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Abstract

:

In the last two decades, nanotechnology has flourished due to its vast number of applications in many fields such as drug delivery, oil and gas, and thermal applications, like cooling and air-conditioning. This study focuses on the applications of nanoparticles/nanofluids in the Enhanced Oil Recovery (EOR) process to increase oil recovery efficiency. To understand the nanoparticle-assisted EOR process, the first step is to understand the flow characteristics of nanoparticles in porous media, including entrapment and release in the pores and the behavior of nanoparticles under high temperatures, pressures, and salinity levels and in the presence of external electric and magnetic fields. Also, the process looks at the roles of various pore distributions during their application as EOR agents. The experimental approaches are not only time consuming, but they are also cumbersome and expensive. Hence, the mathematical models could help to facilitate the understanding of the transport and interaction of nanofluids in a reservoir and how such processes can be optimized to get maximum oil recovery and, in turn, reduce the production cost. This paper reviews and critically analyzes the latest developments in mathematical modeling and simulation techniques that have been reported for nanofluid-assisted EOR. One section is dedicated to discussing the challenges ahead, as well as the research gaps in the modeling approach to help the readers to also contribute to further enlightening the modeling nanofluid-assisted EOR process.
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1. Introduction


The primary energy resource in the current decade is still hydrocarbons. Renewable sources of energy are in the development phase; hence, they cannot fulfill energy requirements and need a lot of research and development in terms of efficiency and cost to make them viable replacements to the hydrocarbons [1].



The production of hydrocarbon energy has to be increased to fulfill the rising demand for energy and also to reduce the production costs. To achieve this goal, maximum extraction should be completed from the existing operational reservoirs, since a vast amount (up to 60%) of the oil remains untouched in the reservoirs due to limitations in the oil recovery process [2]. The process of oil extraction from the reservoirs has been classified into three different categories: (1) primary oil recovery, (2) secondary oil recovery, and (3) enhanced oil recovery [3]. Enhanced Oil Recovery (EOR) comes into the picture after secondary recovery has taken place, in which up to 35–40% of the Original Oil In Place (OOIP) in the reservoir has been extracted using water flooding techniques. To extract the remaining 60–65% of oil, different EOR techniques have been discovered and employed in the reservoirs, and these have been categorized mainly into the following three groups, as discussed in [4,5]: (1) thermal methods, (2) gas methods, and (3) chemical methods. When the EOR methods are applied in the reservoir, they change the characteristics of the reservoir and the oil, for example, the wettability, interfacial tension, and mobility of oil, which helps with the movement of the oil to the extraction point; hence, oil can be pumped out. The details of the methods based on the above classifications are given in Figure 1. It also explains the EOR mechanism as well as its limitations and challenges.



From Figure 1, it can be inferred that EOR technology usually poses some challenges. The main challenge for the implementation of successful EOR techniques in the field is attaining a high recovery at a low production cost. The other limitation of the EOR techniques is that they are not environmentally friendly. For example, in the case of gas methods, if hazardous gases are inserted into the reservoir, the gases penetrate through the outlet and mix with the environment. Hence, we need an enhanced oil recovery method which has better recovery capacity, is cost-effective, and is also environmentally friendly [4].



Over the past years, nanoparticle research has attracted the interest of researchers because of its vast applications in engineering and medical fields. Numerous studies have also been carried out regarding the use of nanoparticles in the oil and gas sector, especially for hydrocarbon recovery. The use of nanoparticles (NPs) addresses some of the critical challenges faced in EOR methods. For example, in chemical methods, the chemicals get adsorbed in the porous medium which reduces the permeability of the reservoir. Hence, because of the very small size of nanoparticles (the size of NPs ranges from 1 to 100 nm in radius) this challenge can be solved easily [6]. When nanoparticles are injected into the reservoir, they change the wettability of the core and also reduce the interfacial tension between oil and the rocks [2]. Different properties of nanoparticles have been considered to study their effects on oil recovery such as particle size, ionic composition, behavior with magnetic and electric fields, as well as heat transfer capability. The most frequently used and researched nanoparticles are SiO2, TiO2, and Al2O3. These nanoparticles are in high demand due to their important qualities as EOR agents when compared with the currently injected materials used in the reservoir for EOR applications. The size of nanoparticles is 1–100 nm, which is smaller than the pore and throat sizes [7]. As experimental studies have given in-depth analyses of NP-assisted EOR techniques, different article reviews that have been published have discussed the progress in experimental and theoretical studies in terms of newly developed nanomaterials and their limitations, as well as the challenges ahead [2,4,5,7,8,9,10,11,12].



