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ABSTRACT

The many-body dissipative particle dynamics (mDPD) is a prominent mesoscopic

multiphase model for fluid transport in mesoconfinement. However, it has been a

long-standing challenge for mDPD (and other multiphase-enabled DPD models) to

accurately predict real-fluid static and dynamic properties simultaneously. We have

developed a modified mDPD model to overcome the issue and a rigorous calibration

approach that uses reference data, including experimental and/or molecular dynam-

ics (MD) simulations to parameterize the modified mDPD for real fluids. We choose

heptane as a representative example of hydrocarbon in source rocks to demonstrate

the model’s capability to accurately predict the equation of state (EOS), free surface

tension, diffusivity, and viscosity. Our timing test shows that the modified mDPD is

400-500 times faster than its MD counterpart for simulating bulk heptane in equiv-

alent volumes. To further demonstrate the robustness of the model, we revisited

the benchmark problem of mesoscopic modeling of water, in which all the previous

Corresponding author: Yidong Xia. Email: yidong.xia@inl.gov

Co-corresponding author: Zhen Li. Email: zli7@clemson.edu



works on DPD reported only a limited portion of the water properties. We show

that the modified mDPD can provide accurate modeling of water static and dy-

namic properties and an EOS that matches the experimental data to a large range

of confinement pressure.
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1. Introduction

Understanding the transport properties of hydrocarbons in mesoscale pores (i.e. with

pore apertures that range from nanometers to micrometers) is important in the devel-

opment of enhanced geotechnical engineering for energy source recovery and carbon

capture & storage in low-porosity/permeability rock formations. To measure the hy-

drocarbon transport properties experimentally, however, is rather challenging, as the

laboratory instrumentation for mesoscale confinement in in-situ geological conditions

is still under development. With the growing capacity of computers, numerical mod-

eling has been adopted as a complementary tool for those studies and for guiding the

conceptual design of experiments. The choice of numerical models for fluids is nor-

mally based on their applicable space-time scales and computing costs, e.g., molecular

dynamics (MD) models for tens of thousands of hydrocarbon molecules [1] and com-

putational fluid dynamics (CFD) models in the continuum flow regime [2,3]. Those

models, however, are either not computationally feasible (i.e. MD) or not theoretically

capable (i.e. CFD) of resolving the fluid properties of interest in the mesoscale, for

example, the equation of state (EOS), surface tension, diffusivity and viscosity. in the

mesoscale. Those fluid properties can be strongly influenced by molecular diffusion

and thermal fluctuations toward the lower range of mesoscale (i.e. a few nanometers),

while behaving more similarly to continuum medium but with strong capillary effect

toward the higher range of mesoscale (e.g., a few micrometers).

Dissipative particle dynamics (DPD) [4,5] is a class of mesoscopic fluid flow mod-

els that can potentially fill the gap between atomistic and macroscopic models. The

theoretical foundation of DPD is established on the statistical mechanics [5,6]. The

theory, methodology, developments, and applications of DPD are summarized in [7–9],
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respectively. In the original DPD method, a cluster of fluid molecules are coarse-grained

as a single bead. The atomistic interactions between fluid molecules are coarse-grained

by simplified bead-bead interactions. The formulation of DPD also allows more struc-

tural complexities and constraints such as bond and dihedral, e.g., the red blood cell

models [10–13]. As a result of coarse-graining from MD, the critical timestep in DPD

models can be orders of magnitude larger than their MD counterpart and permit the

sampling of both length and time scales equivalent to those experimentally measurable,

though at the expense of neglecting the details of individual molecular interactions. In

DPD, simulations of multiphase fluid dynamics have been made possible by a number

of model variants [14–20]. Among those multiphase-enabled DPD models, the many-

body DPD (mDPD) model [14] is a prominent candidate for mesoscopic simulations of

fluid transport in mesoporous rock formations [21,22]. The mDPD model is suitable to

model the EOS of liquid fluids by considering the many-body interactions [14,23–26]

and has been applied in mesoscale simulations of liquid surface tension [27], contact

angle characterization [28], and multiphase flow in micro-channels [29–31]. The formu-

lation of mDPD assumes an isothermal condition in which the conservation of total

energy is dismissed. This indicates that the mDPD model with calibrated parameters

are valid only for a specific or narrow range of temperature. To model non-isothermal

flow, the mDPD model requires additional constraint for total energy conservation [32–

35], e.g. the recent work of [36], which is though not in the scope of the present study.

