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1. INTRODUCTION 

Exploitation of petroleum resources can be put into three distinct phases: the primary, secondary and 
tertiary recovery (Figure 1). Averagely, only one third of the original oil in place (OOIP) is recovered 
by the conventional (primary and secondary) recovery methods worldwide (Kokal & Al-Kaabi, 
2010). 

 

Figure1. Phase of oil recovery with recovery categories and associated recovery 

Source: (National Research Council (US), 2013) 

Abstract: The combination of alkaline, surfactant and polymer as a chemical enhanced oil recovery known 

as ASP flooding has been proved by both laboratory experiments and field applications to be the most 
promising chemical enhanced oil recovery method. Its promising nature is due to the various synergies that 

exist between the injected chemicals which reduce both interfacial tension and mobility ratio (that is 

ensuring stable displacement) to increase recovery. It is also known to be cost effective due to economic 

surfactant generated by the injection of alkaline and the reduction of adsorptions of both the artificial 

surfactant and polymer also caused by the presence of the alkaline thereby reducing the total amount of 

chemical injected. Nevertheless, ASP flooding is not without limitations. Its limitations include scale 

formation caused by the alkaline injected which gives various operational problems. Also, it has economic 

limitation mainly based on the cost of high volumes of chemicals injected. The technical and economic 

feasibility of implementation of ASP flooding therefore depends on the effective use of the chemicals injected 

and a slug formulation which mitigates scale formation. This study is on optimization of ASP flooding as a 

multi-objective problem using particle swarm optimization based on Pareto dominance. The objectives of 

this optimization process is to obtain a set of optimum ASP flooding designs (known as non-dominated set or 
Pareto set) that maximize recovery efficiency (FOE) and minimize total chemical utilized and the final pH of 

the system. Analysis on the results of the optimization process revealed the optimum recovery efficiency 

44.19% achievable by efficient use of the chemical injected and designs that mitigate scale formation by 

reducing the concentration of alkaline in the ASP slug formulation. Economic analysis on the Pareto set 

also confirmed the inference from the results of the optimization process and showed that with favourable oil 

price situation, recovering higher incremental oil by ASP flooding will be economically viable. 

Index Terms: Alkaline Surfactant Polymer Flooding, Particle Swamp Optimization Enhanced Oil 

Recovery, Chemical Flooding and Alkaline Surfactant Polymer Flooding Optimization. 
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Currently, daily oil production is from mature or maturing oil fields and replacement of reserves is 
not catching up with the growing energy demand (Kokal & Al-Kaabi, 2010). This is because 

discovery of new fields is progressively becoming difficult (Muggeridge, et al., 2014). The 

fluctuations in crude oil prices also result in high level of uncertainty and the collapse in exploration 

activities (Bashir, 2016; Gordon, 2015).  

Maximizing the recovery factor of these mature and maturing fields has therefore been the focus of 

most oil companies lately to meet the growing energy demands. This has created conditions for the 

extensive deployment of enhanced oil recovery (tertiary) recovery methods (Muggeridge, et al., 
2014). Enhanced oil recovery (EOR) involves attempts to recovery oil beyond that recovered by 

conventional methods. The target for EOR is to increase recovery to about two thirds of the original 

oil in place. 

EOR techniques are basically grouped into three, based on the mechanisms for oil recovery. These 

mechanisms include reduction in oil viscosity, extraction of the oil with a solvent and the alteration of 
capillary and viscous forces between the oil, injected fluid and the rock surface (Kokal & Al-Kaabi, 

2010). Based on these mechanisms, the three main categories of EOR techniques include Thermal 

recovery, Miscible gas injection and Chemical methods. 

Chemical flooding is one of the most practical enhanced oil recovery techniques for recovery residual 

oil in the reservoir left by water flooding (Sedaghat, et al., 2013). It involves the addition of chemicals 
to the water injected. The primary aim of chemical flooding is either to control mobility by the 

addition of polymer or reduce interfacial tension (IFT) by adding surfactant and/or alkaline. Early 

EOR techniques which involved using polymer alone were soon augmented by the addition of 

surfactant (Gogarty & Tosch, 1968). Alkaline were added soon afterwards to reduce chemical 
adsorption by the rock and generate in-situ surfactant by reacting with acidic substance in the crude 

oil (Hill, et al., 1973). 

1.1. Asp Flooding Mechanisms 

The chemical flooding which involves the combination of polymer, surfactant and alkali injected as 

one solution slug is known as Alkaline-Surfactant-Polymer flooding (ASP flooding). Due to the 

synergetic actions of alkaline, surfactant and polymer, ASP flooding among other chemical flooding 
methods is the most promising (Sheng, 2013; Nedjhioui, et al., 2005). For better understanding of the 

mechanism involved in the ASP flooding process, it is vital to first review the various chemical 

components and the mechanisms involved in their various flooding processes.  

1.1.1. Alkaline Flooding Mechanisms 

The use of alkaline in chemical enhanced oil recovery (CEOR) involves the addition of the alkaline to 

the injected water.  Alkaline is a basic, ionic salt of an alkali metal or alkaline earth metal. The 

common types of alkaline used in chemical flooding include sodium hydroxide (NaOH, or caustic 
soda), sodium orthosilicate (Na4SiO4) and sodium carbonate (Na2CO3, or soda ash), sodium 

bicarbonate (NaHCO3) and sodium metaborate (NaBO2). 

Alkaline flooding is a complex process which involves more than one mechanism in increasing oil 

recovery. The predominant mechanism is the reduction in IFT. The alkaline in the injected water 

reacts with organic acid (naphthenic acids) in crude oil to form in-situ surfactant (sodium 
naphthenate) in the reservoir. This economical surfactant aids in incremental oil recovery by lowering 

the IFT between oil and water.  The reaction for the formation of the in-situ surfactant is represented 

by the chemical equation: 

                 

Where HAW is the weak acid in the crude oil and A
- 
is soap. 

