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A B S T R A C T   

Throughout the application of enhanced oil recovery (EOR), surfactant adsorption is considered the leading 
constraint on both the successful implementation and economic viability of the process. In this study, a 
comprehensive investigation on the adsorption behaviour of nonionic and anionic individual surfactants; 
namely, alkyl polyglucoside (APG) and alkyl ether carboxylate (AEC) was performed using static adsorption 
experiments, isotherm modelling using (Langmuir, Freundlich, Sips, and Temkin models), adsorption simulation 
using a state-of-the-art method, binary mixture prediction using the modified extended Langmuir (MEL) model, 
and artificial neural network (ANN) prediction. Static adsorption experiments revealed higher adsorption ca-
pacity of APG as compared to AEC, with sips being the most fitted model with R2 (0.9915 and 0.9926, for APG 
and AEC respectively). It was indicated that both monolayer and multilayer adsorption took place in a hetero-
geneous adsorption system with non-uniform surfactant molecules distribution, which was in remarkable 
agreement with the simulation results. The (APG/AEC) binary mixture prediction depicted contradictory results 
to the experimental individual behaviour, showing that AEC had more affinity to adsorb in competition with APG 
for the adsorption sites on the rock surface. The adopted ANN model showed good agreement with the exper-
imental data and the simulated adsorption values for APG and AEC showed a decreasing trend as temperature 
increases. Simulating the impact of binary surfactant adsorption can provide a tremendous advantage of 
demonstrating the binary system behaviour with less experimental data. The utilization of ANN for such pre-
diction procedure can minimize the experimental time, operating cost and give feasible predictions compared to 
other computational methods. The integrated workflow followed in this study is quite innovative as it has not 
been employed before for surfactant adsorption studies.   

1. Introduction 

The economical oil recovery from known reservoirs initially takes 
place by primary and secondary recovery processes, which contribute to 
recovering one-third of the original oil in place (OOIP). Meanwhile, 
around 60% of the OOIP remains trapped in oil reservoirs [1–4]. Despite 
the current dire economic situation due to the impact of COVID-19 on 
energy consumption, the future high demand for energy imposes the 
need of additional recovery from the remaining crude oil in mature 
fields, which is targeted by Enhanced Oil Recovery (EOR) techniques 
[5–10]. The application of surfactants in EOR has been always consid-
ered an effective approach for increasing oil recovery. Surfactants are 

injected in order to reduce the interfacial tension (IFT) and achieve high 
displacement efficiency [11,12]. Surfactants have an amphiphilic na-
ture, in which they comprise of hydrophobic tail and hydrophilic head 
groups, where they play a significant role in modifying the surface 
behaviour [13,14]. The accumulation of surfactant molecules at the 
water/oil interface is responsible for the reduction of IFT between the 
two phases and thus, enhances the oil displacement. The surfactant 
concentration limit that is required to initiate the formation of micelles 
is known as the critical micelle concentration (CMC). The CMC is an 
important aspect to study where at a concentration above the CMC’s 
value, the adsorption of the surfactant at the interface becomes insig-
nificant. This indicates that the optimum reduction of surface or inter-
facial tension has been achieved [11,15]. Therefore, the selected 
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surfactant concentration should be always above the CMC to ensure that 
formation of micelles, demonstrating an adequate concentration has 
been attained to obtain maximum efficiency in reducing IFT [16]. 

Several oil reservoirs have been reported to have a relatively high 
temperature (above 100 ◦C) with high salinity conditions. However, 
most of the surfactant flooding research has been rarely conducted in 
such a high temperature and salinity environment. These harsh condi-
tions affect pronouncedly the compatibility and thermal stability of 
surfactants and pose a challenge for surfactants to sustain ultralow IFT 
[17–19]. In a solid/liquid interface, surfactant molecules naturally tend 
to transfer from the bulk solution and distribute at the interface. The 
phenomenon of adsorption takes place due to the interactions that arise 
between the surfactant molecules and the rock surface during surfactant 
flooding [20,21]. It involves electrostatic interactions, chemical in-
teractions, hydrophobic bonding, and hydrogen bonding [22,23]. Sur-
factant adsorption during the surfactant flooding process is the most 
critical problem that can influence the success or failure of this process 
[24]. Adsorption represents a loss of a chemical agent from solution, and 
consequently, a net reduction in the surfactant concentration which 
leads to an inefficient reduction of IFT. The efficiency of surfactant 
flooding in harsh reservoir conditions will be significantly diminished 
not only in technical aspects but also in terms of economics. The lower 
the surfactant adsorption is, the smaller the amount of required chem-
ical agent is for injection, and the lower the cost is [25]. Surfactant 
adsorption has been continuously studied before the implementation of 
surfactant flooding at reservoir conditions. Many types of surfactants are 
evaluated using static and dynamic adsorption tests to assess their 
adsorption behaviour when mixed with the reservoir rock in practical 
reservoir conditions. Several adsorption studies were conducted on sand 
reservoir rocks with inconsistent outcomes [16,22,26–33]. However, 
exploring the adsorption mechanism in harsh reservoir conditions has 
not been conducted comprehensively. Hence, the efforts of this study 
attempted to address the adsorption behaviour of two dissimilar sur-
factants onto a sand rock surface, where the outcomes of this work are 
expected to improve the understanding of the surfactant adsorption 
behaviour in harsh reservoir conditions. 

The experimental adsorption data can be interpreted by generating 
the adsorption isotherm which can be obtained by plotting the adsorbed 
surfactant values versus surfactant concentration [21,34]. The adsorp-
tion isotherm is commonly fitted to equilibrium adsorption models, 

which are mathematical expressions developed to describe the equilib-
rium relationships between the adsorbate and adsorbent. This provides 
an insight into the adsorption mechanism with its thermodynamic as-
sumptions and physicochemical parameters [35,36]. Numerous two- 
and three-parameter adsorption isotherm models are known in the 
literature; such as Langmuir, Freundlich, Sips, Temkin, and Toth, where 
they have been formulated to examine the surface properties and the 
degree of affinity of the adsorbents [37–40]. For instance, Saxena et al 
[41] discussed the adsorption behaviour of an anionic surfactant on 
sandstone, carbonate, and bentonite. They analysed their laboratory 
data by mathematical fitting with adsorption isotherm models (Lang-
muir, Freundlich, Temkin, and Redlich-Peterson). They concluded that 
the adsorption pattern for the surfactant-rock system was best clarified 
by Langmuir adsorption isotherm along with the Redlich-Peterson 
model which supports the Langmuir isotherm model for the mono-
layer adsorption behaviour. The same conclusion was made by Bera et al 
[42]. Ahmadi et al [43] studied the adsorption behaviour for a natural 
nonionic surfactant using both static and dynamic tests on shale- 
sandstone samples. They concluded that the Langmuir and Temkin 
models were not suitable for predicting the surfactant adsorption 
behaviour. On the other hand, it has emerged that the Freundlich model 
has a more permissible fit for the adsorption equilibrium data, which 
indicated the heterogeneity of the sorbent surface. In the same context, 
Arabloo et al [22] and Barati-Harooni [44] used a variety of models to 
represent the adsorption behaviour of a natural nonionic surfactant on 
sandstone, where they found that the Jovanovic two-parameter and 
Brouers–Sotolongo three-parameter models were the best between the 
other models to describe the equilibrium adsorption data. Therefore, the 
exploitation of the equilibrium isotherm models is very essential, which 
can provide a comprehensive understanding of the adsorption mecha-
nism and contribute to optimizing the adsorption of surfactants in the 
design of the surfactant slug. 

