified Butler-Mokrys model 

Experiments with sandpacks give oil production rates that are several times greater 

rather than that in Hele Shaw cells, which means Eq. 2.4 is not able to predict the oil 

drainage rate in porous media. Das and Butler (1998) proposed several possible 

explanations for this discrepancy, including the increased interfacial contact area in 

porous media, enhanced surface renewal at the interface, and capillary imbibitions. They 

modified the Butler-Mokrys model for porous media by using an apparent diffusivity 

coefficient to replace the molecular diffusivity, written as:  

   √                     (2.6) 

where Ω is the cementation factor of porous media. 

      The above equation considers the oil flow in the area of a vertical cross-section, and 

the equation for stabilized oil production rate from a horizontal well of length L becomes: 

    √                    (2.7) 

2.3 Factors Affecting VAPEX Performance 

1) Solvent 

      A parametric study of VAPEX done by Oliveria (2009) demonstrated that the 

selection of the solvent type is the most influential parameter, followed by permeability, 

oil viscosity, injection pressure, and well distance. In general, solvent is selected based on 

several factors: equilibrium pressure, molecular weight, density difference, solubility, 

diffusivity, and reservoir temperature and pressure (Ramakrishnan, 2003). Usually, 

vapourized light hydrocarbon is used as a solvent near or at its dew point. The use of 
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vapourized rather than liquid solvent can minimize the solvent required, increase 

diffusivity and solubility, and produce a higher driving force for gravity drainage due to 

the higher density difference between bitumen and solvent vapour. Mokrys and Butler 

(1993) found that oil production was maximized when pressure was close to the dew 

point pressure. High pressure led to severe asphaltene precipitation and reduced oil 

recovery. 

      The VAPEX solvent needs to maximize the oil rate and be cost effective. Butler and 

Jiang (2000) proposed that propane works better than butane because of its higher 

diffusivity. Mixtures of butane and propane perform better than butane alone and work as 

almost well as pure propane. Ethane, although it has high vapour pressure, is not a good 

solvent candidate for VAPEX due to its phase behaviour. Propane is relatively expensive. 

The use of a mixture of solvents can reduce the operation costs greatly. Addition of non-

condensable gas, such as methane and carbon dioxide, can be used as a carrier for solvent 

and increase the operational pressure when the reservoir pressure is high. Taibi and Maini 

(2003) found that CO2-propane mixtures gave better performance in VAPEX compared 

to methane-propane mixtures. Two-phase envelopes should be used for selecting the best 

solvent mixture.  

2) Permeability 

      Oil production increases with permeability. Based on the Butler-Mokrys model, the 

stabilized oil production rate is proportional to the square root of the permeability, 

provided that the other experimental conditions are kept the same. This linear relation has 

been confirmed by Das (1998) and Yazdani (2005) in a permeability range of 220–640 

Darcies. Oduntan et al. (2001) proposed a correlation between volumetric flow rate and 
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the permeability in the range of 25-192 Darcies as                 . Moghadam 

(2007) examined the effects of permeability ranging from sixteen to several hundred 

Darcies on VAPEX through a visual rectangular sand-packed high-pressure physical 

model and proposed that the accumulative produced solvent-oil ratio (SOR) generally 

increases as the permeability decreases because of an increased contact time. At a low 

permeability, the heavy oil production rate dependence on the square root of permeability 

is not valid because in-situ upgrading and increased produced SOR can dramatically 

reduce the produced heavy oil viscosity and increase the heavy oil production rate. 

3) Drainage height 

      Oil production rate increases with the drainage height. According to the Butler-

Mokrys model, the oil production rate is proportional to the square root of the height. 

Yazdani and Maini (2005) proposed that stabilized oil rate in the VAPEX process is a 

function of drainage height to the power of 1.1 to 1.3 instead of 0.5. Alkindi et al. (2010) 

investigated the dependency of model height on drainage rate using experiments 

performed with glass bead packs and analogue fluids. The exponent of 2/3 was used to 

match the measured rates in their work.  

4) Heterogeneity 

      VAPEX is controlled by molecular diffusion taking place in the pore space. Therefore, 

reservoir heterogeneity such as low-permeability layers and shale will significantly affect 

the distribution of solvent vapour and the performance of the VAPEX process. Jiang and 

Butler (1996) reported experimental results with scaled packed models where continuous 

low-permeability layers and discontinuous low-permeability lenses were studied. It was 

observed that the presence of low-permeability layers or lenses resulted in a poorer 
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VAPEX performance, but a wider vapour chamber formed and oil was extracted from a 

larger area. Discontinuous low-permeability lenses give a higher production rate than 

continuous ones. Higher residual oil saturation was observed in low-permeability layers 

than that in high-permeability layers. 

5) Capillary pressure 

       Capillary pressure plays an important role in VAPEX performance. The oil 

extraction rate is enhanced due to the capillarity-induced cross-flow of solvent vapour 

and oil in the contact zone. Imbibitions of diluted oil from the interface into the solvent 

vapour region can occur in porous media so that the bitumen surface is renewed and the 

concentration of solvent in bitumen at the interface drops to a lower value, resulting in a 

higher transient diffusion flux (Das, 1998). This phenomenon has been confirmed by 

other researchers. Through Magnetic Resonance Imaging (MRI) and visual glass micro-

models, Fisher (2002) demonstrated that some oil was moved into the vapour chamber by 

capillary forces, long before gravity drainage could be seen from the images. Cuthiell et 

al. (2006) investigated the effects of capillary pressure on oil drainage by using a CT 

scanner. With the injection of solvent n-butane, the initial vertical gas-oil interface was 

smeared, and both gas and liquid were present in the gas-oil transition zone due to 

capillary pressure. They pointed out that capillary mixing could add greatly to the effects 

of diffusion/dispersion, and utilizing increased dispersion to substitute for capillary 

effects was not recommended. Ayub and Tuhinuzzaman (2007) found that capillarity 

acted in favour of the VAPEX process by shaping the vapour chamber, reducing free gas 

production, and also increasing the drainage rate by increasing the effective area for 

molecular diffusion.  
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      However, capillary hold up is also a challenging phenomenon that needs to be 

overcome in the cases with high capillary pressure values (Rostami et al. 2007). Capillary 

pressure works against the gravity head and the bottom portion of the reservoir may not 

be depleted. 

6) Connate water saturation 

      The effect of connate water on VAPEX performance seems controversial. Das (1995) 

conducted two experiments to compare the bitumen production rate with water 

saturations of 12% and 16%, respectively, which showed that the connate water 

saturation reduced the bitumen production rate. Tam (2007) examined the effect of 

connate water on VAPEX and concluded that a small value of connate water saturation 

(i.e., Sw < 0.07) on VAPEX was insignificant in terms of bitumen production and solvent 

chamber growth. Etminan (2008) investigated the effect of two different connate water 

saturations of 5.94% and 9.09% respectively, and found that the presence of connate 

water caused faster spreading of the vapour chamber in the lateral direction and tended to 

increase the thickness of the mixing zone. The drainage rate increased initially but then 

fell subsequently. Also, the presence of mobile water sped up the communication 

between the producer and injector and led to faster spreading of the vapour chamber.  

7) Bottom water 

      Butler and Mokrys (1998) adopted a closed-loop extraction method to recover heavy 

oils underlain by aquifers through a VAPEX process. In their research, the vapour 

(typically ethane or propane) was essentially insoluble in water while strongly soluble in 

oil. There were no material losses to the water layer. The bottom water zone offered the 

opportunity for a hydrocarbon vapour solvent to spread directly underneath the oil 
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formation, increasing the vapour-oil contact extensively. Furthermore, the mobile water 

layer could underride the lighter diluted oil and assist in moving it towards the production 

well. Frauenfeld et al. (2006) performed a series of experiments to evaluate the bottom 

water by putting the two horizontal wells at the oil-water interface within a physical 

model. They concluded that oil production rate in the bottom-water reservoir could be 

increased due to the very large oil-gas contact surfaces, though substantial water was 

produced at first, as some water must be displaced by the gas in order to contact the oil 

with solvent at the oil-water interface.  

8) Gas cap 

      Karmaker and Maini (2003a) experimentally evaluated the VAPEX process for a 

reservoir containing a gas cap in contact with the oil zone. They found that the injected 

solvent could rapidly spread over the gas-oil contact area and make the diffusion process 

proceed fast. Rahnema et al. (2007) investigated the application of a VAPEX process in a 

reservoir with a gas cap and concluded that a small gas cap can improve the oil recovery 

by extending the interfacial mass transfer rate and the inter-well communication. 

However, a threshold value for the ratio of initial gas-oil volume existed beyond which, 

the process lost its efficiency. 

2.4 Experimental Study of VAPEX  

      Lab-scale VAPEX experiments have been extensively conducted to understand the 

phase behaviour and mechanism of the VAPEX process, identify the chamber 

development, select the optimal operation parameters, and evaluate the VAPEX 

performance. A large number of the physical models of the VAPEX process are reported 

in the literature, from Hele-Shaw cells to 3-D physical models. 
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1) Hele-Shaw cell 

      Hele-Shaw cells consist of two parallel glass plates. The main differences between a 

Hele-Shaw cell and sand-packed models are that the porosity and the changes of oil 

saturation are unit in Hele-Shaw cells whereas in a packed model, these values might be 

non-unit. The permeability k of a Hele-Shaw cell is calculated by       ⁄ , where b is 

the width of the plate space. Butler and Mokrys (1989) used a Hele-Shaw cell of 

7cm×2.6cm×7cm to model the VAPEX process and generate the oil drainage rate 

equation. Also, they (1993a) investigated the interface frontal advance rates and the 

solvent chamber theory in the Hele-Shaw cell with a permeability range of 4.9 to 490 

Darcies. Das (1994a) investigated the effect of asphaltene deposition using a Hele-Shaw 

cell with the permeability of 5376      and concluded that asphaltene deposition did not 

prevent the flow of oil through the reservoir. Boustani and Maini (2001) carried out a 

number of experiments in a Hele-Shaw cell of 254     to identify the role of diffusion 

and dispersion in the VAPEX mass transfer. 

2) Sandpack model 

      VAPEX performance in porous media was modeled through experiments carried out 

in sandpacks, which are constructed by packing different sizes of glass beads, silica sand, 

and Ottawa sands based on the requirements of the permeability and porosity. The 

important VAPEX experimental studies in porous media are summarized in this section. 

      Butler and Mokrys (1993b) used a 2-D packed model (21.7cm×69.8cm×3.45cm) to 

investigate the performance of injecting a mixture of hot water and vapourized solvent, 

such as propane, and the oil recovery was far higher than could be obtained with hot 

water alone. Das and Butler (1994b) investigated the VAPEX process in a packed cell 



19 
 

using butane as a solvent, and a higher extraction rate in porous media was obtained than 

from Hele-Shaw cells due to the extended interfacial contact area and capillary 

imbibitions. Das and Butler (1995, 1996) also studied the potential for injecting a non-

condensable gas with the solvent and water to increase the operating pressure and 

enhance the oil extraction rate. Jiang and Butler (1996, 2000) conducted a series of 

experiments to examine the effect of well configuration, solvent type, injection rate, well 

spacing, and operating pressure on the performance of VAPEX in packed models. 

Oduntan (2001) examined the effect of model length, permeability, and heterogeneity on 

production performance using 2-D troughs and glass beads.  Karmaker and Maini (2003b) 

used three different rectangular models to investigate the effects of model size and sand-

grain size on VAPEX performance and confirmed that the conventional transmissibility 

matching scale-up method did not apply to the VAPEX process. Cuthiell et al. (2003, 

2006) carried out experiments using a sandpack of dimensions 25 by 30 by 2.8 cm to 

examine the diffusion and dispersion, capillarity, growth of the solvent chamber, and 

viscous fingering in toluene miscible flooding with a CT scanner. Taibi and Maini (2004) 

examined the effect of methane-propane and CO2-propane on in-situ recovery of heavy 

oil in a cylindrical annulus and concluded that CO2-based VAPEX processes led to high 

production rates at mid to high operating pressures while methane-based processes were 

more efficient at low pressures. Yazdani and Maini (2005, 2006) used different sizes of 

cylindrical annulus to investigate the effect of the grain size parameter and drainage 

height, and a new correlation was proposed to account for the contribution of the height-

dependant convective dispersion during the VAPEX up-scaling process. Zhang et al. 

(2007) measured the stabilized heavy oil production rate with a rectangular sand-packed 
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model (40cm×10cm×2cm) and compared the results with the theoretical prediction, 

which demonstrated a good match. Tam (2007) investigated the effect of connate water 

and solvent condensation on the live oil production rate and the advancement of the 

solvent bitumen interface using a cylindrical annulus with dimensions of 

0.635cm×10cm×101cm. Razaei and Chatzis (2008) conducted their experiments in a 

rectangular packed glass-bead model to examine the effect of warm VAPEX and 

obtained enhanced oil production rates. Haghighat and Maini (2008) studied the effect of 

asphaltene precipitation on oil production using cylindrical annulus models. 

Derakhshanfar et al. (2011) studied the waterflooding and solvent injection effects 

experimentally and found that initial waterflooding caused an oil production reduction in 

the subsequent solvent injection. Knorr and Imran (2011) conducted a series of solvent 

extraction processes with various permeabilities and solvent vapour qualities to 

investigate the growth of solvent chambers in large 3-D models. The results revealed that 

oil recovery increased with the permeability and model height and was limited by the 

funnel effect where diluted oil drained from the chamber and filled the bottom conduit. 

Ahmadloo et al. (2011) conducted a comprehensive experimental study to discuss the 

effect of capillarity and drainage height on the stabilized drainage rates and VAPEX 

dimensionless number and concluded that stabilized drainage rates were a function of 

drainage heights to the power of 1.1 and 1.3. 

3) Micromodels 

      Micromodels are the best choice for studying the pore level-based processes. Douglas 

et al. (2002) studied the capillary effect using a visual glass micromodel and observed 

that oil moved into the vapour chamber by capillary forces and episodic oil mobilization 
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in pores. Friedrich (2005) used a two dimensional pore network micromodel to examine 

the VAPEX process on the pore scale and found the interface advancement rate was on 

the order of 0.09-0.12 cm
2
/s. Friedrich also observed the solvent trapping and film flow. 

James (2008) studied the mass transfer mechanisms, sweep efficiency, asphaltene 

precipitation, and residual oil at the pore scale by using glass micromodels.   

