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Molecular dynamics simulations are widely employed to analyze water and ion permeation through
nanoporous membranes for reverse osmosis applications. In such simulations, water models play an
important role in accurately reproducing the properties of water. We investigated the water and ion
transport across a hydroxyl (OH) functionalized graphene nanopore using six water models: SPC, SPC/E,
SPC/Fw, TIP3P, TIP4P, and TIP4P/2005. The water flux thus obtained varied up to 84% between the models.
Received 8th February 2018,
Accepted 21st May 2018

The water and ion flux showed a correlation with the bulk transport properties of the models such as the
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partial charges of the model, influenced the flux. Our results are useful in the selection of a water model for

rsc.li/pccp

computer simulations of desalination using nanomembranes. Our findings also suggest that lowering the
hydrogen-bond lifetime and enhancing the rate of diffusion of water would lead to enhanced water/ion flux.

diffusion coefficient and shear viscosity. We found that the hydrogen-bond lifetime, resulting from the

1 Introduction
Reverse osmosis (RO), a membrane based separation technique, is
a promising solution to the rising global demand for potable
water. RO has a low energy requirement and low cost compared to
other separation techniques such as multistage flash distillation,
multi-eﬀect distillation, membrane distillation etc.1 Hence, it finds
wide applications in wastewater treatment, pH neutralization, food
and beverage processing, and separation of organic mixtures.2 The
performance of RO process depends on the water permeation rate
and the ion filtration eﬃciency of the membrane.3 Commercial RO
plants employ metallic, ceramic, and polymer based materials as
membranes whose performance is far from ideal.
Carbon-based nanomaterials, such as carbon nanotubes (CNTs),4
graphene oxide membranes, and graphene nanopores,5 show
unparalleled water permeation rates owing to their inherent
hydrophobicity.6 Studies have indicated that graphene nanopores possess the potential to become a super membrane for
RO desalination.5,7–10 For example, Surwade et al.11 have reported a
water permeation of 5.96 L cm2 day1 MPa1 through graphene
nanopores with an ion selectivity of nearly 100%. Numerous studies
a
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have been conducted on desalination across nanopores using
computational techniques such as molecular dynamics (MD).
Cohen-Tanugi and Grossman reported two orders of magnitude
higher water permeation through functionalized graphene
nanopores compared to commercially used RO membranes,
while maintaining the salt rejection efficiency.12–14 Konatham
et al.15 studied interactions between the pore, water, and ions
in functionalized graphene nanopores and elucidated the
mechanisms involved in desalination. The authors reported a
hydroxyl (OH) functionalized graphene nanopore as a suitable
choice since this showed a low potential energy barrier for
water and a high energy barrier for ions. Theoretical investigations using computer simulations on graphene nanopores have
focused on water permeation,16,17 ion transport,18–20 the effect of
pore geometry,21,22 and functionalization,23,24 aiming at maximum
membrane performance.
The above studies, carried out using MD simulations, are
based on inter-atomic interaction potentials and parameters
(force-field), optimized to reproduce certain fluid or solid
material properties. The properties of water are particularly
interesting and challenging to reproduce, due to its numerous
anomalies largely caused by its aﬃnity to form hydrogen bonds.
Various force fields, known as water models, have been developed
in an attempt to accurately reproduce specific properties of water at
various thermodynamic conditions.25 However, quantities determined using diﬀerent water models diﬀer from each other since
each model becomes successful in evaluating only a few properties
of water accurately.26 Hence, ambiguity exists in the results obtained
from similar studies that used diﬀerent water models. For example,
a flux of 9 L cm2 day1 MPa1 was found for a hydrogen
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Illustration of water models used in the present study.