Figure 2 shows the recent research papers in nanotechnology applications. The figure gives a clear understanding of the popularity of nanotechnology/nanomaterials in oil and gas applications, concentrated on EOR techniques. It also shows that there are fewer research papers involving theoretical study or modeling as compared to experimental research. A fundamental and theoretical understanding of nanoparticle-assisted EOR is important to make an efficient EOR design. The mathematical modeling and simulations also help to facilitate the understanding of the behavior of more nanomaterials in cost-effective ways as compared to a complete experimental approach. This review gives an overview of existing mathematical models and simulations for nanoparticle-assisted EOR, along with their advantages and limitations. Firstly, we discuss the basic flow of nanoparticles in the different porous media. Then, the following sections are dedicated to the mathematical modeling of nanoparticle-assisted EOR for different reservoirs and in the presence of different physical conditions. The last section is dedicated to discussing future challenges in the modeling and simulation work of nanoparticle-assisted EOR.




2. Nanoparticle Flow in Porous Media


2.1. Filtration Theory


In order to study the flow of nanoparticles in porous media, it is essential to understand the principles of filtration theory. Filtration theory is the gateway towards gaining a superior comprehension of nanoparticle flow in porous media. This theory categorizes the particles in three different size regimes based on the size of the porous media [13] as shown in Figure 3. The first regime includes particles with a size comparable to or higher than the grains of porous media. Here, the permeability is significantly reduced because of the formation of a filter cake at the medium’s surface. Another regime involves particles of sizes somewhat smaller than those of the grains. Hence, the permeability reduction is less severe than the previously described regimes. In the third kind of regime, the particle sizes are smaller than the grain size. As expected, the permeability reduction is much less. In fact, it is the physiochemical processes, not the size, that are the influencing factors in this permeability regime. Examples of the processes include the surface roughness of soil grain gatherers, the interfacial elements of a double layer of particles, particle and particle–collector authority collaborations, the surface charge heterogeneity of nanoparticles and soil grain collectors, and numerous others. Other properties that influence the transport of nanoparticles include their size, shape, and agglomeration state [14]. In the current literature, the authors are interested in reviewing the transport of nanoparticles in porous media. The permeability reduction is expected to be influenced by the interaction between nanoparticles and the interaction between nanoparticle and the surface of porous media. In this regime, they are not expected to block any pore throat.




2.2. Transport Model Approach


Researchers have used two methods to contemplate the flow of nanoparticles in the porous media. In the first method, the Lagrange method, the nanoparticles are traced and coupled with the flow equation using interaction terms [15,16,17,18]. In the second method, the Eulerian method, the model equations are derived using the mass balance concept, and nanoparticles are not tracked. An advection–dispersion equation is considered, and a filtration term is added to the equation to predict the flow of the nanoparticles in the porous media.





3. Mathematical Modeling of Nanoparticle Transport in Porous Media


As nanoparticles gain popularity among researchers due to their vast number of applications, several researchers have started to carry our theoretical studies of nanoparticles in porous media by building different mathematical models. Goldberg et al. [19] presented a review of all the models used in nanoparticle transport in saturated porous media and calculated the efficiency of the models to predict the flow. The models were divided into different categories based on the phenomenon responsible for nanoparticle transport, which includes the flow equation along with a deposition term, remobilization, and blocking [15]. Goldberg et al. [19] suggested that the complexity of the models is not necessarily related to the prediction capabilities of nanoparticles.



To develop a mathematical model to predict the changes in reservoir characteristics after the injection of nanofluids in the reservoir, several researchers have developed different approaches, and these are discussed in the following sections. The transport of nanofluid in two-phase flow (oil and water) leads to changes in the wettability and permeability of the reservoir. To study these changes, Ju and Fan [20] developed a mathematical model for the transport of nanoparticles in porous media by considering the following assumptions: (1) the flow is one-dimensional under isothermal conditions, and the rock and fluids are supposed to be incompressible; (2) the porous medium is heterogeneous; (3) the oil and water flow in porous media follow Darcy’s law and the gravity force is neglected; (4) the nanoparticles are discretized into n-sized intervals; and (5) the viscosity and density of the fluids are constant, and oil and water are Newtonian fluids. Firstly, the model considers the flow of fluids in the porous media using Darcy’s law using the following Equation (1):


∂∂t(ϕSl)−∂∂xKl∂Plμl∂x=0;l=0,w,



(1)




where x is the distance of particle in the reservoir, in the reservoir, t is time, ϕ is the porosity of the reservoir medium, Kl is the effective permeability, and Sl,μl, and Pl are the saturation, viscosity, and porosity of phase l (oil or gas), respectively.