Increase in recovery is achieved in alkaline flooding by increasing alkaline concentration not alkaline 

type as shown in Figure 2 (Sedaghat, et al., 2013). Hongfu et al (2003) showed that increase in 

alkaline concentration results in a reduction in IFT to a minimum value of 10
-4

 mN/m at alkaline 

concentration of 0.8 wt. % (Figure 3). 

Other mechanisms involved in alkaline flooding include emulsification and alteration of rock 
wettability. These mechanisms can also become vital based on the rock and crude oil properties 

(Abadli, 2012).The mechanisms involved in alkaline flooding can be summarised as follows: 
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 Emulsification and Entrainment: this involves process where the alkali moving through the 

reservoir entrains the crude oil. 

 Wettability Alteration (from oil-wet to water-wet): changing the rock wettability from oil-wet to 

water-wet results in increase in relative permeability of oil. 

 Wettability Alteration (from water-wet to oil-wet): this wettability alteration results in low residual 

oil saturation through lowering of interfacial tension. 

 Emulsification and Entrapment: the movement of emulsified oil results in improved sweep 

efficiency  

 

Figure2. Effect of alkaline concentration and type on oil recover 

Source: (Sedaghat, et al., 2013) 

 

Figure3. Effect of alkaline concentration on IFT 

Source: (Hongfu, et al., 2003) 

Implementation of alkaline flooding is favourable in reservoirs with crude oil in the API range of 13
O
 

to 35
O 

and specifically for oils with high organic acid content. Sandstones are preferred to carbonates 
when it comes to alkaline flooding due to the presences of anhydrite or gypsum which can consume 

large amount of alkaline chemical (Olaijire, 2014). Alkaline makes ASP economical by lowering 

surfactant and polymer adsorption thereby reducing the amount of chemical injected.   

1.1.2. Surfactant Flooding Mechanisms 

In the chemical flooding involving the use of surfactant (Surface Active Agent) as an agent for 

enhancing the recovery of oil, lowering of IFT is the main mechanism.  The main purpose of 
surfactant flooding is to recover oil trapped by capillary forces after water flooding. Reduction in IFT 

can gets this oil moveable. For better understanding on the lowering of IFT as the mechanism for 

releasing capillary trapped residual oil, we consider the capillary number theory proposed by Foster 

and Lake (Youyi, et al., 2013). 

Capillary number is defined as the ratio of displacement force to the capillary resistance force. This 

can be expressed as: 

     
   

   
                                                                                                                                             (1) 

Where,     is the capillary number,  
 

 is the viscosity of the displacing fluid, v is the velocity of the 
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displacing fluid and     is the interfacial tension between oil and the displacing fluid. Experimental 
data show that as the capillary number increases, the residual oil saturation decreases (Stegemeier, 

1997) as shown in Figure 4. Capillary number is usually around a value of 10
-6

 after water flooding. 

For a substantial increase in oil recovery, the capillary number must be decreased to a value around 

10
-3
. 

 

Figure4. Relationship between capillary number and residual oil saturation 

Source: (Youyi, et al., 2013) 

According to the capillary theory represented by the equation above, three ways are apparent in 

increasing capillary number. This includes increasing displacing fluid velocity, increasing displacing 

fluid viscosity and reduction in IFT between oil and the displacing fluid. Increasing displacing fluid 
velocity is limited by pump capacity and fracture pressure of the reservoir. Increasing viscosity of 

displacing fluid involves addition of polymer to the displacing fluid. This is costly due to the high 

cost of polymer. This implies that for surfactant as a chemical on its own for the purpose of chemical 
flooding will only involve IFT reduction as a means of increasing recovery. 

Surfactant types normal used as agents for enhanced oil recovery include; PS (petroleum sulphonate), 

AOS (α-olefin sulphonate) and IOS (internal olefin sulphonate), AAS (alkyl-aryl sulphonate) and EA 

(ethoxylated alcohol) (Barnes, et al., 2010). Surfactant, in the presence of soap formed by the addition 
of alkaline, can decrease IFT to a value as low as 1 x 10-4 – 5 x 10-3 mN/m. That is an increase of 

capillary number by 3 to 5 folds which will result in residual oil becoming mobile and increasing 

recovery. 

1.1.3. Polymer Floodiing Mechanisms 

Another area of chemical flooding of great importance is polymer flooding. Addition of polymer to 

injected water is to obtain a viscous displacing fluid thereby having a reduced mobility ratio to 
improve sweep efficiency. Two sets of polymers are widely used in EOR and this include synthetic 

polymers and biopolymers (Sorbie, 1991). Synthetic and partially hydrolysed polyacrylamide, 

modified natural polymers, biological polysaccharides and Xanthan are the most used polymers for 

EOR (Olaijire, 2014). 

Mobility control is therefore a major mechanism in enhanced oil recovery process involving polymer 

injection. Mobility ratio is the ratio of the mobility of displacing fluid to that of the displaced fluid; In 

water flooding, it’s the ratio of the mobility of water to that of oil 

   
  

  
  

   
  
   
  

  
     

     

                                                                                                                  (2) 

Where, M is mobility ratio,    and    are oil and water mobility respectively, kro and krw are the 

relative permeability of oil and water respectively and  
 
     

 
 are the viscosity of oil and water 

respectively 

The concept of fractional flow gives better understanding of the effect of polymer on sweep 

efficiency when added to injected water. Fractional flow of oil can be defined as the ratio of oil flow 

rate to the total flow rate of oil and water. This can be illustrated mathematically as 
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                                                                                                                                          (3) 

Where fo is fractional flow of oil, qw and qo is flow rate of water and oil respectively. With further 

assumptions, substitutions and simplification, the equation above can be expressed as 

   
 

  
     
     

  
 

   
                                                                                                                           (4) 

From equation 3, the fractional flow of oil and water sum up to one which means that the decrease in 
the flow of one fluid will eventual result in an increase in the flow of the other. It is apparent from 

equation 4 that, in order to increase the flow of oil (fo), mobility ratio must be decreased. Addition of 

polymer to displacing fluid increases the viscosity of the displacing fluid and also reduces its relative 
permeability. This reduces the mobility ratio, which leads to a stable displacement process with an 

increase in the flow of oil resulting in an improved recovery.    