passivated pore of 47 Å2 using the SPC/E model,23 while for a
similar pore size, a much larger flux of 51 L cm2 day1 MPa1
was found using the TIP4P model.12 The latter studies are in line
with another study, in which a flux of 40 L cm2 day1 MPa1
was found for a pore of area 38.5 Å2 using TIP4P/2005.17 The
above results do not confirm whether the pore size or the water
model primarily influences the water flux. However, Liu and
Patey27 reported a considerable diﬀerence in the flux through
CNTs (diameters 10.98 Å and 12.35 Å) using the TIP3P, TIP4P/
2005, and SPC/E models, attributed to the diﬀerence in radial
structures water forms inside the CNTs with diﬀerent models. In
a later study, the same authors reported similar observations for
CNTs of 8.23 Å diameter with single-file flow.28 The authors
attributed the flux diﬀerence that resulted from diﬀerent water
models with single file flow through the CNTs to the activation
energy of entry and the bulk transport properties of the models.
Moreover, their recent study reported a dependence of ion
transport across CNTs on the water model used.29 These findings
strongly indicate the apparent influence of water model on the
water and ion transport across nanopores. Hence, selection of a
suitable water model for investigating water desalination across
nanopores would be an important step towards achieving consistent and reliable results.
Here, we determine the water and ion flux across graphene
nanopores using the SPC,30 SPC/E,31 SPC/Fw,32 TIP3P,33 TIP4P,34
and TIP4P/200535 models using non-equilibrium molecular
dynamics (NEMD). Fig. 1 illustrates the water models used in this
study. The models considered here are all rigid, with the exception
of SPC/Fw. TIP4P and TIP4P/2005 are four-point models and all
the others are three-point models. From the transport properties
of water obtained using diﬀerent water models, we explain the
observed diﬀerence in the flux. Furthermore, utilizing equilibrium
molecular dynamics (EMD), we analyze the hydrogen-bond
dynamics and the potential energy barrier across the nanopore
for water molecules. From the results obtained, we describe
how the flux obtained is related to the bulk transport properties
of water.

2 Methodology
We have simulated a graphene nanopore with six alternate
hydroxyl (OH) and hydrogen (H) functionals with a pore area
of 28 Å2 12 as shown in Fig. 2. Graphene sheets of dimensions
24.5  24.5 Å2 were used. The feed reservoir was 60 Å long and
filled with water (877 molecules) and ions corresponding to
0.5 M concentration (8 Na+ and 8 Cl). The permeate reservoir
was 30 Å long containing only water (395 molecules). Graphene
sheets served as pistons at both ends of the reservoirs to
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Fig. 2 (a) Snapshot of the simulated system. The graphene nanopore is
represented by the central cyan sheet. The functional groups on the pore
are shown by the red and white spheres representing oxygen and hydrogen.
The water molecules are represented smaller for visibility. The sodium
and chloride ions dispersed in the feed reservoir (0.5 M) are represented
by the yellow and blue spheres. The ends of the feed reservoir (left) and
the permeate reservoir (right) are provided with two graphene pistons
represented by the silver sheets at the ends. Three regions, namely the
pore, the interface (within 4.8 Å from the nanopore), and the bulk are
illustrated using orange, blue, and green colors on the permeate side. The
arrows indicate the direction in which a distributed force acted on the
piston. (b) The front view of the nanopore.