The nanoparticles will either be in the oil phase or the water phase based on their properties. If hydrophobic nanoparticles are present, they will be in the oil phase, and if hydrophilic nanoparticles are present, then they will be in the water phase. The transport of nanofluids in the porous media is given by considering Brownian diffusion, as shown in Equation (2), because of the wettability properties of nanofluids:


ul∂Ci,l∂x+ϕSl∂Ci,l∂t−∂∂xϕSlDi,l∂Ci,l∂x+Ri,l=0



(2)




where Ci,l is the concentration of nanoparticles, Di,l is the dispersion coefficient of nanoparticles in size interval i in phase l, and Ri,l is the net rate nanoparticle loss in interval i in phase l.



As nanoparticles are moving in the reservoir, they get entrapped and absorbed in the pores. Hence, it is important to consider the net loss rate of nanoparticles, which is given by [21] after the modification, as shown in Equation (3):


Ri,l=∂vi,l∂t+∂v∗i,l∂t



(3)




where vi,l is is the volume of nanoparticles in contact with phase l available on the pore surfaces per unit bulk volume of sandstone. Gruesbeck and Collins [22] gave an expression to evaluate the deposition of nanoparticles depending on the injected velocity which helps to give a better prediction of the loss of nanoparticles. Ju and Fan [20] reformed the model to better predict surface deposition, which is given by Equation (4):


∂vi,l∂t=αd,i,lulCi,l,whenul<ucαd,i,lulCi,l−αe,i,lvi,l(ul−uc),whenul>uc.



(4)







The initial conditions to solve Equation (4) are given below:


vi,l=0,t=0.



(5)







The entrapment of nanoparticles in the interval i at time t is given below:


∂vi,l∗∂t=αpt,i,lulCi,l.



(6)







The initial conditions to solve above Equation (6) are given below:


vi,l∗=0,t=0.



(7)







The model predicts the recovery of oil after the injection of nanofluids, and it also helps to predict the permeability and porosity of the reservoir. Nanoparticle deposition in the pores leads to changes in the permeability and porosity of the reservoir. Ju and Dai [21] derived the equations for the calculation of the changes in the porosity and permeability of the reservoir after nanoparticle injection, which are shown as Equations (8) and (9), respectively:


ϕ=(ϕ0−∑△ϕ).



(8)







The permeability can be calculated as shown in Equation (9):


K=K0(1−f)kf+fϕ/ϕ0n.



(9)







The model is solved using the Implicit Pressure Explicit Saturation (IMPES) method. This model has successfully predicted the calculation of nanoparticle transport in porous media. This model is one of the initial models used to determine nanoparticle transport in porous media and has been cited by many researchers in later developments. The model was used in the carbonate system by Sepehri et al. [23] and was validated with experimental results. The model predicted an 8–10% increase in the recovery factor due to changes in wettability in comparison with the standard water flooding EOR method.



The calculation of the nanoparticle loss term is vital for the prediction of the flow of nanoparticles in the porous media. Many researchers have studied and calculated the nanoparticle loss term based on mechanistic and empirical modeling methods which are highlighted below. Cullen et al. [24] recommended calculating the extent of nanoparticle entrapment, which can be explained by the following equation:


ρbϕ∂s∂t=kdep1−ssmaxc



(10)




where smax is the maximum retention capacity. To consider the detachment of nanoparticles, Bradford et al. [25] gave the Equation (11)


−∂ρbs∂t=−ϕkattc+ρbkdets



(11)




where katt is the coefficient of the first-order colloid attachment and kdet is the coefficient of first-order colloid detachment. Table 1 presents the calculation of the loss term by different researchers and fitting parameters used in the deposition model.



The material balance approach was used to study the one-dimensional and single-phase flow of nanoparticles in porous media by [33,34,35]. The model equation is given by Equation (12). The fluid flow is considered to follow Darcy’s law and nanoparticle flow is considered to follow the Brownian diffusion:


∂c∂t+u(x,t)ϕ∂c∂x−D∂2c∂x2+R=0



(12)






ϕμck∂P∂t−∂2P∂x2=0.



(13)







The authors used the two-site model proposed by Zhang et al. [26,36], which is given in the above table to calculate the loss term R. The fitting of parameters in the Independent Two Site Model (ITSM) was done by an experimental study performed by the authors and a case study from the literature. The model was used to calculate the concentration of nanoparticles at different times and distances from the core. This concentration of nanoparticles was used for the calculation of power absorbed by nanoparticles injected into the core. This study can help to give an idea about the use of electromagnetic heating, along with nanoparticle concentration in the reservoir. The limitation of the model is that it does not consider the saturation of fluids. A drag reduction model was developed for hydrophobic nanoparticles by [37], and the model predicted the change in the wettability of the core surface and the change in the displacement of the well by numerical simulation using the IMPES method. For the nanoparticle flow in heterogeneous porous media [38], developed a mathematical modeling simulation using the alternating direction implicit scheme. The model can be used to optimize nanoparticle physical parameters for EOR applications.