Polymer therefore does not only enhance the recovery of oil but also mitigate the production of water 
which improves the overall economics. Water production is mitigated due to the fact that viscous 

fingering is reduced by polymer (Figure 5) and the resulting improved sweep efficiency leads to 

injection of less water. 

Viscoelasticity is also a vital property of polymer which aids in increasing oil displacement efficiency 
during polymer flooding. While the ultra-low IFT achieved by alkaline and surfactant is efficient in 

enhancing recovery in homogeneous reservoir, viscoelasticity contributes more in enhancing oil 

recovery in heterogeneous reservoir (Hou, et al., 2005). The viscoelasticity of polymer enhances the 
normal stress between oil and polymer solution. Polymer therefore exerts a large pulling force on oil 

droplets and causes the release of oil out of dead-end pore increasing recovery. 

 

Figure5. (a) viscous fingering in water flooding (b) stable displacement in polymer augmented water 
flooding 

Source: (Sydansk & Romero-Zeron, 2011) 

1.1.4. Synergy In Asp Floodiing 

It has been proven by laboratory experiments (Olsen, et al., 1990) and field applications (Clark, et al., 

1993; Shutang & Qiang, 2010) that ASP flooding gives the highest recovery compared to other 

chemical flooding techniques. This is mainly due to the synergy created by the combination of these 

three chemicals.  Pilot test and industrial field test on ASP flooding done in Daqing oil field have 
resulted in an incremental oil recovery of about 18.5% to 26.5%. (Hongfu, et al., 2003).  

Olson et al (1990) reported from laboratory study that the recovery achieved by ASP flooding is 

greater than the sum of the recoveries achieved by the chemical flooding involving the individual 
chemical component in ASP alone. This clearly shows the effectiveness of the synergism of ASP 

flooding.  

The ASP flooding process involves injection of ASP main slug first which is followed by injection of 
polymer and then water. This sum up to about 60% PV of the injected fluid. A typical ASP flooding 

injection sequence is shown in Figure 6. The polymer injected after the injection of the main ASP 

slug is to prevent viscous fingering of water into the ASP main slug. The injected water serves as a 

drive fluid that moves the injected fluids together with the oil bank towards the producers. 
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There are various forms of synergies that take place by the combination of these three chemicals. 
Summarized below is a list of some of these synergies that makes ASP flooding more effective as 

compared to the individual chemicals (Sheng, 2013): 

 The presence of alkaline reduces the adsorption of both surfactant and polymer 

 Competition of adsorption between surfactant and polymer results in the reduction of adsorption of each 

chemical 

 There is improved sweep efficiency of both alkaline and surfactant by the addition of polymer 

 Soap (natural surfactant) is formed in-situ when injected alkaline react with the acidic content of the crude 

oil. Soap has very low optimum salinity whereas the injected surfactant has high optimum salinity. This 

result in a mixture of soap and surfactant with a wide range of salinity in which there is ultralow IFT  

 Low IFT enhances the formation of emulsion which also improves microscopic and macroscopic sweep 

efficiency. Therefore, emulsion is made stable by soap and surfactant due to the ultralow IFT 

 

Figure6. Visualisation of ASP flooding process 

Source: (http://zargon.ca/operations/oil-exploitation/tertiary-recovery/) 

Despite the promising nature of ASP flooding, it has associated technical and economical limitations 
or risks with it application (Hou, et al., 2005; Zhang, et al., 2010). Technical issues associated with 

ASP primarily include 

 formation damage due to scale formation as a result of the addition of alkali,  

 scale build up in the injection and production equipment,  

Difficulties in processing the produced fluids, 

Economically, ASP flooding compared with polymer flooding only is costlier (Ru-Sen, et al., 2013). 
ASP flooding as well as other EOR techniques are capital and resource intensive and this is mainly 

due to the high cost of injectant (Kokal & Al-Kaabi, 2010). 

1.2. Risk Associated with Asp Flooding 

Despite the favourable attributes of ASP achieved by the various synergies that exist between the 

chemicals when injected together, its implementation is without risk. ASP flooding is associated with 

various risk that has limited it widespread application. These risk include operational issues like low 
injectivity due to complete plugging of injection wells, degradation of polymer, pump failures, 

corrosion, difficulty in produced emulsion treatment and scaling issues (Weatherill, 2009; Bataweel 

& Nasr-El-Din, 2011). This section reviews some of these risks associated with ASP flooding. 

1.2.1. Precipitaion and Scaling Issues 

Operational problems caused by the formation of inorganic scales is one of the major risk associated 

with ASP flooding. Scaling issues in ASP flooding is caused by the alkaline injected. The injected 

alkaline causes an increase in the concentration of hydroxide ion (OH-), carbonate ion (CO32-) and 
silicate ion (SiO32-). The increase in the carbonate ion concentration is due to the conversion of 

bicarbonate (HCO3-) into carbonate ion in the environment of high concentration of hydroxide ion. 

The increase in the concentration of silicate ion is also as a result of reaction between the injected 

alkaline and the formation minerals. Formation water contains divalent metal cations like calcium ion 

http://zargon.ca/operations/oil-exploitation/tertiary-recovery/
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(Ca2+) and magnesium ion (Mg2+). These cations react with the anions formed by the injection of 
alkaline to form scales. Under certain pH, temperature and pressure these scales precipitate and are 

deposited causing several problems in production facilities. Common inorganic scales encountered in 

ASP flooding are calcium and silicate scale.  

Deposition of scale can occur within the reservoir, near the wellbore perforations, or in subsurface 
and surface facilities depending on the type of scale and reservoir fluid composition. They cause 

operational problems of varying level of severity (Umar & Saaid, 2013). They cause formation 

damage as well as reducing tubing or pipe internal diameter resulting in reduction in production. 
Maintaining production in ASP flooding therefore involves inhibition of scale formation and removal 

of already deposited scales. This requires extra cost with affects the overall economics of the ASP 

project by increasing operational cost. 