In chemical enhanced oil recovery, the utilization of surfactant 
mixtures is commonly preferred in practical applications for their su-
perior performance as it improves the single components system 
significantly [45,46]. Typically, the measurement of adsorption equi-
librium data is required before the design of the injected surfactant slug. 
This type of data is often available and can be obtained easily. However, 
the measurement of adsorption equilibrium data for a mixed surfactant 
system is not commonly available in the literature. Moreover, it’s also 

Nomenclature 

AEC Alkyl ether carboxylate 
ANN Artificial neural networks 
APG Alkyl polyglucoside 
BET Brunauer-Emmett-Teller 
CMC Critical micelle concentration 
ELSD Evaporative light scattering detector 
EOR Enhanced oil recovery 
HPLC High-performance liquid chromatography 
IFT Interfacial tension 
MEL Modified extended Langmuir model 
ppm Parts per million 
ST Surface tension 
wt.% Weight percent 
XRD X-ray powder diffraction 
AT Temkin isotherm equilibrium binding constant (L/g) 
as Sips isotherm model constant (L/mg) 
bT Tempkin isotherm constant (J/mol) 
C◦ Concentrations of the surfactant before adsorption (mg/ 

mL) 
C Concentrations of the surfactant after adsorption (mg/mL) 

Ce Equilibrium aqueous concentration (mg/L). 
KF Freundlich isotherm constant (L/mg) 
KL Langmuir isotherm constant (L/mg) 
ks Sips isotherm model constant (L/g) 
M Mass of the crushed core (g) 
n Exponent in Freundlich isotherm 
nAPG Amount of APG adsorbed on the rock surface 
nAEC Amount of AEC adsorbed on the rock surface 
qe Surfactant amount adsorbed (mg/g) 
qm Maximum surfactant adsorbed amount (mg/g) 
R Universal gas constant (8.314 J/mol K) 
r1,r2 Principal radii of surface curvature 
SAPG/AEC Equilibrium selectivity of APG and AEC within the mixture 
T Temperature (K) 
Vs Volume of the surfactant solution (mL) 
θ1andθ2 Constants representing the loading fractions 
βS Sips isotherm exponent 
σ Surface tension (N/m) 
Γ Surfactant adsorbed amount on the rock surface (mg/g) 
Δp Laplace pressure difference (Pa)  
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experimentally challenging in terms of laboratory measurements. 
Consequently, the use of the available theoretical models to predict the 
surfactant mixture’s adsorption behaviour is a recommended practice. 
Over the years, several theoretical models have been developed to 
provide the behaviour of predicted mixtures by the exploitation of the 
individual components’ adsorption data. Among these models are the 
Langmuir model, the ideal adsorbed solution theory (IAST), molecular 
simulations two-dimensional equations of state (2D EOS) and Discrete 
Fourier transform (DFT) [47]. The Langmuir adsorption isotherm has 
been utilised extensively to model the adsorption of individual surfac-
tants. The extended Langmuir (EL) model was employed in most of the 
prediction studies of the mixture’s adsorption using the Langmuir pa-
rameters qm and KL from the individual components system [48–50]. 
However, this technique is not capable of providing precise predictions 
in a binary system, due to the fact that competitive adsorption between 
the adsorbate components is not represented, however, it may be 
considered an adsorption-controlling factor. Also, the Langmuir 
assumption of ideal mixing in the mixed surfactant monolayer doesn’t 
represent the nonideal synergistic behaviour of the mixed surfactant 
monolayer which is generally observed experimentally [51,52]. In this 
study, the modified extended Langmuir (MEL) model which includes the 
fractional surface coverage was used to predict the adsorption behaviour 
of two individual surfactants in a mixed binary system. 

On the other hand, reliable computational prediction methods have 
been widely applied such as an artificial neural network (ANN) which 
has gained much interest in providing fast prediction efficiency and 
reliability [53,54]. ANN offers many advantages over traditional 
mathematical models such as; requiring less time for the model devel-
opment, avoiding extensive experimental work to formulate a non- 
linear relationship and the ability to learning complex relationships 
regardless of requiring to understand the model structure [55]. In the 
past decades, ANN techniques have been extensively implemented for 
solving problems and for prediction tasks in the petroleum industry 
[56]. For instance, Jiyuan et al [57] studied the natural gas/water 
interfacial tension (IFT) using ANN. They acquired experimental data of 
pure methane and synthetic natural gas from the literature to develop 
their model. They trained the model with the Levenberg–Marquardt 
back-propagation algorithm in the MATLAB neural network. The effi-
ciency of the developed ANN model was compared to previous empirical 
correlations and they concluded that the IFT estimation accuracy can be 
enhanced essentially using the ANN model. The prediction of reservoir 
oil production performance [58], the prediction of ultimate recovery 
factor by steam-assisted gravity drainage (SAGD) [59], the forecast of 
horizontal wells productivity [60], and the prediction of waterflooding 
performance in heavy oil reservoirs [61] are other examples of petro-
leum application studies conducted using this powerful tool. ANN has 
been also utilised in the chemical EOR studies such as; surfactant–pol-
ymer (SP) flooding performance [53,62], curing of polymer flooding 
[63], and the formation and stability of oil/water emulsion [64]. ANN 
has been also used in different adsorption studies in general [65] and in 
the case of surfactants in particular. Özdemir et al [66] used the artificial 
neural network model to predict the adsorption behaviour of sodium 
dodecyl-benzene sulfonate (SDBS) onto Polyaniline (PANI) at different 
operating variables. A back-propagation feed-forward network with two 
hidden layers was developed using experimental data from batch ex-
periments. It was concluded in their study that the ANN model was able 
to provide more sufficient efficiency for the prediction of the effects of 
experimental conditions on the adsorption of SDBS onto PANI. To sum 
up, it can be understood that ANN is a very useful tool and can provide a 
great advantage of prediction capability and accuracy. However, to the 
best of our knowledge, ANN was not used before for the prediction of 
surfactant adsorption for EOR application. 

In the present work, a comprehensive study on the adsorption 
behaviour of two individual surfactants APG and AEC on the sand rock 
surface in harsh reservoir conditions was conducted. The adsorption 
behaviour of the studied surfactants was analysed using laboratory 

experiments (surface tension and static adsorption). The adsorption 
isotherms were after that fitted to four equilibrium adsorption models 
(Langmuir, Freundlich, Sips, and Temkin) to provide further under-
standing of the adsorption behaviour. In this context, the theoretical 
concentration of the surfactants required to cover the rock surface as a 
monolayer was measured through computational chemistry to support 
the modelling findings. Subsequently, the behaviour of APG and AEC in 
binary mixture systems has been investigated using the MEL model to 
explain the behaviour of the (APG/AEC) binary mixture at different 
mixing ratios. The final step of this work was to develop an ANN model 
for predicting the adsorption uptakes of APG and AEC at different 
temperatures. This study is significant as it presents an extensive un-
derstanding of the adsorption behaviour of surfactants in harsh reservoir 
conditions. The findings from the experimental work can provide 
valuable insights while the comprehensive modelling, simulation, and 
prediction analyses would reveal some interesting clarifications on the 
surfactant adsorption behaviour onto a sand rock. Such an integrated 
piece of work can provide crucial information for the design of surfac-
tant flooding slug especially in harsh reservoir conditions. Findings 
elucidated in this paper offer a great contribution to the research com-
munity by minimizing the experimental time and operating cost of 
future studies in the area of surfactant flooding. 