We would like to note that none of the multiphase-enabled DPD models was devised

to explicitly model the liquid-vapor coexistence. Those models, including mDPD, can

be calibrated to accurately model the free surface tension of bulk liquids but not the

properties of the gaseous phase. This limitation has been well discussed in [18], where

the phenomena of liquid-vapor coexistence were simulated without guaranteeing the

quantitative accuracy of vapor densities.

Despite the effectiveness of the mDPD model in the qualitative study of hydrocar-

bon transport and hydrocarbon-water interaction behavior in mesopores [21,22,29–31],

it has been a long-standing challenge for researchers to make mDPD capable of repro-

ducing the real fluid static properties (e.g. surface tension) and dynamic properties

(diffusivity, viscosity, etc.) at the same time for fluids of interests, if not impossible. For
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example, [10] calibrated the mDPD model to simulate the behavior hydrocarbon fluids

in pores by only roughly fitting the hydrophilic and hydrophobic patterns of contact

angles with confining walls. [37,38] only calibrated the fluid diffusivity whereas [31,39]

only calibrated the fluid viscosity. All the previous calibration approaches that attempt

to fit surface tension and fluid density will result in the model parameters that are

different than those obtained by matching fluid compressibility [39]. Above all, how

to accurately predict the fluid properties of hydrocarbons with the mDPD model is

relatively unexplored but essential for mDPD to qualify for high-fidelity predictions

of hydrocarbon transport properties in mesoporous confinement.

This work has developed a modified mDPD model by introducing a new inde-

pendent degree of freedom (dissipative force cut-off radius decoupled from the conser-

vative force cut-off radius) in the original mDPD model by [14] to enable the model

to achieve accurate predictions of bulk EOS, surface tension, diffusivity and viscosity

of real fluids. A rigorous calibration approach that uses reference data, including ex-

perimental and/or MD simulation results, is introduced to parameterize the modified

mDPD for fluids of interest. Numerical examples are presented for the accurate mod-

eling of the fluid properties of heptane (C7H16), as it is a representative hydrocarbon

fluid in source rocks. Our numerical results show that upon a rigorous calibration,

the modified mDPD model accurately predicts the EOS and key material properties

including bulk density, compressibility, surface tension, diffusivity and viscosity. Our

timing test shows that the modified mDPD model is over two orders of magnitude

faster than its MD counterpart for simulations of bulk heptane in equivalent volumes,

indicating the suitability of the model for accurate and efficient simulations of fluid

transport at mesoscale. In addition, to demonstrate the robustness of the modified

mDPD model, we revisited the benchmark problem of mesoscopic modeling of water,

in which previous literature predicted a very limited portion of water properties with

mDPD [27]. We report that the modified mDPD model is the first one in the class of

DPD models that is capable of providing an accurate prediction of a much broader

extent of the liquid water static and dynamic properties.

Above all, the novelties of this work are summarized in four aspects: 1) a modified

model for mDPD is developed to enable the accurate prediction of fluid properties for
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real fluids in the mesoscale; 2) a rigorous calibration approach is developed to enable

the systematic parameterization of mDPD for fluids of interest; 3) it is shown that the

modified mDPD model delivers high-fidelity prediction of hydrocarbon fluid properties,

in which heptane is used as a representative example for its importance in subsurface

energy source recovery; 4) the benchmark problem of mesoscopic modeling of water is

revisited to demonstrate the robustness of the modified mDPD model to accurately

model all the major fluid properties of liquid water, which is the first time with a

DPD-based model.