Precipitation of surfactant also occur during ASP flooding. This is caused by the presence of divalent 

cations in hard brines (Olaijire, 2014). This results in surfactant retention. 

1.2.2. Emulsification Problems 

As discussed earlier, emulsion is formed during ASP flooding process due to the reduction of IFT 

between oil and water by alkaline and surfactant. It was also discussed that this emulsion is made 
stable by polymer. Emulsification enhance oil recovery by improving both microscopic and 

macroscopic sweep efficiency either by entrainment or entrapment.  Report on core flooding by 

Cheng, et al., (2001) reveals an incremental recovery of 5% achieved by emulsification.  

Three broad types of emulsion exist according to their structure; water-in-oil, oil-in-water and 
multiple or complex emulsion.  Water-in-oil emulsion is more stable and common (most produced oil 

field emulsions). Due to the high viscosity of emulsion, it increases injection pressure and decreases 

water injection rate thereby decreasing liquid production rate. Also it causes transportation problems 
and it stable nature gives separation difficulties. 

1.2.3. Operational Issues 

There are several operational difficulties associated with ASP. This include pump failures caused by 

scale deposition which results in reduced pump life. Wang, et al., (2006) reported that the average 
work life of screw pump used for ASP flooding in Daqing was reduced to 97 days as compared to 375 

days for polymer and 618 days for water flooding.  

Also the viscoelastic property of polymer which aids recovery of oil from dead-end pores has adverse 

effect on fluid flow through pipelines (Sheng, 2013). A pulling force always try to pull fluid back into 

the main line whenever the fluid flows into a branch line at a T – section. Velocity increase in the 
main and branch lines increases this pulling force. There is velocity oscillation when triplex pump 

pumps and this velocity oscillation results in pump vibration. 

There are problems also associated with logistics especially in offshore application. The ASP design 

itself is a complex process which requires analysis on oil, water and rock chemistry and reservoir 

heterogeneity as well. It implementation may not be feasibly in high temperature reservoirs, 
carbonates reservoirs and reservoirs with hard brine. 

This means that both the technical and economic feasibility of ASP application depends on efficient 

use of the chemicals injected. In making ASP flooding more effective, a critical step is to deploy 

optimization which involves finding the optimal values of design variables that will maximize a 

particular performance measure (example, recovery efficiency, net present value) in a heterogeneous 
and multiphase petroleum reservoir (Zerpa, et al., 2005). 

1.3. Single Vs Multi Ojective Optimization 

Optimization deals with the study of problems in which one or more objectives that are functions of 
some real or integer variables must be either minimized or maximized (Bandyopadhyay & Saha, 

2013). Optimization process can be classified in to either single or multi-objective.  

In single objective optimization, the main aim is to find the “best” solution, which is either the 

minimum or the maximum value of an objective function. This optimization process involves either 
aggregating all different objectives into a weighted function or converting all but one of the objectives 

into constraints. Limitations on this type of optimization approach include (Ngatchou, et al., 2005): 
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 Only one solution is obtained with an aggregated function 

 A priori knowledge about the relative importance of the objectives and the limits on those 

objectives that are converted into constraints is required. 

 Difficulty in evaluating trade-offs between objectives. 

 Unless the search space is convex, solution may not be attainable. 

 On the contrary, multi-objective optimization which has conflicting objectives involves interaction 

among these incomparable objectives resulting in a set of compromised solution known as non-

dominated or Pareto-optimal set. There is no single optimal solution in this optimization approach. 

Considering more than one objective in an optimization process gives the following improvements 

(Savic, 2002): 

 A wide range of alternatives are obtained for decision making. 

 No a priori knowledge of the objectives required for the optimization process 

 Models of problems generated by this optimization approach are more realistic. 

Optimization is an indispensable process in many business management and engineering applications. 

These often involve satisfying incomparable or conflicting objectives. In most cases, converting all 

objectives into one has been done with the aim of finding the solution that minimizes or maximizes 
this single objective while maintaining the physical constraints associated with the system (Ngatchou, 

et al., 2005). Many heuristic algorithms have been developed for the process of optimization and one 

of the new algorithms is Particle Swarm Optimization (PSO). Over the past decade, promising results 
have been reported in the application of PSO in the single objective domain (Kennedy & Russell, 

1995; Zielinski & Laur, 2006; Praveen & Srinivasa Rao, 2014). This has resulted in the progression 

of its application in the multi objective domain. 

1.4. Particle Swarm Optimization Algorithm 

James Kennedy and Russell C. Eberhart (1995) first proposed the PSO algorithm for the optimization 

of continuous non-linear functions. It is a population – based search algorithm based on simulating 

the movement of birds within a flock aiming to find food.  

The algorithm works by performing a search via a population (dubbed swarm) of candidate solutions 

(dubbed particles) that updates from generation to generation (Zhang, et al., 2015). To seek the 

optimal solution, the particles move around in the search space. Their movement are guided by their 
personal best (pbest) position and the global best (gbest) position in the search space. Each particle 

has: 

                               

       
                                                                                                   (5) 

                            
        
       

                                                                                                                    (6) 

Where i denotes the particle index, Np is the total number of particles, t is current generation number, 

f is the fitness function and P is the position.  

At every generation, the velocity (V) and position (X) of each particle are updated by the equations 7 

and 8 

                                                                                              (7) 

                                                                                                                                (8) 

Where V is velocity, ω is the inertia weight used to balance the global exploration and local 
exploitation, r1 and r2 are uniformly distributed random variables with a range of [0,1] and c1 and c2 

are positive constant parameters called acceleration coefficients (Zhang, et al., 2015). To prevent 

particles from flying out of search space, an upper bound is set for the velocity either by “velocity 
cramping” or “constriction coefficient”. 