2. Materials 

Two different surfactants were used in this work, the Alkyl poly-
glucoside (nonionic) (51.5% active content) and it abbreviated as APG, 
and Alkyl Ether Carboxylate (anionic) (45% active content) and it is 
referred in this study as AEC. Both surfactants APG and AEC were sup-
plied by BASF Company. The general chemical structure of each sur-
factant is described in Fig. 1 APG and AEC were used directly as they 
were received, and all the samples were freshly prepared before the 
experiment. The study was chosen to be conducted for a Malaysian field 
with harsh reservoir conditions (106 ̊C as a reservoir temperature and 
32,000 ppm as injection water salinity). Both surfactants were tested for 
their compatibility and thermal stability prior to conducting the 
experiment and they were proven to be compatible with brine and 
thermally stable at the test temperature during the experiment time. 
Synthetic rock samples were selected to be used in this study due to the 
rock composition matching with this Malaysian field. The samples were 
obtained from PETRONAS Research Sdn. Bhd. (PRSB). 

3. Rock characterization 

The synthetic core samples were ground and sieved to obtain a ho-
mogeneous powder quantity. The size of the grains ranged from 300 to 
500 μm. The crushed rock samples were analysed using X-Ray Diffrac-
tometer (XRD). XRD of the crushed rock was recorded using (X’Pert3 

Powder, Malvern Panalytical) for a wide range of Bragg angle (5◦ ≤ 2θ 
≤ 90◦). The X-ray diffractogram of the crushed rock powder sample is 
demonstrated in the supplementary material (Appendix I). The peaks 

Fig. 1. The general chemical structure of (a) APG and (b) AEC. Grey: C; white: 
H; green: O; purple: Na. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the Web version of this article.) 
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were analysed to obtain the rock composition using the Joint Committee 
on Powder Diffraction Standards (JCPDS) database. Three main peaks 
were observed at 20.84◦, 26.63◦, and 50.12◦, then they were compared 
to JCPDS record which indicated the high quartz presence in the sample. 
The other minor peaks indicated the low quantity presence of quartz, 
kaolinite, illite, and Illite-Smectite [67,68]. A semi-quantitative mineral 
composition of the crushed rock is depicted in Table 1. Specific surface 
area of the crushed rock was achieved by nitrogen physisorption using 
Micromentics ASAP 2020. The specific surface area was determined 
using the multipoint Brunauer-Emmet-Teller (BET) method and it indi-
cated the value of 2.4 m2/g. 

4. Experimental section 

4.1. Critical micelle concentration (CMC) measurement 

Generally, there are several methods to measure CMC; in this work 
pendant drop tensiometry was selected. It is considered the simplest 
method and most versatile. The IFT 700 pendant drop tensiometer 
manufactured by Vinci Technologies is demonstrated in the supple-
mentary material (Appendix I). It was used to evaluate the surface 
tension behaviour of APG and AEC at 106 ◦C. The solution samples were 
loaded in the equipment and the measurements were simply conducted 
by suspending a fluid droplet from a needle. A picture of the droplet was 
taken by a mounted camera and then analysed by the system software 
[69,70]. The surface tension value was determined from the Lap-
lace–Young equation (Eq.1) based on the complete shape of the droplet. 

Δp = σ⋅
(

1
r1

+
1
r2

)

(1)  

Where Δp is the Laplace pressure difference across the interface, r1 and 
r2 are the principal radii of surface curvature, σ is the surface tension 
[69]. The CMC value is obtained from a conventional plot of the surface 
tension versus the surfactant concentration. The CMC corresponds to the 
intersection that occurs between the two regression lines fitted on the 
upper and lower regions of surface tension values of the curve, as seen in 
Fig. 3. Each CMC measurement was repeated several times, with a 
reading taken 10 times for each sample and then an average value was 
reported. The error of the CMC measurements is less than 3% of 
measured CMC [71,72]. 

4.2. Static adsorption 

Adsorption isotherm data of APG and AEC was obtained using a 
static surfactant adsorption experiment. The test was conducted to 
investigate the adsorption behaviour of APG and AEC on the crushed 
rock surface. Static adsorption experiments were carried out by allowing 
the surfactant solution in various concentrations (0.1 wt.%, 0.2 wt.%, 
0.4 wt.%, 0.6 wt.%, 0.8 wt.%, 1 wt.%) to reach equilibrium with a 
precisely weighted amount of crushed rock. The crushed rock and the 
surfactant solution were mixed in a glass bottle in 1/5 solid/liquid ratio 
(4 g of crushed rock and 20 mL of surfactant solution) [43]. The samples 
were aged in the oven at 106 ◦C for 24 h, which is sufficient time to 
achieve adsorption equilibrium [21,73,74]. Static adsorption isotherms 
were obtained by measuring surfactant concentration before and after 
equilibrating with the crushed rock. When the equilibrium conditions 
were obtained, the surfactant solution was centrifuged in order to 

remove any remaining crushed rock. The samples were centrifuged for 
30 min at 40000 rpm. The supernatant liquid was separated and then 
analysed using HPLC to determine the remaining surfactant concentra-
tion after the adsorption stage. Surfactant adsorption was determined 
using the following equation (Eq. (2)): 

Γ =
Vs*(C◦

− C)
M

*10− 3 (2) 

Where: Γ is the amount of surfactant adsorbed on the rock surface 
(mg/g), C◦ and C are the concentrations of the surfactant before and 
after adsorption (mg/L), respectively. Vs is the volume of the surfactant 
solution tested (mL), and M is the mass of the used crushed core (g) 
[75,76]. 

4.3. Surfactant concentration determination (HPLC) 

The remaining surfactant concentration of APG and AEC in the 
aqueous phase after adsorption on the rock surface was determined 
using Agilent 1200 series high-performance liquid chromatography 
(HPLC). HPLC system was connected to the Evaporative Light Scattering 
Detector (ELSD) which is a universal detector that is used for the ma-
jority of surfactants [77,78]. The Thermo Scientific acclaim surfactant 
plus column (Dionex bonded silica (3 μ, 3.0 × 150 nm)) was used for the 
analysis in this study with high sensitivity and high productivity 
[79,80]. An example of the corresponding peaks of APG and AEC in the 
obtained chromatogram from HPLC are demonstrated in the supple-
mentary material (Appendix I). Peaks with 16.343 and 24.968 min 
retention time were used to calculate the concentration of APG and AEC 
surfactants, respectively. The final concentration of APG and AEC in the 
aqueous phase after performing the adsorption experiments was 
measured using a predetermined calibration curve that has been set for 
each surfactant. The HPLC method provided good calibration curves for 
each surfactant which ensured obtaining accurate surfactant concen-
tration determination. Each concentration measurement using HPLC 
was repeated twice to examine the repeatability of the results and no 
significant difference was observed between the values. The experi-
mental uncertainty in the measurements using the HPLC method was 
approximately ± 0.01 wt.%. The method details, the process conditions, 
the detailed mobile phase gradients, and the calibration curves were 
explained in detail in our previous study [81]. 