2.5 Numerical Simulation Study of VAPEX  

     Several researchers have attempted to model the VAPEX process using numerical 

simulation. Cuthiell et al. (2003) used a semi-compositional model (STARS) to model the 

VAPEX process and concluded that the simulation could match the breakthrough time, 

oil rates, and the general character of the fingering well. Das (2005) used a fully 

compositional model (GEM) to model laboratory VAPEX experiments, and a high 

diffusion coefficient with thick diffusion zone was used to match the experimental data. 

Also, dynamic grid refinement was used to improve the simulation results. Wu et al. 

(2005) used STARS to simulate the asphaltene precipitation and investigate the effect of 

operation parameters on VAPEX performance. Rahnema et al. (2007) conducted a 

screening study of the VAPEX process for real reservoir application using a GEM 

module. Tam (2007) used Comsol to simulate VAPEX experiments using macroscopic 

Darcy’s law for gravity drainage coupled with the mass transfer of vapour into bitumen 

with capillary pressure terms and variable dispersion coefficients in the convection-

diffusion equation. Zeng et al. (2008a, 2008b) evaluated VAPEX performance after cold 

production and through a Tee well pattern using STARS. The effects of wormhole 

characteristics, and reservoir heterogeneity on production performance were investigated. 

Cuthiell (2012) simulated a laboratory VAPEX experiment using a semi-compositional 
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simulator, Tetrad, which was believed to be able to incorporate the diffusion/dispersion 

physics with the VAPEX process. It was concluded that most of the drainage took place 

in the capillary transition zone, and the oil rates increased near-linearly due to the height-

dependent mixing.  

      Generally speaking, as seen by the previous literature reviewed, the applications of 

VAPEX numerical simulation fall into two groups: one is to investigate the effect of 

reservoir/fluid properties or operational parameters on the conceptual reservoir models 

and the other is to simulate, compare, or validate the results of laboratory tests.  

      The most popular simulation tools are STARS and GEM from Computer Modelling 

Group (CMG). They are finite difference reservoir simulators that can solve the 

mathematical models for multiphase flow equations and continuity equations. Since the 

VAPEX process is dominated by the mass transfer between solvent and heavy oil, it 

seems GEM is the best choice for simulation. However, use of a compositional simulator 

is usually time-consuming and expensive and might require additional fitting to obtain an 

adequate equation-of-state description of the fluids (Alkindi, 2011). Also, GEMS is 

unable to model reactions (e.g., non-equilibrium solvent solubility). A semi-

compositional model is much more flexible and able to simplify the liquid system by 

using vapour-liquid k values. The limitation of STARS is that the dispersion coefficient 

cannot be modeled with the dependence on velocity. A constant diffusion/dispersion 

coefficient was applied in the simulation model STARS.  

      For VAPEX simulation, much uncertainty existed, as some inputs have been 

determined based on general correlations or on individual experiences such as gas-oil 

relative permeability curves and grid size. Therefore, the history matching and model 
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calibrations are important. In addition, the capability or feasibility of VAPEX numerical 

modeling is still unclear and needs to be investigated further (Yazdani, 2009). 

2.6 Up-scaling Study of VAPEX  

      In order to predict VAPEX performance in field applications, upscaling methods have 

been studied based on laboratory results.  

      1) Modified Butler-Mokrys up-scaling method    

Das and Butler (1998) evaluated an up-scaling equation for the same bitumen-solvent 

system in two different media under the fixed conditions of temperature and pressure.  

  

  
 
  √      

      

  √      
      

               (2.8) 

This scaling-up method, however, ignores the influence of convective dispersion on 

the oil drainage rates and hypothesizes that the oil production rate should be proportional 

to the square root of the permeability and drainage height. 

2) Yazdani-Maini up-scaling method 

Karmaker and Maini (2003) pointed out that uncertainty remained in scaling-up the 

dispersion coefficients in the VAPEX process, and the model height significantly 

increased the magnitude of the convective dispersion. Yazdani and Mani (2005) extended 

Karmaker and Maini’ work to a wider range of model heights and proposed a new 

empirical correlation for scaling-up the experimental data to real field cases: 
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               (2.9) 

where the exponent n is in the range of 1.1 to 1.3. 

3) Nenniger-Dunn correlation 
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Based on 60 sets of experimental data, Nenniger and Dunn (2008) developed a new 

correlation to predict the oil production rates for solvent-based gravity drainage. The 

mass flux rate per production area m can be calculated as: 

         (    )            (2.10) 

      The production area is defined as the product of the height and width of the physical 

model. Therefore, the relationship for up-scaling the oil drainage rate is: 
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(  ) (    ) 
                   (2.11) 

 2.7 Chapter Summary 

      From the literature review, it can be seen that both analytical methods and numerical 

simulation have been used to predict VAPEX performance. The analytical method is used 

to scale-up VAPEX laboratory tests to field applications. Since most analytical models 

are developed based on their own physical models, the question arises as to whether these 

models can be used to reliably predict VAPEX performance with different scales. Also, 

the analytical models consider only the gravity drainage and single phase flow and cannot 

account for reservoir heterogeneity. Numerical simulations have been used to history 

match and simulate laboratory tests or to optimize operational parameters. However, the 

capability of numerical simulation to predict VAPEX performance with different scales 

has never been tested. Therefore, in this study, the capability of numerical simulation is 

investigated in terms of its ability to up-scale a 2-D VAPEX test to 3-D VAPEX 

performance. This work is very important because field-scale VAPEX performance could 

be predicted from the tuned 3-D model in the same fashion. 
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CHAPTER 3 VAPEX EXPERIMENTS 

 

      A series of 2-D VAPEX tests have been conducted previously at our group to 

understand the mechanism of VAPEX process (Zhang, 2007; Derakhshanfar, 2011). In 

this study, these 2-D tests and a 3-D VAPEX test conducted by the Saskatchewan 

Research Council (SRC) were history matched to investigate the capability of predicting 

up-scaled VAPEX processes through numerical simulation. A brief description and 

summary of these VAPEX tests are presented in this chapter. 

3.1 2-D VAPEX Lab Tests 

      Figure 3.1(a) shows the schematic diagram of the 2-D VAPEX experimental model. 

This physical model had a length of 40 cm, a width of 2 cm, and a height of 10 cm. It was 

packed with the Ottawa sands of 80–100 mesh sizes and glass beads of 120–140 mesh 

sizes to achieve different permeabilities. The detailed information about these 2-D 

VAPEX tests is summarized in Table 3.1. 

      In this study, Tests 1–3 were used to understand the numerical simulation process of 

VAPEX, analyze the sensitivity parameters, and validate the history matching algorithm. 

The oil sample used in Tests 1–3 was from the Lloydminster oil field. The sample had a 

density of 978 kg/m
3
 and viscosity of 11,900 mPa.s (at atmospheric pressure and a 

temperature of 23.9
o
C). Pure propane was used as the solvent. In Tests 1 and 2, the 

injectors were located 3.5 cm above the producers, while in Test 3, the injection well was 

positioned at the middle of the right side and the production well at the bottom left corner 

of the model. Test 4 was designed under the same conditions as that of the 3-D test so 

that the up-scaling study of the VAPEX process from the 2-D test to the 3-D test could be  
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Figure 3.1 Schematic diagram of the 2-D and 3-D VAPEX physical model 
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Table 3.1 Summary of the 2-D VAPEX experiments 

Test No. 1 2 3 4 

Scheme Solvent injection 
Waterflooding + 

solvent injection 

Solvent Propane (Gas) 
Butane and methane 

mixture(Gas) 

Oil sample #1 #1 #1 #2 

Density, kg/m
3
 978 978 978 979 

Viscosity, mPa.s 11900 11900 11900 7336 

Permeability, 

Darcy 
417 122 9.2 5.8 

Porosity, % 35.4 35.4 33.8 35.2 

Initial oil 

saturation, % 
96.2 97.1 96.9 90.2 

Operation 

pressure, kPa 
800 800 800 319 

Operation 

temperature, ˚C 
23.5 23.2 23.2 31 

Oil production, g 179.0 176.5 144.2 89.9 

Recovery 

factor, % 
64 63 54 35 

Well pattern 

   

     Note: 1. The properties of oil sample 1 are measured at atmospheric pressure and a 

temperature of 23.9
o
C; 

 2. The properties of oil sample 2 are measured at atmospheric pressure and a 

temperature of 23.2
o
C. 
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a. Cumulative oil and solvent production in Tests 1-3 

 

 

       b. Cumulative oil production in Test 4      c. Cumulative water production in Test 4 

 

 

d. Injection pressure in waterflood of Test 4   e. Injection pressure in VAPEX of Test 4 

 

 

 

 

 

 

Figure 3.2 Production performance for four 2-D VAPEX tests (Zhang, 2007; 

Derakhshanfar, 2011) 
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carried out. A Plover oil sample was used, with a density of 979 kg/m
3
 and a viscosity of 

7, 336 mPa.s, (at atmospheric pressure and a temperature of 23.2
o
C), respectively. A 

mixed solvent (86 mol.% n-butane + 14 mol.% methane) was injected with a constant 

volume of flow rate of 80cc/hr. Also, waterflooding was performed prior to the solvent 

injection process in Test 4. The production performances for the four 2-D VAPEX tests 

are shown in Figure 3.2. 

3.2 3-D VAPEX Lab Test 

      This large, 3-D, scaled VAPEX experiment was conducted in SRC through a physical 

model with L×W×H of 100×50×51 cm, as shown in Figure 3.1(b). This 3-D VAPEX test 

was performed under the very close conditions to 2-D Test 4, with a permeability of 4.4 

Darcy and a porosity of 35%. A Plover oil sample was used, and the initial oil saturation 

was 96.7% (Knorr and Imran, 2011). A solvent mixture of C1 and C4 was injected at a 

temperature of 31
o
C, and an average injection pressure of 317kPa. The average 

production pressure was about 290 kPa. Waterflooding + solvent injection was conducted 

because it is a common procedure in oilfields that the solvent is usually injected after the 

waterflooding process. Also the initial waterflooding can provide injectivity for the 

subsequent solvent injection and accelerate the communication between the injector and 

producer (Etminan, 2008). The horizontal injection and production wells were located 

laterally. Both water and mixed solvent were injected at a constant volume rate into the 

top horizontal injector. The cumulative oil production and injection pressure in the 

waterflooding and solvent injection process are shown in Figure 3.3. 

3.3 Comparison between 2-D (Test 4) and 3-D VAPEX Tests  

      The results of the 3-D VAPEX test and the corresponding 2-D test (Test 4) are  
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a. Cumulative oil and water vs. time 

 

 
a. Injection pressure vs. time during waterflooding 

 

 
b. Injection pressure vs. time during solvent injection 

 

 

 

 

Figure 3.3 3-D VAPEX test performance (Courtesy of SRC) 
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compared in Table 3.2. It can be seen that the waterflood performance in the 2-D test 

matches well with that of 3-D test. Similar oil recovery factors were achieved after the 

water injection of 1.65 PV in the 2-D test and 1.49 PV in the 3-D test, respectively. 

During the solvent injection process, the oil recovery in the 2-D test was less than that of 

the 3-D test due to a lower amount of solvent being injected. In addition, more water was 

produced in the 3-D test. Approximately all mobile water was displaced from the 

physical model during the solvent injection process while only part of the mobile water 

was produced in the 2-D test. 

 3.4 Chapter Summary 

       This chapter presents the results of four 2-D tests and one 3-D VAPEX test. Based 

on Tests 1-3, numerical simulation was conducted in Chapter 4 to understand the 

capability of the numerical simulation technique, determine the tuning parameters for 

history matching, and examine the automatic history matching algorithm in Chapter 5. 

Also based on Test 4 and the 3-D VAPEX test, the up-scaling of the VAPEX process 

from 2-D to 3-D through numerical simulation was studied in Chapter 6. The results of 

those studies are presented in the following chapters. 
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Table 3.2 3-D experiment production results 

  

Time Injection  
Fluid production Saturations Oil 

recovery 

% 
Oil Water Gas Oil Water Gas 

Hours PV Litre  %PV 

2-D 

Oil resaturation 24 1.7 0.224 0.25 - 90.2 9.8 
 

- 

Water flood 23.33 1.65 0.055 0.41 - 70.4 29.6 - 21.8 

Solvent injection 70 63 0.034 0.012 15.84 58.2 25.3 16.5 13.5 

3-D 

Oil resaturation 27.92 1.49 48.492 88.00 - 96.7 3.3 - - 

Water flood 24.00 1.49 20.631 115.26 - 74.1 25.9 - 23.4 

Solvent injection 202.26 828 54.714 20.82 65.27 13.9 3.0 83.0 62.2 
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CHAPTER 4 PARAMETRIC INVESTIGATION 

 

In this chapter, a VAPEX simulation model was constructed based on the 2-D 

laboratory tests. By perturbing the parameters of the simulation model, the impact of 

these parameters on VAPEX performance was investigated, and the tuning parameters 

were identified to reduce the difference between the simulated and observed production 

behaviour in the later history match process.  

 4.1 Numerical Model Design 

A numerical simulation model with a dimension of 40×10×2 cm was established 

based on the 2-D VAPEX test, as shown in Figure 4.1. The injector was located above 

the producer in the middle of the model. Lloydminster oil was used, and pure propane 

was injected near its saturation pressure of 800 kPa and at a temperature of 23.2
o
C. Since 

the solvent solubility in heavy oil can be represented by its k-value and specified in the 

simulation model with STARS
®
, STARS

®
 was the simulator employed in this study.  

4.2 PVT Model 

      A PVT model is important in solvent-based heavy oil recovery processes, as it 

directly influences how much solvent can be dissolved into the oil phase and what the 

mobility of the diluted oil is. Consequently, it dominates the subsequent heavy oil 

production rate. For each heavy oil-solvent system, the interaction between the 

hydrocarbon components and injected solvent are specific, so a calibration with 

experimentally-measured data is required to model the PVT properties and predict 

VAPEX performance. Figure 4.2 shows the PVT and regression data with saturation 

pressure, density, and viscosity depicted by using the WINPROP
®
 module of CMG.  
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Figure 4.1 Illustration of reservoir simulation model used for parametric investigation 
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a. Solubility and swelling factor vs. pressure (Luo, 2009) 

 

b. Regression results in terms of saturation pressure, density, and viscosity 

 

c. Viscosity vs. solvent mole fraction 

Figure 4.2 PVT data and regression results for Lloydminster oil sample 
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4.3 Parametric Investigation 

Simulation runs were performed to determine the effect of a number of parameters on 

the VAPEX process. These parameters include: well index, time step, grid size, operating 

parameters, dispersion coefficient, relative permeability, capillary pressure, and k value. 