The inertia component (first part) of equation 7 represents the particle’s previous velocity which gives 

it the necessary momentum for the particle to roam in the search space. The second part is known as 
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the “cognitive” component; also represent the individual particle thinking of each particle. This part is 
what causes the particles to move towards their local best found so far. The third part is known as the 

“cooperation” component, represents the cooperative effect of the particles to find the global best 

(that is the optimum solution) (Zhang, et al., 2014). 

The PSO algorithm works as follows; let f: ℝn → ℝ, this is the objective function which must be 
minimized. A candidate solution is taken by this function as a vector of real numbers to produce a real 

number output as the value of the objective function of this candidate solution. The gradient of this 

function is either not known or difficult to compute. The aim is to find a global minimal that is a 
solution “a” for which f(a) ≤ f(b) for all b in the search-space. For the purpose of maximization, the 

function needs to be negated (that is g = -f). The basic PSO algorithm is shown on Figure 7. 

 

Figure7. A schematic of PSO algorithm  

1.4.1. Multi-Objective Particle Swarm Optimization 

The extension of the application of PSO from single to multi objective has been a natural progression. 

This is due to its relative simplicity, similarities in structure to evolutionary algorithms (EA) (such as 

the presence of a population searching for optima and information sharing between the members in 
the population) and the promising results obtained in the single objective optimization domain 

(Alvarez-Benitez, et al., 2005; Reyes-Sierra & Coello Coello, 2006; Esquivel & Cagnina, 2008).  

The multi-criteria nature of problems with conflicting multiple objectives calls for redefinition of 
optimality of solutions. In multi-objective optimization, the concept of Pareto optimality proposed by 

Vilfredo Pareto in 1986 is used. Before the changes in PSO algorithm for multi-objective 

optimization will be reviewed, it is vital to review the concept of optimality and some definitions 

regarding dominance. 

The multi-objective optimization problem can be defined as (Alvarez-Benitez, et al., 2005): 

                                                                                                                                (9) 

subject to: 

                                                                                                                                      (10) 

                                                                                                                                       (11) 
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Where                  is a vector of decision variables,     ℝ  ℝ         are objective 

functions and        ℝ  ℝ                 are constraints functions of the problem? 

Definition 1(Pareto Dominance): Given two decision vectors         ℝ ,    dominates    (denoted 

by       ) if        that is         for all         and at least for one         . 

Definition 2 (Pareto Optimality):  A vector of decision variables        ℝ  (  is the feasible 

region) is Pareto-Optimal if it is not dominated by any vector    in the feasible region. 

Definition 3 (Pareto Optimal Set): The Pareto optimal set denoted by    of a given multi-objective 

problem is defined as: 

                                 

Definition 4 (Pareto Front): The Pareto front denoted by P    of a given multi-objective problem 

and a Pareto optimal set is defined as: 

             ℝ          

It is desirable to generate several non-dominated solutions in one run considering the population-
based nature of PSO. So as in any other EA, the main issues associated with the MOPSO are: (Coello 

Coello et al., 2002) as cited in (Reyes-Sierra & Coello Coello, 2006) 

 Selection of particles to be used as leaders given preference to non-dominated solutions over 

dominated solutions. 

 Retaining the non-dominated solutions from all generations to be reported at the end of the search 

process and not reporting only non-dominated solution from only the final generation. These 

solutions must as well be well spread along the Pareto front. 

 Maintaining diversity in the swarm to avoid convergence to a single solution. 

 
Figure8. A schematic of MOPSO algorithm 

Source: (Abido, 2009) 
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As discussed in the previous section, in single-objective particle swarm optimization (SOPSO), 
movements of particles are guided by a chosen leader (personal best and global best solution). In 

MOPSO there are several leaders from which one has to be chosen to update a particle’s position. 

These leaders are the non-dominated solutions found so far and are stored in a place different from 

the swarm. An external archive is therefore needed in MOPSO to store the non-dominated solution.  

It is obvious that there should be modification in the original scheme to extended PSO to the multi-
objective domain. Figure 8 shows how the general algorithm for MOPSO works.  A comparison of 

the basic steps in SOPSO and MOPSO is also presented on Table 1. 

Table1. Comparison between SOPSO and MOPSO algorithm  

Source: (Patil & Dangewar, 2014) 

SOPSO Algorithm MOPSO Algorithm 

1. Initialize the swarm 

2. For each particle in the swarm: 

a. Select leader 

b. Update velocity 
c. Update position 

3. Update global best 

4. Repeat  

 

1. Initialize the swarm and archive 

2. For each particle in the swarm: 

a. Select leader from archive 

b. Update velocity 
c. Update position 

3. Update the archive of non-dominated 

solutions 

4. Repeat 

1.5. Problem Statement 

The main aim of ASP flooding as well as other EOR techniques is to increase oil recovery (that is 

reducing residual oil saturation) beyond that achieved from pressure maintenance by water or gas 
injection and water flooding. After conventional water flooding, the residual oil remains as 

discontinuous phase in the reservoir trapped by capillary forces (Zerpa, et al., 2005). This oil left 

within the reservoir is likely to be around two third of the OOIP. ASP flooding has been proved by 
laboratory experiments, pilot projects as well as large-scale applications to be very effective in 

reducing this residual oil saturation. This has been achieved by the combined effect of reducing IFT 

to ultralow value and reducing mobility ratio between oil and water. 

Nevertheless, the implementation of ASP flooding is intimately tied to the overall economics 

involved. As stated already, ASP flooding is capital and resource intensive and expensive and this is 
mainly due to the cost of the chemicals injected. Therefore, by optimizing the formulation, the 

chemical usage in the ASP system can be reduced significantly (Hongfu, et al., 2003) 

Also associated with ASP flooding is the cost in handling scale problems. Scale formation is a serious 

problem in the oil and gas industry and they cause formation damage near the wellbore area leading 

to reduced productivity and injectivity. They form within perforation, casing, tubing, and in surface 
facilities. Factors that facilitates scale precipitation include temperature, pressure, the presence of 

divalent cation and variation in pH.  Among these and other factors, pH variation plays the major role 

in scale formation. Scale precipitation and deposition in production facilities cause excessive loss of 

production, increased average work over periods and hence leads to low commercial effectiveness 
(Umar & Saaid, 2013). In ASP flooding, pH variation is caused by the addition of Alkaline. 