5. Equilibrium adsorption models 

Based on the obtained static adsorption data, the adsorption 
isotherm data were fitted to equilibrium adsorption models for further 
analysis. Over the years, different equilibrium isotherm models (two- 
parameter and three-parameter equilibrium isotherm models) are used 
to describe the adsorption behaviours of liquid solutions on solid sur-
faces [35,82]. Langmuir and Freundlich’s models are considered the 
most common isotherms used to describe the adsorption of surfactants 
on the solid surfaces. Another two isotherms namely; Sips and Temkin 
models are considered in this study to describe the experimental 
adsorption data and discover the best-fitted model for APG and AEC 
adsorption. These models were selected to provide a further under-
standing of the adsorption behaviour of APG and AEC on the rock 
surface. 

5.1. Langmuir model 

Langmuir isotherm model is an empirical model which was proposed 
based on the kinetic principle, that adsorption and desorption rates are 
equal and maintained at zero rate of accumulation when equilibrium 
conditions are reached [51]. This model has been conventionally used to 
demonstrate the performance of different bio-sorbents [35]. The Lang-
muir adsorption isotherm assumes monolayer adsorption where 
adsorption takes place only at specific homogeneous sites with no lateral 

Table 1 
The semi-quantitative mineral composition determined by XRD for the crushed 
rock sample.  

Quartz 90 wt.% 
Kaolinite 5 wt.% 
Illite 3 wt.% 
Illite-Smectite 2 wt.%  
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interaction between the adsorbed molecules. Graphically, it is charac-
terized as an equilibrium saturation point where once a molecule oc-
cupies a site, no further adsorption can take place [82]. Langmuir 
isotherm relates the amount of the surfactant adsorbed on the rock 
surface to the equilibrium concentration and it’s applicable for mono-
layer adsorption due to assuming finite (fixed) identical sites (homo-
geneous surface) [83]. The mathematical expression of the Langmuir 
isotherm model was developed by Irving Langmuir [84] in 1916 and is 
expressed in this nonlinear form (Eq. (3)) as follows: 

qe = qmKL*
Ce

1 + kLCe
(3)  

Where qe is the surfactant amount adsorbed (mg/g); qm is the maximum 
surfactant adsorbed amount (mg/g); KL is the Langmuir equilibrium 
constant (L/mg); Ce is the equilibrium aqueous concentration (mg/L). 
This equation is rearranged into the following linearized form (Eq. (4)): 

Ce

qe
=

1
KLqm

+
Ce

qm
(4) 

By plotting of Ce
qe 

versus Ce, the intercept and the slope correspond to 
1

KLqm 
and 1

qm
, respectively. Hence, qm and KL are easily calculated from the 

intercept and the slope accordingly [82]. 

5.2. Freundlich model 

Freundlich isotherm model is the earliest known relationship 
describing the non-ideal and reversible adsorption. Unlike the Langmuir 
isotherm model, the Freundlich isotherm model is not limited to the 
monolayer formation, it can be applied to multilayer adsorption, with 
the assumption of non-uniform distribution of adsorption heat and af-
finities on a heterogeneous surface [35]. In other words, the Freundlich 
isotherm assumes that adsorption occurs by multilayer sorption on a 
heterogeneous surface [83]. Freundlich isotherm model expression de-
fines the heterogeneity of the surface as well as the exponential distri-
bution of the active sites and the active sites energies and its 
mathematical expression can be presented as (Eq. (5)): 

qe = KFCe
1
n (5)  

Where KF is the Freundlich adsorption constant (L/mg) which is related 
to the adsorption capacity and 1n is an empirical constant which is related 
to the strength of the adsorption [85]. This equation is linearized into 
the equation (Eq. (6)) by taking logarithm: 

lnqe = lnKF +
1
n

lnCe (6) 

From the plot lnqe against lnCe, the slope and the intercept are 1n and 
lnKF, respectively. Therefore, KF and n can be readily determined [82]. 

5.3. Sips model 

Sips isotherm model is a combined form of both Langmuir and 
Freundlich isotherm models which is deduced for predicting the het-
erogeneity of the adsorption system as well as for circumventing the 
limitation of the increase of the adsorbate concentration associated with 
Freundlich isotherm model [85]. The Sips isotherm model is obtained by 
introducing a power-law expression of the Freundlich isotherm into the 
Langmuir isotherm [35]. At low adsorbate concentrations, the sips 
isotherm doesn’t follow Henry’s law as it reduces to Freundlich 
isotherm; meanwhile when the concentration is high, it predicts a 
monolayer adsorption characteristic of the Langmuir isotherm. The 
model parameters are ruled by operating conditions such as the alter-
ation of concentration, pH and temperature [42]. The Sips isotherm 

model can be given by the following expression (Eq. (7)): 

qe =
ksCβS

e

1 + asCβS
e

(7)  

Where βS is Sips isotherm model exponent; as is Sips isotherm model 
constant (L/mg); ks is Sips isotherm model constant (L/g). This sips 
equation is set to a linear form (Eq. (8)): 

βslnCe = − ln
ks

qe
+ lnas (8)  

When βslnCe is plotted against ln 1
qe

, the slope and the intercept are ks and 
lnas, respectively. Hence, the parameters ks and as can be calculated 
[35]. 

5.4. Temkin model 

Temkin isotherm model was used initially for the description of the 
chemisorption system of hydrogen adsorption onto platinum electrodes 
within the acidic solutions [85]. The isotherm model contains a factor 
that takes the interaction between the adsorbent and the adsorbate into 
account, where the extremely large and low concentration values are 
ignored. Temkin model assumes that heat of adsorption as a function of 
temperature, of all molecules that present in the layer is reduced linearly 
rather than logarithmic with the increase of surface coverage 
[35,43,86]. The nonlinear form of Temkin’s isotherm is expressed as 
follows (Eq. (9)): 

qe =
RT
bT

lnAT Ce (9)  

Where bT is the Temkin constant which is related to the heat of 
adsorption (J/mol); AT is the Temkin isotherm equilibrium binding 
constant (L/g); T is temperature (K); R is the universal gas constant 
(8.314 J/mol K) [35]. This equation is rearranged into the following 
linearized form (Eq. (10)): 

qe =
RT
bT

lnAT +
RT
bT

lnCe (10) 

By plotting of qe versus lnCe, the intercept and the slope correspond 
to RT

bT
lnAT and RT

bT
, respectively. Therefore, bT and AT are readily calcu-

lated from the intercept and the slope accordingly [35]. The linear form 
fitting of the aforementioned equilibrium isotherm models is demon-
strated in the supplementary material (Appendix II). 