4.3.1 Well index (WI) 

Well index is determined by the following equations: 

             [  (
  

  
)   ]⁄        (4.1) 

       (  
         )   (           )⁄     (4.2) 

where k is the permeability in md,   is the lay thickness, and       is the well fraction. 

      will be 1 for a well going through approximately the centre of a grid block, ½ for 

a half well on a grid block boundary, and ¼ for a quarter well at the corner of a grid block 

(CMG, 2010).    is the effective block radius,    is the wellbore radius, and s is the skin 

factor.     and    are the grid size in the x and z directions, respectively.    and    are 

the permeability in the x and z directions. In the physical models, the wellbore diameter 

is about 1.75 mm corresponding to the tubing used in the laboratory test. The size of the 

wellbore cannot exceed the effective radius of the grid, which is a function of grid size 

(Yazdani, 2009).  In some very fine grid systems, unrealistic wellbore size for WI 

calculation might be required. However, the selection of a smaller well radius, which 

means increased WI, will not affect the simulation results greatly. Figure 4.3 shows the 

cumulative oil for different WIs, and the WI in Case 2 is 10 times that in Case 1. The 

performances of cumulative oil production for different WIs are almost the same. The 

possible reason is the small pressure difference between the grid block and well. 

Therefore, WI is not a sensitive parameter. 
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Figure 4.3 Illustration of the effect of WI on the cumulative oil production 
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a. The effect of time step on the cumulative oil production  

 

 
b.  Elapsed simulation time and time step number under different time steps  

 

 

 

 

 

 

Figure 4.4 The effect of different time steps on VAPEX numerical simulation 
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4.3.2 Time step 

Small time steps can obtain accurate and stable numerical solutions. However, the 

smaller time-steps result in long computational times and huge memory storage.  Four 

cases were run in terms of different maximum time steps: 0.005 days, 0.0005 days, 

0.00005 days and 0.000005 days, respectively. Figure 4.4 shows the cumulative oil 

production and running time in these four cases. Obviously, the oil production increased 

with the smaller time steps. However, the production behaviours were quite close when 

the time steps were reduced to less than 0.0005 days. At the same time, the computation 

time required rose significantly. The running time for the case with the 0.000005 day 

time-step was approximately 32 times of that for the case with the 0.0005 day time-step, 

though the production results were approximately the same. It is also notable that the 

computation time in the case of time step 0.0005 days was slightly less than that in the 

case of the time step 0.005 days, though the former step number is greater than the latter. 

The reason for this is that during the simulation, when convergence at a certain time step 

size fails, the time step size is reduced automatically in the Newton iteration to achieve 

the convergence, which increases the computational cost. Therefore, the optimal 

maximum time step is 0.0005 days. For each individual case, the most reasonable time-

step can be identified through running several trials. 

4.3.3 Grid size 

Selecting the right grid size is a key issue for VAPEX simulation. Ideally, a very fine 

grid can describe the mass transfer phenomena clearly. However, the amount of 

calculation time ascends rapidly with the increase of grid numbers, which generally 

reaches the fourth power of the grid dimension (n
4
). Also, a small time step is required 
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for the fine grid size to avoid numerical stability problems. In order to better understand 

the impact of grid size on VAPEX performance, simulations were run for different grid 

sizes in both vertical and horizontal directions.  

Firstly, different vertical grid sizes of 20 mm, 10 mm, and 5 mm were used in the 

simulations, respectively, while the horizontal grid sizes were kept constant at 10 mm. 

Figure 4.5(a) presents the simulation results. It is clear that the oil production increased 

with the grid size. Also, the vapour chambers presented different shapes for different 

vertical grid sizes. If the vertical size was larger, the chamber spread fast in the horizontal 

direction with a concave shape, and more oil area was swept. After this series of runs, 

different horizontal grid sizes of 20 mm, 10 mm, and 5 mm were used in the simulation 

while the vertical grid sizes were kept constant (10 mm), as shown in Figure 4.5(b). 

Opposite to the first series, the oil production decreased with the grid size. However, a 

large concave vapour chamber was developed with the small grid size. 

The results are summarized in Table 4.1. Obviously the oil production was affected 

significantly by the grid size through how the vapour chamber shape developed. As was 

mentioned, the oil production decreased with the vertical grid size increase and increased 

with the horizontal grid size increase. The changes in oil production seem contradictory 

in these two cases. However, if we defined the ratio of grid size in the horizontal 

direction to the grid size in the vertical direction as a geometry factor, it was found that 

similar oil production and vapour chamber shape were achieved with the identical 

geometry factor, and the different geometric ratios resulted in a concave or convex 

vapour chamber shape. For different vertical grid sizes, the concave vapour chamber 

presented with small grid size and a convex vapour chamber presented with the large grid  
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a. Simulation results for different vertical grid sizes 

 

 

 

b. Simulation results for different horizontal grid sizes 

 

 

 

 

 

 

 

 

 

 

Figure 4.5 Simulation results with different grid sizes 
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Table 4.1 Simulation results comparison for the same geometric ratios 

No. 
Grid size in 

horizontal direction m 

Grid size in vertical 

direction m 

Ratio 

ΔX:ΔY 

Cumulative oil 

cm
3
 

1 0.005 0.01 1:2 170.58 

2 0.01 0.02 1:2 150.54 

3 0.01 0.005 2:1 83.55 

4 0.02 0.01 2:1 84.11 
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size. While for different horizontal grid sizes, the convex vapour chamber presented with 

small grid size and concave vapour chamber presented with the large grid size. The 

possible reason for this phenomenon is the numerical dispersion, which is an inherent 

phenomenon from the discretization in the finite difference numerical method. Cuthiell et 

al. (2006) pointed out that the size of the numerical dispersion effect increases with the 

dimensions of the grid blocks used in the simulation. Fanchi (1983) proposed that 

multidimensional numerical dispersion not only changes the magnitude of the element of 

the dispersion tensor but also rotates the principle flow axes. Therefore, the simulation 

results can be explained as a high numerical dispersion and rapidly growing chamber in 

the direction of large grid size. 

      In this study, by comparing the simulated chamber shapes with the experimental 

images, shown in Figure 4.6, a geometric ratio of 1 can be determined. After the 

geometric ratio is set, the next concern is to determine the grid size. Yazdani and Maini 

(2009) suggested that the grid size should be smaller than the concentration profile 

thickness to capture the diffusion and dispersion phenomena inside the drainage layer. 

They reported the drainage layer thickness in the VAPEX process varies between 0.3 and 

1.5 cm, depending on the model size and the permeability of the sandpack. Therefore, 

different grid sizes of 5 mm, 10 mm, and 20 mm with unit geometric ratio were examined, 

respectively in this study. Figure 4.7 depicts the simulated performance with each grid 

size. It was found that the oil production increased with decrease of the grid size. The gap 

in the oil production between the two grid sizes reduced as the grid size reduced. The oil 

production was quite close when the grid sizes were reduced from 10 mm to 5 mm. Since 

small grid size leads to the expensive computation, a grid size of 10 mm was used. 
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                                  a. Spreading phase                             b. Falling phase 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.6 Comparison between simulation and experiments with unit geometric ratio 

Waterflood 
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Figure 4.7 Simulation results comparison for different grid sizes with unit geometric 

ratio   
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4.3.4 Operating strategy 

In the VAPEX experiments, the producer is usually controlled by the production 

pressure through a back-pressure regulator (BPR). The injector can be controlled by 

injection rate, injection pressure, or their combination. Hence, simulations were run in 

order to understand the difference between the various operating strategies in the VAPEX 

process. One scenario was controlled by injection/production pressure while another was 

controlled by injection rate /production pressure. 

4.3.4.1 Injection pressure control 

      In this case, both the injector and producer were controlled by pressure. Simulations 

were run with different injection pressures, and the pressure differences between the 

producer and injector were 0.1, 1, and 3 kPa respectively, as shown as Figure 4.8. It is 

clear that a high pressure difference leads to high oil and gas production. With small 

pressure differences, less oil is produced in the early stage. The reason is that the injected 

solvent under that pressure gradient is not sufficient for the VAPEX startup process, and 

more solvent is needed to communicate between the injector and producer. A slight 

increase of the pressure gradient can cause a large increase in solvent injection. The oil 

production rate is quite small at the beginning, then rises sharply once the producer-

injector communication is established, after which it fluctuates and then gradually 

decreases. From a comparison of the gas rate between the injector and producer, it can be 

concluded that the injected solvent is used to dilute and displace the oil in the early stage, 

which can be demonstrated by the evident difference between the injection and 

production gas rates.  

4.3.4.2 Injection rate control 
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      a. Cumulative oil                                             b.  Cumulative gas  

 

 

 

 

              c. Oil rate (ΔP=0.1kPa)                                d. Gas rate (ΔP=0.1kPa) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 4.8 Effect of injection pressure on VAPEX performance  
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       a. Cum. oil and gas                                       b. Injection and production pressure 

 
c. Oil rate                                                               d. Gas rate 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 4.9 VAPEX performance controlled by injection rate 
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In this case, the injector was controlled by a constant injection rate and the producer 

was controlled by the pressure, as shown in Figure 4.9. Since the solvent was injected at a 

constant rate, the gas was produced steadily. Initially, the injection pressure built up with 

the injection of solvent, and then it tended to maintain a stable value very close to the 

production pressure. As in the case controlled by injection pressure, the oil rate 

experienced an ascension followed by dropping decline. Meanwhile, less gas was 

produced at the early stage, which means more solvent was required to dilute the oil at 

that point.  

      Figure 4-10(a) shows the VAPEX performance with fixed production pressure and 

different injection rates of 0.00072, 0.0135, and 0.135 m
3
/d, respectively. High solvent 

injection rate results in an increase in oil production. However, this does not mean that 

more solvent is optimal. The cumulative oil is enhanced just slightly when the injection 

rate is increased from 0.0135m
3
/d to 0.135m

3
/d, while the produced gas increases greatly. 

Because the extra solvent will just pass by instead of diluting the oil, there is an 

economical and optimal gas injection rate for the VAPEX process. The amount of solvent 

needed for the VAPEX process is determined by the solubility of the solvent in heavy oil. 

Figure 4-10(b) shows the scenarios for the fixed injection rate and different production 

pressures of 797, 790, and 770 kPa, respectively. It was found that the oil production 

reduced slightly with a decrease in production pressure because the solubility decreased 

with the pressure. Also, the time required for the solvent to dilute the heavy oil decreased 

when the pressure difference between the injector and producer was large. This conforms 

with the essence of VAPEX in that it is dominated by mass transfer more than pressure 

displacement. 
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a. Different injection rate and fixed production pressure 

 

 

b. Different production pressure and fixed injection rate 

 

 

 

 

 

Figure 4.10 Effect of difference injection rate and production pressure on VAPEX 

performance in injection–rate controlled case 
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 4.3.5 Dispersion coefficient 

      It is believed that one important mechanism in VAPEX drainage is mixing due to 

diffusion/dispersion. In simulation, it is usually modeled by specifying the diffusion 

/dispersion coefficient for any component with three coordinate directions in STARS
®
. 

       The total dispersion coefficient comprises molecular diffusion and convective 

dispersion, which is modeled with no velocity dependence due to the limitations of the 

simulator. So far, there are different reported views with respect to the effect of 

dispersion coefficient on VAPEX simulation results. Alkindi (2008) pointed out that an 

unrealistic dispersion coefficient is required to match the experimental drainage rate; 

however, this high dispersion coefficient creates an unrealistic concentration profile at the 

mixing layer. In addition, the trend of increasing oil drainage rate with increasing 

dispersion coefficients will not continue indefinitely due to the fact that high coefficients 

will lead to fast solvent movement and insufficient time to reduce the oil viscosity. This 

adverse phenomenon was also observed by Das (2005). Wong (2010) proposed that oil 

production is a function of dispersion coefficient, which follows a logarithmic pattern. In 

order to improve the oil production by a small percentage, dispersion coefficient must be 

increased by a large factor. Cuthiell et al. (2006) stated that dispersion coefficient in the 

direction of flow (longitudinal) is larger than that in the direction perpendicular to flow 

(transverse), and the drainage seems to be insensitive to diffusion/dispersion of the heavy 

component. Therefore, the dispersion coefficient is an extremely uncertain parameter in 

simulation, and a sensitivity analysis is required for each individual case. 

      Table 4.2 summarized some coefficients used for VAPEX simulation in the reported 

literature. Hayduk et al. (1973) proposed a correlation                      to 
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Table 4.2 Reported effective diffusivity coefficients 

 m
2
/s m

2
/day  

Oil phase 2 ×10
-9

 0.0001728 Cuthiell et al.(2006) C4  Aberfeldy oil 

Oil phase 
5 ×10

-10
 0.0000432 Ivory et al. (2009) mixture of CH4, C3H8 and 

CO2, Rush Lake oil 1 ×10
-8

 0.000864 

Oil phase 1 ×10
-8

 0.000864 Zeng et al. (2008a)  C1 and C4 

Oil phase 1.4 ×10
-7

 0.012096 Nghiem et al. (2011) C3 Lindbergh oil 

Oil phase 
1.667×10

-10
 0.0000144 

Deng et al. (2010)  C2~C7  Athabasca oil 
1.667 ×10

-8
 0.00144 
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estimate the effective diffusivity. Based on this correlation and the oil properties, a 

diffusivity of 0.00085m
2
/day was calculated as the reference value in the simulation. The 

effects of dispersion coefficients of solvents in oil phase on VAPEX performance were 

investigated, and the dispersion coefficients in oil phase were set as 0, 0.000085, and 

0.00085m
2
/d, respectively. The results are shown in Figure 4.11. It is noted that the 

estimated oil rates for the dispersions of 0 and 0.000085m
2
/d are almost the same. The 

dispersion coefficient of 0.00085 m
2
/d gave slightly higher oil production. The solvent 

productions remained same for the three cases. The mean dispersion coefficient was an 

insensitive parameter in this study. The possible reason is the limit of finite difference 

simulations. The simulator is actually modeling a larger value of dispersion than the input 

dispersion coefficients with a numerical dispersion. The input dispersion coefficients in 

simulation should be treated as the true physical dispersion coefficients minus a 

numerical dispersion (CMG, 2010). Sometimes the physical dispersion coefficient could 

be less than the numerical dispersion, which makes the dispersion coefficient an 

insensitive parameter. Cuthiell (2006) has suggested that relying on numerical dispersion 

alone to model the actual dispersion in the process sometimes works fairly well.  