1.6. Aims and Objectives 

The main aim of this study is therefore to obtain a set of optimum ASP designs that give maximum 
oil recovery efficiency (FOE) whiles minimizing the total chemical usage as well as the final pH to 

mitigate scale problem and it associated cost. The model parameters that the study seeks to optimize 

include; 

 Number of cycles in the entire ASP campaign 

 The duration of the EOR process (that is the ASP main slug and polymer post-flush) 

 The duration for the polymer post flush 

 Concentration of Alkaline in ASP slug 

 Concentration of Surfactant in ASP slug 

 Polymer concentration in ASP slug and polymer post-flush 
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The objectives of this study are therefore to: 

 Define a multi-objective optimization problem by specifying three conflicting objective functions. 

The objective functions are FOE, Total chemical injected and the concentration of alkaline in 

produced fluids which is converted into the final pH.   

 Use Multi-Objective Particle Swarm Optimization (MOPSO) to determine a set of optimum ASP 

designs (non-dominated particles or Pareto set) deploying Pareto dominance. 

 Examine the variation of particles (ASP designs) with the three objective functions in a three-

dimensional sense. 

 Find the relative contribution of the various ASP design parameters to the first objective function 

(FOE). 

 Analyse the overall economics of the individual optimum ASP designs in the Pareto set to 

determine their economic viability. 

1.7. Justification or Significance of Study 

This optimisation process applied to real field situation can aid in decision making as to whether 

applying ASP flooding on an already depleted field will be economically viable or not. It can also aid 

in obtaining an optimum ASP formulation that can improve recovery whiles mitigating the limitations 
associated ASP flooding. 

2. REVIEW OF LITERATURE 

Determining an optimum design for ASP flooding just like most optimization problems in the real 

world often require that several conflicting objectives have to be traded against each other while 
seeking a viable solution to the given problem (Esquivel & Cagnina, 2008). Several studies have been 

done on finding the optimal design for ASP recovery processes, these among many others include;  

Estimation of optimal values for a set of design variables (slug size/ concentration of chemical agent) 

to maximize the cumulative oil recovery from a multiphase and a heterogeneous system subjected to 

ASP flooding (Zerpa, et al., 2005). Previously reported works in this area using reservoir numerical 
were limited to sensitivity analyses at core and field scale levels because the objective functions 

involved in formal optimization are computationally expensive to evaluate. This study therefore 

deployed a surrogate-based optimization methodology to overcome this limitation. 

The use of surrogate-base analysis/optimization to establish the relative contribution of design 

variables to the performance measure (net present value /cumulative oil recovery) variability using a 
limited number of computationally expensive reservoir simulations (Carrero, et al., 2007). This study 

presented an efficient global sensitivity approach based on Sobol’s method and multiple surrogates 

(i.e. Polynomial Regression, Kriging, Radial Base Function, and a Weighted Adaptive Model). The 
multiple surrogates were used to address the uncertainty in the analysis derived from plausible 

alternative surrogate-modelling schemes. 

The determination of optimum ASP flooding parameters (chemical concentration, length of each type 

of injection within a cycle) by deploying optimization program (Covariance Matrix Adaptation 

Evolution Strategy Algorithm) which give a high recovery efficiency but at a lower cost (Gubashov, 
2015). This work involves single objective optimization. That is, all the objective functions were 

aggregated into single objective function which he termed “net FOE” for the optimization process. 

In the aggregation process, he converted the cost of each chemical injected into an FOE equivalent by 

the formula (for alkaline); 

                                        
      

                                                                          (12) 

Where FTIALK is the total alkaline injected in lbs and the constant involves the price of oil, cost of 

alkaline and the oil in place value. 

To include the third objective (final pH), knowledge on scale formation due to this pH was required. 

This third objective was converted into the total production that will be lost for five days as a fraction 
of the oil in place. This production lost for five days was based on the assumption that in order to 

restore production to its initial level, five days of work over will be done to remove the scale during 

which the wells will be shut. 
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Gubashov’s approach obtained great findings on optimization in ASP flooding nevertheless; it has the 
short comings of single objective optimization as discussed earlier; a prior knowledge on the 

objectives and simplifying assumptions that makes the model unrealistic. 

In this study, the multi objective approach is used where an optimal set of solutions is obtained. This 

allows for better understanding of chemical utilization while trying to achieve a better recovery 
efficiency. In addition, ASP designs that mitigate scale formation can be obtained. 

3. METHODOLOGY 

The study deployed, HistMatMPI developed by Ilya Fursov, an in-house program that allows solving 
optimization problems using Eclipse reservoir simulator. Files used for the optimization process 

include; 

1. Eclipse dataset from the Harold model which was used for simulating the ASP flooding process.  

2. Additional files for parameterizing the model and defining the objective functions  

Output files from running HistMatMPI were in text format. Various plots were made from these out 
files using gnuplot. Data from these output files were also used as inputs for the economic model in 

Microsoft excel. 

3.1. Optimization Process 

In this study, a multi-objective optimization problem was defined by specifying three conflicting 

objective functions. The objective functions are  

1. Field Oil Efficiency (FOE),  

2. Total chemical injected and  

3. The concentration of alkaline in produced fluids which is converted into the final pH.   

Multi-Objective Particle Swarm Optimization (MOPSO) was used to determine a set of optimum 
ASP designs (non-dominated particles or Pareto set) deploying Pareto dominance. The variation of 
particles (ASP designs) were examined with the three objective functions in a three-dimensional 

sense and the relative contribution of the various ASP design parameters to the oil recovery efficiency 

was also examined. The overall economics of the individual optimum ASP designs in the Pareto set 

were finally analysed to determine their economic viability.  