6. Simulating the theoretical concentration of the surfactant in 
the monolayer 

Calculating the required theoretical concentration of the surfactant 
to cover the rock surface was performed using the “Adsorption Locator” 
module implemented in the Materials studio v8 simulation package 
(Biovia, San Diego, USA). To figure out the adsorption configurations, it 
utilises the Metropolis Monte Carlo (MMC) method, which studies only 
the orientations and positions of the adsorbate molecules. These 
adsorbate molecules are treated as rigid bodies, postulating that they do 
not possess a high degree of torsional flexibility and, also, ignoring any 
internal degree of freedom they might have on the substrate surface. 
Practically, the candidate substrate-adsorbate configurations, in this 
module, are studied from a canonical ensemble in which the tempera-
ture and the loading of all adsorbates on the substrate are fixed. Since 
XRD results proved that the synthetic rock has 90% of its components 
silica, silica was selected as a model to represent the rock in this 
simulation. 
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7. Binary modelling prediction 

7.1. Modified extended Langmuir (MEL) model 

The Modified extended Langmuir (MEL) model is one of the best 
theoretical models utilised to predict the binary system adsorption. In 
binary mixtures, competitive adsorption is a controlling factor that 
usually takes place between the adsorbate species on the solid surface. 
This phenomenon shows that the adsorption of both adsorbates on the 
solid surface occurs with certain fractional loadings [47]. A revisited 
mathematical equation was proposed by Kurniawan et al. [51] for qm 
and KL for binary adsorption predictions as shown in the following 
equations (Eqs. 11–13): 

qm(binary) = qm,1(single)θ1 + qm,2(single)θ2 (11)  

K1,(binary) = K1(binary)exp
(
− θ2

θ1

)

(12)  

K2,(binary) = K2(binary)exp
(
− θ1

θ2

)

(13)  

Where θ1and θ2 are constants that represent the loading fractions of each 
adsorbate component. By following this method, it can be obviously 
understood that the adsorbent rock is covered by the two adsorbates 
with certain loadings. Therefore, this technique allows studying the bi-
nary mixture at different initial compositions as well as the intensity 
effect. Furthermore, the competitive adsorption that generally occurs 
between the adsorbate species when present in a mixture is included in 
this mathematic relationship. Hence, the adsorption affinity values for 
each adsorbate in the mixture are expected to be lower than when 
present individually. This is attributed to the weakening of the adsorp-
tion potential on the surface by the competition of each adsorbate for the 
adsorption sites. The Langmuir constants for the single components are 
used in (Eqs. (14) and (15)) to predict the adsorbed amount for a 
mixture. 

qe,1(binary) =

(
qm,1(sing)θ1 + qm,2(sing)θ2

)
KL,1(sing)exp

(
− θ1
θ2

)

Ce,1(bin)

1 + KL,1(sing)exp

(
− θ2
θ1

)

Ce,1(bin) + KL,2(sing)exp

(
− θ1
θ2

)

Ce,2(bin)

(14)  

qe,2(binary) =

(
qm,1(sing)θ1 + qm,2(sing)θ2

)
KL,2(sing)exp

(
− θ1
θ2

)

Ce,2(bin)

1 + KL,1(sing)exp

(
− θ2
θ1

)

Ce,1(bin) + KL,2(sing)exp

(
− θ1
θ2

)

Ce,2(bin)

(15) 

The Modified model was applied on the single adsorption data of 
APG and AEC to predict the mixture (APG/AEC) behaviour. The mix-
ture’s behaviour was predicted at different mixing ratios (5/5, 4/6, 6/4, 
3/7, 7/3, 2/8, 8/2, 1/9 and 9/1) at the same experimental condition 
used in the single surfactants. The results will explain the adsorption 
behaviour of each surfactant when present in a mixture. 

8. Selectivity analysis 

The selection of a suitable surfactant that provides low adsorption 
capacity is a challenging task, especially when dealing with surfactant 
mixtures. The most known criteria for evaluating the adsorption selec-
tion of different surfactants is the equilibrium selectivity. In order to 
determine the equilibrium selectivity, the equilibrium isotherms for all 
individual surfactants within the mixture in the experimental range of 
operation for the adsorption process must be taken into account [87]. 
The equilibrium selectivity is used in this study to evaluate the 
adsorption selectivity of APG and AEC within the mixture after mixing 
and it can be measured using the following equation (Eq. (16)): 

SAPG/AEC =
nAPG

nAEC
(16)  

Where nAPG and nAEC are the amounts of APG and AEC adsorbed on the 
rock surface, respectively, that are calculated directly from pure 
experimental data [47]. 

9. Artificial neural Networks (ANN) 

Artificial Neural Network (ANN) is known as a computational tech-
nique that is created via imitation of learning skills and processing 
methods of the human brain and its biological cells. Essentially, the 
structure of ANN is composed of artificial neurons which are organized 
in a certain number of layers that are connected to each other by a 
linking system known as connections or nodes [88]. ANN structure also 
consists of biases allocated to the neurons, the weights associated with 
neuron links and the transfer function (activating) with the existence of 
a bias value in order to turn inputs into a unified output. The neurons 
can be trained in a way that they can perform a specific task by adjusting 
the values of the nodes, allowing the information path to be recognized 
[89,90]. In a three-layer network, the neurons of the input layer are 
connected with the other neurons in the hidden layer via specific 
weights and that determines the contribution of each individual neuron 
in the input layer to the other neuron in the hidden layer [90]. The 
number (size) of these hidden layers and connecting nodes must be 
determined in order to optimize the capacities and abilities of the 
network for any set of data. Typically, connecting nodes have varying 
values, making certain nodes more important than the others. Therefore, 
if a certain node is connected to different inputs, the system is capable of 
deciding the node that is more important than the other according to the 
connection weights [47]. 

ANN consists of various architectures; such as the feed-forward 
network, feedback network, and multilayer feed-forward or (MFF) 
network. However, the most commonly used neural network is the 
multilayer feed-forward neural network where the information is 
transferred from the input layers to the output layers which does the 
final processing and outputs of the data via hidden layers [47,88]. A 
three-layered MFF network containing an input layer, hidden layer and 
output layer has demonstrated the ability to approximate all types of 
functions, regardless of their complexities. The standard transfer func-
tion used between the neurons is the S-shaped differentiable function 
known as the sigmoid function, which has similarities to the step func-
tion. One of the advantages of the sigmoid function is the ease of finding 
its derivative. In a feed-forward ANN, the inputs are nonlinear functions 
that can be represented by neurons which are connected in a manner 
that allows for only a forward flow (from inputs to outputs) [47,57]. 
ANN modelling adheres to a three-step system; starting with the 
collection of the inputs (independent variables) and the outputs 
(dependent variables). Followed by selecting the neural network design 
or architecture. The last step includes separating the data into three 
subsets: training, validation, and testing, in addition to choosing the 
number of hidden layers as well as the number of neurons selected in 
them [59]. 

The training step is used for updating the network weights and bia-
ses. The use of some experimental data is essential to adjust the weight of 
the nodes as well as the biases of every node. This will contribute in 
generating the demanded output activation based on each set of inputs 
[66]. The ANN error is calculated by the comparison of the outputs 
determined from the network with the desired outputs. In the beginning, 
the calculated error reflects a significant difference between the two 
calculated outputs. The system then minimizes the error by making node 
weight adjustments. This process is performed by the use of the back- 
propagation method which adjusts the node weights based on the in-
formation given from the output nodes to the hidden layers [47,91]. The 
validation step is applied to optimize network performance by 
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controlling the number of epochs (one training cycle). Epochs demon-
strate the iteration process used during the training process, where this 
validation step ensures obtaining minimal errors of the system [90]. 
Lastly, the testing set of data is utilised to guarantee the high accuracy of 
the trained neural network on predicting the unavailable data [60]. ANN 
training approaches can follow either a supervised or unsupervised 
pattern recognition process. Supervised training is the most common 
learning algorithm. This type of ANN is excellent in prediction and 
classification tasks. Within this training method, a correct output is 
given for each input model externally, and these correct outputs are 
assigned as targets for the ANN. Then the algorithm utilises a gradient 
descent method that attempts to obtain the global lowest error which is 
created by inputs, weights, biases and transfer functions [89]. However, 
the network in the unsupervised training process is provided with cor-
rect outputs whereas desired targets do not exist. The process is known 
as the self-adaptation system which the system itself must decide which 
features can be used to group the input data [88,92]. In this study, the 
supervised training process was applied. The purpose of the network 
training is minimizing the error or the sum of squares associated with 
the produced model that was generated for a set of experimental data. 