3.1. Models of Nanoparticle Flow in Porous Media Considering the Multiphase Flow


3.1.1. Multiphase Fluid Flow


After the Ju and Fan [20] model, many researchers, especially the El-Amin et al. [39] group came up with many modifications for the multiphase flow of nanoparticles in the porous media. The model’s equations are given below from Equation (14) to Equation (20). The following governing equations give a two-phase flow in the porous media. The authors considered a two-phase immiscible incompressible flow inside a homogeneous permeable medium domain, which was administered by Darcy’s law, and the conditions for mass conservation for each phase are given as [40].


vw=−Kkrwμw∇Pw



(14)






vw=−Kkr0μ0∇P0



(15)






ϕ∂Sw∂t+∇vw=0



(16)






ϕ∂S0∂t+∇v0=0.



(17)







The saturation of the phases are constrained by


S0+Sw=0



(18)




where w and o represent the wetting phase (water) and non-wetting phase (oil), respectively, P is the pressure in the porous media, v is the velocity vector of Darcy, S is the saturation, and kr is given as the relative permeability, and the general governing equation for the saturation is given in Equation (19), where μ is the viscosity. When the velocities of the wetting phase and non-wetting phase are added, they will be equal to zero. After simplifying the equation, the flow equation is given by


∇·K(mw+m0)∇Pw+m0γ(ϕK)1/2dJ(s)dS∇S=0.



(19)








3.1.2. Nanoparticle Transport


The flow of nanoparticles can be divided into two categories based on the behavior of nanoparticles in water. If nanoparticles are hydrophobic, they remain in the oil, and if nanoparticles are hydrophilic, they remain in the water. Hence, only one phase equation can be considered for this. Nanoparticle movement is due to Brownian diffusion, as given in Equation (20):


∂ϕSwCi,w∂t+vw·∇·ϕSwDi,w∇Ci,w+Ri,w



(20)




where Ri,w is the net rate loss of nanoparticles calculated using the Ju and Fan [20] model for the net loss of nanoparticles in the porous media. The model investigates the effect of variations in the water saturation, nanoparticle concentration, porosity, and permeability on the flow of nanoparticles in the porous media. The model is further modified to use CO2 sequestration [41]. In order to solve these nonlinear governing equations, the authors employed the cell centered finite difference method, along with the Implicit Pressure Explicit Saturation (IMPES) method. To improve the computational efficiency of the solution techniques, the authors solved the equations using the modified iterative IMPES method [42,43]. The authors also solved the complex nonlinear governing equations the arise in the multiphase flow problem using the stable and more accurate Galerkin’s method. The method was employed for spatial discretization along with a time integration method to give the the governing equation [44]. Then, the authors used the dimensional analysis method to study the impact of each parameter used in the governing equation of the model. After the dimensional analysis has been performed, different dimensional numbers can be introduced into the system, like the Darcy number, the Capillary number, and the Bond number [39]. Numerical simulations were performed to see the effect of dimensionless numbers on the physical variables.





3.2. Mathematical Modeling of Nanoparticle Transport in Anisotropic Porous Medium


The advection–dispersion equation for nanoparticle flow in saturated porous media may be written as shown in Equation (21). Salama et al. [15,38] explained the filtration model for saturated porous media with all the details shown below and developed a mathematical model for nanoparticle transport in anisotropic porous medium:


ϕ∂c∂t+∇·uc−ϕτD∇c=R+qc



(21)




where c is the concentration of nanoparticles, u is the Darcy velocity, ϕ is the porosity, D is the dispersion tensor, R represents the entrapment and detachment of nanoparticles due to chemical reactions, and qc represents the source or sink term of the nanoparticle flow [15]. By considering the filtration theory, the deposition of nanoparticles is accompanied by fine migration, and it is coupled with the governing balance equation by combining the rate at which the mass is deposited with the mass accumulation term [15,45,46]; hence, we get the following equation:


∂c∂t+ρbϕ∂s∂t=−∇·uc−D∇c+R+qc



(22)




where ρb is the bulk density of solids and s is the concentration at the surface. This deposition rate is modeled as


ρbϕ∂s∂t=kdepc



(23)




where kdep is the particle deposition coefficient which can be obtained using the flow velocity. With this method, particle deposition is an irreversible phenomenon, and s can grow continuously. Many researchers have used this process. To calculate the retardation of nanoparticles, He et al. [47] proposed a model which is shown below:


