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Abstract: In order to solve the problem of demulsification difficulties in Liaohe Oilfield, 24 kinds of
demulsifiers were screened by using the interface generation energy (IFE) module in the molecular
dynamics simulation software Materials Studio to determine the ability of demulsifier molecules
to reduce the total energy of the oil-water interface after entering the oil-water interface. Neural
network analysis (NNA) and genetic function approximation (GFA) were used as technical means to
predict the demulsification effect of the Liaohe crude oil demulsifier. The simulation results show
that the SDJ9927 demulsifier with ethylene oxide (EO) and propylene oxide (PO) values of 21 (EO)
and 44 (PO) reduced the total energy and interfacial tension of the oil-water interface to the greatest
extent, and the interfacial formation energy reached —640.48 Kcal/mol. NNA predicted that the
water removal amount of the SDJ9927 demulsifier was 7.21 mL, with an overall error of less than
1.83. GFA predicted that the water removal amount of the SDJ9927 demulsifier was 7.41mL, with an
overall error of less than 0.9. The predicted results are consistent with the experimental screening
results. SDJ9927 had the highest water removal rate and the best demulsification effect. NNA and
GFA had high correlation coefficients, and their R?s were 0.802 and 0.861, respectively. The higher R
was, the more accurate the prediction accuracy was. Finally, the demulsification mechanism of the
interfacial film breaking due to the collision of fluorinated polyether demulsifiers was studied. It was
found that the carbon—fluorine chain had high surface activity and high stability, which could protect
the carbon—carbon bond in the demulsifier molecules to ensure that there was no re-emulsion due to
the stirring external force.

Keywords: demulsifier; fluorinated; demulsification mechanism; molecular dynamics simulation;
neural network analysis; genetic function approximation

1. Introduction

Liaohe Oilfield in China mainly produces heavy oil and super heavy oil. It is very
difficult to demulsify the oil emulsion because of its large asphaltene content and high vis-
cosity [1]. Liaohe Oilfield has entered the middle and late stage of exploitation. Since water
flooding cannot meet the demand of the oilfield production increase, alkali-surfactant—
polymer (ASP) flooding technology can better meet the demand of the production increase
in Liaohe Oilfield in the middle and later stages of production [2,3]. ASP flooding technol-
ogy can greatly improve oil recovery, but the synergistic effect and emulsifying effect in the
process of oil displacement make the emulsification of produced fluid very serious [4,5].
When the crude oil is produced by ASP flooding, a large number of surfactants, polymers
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and other chemicals are used, resulting in more complex produced fluid systems and more
difficult demulsification [6]. Transportation and refining of this stable emulsion without
treatment can cause serious problems, such as pipeline corrosion, scaling, increased equip-
ment load and fuel consumption [7,8]. Conventional demulsification technology mainly
includes physical demulsification, chemical demulsification and biological demulsifica-
tion [9-11]. Chemical demulsification requires simpler equipment and has a lower cost
and better demulsification effect. It can be used alone or combined with other demulsi-
fication methods to achieve efficient demulsification [12,13]. However, at present, many
demulsifiers cannot meet the actual needs of Liaohe Oilfield or are difficult to apply due to
cost, safety and other factors [14]. Therefore, the synthesis of a kind of demulsifier which is
suitable for the development of Liache Oilfield and can efficiently and rapidly demulsify
has become an urgent problem, which is of great significance to the good and efficient
development of Liaohe Oilfield.

In recent years, molecular dynamics simulation technology has developed rapidly and
is gradually applied to surfactants such as demulsifiers. Molecular dynamics simulation
refers to the use of computer technology, discusses the interfacial structure and interfacial
action of emulsion after adding the demulsifier at the molecular level in order to explain the
role of demulsifiers through this technology, optimizes the selection of efficient demulsifiers
and better serves oilfield production [15,16]. Using molecular dynamics simulation to guide
experimental research not only makes the experimental data and their universal mechanism
more visible, but also provides a new direction for future experimental research.

Marquez et al. [17] first studied the demulsification behavior of demulsifiers at the
oil-water interfacial film of oil-in-water emulsion using an atomic model. They found that
surfactants that can be used as demulsifiers must have the following characteristics: Firstly,
the solubility of demulsifiers in the aqueous phase must be higher than that in the oil phase.
Secondly, they must have certain diffusions and concentrations. Finally, the surface activity
of demulsifiers must be higher than that of emulsifiers. The demulsifier with the above
characteristics can reach the oil-water interface film and reduce the stability of the interface
film to achieve demulsification.

Ballal et al. [18] used the improved iSAFT (interfacial statistical association fluid
theory) to explore the influence of poly (ethylene oxide)-propylene oxide polyether on
the interfacial film of water—toluene by studying the molecular weight, the ratio of EO to
PO, branching degree and order degree, so as to understand the influence of demulsifier
structure on the interfacial film at the molecular level and predict the performance of real
demulsifiers. The results show that the interfacial tension decreased with the increase in
molecular weight and the number of branched chains. When EO:PO = 1:1, the interfacial
tension is at its minimum. Moreover, the surface activity of PEO-PPO-PEO is higher than
that of PPO-PEO-PPO.

Zhang et al. [19] used a polyamide-amine dendrimer demulsifier to study the effect
of the hydrophobic chain on interfacial properties and demulsification with molecular
dynamics simulation technology. The results show that with the increase in the demulsifier
concentration, the kinetic parameters n and t* obtained by characterizing the molecular
diffusion rate decreased. At the same time, unlike the traditional demulsifier adsorption
and diffusion behavior, with the increase in the hydrophobic chain length, the t* value
decreased and the n value increased, showing a slow diffusion-adsorption process.

A machine model algorithm can predict and integrate new rules and development
trends from a large number of data texts in multiple dimensions. In general, the process
of using machine algorithm to simulate experimental data can be divided into two steps:
inputting old data and simulating new trends. With the development and widespread
application of computer algorithms, researchers often use the neural network algorithm
and genetic algorithm to predict the mixed-phase pressure, and good prediction results
have been achieved.