The feed-forward ANN architecture was selected for this study with 
two hidden layers which consist of 4 neurons for surfactant adsorption 
prediction. Initial concentrations of APG and AEC and temperature were 
the input variables, while the adsorption uptakes of APG and AEC at 
different temperature scenarios are the output variables. In this work, 
the MATLAB program has been used for the prediction of adsorption 
uptake values and the neural network function followed in this study is 
described in Fig. 2. The experimental data were divided into three sets, 
where about 70% of this data was used is the training step. TrainLm was 
used as a training function in this step. Trainlm is a commonly used 
training function as it updates the results according to the Lev-
enberg–Marquardt optimization method which is popularly used in the 
least-squares curve-fitting problem. The learning process of the network 
converging to the targeted error for APG and AEC, and the regression 
plot showing the regression coefficient of the experimental data and 
ANN are demonstrated in the supplementary material (Appendix III). 
The MATLAB code used is illustrated in the supplementary material 
(Appendix IV). 

10. Results and discussion 

10.1. Critical micelle concentration (CMC) 

The CMC values of APG and AEC at 106 ◦C were determined in order 
to investigate the surfactant concentration region containing optimum 
surface activity. In order to obtain the CMC value, the surface tension 
data were drawn against the surfactant concentration and the value of 
CMC was determined from the breakpoint of the curves as shown in 
Fig. 3. When the surfactant concentration decreased sharply to a certain 
value, an approximately constant trend of surface tension was observed 
when the surfactant concentration was further increased. The turning 
point indicates the formation of micelles as observed from the 

discontinuity of the curve [93]. The CMC values of APG and AEC were 
found to be approximately 0.17 wt.% and 0.11 wt.%, respectively. The 
surfactant concentration of APG and AEC used in the adsorption 
experiment was selected above CMC, where the increasing of surfactant 
concentration above the CMC results only in more formation of micelles 
[94,95]. 

10.2. Adsorption isotherm 

The investigation of surfactant adsorption equilibrium data is very 
essential for evaluating the possibility of implementing surfactant 
flooding technically and economically. The analysis of the adsorption 
data can provide the maximum surfactant adsorbed per unit area or 
mass of the rock as well as the adsorption isotherm. The adsorption 
isotherm is known as a graphical representation of the relationship be-
tween the surfactant adsorbed amount per unit mass or area of the rock 
and the amount of the remaining surfactant concentration at equilib-
rium [43,86]. The experimental adsorption data were plotted for APG 
and AEC showing the adsorption density variations against the increase 
of surfactant concentration as demonstrated in Fig. 4. It can be seen that 
the adsorption of APG and AEC was increasing gradually as concentra-
tion increases. However, it was clearly observed that the adsorption 
capacity of APG was significantly high as compared with the adsorption 

Fig. 2. ANN feed-forward function design generated from MATLAB. (For 
interpretation of the references to colour in this figure legend, the reader is 
referred to the Web version of this article.) 

Fig. 3. Surface tension of APG and AEC as a function of the surfactant con-
centration at 106 ◦C. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the Web version of this article.) 

Fig. 4. Adsorption isotherms of APG and AEC at 106 ◦C. (For interpretation of 
the references to colour in this figure legend, the reader is referred to the Web 
version of this article.) 
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capacity of AEC. The highest adsorption capacity of AEC was around 2 
mg/g at 1 wt.%, meanwhile, it was greater in the case of APG, specif-
ically 5.6 mg/g at 1 wt.%. This interesting experimental finding can be 
attributed to the fact that anionic surfactants generally have lower 
adsorption on sand surfaces than nonionic surfactants, as previously 
speculated. The adsorption of surfactants on sand surfaces is strongly 
influenced by the surface charges. Both sand surface and anionic sur-
factants carry similar electrostatic surface charges (negative charge), 
hence, weak interactions take place due to a reduction in the electro-
static repulsive forces between anionic surfactants and the sand surface. 
Consequently, AEC adsorption capacity on the sand surface was not 
significantly high. Meanwhile, the adsorption of nonionic surfactants 
occurs on the sand surface due to weak hydrophobic and hydrogen bond 
interactions between the surfactant and the sand surface. Since nonionic 
surfactants carry no charge on their head group, they exhibit higher 
adsorption on the rock surface as compared with anionic surfactants. 
Therefore, the adsorption capacity of APG was considerably high 
[11,20,42]. The issue of electrostatic surface charge of sand or other 
types of rocks is not a fixed matter. Experience showed that these 
charges might be turned to the opposite or weakened close to neutral by 
surfactant exposure time. This issue has not been investigated in this 
study but might be the subject of futuristic investigation. 

10.3. Equilibrium adsorption models 

The experimental adsorption data in this study for both surfactants 
APG and AEC were analysed by curve-fitting using Langmuir, Freund-
lich, Sips, and Temkin isotherm adsorption models that were discussed, 
previously, in this paper. The fitting of the isotherm models of APG and 
AEC adsorption experimental data at 106 ◦C is shown in Fig. 5. The 
results showed a good agreement with most of the isotherm models. 
Table 2 summarizes the computed values of the corresponding param-
eters and correlation coefficients for each isotherm model. The values of 
the regression coefficient (R2) were used to select the best-fitting model 
to the experimental data. The Langmuir and Freundlich models, in 
general, showed good fitting for APG and AEC adsorption data on the 
sand rock surface. The Langmuir model showed better fitting for AEC 
than APG where the R2 of the model fitted to the adsorption isotherm 
was found to be 0.9931 and 0.9556, respectively. This observation in-
dicates the formation of monolayer for both surfactants, but clearer in 
the case of AEC. This behaviour agrees with previous studies [85]. The 
separation factor for the Langmuir model (RL) was found to be 0.8091 
and 0.4571 for APG and AEC, respectively. When RL is less than 1, it 
indicates that the adsorption is favourable for both surfactants. On the 
other hand, the Freundlich model showed lower R2 for APG (0.9302) as 
compared to AEC (0.9728) indicating the formation of multilayer 
adsorption as well and it’s more dominate for AEC. Freundlich model 
also indicated that the adsorption is heterogeneous with non-uniform 
surfactant molecules distribution on the rock surface [21]. Due to hav-
ing heterogeneous adsorption, it’s believed that there is agglomeration 
coverage of the molecules at multilayer coverage/geometry sand sur-
face. It can be also indicated that the constant n value in the Freundlich 
model is higher than 1.0, which supports physical adsorption on the rock 
surface, and it’s slightly higher for AEC as compared with APG. The sips 
model has a good fitting for APG and AEC with the adsorption isotherm 
as shown in Table 2, and the n value is higher than 1.0, which supports 
the adsorption heterogeneity verdict. Taking into consideration the 
overall value of R2, it can be observed clearly that the best model that 
can present the surfactant adsorption is sips model where it can be 
ascribed to that surfactants are adsorbed heterogeneously on the rock 
surface [85]. These results are in line with Langmuir and Freundlich 
models where they both indicated monolayer and multilayer adsorption, 
respectively, occur. In addition, the Temkin model displayed good R2 for 
both APG and AEC supporting the pore filling effect. It also indicates that 
the adsorption process is exothermic, where the heat of adsorption of the 
surfactants molecules decreases linearly with the increase of adsorption 

[35]. A schematic diagram of monolayer and multilayer adsorption for 
APG and AEC surfactant molecules is described in Fig. 6. 