1+ρbkdϕ∂c∂t=−∇·uc−D∇c−kdepc



(24)




where kd is the distribution coefficient. The models mentioned above help to form the basic understanding for developing new models on nanoparticle transport in anisotropic porous media while accounting for site blocking. The nanoparticles are accounted for in the middle of an anisotropic domain by means of a source term. The anisotropy condition, which is known to influence the velocity and pressure fields, can be implemented with varied angles and ratios. The nanoparticle deposition in the pore space deteriorates the permeability, affecting both pressure and velocity. At large anisotropy values, both the peak concentration and minimum porosity drop. This suggests an increase in velocity, which can be associated with increased dispersion and deposition of nanomaterials.




3.3. Fractured Porous Media


In order to model nanoparticle flow in fractured porous media, many researchers have used the Discrete Fracture Model (DFM) [48,49]. The saturation equation used in the model is given below, along with the nanoparticle transport equation:


ϕm∂Sw,m∂t−▽·λw,mKm▽Pw,m=qw,m.



(25)




In the fractured porous media, the saturation equation should be modified for coupling between the saturation and pressure. The Equation (26) is given below:


ϕf∂Sw,f∂t−▽·λw,fKf▽Pw,f=qw,f+Qw,f



(26)




where Qw,f is the mass transfer between the matrix and fracture intersection. Similarly, the nanoparticle transport equations for flow in the matrix and fractured porous domain are given below:


ϕm∂Sw,mCm∂t+▽·uw,mCm−ϕmSw,mD▽Cm=Rm+Qc,m



(27)






ϕf∂Sw,fCf∂t+▽·uw,fCf−ϕfSw,fD▽Cf=Rf+Qc,f+Qc,w,f.



(28)







The above mathematical model can be solved using spatial discretization. Specifically, the authors used the cell centered finite difference method to solve the model numerically. The multi-scale time splitting scheme was developed and used for the pressure equation, and numerical cases are presented below to verify the employment of the proposed numerical method in DFM models in the future. This model can be used for in depth study of recovery using nanoparticle-assisted EOR and can be employed to enhance and optimize the performance of the EOR system. The two phase simulation of magnetic nanoparticles in hydraulic fracture porous medium was done by Aderonke et al. [50]. The simulation results showed that the nanoparticles were mostly concentrated at the planes of sand-filled hydraulic fractures. The high concentration of nanoparticles in the hydraulic fractures compared to the surrounding porous medium can be used for more accurate location and tracking of the sand in the subsurface. This study highlighted one more application of nanoparticle-assisted EOR for fracture detection in hydraulic fracture porous medium.




3.4. Modeling of Nanoparticle Transport in Porous Media in the Presence of a Magnetic Field


Nano ferrofluids are one of the potential applications of nanotechnology because they use the external magnetic field to administer their flow inside the porous media. This could lead to increased oil recovery during pressure maintenance as it paves the way for several applications such as directing flow in reservoir monitoring and diverting flow in acid jobs to control and boost the injection fluid advancement. With the intention to mobilize ferrofluids through porous media, a strong external magnetic field with large magnetic susceptibility fluid is utilized. Nanoparticles with electromagnetic properties (such as iron oxide, Fe2O3, and zinc oxide) under waves generated from an electromagnetic source can be used to increase oil recovery. Although both direct and alternating magnetic fields are under investigation, researchers have considered the direct magnetic field. Magnetic particle suspension is usually due to the magnetization of the particles and their attraction towards the magnet. The orientation of the magnet does not have any impact on the movement of the magnetic nanoparticles under the magnetic field effect [51,52,53]. McCaig and Clegg [54] presented equations which indicated that ferrofluid magnetization varies at locations far away from the magnet due to the decreasing magnetic field strength. The gradient of the magnetic field strength also varies with distance from the magnet. Moreover, the force on the ferrofluids decreases with distance from a magnet. Hence, the authors concluded that the distance from the magnet is significant and should be reconsidered by taking into account not only the location, particularly on the core-scale, but also the direction of flow.



The authors developed a mathematical model to describe the magnetic nanoparticles–water suspension imbibition into an initial oil saturated porous domain under the magnetic field effect. Except for a residual amount of the other phase, the porous medium is considered initially to be totally saturated with oil. Also, countercurrent imbibition was considered with a small-scale porous core. Here, the countercurrent imbibition refers to cases in which, except for one side, all the porous medium domain boundaries have no flow. Apart from this, the physical variables under the influence of a magnetic field with two different magnet locations, namely, right and left to the porous core, are studied. The authors also examined the impact of the magnetic field on physical variables such as saturation, nanoparticle concentration, porosity, and permeability. The magnetic force can be calculated using the following Equation (29) [55]:


Fmag=μ0M∂H∂z



(29)




where μ0 is a function of magnetic permeability, M is magnetization, and H is the magnetic field strength.