The rest of this paper is organized as follows. The formulations of DPD and

mDPD are introduced in Section 2. In Section 3, we describe a modified mDPD model

for heptane-silica system and calibration approach for the model. Section 4 reports the

application of the modified mDPD for heptane and water, followed by our summary

and conclusions in Section 5.

2. DPD formulation

2.1. The original DPD

In a generic formulation, DPD particles interact via pairwise central forces, i.e.

Fij = FR
ij + FD

ij + FC
ij , (1)

where FR
ij represents a random force, FD

ij a dissipative force, and FC
ij a conservative

force between particle i and j, respectively. If ri and vi are used to denote the position

and velocity of particle i, respectively, the random force FR
ij and the dissipative force

FD
ij can be expressed as

FR
ij = σwR(rij)ξij r̂ij (2)

and

FD
ij = −γwD(rij)(r̂ij · vij)r̂ij (3)
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respectively, where rij = ri− rj , rij = |rij |, r̂ = rij/rij and vij = vi−vj . These forces

constitute a thermostat if the amplitude σ of the random variable ξij and the viscous

dissipation coefficient γ satisfy a fluctuation-dissipation theorem:

σ2 = 2γkBT (4)

and

wD(r) = (wR(rij))
2, (5)

where kBT denotes the desired temperature in the unit of Boltzmann’s constant kB.

In the original DPD model [4], the conservative force FC
ij is defined as

FC
ij = awC(rij)r̂ij , (6)

where a denotes the magnitude of the force, and the weight function wC(r) vanishes

when the inter-particle distance r is larger than a cutoff range rc. The FC
ij is usually de-

rived from a soft and unspecific weight function wC(rij), thus allowing for a fairly large

integration time step. Different weight functions describe different material properties.

A common choice for wC(rij) is

wC(rij) = 1− rij/rC (7)

and

wR = wC. (8)

The standard velocity Verlet algorithm can be used to integrate the resulting equations

of motion in time [40]. [5] derived an empirical EOS for the original DPD method:

p = ρkBT + 0.1ar4
Cρ

2, (9)
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where ρ is the average particle number density and p is the system pressure.

2.2. The many-body DPD model

However, the original DPD model is not sufficient to model multiphase fluid flow

phenomena such as liquid-liquid interface and free capillary surface. A more complex

EOS needs to be represented by DPD. To achieve that, [14] proposed a long-range

attractive and short-range repulsive conservative force FC:

FC
ij = AwC(rij)r̂ij +B(ρ̄i + ρ̄j)wd(rij)r̂ij , (10)

which consists of a long-range attractive part AwC(rij)r̂ij that is density independent,

and a short-range repulsive part B(ρ̄i + ρ̄j)wd(rij)r̂ij that depends on a weighted

average of the local particle density. The attractive component AwC(rij)r̂ij can be

obtained by simply turning the sign of the original force parameter a (i.e., Aij < 0,

with a cutoff range rc = 1). The term B(ρ̄i + ρ̄j)wd(rij)r̂ij is a many-body repulsive

component with B > 0, and shorter cutoff in its weight function

wd(rij) = 1− r/rd, (11)

where rd < rC . The averaged local density, ρ̄i at the position of particle i can be

computed as ρ̄i =
∑

j 6=iwρ(rij), where the normalized weight function wρ needs to

satisfy

∫ ∞
0

4πr2wρ(r) dr = 1. (12)

For a three-dimensional computational domain, the wρ is defined as

wρ(r) =
15

2πr3
d

(1− r/rd)2. (13)

Other forms of ωρ such as the Lucy kernel function were also used in literature [28].