10.4. Simulating the adsorbed surfactants as monolayer at rock surface 

Thanks to the computational chemistry that opened the horizon to 
justify and describe the adsorption phenomenon which is beyond our 
observation and offer us a deeper understanding of the adsorption route. 
The required concentration of the utilised surfactants in this work; 
namely APG and AEC, that needed to cover the surface rock (Fig. 7) as a 
monolayer was simulated and calculated using Adsorption Locator 
module (check Appendix V in the supplementary information for the 
calculation method). It was found experimentally that the APG and AEC 
adsorption was increasing with the increase of surfactant concentration 
in the aqueous phase, where the adsorption of APG and AEC surfactants 
at the lowest studied concentrations was found 0.46 and 0.25 mg/m2 

(check Appendix V in supplementary information for the calculation 
method) and kept increasing with the increase of surfactant concentra-
tion in the aqueous solution. Whereas theoretically, it was found that the 
surfactant adsorption should reach the saturation point when APG and 
AEC concentrations in the aqueous phase are 0.057 and 0.044 mg/m2, 
respectively. The significant difference between the experimental and 
theoretical values for APG and AEC can be attributed to the adsorption 
of surfactants as a multilayer, which is in remarkable agreement with the 
modelling findings in this study. 

Fig. 5. The adsorption equilibrium isotherm models for a) APG and b) AEC 
onto the crushed rock at 106 ◦C. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the Web version of this article.) 
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10.5. Modified extended Langmuir (MEL) model 

The modified extended Langmuir (MEL) model was used in this 
section to demonstrate the behaviour of a binary mixture at different 
mixing ratios. The model was used to predict the adsorption behaviour 
of APG and AEC when mixed in a mixture (APG/AEC). The results of the 
APG/AEC mixture’s adsorption behaviour at a wide range of mixing 
ratios (5/5, 4/6, 6/4, 3/7, 7/3, 2/8, 8/2, 1/9 and 9/1) at 106 ◦C are 
described in Fig. 8. The MEL model showed that at high concentration of 
APG in the mixture (90% APG and 10% AEC), there’s no adsorption 
potential of AEC and only APG contributes in the total adsorption of the 
mixture. As the AEC concentration increases in the mixture it shows 
affinity to adsorb and this can be clearly observed in the APG/AEC 
mixture (8/2 and 7/3). Whereas, at the ratio 6/4 of the APG/AEC 

mixture, the adsorbed amount of AEC on the rock surface was higher as 
compared to APG even though the concentration of APG was higher in 
the mixture. On the other hand, the adsorption of APG doesn’t visibly 
exist in the mixing ratios (1/9, 2/8 and 3/7) of the APG/AEC mixture. 
However, the APG surfactant begins to adsorb in the 4/6 APG/AEC 
mixture, but it’s less than the adsorption range of 0.3 mg/g. The 5/5 
mixing ratio of APG/AEC shows that AEC contributes in around 80% of 
the total adsorption of the mixture, whereas, APG exhibited approxi-
mately 20% of coverage in the mixture when mixed with AEC in equal 
concentration. Even though the experimental adsorption data showed 
that APG adsorbs much greater than AEC when introduced individually, 
AEC has more affinity to adsorb in competition with APG to occupy the 
rock surface when they were applied in a mixture. 

These observations show that the adsorption behaviour of APG 

Table 2 
Isotherm constants and parameters measures of the equilibrium adsorption models for APG and AEC.  

Surfactant APG AEC 

Isotherm model Parameters Parameters 

Langmuir R2 Qm K RL R2 Qm K RL 

0.9556 7.6628 3.0278 0.8091 0.9931 0.2812 13.4595 0.4571 
Freundlich R2 n K  R2 n K  

0.9302 1.5941 2.2766  0.9728 3.1446 1.6211  
Sips R2 Qm K n R2 Qm K n 

0.9915 15.4321 0.6353 0.6 0.9926 27.9329 0.0728 0.8 
Temkin R2 Qm A B R2 Qm A B 

0.9847 1.2024 24.9518 17.2099 0.9936 0.5868 32.5891 56.0174  

Fig. 6. Schematic diagram representing (a) monolayer, (b) multilayer and (c) mixture of monolayer and multilayer adsorption of the surfactant molecules on the 
rock surface. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.) 

Fig. 7. (a) upper and (b) side view of the simulated rock surface. Yellow: Si; red: O. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the Web version of this article.) 
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(nonionic) and AEC (anionic) in the mixture is different from their 
behaviour when they were introduced individually. These findings are 
in good agreement with a reported study by Gao et al [96] on the 
adsorption of anionic-nonionic surfactant mixture, where they exam-
ined the adsorption behaviour of individual surfactants within a mixture 
on negatively charged silica gel. They observed that in a mixture of 
anionic-nonionic surfactants, the adsorption of the nonionic surfactant 
decreases gradually with the increase of the anionic surfactant concen-
tration. They also highlighted that even in the case of having the same 
concentration of the two surfactants, the anionic surfactant’s adsorption 
was higher. These outcomes were ascribed to the interactions between 
nonionic and anionic surfactants on the silica/solution interface and the 
competitive adsorption. This explanation is also in line with our previ-
ous partitioning study [81] where it was found that there are in-
teractions between APG and AEC in the APG/AEC mixture. Therefore, 
this clarifies that the presence of AEC in a mixture contributes in 
reducing the adsorption of APG and the predicted results from MEL 
model are in line with the experimental results in the literature. 

10.6. Selectivity analysis 

The ideal selectivity for the APG/AEC system as a function of sur-
factant concentration at 106 ◦C is described in Fig. 9. The results indi-
cated that the selectivity of APG/AEC increases with the increase 
inconcentration. The selectivity increases from below 2 initially to the 
range of 3 as surfactant concentration increases. The results of the 
selectivity analysis reflect that the individual surfactant APG can 
deliberate higher adsorption compared to AEC surfactant. However, this 

is demonstrated according to the individual experimental uptakes and 
not based on the practical configuration of the investigated surfactants. 
From what been said, and in terms of binary mixtures the situation can 
follow another trend, as reflected in the modified extended Langmuir 
(MEL) and the ANN modelling. The AEC bonding can infer a stronger 
bond if mixed with the APG surfactant at various concentrations. The 
presence of AEC in the mixture can block the active functional cations 
responsible for higher APG adsorption in the individual adsorption 
measurements [97,98]. Furthermore, the mineralogical content of the 
investigated rock sample can play a dominant role in terms of active 
bonds and trap approach when the surfactants mixture was utilised. The 
existence of Smectite clay with its well-known three-layer crystalline 
structure (one alumina and two silica layers) [99] can illustrate better 
bonding with AEC as compared to the APG in case of mixture injection. 
On the other hand, the Illite clay, (K,H3O)(Al,Mg,Fe)2(Si,Al)4O10[(OH)2, 
(H2O)] with its layered alumino-silicate structure [100] can interfere the 
adsorption of APG effectively with the existence of AEC at considerable 
composition. This can be supported by practical and experimental 
mixtures adsorption measurements in future studies, which is not in the 
scope of the current work. However, it is in the planned way forward 
investigation. 