M=a1tan−1(b1H)



(30)




where the parameters a1 and b1 depend on the particular type of ferromagnetic material. The values of the initial susceptibility and saturation magnetization are controlled by parameters a1 and b1, respectively. A larger b1 leads to a1 larger initial susceptibility which corresponds to larger particles or an agglomeration of particles. The range of a1 may be in the order of 104–105, while b1 may be in the order of 10−6–10−5. The magnetic field strength in 1-D may be written as follows:


Hz=Brπμ0tan−1abz(a2+b2+z2)1/2−tan−1ab(z+L)(a2+b2+(z+L)2)1/2



(31)




where Br is the residual magnetization and L is the space between the poles of the magnet. By considering the velocities of the phases and nanoparticles along with the magnetic field, the water saturation equation is derived. The saturation equation for the water phase along with the magnetic field is given below:


ϕ∂Sw∂t+∂∂zKλwf0∂pc∗∂z−▵pg+μ0M(Sw,c)∂H∂z=0.



(32)




The nanoparticle flow in the porous media is based on Brownian diffusion, considering that nanoparticles exist only in the water phase and have the same size interval. The equation for the flow of the nanoparticles–water suspension in the water phase is written in Equation (33):


ϕ∂Swc∂t−∂cs1∂t−∂cs2∂t+∂∂zuwc−ϕSw(Ddiff+Ddisp)∂c∂z=0.



(33)







The above model is solved using the Galerkin and time integration methods. The essential outcome from this simulation is that the magnetic source area affects the physical factors of the model, which are saturation, nanoparticle concentration, porosity, and permeability, as shown in Figure 4. In light of the stream course and the area of the magnet, the magnetic field can help or contradict the stream of this two-phase framework. Such behavior can be utilized for various applications that rely upon whether the objective is to aid or postpone the infused liquid progression. As indicated by this examination, if the magnet is set alongside the no-stream boundary of the concentrated counter numerical test, the immersion of nanoparticles–water suspension increases. Besides, the convergence of nanoparticles is seen to diminish slightly, which has been ascribed to a slight increment in the testimony of nanoparticles. Then again, when the inflow/outpouring limit sets the magnet, the magnet opposes the stream of ferrofluid suspension and subsequently abates the water intrusion limit. Moreover, the nanoparticle concentration appears to increase under the impact of the magnetic field, and the saved nanoparticle fixation diminishes. Both porosity and porousness are lessened due to nanoparticle adherence to the dividers of the porous media.




3.5. Modeling the Ionic Effect of Nanoparticles


When nanoparticles are inserted in the reservoir, apart from the physical phenomena there can be physiochemical interactions that exist across nanoparticles along with the pore walls, which can affect the flow of nanoparticles in the porous media. To predict the deposition and the rate of release of nanoparticles in the presence of physiochemical reactions, a mechanistic model was proposed by Abdelfatah et al. [56,57] based on the Derjaguin–Landau–Verwey–Overbeek (DLVO) theory for different temperatures, ionic strengths, and pH values. The authors used the modified DLVO theory and predicted the entrapment and detachment for two cases divided by Spielman and Friedlander [58] based on the DLVO energy profile: case 1 with the presence of energy barrier and case 2 without the energy barrier. The energy barrier plays an important role in nanoparticle deposition by providing resistance to the release of nanoparticles from the surface. The final governing equations of entrapment and release for both cases are given below. Equation (34) is the deposition term for case 1, Equation (35) is the release term, and Equation (36) is the deposition term for case 2, and the release term is neglected in this case due the condition of injection velocity of nanoparticles, which is less than the critical velocity:


Kdep,1=D(ymax)∗(γmax2πkBT)12∗exp(−|Φmax|kBT)



(34)






Krel,1=D(ymax)∗(γmaxγmin)122πkBT∗exp(−|Φmax−Φmin|kBT)



(35)






Kdep,2=ag−23∗D23∗u13.