The purpose of this study was to provide efficient and economical fluorinated polyether
demulsifiers for Liaohe Qilfield. Compared with general demulsifiers, the fluorine atoms
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contained in this demulsifier can partially or completely replace the hydrogen atoms on
the hydrocarbon chain, so that the nonpolar groups in the demulsifier can form carbon-
fluorine bonds with stronger bond energy, and this carbon-fluorine chain with higher
bond energy can show strong stability. Fluorinated polyether demulsifiers have better
surface activity, chemical stability, thermal stability and compatibility than conventional
demulsifiers. Fluorinated hydrocarbon groups are also hydrophobic, which can reduce
pollution. The interfacial generation energy (IFE) in molecular dynamics was used to
screen 24 kinds of demulsifiers. Neural network analysis (NNA) and genetic function
approximation (GFA)were applied to predict demulsification, so as to look for the rules
from the existing experimental data to obtain the corresponding prediction conclusions.

2. Experimental
2.1. Materials

Tetraethylenepentaamine was purchased from Beijing Tianyu Kanghong Chemical
Technology Co., Ltd. (Beijing, China). P-trifluoromethyl phenol was purchased from
Shanghai Sahn Chemical Technology Co., Ltd. (Shanghai, China). Formaldehyde was
purchased from Shanghai Macklin Biochemical Technology Co., Ltd. (Shanghai, China).
Xylene and toluene were ordered from Shanghai Jizhi Biochemical Technology Co., Ltd.
(Shanghai, China). Potassium hydroxide was purchased from Shanghai Sibaiquan Chemical
Co., Ltd. (Shanghai, China). Potassium hydroxide was purchased from Shanghai Sibaiquan
Chemical Co., Ltd. Ethylene oxide (EO) and propylene oxide (PO) were purchased from
Zibo Shandong Zixiang Sales Chemical Co., Ltd. (Zibo, China). The tested oil sample
was produced from fluid from a block in Liaohe Oilfield. Fluorinated demulsifiers were
synthesized by using trifluoromethyl phenol, formaldehyde and other raw materials as
initiators and then synthesized through polymerization reaction with propylene oxide and
ethylene oxide [20]. The physiochemical characteristics are shown in Table 1.

Table 1. Basic physical properties of crude oil produced from a block from Liaohe Oilfield.

Density . Dy.n amlco Gum Asphaltene Acid Po.u y Moisture Saturate Aromatic Resin
Keom-—3 Viscosity (50 °C) o o Value Point Content o o o
8 mPa-s mgKOH-g-1  °C %
943.0 180.2 24.93 12.75 2.45 17.3 17.02 46.63 15.69 32.83

2.2. Molecular Optimization and Model Construction

All the simulations were performed on the molecular dynamics software Materials
5tudio2018. The interaction parameters of surfactants came from the condensed-state
optimized molecular force field—COMPASS force field.

Firstly, the 3D model structures of n-decane and demulsifier molecules were built
by using the Visualizer module in the program, and the geometric optimization of the
structures of the three surfactant molecules was carried out by using the Smart method
through the COMPASS force field of the Dmol3 module, so that the surface molecular
system could achieve the minimum energy, and the optimized molecular structure of the
optimal molecular conformation was obtained, as shown in Figure 1.

Then, the crude oil system model and demulsifier system model were established at
278 K by using the construction tool under AC module, COMPASS force field and Periodic
Cell periodic boundary conditions. Based on the position reference of the rectangular
coordinate system, the size of the system box was set. With the origin as the center, the
lengths in x, y and z directions were 4 nm X 4 nm X 12 nm, respectively. The system model
is shown in Figure 2. The simulation systems with different EO/PO ratios were composed
of 2000 n-sunane molecules and 500 water molecules.

Finally, the Dynamics tool under the Forcite module was used. The simulation level
was MEDIUM, and the simulation system ensemble was NVT ensemble, keeping the
system at a constant temperature of 298 K. AtomBased was used to represent van der Waals
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interaction and electrostatic interaction. Andersen method was selected for parameter
control of ensemble, namely temperature control. In addition, Berendsen method was used
for pressure change. A 3000-step process was established and the last nanosecond result
was obtained by statistical analysis.
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Figure 1. Schematic diagram of optimized molecular structure, where blue is N, red is O, white is H,
gray is C, and purple is R3 = (C3HgO)x(CoH4O)y.

Figure 2. Demulsifier system model.

2.3. Neural Network Analysis (NNA)

Neural network analysis (NNA) refers to the method of machine learning and data
processing that controls various parameters and layers based on the way in which neu-
rons in the brain of organisms transmit information [21,22]. NNA was first proposed by
McCulloch and Pitts in 1943 as a way to simulate the analysis of neurons in the brain.
Although it makes too many assumptions and simplifications than real brain neurons, it
still contributes considerable intelligence in research. Therefore, NNA has considerable
research and application value. Since then, NNA has been greatly developed, and hundreds
of models have been proposed. Figure 3 is a complete typical three-layer neural network
structure, which is divided into three parts: multinode input layer, single-node output
layer and hidden layer. A three-layer BP neural network can solve almost all the prediction
problems near exact precision, so only one hidden layer was used in this study.
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Input layer Hidden layer Outputlayer

Figure 3. Basic structure of three-layer neural network.

Neurons refer to nodes, which are the most basic structure of neural networks. Each
node is an information-processing element. In addition to the input layer, each node uses
the transformed linear combination of node output from the lower layer as its input:

I = Zw,]X] + 6; 1
j

In the expression, [; is the input to the i node, X; is the output of the j node in the
previous layer, j is the summation of all nodes in the previous layer, w;; is the connection
weight between nodes, and 6; is the offset value. It is worth noting that the nodes between
each layer are not fixed, which needs to be set according to the actual situation. When
exploring MMP, the nodes in the input layer are designed as multiple variables that affect
MMP, and the output is the corresponding MMP value. The number of hidden layers and
the number of nodes in each layer can be defined by users themselves, so as to make the
output results closer to the real value.