The choice of ωρ formulation influences the determination of other model parameters
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Figure 1. (a) Validation of the EOS for the original DPD model in Equation (9) with kBT = 1, γ = 4.5,

rC = 1, and a = 25; (b) validation of the EOS for the mDPD model in Equation (14) with kBT = 1, γ = 4.5,
rC = 1, rd = 0.75, A = −40, B = 25, α = 0.101, c = 4.16, and d = 18. Pressure for each particle’s number

density ρ is obtained by averaging over 1000 time steps after equilibrium, in a 10× 10× 10 periodic box.

for fluid properties. The resulting model is widely called many-body DPD (mDPD)

[9]. A fitted EOS for the mDPD model [14] is given below:

p = ρkBT + αAρ2 + 2αBr4
d(ρ

3 − cρ2 + d), (14)

which includes the van der Waals loop. In Equation (14), A and B are the long-range

attractive force parameter and short-range repulsive force parameter, respectively, in

Equation (10); α, c and d are three independent fitting coefficients. A simple verifica-

tion of EOS for the original DPD and mDPD models is shown in Figure 1.

3. Calibration and modification of the many-body DPD

3.1. Fluid static properties

In the original DPD model and many-body DPD model, fluid static properties such

as the thermodynamic properties (i.e. the EOS in Equation (9) and Equation (14),

respectively) and interfacial properties (i.e. free surface tension) depend only on the

formulations of the conservative force. [41] verified that the influence of the dissipative

and random forces on those fluid static properties is negligible, if a correct Boltzmann

distribution is guaranteed by Equation (4) and Equation (5). To model the static
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properties of a real fluid with mDPD, four parameters in the conservative force in

Equation (10) will be calibrated, including the force coefficients A and B and cut-off

radii rC and rd. Being a coarse-graining of MD, DPD systems are expected to predict

bulk fluid properties of interest and thus allowed to neglect atomistic-scale details such

as interactions and self-motion of fluid molecules. As far as liquid fluids in geological

mesoporous confinement are concerned, the fluid pressure tend to vary across a wide

range of pore sizes and thus mDPD is expected to accurately predict the fluid EOS. In

the meantime, the fluid static properties in mesopores are strongly influenced by fluid-

wall interactions. Accurate prediction of fluid free surface tension is a prerequisite for

mDPD to qualify for free surface flow simulations in mesopores. Therefore, we choose

the fluid EOS and free surface tension as two closures for the mDPD calibration of

the conservative force parameters. Since the number of parameters to determine is

larger than that of the closures, i.e. 4 versus 2, the calibration process is essentially

to solve an under-determined system. This indicates multiple combinations of the

parameters are possible in the solution space to satisfy the closures. We have found it

practically possible to decrease the number of parameters needed for calibration with

a fixed relation of rd = 0.75rC , and retain only A, B and rC as three independent

parameters. Fixing rd = 0.75rC with rC = 1 has been a common practice in literature

[27–31]. We choose to keep this ratio in our model. However, using different rd is also

allowed for more complex models. It is worth noting that the fluid properties calculated

in an mDPD system are very sensitive to all the cut-off radii.

An iterative calibration process for determining the mDPD conservative force pa-

rameters is concisely illustrated in Figure 2. The process consists of two major steps.

For the first step, Equation (14) that describes the EOS for mDPD fluid is used to

calibrate the A and B with the reference profile until a specified criterion of agreement

is reached. The reference data can be taken from either available experimental mea-

surements or molecular simulations. To begin with the calibration, we need to provide

an initial guess for the three independent parameters, e.g. A = −50, B = 25 and

rC = 1 taken from [27]. Before calibrating A and B, we examined the values of the

fitting coefficients α, c and d in Equation (14). We found that in order to well match

the mDPD EOS profile with the system pressure calculated from mDPD simulations,
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Figure 2. Schematic of a model parameter calibration process for mDPD.

the reference fitting coefficients need to be adjusted. For example, a combination of

α = 0.101, c = 4.16, d = 19 is found to work well for heptane, in which the values for