maintain a pressure diﬀerence between both sides of the
membrane as water permeates through the pore. Additional
empty space was present beyond the pistons to prevent atoms
from interacting across the periodic boundary.
Interaction parameters for ions, carbon and the functional
groups from Cohen-Tanugi and Grossman12 were used. Water
was modeled using the parameters of the respective water
models. We used a cut-oﬀ of 12.0 Å for the Lennard-Jones
(LJ)36 potentials and the short-range electrostatic interactions.
The coulombic forces were corrected to account for long-range
interactions using the particle–particle–particle mesh (PPPM)37
method, with a relative root mean square error in per-atom
force calculations below 1  106. Periodic boundary conditions
were applied in all directions. Both the pistons and the pore
graphene sheet were kept rigid. Except for SPC/Fw, the O–H
bonds and H–O–H angles were kept rigid using the SHAKE38
algorithm. Simulations were carried out using the large atomic/
molecular massively parallel simulator (LAMMPS)39 package.
A timestep of 1 fs was used for the simulations.
First, an optimal configuration for the functional groups on
the pore rim was obtained using energy minimization, keeping
the sheets, the water and the ions rigid. Then, keeping the
functional groups and the sheets rigid, the energy of the entire
system was minimized. Throughout the simulation, the pore
sheet atoms were kept rigid and an axial force was applied on
the pistons after removing the lateral forces on them to ensure
their rigidity. The water and ions were then equilibrated at
300 K temperature using a Nosé–Hoover thermostat.40 After
monitoring the potential energy of the system, an equilibration
time of 1 ns was used. An external force (equal to the product of
the requisite pressure and the area of a piston sheet divided by
the number of atoms constituting the piston sheet) was
imposed on atoms of both pistons in opposite directions to
create 0.101325 MPa (1 atm) pressure in the feed and permeate
reservoirs. After equilibration, during the production run, the
feed side piston was provided with an additional force to
generate a pressure of 200 MPa in the feed reservoir, while
maintaining 0.101325 MPa (1 atm) pressure in the permeate
side. This applied pressure gradient is two orders of magnitude
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higher than that of experiments, but was necessary to achieve a
measurable flux within the simulation run time. The production run was carried out for 5 ns (until the feed side reservoir
was almost drained) for all the runs and the flux was monitored
every 100 fs to ensure sufficient statistics. Five independent
simulations with different initial velocities were performed for
each model to gather sufficient statistics.
EMD simulations coupled with the adaptive biasing forcing
(ABF) algorithm41,42 were used to determine the energy barrier
across the nanopore. Here, the reaction coordinate (the same as
the pore axis or z-axis) is divided into M equally sized bins of
width dz. The mean force on the water molecules in the kth bin
along the z-axis is evaluated using the equation.43
Nk

Fz ðNstep ; kÞ ¼

step
1 X
Fmk
k
Nstep
m¼1

(1)

where Nstep indicates the current time step. This force is used to
continuously bias the simulation to sample all the bins. Also,
after acquiring suﬃcient statistics in each bin, the force is
integrated along the reaction coordinate to obtain the potential
of mean force (PMF).43
DAz ¼ 

M
X

Fz ðNstep ; kÞdz

(2)

i¼1

A length of 10 Å along the pore axis, preceding the pore, was
sampled for 20 ns with a timestep of 1 fs. The colvars module
for LAMMPS44 was used for the PMF calculations. EMD simulations
were also carried out to investigate the hydrogen-bond dynamics.
The trajectories were recorded at every fs to evaluate the hydrogenbond time autocorrelation function which typically decays within
10 ps. The analysis was carried out in three predefined regions,
namely pore, interface, and bulk (see Fig. 2). The pore region is
defined to calculate the hydrogen-bond dynamics between the water
molecules and the functional groups on the pore rim. The interface
region spans from the nanopore to the first minimum after the first
maximum in the density profile (see Fig. 6), that is, within 4.8 Å from
the graphene sheet. The remaining region is considered as the bulk
region. Furthermore, EMD simulations were conducted using a
periodic water box of 268 water molecules to calculate the diﬀusion
coeﬃcient. The system was equilibrated at 300 K and 0.101325 MPa
(1 atm) for 1 ns and was then maintained at constant volume
and temperature for 1 ns, during which the trajectories
were recorded every 10 fs. The diﬀusion coeﬃcient was then
calculated from 5 sample simulations, each of length 200 ps,
using the equation given below.
D¼