The transfer function needs to be realized through the transfer function between the
input layer and the hidden layer and between the hidden layer and the output layer. In
addition, the conversion information is realized by setting the weights and bias values. In
this way, the data between the input layer and the output layer can be connected and their
relationship can be directly reflected. The study uses a transfer function called Sigmoid
transfer function (Formula (2)), which allows for easy differentiation and has a smooth
function to achieve data output in a narrow range.

12
L

-0.1 )

After setting the above information, training should be started and the neural network
should be learned independently. The training minimizes the error and makes the final
prediction more accurate. Here, BFGS algorithm is used to find the minimum value of
the error, and the error function (3) is used to determine the matching degree between the
calculated output and the expected output:

E=Y Glyi—y)’+ QY (xj— 5)° + PY_uw}, ®)
; Kl

=1



Molecules 2022, 27,1799

6 of 19

where C; is the parameter value of the proportion of results. In this study, the item is 1,
y; and y; represent the true value and the predicted value, respectively. Q is the penalty
factor set for the missing value, x; is the missing data value of the system guess, ¥; is the
average value of each input data, P represents the penalty factor of connection weight, and
wy | represents the connection weight. The first item is the main item of the error, which
is the sum of squares of the difference between the predicted value and the actual output
value of the model. The second item represents the error caused by filling the missing data.
In addition, the average connection weight is added to the error function to prevent the
collapse or error caused by excessive weight. In this way, the learning cycle iteration of
the neural network can be carried out until the error drops to a certain level, and finally a
trained neural network can be obtained.

2.4. Genetic Function Approximation (GFA)

Genetic function approximation (GFA) is carried out through selection, crossover
and mutation [23,24]. This algorithm is based on Darwin’s theory of evolution and some
viewpoints of genetics. Generally speaking, choosing an excellent father will lead to better
offspring. In addition, the mutation operation accelerates the progress of the algorithm and
does not fall into local optimum [25]. By applying this algorithm to the field of intelligence,
the optimal selection method is obtained to improve the economic benefits. The structural
process is shown in Figure 4.

Question

Initialize

T~

- o
<Match condltlo_n/.

o
Selection
Optimum

Crossover|

Mutation

Figure 4. Genetic function approximation chart.

Y

The parallel method can improve the convergence speed under the premise of ensuring
a certain fitness, so as to obtain more accurate results. The method extended by this
method is the genetic function approximation method. This method has good performance,
including high robustness, and can be used to improve fault tolerance.Therefore, this
method has been widely used in practical applications.

The core idea of GFA is similar to that of GA (genetic algorithm), which encodes the
region to be searched as one or more strings, each string representing a position in the
search space, where each group of strings is called a population, and the evolution of the
population makes it move towards the search target. At the beginning of the setting, the
initial clock group is set to 100, and through 500 iterations, in the iterative process, there is
a choice of crossover and mutation. The members through variation need to score; namely,
the following fitness function is used to score (Formula (4)). In GFA, the evaluation criteria
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of the model are related to the quality of data regression fitting. The fitness function used
in this study was Friedman LOF function:

Fo SSE @

M1 - A(S)?

where SSE is the sum of squares of errors, C is the number of items in the model, which is
not a constant, p is the total number of descriptors contained in all model items, M is the
number of samples in the training set, A is a safety factor, the value is 0.99, to ensure that the
denominator of the expression does not become zero, and d is the scaling smoothing parameter;
the following expression is associated with the specified scaling LOF smoothing parameter:

M - Cmax

Cmax

d = a( ) Q)

Cmax means the maximum equation length.

Selection is not random; individuals with good adaptability are chosen. After the
reproduction of the selected individuals, the new members need to be graded to determine
whether they are the next selected object. Crossing process is the exchange of genetic
information between parent chromosomes. The selection of genetic information in the cross
process is random. When the cross selection is over, the new members need to be graded to
determine whether they are remixed into the population to seek better results.

Parents:
X}, xp| x4, 23 (6)
X1,X3|X4, X% (7)
Child:
X3, %o |xq, X2 ()

In order to make genetics more scientific, mutation operation is needed. What is
reflected in the computer is the mutual transformation between 0 and 1 so as to find the
optimal solution faster.

Finally, through a series of genetic operations, the offspring are optimized, and the
mutation operation is used to prevent the calculation results from falling into local optimum,
leading to wrong results. The optimal population obtained by this method was the optimal
solution we found

2.5. Turbidity Point and HLB Value Test

The cloud point of fluorinated polyether demulsifier was determined by Cintra 10e
UV-Vis spectrometer (GBC Scientific Instruments Company, Melbourne, Australia). The
HLB (hydrophilic-lipophilic balance) value of demulsifier was calculated according to the
cloud point of surfactant and the empirical formula of HLB to obtain the corresponding
HLB value. The empirical formula is as follows:

HLB = 0.0980X + 4.02 )
Xis the cloud point value of 1wt% fluorinated polyether demulsifier.

2.6. Experiment on Demulsification and Water Removal of Demulsifier

Crude oil emulsion with water content of 17.02% was placed into constant-temperature
water bath heated to 55 °C for 30 min and then put into a stirring motor for 8 min at a
speed of 2000 r/min. After that, it was put into the stirring machine for 5 min. A total of
50 mL crude oil emulsion was poured into a calibrated test tube and put it into a water bath
heated to 60 °C and kept at a constant temperature for 25 min. Care was taken to ensure
the height of the water surface did not exceed the height of the crude oil in the test tube.
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The demulsifier was added into the test tube with micropipeter, and the cork was tightened.
The test tube was turned upside down and shaken 3-5 times, and the cork was loosened
to let off air. The bottle was recorked, and the tube was shaken 150 times by hand to fully
mix the demulsifier and crude oil emulsion. After the cork was capped, the bottle was
placed in a water bath at 60 °C for settling. The volume of dehydration at different times
was observed to obtain the dehydration volume V. The blank sample without demulsifier
addition was set to obtain the dehydration amount Vy,. Therefore, the dehydration amount
after adding demulsifier was V4 = V—Vj,.
Demulsification efficiency is calculated as follows:

Efficiency (%) = (Vo — V4)/Vo x 100

where V is the volume of water (water content) in the crude oil emulsion and Vy is the
volume of water remaining in the oil phase after demulsifier addition.