α and c are identical to those in [14], whereas d is slightly modified. To determine A

and B, we define an objective function as

f =
1

N

N∑
n=1

|pEOS
i /pREF

i − 1|, (15)

where pREF
i is the i-th data point of reference pressure (with a total number of data

points N), and pEOS
i is the corresponding pressure calculated from the EOS with the

same density as the i-th reference data point. By minimizing the objective function

via a nonlinear regression algorithm, a pair of A and B values can be determined. In

the meantime, we would like to note that a fully probabilistic model in a Bayesian

framework [42–44] is in theory the best possible option for calibrating many model pa-

rameters, where both the values of model parameters and their estimate of uncertainty

can be determined. However, the Bayesian is computationally much more expensive

and would be more suitable for a complex model with many parameters to calibrate.
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We would consider the Bayesian framework in future for more complex systems with

many undetermined model parameters. In the current mDPD model designed to sim-

ulate flow of liquid hydrocarbon fluids, only a modest number of model parameters

will need to be determined for predicting the fluid properties of interest. Therefore,

we choose to use the presented iterative calibration process, which is relatively simple

to implement and efficient for this specific problem. For the second step, an mDPD

simulation with the A and B determined in the first step is performed to calculate

the free surface tension of an unconfined bulk liquid and check against the reference

data via conversion from the DPD reduced unit to the physical unit. If the simulated

free surface tension does not match the reference value, rC will be adjusted and then

A and B will be re-calibrated in the first step. The two steps are repeated until the

reference EOS and free surface tension are both matched by mDPD simulations.

3.2. Fluid dynamic properties

Given a fixed particle number density ρ in a DPD system, the fluid dynamic properties

such as mass diffusivity D∗ and kinematic viscosity ν∗ (both in the DPD reduced

unit) depend on the dissipative force and random force parameters, but are relatively

irrelevant to the conservative force [5]:

D∗ ≈ 45kBT

2πγρr3
C

(16)

ν∗ ≈ 45kBT

4πγρr3
C

+
2πγρr5

C

1575
(17)

where the conservative force cut-off distance rC is used in [5] only because they as-

sumed wD(rij) = (wR(rij))
2 = (wC(rij))

2 = (1 − rij/rC)2 for simplicity. In a general

case, wR(rij) does not have to be equal to wC(rij). Note that Equation (16) and Equa-

tion (17) show the dependence of transport properties (diffusivity and viscosity) on

DPD parameters, though the relationships are only approximate but not exact.

The correspondence of fluid dynamic properties between the DPD frame and
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physical frame correlates to the correspondence of timescale between the two frames.

The relation between the timestep in the DPD reduced unit, δt∗, and its counterpart

in the physical unit, ∆t, can be established based on either conversion from ν∗ to its

counterpart in the physical unit, ν [45]:

∆tν = δt∗
Nmν

∗r2
C

ν
, (18)

or conversion from D∗ to its counterpart in the physical unit, D [27]:

∆tD = δt∗
NmD

∗r2
C

D
, (19)

where Nm is the DPD coarse-graining factor indicating the number of fluid molecules

represented by one DPD bead. In a DPD system, adopting Equation (18) normally

results in an inaccurate value of D, whereas adopting Equation (19) results in an

inaccurate value of ν. For example, [5] reported that in the DPD modeling of water

properties, the timescale derived via Equation (19) is about 1000 times greater than

that via Equation (18). That is why it has been a long-standing challenging for a DPD

fluid system to render the quantitatively correct viscosity and diffusivity simultane-

ously.

3.3. Modification of the mDPD model

To seek a possible solution for overcoming this challenge, we refer to the Schmidt

number (Sc), a dimensionless number defined as the ratio of momentum diffusivity

(kinematic viscosity) and mass diffusivity. The Schmidt number is used to characterize

fluid flows in which there are simultaneous momentum and mass diffusion convection

processes. Ideally, the Schmidt number is required to be identical between a DPD

system and its corresponding physical system:

Sc =
ν

D
=

ν∗

D∗
. (20)
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By substituting Equation (18) and Equation (19) into Equation (20), the above re-

quirement translates to ∆tD = ∆tν . For a real fluid, ν and D are known based on

either experimental measurement or molecular simulations. Therefore, in a DPD sys-

tem with prescribed δt∗, Nm and r2
C , a unique pair of ν∗ and D∗ must be found to

satisfy the requirement of ∆tD = ∆tν . The search of the correct ν∗ and D∗ translates

to the calibration of the parameters in Equation (16) and Equation (17), where the

adjustable parameters include γ and rC . Since the adjustment of rC will alter the

conservative force and subsequently the fluid static properties, we avoid doing so by

introducing a new independent cut-off distance rD to replace rC in Equation (16) and

Equation (17) and consequently decouple wR(rij) from wC(rij) in Equation (8). The

introduction of rD results in a number of updated formulations as follows:

wD(r) = (wR(rij))
2 = (1− rij/rD)2, (21)

D∗ ≈ 45kBT

2πγρr3
D

, (22)

ν∗ ≈ 45kBT

4πγρr3
D

+
2πγρr5

D

1575
. (23)

Incorporating the above modification into the mDPD model, γ and rD can be adjusted

to obtain the correct ν∗ and D∗ simultaneously, and subsequently reach the correct

Schmidt number. As it can be inferred from the strong non-linearity of Equation (22)

and Equation (23), there may be multiple possible combinations of γ and rD to satisfy

the unique pair of ν∗ and D∗. To limit the search space for γ, we prescribe a test value

range of γ between 4.5 and 18, which is typical in literature. For each test value of γ,

a prescribed test value range of rD value is examined. One solution combination of γ

and rD is obtained when the target values of ν∗ and D∗ are met simultaneously. This

calibration process for ν∗ and D∗ is relatively trivial and thus is easily automated in

this work.
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3.4. Summary

In this section, we have presented a systematic approach for the mDPD model to

calibrate and obtain the real fluid static properties of interest, including the liquid

EOS and free surface tension. In the meantime, we have introduced an independent

cut-off distance for the dissipative force in the mDPD model to make it much easier

to obtain the real fluid dynamic properties of interest, including the fluid diffusivity

and fluid viscosity. This is a novel and yet simplistic approach to overcome the long-

standing challenge for a DPD fluid system to obtain the correct fluid diffusivity and

viscosity simultaneously.

4. Numerical examples

In this section, we present numerical examples to demonstrate the accurate modeling

of fluid properties for the liquids of interest. First, we will use heptane (an alkane with

an intermediate chain length) as a representative hydrocarbon fluid for its abundance

in subsurface hydrocarbon resources. The accurate and efficient mesoscale modeling

of heptane with the modified mDPD model will serve as an important example for

the development of mDPD models for other hydrocarbon fluids. Notice that we only

consider the liquid phase of heptane in the pressure-temperature conditions relevant to

the confinement in subsurface. To further demonstrate the robustness of the modified

mDPD model, we revisit the benchmark problem of mesoscopic modeling of liquid

water. Existing literature reported only a very limited portion of water properties with

DPD. We will show that the modified mDPD model can provide an accurate prediction

of water static and dynamic properties to a much broader extent. In this work, the

MD simulations were carried out using LAMMPS [46] and the mDPD simulations

were conducted using a package [21] based on LAMMPS.
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4.1. Heptane

4.1.1. Problem setup

The reduced units are used for DPD systems. The first parameter to specify is the

coarse-graining factor Nm. We choose Nm to be 1 for heptane, meaning that one DPD

bead is used to represent the equivalent envelope volume of a heptane molecule, as

shown in Figure 3. In general, Nm can be 2, 3, or larger for fluids. For example,

Nm = 3 is widely used for liquid water [27]. There is practically an upper limit of

Nm to guarantee the numerical accuracy. When Nm exceeds a certain limit, the DPD

beads will freeze into an ordered structure and cannot flow [47]. This work will study

the heptane properties at two temperatures, 303K and 323K, respectively, for which

the experimental measurements are available in literature.

1 DPD bead
=

1 heptane (C7H16) molecule

Figure 3. Simulation snapshot for the free surface of a bulk liquid modeled by the mDPD method. The bulk
liquid comprises 150,000 mDPD particles.