t0 ¼t
i¼N
L t
X
1
1X
ðri ðt0 þ tÞ  ri ðt0 ÞÞ2
2ND tðtL  tF  tÞ t0 ¼tF N i¼1

3 Results and discussion
Fig. 3(a) shows the running average of the velocity (V) of water
along the flow direction (z), with time (t). Fig. 3(b) shows the
number of water molecules (Nw) crossing the membrane with
time (t). The slope of Nw in Fig. 3(b) is the water flux (Qw).
The highest measured flux, shown by the TIP3P model, was
84% greater than the lowest measured flux shown by TIP4P/
2005. In general, the use of three-point water models resulted
in higher fluxes compared to the four-point models, with the
exception of SPC/E which showed a flux close to that of TIP4P.
SPC/E31 reproduces the properties of water with an accuracy
similar to the four-point water models. It also emulates the
structural characteristics of ice similar to TIP4P.26,45 This could
be the reason for the low flux shown by SPC/E. The succession
of water models according to their flux magnitudes agrees with
that reported for CNTs.28
We found that the properties of water are strongly aﬀected
by the partial charges on the atoms in the water model. For
example, the SPC/E and SPC models showed a 34% diﬀerence
in the flux, even though they only diﬀer in their partial charges.
Also, SPC/E has larger partial charge magnitudes than SPC,
resulting in stronger electrostatic correlations between the
molecules and solvation of ions, explaining the lower flux of
this model. Similarly, the TIP3P and TIP4P models diﬀer in
their partial charge distribution and showed a 50% diﬀerence
in the flux even though they had the same geometry and similar
LJ parameters. Furthermore, the SPC and TIP3P models, having
similar partial charges, produced similar fluxes. These observations indicate that the partial charges grossly influence the
water flux across the nanopore.
The TIP4P and TIP4P/2005 models diﬀer in their partial
charges and LJ parameters, but have the same bond length and
angle. They showed a 20% diﬀerence in the flux. From the results

(3)

where, ND represents the number of dimensions of the system
(here, ND = 3), t is the time interval, tF and tL are the times
corresponding to the first (0 ps) and last (200 ps) snapshots of
the trajectory, respectively, N is the number of water molecules,
and ri(t) is the position vector of the ith water molecule at time t.
The limiting diﬀusion coeﬃcient at t = 50 ps obtained from

This journal is © the Owner Societies 2018

sample simulations was used to obtain the average diﬀusion
coeﬃcient and the error estimates.

Fig. 3 (a) The running average of the velocity of water molecules along
the flow direction (along the z axis, which is same as the pore axis) with
time. (b) Flux is defined as the number of water molecules crossing the
pore with time. The results are averaged over five independent simulations
with a pressure difference of 200 MPa at 300 K temperature.
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Fig. 4 Correlation between the flux, diffusion coefficient, shear viscosity,
and orientational relaxation time. The values are normalized with respect
to SPC model values. The shear viscosity and orientational relaxation time
are inverted to illustrate the correlation better.

for the three-point models, we assume this to have resulted from
their diﬀerence in partial charges. However, the SPC/Fw model
showed a lower flux than SPC, even when both have the same
charges. We assume this to have resulted from the diﬀerence in
bond and angle length of SPC/Fw and due to the model’s flexibility.
Fig. 4 shows the flux (Qw) obtained and the bulk diﬀusion
coeﬃcient (D) determined in the present study. The bulk
properties of water such as shear viscosity (Z) and orientational
relaxation time (to), found using diﬀerent water models, are
also shown.26,32 All the values are normalized with respect to
SPC values for the ease of comparing data with diﬀerent orders
of magnitude. Table 1 shows the data corresponding to Fig. 4.
The results show a direct correlation between the diﬀusion
coeﬃcient and the flux, indicating that the flux depends on the
degree of activity of the simulated water. The inverted shear
viscosity and orientational relaxation time also showed a similar trend. The results agree with previous studies on CNTs.28,29
If we assume a continuum, the shear viscosity and diﬀusion
coeﬃcient are inversely related, as per the Stokes–Einstein
relationship. Therefore, the direct correlation of flux and
diffusion coefficient implies their inverse correlation with the
shear viscosity. However, the correlation shown by the flux and
the property values is not strict. For example, the flux shown by
TIP4P is higher than SPC/E even though TIP4P has a lower

Table 1 The flux (Qw, ns1), diffusion coefficient (D, 105 cm2 s1), shear
viscosity (Z, mPa s), and orientational relaxation time (to, ps) of water
models. The flux and diffusion coefficient are measured in the present
study. Values in parenthesis provide the standard error. The shear viscosity
and orientational relaxation time for SPC and SPC/Fw were taken from Wu
et al.32 (1.013 bar, 298.15 K). Values corresponding to the other water
models, and the experimental values, were taken from Vega and Abascal26
(1 bar, 298 K)