3. Results and Discussion
3.1. Molecular Dynamics Simulation Results

The energy optimization trend and optimization steps of molecular dynamics simula-
tion of some demulsifiers are shown in the Figures 5-18.
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Figure 5. Demulsifier2 # oil-water interface geometric optimization steps.
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Figure 7. Demulsifier4 # oil-water interface geometric optimization steps.
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Figure 8. Demulsifier4 # oil-water interface geometry optimization energy trend.
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Figure 9. Demulsifier6 # oil-water interface geometric optimization steps.
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Figure 10. Demulsifier6 # oil-water interface geometry optimization energy trend.
Forcite Geometry Optimization - Convergence
8
7
6
o 5
E‘ 4
v 3
(.}
C
Q 2
o
T 1
5
O 0
-1
2
3
-30 0 30 60 90 120 150 180 210 240 270 300 330 360 390 420 450 480 510
Optimization Step
Energy Change (kcalfmol) Grad, Norm (kcalfmolfAngstrom)
Figure 11. Demulsifier8 # oil-water interface geometric optimization steps.
Forcite Geometry Optimization - Energy
400000
300000
]
200000 \
- \
0 : e
~100000
-200000
0 30 60 %0 120 150 180 210 240 270 300 330 360 390 420 450 480

Optimization Step
Enthalpy (kealfmol)

Figure 12. Demulsifier8 # oil-water interface geometry optimization energy trend.



Molecules 2022, 27,1799

11 0f 19

Convergence (log10)

350000

300000

250000

~n
=1
=3
=3
=3
1=

150000

100000

50000

0

Enthalpy (kcal/mol

-50000

-100000

-150000

-200000

w
w

w

M
~

g
>

21

Convergence (log10)

Forcite Geometry Optimization - Convergence

30 60 %0 120 150 180 210 240 270 300 330 330 3% 420 450 480  S10
Optimization Step

Energy Change (kealjmol) Grad. Norm (kealjmolf/Angstrom)

Figure 13. Demulsifier10# oil-water interface geometric optimization steps.
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Figure 14. Demulsifier 10 # oil-water interface geometry optimization energy trend.
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When the system was balanced, the free energy of the solution reached its minimum.
Therefore, there was a chemical potential equilibrium relationship between surfactant
monomer and micelle:

u3 + KTIn X, = g(yf + KTIn X)) (10)

where ‘u? is the standard chemical potential of surfactant monomer, X; is the molar composi-
tion of the surfactant monomer, yg is the standard chemical potential of micelles containing
g surfactant monomers, and Xy is the molar composition of surfactant micelles.

Surfactants are dispersed in water in a molecular state, and their hydrophobic ends
are arranged at the water interface to form a glacier structure, which reduces the entropy of
the system [26]. However, when the hydrophobic end of the surfactant leaves the water
interface, the surfactant molecules associate and the glacier structure is destroyed; then,
the water molecules are separated from the bondage, thereby increasing the entropy of the
system [27]. The formation process of micelles is a spontaneous entropy-driven process.
In this process, the chaos of the system increases, and the total formation energy becomes
negative [28].

The interfacial generation energy (IFE) refers to the reduced energy of the system
after the surfactant molecules enter the oil-water interfacial layer. The stability of the
interface can be investigated, and its value is closely related to the interaction force between
surfactant and water molecules, surfactant molecules, surfactant and oil molecules. The
calculation formula is as follows:

_ Etotal - (11 X E+ Eref)
n

IFE (11)
where E,,;, is the total energy of the surfactant system after equilibrium at the oil-water
interface, Kcal/mol. E, is the energy of oil-water interface system without the demulsifier,
Kcal/mol (—42933.07). N is the number of demulsifier molecules in the system. E is the
potential energy of the demulsifier molecule, Kcal/mol.

Table 2 shows that IFE value was negative, indicating that the energy of the whole
system decreased. Therefore, after analyzing the absolute value of IFE, it was determined
6# demulsifier had the best effect.

Table 2. Interfacial generation energy of demulsifier.

. Water Etotal/ IFE/
Number Determine of x,y Removal/mL  (Kcal/mol) (Kcal/mol)
1# SDJ6920: x = 31, y = 20 35 —47,819.55 —209.31
o4 SDJ6927: x =31,y = 15 4 —47/869.13 21428
3# SDJ6930: x = 31,y = 13 25 —47.002.77 —127.64
14 SDJ6937: x = 31,y = 11 2 —46,933.29 120,69
54 SDJ9920: x = 44, y = 29 7 —51,139.1 54127
o# SDJ9927: x = 44, y = 21 8 ~52,131.12 —640.48
74 SDJ9930: x = 44, y = 19 75 ~51,943.12 —621.68
8t SDJ9937: x = 44,y = 16 7 51,611.02 58847
o# SDJ15920: x = 71,y = 47 7 ~51,002.13 —527.58
104 SDJ15927: x = 71,y = 35 4 —47.133.09 ~140.67
11# SDJ15930: x = 71, y = 31 6 ~50,169.33 44430
124 SDJ15937: x = 71,y = 25 6 ~50,129.32 — 44030
13# SDJ19920: x = 89, = 59 6 ~50,196.02 —447.00
14# SDJ19927: x = 89, y = 43 7 5158418 58578
154 SDJ19930: x = 89, y = 39 7 ~50,113.22 138,69
16% SDJ19937: x = 89, y = 32 6.5 —51,008.12 —528.18
17# SDJ29920: x = 134,y = 88 4 —47,003.72 ~127.74
18# SDJ29927: x = 134, y = 65 55 —48121.12 239,48
19# SDJ29930: x = 134, y = 59 7 ~51,341.91 —561.55
20# SDJ29937: x = 134, y = 48 6.5 5162012 —589.38
21# SDJ39920: x = 178,y = 118 55 1972318 399,68
208 SDJ39927: x = 179,y = 87 6 —50,339.33 — 46130
234 SDJ39930: x = 179, y = 79 5 —18,013.13 —228.68
24 SDJ39937: x = 17, y = 64 6 —50,632.44 —490.61
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3.2. NNA and GFA Prediction Results

The prediction results of 24 demulsifiers are shown in Table 3. NNA and GFA were
used to predict the demulsification effect of 24 demulsifiers, and the results are shown
in Table 4. As shown in Table 3, where X and Y are PO and EO values, demulsification
dehydration represents a demulsification effect.