To calibrate the mDPD model for the heptane EOS, we performed the simulations
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with 5765 - 6400 mDPD beads in a periodic box with the lengths of sides, Lx = Ly = Lz

= 10, in the reduced unit. The fluid compressibility will be guaranteed by the correct

prediction of EOS. To provide numerical validation reference, we conducted the NVT

MD simulations with 5765 - 6400 heptane molecules in a periodic box of Lx = Ly = Lz

= 112.4 Å. The TraPPE-UA [48] and OPLS-UA force fields [49] were used for heptane

molecules in the MD simulations. The size of the mDPD simulation box is equivalent

to its MD counterpart in the SI units. The conversion from the DPD reduced units to

the SI units will be discussed with more details in the following section. To calibrate

the mDPD model for predicting the free surface tension of heptane, 150,000 mDPD

beads were used in a periodic simulation box of Lx = Ly = 50 and Lz = 20, in the

reduced unit, as shown in Figure 3. The surface tension can be calculated as follows:

γ =

∫
[pzz −

1

2
(pxx + pyy)]dz, (24)

where pxx, pyy and pzz are the diagonal components of the Cauchy stress tensor. The

MD simulations were performed with a bulk of 96,000 heptane molecules to provide

numerical reference of free surface tension.

To calibrate the mDPD model for predicting the fluid dynamic properties, we

performed the simulation with a periodic box of Lx = Ly = Lz = 10 in the reduced

unit. A total of 5765 and 5594 mDPD beads were used to in correspondence to the

heptane densities at 303 K and 323 K, respectively. The dynamic viscosity µ can be

calculated using the Green-Kubo relation:

µ =
V

kBT

∫ ∞
0

< Pαβ(0)Pαβ(t) > dt, (25)

where α and β are directions in the Cartesian coordinates (x,y,z), V is the volume

of the system, and Pαβ is the off-diagonal component (α 6= β) in the pressure tensor.

The mass diffusivity D is calculated using the Einstein relation:

〈|r(t)− r(0)|2〉 = 2dDt, (26)
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in which the term on the left stands for the mean-square displacement (MSD), r(t) is

the position of the bead at simulation time t, and d = 3 is the dimension of space. We

would like to note that Equation (22) and Equation (23) are not used to calculate the

fluid diffusivity and viscosity in the simulations, but to reflect the correlation between

the fluid properties and the mDPD parameters.

4.1.2. Simulation results

Table 1 lists the parameters used in the DPD reduced units and their conversion in

the physical units for liquid heptane at the ambient temperature of T = 303 K. In the

table, rc, ρ, p, γ, and κ−1 are the cut-off radius in conservative force term, number

density, pressure, surface tension, and compressibility, respectively. V = 246.3 Å3 is

the envelope volume of a heptane molecule, M = 100.2 g ·mol−1 is the molar weight

of a heptane molecule, NA is the Avogadro constant, kB is the Boltzmann constant, n

is the number of heptane molecules in the volume of 1 m3. We would like to note that

in DPD systems we normally set r∗c = 1 (in the reduced unit) for convenience, though

other values are also allowed. Once the value of r∗c is fixed, it indicates that in Table 1

the formula that converts r∗c to rc (in the physical unit) and the formula that converts

ρ∗ (in the reduced unit) to ρ (in the physical unit) are equivalent. Nevertheless, We

keep both formulae in Table 1 and also in the later tables for easy numerical validation.

For T = 303 K, we used the experimentally-measured EOS [50] and surface tension

Table 1. Conversion of liquid heptane properties at 303 K from the DPD reduced units to the physical units.

DPD Physical units
Parameter Value DPD → physical units Parameter Value

Bead 1 Nm 1 1 heptane

r∗c 1 r∗c (ρ
∗NmV )1/3 rc 11.24 Å

ρ∗ 5.765 ρ∗NmM/Nar
3
c ρ 675.4 kg/m3

p∗ 0.034 p∗kBT/r
3
c p 1 bar

γ∗ 5.9 γ∗kBT/r
2
c γ 19.49 mN m−1

κ−1∗ 55.8 Nm/(nkBTκ
−1∗) κ−1 1.06× 10−9 Pa−1

[51] as the primary reference data in the conservative force parameter calibration.