4.3.6 Relative permeability 

      Relative permeability is a crucial parameter for evaluating VAPEX performance. 

Different relative permeability curves in simulation have been reported. Wu et al. (2005) 

used linear relative permeability curves in matching their 2-D VAPEX experiment with 

extremely high permeability (1135 Darcy). Deng et al. (2010) used a set of relative 

permeabilities to history match their 120 Darcy sandpack in which the gas permeability 

decreased sharply, and the liquid permeability increase was stable. Also, the endpoints  
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a. Cumulative oil 

 

 
b. Cumulative gas 

 

 

 

 

 

 

Figure 4.11 Effect of dispersion coefficient in oil phase on cumulative oil and gas 

production 
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a. Cumulative oil 

 

b. Cumulative gas 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.12 Effect of water-oil relative permeability on cumulative oil and gas 

production 
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were used as tuning parameters. The most widely used model in the literature to generate 

relative permeability is the Corey exponent-3 correlation,       
  

 , where   
 
 is the 

normalized oil saturation. Based on Zeng et al.’s history match experience (2008a), an 

extremely low gas relative permeability and low oil relative permeability curves were 

used for their 4.5 Darcy 3-D physical model. In the present study, the effects of relative 

permeability curves on VAPEX were examined using the empirical Corey method. 

4.3.6.1 Water-oil relative permeability relationship 

Figure 4.12 shows the performance of cumulative oil and gas under different water-

oil permeabilities (the exponents are 1 and 3, respectively) with the same gas-liquid 

relative permeability set. The simulation results were almost the same. The reason is that 

there is low water saturation in this physical model, and the process is dominated by 

oil/gas flow.  

4.3.6.2 Gas-oil relative permeability relationship 

      The VAPEX process mainly depends on the gas-liquid relative permeability. By 

using the Corey exponent-3 correlation and the different permeability end points, 

different oil relative permeability or gas relative permeability sets can be generated, as 

shown in Figure 4.13(a). The simulation performance with different oil relative 

permeabilities and the same gas relative permeability is shown in Figure 4.13(b). As 

expected, the high oil permeability gave a prominent increase of oil production and little 

reduced gas production. Figure 4.13(c) gives the simulation results with the different gas 

relative permeabilities and the same oil relative permeability. It was found that low gas 

relative permeability led to slightly high oil production because small gas relative 

permeability means slow movement of gas, which allows more time for the mass transfer 
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a. Different liquid relative permeability or gas relative permeability curves  

 

 

b. Effect of liquid relative permeability on cumulative oil and gas production 

 

 

c. Effect of gas relative permeability on cumulative oil and gas production 

 

 

Figure 4.13 Effect of liquid and gas relative permeability on cumulative oil and gas 

production   
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Figure 4.14 Growth of the vapour chamber with/without capillarity effect 
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process. Since the solvents were injected at a constant rate, the produced gases were close 

to each other based on the material balance.  

It can be concluded that relative permeability curves affect the VAPEX simulation 

results greatly and were used as tuning variables in the history matching process. 

4.3.7 Capillary pressure  

Capillary effect plays a significant role in the VAPEX mechanism by enhancing the 

oil-solvent contact area. However, the capillary pressure values were usually set to zero 

in the reported numerical simulation. It seems reasonable due to the large permeability of 

the sandpack. Nevertheless, capillary pressure cannot be neglected, especially when the 

permeability is either small or on a field scale. 

Figure 4.14 shows the growth of the vapour chamber from simulation runs at equal 

time intervals with and without the capillary pressure data (0.1 kPa). The results show 

that as capillary pressure increased, a delay occurred in solvent breakthrough and well 

communication establishment. Due to the presence of capillary pressure, the vapour rose 

up slowly at the early stage, while more vapour moved into the lateral oil to reduce the 

surrounding oil viscosity quickly. As a result, the chamber experienced both vertical and 

horizontal growth. This phenomenon was also observed by Ayub (2007).  

Figure 4.15 shows the capillary effect on VAPEX in terms of the oil drainage rates 

and gas production rates, featuring two scenarios (capillarity pressure 0.1 kPa and 0.2 

kPa). It can be concluded that high capillary pressure affects production positively. The 

reason is that the capillary effect extended the solvent/oil contact area. More oil surface 

was exposed to the solvent, which improved the mixing of oil with solvent, consequently 

increasing the flow rate to produce more oil than the cases with less capillary pressure. 
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a. Oil rate 

 

b. Gas rate 

 

 

 

 

 

Figure 4.15 Oil drainage rates and gas rates with/without capillary pressure 
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This indicates that capillarity leads to less gas production, which means more injected 

solvent is used to dilute oil and helps save solvent gas.  

4.3.8 k value 

Solubility in heavy oil is represented by the k value of each of its components. k 

value can be estimated through experimental data and EOS. In the CMG STARS
®
 

simulation model, k value can be presented in two ways: a k value table or a k value 

correlation. As a function of pressure and temperature, the empirical correlation for k 

value is (CMG, 2010): 

  (    ⁄           )     (   (     )⁄ )     (4.3) 

where T is temperature and P is gas phase pressure. kv1, kv2, kv3, kv4, and kv5 are the 

coefficients for the gas-liquid k value.  

Figure 4.16 shows the simulation results with the different k values. Reducing the k 

value increases the solubility, and, consequently, more solvent can be dissolved into the 

oil to reduce the oil viscosity so that more oil can be produced. Moreover, the injection of 

a low solubility gas results in the rise of injection pressure due to the slow mixing of 

solvent and oil. Therefore, k value is an important tuning parameter for history matching.  

4.4 Chapter Summary 

       In this chapter, the numerical simulation model of a 2-D VAPEX test was established, 

and the corresponding parametric sensitivity analysis was conducted to investigate the 

effect of the uncertain parameters on VAPEX performance. The results indicate that WI 

and dispersion coefficient are insensitive parameters in this study. Once the grid size and 

time step are determined, relative permeability, capillary pressure, and k value can be 

used as the tuning parameters in the history matching. 
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Figure 4.16 Effect of k value on oil production and injection pressure 
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CHAPTER 5 AN IMPROVED GENETIC ALGORITHM-BASED 

AUTOMATIC HISTORY MATCH METHOD 

 

5.1 Introduction to Automatic History Matching 

      In reservoir engineering, history matching is defined by finding a set of model 

parameters that minimize the differences between calculated and observed measurement 

values like pressure and fluid-production data (Schulze-Riegert, 2002). Before a reservoir 

model is capable of and accepted as predicting future performance of a process, history 

matching is an essential step. In this step, the simulation models are calibrated by 

adjusting some parameters so that the simulated results match the past production 

observations. History matching is not only a difficult problem, but also a non-unique 

inverse problem, which means multiple acceptable history matched models could be 

achieved through various combinations of model parameters. Therefore, uncertainty is 

associated with the history match process. 

      History matching can be carried out either manually or automatically on computers. 

Manual history matching, usually a trial-and-error process, is difficult and often 

painstaking because process behaviour is complex and the parameters to be estimated 

might be highly interactive (Yang, 1991). Also, manual history matching requires a great 

deal of experience and depends heavily on personal judgment and budget. Therefore, 

automatic history matching is a very attractive tool for estimating uncertain properties.   

      Since the very first attempts in 1960 by Kruger to calculate the areal permeability 

distribution of a reservoir, automatic history matching has being developed and applied in 

petroleum engineering for more than 50 years. In automatic history matching, the optimal 
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theory is usually used to minimize a performance index or objective function, and 

estimates are chosen as those parameter values with the minimal performance index. 

Obviously, the optimization algorithm is very important in automatic history matching. 

There are two key considerations in history match algorithms: robustness and efficiency 

(Watson, 1986). By robustness, the algorithm should converge to a minimum from any 

reasonable initial guess. To be efficient, it must obtain the minimum value of the 

performance index with a reasonable amount of computational effort. Since there are a 

large number of unknown parameters involved in history-matching problems, the 

efficiency of the numerical minimization algorithm is a key concern. Another issue is that 

history-matching problems are typically ill-conditioned. Many sets of parameter 

estimates could yield nearly identical matches of the data, as mentioned previously. To 

ensure that reliable estimates for all parameters are obtained, it is desirable to restrict the 

range of investigation to that considered reasonable by the engineers. This can be 

accomplished by including parameter-inequality constraints. In addition to improving the 

reliability of the history matches, such constraints can improve the efficiency further by 

restricting the algorithm from searching ranges of parameter values that are not 

considered realistic (Watson, 1986). 

      Over the years, a number of history-matching algorithms have been proposed. 

Generally, these algorithms can be categorized into two groups: 1) gradient-based 

methods such as the Gaussian-Newton method (Thomas, 1972), Levenberg-Marquardt 

algorithm (Reynolds, 2004) and 2) gradient-free methods including genetic algorithms 

(GAs) (Castellini, 2005) and simulated annealing (SA) algorithms (Sultan, 1994).  In 

order to obtain the gradient search direction, the gradient of the objective function is 
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required and can be obtained by using an adjoint equation (Li, 2001) or by computation 

of the sensitivity coefficient (Tan, 1992). Generally speaking, the gradient-based 

algorithms are efficient. However, the computation of the gradient becomes expensive 

when the models have a large number of parameters. Moreover, these methods might get 

stuck in a local optimum and provide a single solution despite the fact there are multiple 

acceptable solutions for the multidimensional, nonlinear optimization problem. 

Compared to the gradient-based algorithms, gradient-free methods have several 

advantages: 1) they have the potential to leave local optima and investigate the global 

search space; 2) their global optimizers show good performance in nonlinear cases and in 

complex reservoir; 3) the estimated parameters can be selected flexibly; 4) the variability 

of models that equally generate acceptable solutions for the history matching problem can 

be qualified; 5) the global optimizer will allow a combination of several different types of 

algorithms, such as a combination of simulated annealing with genetic algorithms, etc. 

(Silva, 2006) or a gradient method with a global optimization method (Mantica, 2001; 

Schulze-Riegert, 2003). However, there are also challenges related to the global 

optimizers. For realistic applications to history matching, there are no general criteria 

regarding whether a global optimum is found. Since the optimization algorithms in the 

automatic history match are always connected with simulators, the global optimization 

requires a large number of function calls, which means a large number of simulation runs 

and large computational effort.  

In this study, an improved GA-based automatic history match method was developed 

to history match the VAPEX experiments. GA is a search method based on the principles 

of natural genetics and selection. One of the advantages of GA is that it only uses the 
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values of the objective function and no derivation computation is required. Also, in most 

cases, GAs can find the global optimum solution with a high probability. However, this 

method is usually inefficient and computationally demanding. Therefore, in order to 

improve the computational efficiency, a population manipulation database and artificial 

neural network (ANN) were incorporated with a GA to avoid repeated computations, 

save the running time, and increase the searching range. Also, the controlling parameters 

such as crossover rate and mutation ratio were optimized to accelerate the convergence 

speed of the GA.  

5.2 Objective Function  

In VAPEX history matching, uncertain or unknown parameters are estimated to 

minimize an objective function so that a good fit between the experimental data and 

simulation data can be achieved. The objective function, E, is defined as follows:  

   ∑ [  (   
       

   )
 
   (  

      
   )

 
]        (5.1) 

where the superscripts sim and exp represent the simulated and experimental quantities, 

respectively; the subscript i represents the value at time point i; n is the total number of 

samples;  P is the pressure drop;     is the cumulative production; and wo and wp are the 

corresponding weighting factors. 

5.3 Representation of tuning parameters  

5.3.1 Relative permeability 

      There are two key aspects of the permeability model: the model should have 

sufficient degrees of freedom and be capable of modeling the real data shape, and the 

model should be easy to control with limited parameters during the history match process. 

      1)  Corey model 
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      The Corey correlation, also called the power-law or exponential function, is the most 

widely used functional representation of the relative permeability curve in history 

matching; it can be expressed as: 

kri = k
0

ri (S i *)
ni

          (5.2) 

where kri is the relative permeability of phase i (i=n, w), k
0

ri is the endpoint value, and ni 

is the corresponding exponents. The reduced saturation of phase i, Si*, is defined as: 

   
  

      

         
          (5.3)       

where Srw and Srn are the residual saturation of the wetting and nonwetting phase, 

respectively. For the Corey model, four unknown parameters,    
 ,    

 ,   , and    are 

considered in the history matching. 

      2)  Spline model 

      Spline models describe the relative permeability with polynomial or cubic spline 

functions by selecting a series of knots points. B-splines, a particularly convenient form 

of polynomial splines, have been used to represent the relative permeability functions in 

various studies (Richmond et al., 1990; Sun et al., 2005). Cubic spline is another good 

choice for representing relative permeability because, with a sufficient number of knots, 

they can accurately represent any continuous function. Also the cubic spline function is 

the lowest-order spline that yields visual smoothness. In a cubic spline, the complete 

curve is divided into a number of intervals, with the relative permeability given by a 

different cubic function of saturation within each interval (Kerig and Watson, 1987). The 

continuity of the function and its first and second derivatives is maintained at each of the 

points where the spline segments are joined (referred to as knots). This function can be 

symbolized as: 
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                                (5.4) 

                

where   is the number of spline segments. In order to make sure the curve is monotonous, 

some nonlinear inequality constraints are required in the history matching, taking four 

segments as examples: krog4> krog3 >krog2> krog1, and krg1 > krg2> krg3> krg4, 

including eight unknown parameters.  

      3) LET method 

      A new versatile correlation has been proposed by Lomeland et al. (2005) to represent  

relative permeability with three parameters L, E, and T.  The correlation for an oil-gas 

system is: 
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where     is the normalized gas saturation and    
  and    

   are ending points for the oil 

and gas relative permeability curve. The parameters L, E, and T are empirical while only 

swi, sorg, etc. have direct physical meaning (Lomeland et. al, 2005). The parameter L 

describes the lower part of the curve, and by similarity and experience, the L-values are 

comparable to the appropriate Corey parameter. The parameter T describes the upper part 

of the curve, and the parameter E describes the position of the slope of the curve. 

Experience using the LET correlation indicates that the parameters, L, E, and T, are 

empirical parameters,    ,     and      . In history matching,     
 ,   

 
,   

 
, and 
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 are used as tuning parameters for the oil curve and    
 ,   

 ,   
 , and   

  could be used 

for the gas curve, which are totally eight unknown parameters need to be estimated. 