10.7. ANN model 

The Efficiency of the ANN model was tested for modelling the 
adsorption behaviours of APG and AEC onto the crushed rock. The co-
efficient of determination R2 values were compared between the 
experimental adsorption data and the ANN predictive model to ensure 

Fig. 8. Binary APG/AEC mixtures predicted by using the MEL model at 106 ◦C. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the Web version of this article.) 
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that the ANN model represents the adsorption isotherm data. The values 
of R2 for the fitted data between the experimental adsorption and ANN 
model for APG and AEC are illustrated in Fig. 10. It can be observed from 
the R2 values that the predicted data by the ANN model fits well the 

experimental data and the ANN model is efficient for explaining the 
adsorption behaviours of APG and AEC onto the crushed rock. R2 for 
APG and AEC were 0.9999 and 0.9953, respectively, indicating that the 
ANN model gives reliable predictions for estimating the adsorption 

Fig. 8. (continued). 
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behaviours of APG and AEC. Fig. 11 shows the matching between the 
experimental adsorption isotherms and ANN model predictions for APG 
and AEC on the crushed rock at 106 ◦C. It can be concluded that the ANN 
model is very accurate and therefore can be used for further simulation 
targets. 

Most of the surfactant application in EOR was conducted at relatively 
low temperature conditions where high temperature conditions are not 
generally suitable for the surfactant flooding implementation. Sheng 
[101] explained that most of the surfactants flooding studies were per-
formed under the limit of 93.3 ◦C. However, many oil reservoirs have 
relatively high temperature conditions (above 100 ◦C), meanwhile, with 
the evolution of surfactant application in EOR, surfactants are still 
considered suitable candidates to provide good performance in high 
temperature conditions [19]. ANN can provide a great advantage to 
predict the adsorption behaviour of APG and AEC at different temper-
atures. The adsorption behaviour of APG and AEC was predicted in a 
range of temperatures (25 ◦C up to 150 ◦C) at the same surfactant 
concentration range used in the experimental work (0.1 wt.% up to 1 wt. 
%). This range was selected based on the temperature ranges of most of 
the oil reservoirs in the world [101,102]. Fig. 12 shows the ANN pre-
diction for the adsorption behaviour of APG and AEC at different tem-
peratures. It can be observed that the increase in temperature leads to a 
considerable decrease in the adsorption values for both APG and AEC. 
The increase of temperature generally causes a considerable decrease in 

Fig. 9. Selectivity analysis of APG and AEC on crushed rock at 106 ◦C. (For 
interpretation of the references to colour in this figure legend, the reader is 
referred to the Web version of this article.) 

Fig. 10. Comparison between experimental and ANN model predicted 
adsorption data for APG and AEC. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the Web version of this article.) 

Fig. 11. Experimental adsorption isotherms with ANN model predictions for 
APG and AEC on the crushed rock at 106 ◦C. (For interpretation of the refer-
ences to colour in this figure legend, the reader is referred to the Web version of 
this article.) 

Fig. 12. Predicted adsorption uptakes at different temperatures simulated by 
using the ANN model for a) APG and b) AEC on the crushed rock. (For inter-
pretation of the references to colour in this figure legend, the reader is referred 
to the Web version of this article.) 
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the adsorption values due to an increase in the kinetic energy of the 
species. Consequently, the entropy of the system increases, which leads 
to a decrease in the aggregate organization on the rock surface 
[20,103,104]. 

Several researches explained the effect of temperature on surfactant 
adsorption. Zhong et al [29] studied the adsorption of different surfac-
tant classifications and explained that adsorption is an exothermic 
process, showing that adsorption density at higher temperatures is 
reduced. Another reason is valid to explain this phenomenon, which is 
related to the adsorbent itself since the crushed rock used in this study is 
quartz dominated. Mehraban et al [105] reported the increase of the 
negative charges on the quartz surface at high temperature conditions. 
The increase of the negative charges causes a rise in the repulsive forces 
between the surfactant and the rock surface and it’s more obvious in the 
case of AEC (negatively charged), thus, leads to a reduction in the 
adsorption values. Bera et al [42] explained two reasons for the decrease 
of adsorption with respect to temperature increase. The first reason is 
attributed to the decrease in the diffusion rate of the surfactant across 
the external boundary layer and the rock interior pores which occurred 
from the decrease of the surfactant solution’s viscosity. The second 
reason is related to the equilibrium adsorption capacity of the sand 
particles which was influenced by temperature increase depending on 
the adsorption process which in this case exothermic. It can be 
concluded that the surfactant losses due to adsorption are less when 
surfactant flooding is applied at higher temperature conditions. This 
outcome encourages the implementation of surfactants at harsh reser-
voir conditions taking into account their compatibility and thermal 
stability to operate under these conditions. 

11. Conclusion 

This work provides an integrated study on the adsorption behaviour 
of two individual surfactants APG and AEC on the sand rock surface in 
harsh reservoir conditions. The experimental outcomes of this study had 
shown that the CMC values of APG and AEC were approximately 0.17 
wt.% and 0.11 wt.%, respectively. The static adsorption experiments 
clearly showed that the adsorption capacity of APG was higher than the 
adsorption capacity of AEC. For the sake of comparison, the adsorption 
capacity of APG and AEC was around 5.6 mg/g and 2 mg/g, respectively 
at 1 wt.%. The experimental adsorption data for APG and AEC showed 
good fitting with Langmuir, Freundlich, Sips, and Temkin models, 
stating that the best model presenting the surfactant adsorption is the 
sips model with R2 (0.9915 and 0.9926, for APG and AEC respectively). 
It was specified that monolayer and multilayer adsorption occurred 
simultaneously on the rock surface. Moreover, indicated a heteroge-
neous adsorption system with non-uniform surfactant molecules distri-
bution on the rock surface. To support these outcomes, the required 
theoretical concentration of APG and AEC to cover the rock surface as a 
monolayer indicated that the simulated adsorption values were signifi-
cantly less than their values at the lowest experimentally studied con-
centrations. It was suggested that the difference between the simulation 
and experimental findings was attributed to the adsorption of APG and 
AEC as a multilayer which is in line with the modelling findings. 

The adsorption behaviours of APG and AEC in a binary mixture were 
contradictory to their experimental individual behaviour. The MEL 
model predictions showed that AEC has more affinity to adsorb in 
competition with APG to occupy the rock surface when they were 
applied in a mixture. The presence of AEC in the mixture can block the 
active functional cations responsible for higher APG adsorption in the 
individual adsorption measurements. The developed ANN model was 
found quite accurate, where the predicted adsorption data showed a 
good fit with the individual experimental data of APG and AEC. The 
increase of temperature has led to a considerable decrease in the 
adsorption values for both APG and AEC due to an increase in the kinetic 
energy of the species causing a reduction in the aggregate spreading on 
the rock surface. The ANN model findings were in line with the reported 

experimental studies that addressed the effect of temperature on 
adsorption. The predicted adsorption trend at different temperatures 
raises the success potential of the implementation of surfactant flooding 
in harsh reservoir conditions. 

The findings from the experimental work provided valuable insights 
while the comprehensive modelling, simulation, and prediction analyses 
revealed some interesting clarifications on the surfactant adsorption 
behaviour onto the sand rock. The uniquely integrated workflow pur-
sued in this study can provide a useful contribution in examining, 
designing, and predicting the surfactant adsorption behaviour individ-
ually and in a binary mixture system, which can lead to proper designing 
of surfactant flooding at harsh reservoir conditions. Future investigation 
may cover a wider range of operating conditions, as well as checking the 
dynamic adsorption envelope. 
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