Water model

Qw

D

SPC
SPC/E
SPC/Fw
TIP3P
TIP4P
TIP4P/2005
Experimental value

102.72 (2.72)
67.72 (2.36)
91.80 (2.77)
106.36 (3.46)
69.52 (2.68)
57.72 (2.87)
NA

4.05
2.55
3.23
4.02
2.33
2.06
2.30

(0.04)
(0.02)
(0.04)
(0.03)
(0.04)
(0.03)

Z

to

0.40
0.72
0.75
0.32
0.49
0.85
0.89

1.15
1.90
2.01
0.80
1.40
2.30
2.36

16008 | Phys. Chem. Chem. Phys., 2018, 20, 16005--16011

diffusion coefficient. Similar disparity was also shown by SPC
and TIP3P.
To further improve our understanding of the relation
between the transport properties and the flux obtained using
the water models, the hydrogen-bond dynamics was analyzed.
Here, two water molecules were considered to be hydrogen
bonded if the oxygen atoms were within 3.5 Å of each other and
the oxygen–hydrogen–oxygen angle exceeded 1401.46 The
hydrogen-bond lifetime of water, t, was measured using the
time autocorrelation function,47,48 given as,
P

hij ðt0 Þhij ðt0 þ tÞ
P
(4)
Cc ðtÞ ¼
hij ðt0 Þ2
ij
where ‘‘ij’’ represents any random pair of donor and acceptor.
hij(t) would either be 0 or 1 depending on whether the donor–
acceptor pair ‘‘i’’ and ‘‘j’’ are hydrogen bonded at time t. hij(t)
takes the value 1 if the hydrogen bond between ‘‘i’’ and ‘‘j’’ is
intact during time t, otherwise it is 0.48 The subscript ‘‘c’’ in
Cc(t) represents the continuous definition of the time autocorrelation function, by which a hydrogen bond once broken is
considered broken in all the succeeding instants.47,48 Eqn (5)
was fit to the hydrogen-bond decay (see Fig. 5(a)).
Cfit(t) E A1et/t1 + (1  A1)et/t2

(5)

where A1, t1 and t2, are fitting parameters. The average values
obtained for A1, t1 and t2 are provided in ESI† (see Table S1).
The hydrogen-bond lifetime, t, for the pore, the interface, and
the bulk region was found by integrating eqn (5).47
ð1
Cfit ðtÞ
(6)
Hydrogen-bond lifetime; t ¼
0

Hydrogen-bond lifetime and the average number of hydrogen
bonds per water molecule were measured for the pore, the
interface, and the bulk regions (see the methodology section).
Table 2 shows the number of hydrogen bonds per water
molecule and the hydrogen-bond lifetime for the three regions.
The number of hydrogen bonds per molecule obtained for the
bulk region is similar to the previous study.49 The number of
hydrogen bonds per molecule in the interface region is less
than that in the bulk region.46,50 Also, the pore region has the
least number of hydrogen bonds since the number of molecules involved here was the least. In each region, the number of

Fig. 5 (a) Hydrogen-bond time autocorrelation function (see eqn (4))
for water in the bulk region. Dotted lines represent the fitting curves.
(b) Correlation between the hydrogen-bond lifetime and the flux. The values
are normalized with respect to SPC values. The hydrogen-bond lifetime is
inverted to illustrate the correlation better.
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Table 2 The average number of hydrogen bonds per water molecule and the hydrogen-bond lifetime. Three predefined regions, namely pore,
interface, and bulk (see the Methodology section), were analyzed. Estimates from hydrogen bonding within water are labeled as W–W and those between
water and the pore functionals are labeled as W–P. The hydrogen-bond lifetime is expressed in ps. Values in parenthesis indicate the standard deviation
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Number of hydrogen bonds per water

Hydrogen-bond lifetime

Water model

W–W (bulk)

W–W (interface)