      4) Comparison of three relative permeability models 

      The advantage of the Corey correlation is its simple format. It has only a few 

parameters to be optimized. However, as pointed out by other researchers (Kerig and 

Watson, 1987), a simple functional form might result in significant deviation of the 

predicted flow performance from the experimental data and be unable to describe some 

complex behaviour of relative permeability through the whole saturation range. 

Compared to the Corey correlation, the Spline function is much more flexible via 

choosing a series of knot points. The increased unknown parameters, especially the 

included constraint condition, result in significantly expensive computational cost and 

can lead to the numerical stuck problem. Sometimes the generated curve might not 

smooth, leading to the simulation stability problem. The LET correlation adopts three 

parameters and adds more degrees of freedom to accommodate the shape of the required 

relative permeability curves. Compared to the Spline model, this method is much 

smoother, more straightforward, and can be manipulated easily.  

5.4.2 Capillary pressure 

      The Corey-type model for capillary pressure takes the following form (Brooks, 1966): 

      (   )
            (5.8) 

where    is the capillary pressure,     is the entry capillary pressure, and    is the 

corresponding exponent.     represents normalized water saturation,      or liquid 

saturation,    . However, this formula gives an infinite value as the water/liquid 
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saturation reaches its residual saturation. Therefore, a modified form was used to 

represent the capillary pressure (Sun and Mohanty, 2005): 

    (     )
            (5.9) 

where B is the lower bound of capillary pressure and the upper bound (capillary pressure 

at residual wetting-phase saturation) is the sum of A and B. The shape of the curve is 

determined by   . If the lower bound is set as zero, the capillary pressure is described by: 

               (     )
          (5.10) 

      The range of   can be estimated by equation    
      

 
, and   √  ⁄ .   is the 

interfacial tension,   is the contact angle, k is the permeability, and   is the porosity. 

5.4 Optimization Tool 

      In this study, the GA, population manipulation database, and ANN method were 

integrated together to minimize the objective function. The workflow is shown in Figure 

5.1. The optimization modules and the interaction between the commercial simulator 

STARS
®
 and the optimization modules were programmed through the computer software 

MATLAB, shown in Appendix A. 

5.4.1 Genetic algorithm  

      A GA is started with a series of initial populations, which represent the possible 

solutions to the problem as a genome (or chromosome). Then, in order to find the best 

solution, genetic operators use three main types of rules at each step to create the next 

evolved generation from the current population: selection, crossover, and mutation. 

Selection is used to choose the parents for the next generation. The next generation is 

created through three ways: (1) some individuals with the best fitness values, called elite 

children, are guaranteed to survive to the next generation; (2) crossover; (3) mutation.  
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Figure 5.1 Workflow chart of automatic history match algorithm 
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Both crossover and mutation are very important to the GA method. Crossover enables the 

algorithm to extract the best genes from different individuals and recombine them into 

potentially superior children. Mutation adds the diversity of a population and increases 

the likelihood that the algorithm will generate individuals with better fitness values.  

    1) Initial population  

A set of initial populations is chosen randomly from the search space. The population 

size can significantly affect the performance of the GA. If the population is too small, it is 

not likely to find a good solution for the problem at hand. Increasing the population size 

enables the genetic algorithm to search more points and, thereby, obtain better results. 

However, if the population is too large, the GA will waste time processing unnecessary 

individuals, and this might result in unacceptably slow performance. It is suggested that 

the population size is at least the same value as the number of variables (Mathworks, 

2012a). Usually, the size of the population is taken as 2–4 times the number of design 

variables. De Jong’s experiments (1975) indicated that the best population size was 50-

100. Grefenstette (1986) found the best performance had a population size of 30. Schaffer  

(1989) believed a population size from 20 to 30 is best.  

      Depending on the different relative permeability model used and the capillary 

pressure model, there are 4-8 possible unknown parameters needs to be estimated in this 

study, shown in Table 5.1. Since the population size is related to the convergence quality 

of the GAs and the duration of their runs and depends on the nature of the problem, 

different population sizes of 25, 50, and 100 respectively, were investigated. The initial 

population was generated uniformly. The performances of different population sizes were 

compared in term of the fitness function under the same total run. The amount of total  
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Table 5.1 The unknown parameters to be estimated in the history match 

Waterflood 

process 

Corey Parameter    
         

     

Range 0.01-1 1-10 0.01-1 1-10 

Spline Parameter                                             

Constraint 
                   ,                    

      
LET  Parameter    

    
    

    
      

    
    

    
  

Range 0.01-1 1-20 0-50 0.5-20 0.01-1 1-20 0-50 0.5-20 

VAPEX 

process 

Corey Parameter    
        

           

Range 0.01-1 1-10 0.01-1 1-10 0-5.1 1-10 

Spline Parameter                                            

Range 
                                

              
0-5.1 1-10 

LET  Parameter    
    

    
    

    
 

   
 

   
 

         

Range 0.01-1 0-50 0.5-20 1-20 0-50 0.5-20 1-20 0-5.1 1-10 

      Note:     
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runs was determined as the product of the population and generation. Therefore, 

generations of 16, 8, and 4 were set, respectively corresponding to the population sizes of 

25, 50, and 100. Figure 5.2 shows the sensitivity results of the population. It can be seen 

that the large population size (100) does not improve the performance of the GA, and the 

population size of 25 is reasonable due it having the lowest fitness score and running time.  

      2) Fitness scaling 

       After a population is initialized, the fitness value for each member of the current 

population is computed. The fitness function converts the raw score of the objective 

function into a value in a range that is suitable for the selection function because the 

range of fitness score will affect the performance of the GA. If the range is large, an 

individual with a high score could be reproduced quickly, which leads to a limited search 

space and fast convergence. On the contrary, if the fitness scores do not change much, the 

chances for reproducing the individuals are almost same. As a result, the search will 

progress slowly. Fitness scaling functions include rank scale, proportional scale, and shift 

linear scale. In this study, the ranking scale is used. Based on the raw score of each 

individual, individuals are ranked. The fittest individual is 1, the next fittest is 2, and so 

on. The advantage of this method is to remove the effect of the spread of the raw scores. 

      3) Selection 

      The selection rules choose parents for the next generation based on their scaled values 

from the fitness function. An individual can be selected more than once as a parent, in 

which case it contributes its genes to more than one child. Selection has to be balanced: 

too strong of selection means that suboptimal-fit individuals will take over the population, 

reducing the diversity needed for further change; too weak of selection results in slow  
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Figure 5.2 Sensitivity analysis of population size in terms of the best fitness function and 
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evolution (Mitchell, 1996). The selection functions include stochastic uniform, remainder, 

roulette, and tournament. Roulette simulates a roulette wheel with the area of each 

segment proportional to its expectation. The algorithm then uses a random number to 

select one of the sections with a probability equal to its area. Remainder assigns parents 

deterministically from the integer part of each individual's scaled value and then uses 

roulette selection on the remaining fractional part. Stochastic uniform lays out a line in 

which each parent corresponds to a section of the line of a length proportional to its 

expectation. The algorithm moves along the line in steps of equal size, one step for each 

parent. At each step, the algorithm allocates a parent from the section it lands on. 

Tournament selects each parent by choosing individuals at random, and then choosing the 

best individual out of a set to be a parent. The performances of these four methods in this 

study are examined in term of fitness score while other operational parameters are the 

same, as shown in Figure 5.3. The lowest fitness score is achieved with stochastic 

uniform selection method, which was used as selection strategy in this study. 

      3) Selection 

      The selection rules choose parents for the next generation based on their scaled values 

from the fitness function. An individual can be selected more than once as a parent, in 

which case it contributes its genes to more than one child. Selection has to be balanced: 

too strong of selection means that suboptimal-fit individuals will take over the population, 

reducing the diversity needed for further change; too weak of selection results in slow 

evolution (Mitchell, 1996). The selection functions include stochastic uniform, remainder, 

roulette, and tournament. Roulette simulates a roulette wheel with the area of each 

segment proportional to its expectation. The algorithm then uses a random number to 
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select one of the sections with a probability equal to its area. Remainder assigns parents 

deterministically from the integer part of each individual's scaled value and then uses 

roulette selection on the remaining fractional part. Stochastic uniform lays out a line in 

which each parent corresponds to a section of the line of a length proportional to its 

expectation. The algorithm moves along the line in steps of equal size, one step for each 

parent. At each step, the algorithm allocates a parent from the section it lands on. 

Tournament selects each parent by choosing individuals at random, and then choosing the 

best individual out of a set to be a parent. The performances of these four methods in this 

study are examined in term of fitness score while other operational parameters are the 

same, as shown in Figure 5.3. The lowest fitness score is achieved with stochastic 

uniform selection method, which was used as selection strategy in this study. 

      4) Crossover 

      Crossover combines two individuals or parents in the current generation to form a 

new individual or child for the next generation. The crossover functions include scattered 

crossover, single-point crossover, two-point crossover, intermediate crossover, and 

arithmetic crossover. Single-point crossover chooses a random integer n between 1 and 

the number of variables. Then, the vector entries numbered less than or equal to n from 

the first parent are selected, and genes numbered greater than n from the second parent 

are selected. Thus, a new chromosome is generated through combining the selected genes 

from the two parents. In two-point crossover, two positions are chosen at random, and the 

segments between them are exchanged. Scattered crossover creates a random binary 

vector. It then selects the genes where the vector is a 1 from the first parent and the genes 

where the vector is a 0 from the second parent and combines the genes to form the child.  
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Figure 5.3 Sensitivity analysis of selection function in term of the best fitness function 
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Intermediate creates children by a weighted average of the parents. Intermediate 

crossover is controlled by a single parameter, Ratio: child1 = parent1 + rand * Ratio * 

(parent2 - parent1). Ratio is a scaling factor chosen uniformly at random over some 

interval, typically [-0.25, 1.25] (Chipperfield, 1994). Arithmetic crossover creates 

children that are the weighted arithmetic mean of two parents. The performances of 

different crossover functions are investigated and shown in Figure 5.4. The lowest fitness 

score is obtained with the single-point crossover method. Another advantage of this 

method is some good patterns will not be damaged easily due to the crossover, so it was 

used in this study. 

      5) Mutation  

      Mutation creates a child by applying random changes to a single individual in the 

current generation, which provides genetic diversity and enables the GA to search a 

broader space. Mutation functions include Gaussian, uniform, and adaptive feasible 

mutation. In Gaussian mutation, random numbers are taken from a Gaussian distribution 

centered on zero. Uniform mutation is a two-step process. Only part of the individual is 

selected for mutation with a certain mutation rate, which is replaced by a random number 

selected uniformly. However, these two functions are applicable to the unconstrained 

problem. Therefore, adaptive feasible mutation was used in this work because of the 

constraint problem to be solved. This method randomly generates directions that are 

adaptive with respect to the last successful or unsuccessful generation. A step length is 

chosen along each direction so that linear constraints and bounds are satisfied.  

      6)  Control parameters 

      Crossover rate and mutation rate have a significant effect upon GA performance. 
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Figure 5.4 Sensitivity analysis of crossover function in term of the best fitness function 
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Crossover rate specifies the fraction of the next generation, other than elite individuals, 

that are produced through crossover. If the crossover rate is too high, high-performance 

structures are discarded faster than selection can produce improvements. If the crossover 

rate is too low, the search might stagnate due to the lower exploration rate (Grefenstette, 

1986). The mutation rate should be low. A high level of mutation results in a random 

search. De Jong (1977) suggested a good GA performance should have a crossover rate 

of 0.6 and a mutation rate of 0.001. Schaffer (1989) concluded that crossover rates from 

0.75 to 0.95 and mutation rates ranging from 0.005 to 0.01 were best. Grefenstette (1986) 

used 0.95 and 0.01 as a crossover and mutation rate in his study. Hart and Belew (1991) 

proposed that the control parameters were problem-dependent or at least dependent upon 

the fitness function. A range of 0.05 to 0.35 was recommended for mutation rates by 

Haupt (1998) based on a sensitivity analysis. In the present study, 5 crossover rates (0.4, 

0.5, 0.6, 0.7, 0.8, and 0.9) and 5 mutation rates (0.005, 0.01, 0.05, 0.1, 0.15, and 0.2) were 

investigated. Instead of testing all the possible combinations of the crossover and 

mutation rates at each level (6
2
), 12 runs were designed through nearly-orthogonal array 

(NOA) technique so that the associated computation costs could be greatly reduced. 

Gendex DOE Toolkit was used to generate the orthogonal arrays and the corresponding 

12 sets of controlling parameters. The run results are shown in Table 5.2, which indicates 

that the combination of crossover rate of 0.8 and mutation rate of 0.2 is optimal due to 

having the lowest fitness score. 

7) Termination  

      The optimization process can be stopped under the following conditions: 
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Table 5.2  Sensitivity analysis of crossover rate and mutation rate 

 

Crossover 

rate 

Mutation 

rate 

Best fitness 

function 
Elapsed time/d 

Run1 0.4 0.1 1450.33 1.07 

Run2 0.9 0.005 1140.01 1.20 

Run3 0.8 0.01 1841 1.40 

Run4 0.9 0.1 2262.14 1.17 

Run5 0.4 0.15 1598.87 1.37 

Run6 0.6 0.05 2084.93 1.03 

Run7 0.5 0.05 1430.62 0.82 

Run8 0.6 0.01 2683.45 1.11 

Run9 0.8 0.2 1044.65 1.15 

Run10 0.5 0.005 2066.2 1.04 

Run11 0.7 0.2 3644.67 1.03 

Run12 0.7 0.15 1087.23 1.09 
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 The maximum number of generations: the algorithm stops when the maximum 

number of generations is reached. 

 Fitness limit: the algorithm stops when the value of the fitness function for the 

best point in the current population is less than or equal to the fitness limit. 

 Stall generations: the algorithm stops when the weighted average change in the 

fitness function value over the stall generations is less than the function tolerance. 

 Stall time limit: the algorithm stops if there is no improvement in the objective 

function during an interval of time in seconds equal to the stall time limit. 

      The generation number is an iteration-based stopping criterion. Fitness limit, stall 

generation, and stall time limit are function-based stopping criteria, which mean the 

function changes within certain time or generation are small enough or the fitness score 

for the best point itself is small enough.  