Table 3. Cloud point and HLB value off fluorinated polyether demulsifiers.

Number Determination of x, y Values Cloud Point/°C HLB Value
1# SDJ6920: x =31,y =20 53.2 9.23
2# SDJ6927: x =31,y =15 525 9.17
3# SDJ6930: x =31,y =13 52.1 9.13
4# SDJ6937: x =31,y =11 51.8 9.10
5# SDJ9920: x = 44,y =29 47.8 8.70
6i# SDJ9927: x =44,y =21 47.3 8.66
7# SDJ9930: x = 44,y =19 46.9 8.62
8# SDJ9937: x =44,y =16 46.5 8.58
o# SDJ15920: x =71,y =47 41.3 8.07
10# SDJ15927: x =71,y = 35 40.7 8.01
11# SDJ15930: x =71, y = 31 40.4 7.98
12# SDJ15937: x =71,y = 25 40.0 7.94
13# 5DJ19920: x = 89, y = 59 36.2 7.57
144# SDJ19927: x = 89,y = 43 35.4 7.49
15# SDJ19930: x = 89, y = 39 35.0 7.45
16# SDJ19937: x =89,y =32 34.7 7.42
17# 5DJ29920: x =134,y = 88 31.2 7.08
18# SDJ29927: x = 134, y = 65 30.8 7.04
194 SDJ29930: x = 134, y = 59 30.3 6.99
20# SDJ29937: x = 134,y = 48 30.1 6.97
21# SDJ39920: x =179,y = 118 28.4 6.80
22# SDJ39927: x =179,y = 87 27.9 6.75
23# SDJ39930: x =179,y =79 27.5 6.72
244# SDJ39937: x =179,y = 64 27.0 6.67

Table 4. The actual water removal amount of demulsifiers (120 min, 100 ppm).

.. Water Removal Demulsification
Number Determination of x, y Values Amount/mL Rate/%
1# SDJ6920: x =31,y =20 3.5 41.13
2# SDJ6927: x =31,y =15 4 47.00
3# SDJ6930: x =31,y =13 2.5 29.38
44 SDJ6937: x =31,y =11 2 23.50
5# SDJ9920: x = 44,y =29 7 82.26
o# SDJ9927: x = 44,y =21 8 94.01
7# SDJ9930: x =44,y =19 75 88.13
8# SDJ9937: x =44,y =16 7 82.26
o# SDJ15920: x =71,y =47 7 82.26
10# SDJ15927: x =71,y = 35 4 47.00
11# SDJ15930: x =71,y =31 6 70.51
12# SDJ15937: x =71,y =25 6 70.51
13# 5DJ19920: x = 89, y = 59 6 70.51
144 SDJ19927: x =89, y = 43 7 82.26
15# SDJ19930: x =89, y = 39 7 82.26
16# SDJ19937: x =89,y =32 6.5 76.38
17# SDJ29920: x = 134,y = 88 4 47.00
18# SDJ29927: x =134,y = 65 5.5 64.63
19# SDJ29930: x =134,y =59 7 82.26
20# SDJ29937: x = 134,y = 48 6.5 76.38
21# SDJ39920: x =179,y =118 5.5 64.63
22# SDJ39927: x =179,y = 87 6 70.51
23# SDJ39930: x =179,y =79 5 58.75
24# SDJ39937: x =179,y = 64 6 70.51
Black No demulsifier 0.3 3.53

Firstly, demulsification experiments were carried out for 24 kinds of demulsifiers to
obtain the actual demulsification effect, and the results are shown in Table 3. Then, NNA
and GFA were used to predict the demulsification effect of 24 demulsifiers, respectively,
and the results are shown in Table 4. As shown in Table 3, X and Y are the values of PO and
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EO, and the amount of water removal represents the demulsification effect. Figure 19 is the
molecular structure of fluorinated demulsifier.

R3—N N—R;

///NR\

NRj R3N

£ B
a .

RaN

Ry= —€ ('.nb()-)x—(- (':Il,()—)y—
Figure 19. Molecular structure of fluorinated demulsifier.

The calculation results for the HLB value are shown in Table 3.

The values of x and y in Rj are given in Table 4.

It can be seen from Figures 20 and 21 that GFA had a slightly higher correlation
coefficient, but from Table 5, it can be found that the correlation coefficients of both were
lower than 0.9, and both were above 0.8. In general, these two methods can predict the
demulsification effect of this type of demulsifier. The square value of the correlation
coefficient (R?, coefficient of determination) reflects that the greater the R?, the stronger the
predictive ability.

Actual values

2 3 4 5 6 7 8

Predicted values

Figure 20. Comparison of predicted and actual values by NAA (12 = 0.802).
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Actual values

2 T T T T T T T
2 3 4 5 6 7 8

Predicted values

Figure 21. Comparison of predicted and actual values by GFA (1% = 0.861).

Table 5. Comparative analysis table between predicted and actual values.