(36)







The above equations were used to calculate the loss term and are combined with Brownian diffusion. The equations calculate the concentration of nanoparticles and use the forward time-central space method to discretize the governing equation and obtain the results. The authors also conducted a sensitivity analysis of nanoparticle size, pH, temperature, and the effect of ionic strength. Using the model, the authors concluded that small nanoparticles tend to have a higher rate of deposition. The rate of deposition decreases with every increase in pH and temperature, like in the case of silica and sandstone systems. The ionic strength also plays an important role in the deposition rate of nanoparticles. To study the effect of the ionic strength on the retention and transportation of nanoparticles in porous media by considering the specific example of a reservoir consisting of dolomite core material obtained from an oil well in Kuwait and Berea sandstone, Yu et al. [59] researched nanoparticle transport in the oil field using experiments and mathematical modeling. The numerical simulation was conducted with the advection–diffusion equation to gather the transport parameters of the nanoparticles. The model equations are given from Equation (37) to Equation (40):


R∂c∂t=D∂c2∂x2−∂c∂x−γc



(37)




where γ is the removal rate of nanoparticles in the first-order.



The initial conditions to solve the model are


ci(x,0)=0whent=0.



(38)







t0 is defined as the time when the nanoparticle suspension starts to inject into the column.



The boundary conditions used to solve the model are


c(0,t)=c0



(39)






qc0=qc−θD∂c∂x|x=0+



(40)




where ci is the concentration of nanoparticles at time interval i at the outlet of the system, c0 is the initial concentration of injected nanoparticles, and q is the volumetric flux. The study concluded that the ionic strength and the multivalent ions significantly affect the transport of nanoparticles in the porous media.





4. Mathematical Modeling for Enhanced Oil Recovery from Shale Reservoir Using Nanoparticles


Shale reservoirs can be defined as extraordinary fine-grained sediments with low porosity and extremely low permeability [60,61]. As opposed to ordinary reservoirs, shale fractures usually contain four pore structures: inorganic matter, organic matter overpowered by hydrocarbon wettability, natural fractures, and hydraulic fractures. Simultaneously, hydraulic fractures and the associated reservoir volume (SRV) from induced fractures assume a basic job in essentially expanding the efficiency. A mathematical model was developed by An et al. [62,63] for magnetic nanoparticle transport in shale reservoirs by considering both micro and macro phenomena. The model used the principles of Darcy’s law, Brownian diffusion, gas diffusion and desorption, slippage flow and capillary effects in the reservoir of micro to nanopores and extremely low permeability. The above mathematical/physical principles are used for different phenomena that take place at different parts of the shale reservoir because of a change in the physical properties of the different sections of the shale reservoir. The developed model is based on the two-phase flow of gaseous and aqueous shale reservoirs. The nanoparticles are immersed only in the aqueous phase, and the gaseous phase contains natural methane gas. The flow of water is considered to be based on Darcy’s law, while the gas flow behaves differently because of the extremely low permeability of the micro and nanoscale pores. Based on Darcy’s law, gas diffusion, gas desorption, and slippage flow are also considered to explain the gas transport in shale reservoirs [62]. As the size of nanoparticles is less—about 30–80 nm—the flow is considered to be based on Brownian diffusion and convection. To study nanoparticle transport in a shale reservoir, the following assumptions were made by the authors: (1) nanoparticles can flow only in aqueous medium; hence, there is no nanoparticle concentration in the gaseous phase; (2) intercommunication between nanoparticles and the reservoir matrix is considered to be zero (also, nanoparticle deposition is explicated). The governing equations used in the model are given below as Equation (41) to Equation (43):


∂∂tMl=∇·(Fl→)+∑(Ql)



(41)






∂(ϕSwc)∂t+∇·(cvw→)=∇·De∇c+∑(QNano)



(42)




where l represent the water or gaseous phase, Ml represents the concentration of the nanoparticle deposition I, Fl represents the flux of component I, Ql stands for the source or sink of component I, C denotes the concentration of nanoparticles, QNano indicates the source or sink of nanoparticles, De represents the diffusion coefficient of nanoparticles which are obtained from the modification of the Stokes–Einstein Equation [64], which is represented below:


De=KBT3πμwdpϕ3/4Sw10/3.



(43)







The mass balance equations about fluids are applied to solve the unknown variables by employing the Newton–Raphson iteration in the mathematical model above. These continuum equations are also discretized in space using the integral finite difference method. Numerical examples performed in the work are based on an isothermal environment which means the heat transfer and the loss are considered to be negligible, so the heat transfer and loss are neglected [62,63]. The authors have built both micro models, and both the macro models and numerical simulations are performed for the models by considering the organic matter randomly distributed within the inorganic matrix. The models predicted the effect of physical parameters, such as the water saturation, grid pressure, and concentration of nanoparticles, through numerical simulations. The models concluded that nanoparticles could easily flow through the aqueous phase into the fractures, but their transport into the shale matrix is quite limited, with little transport shown into the organic matter. The authors also studied the effect of magnetization by using the magnetic nanoparticles and concluded that magnetic nanoparticles could extend the magnetic susceptibility of the reservoir. The models can be employed to gain insight into the flow of nanoparticles in the shale reservoirs, and they also will help to trace the nanoparticle movement in the shale reservoir for different nanoparticles. These are also useful for predicting the EOR efficiency and managing the cost optimization studies.