5.4.2 Population database 

       In order to avoid the repeated computation costs, a database is developed to record 

the GA population and their corresponding scores which have been obtained. As each 

individual needs to be calculated, this database is read first to check whether there is a 

matched record existing in the database (the precision can be set in the programming). If 

yes, the fitness score is read directly from the population database; if not, the external 

simulation is initialized and the final calculated fitness score will be recorded into the 

database with the corresponding individual. As a result, the computation time can be 

saved. Also, this database is quite useful when the running process might be interrupted 

by accidents. It is not necessary to restart optimization from the beginning; rather, the 

scores can simply be read directly from the database.  
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5.4.3 Artificial neural network (ANN)   

      ANN has been developed for more than sixty years since the first attempt by 

McCulloch and Pitts in 1943. Artificial neural networks are multiprocessor computational 

models inspired by biological neural networks such as brains. A neural network consists 

of a large number of highly interconnected processing elements (artificial neurons), 

which is described by the number of neurons and layers and their connectivity. Through 

neurons and connectivity weights, the relationships between inputs and outputs are 

modeled. That is to say, the outputs can be expressed as the function of the inputs and 

weights. The weights represent the strength of the respective signals. 

      Before a neural network is ready to be used, it must be trained to make it acceptable 

for future forecasting. In a neural network, the input information is computed by a 

mathematical function called an activation function, which converts a neuron's weighted 

input to its output. This neuron output will be transferred to its neighbouring neurons.  

Then, the final output is sent out and compared with the target. The weights of the 

artificial neuron connections are adjusted to ensure the network output matches the target, 

which is called the learning process. Usually, a sample training data set is used to modify 

the weight connections based on a comparison between the target and output. If an ANN 

is quite complicated, consisting of hundreds or thousands of neurons, an algorithm might 

be required to determine the proper weights, which is called the train function.  

      1)  Data preparation 

      In this study, the data collected to develop the ANN model were the records in the 

population database, which are obtained by running the GA method. The input variables 

are the unknown parameters specified in the GA optimization while the targets are the 
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fitness score generated in the GA, which represents the difference between the 

experimental data and simulation data.  

      2) Network architecture 

      Existing neural network architectures can be divided into three categories: feed-

forward, feed-back, and self-organizing neural networks (Karayiannis & 

Venetsanopoulos, 1993). The feed-forward back-propagation (BP) multilayered neural 

network is the most commonly used architecture and is recommended for most 

applications because a feed-forward network with one hidden layer and enough neurons 

in the hidden layer can fit any finite input-output mapping problem (Beale et al., 2010). 

Also, it has been reported that every continuous function of many variables can be 

computed by a network with two layers based on the Kolmogorov theorem (Kahane, 

1975). Hence, a two-layer feed-forward neural network was utilized in this study, as 

shown in Figure 5.5. 

      The number of neurons in the hidden layer is an important factor, and the network is 

sensitive to it. Too few neurons can make the problem difficult to be fitted. A larger 

numbers of neurons in the hidden layer can give the network more flexibility because the 

network has more parameters to be optimized. However, too many neurons can 

contribute to overfitting, in which all training points are well fitted but the fitting curve 

oscillates wildly between these points (Beale et al., 2010). Therefore, the layer size 

should be increased gradually. For a simple problem, the number of hidden neurons is set 

to about 10. If the network training performance is poor, this number can be increased. 

For complex cases, this number can be increased to 20 or more (Beale et al., 2010). In 

this study, a hidden layer with 20 neurons was used. 
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Figure 5.5 Network architecture of two-layer feed-forward neural network 

 

Final 

optimizatio

Yes No Output 

layer 

In

pu
Hidde

n 

layer 

Ou

tpu

t 

 

 

 



87 
 

      3) Activation function 

      Activation or transfer function affects the connection between the neurons. The net 

input, a combination of inputs and their respective weights, is passed through the 

activation function and produces the output so that nonlinearity is introduced into the  

neural network. There are various types of activation functions such as sigmoid, linear 

(ramp), hard limit, and Gaussian functions. It is believed that a two-layer feed-forward 

network with a sigmoid transfer function in the hidden layer and a linear transfer function 

in the output layer can fit multi-dimensional mapping problems arbitrarily well (Beale, 

2010). The sigmoid function is given by:  ( )  
 

     
, and the linear function is 

expressed by  ( )   . Hence, sigmoid and linear functions are used in this study. 

      4) Training function 

      During the training process, a good set of weights is required to be matched to the 

outputs and targets. A feed-forward back-propagation multilayered neural network means 

that the artificial neurons are organized in layers and send their signals ‘forward’, and 

then the errors are propagated backwards. The error is computed by comparing the actual 

and desired output vectors for every case (Rumelhart, 1986). In order to ensure that the 

output vector produced by the network for each input vector is the same as (or 

sufficiently close to) the desired output vector, the error should be minimized. There are 

various training functions including the Levenberg-Marquardt, Scaled Conjugate 

Gradient, Gradient Descent, and so on (Beale, 2010). Among these methods, Levenberg-

Marquardt is the fastest training function. Also, this method performs better on nonlinear 

regression problems than on other problems. Therefore, the Levenberg-Marquardt 

method was selected as the training function in this study due to its efficiency. 
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      In order to improve the training quality, the sample data is divided into three subsets: 

a training set, validation set, and test set, respectively. The training set is used for 

computing the gradient and updating the network weights. At the same time, the error on 

the validation set is monitored to avoid the overfitting problem (Mathworks, 2012b). The 

typical symptom of overfitting is that validation error decreases initially and increases 

after several iterations, and then the training is stopped. The test set is used to check the 

model after the training. Ultimately, a good network is usually achieved when the 

performance of all three sets is satisfied. Figure 5.6 shows an example of the regression 

results of the three subsets during the training.  

      5)  Application of the ANN model 

      After the ANN model is trained and tested, it is ready to be used. In this research, the 

ANN could be used in two ways. Due to the complexity of the modeling of the VAPEX 

experiments, some simulation might take long time, especially for the experiments that 

lasted a couple of weeks or more. Consequently the majority of computation time was 

mainly dominated by the simulation modeling. In this situation, the ANN could be used 

as pre-screen method. The fitness score for each individual is calculated firstly through 

trained ANN model. Then, only the qualified individuals are submitted to the simulator to 

get accurate results. As a result, the computation efficiency can be increased. In addition, 

the ANN can be used to increase the optimization searching range. Monte-Carlo method 

is used to generate ten thousands of individuals or even more which can cover a wider 

searching range than that of GA. These individuals are input into the trained ANN to 

obtain the fitness score instead of using a GA. Based on the calculated fitness score, the 

individuals are sorted, and the top 3 individuals are input into the simulation model to  
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Figure 5.6 An example of regression results of three subsets during the training process 
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Figure 5.7 Comparison between conventional GA and modified 
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check whether the final result optimized by the GA is the best. 

5.5 Performance Validation of Automatic History Match Method 

 5.5.1 Efficiency      

      The performance of the modified GA-based method was examined by comparing it to 

the conventional GA in terms of the running time for history matching Test 1 with the 

same parameters. Several simulation runs were conducted for both the conventional GA 

and modified GA methods, and the statistic average running times are shown in Figure 

5.7. Obviously, the computation time was saved significantly, reduced from 4.5 days with 

the conventional GA to 1.3 days with the modified GA method. This means the modified 

GA algorithm can improve the computation efficiency and the optimized solution could 

be achieved with less CPU time. 

5.5.2 Effectiveness 

The automatic history match algorithm was used to match three 2-D experiments, 

Tests 1-3, so that its capability was validated. The tuning parameters included the relative 

permeability and capillary pressure. These three tests were dry runs. Propane was injected 

into the oil-saturated sandpack at the pre-specified operating pressure. The injection rate 

and production pressure were employed as operational constraints. The linear oil-water 

relative curve was used due to its insensibility in the VAPEX process. The results of 

tuning parameters in the history match of each test are shown in Appendix B. The history 

match performance was evaluated by calculating the error between the simulation and 

experiment, which is defined as: 

      
∑ |         |
 
   

∑     
 
   

        (5.11) 

      1)  Test 1 
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      The history matched results of Test 1, and the gas-oil relative permeability curve, as 

well as the capillary pressure curve, used in the simulation are shown in Figure 5.8. 

Because of the high permeability of 417 Darcies of the sandpack, the capillary pressure is 

small in the numerical simulation. It can be seen that the injection pressure in the 

simulation was the same as that in the experiment, which was 800k Pa. The simulated 

cumulative oil production in Test 1 was also in good agreement with the experiment with 

an error of 0.65%.  

       2) Test 2 

      The permeability in Test 2 was less than that in Test 1. The history matched results of 

Test 2 and the gas-oil relative permeability curve, as well as the capillary pressure curve, 

were shown in Figure 5.9. Higher capillary pressure was required in Test 2 to achieve a 

better history match compared to Test 1. Excellent agreement between the simulation and 

experiment was achieved with an error of 0.57%. 

      3) Test 3 

      In Test 3, the producer and injector are located at the left corner and the middle of the 

right side of the sand pack, respectively. The permeability was 9.2 Darcies, which is 

about 1/12 of the permeability in Test 2. In order to speed up the communication between 

the injector and producer, a large pressure difference was required in the early stage. The 

history matched results are shown in Figure 5.10. The results show an error of 0.65% in 

cumulative oil production. 

 5.6 Chapter Summary 

       In this chapter, a GA-based automatic history match method was developed by 

integrating a population manipulation database and an ANN with the GA to improve the 
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computation efficiency. The key controlling parameters in the GA were also optimized 

through orthogonal arrays. This developed automatic history matching method was 

validated by history matching three 2-D VAPEX experimental results. An excellent 

match between the simulation data and experimental data was achieved, with the error 

being less than 1%. Thus, the proposed automatic history match algorithm is very 

effective and was suitable to be used for VAPEX upscaling studies, as described in the 

next chapter.  
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a. Fitness value for each generation 

 

b. Cumulative oil production and injector bottomhole pressure  

c. Relative permeability and capillary pressure curve in numerical simulation of Test 1 

 

 

 

Figure 5.8 History match performance of Test 1  
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a. Fitness value for each generation 

  

b. Cumulative oil production and injector bottomhole pressure  

 

c. Relative permeability and capillary pressure used in numerical simulation of Test 2 

 

 

 

Figure 5.9  History match performance of Test 2  



96 
 

 

a. Fitness value for each generation 

 

b. Cumulative oil production and injector bottomhole pressure  

 

c. Relative permeability and capillary pressure used in numerical simulation of Test 3 

 

 

 

Figure 5.10 History match performance of Test 3  
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CHAPTER 6 UP-SCALING STUDY OF VAPOUR EXTRACTION 

PROCESS THROUGH NUMERICAL SIMULATION 

 

In this chapter, the capability of numerical simulation to predict the up-scaled 

VAPEX performance is investigated through up-scaling a 2-D VAPEX test (Test 4) to 

the 3-D VAPEX test, and the associated uncertainty is analyzed to improve the prediction 

performance. Also, the performance of analytical methods and the numerical simulation 

are compared based on the predicted 3-D test results.  

6.1 Analytical Up-scaling 

In the 2-D and 3-D tests, the stable gravity drainage oil production rates were 12 and 

6492 ml/day, respectively. Before the investigation of the numerical simulation method 

in the VAPEX up-scaling, an analytical model was applied to predict the VAPEX 

performance in the 3-D test based on the 2-D test results. The analytical solution was 

later compared with the results from the numerical simulation. 

The different up-scaling analytical methods and corresponding equations were used to 

calculate the up-scaled VAPEX performance, and the results are shown in the Table 6.1. 

The modified Butler-Mokrys model (Eq. 2.8) is named herein as Model I, the quadratic 

model proposed by Yazdani and Maini (Eq. 2.9), with an exponent of 1.26, is named as 

Model II, and the Nenniger-Dunn correlation (Eq. 2.10) is named Model III. Compared to 

the measured data in the 3-D test, the oil drainage rates were underestimated by the 

analytical models. Model II gave the highest predicted oil drainage rate, while Model I 

gave the lowest, which was almost forty percent of the measured data. Clearly, a large 

gap existed between the analytical solution and the experimental data.  
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Table 6.1 Predicted oil production rate with different analytical models 

 Model I Model II Model III Measured data 

Drainage rate, ml/day 2647 4172 3120 6492 
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6.2 Numerical Upscaling 

6.2.1 Numerical simulation model      

      The numerical simulation model was established based on Test 4 and tuned to predict 

the 3-D VAPEX performance, shown in Figure 6.1. All properties of the simulation 

model and operational constraints were consistent with the experimental parameters. The 

injector and producer were positioned across the diagonal of the model. Mixed solvent 

was injected after the initial waterflooding process.        

6.2.2 History match of 2-D VAPEX test 

      Since there are two stages – waterflooding and solvent injection – involved in the 

process, the history matching also includes two steps: 1) history matching of the 

waterflooding process and 2) history matching of the VAPEX process.  

1) Waterflooding 

      In the waterflooding process, the water was injected at a constant rate of 20 cm
3
/hr, 

and the production well was produced at atmospheric pressure. Figure 6.2 shows the 

history matched waterflooding results in terms of cumulative oil production and injection 

pressure. It can be seen that the cumulative oil production demonstrated an excellent 

match between the simulation and experiment. The injection pressures showed similar 

tendencies; however, a difference was evident in the early period. In the simulation, the 

injection pressure initially built up and then dropped down rapidly while in the 

experiment, higher injection pressure was exhibited and was maintained at a high value 

and then dropped down. This was mainly because the simulation model was fully 

homogeneous, which is actually unable to be realized in the physical model due to the 

sandpacking technique. The water breakthrough could be retarded and higher injection  
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Figure 6.1 Illustration of 2-D simulation model in up-scaling study 
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a. Cumulative oil production 

 

b. Injection pressure 

 

 

 

 

 

Figure 6.2 History match of waterflooding process in terms of cumulative oil production 

and injection pressure 
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pressure was observed when a low permeability zone was present. 

2) Water flooding + solvent injection 

      Waterflooding lasted 24 hours, and then solvent injection commenced. A mixture of 

n-butane and methane was injected at a constant rate 80 cm
3
/ hr. A pressure constraint of 

310 kPa was used with the producer. The history match results are shown in Figure 6.3. 

Although the solvent injection pressure was in good agreement with the experimental 

data, a misfit existed between the simulated and observed cumulative oil production, 

especially in the early stage, which was dominated by solvent diffusion and dispersion.  