W–P (pore)

W–W (bulk) (tbulk)

W–W (interface) (tinterface)

W–P (pore) (tpore)

SPC
SPC/E
SPC/Fw
TIP3P
TIP4P
TIP4P/2005

3.06
3.19
3.12
3.07
3.24
3.29

2.29
2.42
2.33
2.30
2.45
2.43

1.14
1.13
1.09
1.19
1.10
1.08

0.26
0.35
0.28
0.27
0.36
0.40

0.23
0.27
0.22
0.23
0.28
0.30

0.21
0.26
0.19
0.21
0.28
0.36

(0.03)
(0.03)
(0.03)
(0.03)
(0.03)
(0.03)

(0.09)
(0.09)
(0.09)
(0.09)
(0.08)
(0.08)

(0.35)
(0.34)
(0.29)
(0.40)
(0.30)
(0.27)

hydrogen bonds was similar for each model.51 The results are
confirmed by analyzing the number of hydrogen bonds per molecule along the pore axis (see Fig. S1 in ESI†).52 It has been reported
that the distribution of neighboring molecules in water, simulated
using diﬀerent water models, varies minimally.53 As a result, the
numbers of hydrogen bonds per molecule for diﬀerent models in
each region were similar. This indicates that the flux is minimally
influenced by the number of hydrogen bonds that water makes per
molecule.
Fig. 5(a) shows the hydrogen-bond time autocorrelation
function, Cc(t) (eqn (4)), for the water in the bulk region.54
The dotted lines represent the fitting curves. Fig. 5(b) shows the
correlation between the hydrogen-bond lifetime (tbulk) and the
flux (Qw). As shown in Fig. 5(b), the flux and the hydrogen-bond
lifetime of water in the bulk region correlate inversely with each
other. Analogous to this, Liu and Patey27 have reported an
inverse relation between the percentage of water making hydrogen
bonded structures inside the CNTs and the resulting flux. The
hydrogen-bond lifetimes of water in the interface and the pore
region also show correlation with the flux (see Table 2), but are less
conforming than the lifetime of the bulk region. The above
observations were also found to be true for hydrogen passivated
nanopores and also for diﬀerent LJ potential and electrostatic
cutoﬀ values (see Fig. S2–S5 in ESI†).
From the above results, we deduce that the partial charges of the
models grossly influence the hydrogen-bond dynamics, which in
turn determine the rate of diﬀusion of water: the longer the
hydrogen-bond lifetime, the lower the rate of diﬀusion. The
diﬀerence in diﬀusion rates translates into the diﬀerent flux
values of diﬀerent models during desalination. This signifies the
important relationship between the partial charges and the flux
mentioned earlier. Also, the above explanation reveals the relation
between the hydrogen-bond lifetime, the diﬀusion coeﬃcient, and
the flux. However, the exact mechanism through which the partial
charges of water influence its transport properties and the resultant
flux is beyond the scope of this paper.
As a corollary, we infer that the water should have a lower
hydrogen-bond lifetime29 for a higher flux across the nanopore.
Hence, breaking the hydrogen bonds more often55,56 and
enhancing the diﬀusion coeﬃcient57,58 would enhance the flux
across the nanopore.
We determined the potential energy landscape for water
molecules across the nanopore for diﬀerent models, shown
in Fig. 6(a). The PMF was evaluated along the flow direction

This journal is © the Owner Societies 2018

(0.00)
(0.00)
(0.00)
(0.01)
(0.01)
(0.01)

(0.02)
(0.03)
(0.02)
(0.02)
(0.03)
(0.03)

(0.08)
(0.11)
(0.08)
(0.08)
(0.14)
(0.20)

Fig. 6 (a) Potential of mean force of water molecules along the pore axis.
(b) Density distribution of the water adjacent to the nanopore. The pore is
located at z = 0.