5. Challenges Ahead


The basic understanding of nanoparticle-assisted EOR is very limited, and a more fundamental and theoretical understanding of the behavior of nanoparticles in different reservoirs and under different physical conditions is required, which could be achieved by developing a more advanced mathematical model. More efficient mathematical models are based on filtration theory. Hence, more models based on the different approaches of nanoparticle flow in the porous media are needed. The literature is lacking studies of microscale mathematical models for nanoparticle flow in the porous media for applications in EOR. Microscale models can give a clear understanding of the physical interactions between the nanoparticles, rocks, fine particles, and fluid inside the reservoir, and also provides insight into the chemical reactions taking place inside the reservoir. A study combining the macro- and micro-scale models could provide a more accurate and conclusive assessment on the advantages of nanofluid-assisted EOR. A different additional mechanism is used along with nanoparticles in EOR applications like electromagnetic heating and magnetic fields. So, it is also vital to study the behavior of nanoparticles in the presence of electromagnetic waves in the reservoir and heat transfer between nanoparticles, oil, and water in the reservoir.




6. Conclusions


A detailed review of the modeling of nanoparticle-assisted EOR was presented in this paper. The first section explained the flow of nanoparticles in porous media. The flow of nanoparticles in porous media can be governed by Brownian diffusion. The next section reviewed the multiphase flow models which are used to assess nanoparticle behaviour in the reservoir. Nanoparticles are useful as EOR agents because of their size, ability to change the interfacial tension, porosity, and wettability in the reservoir. They are also a better carrier of heat transfer. As such, this can also be used to heat the reservoir to improve the oil recovery. The first section of the modeling explained the flow of nanoparticles in porous media followed by a review of multiphase flow by considering nanoparticles in the reservoir. The subsequent sections considered the flow characteristics, physical phenomena, and reservoir types. The models show that the physical properties of nanoparticles such as size, permeability, and interaction with external fields, as well as the type of material, play essential roles in EOR applications. As discussed in the challenges ahead section, a study should be done on them, and a pilot experimental study should also be carried out, which could help to apply nanoparticle-assisted EOR in the oil and gas industry.
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The following abbreviations are used in this manuscript:





	EM
	Electromagnetic



	EOR
	Enhanced Oil Recovery



	NPs
	Nanoparticles



	OOIP
	Original Oil in Place



	IMPES
	Implicit Pressure and Explicit Saturation





Nomenclature




	c/C
	Concentration of the nanoparticles



	t
	Time



	ϕ
	Porosity



	D
	Dispersion



	R
	Loss Term



	l
	Phase



	αd,i,l
	Coefficient of surface retention



	αe,i,l
	Coefficient of surface entrainment



	αpt,i,l
	Coefficient of pore throat blocking



	ulc
	Critical velocity of the phase for entrain particles
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Figure 1. Different categories of Enhanced Oil Recovery (EOR) techniques [4]. 
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Figure 2. Research on nanotechnology application in the petroleum industry [2]. 
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Figure 3. The three filtration mechanisms generally considered. Note the particle size dependence and differences in deposit morphology [13]. 
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Figure 4. Nanoparticle concentration versus core length with and without the magnetic field effect for various values of imbibition time. The magnet is placed on the left side of the core [51]. 
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Table 1. Nanoparticle deposition models [26,27].
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	Model
	Deposition Term
	Fitting Parameter
	Reference





	Colloid Filtration Model
	ρbϕ∂s∂t=kdepc, kdep=32(1−ϕ)dcvαη0
	α
	Yao et al. [17], Tufenkji and Elimelech [28]



	Filtration Model with Site Blocking
	ρbϕ∂s∂t=kdep1−ssmaxc
	α,smax
	Li et al. [29], Cullen et al. [24], Liu et al. [30]



	Filtration Model with Detachment
	ρbϕ∂s∂t=kdepc−ρbϕkdets
	α,kdet
	Bradford et al. [25]



	Kinetic Langmuir Model
	ρbϕ∂s∂t=kdep1−ssmaxc−ρbϕkds
	ka,kd,smax
	Wang et al. [31]



	Independent Two Site Model (ITSM)
	ρbϕ∂s∂t=kirr(1−s1s1max)c+kirr(1−s2s2max)c−ρbkrds2
	s1max,s2max,kirr,kra,krd
	Zhang et al. [26,32]
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