Number Actual NNA Differential GFA Differential
Values Prediction Value Prediction Value
1# 3.5 3.85 —0.35 3.45 0.04
2# 4 3.07 0.93 3.03 0.97
3# 2.5 2.72 —-0.22 2.84 —0.34
4# 2 2.35 —0.35 2.630 —0.630
5# 7 6.69 0.31 7.92 —0.92
ot 8 7.21 0.79 7.41 0.59
7# 7.5 7.28 0.22 7.25 0.25
8# 7 7.33 —0.33 6.99 0.01
o# 7 6.52 0.48 6.36 0.64
10# 4 5.59 —-1.59 6.16 —-2.16
11# 6 5.62 0.38 6.00 —0.00
12# 6 6.09 —0.09 5.67 0.33
13# 6 6.28 —0.28 6.29 —0.29
14# 7 6.58 0.42 6.50 0.50
15# 7 6.44 0.56 6.44 0.56
16# 6.5 5.83 0.67 6.21 0.29
17# 4 5.83 —1.83 5.11 —1.11
18# 5.5 5.88 -0.38 6.02 -0.52
19# 7 5.92 1.07 6.29 0.71
20# 6.5 6.04 0.46 6.52 —0.020
21# 5.5 5.81 —0.31 5.11 0.39
224 6 5.81 0.18 5.11 0.89
23# 5 5.82 —-0.82 5.11 —0.11
24+ 6 5.83 0.17 6.070 —0.07

The GFA prediction formula can be edited into:

Water removal amount = 0.626504940 x RAMP (65.555188173 — X) +
0.069567811 x RAMP(78.604247624 — Y) — 0.012461417 x [RAMP
(74.580034129-X)]> — 0.001476625 x [RAMP (70.127414082 — Y)]?> +
5.110992651

(12)

Xand Y are the number of EOs and POs in the experiment, RAMP is the slope function.

With this prediction function, such molecules can be predicted through the formula,
and the values of different proportions of X and Y and their dehydration rates can be
roughly known, which can greatly save time.
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3.3. Demulsification Mechanism

Substances that ensure oil-water phase dispersion and do not interfere with each
other are called oil-water interfacial films [27]. The formation mechanism of an oil-water
interface film is mainly as follows: Natural emulsifiers such as asphaltene and colloid
in crude oil emulsion are stably adsorbed on the surface of water droplets, forming an
interfacial film with low surface tension and interfacial free energy [28]. The demulsification
mechanism of fluorinated polyether demulsifier in this study was the main mechanism of
breaking the interface film. With the large-scale use of polymer demulsifiers, the mechanism
of breaking interfacial film is increasingly recognized by a large number of researchers [29].
This kind of polymer surfactant has been favored by many oil fields because of its economy.
When it is applied to specific crude oil demulsification, the dosage is very small, and the
demulsification is very high [30].

The fluorinated polyether demulsifier developed in this paper is a nonpolar surfactant,
which introduces a fluorine atom instead of a hydrogen atom to a hydrocarbon chain. The
bond energy of the C-F bond is higher than that of the C-H bond, but the polarity is lower
than that of the C-H bond [31,32]. Due to the characteristics of the fluorocarbon chain,
compared with ordinary demulsifiers, it can reduce the oil-water interfacial tension more
rapidly, accelerate the aggregation of water droplets and has better demulsification effect.
The demulsification mechanism is essentially that surfactant molecules replace and break
the interfacial film to release captured oil particles. Surfactants are added to the emulsion,
and because of its higher interfacial activity, they replace the natural emulsifier molecules,
such as asphaltene and colloid, adsorbed on the oil-water interfacial film and rearrange the
oil-water interface, resulting in the rapid coalescence of water droplets and the realization
of oil-water separation. The hydrophilicity of the hydrophilic block (PEO) of the block
polyether demulsifier is higher than that of asphaltene molecules in oil. Therefore, the
hydrophilic block (PEO) of the block polyether demulsifier can rapidly replace asphaltene
molecules at the oil-water interface. When subjected to heating or shaking, the Brownian
motion of macromolecules in the emulsion is intensified, and the number of collisions
between macromolecules is increased. Therefore, the unstable interfacial film formed by
demulsifier molecules is broken. Demulsifier molecules have higher stability because of
the high bond energy of the C-F bond and the shielding property of the C-C, which ensures
that there is no re-emulsion due to excessive stirring and other factors. Figure 22 depicts a
diagram of the demulsification mechanism of the demulsifier.

Interface film

Z

Demulsifier molecule ~ S

‘ New interface film ‘

New interface film rupture
Water droplets coalesce and settle

Figure 22. Demulsification mechanism of demulsifier.
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4. Conclusions

In this paper, based on the physical parameters of Liaohe crude oil emulsion, 24 kinds
of demulsifiers were screened by using the interface generation energy (IFE) module in the
molecular dynamics simulation software Materials Studio, and neural network analysis
(NNA) and genetic function approximation (GFA) were applied to predict demulsification.
The simulation results show that the SDJ9927 demulsifier 6# had the largest reduction in the
total energy of the oil-water interface and the strongest reduction in oil-water interfacial
tension, and the interfacial formation energy reached —640.48 Kcal/mol. NNA predicted
that the water removal amount of the SDJ9927 demulsifier was 7.21 mL, with an overall
error of less than 1.83. GFA predicted that the water removal amount of the SDJ9927
demulsifier was 7.41 mL, with an overall error of less than 0.9. The predicted results
are consistent with the experimental screening results. SDJ9927 had the highest water
removal amount and the best demulsification effect. NNA and GFA had high correlation
coefficients, and their R%s were 0.802 and 0.861, respectively. The higher R? was, the
more accurate the prediction accuracy was. Finally, the demulsification mechanism of
the fluorinated polyether demulsifier was the following: The demulsifier molecules with
high interfacial activity replace the natural emulsifier on the oil-water interfacial film and
form a new unstable interfacial film. When subjected to heating or shaking, the interfacial
film collides with other macromolecules, and the interfacial film breaks, and the water
droplets gather to complete the oil-water separation. The demulsification mechanism of
the interfacial film was broken by the collision of the fluorinated polyether demulsifier. It
was found that when subjected to heating or shaking, the macromolecules in the emulsion
exhibited irregular Brownian motion and collided with other macromolecules, resulting
in the rupture of the interfacial film. The water in the internal phase broke through the
interfacial film and entered the external phase to aggregate, so as to achieve the purpose of
oil-water separation.

Author Contributions: Conceptualization, L.W.; methodology, C.L. and L.W.; software, X.G. and
H.G,; validation, X.J.; formal analysis, X.G.; investigation, C.S.; resources, Y.C.; data curation, L.H.;
writing—original draft, X.G.; writing—review and editing, L.Z. and X.J. All authors have read and
agreed to the published version of the manuscript.