3.2. Model Parameter Space 

In the execution of the ASP flooding process, large volumes of the chemicals are to be injected. For 

efficient execution of the flooding process, the entire duration of the process is subdivided into cycles. 
In a cycle, all the chemicals are injected one after the other as shown in Figure 9. The entire flooding 

process can also be divided into the EOR part and the water injection part. The EOR part also 

involves the injection of the ASP slug and injection of polymer post-flush. 

 

Figure9. Order in which chemicals are injected in ASP flooding 

In the optimization process, the model characterizes the ASP flooding based on several design 

parameters. These model parameters are based on the various part of the flooding process described 

above (Figure 10). These parameters include: 

 The number of cycles (N) 

 Duration of the EOR within a cycle (Lambda) 

 Duration of polymer post-flush in the EOR (Mu) 
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 Alkaline concentration for ASP 

 Surfactant concentration for ASP 

 Polymer concentration for ASP and the polymer post-flush 

 

3.2.1. Number of Cycle 

In the model, the duration for the entire ASP flooding process D is 2000days.This parameter in the 

model explores the effect of dividing this duration into N number of cycles. In the optimization 
process, the minimum and maximum bound of this parameter was set to 1 and 20 respectively. 

3.2.2. Lambda 

This parameter characterizes the duration of the EOR part of the flooding process as a fraction of the 

entire duration in a cycle. This implies that 

                         
 

 
                                                                                                      (13) 

                                     
 

 
                                                                             (14) 

The minimum and maximum bound of this parameter is set to 0 and 1 respectively 

3.2.3. Mu 

This parameter represents the fraction of the duration for EOR for polymer post-flush with minimum 

and maximum bound also set to 0 and 1 respectively. Therefore: 

                         
 

 
                                                                                           (15) 

                                       
 

 
                                                                     (16) 

3.2.4. Asp Chemical Concentrations 

The concentration of the chemicals injected is characterized by the last three parameters of the model. 
The limits of these parameters are set as 0 to 6.6lb/stb for concentration of alkaline in ASP, 0 to 

1.4lb/stb for concentration of surfactant in ASP and 0 to 7.1lb/stb for concentration of polymer in 

ASP and polymer post-flush.  

Table 2 present summary of the limits and initial values of the model parameters used for the 
optimization. All parameters were made active in the optimization process that means during the 

optimization process values of these parameters can be varied within the set limits 

Table2. Summary of model parameter limits and initial values 

Parameters Minimum Maximum Initial 

N 1 20 7 

Lambda 0 1 0.9 

Mu 0 1 0.08 

Alkaline concentration (lb/stb) 0 6.6  4.4 

Surfactant concentration (lb/stb) 0 1.4 0.95 

Polymer concentration (lb/stb) 0 7.1 2 
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3.3. Economic Analysis 

The overall economics of ASP flooding is very vital in determining whether it will be implemented or 

not. This is because the extra oil recovered from the flooding process has to be enough to offset all 

incurred cost and generate profit as well. 

Nevertheless, in this economic analysis, the main aim is to investigate the economic efficiency of the 
all the solutions generated by the optimization process as the optimum alternatives to ASP flooding 

design.  

Assumptions made in this economic analysis to simplify the economic model is as follows: 

 The assumed oil price was based on the current oil price, but its value was halved to compensate 

for taxes and other cost such as facility cost and operational cost. The main cost included in this 

economic model is the cost of the chemicals. 

 It is assumed that production rate will be constant through the ASP flooding process 

 Constant operating expenditure (Opex) based on the total cost of chemical injected is assumed. 

 A constant inflation rate is also assumed. The table below shows the inputs for the net present 

value (NPV) calculation (Appendices). 

Table3. Economic inputs for NPV calculation 

Oil price ($/bbl.) 40 

Cost of alkaline ($/lb) 0.68 

Cost of surfactant ($/lb) 1.5 

Cost of polymer ($/bbl.) 1.81 

Inflation rate (%) 3 

Discount rate (%) 10 

4. RESULTS AND DISCUSSION 

4.1. Optimization Results and Discussion 

The multi-objective optimization process found 92 non-dominated solutions using Pareto dominance. 

Figure 11 shows the distributions of the Pareto-optimal set and the set of particles in all generations 

within the objective function space. Two different analyses were made based on this distribution. The 
first was to analyse the efficiency of the total chemical usage in the ASP flooding process. The 

second was to analyse the effect of the final pH on the recovery efficiency.  The final pH depends on 

the concentration of alkaline in the produced fluids. 

 

Figure11. Particles in the Objective Functions Space 

For the efficiency of the total chemical used, the analysis was based on the shape of the Pareto front. 

Existence of two slopes is patent from careful observation of the Pareto front. The first slope, which is 

steep, ranges from an FOE of about 0.396 to 0.437 with ASP total injected chemicals of about 0.23 to 

4.9 x 106 lb. The steepness of this first slope indicates that less increment in the total chemical 
injected results in relatively large increase in the recovery efficiency. The second slope is gentle with 
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FOE ranging from 0.441 to 0.453 with ASP total injected chemical ranging from 5.6 to 13.3 x 106 lb. 
This means that beyond the point where the slope changes from being steep to gentle, more chemicals 

need to be used to increase recovery efficiency. 

Analysis on the effect of the final pH on recovery efficiency was based on the position of the Pareto 

front in the objective function space. All the Pareto optimal set had a final pH of approximately 7 and 
there is clustering in the dominated solutions on a final pH of 7. Figure 12 is a multi-plot showing the 

variation between pairs of objective functions in a 2 dimensional sense with a colour bar for the third 

objective function. 

 
Figure12. Multi-plot of Particles’ distribution in Objective Functions Space 

On the multi-plot, the plot of FOE against pH has a clustering of solutions on pH of 7. Also on the 

plot of FOE against total chemical injected with a colour scale of pH, has most of the points 

indicating a pH of 7 (green). This means that low alkaline concentration is vital for optimum ASP 

design. 