      There were two main discrepancies between the physical experiment and the 

simulation: 1) there was a lower oil production rate during the early stage of VAPEX in 

the simulation, which led to a time lag for gas breakthrough, as shown in Figure 6.3 (a); 

and 2) more water was produced during the early stage of VAPEX in the simulation than 

in the experiment, as shown in Figure 6.3 (b). In the simulation, about 52 cm
3
 water was 

displaced in the early stage of solvent injection, which was the amount of all mobile 

water after waterflooding. However, in the laboratory test, only 12 cm
3
 of mobile water 

was obtained via the solvent injection process, and the rest of the water remained in the 

physical model. In order to confirm this phenomenon, this 2-D VAPEX experiment was 

repeated to ensure no operational fault or manmade accident was involved. Again, the 

same result was obtained. The questions that have to be asked are what resulted in the 

water hold-up phenomenon in the experiment and whether the discrepancy of the oil 

production rate in the history matching was caused by the capability of the simulation 

module or related to the physical behaviour of the VAPEX experiment. Therefore, an 

uncertainty study is required and will be addressed later in this chapter.  
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a. Cumulative oil production 

 

b. Cumulative water production 

 

c. Injection pressure 

Figure 6.3 History match of solvent injection process in terms of cumulative oil 

production and injection pressure 
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6.2.3 Prediction of 3-D performance 

      Based on the 2-D history matched simulation model, the tuned parameters were 

applied to predict the 3-D test performance. 

1) Waterflooding 

      Figure 6.4 shows the scaled-up waterflooding performance in the 3-D test in terms of 

the cumulative oil, injection pressure, and the predicted oil recovery factor during the 

waterflooding. It was clear that the change tendency of the predicted cumulative and 

injection pressure were much similar, though a higher injection pressure was required in 

the startup process of the simulation. The possible reason for this was the presence of the 

severe viscous fingering in the waterflooding process, which caused early water 

breakthrough. The predicted oil recovery was 25.78%, in comparison with 23.4% in the 

3-D test, which means waterflooding performance could be scaled up and predicted 

successfully by using numerical simulation. 

2) Water flooding + solvent injection 

      Figure 6.5 shows the predicted and experimental VAPEX performance in terms of the 

cumulative oil production and injection pressure. It was found that the predicted 

cumulative oil production increased rapidly in the beginning and then generated a plateau, 

corresponding to the jump in injection pressure. In the physical model, the solvent could 

readily flow into the producer through the low-resistance channel created in the 

waterflooding process so that the injection pressure increased slightly and fell early. 

However, it took more time in the simulation to connect the injector and producer. The 

diluted oil could not drain out, which led to the rise in the injection pressure. Once the 

communication between the injector and producer was established, the accumulated 
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a. Cumulative oil production 

 

b. Injection pressure 

 

c. Predicted oil recovery factor 

 

Figure 6.4 Predicted waterflooding performances in terms of cumulative oil production, 

injection pressure, and oil recovery factor 
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a. Cumulative oil production 

 

b. Injection pressure 

 

 

 

 

 

Figure 6.5 Comparison of predicted and experimental VAPEX performance in terms of 

cumulative oil production and injection pressure 
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a. Predicted oil production rate 

 

b. Oil recovery factor 

 

 

 

 

 

 

Figure 6.6 Predicted oil production rate and oil recovery factor of 3-D VAPEX test 
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diluted oil was produced at a rate that caused the significant rise of the oil production. 

Figure 6.6 shows the average daily oil drainage rate and predicted oil recovery factor. 

Apparently, the changing tendency of the average oil drainage rates between the 

simulation and experiment are much similar, and the simulated average oil drainage rate 

during the solvent injection process was 5,222 ml/day. In comparison with the results 

calculated by the analytical models, this value is much closer to the measured data. The 

predicted oil recovery was 75.8% while the real value was 85.6%.   

6.3 Uncertainty Analysis 

      As mentioned previously, a time lag existed and less water was produced during the 

early stage of VAPEX in the history matching of the 2-D laboratory test. Therefore, 

except the relative permeability and capillary pressure, other possible reasons accounting 

for this problem were investigated to achieve a good match and examine their impacts on 

prediction of scaled-up VAPEX performance through numerical simulation. The 

following factors have been studied: 

1) Wall effect: In the sand-packing process, the physical model was difficult to pack 

uniformly, which resulted in the presence of high–permeability paths along the 

wall, especially at the top of the physical model. Consequently, solvent could 

bypass quickly along this channel and shorten the breakthrough time, which is 

called the wall effect. This effect could be modeled by increasing the permeability 

of the grids adjacent to the wall so that the gas breakthrough could be hastened. 

2) Solubility: The solubility of a solvent in heavy oil is a crucial parameter to 

quantify the amount of solvent dissolved into the oil, which consequently 

determines the mobility of the diluted oil and the gas breakthrough as well. In the 
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CMG STARS
®
 simulation model, the solvent solubility in heavy oil is 

represented by the k value of each solvent component. However, since k value is 

related to the viscosity of diluted oil directly, the adjustable range is quite limited. 

3) Three-phase relative permeability model: In solvent injection, three-phase flow 

exists. In simulation, the three phase relative permeability is generated by using 

correlations based on the two-phase relative permeability. Therefore, different 

correlations were investigated to account for the water holdup phenomenon.  

      The investigation indicated that considering the wall effect and solubility can 

accelerate the gas breakthrough and can be used to account for the time lag problem. 

However, different three-phase relative permeability models gave almost the same results. 

In order to account for the lower volume of produced water in the early stage of VAPEX, 

the water-oil relative permeability was normalized and modified by adjusting the connate 

water saturation.  

6.3.1 Solubility 

      Figure 6.7 shows the automatic history matched results with slight adjustments of k 

value in the simulation model. Increasing the k value means reducing the solubility so 

that more solvent can flow toward the producer instead of dissolving into the heavy oil 

which can speed up gas breakthrough. However, increased k value also leads to 

increase of the oil viscosity. Therefore, the adjustable range of k value is limited. 

Figure 6.8 demonstrates the oil viscosity change with kv value for the Plover oil. The 

original kv1 value was 2.36. With the increase of the kv1 value, the oil viscosity rose so 

that kv1 was adjusted to be between 2.36 and 4 in the history matching. It is 

noteworthy that a good match could be generated with different combinations of  
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a. Cumulative oil production 

 

b. Injection pressure 

 

 

 

 

 

 

 

Figure 6.7 History matched results combined with the kv value 
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Figure 6.8 The relationship of oil viscosity vs. kv value 
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a. Relative permeability 

 

b. Capillary pressure 

 

 

 

 

 

 

 

Figure 6.9 Relative permeability and capillary pressure used in history match with kv 
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a. Cumulative oil 

 

b. Injection pressure 

 

c. Oil recovery factor 

 

 

Figure 6.10 Prediction of up-scaled performance combined with kv value  
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tuning of parameters, which demonstrated that another uncertainty existed in the 

history matching. Basically, history matching is a non-unique inverse problem in 

nature, which means that multiple sets of parameter estimates might yield nearly 

identical matches of the data. Therefore, it is desirable to restrict the reasonable range 

of investigation in order to ensure reliable estimates are obtained. The relative 

permeability and capillary curves used in different schemes are shown in Figure 6.9. 

The kv1 value in Scheme 1 was adjusted from 2.36 to 3, and a kv1 value of 4 was used 

in Scheme 2 and 3.  

      Figure 6.10 shows the up-scaled 3-D VAPEX performance based on the well-

matched models. Unexpectedly, the well-matched model did not give improved 

prediction of the 3-D VAPEX performance. On the contrary, the cumulative oil 

productions were even less than the initial misfit model, with the oil recovery factor 

ranging from 60.5 to 70.2%.  

6.3.2 Wall effect 

      Figure 6.11 shows the automatic history matched results considering the wall effect. 

In the simulation model, the first row of the grid was refined, and the permeability in the 

cells adjacent to the wall was increased 100 times to history match the experimental data. 

Several acceptable history matched models were achieved through various combinations 

of model parameters. The relative permeability and capillary curves used in the different 

schemes are shown in Figure 6.12.  

      Based on the 2-D history matched models combined with the wall effect, the tuned 

parameters were adjusted so that they could be used in the 3-D simulation model without 

including the wall effect. The predicted scaled-up VAPEX performance is shown in  
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a. Cumulative oil production 

 

b. Injection pressure 

 

 

 

 

 

 

 

 

Figure 6.11 History matched results combined with the wall effect 
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a. Relative permeability 

 

b. Capillary pressure 

 

 

 

 

 

 

Figure 6.12 Relative permeability and capillary pressure used in history match with wall 

effect 
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a. Cumulative oil 

 

b. Injection pressure 

 

c. Oil recovery factor 

 

Figure 6.13 Prediction of up-scaled performance combined with the wall effect  
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Figure 6.13. Although the final recovery factors were much closer to the experimental 

results, ranging from 77.4% to 87.8%, the performance shapes were quite different from 

those in the experiment.  The greatest volume of oil was displaced in a short time after 

the gas breakthrough, which corresponded to the sharp peak in oil production seen in 

Figure 6.13. The reason is that the wall effect is considered in the 2-D simulation due to 

the fact that the 2-D physical model is not confined, and it is possible that the 

permeability adjacent to the wall of the packed physical model was higher than the 

permeability elsewhere in the sandpack. In order to account for this wall effect in the 

numerical model, the first layer of grids was refined and the uppermost grids were 

assigned a high absolute permeability. As a result, the small value of relative 

permeability of gas phase was obtained in the 2-D history match. When this set of 

relative permeability curves was applied to the 3-D simulation model in which the wall 

effect was not considered due to the 3-D physical model operating in a larger pressure 

vessel, the solvent flow was extraordinarily slow in the beginning because of the low 

permeability, which retarded the communication between injector and producer and a 

great amount of solvent accumulated in the model during that period to dilute the oil in a 

large area. Then, the diluted oil was produced quickly after well connection was achieved. 

This point could be confirmed by the profile of the injection pressure. At the early stage 

of solvent injection, the injection pressure rose significantly, which did not conform to 

the experimental behaviour. 

6.4 Results and Discussion 

      Figure 6.14 shows the history matched cumulative oil of the 3-D VAPEX test and the 

relative permeability used in the history match. Apparently, a time lag also existed in the  
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a. History match of 3-D VAPEX test 

 

b. Relative permeability used in the history match of 3-D VAPEX test 

 

 

 

 

 

 

Figure 6.14 History matching of 3-D VAPEX test and the relative permeability used in 

the simulation 



120 
 

early stage of the solvent injection process, as shown in the plot of cumulative oil versus 

time in Figure 6-13. Since all the mobile water was displaced both in the 3-D simulation 

model and the physical model, it was inferred that the time lag was not caused by the 

mobile water but was basically related to the simulation method.  From the gas–liquid 

relative permeability curve used in the simulation, it can be seen that the true relative 

permeability cannot be represented by a power function, and the LET method provides a 

more flexible representation of relative permeability. This means the estimation of 

relative permeability would be unsuccessful if a Corey model were used. This is possible 

in simulation when the relative permeability is not purely a function of saturation and is 

affected by other factors such as heterogeneity (Kulkarni and Datta-Gupta 2000). The 

other possible reason for this unusual shape of the liquid relative permeability is due to 

the increased convection dispersion in the 3-D test, which might be caused by the large 

model size and high injection rate or the height-dependent mixing at the pore scale, and 

more experiments are required to investigate this phenomenon.  

      The capability of numerical simulation techniques is the key point to be determined in 

terms of being able to predict scaled-up VAPEX processes through numerical simulation. 

It is believed that the current commercial simulation software is able to take into account 

the effect of solubility, viscosity reduction, volume shrinkage, diffusion/dispersion, IFT, 

and capillary pressure on VAPEX processes (Nourozieh et al. 2009). However, based on 

the experience of history matching the 3-D physical laboratory VAPEX test, it can be 

concluded that the early stage of solvent injection is difficult to match, and there are some 

challenges remaining in the VAPEX simulation process.  
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      Compared to the actual experimental observations, a time lag existed due to the low 

oil production rate or long gas breakthrough time at the early stage of the solvent 

injection process in the simulation, especially for the case in which the injector and 

producer were positioned far away. This problem also has been met by other researchers 

so that the current practice of history matching is focused just on matching the last part of 

the experimental data, which is dominated by gravity (Rahnema et al. 2008; Yazdani and 

Maini 2009). The primary reason for this problem is the essence of the entire-grid oil 

dilution in the numerical simulation. In the experiments, solvent will find the easiest path 

through the porous media, including phenomena such as the wall effect and viscous 

fingering, which dilutes the oil along the path so that the producer and injector can 

become connected quickly and oil drains continuously and stably. However, during the 

simulation process, the oil is diluted in terms of the entire grid block. Until sufficient 

solvent is dissolved into the oil and the oil viscosity in that grid reduces to a certain value, 

the solvent penetrates further to dilute the oil in the next grid block, which causes less oil 

to be produced in the beginning of the simulation and a large oil rate jump after solvent 

breakthrough. This phenomenon can be alleviated by using finer grids. However, the 

extremely smaller grid system needed would result in time–consuming simulation 

operations, numerical instability, and convergence problems. Another issue that has been 

pointed out by Yazdani (2009) is that the numerical model needs to switch from a single-

phase to two-phase flow in the production grid at breakthrough, and, consequently, the 

potential numerical stability problem might cause a lower amount of predicted produced 

oil during this phase change. 
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      In this work, two uncertainty factors – the wall effect and solubility – have been 

investigated to account for this time lag phenomenon. If consideration is made for the 

wall effect, the scaled-up final oil recovery factors were much closer to the experimental 

data, but the changing tendencies in the whole process were unacceptable. Moreover, in 

order to mimic the wall effect, usually a small grid with high permeability is employed, 

which may cause numerical stability problems. The other disadvantage is that it becomes 

hard to manipulate in real, field application cases. Compared to cases involving the wall 

effect, slightly adjusting the solubility in the history matching is a more reasonable 

approach because it offsets the consequences of entire-grid dilution of the oil in the 

numerical simulation and reflects the fact that part of the solvent actually flows further 

instead of dissolving into the heavy oil. However, the associated pitfall of this method is 

that reduced solubility will lead to lower oil production in the whole VAPEX process so 

that the previous under-predicted 3-D performances with solubility adjustments make 

sense. Another method includes using a reaction model and adding another component 

that has the same properties as the solvent, except lower solubility. This has been tried to 

account for this essential problem in simulation, but, unfortunately it does not work. 

       In the 2-D laboratory test, only part of the mobile water was displaced during the 

solvent injection process. The main reason for this is that different flow paths occurred 

due to the gravity effect and heterogeneity in the 2-D laboratory test because of the action 

of gravity. Water accelerated through the lower part of the physical model while solvent 

tended to pass through the upper part, where some channels might be present due to the 

wall effect. This conclusion has been validated by the measured residual water 

saturations at different locations inside the VAPEX physical model at the end of the tests.  
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The high residual water saturation was obtained in the right bottom part of the 2-D 

physical model. 