Funding: This research was funded by the Natural Science Foundation of Shandong Province for
Youth, grant number ZR2020QE111, key projects of the Shandong Natural Science Fund, grant
number ZR2020KE041 and Postdoctoral Science Foundation of China, grant number 2020M681073.

Institutional Review Board Statement: Not applicable for studies not involving humans or animals.
Informed Consent Statement: Not applicable.

Data Availability Statement: All data, models, and code generated or used during the study appear
in the submitted article.

Acknowledgments: The authors are grateful for the reviewers’ instructive suggestions and care-
ful proofreading.

Conflicts of Interest: The authors declare no conflict of interest.

Sample Availability: Samples of the compounds are available from the authors.

1. Zhu, G; Zhang, S.; Liu, Q.; Zhang, J.; Yang, J.; Wu, T.; Huang, Y.; Meng, S. Distribution and treatment of harmful gas from heavy
oil production in the Liaohe Oilfield, Northeast China. Pet. Sci. 2010, 7, 422-427. [CrossRef]

2. Zhang, B.; Zhang, R.; Huang, D.; Shen, Y.; Gao, X.; Shi, W. Membrane fouling in microfiltration of alkali/surfactant/polymer
flooding oilfield wastewater: Effect of interactions of key foulants. J. Colloid Interface Sci. 2020, 570, 20-30. [CrossRef] [PubMed]

3. Ren, L, Zhang, D.; Chen, Z.; Meng, X.; Gu, W.; Chen, M. Study on Basic Properties of Alkali-Surfactant-Polymer Flooding Water
and Influence of Oil-Displacing Agent on Oil-Water Settlement. Arab. . Sci. Eng. 2021, 27, 1-9. [CrossRef]

4. Sun, L.; Wu, X.; Zhou, W.; Li, X.; Han, P. Technologies of enhancing oil recovery by chemical flooding in Daqing Oilfield, NE China.
Pet. Explor. Dev. 2018, 45, 673-684. [CrossRef]


http://doi.org/10.1007/s12182-010-0088-7
http://doi.org/10.1016/j.jcis.2020.02.104
http://www.ncbi.nlm.nih.gov/pubmed/32135265
http://doi.org/10.1007/s13369-021-06065-w
http://doi.org/10.1016/S1876-3804(18)30071-5

Molecules 2022, 27,1799 19 of 19

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.
32.

Feitosa, FX.; Alves, R.S.; De Sant’Ana, H.B. Synthesis and application of additives based on cardanol as demulsifier for water-in-oil
emulsions. Fuel 2019, 245, 21-28. [CrossRef]

Novriansyah, A.; Bae, W.; Park, C.; Permadi, A.K; Riswati, S.S. Optimal design of alkaline-surfactant—polymer flooding under
low salinity environment. Polymers 2020, 12, 626. [CrossRef]

Yang, Y.; Feng, J.; Cao, X.-L.; Xu, Z.-C.; Gong, Q.-T.; Zhang, L.; Zhang, L. Effect of Demulsifier Structures on the Interfacial
Dilational Properties of Oil-Water Films. J. Dispers. Sci. Technol. 2015, 37, 1050-1058. [CrossRef]

Sun, H.; Wang, Q.; Li, X.; He, X. Novel polyether-polyquaternium copolymer as an effective reverse demulsifier for O/W
emulsions: Demulsification performance and mechanism. Fuel 2020, 263, 116770. [CrossRef]

Yi, M.; Huang, J.; Wang, L. Research on Crude Oil Demulsification Using the Combined Method of Ultrasound and Chemical
Demulsifier. J. Chem. 2017, 2017, 9147926. [CrossRef]

Pradilla, D.; Ramirez, J.; Zanetti, E.; Alvarez, O. Demulsifier Performance and Dehydration Mechanisms in Colombian Heavy
Crude Oil Emulsions. Energy Fuels 2017, 31, 10369-10377. [CrossRef]

Hjartnes, T.N.; Mhatre, S.; Gao, B.; Serland, G.H.; Simon, S.; Sjoblom, J. Demulsification of crude oil emulsions tracked by pulsed
field gradient NMR. part I: Chemical demulsification. Ind. Eng. Chem. Res. 2019, 58, 2310-2323. [CrossRef]

Wang, D.; Yang, D.; Huang, C.; Huang, Y.; Yang, D.; Zhang, H.; Liu, Q.; Tang, T.; El-Din, M.G.; Kemppi, T.; et al. Stabilization
mechanism and chemical demulsification of water-in-oil and oil-in-water emulsions in petroleum industry: A review. Fuel 2021,
286, 119390. [CrossRef]

Shehzad, F.; Hussein, I.A.; Kamal, M.S.; Ahmad, W.; Sultan, A.S.; Nasser, M.S. Polymeric Surfactants and Emerging Alternatives
used in the Demulsification of Produced Water: A Review. Polym. Rev. 2018, 58, 63-101. [CrossRef]

Spinelli, L.S.; Aquino, A.S.; Pires, R.V.; Barboza, E.M.; Louvisse, A.M.T.; Lucas, E.F. Influence of polymer bases on the synergistic
effects obtained from mixtures of additives in the petroleum industry: Performance and residue formation. J. Pet. Sci. Eng. 2007,
58, 111-118. [CrossRef]

Ahmadi, M.; Chen, Z. Insight into the Interfacial Behavior of Surfactants and Asphaltenes: Molecular Dynamics Simulation Study.
Energy Fuels 2020, 34, 13536-13551. [CrossRef]

Gunsteren, W.EV,; Berendsen, H.J].C. Computer-simulation of molecular-dynamics-methodology, applications, and perspectives
in chemistry. Angew. Chem. Int. Ed. 2010, 29, 992-1023. [CrossRef]

Marquez, R.; Forgiarini, A.M.; Langevin, D.; Salager, J.-L. Breaking of Water-In-Crude Oil Emulsions. Part 9. New Interfacial
Rheology Characteristics Measured Using a Spinning Drop Rheometer at Optimum Formulation. Energy Fuels 2019, 33, 8151-8164.
[CrossRef]