4.2. Effect of Design Parameters on ASP Design 

A critical step for the optimal design and control of ASP recovery processes is to find the relative 

contributions of design variables such as, slug size and chemical concentrations, in the variability of 
given performance measures (example FOE) (Carrero, et al., 2007). Analysis on the effect of the 

various design parameters on the efficiency of the ASP flooding therefore showed the results 

presented in this section. This was to investigate the significance of these parameters in ASP design. 
This analysis was on only solutions in the Pareto Optimal Set. 

4.2.1. FOE vs LAMBDA 

Figure 13 shows a general trend of FOE increasing with increasing duration of EOR in a cycle. On 

the plot, the EOR duration axis ranges from 0.5 to 1 indicating that optimum ASP design requires the 
duration for EOR chemical injection to be always more than 

 
Figure13. Plot of FOE vs EOR Duration 
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half of the duration per cycle. There is also a clustering of points between 0.95 and 1. This shows that 
for efficient ASP design the more significant part of the project within a cycle is the injection of ASP 

slug and polymer post-flush. The figure 13 even shows scenarios without injection of water as drive 

fluid, yet a high recovery achieved. The other observation from this analysis is the increase in the 

Total chemical injected as EOR duration (as fraction of duration in a cycle) increases which is as 
would be expected.  

4.2.2. FOE vs MU 

Further analysis involved the investigation of the duration of the ASP slug injection and the duration 
for polymer post-flush. 

 
Figure14. Plot of FOE vs ASP Duration 

From Figure 14, the points seem scattered but with a closer observation, a trend of FOE increasing 
with increasing ASP duration is apparent. 

 
Figure15. Plot of FOE vs Duration of Polymer Post-flush 

Figure 15 on the other hand shows a trend of decreasing FOE with increasing polymer post-flush 

duration. Combining the trend on the two figures, it is apparent that the duration for injecting the ASP 
slug is a very significant part of the ASP flooding design. 

4.2.3. FOE vs Chemical Concentration 

Analysis on the effect of the concentration of the various chemicals on the recovery efficiency 
showed intriguing results (Figure 16) that is very vital in the formulation of ASP slug. Considering 

the plot of FOE against the concentration of alkaline, varying recovery efficiencies were achieved 

with low alkaline concentration (0 - 0.04 lb/stb). Only few solutions showed high alkaline 

concentration and all these solutions had very low recovery efficiency. This can be attributed to the 
final pH, which causes the formation of scale when high. The surfactant concentration showed an 

increasing trend in recovery effeciency with increasing surfactant concentration but this trend is not 

very patent. The polymer concentration on the other hand showed a profound increasing trend in 
recovery efficiency with increasing polymer concentration. Polymer is therefore very important in the 

ASP slug formulation but while increasing its concentration, the overall economics should be 

considered since it is the most expensive among the chemicals injected. This leads to the economic 

analysis of the ASP flooding process in the next chapter. 
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Figure16. Multi-plot of FOE vs Chemical Concentrations 

4.3. Economic Results and Discussion 

The results from the economic analysis confirmed the inference made from the shape of the Pareto 

front in the previous chapter. Figure 17 shows a plot of NPV against FOE and it can be seen from this 

plot that, the maximum NPV achieved by increasing recovery efficiency is around the same FOE 
value on which there was a change in the slope of Pareto front from steep to gentle. The reduction in 

NPV after this FOE value can therefore be explained as due to fact that more chemicals are being 

utilized to achieve incremental oil beyond this point. 

 

Figure17. Plot of NPV vs FOE 

4.3.3. Price Sensitivity 

Further analysis includes investigating the effect of oil price volatility on the implementation of ASP 

flooding as an EOR method. The base case oil price was therefore halved and doubled to simulate 
situations of very low oil price and high oil price respectively. 

In the low oil price situation (Figure 18), the NPV decreases gently with an attempt to achieve 

incremental oil until the FOE value beyond which efficiency of chemical injected reduces. Beyond 
this FOE value, incremental oil recovery results in rapid decrease in NPV. This shows how ASP 

flooding would not be favourable in low oil price situation. 
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Figure18. Plot of NVP vs FOE in low oil price situation 

The high oil price situation resulted in a favourable NPV increase as incremental oil recovery is 

achieved. Despite the maximum NPV being around the same FOE value as the base case oil price, it 
can be seen from the trend that with more favourable oil price situation, incremental oil beyond this 

FOE value can be economically viable. 

 

Figure19. Plot of NPV vs FOE in a high oil price situation 

5. CONCLUSION OF FINDINGS 

 From the optimization results, it can be concluded that ninety two (92) ASP flooding design 

alternatives are available as optimum designs from which a decision can be made with further 

analysis as to which design should be implemented.  

 From the analysis made on the optimal set of solutions, it can be concluded that an FOE of 45.29% 

(that is incremental recovery of 17.29%) is achievable with ASP flooding. Nevertheless, efficiency 

of the total chemical injected decreases beyond an FOE of 44.19%. 

 The optimization process showed that optimum ASP designs can be achieved with low 

concentration of alkaline in the ASP slug to mitigate the formation of scales. 

 Analysis on the effect of the design parameters on the recovery efficiency showed that, in the 

implementation of ASP flooding, the duration for injecting the ASP slug is the most important 

among the injected fluids. 

 Also in the formulation of ASP slug, polymer is the most important chemical and increasing it 

concentration results in increase recovery efficiency yet it is the most expensive chemical among 

the chemicals in the ASP slug. Therefore, increasing its concentration should be traded against the 

total cost of the chemicals injected hence the overall economics of the ASP flooding project.  

 It was confirmed from the economic analysis that indeed beyond 44.19% FOE, the overall 

economics of the ASP flooding becomes unfavourable due to more chemicals being used. 

 Price sensitivity analysis showed that like all other EOR methods, high oil price situation is needed 

for the implementation of ASP flooding to be favourable despite it being a cost effective EOR 

method. Also, with favourable oil price situation, recovery beyond the 44.19% can become 
economically viable. 
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APPENDIX 

A. Economic Impuct Calculation 

 

B. Economic Model 
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