      The 3-D experimental oil recovery factor of VAPEX was 85.6%. Compared with the 

Butler analytical model, in which the oil recovery factor was about 48.8%, improved 

prediction performance of scaled-up VAPEX could be achieved through the numerical 

simulation method. The result was 75.8% with time lag and 70.2% with solubility 

adjustment, respectively. This indicates that numerical simulation has the potential to be 

used as a more accurate scale-up method.  

6.5 Chapter Summary 

      In this chapter, the important parameters determined in Chapter 4 and the automatic 

history match algorithm in developed Chapter 5 were used to history match the 2-D test. 

Then, the tuned parameters were applied to predict the 3-D test performance through 

numerical simulation. The predicted 3-D performance was compared to the 3-D 

experimental results, which indicated that numerical simulation can give much better 

prediction of up-scaled VAPEX performance compared to the analytical method. The 

associated uncertainties during the up-scaling were analyzed to improve the 2-D history 

match in terms of the wall effect and solubility. It was inferred that the time lag problem 

in the presence of the history match was caused by the nature of the entire-grid oil 

dilution in the numerical simulation. 
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CHAPTER 7 CONCLUSIONS AND RECOMMENDATIONS 

 

7.1 Conclusions 

      This thesis investigated the potential of up-scaling the VAPEX performance through 

numerical simulation and analyzed the associated uncertainty with this method. From this 

study, the following conclusions can be drawn: 

1) The parametric sensitivity analysis indicates that the WI and dispersion coefficient 

are insensitivity parameters in this study. Once the grid size and time step are 

determined, relative permeability, capillary pressure, and k value can be used as 

tuning parameters in history matching.  

2) The history match of three VAPEX tests proved that a good match between the 

simulation and experimental data could be achieved through the developed genetic 

algorithm-based automatic history-matching approach with an error of less than 1%. 

By incorporating a population manipulation database and artificial neural network 

with a conventional GA, the computational efficiency was improved and the 

computational time in this modified approach was reduced by 71% in comparison 

with a conventional GA-based approach.  

3) Compared to the analytical up-scaling model, the numerical simulation has greater 

potential to be used as an up-scaling method for the VAPEX process due to the 

improved prediction results, better applicability to real-field cases, and the 

availability of property visualization.  

4) The up-scaled waterflooding performance was successfully predicted. The 

predicted oil recovery factor was 25.78% in comparison with 23.4% in the 3-D test. 
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5) The uncertainty of up-scaling the VAPEX process is large. The difference between 

the predicted and measured oil recovery factors was in the range of 0.75–25.14%, 

depending on the different combinations of uncertain parameters. 

6) Due to the nature of numerical simulation methods, it is difficult to match the early 

stage of the solvent injection process. To account for the time lag problem, we 

considered a wall effect and a slight solubility adjustment, with the latter producing 

more reasonable results. 

7) The LET relative-permeability correlation provides a more flexible and 

straightforward representation of relative permeability. 

7.2 Recommendations 

      Based on this thesis research, the following recommendations for future studies are 

made: 

1) In order to hasten the gas breakthrough at the early stage of the solvent injection 

process, other techniques should be investigated to account for this time-lag 

problem, such as including the viscous fingering phenomenon or using different 

sets of relative permeability curves in the simulation.  

2) More different scales of VAPEX experiments should be conducted so that 

corresponding up-scaling studies can be used to validate the reliability of 

predicting the scaled-up VAPEX performance through the numerical simulation 

method. 

3)  In order to accelerate the efficiency of the automatic history match process, the 

proposed automatic history match algorithm could be improved further through 

applying variable GA operation parameters or a parallel computation process.   
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4) Asphaltene precipitation plays an important role in the VAPEX process. 

Integrating the asphaltene precipitation effect into numerical simulation through 

utilizing the chemical reaction model, the VAPEX performance could be 

predicted more accurately. 

5) In this research group, a new VAPEX mathematical model is being developed 

that is able to model the transient solvent concentration at the time-dependent 

interface of solvent and crude oil. In the future, this model will be combined with 

the current numerical simulation model to predict VAPEX performance.  
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APPENDIX A THE CODE FOR OPTIMIZATION MODULES IN 

AUTOMATIC HISTORY MATCHING 

 

 

function [X,FVAL,REASON,OUTPUT,POPULATION,SCORES] =  GA 

fitnessFunction = @Fitnessfun; 

nvars = 7 ; 

Aineq = []; 

Bineq = []; 

Aeq = []; 

Beq = []; 

LB = []; 

UB = []; 

nonlconFunction = []; 

options = gaoptimset; 

options = gaoptimset(options,'PopInitRange' ,[0 ; 20 ]); 

options = gaoptimset(options,'EliteCount' ,4 ); 

options = gaoptimset(options,'CrossoverFraction' ,0.8); 

options = gaoptimset(options,'Generations' ,20); 

options = gaoptimset(options,'StallGenLimit' ,10); 

options = gaoptimset(options,'StallTimeLimit' ,120); 

options = gaoptimset(options,'InitialPopulation' ,[ ]); 

options = gaoptimset(options,'CrossoverFcn' ,@crossoversinglepoint); 

options = gaoptimset(options,'MutationFcn' ,@mutationadaptfeasible); 

options = gaoptimset(options,'Display' ,'iter'); 

options = gaoptimset(options,'PlotFcns' ,{ @gaplotbestf @gaplotbestindiv 

@gaplotdistance }); 

options = gaoptimset(options,'OutputFcns' ,{ { @gaoutputgen 1  } }); 

[X,FVAL,REASON,OUTPUT,POPULATION,SCORES] = 

ga(fitnessFunction,nvars,Aineq,Bineq,Aeq,Beq,LB,UB,nonlconFunction,options); 

 

function scores=Fitnessfun(pop); 

  krg=pop(1);   

  ng=pop(2);      

  Lo=pop(3) ;     

  Eo=pop(4) ; 

  To=pop(5) ; 

  pcog=pop(6);    

  nc =pop(7) ; 

     

  dlmwrite('popbase.txt', pop, '-append','delimiter', '\t')  

  rec=[]; 

  table=dlmread('scorebase.txt'); 
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  if isempty(table)  

     sli=0.198;                     

     krog=0.98;                     

     swc=0.245; 

    [kpg kpw]=Generate_permLET_pc(krog,krg,ng,Lo,Eo,To,pcog,nc,swc); 

     Modify_perm_pc(kpg,kpw);        

     sdata=CMG_callback;            

     edata=Read_experiment_data;    

     obj=Objfunction_calculation(sdata,edata); 

     scores=obj;                   

     rec=[pop scores]; 

     dlmwrite('scorebase.txt', rec, '-append','delimiter', '\t','precision','%.9f');  

     return 

  else 

       [rowt,colt] = size(table); 

       poprecord=table(:,1:7);                 

  end     

    

    for ind=1:rowt 

           diff=abs(pop-poprecord(ind,:)); 

           if all(diff < 0.0000001); 

              scores=table(ind,8);               

              return; 

           end 

    end 

   

     sli=0.198;                     

     krog=0.98;                     

     swc=0.245 

     [kpg kpw]=Generate_permLET_pc(krog,krg,ng,Lo,Eo,To,pcog,nc,swc); 

     Modify_perm_pc(kpg,kpw);        

     sdata=CMG_callback;            

     edata=Read_experiment_data;    

     obj=Objfunction_calculation(sdata,edata); 

     scores=obj;                    

     rec=[pop scores]; 

     dlmwrite('scorebase.txt', rec, '-append','delimiter', '\t','precision','%.9f');  

              

 

function [kpg kpw]=Generate_permLET_pc(krog,krg,ng,Lo,Eo,To,pcog,nc,swc) 

 sl=zeros(10,1); 

sl(1)=swc+0.1;   

sl(10)=1;                                      

for m=2:10 

   sl(m)=sl(1)+(sl(10)-sl(1))*(m-1)/9; 

end  
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sg=1-sl;                                      

sgn=sg/(1-sl(1));                             

krgg=zeros(10,1); 

for m=1:10 

   krgg(m)=krg*(sl(10)-sl(m))^ng/(sl(10)-sl(1))^ng; 

end 

  

kroo=zeros(10,1); 

for m=1:10 

kroo(m)=krog*(1-sgn(m))^Lo/((1-sgn(m))^Lo+Eo*sgn(m)^To 

end 

  

pc=zeros(10,1); 

for m=1:10 

    pc(m)=pcog*(1-(sl(m)-sl(1))/(sl(10)-sl(1)))^nc; 

end  

  

kpg=[sl krgg kroo pc];     

 

 

sw=zeros(10,1); 

sw(1)=swi; 

sw(10)=swf; 

for m=2:9 

    sw(m)=swi+(swf-swi)*(m-1)/9; 

end  

krww=zeros(10,1); 

for m=1:10 

    krww(m)=krw*(sw(m)-swi)^nw/(swf-swi)^nw; 

end 

  

krow=zeros(10,1); 

for m=1:10 

    krow(m)=kro*(swf-sw(m))^no/(swf-swi)^no; 

end 

 

 kpw=[sw krww krow];      

  

 

function Modify_perm_pc(kpg,kpw) 

[fid, msg] = fopen('C:\Program Files\MATLAB71\work\GA\Test8\CMGTest8.dat', 'r+');  

sread=fscanf(fid,'%c');  

k=strfind(sread, 'SLT');     

fseek(fid,k+2,-1);       

for m=1:10 
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fprintf(fid,'\r\n     %6.4f   %12.10f   %12.10f   %12.10f',kpg(m,1),kpg(m,2),kpg(m,3),kpg

(m,4)); 

end 

  

k=strfind(sread, 'SWT');     

fseek(fid,k+2,-1);       

for m=1:10 

 fprintf(fid,'\r\n     %6.4f   %12.10f   %12.10f',kpw(m,1),kpw(m,2),kpw(m,3)); 

end 

  

fclose(fid); 

 

   

function sdata=CMG_callback() 

  

system("C:\Program Files\CMG\STARS\2010.11\Win32\EXE\st201011.exe" -f 

"C:\Program Files\MATLAB71\work\GA\Test8\CMGTest8.dat"); 

  

system("C:\Program Files\CMG\BR\2010.12\Win32\EXE\report.exe" -f "C:\Program 

Files\MATLAB71\work\GA\Test8\report1.rwd" -o "C:\Program 

Files\MATLAB71\work\GA\Test8\report1.rwo"); 

  

[simtime simoil]=textread('C:\Program 

Files\MATLAB71\work\GA\Test8\report1.rwo','%f %f','headerlines',9); 

  sdata=[simtime simoil];    

 

function edata=Read_experiment_data() 

    [exptime expoil expsolv]=textread('C:\Program Files\MATLAB71\work\GA\Test8\T8-

h.fhf','%f %f %f','headerlines',19);   

    edata=[exptime expoil]; 

end 

 

function [obj]=Objfunction_calculation(sdata,edata) 

[rows,cols]=size(sdata);    

[rowe,cole]=size(edata);    

  

for m=1:rowe 

    [dx,index]=min(abs(edata(m,1)-sdata(:,1))); 

    sfilter(m,:)=sdata(index,:);          

end  

   

[rowf colf]=size(sfilter); 

   

eoil=edata(:,2); 

  foil=sfilter(:,2); 
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  diff=abs(foil-eoil)*1e6;     

    

 obj=0; 

 for k=1:rowe; 

     obj=obj+diff(k)^2; 

 end 

  

  

inputs = drillp'; 

targets = drillt'; 

  

hiddenLayerSize = 20; 

net = fitnet(hiddenLayerSize); 

  

net.inputs{1}.processFcns = {'removeconstantrows','mapminmax'}; 

net.outputs{2}.processFcns = {'removeconstantrows','mapminmax'}; 

   

net.divideFcn = 'dividerand';  

net.divideMode = 'sample';   

net.divideParam.trainRatio = 90/100; 

net.divideParam.valRatio = 5/100; 

net.divideParam.testRatio = 5/100; 

  

net.trainFcn = 'trainlm';  

net.performFcn = 'mse';  

net.plotFcns = {'plotperform','plottrainstate','ploterrhist', ... 

  'plotregression', 'plotfit'}; 

  

  

[net,tr] = train(net,inputs,targets); 

  

outputs = net(inputs); 

errors = gsubtract(targets,outputs); 

performance = perform(net,targets,outputs) 

  

trainTargets = targets .* tr.trainMask{1}; 

valTargets = targets  .* tr.valMask{1}; 

testTargets = targets  .* tr.testMask{1}; 

trainPerformance = perform(net,trainTargets,outputs) 

valPerformance = perform(net,valTargets,outputs) 

testPerformance = perform(net,testTargets,outputs) 

  

view(net) 
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APPENDIX B THE TUNING PARAMETERS IN AUTOMATIC 

HISTORY MATCHING OF 2-D TESTS 

 

 

Test 1 

Parameters    
        

           

Value 0.062 8.210 0.821 1.474 0.037 1.224 

 

Test 2 

Parameters    
        

           

Value 0.455 3.25 0.85 3 0.36 3 

 

Test 3 

Parameters    
       

 
   

 
   

 
       

Value 0.3 3.75 1 18.25 0.5 0.1 7.8 
          

       

 

Test 4 

 

  Waterflooding process: 

Parameters    
    

    
    

    
    

    
  

Value 0.4 1.004 35.108 2.269 2.738 2.953 1.863 

 

 VAPEX process: 

Parameters    
       

 
   

 
   

 
       

Value 0.8 5.689 3.551 1.415 0.621 0.331 1.25 

          
       

 

VAPEX process with solubility adjustment: 

Parameters    
       

 
   

 
   

 
      kv1 

Scheme1 0.492 3 7.287 14.75 2.219 1.36 5.978 2.36 

Scheme2 0.4825 3 2.788 18.25 3.469 2.86 4.602 4 

Scheme3 0.242 2.5 2.038 18.75 2.459 2.751 4.864 4 

          
       

 

VAPEX process with wall effect: 

Parameters    
       

 
   

 
   

 
      

Scheme4 0.40 13 4.25 25.5 0.5 1.75 6 

Scheme5 0.025 2.75 4.5 20.5 0.53 0.51 2 

Scheme6 0.284 7.971 15.463 13.989 13.099 0.98 6.89 

          
       