Ballal, D.; Srivastava, R. Modeling the interfacial properties of Poly(Ethylene oxide-Co-Propylene oxide) polymers at water-
toluene interface. Fluid Phase Equilibria 2016, 427, 209-218. [CrossRef]

Zhang, L.; Ying, H.; Yan, S.; Zhan, N.; Guo, Y.; Fang, W. Hyperbranched poly(amido amine) as an effective demulsifier for
oil-in-water emulsions of microdroplets. Fuel 2018, 211, 197-205. [CrossRef]

Wei, L.; Zhang, L.; Chao, M.; Jia, X; Liu, C.; Shi, L. Synthesis and Study of a New Type of Nonanionic Demulsifier for Chemical
Flooding Emulsion Demulsification. ACS Omega 2021, 6, 17709-17719. [CrossRef]

Ji, S.; Xu, W,; Yang, M.; Yu, K. 3D Convolutional Neural Networks for Human Action Recognition. IEEE Trans. Pattern Anal. Mach.
Intell. 2013, 35, 221-231. [CrossRef] [PubMed]

Smyser, C.D.; Inder, T.E.; Shimony, ].S.; Hill, ].E.; Degnan, A.; Snyder, A.Z.; Neil, J.]. Longitudinal Analysis of Neural Network
Development in Preterm Infants. Cereb. Cortex 2010, 20, 2852-2862. [CrossRef] [PubMed]

Pramanik, S.; Roy, K. Exploring QSTR modeling and toxicophore mapping for identification of important molecular features
contributing to the chemical toxicity in Escherichia coli. Toxicol. Vitr. 2014, 28, 265-272. [CrossRef]

Al-Hajri, M.T.; Abido, M. A_; Darwish, M.K. Assessment of genetic algorithm selection, crossover and mutation techniques in
power loss optimization for a hydrocarbon facility. In Proceedings of the 2015 50th International Universities Power Engineering
Conference (UPEC), Trent, UK, 1-4 September 2015; pp. 1-6.

Sastry, K.; Goldberg, D.E.; Kendall, G. Genetic Algorithms; Springer: Boston, MA, USA, 2006.

Hanif, N.M.; Adnan, S.N.N; Latif, M.T.; Zakaria, Z.; Othman, M.R. The composition of surfactants in river water and its influence
to the amount of surfactants in drinking water. World Appl. Sci. |. 2012, 17, 970-975.

Wang, Z.-Y.; Gang, H.-Z.; He, X.-L.; Bao, X.-N.; Ye, R.-Q.; Yang, S.-Z.; Li, Y.-C.; Mu, B.-Z. The middle phenyl-group at the
hydrophobic tails of bio-based zwitterionic surfactants induced waved monolayers and more hydrated status on the surface of
water. Colloids Surf. A Physicochem. Eng. Asp. 2021, 622, 126655. [CrossRef]

Sleiman, S.; Huot, J. Effect of particle size, pressure and temperature on the activation process of hydrogen absorption in
TiVZrHfND high entropy alloy. J. Alloys Compd. 2021, 861, 158615. [CrossRef]

Zhao, Y.; Hu, J.; Li, H.; Zhong, R.; Lin, M. Effect of heavy oil constituents on the oil-water interfacial properties and emulsion
stability. J. Petrochem. Univ. 2016, 29, 32-38.

Ma, L.; Zhang, C.; Luo, J. Investigation of the film formation mechanism of oil-in-water (O/W) emulsions. Soft Matter 2011, 7,
4207-4213. [CrossRef]

Fromel, T.; Knepper, T.P. Biodegradation of fluorinated alkyl substances. Rev. Environ. Contam. Toxicol. 2010, 208, 161-177. [PubMed]
Reiner, J.L.; Blaine, A.C.; Higgins, C.P; Huset, C.; Jenkins, T.M.; Kwadijk, C.J.A.F; Lange, C.; Muir, D.; Reagen, WK_; Rich, C.; et al.
Polyfluorinated substances in abiotic standard reference materials. Anal. Bioanal. Chem. 2015, 407, 2975-2983. [CrossRef] [PubMed]


http://doi.org/10.1016/j.fuel.2019.02.081
http://doi.org/10.3390/polym12030626
http://doi.org/10.1080/01932691.2015.1077456
http://doi.org/10.1016/j.fuel.2019.116770
http://doi.org/10.1155/2017/9147926
http://doi.org/10.1021/acs.energyfuels.7b01021
http://doi.org/10.1021/acs.iecr.8b05165
http://doi.org/10.1016/j.fuel.2020.119390
http://doi.org/10.1080/15583724.2017.1340308
http://doi.org/10.1016/j.petrol.2006.11.009
http://doi.org/10.1021/acs.energyfuels.0c01596
http://doi.org/10.1002/anie.199009921
http://doi.org/10.1021/acs.energyfuels.9b01476
http://doi.org/10.1016/j.fluid.2016.07.013
http://doi.org/10.1016/j.fuel.2017.09.066
http://doi.org/10.1021/acsomega.1c02352
http://doi.org/10.1109/TPAMI.2012.59
http://www.ncbi.nlm.nih.gov/pubmed/22392705
http://doi.org/10.1093/cercor/bhq035
http://www.ncbi.nlm.nih.gov/pubmed/20237243
http://doi.org/10.1016/j.tiv.2013.11.002
http://doi.org/10.1016/j.colsurfa.2021.126655
http://doi.org/10.1016/j.jallcom.2021.158615
http://doi.org/10.1039/c0sm01561j
http://www.ncbi.nlm.nih.gov/pubmed/20811864
http://doi.org/10.1007/s00216-013-7330-2
http://www.ncbi.nlm.nih.gov/pubmed/26005739

	Introduction 
	Experimental 
	Materials 
	Molecular Optimization and Model Construction 
	Neural Network Analysis (NNA) 
	Genetic Function Approximation (GFA) 
	Turbidity Point and HLB Value Test 
	Experiment on Demulsification and Water Removal of Demulsifier 

	Results and Discussion 
	Molecular Dynamics Simulation Results 
	NNA and GFA Prediction Results 
	Demulsification Mechanism 

	Conclusions 
	References