(z-axis) using EMD simulations coupled to the ABF algorithm
(see the Methodology section). The PMF profiles agree qualitatively with the previous study.15 Except for the SPC/Fw and SPC/
E models, the energy barrier showed an inverse relationship
with respect to the measured flux. However, the PMF profile
diﬀered by less than 0.4 kcal mol1 between the water models,
which could be a consequence of the similar number of
hydrogen bonds per molecule shown by the models. As PMF
represents the molecular energy arising from the hydrogen
bond formation and the distribution of neighboring molecules,
a similar number of hydrogen bonds per molecule resulted in
similar PMF profiles for each model considered.
Furthermore, Fig. 6(b) provides the density profile of water
(rw) along the pore axis (z-axis). There was minimal variation in
the density profile among the diﬀerent models, in agreement
with the PMF profile. Also, the locations of maxima and
minima in the density profile were inverse with respect to
those in the PMF profile.15 Fig. 6(b) shows two maxima within
10 Å from the nanopore, beyond which, the density approximates to the bulk density (B1000 kg m3). These results agree
with previous studies.16,46,50 Also, the magnitude of maxima
and minima varied with the water model: the lower the flux
shown by the model, the higher the maxima and the lower the
minima.
Fig. 7(a) shows the correlation between the ion flux (Qi) and
the water flux (Qw) across the nanopore. The results are again
in good agreement with a recent study on CNTs.29 Both
water permeation and ion exclusion are equally important for
desalination. However, the results indicate that enhancement
in water flux by improving the diﬀusion coeﬃcient would also
result in enhanced ion seepage. Hence, whenever there is an
improvement in the diﬀusion coeﬃcient, the same should go
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as lipid membranes.60 The results also indicate that a faster breakage
of the hydrogen bonds and enhancement of the diﬀusion coeﬃcient
enhance the flux. However, this would also lead to a higher ion
seepage, which needs to be checked using appropriate methods for
eﬀective desalination.

Fig. 7 (a) Comparison between the ion flux and the water flux. The ion
flux comprises both anion and cation flux. The values are normalized with
respect to SPC values. (b) The ion concentration in the feed reservoir with
time.
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together with appropriate ion exclusion methods for eﬀective
desalination.
Fig. 7(b) shows the feed side ion concentration (C) with time
(t). The feed side ion concentration increased at varying rates
depending on the model’s flux: the higher the flux, the more
rapid the concentration increase. In models with high water
flux, the ion flux was also higher (from Fig. 7(a)). However, such
models showed a very rapid increase in the feed side ion
concentration. The result indicate the strong dependence of
ion concentration on the water model used in desalination
studies.

4 Conclusions
We investigated the dependence of the simulated water and ion
flux across a hydroxyl functionalized graphene nanopore on the
water model used. We considered the SPC, SPC/E, SPC/Fw,
TIP3P, TIP4P, and TIP4P/2005 models for the study. The water
flux varied up to 84% among the models. The partial charges,
the hydrogen-bond dynamics, and the diﬀusion coeﬃcient of
the model are found to influence the flux. The flux was found to
be directly proportional to the bulk properties of the simulated
water such as the diﬀusion coeﬃcient and the shear viscosity,
and inversely proportional to the hydrogen-bond lifetime. We
explained a possible mechanism that relates the partial
charges, the diﬀusion coeﬃcient and the flux obtained. The
models showed a similar number of hydrogen bonds per
molecule and a similar free energy profile for water along the
pore axis. Furthermore, we observed a direct correlation
between the ion flux and the water flux.
Our results indicate that water models that reproduce the
transport properties and the hydrogen-bond dynamics of water
to the best accuracy should be used for simulating desalination
across nanopores. Among the rigid four-point models, TIP4P/
2005 reproduces the diﬀusion coeﬃcient and the shear viscosity
of water close to the experimental values.26,59 Hence, we suggest
the use of the TIP4P/2005 model for computational studies on
desalination across nanoporous membranes. Also, among the
rigid three-point water models, SPC/E reproduces the hydrogenbond dynamics to the best accuracy under confinement.54 However,
the diﬀusion coeﬃcient and the shear viscosity produced by SPC/E
are less accurate than those produced by TIP4P/2005.26 These results
can be extended to the study of permeability in other systems such
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