Applying the calibration process described in Section 3.1, we determined a set of the

independent parameters: A = −36, B = 25, and rC = 11.24 Å that satisfy the two
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closures for T = 303K. When experimental results are not available, MD simulations

can be performed to generate the reference data. In this study, the MD simulations

were conducted to serve as additional reference for validation.

Figure 4 shows a comparison of the EOS (pressure-density profile) obtained by the

experimental measurements, mDPD EOS, mDPD simulations and MD simulations, re-

spectively. The pressure-density profile predicted by MD with the TraPPE-UA force

field is about 20-25% lower than the experimental profile and the profile predicted by

MD with the OPLS-UA force field is further lower. Because the two MD simulated

profiles do not quite agree with each other and also because they do not match the

experimental profile well, in this case we chose to calibrate the modified mDPD model

parameters by fitting the experimental profile rather than the MD simulated profiles.

Nevertheless, it is always possible to calibrate the modified mDPD model parameters

by fitting the MD results and we recommend using MD results for the calibration when

experimental data is not available. It is remarkable that the profile calculated by the

mDPD EOS in Equation (14) and one obtained by the mDPD simulation agree well

with each other and they both closely match the experimental data from the uncon-

fined condition up to the confinement pressure of about 70 MPa. We would like to note

that it is sufficient for the calibrated mDPD model to be able to predict an accurate

EOS up to about 30 MPa, which corresponds to the upper limit of controlled pres-

sure in an experimental mesoporous flow test. Above all, the calibrated mDPD model

demonstrated the high fidelity for predicting the liquid heptane EOS. As a relevant

note, it is worth mentioning that the difficulty to determine the model parameters can

increase drastically for satisfying further higher fluid pressure (e.g. > 90 MPa) while

guaranteeing an accurate free surface tension.

Table 2 lists the free surface tensions and unconfined fluid densities obtained by

the experimental measurement, mDPD simulation and MD simulation, respectively,

at T = 303K. The surface tension calculated from the mDPD simulation agrees well

with the experimental value. In comparison, the TraPPE-UA based MD simulation

resulted in a slight over-prediction, whereas its OPLS-UA counterpart rendered a large

over-prediction. Besides, the estimate errors in the MD simulations are one order of

magnitude higher than that in the mDPD simulation. Moreover, a comparison between
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Figure 4. The heptane EOS at 303 K.

mDPD and MD on the time-averaged unconfined fluid density profiles across the bulk

are shown in Figure 5. To obtain the density profile in the mDPD simulation, we set

the bin size to be 0.1 and sampled the profile every timestep over a total of one million

timesteps. The density profiles calculated by the mDPD and TraPPE-UA based MD

simulations are close to each other and agree reasonably with the experimental value

in Table 2, whereas the UPLS-UA based MD simulation shows a substantial over-

prediction. It is also observed that the oscillations of fluid density in the vicinity of

the free surface are negligible in the present mDPD simulation using the calibrated

conservative force parameters for heptane, whereas the mDPD simulated water density

profile showed remarkable oscillations [27]. The attractive force parameter A, which is

-50 in the referred literature [27], is speculated as a main impact factor in the mDPD

model for the oscillations in the vicinity of free surface. In addition, the bulk size of the

fluid is another factor. Compared with the mDPD simulation of water that comprised

of 1,000 - 10,000 beads in the referred literature [27], the present mDPD simulation of

heptane used a much larger bulk size with 150,000 beads.

At T = 303 K, the measured liquid heptane dynamic viscosity ν is equal to

3.68 × 10−4 Pa·s [52] and the measured mass diffusivity D is equal to 3.22 × 10−9

m2·s−1 [53]. Together, they correspond to a Schmidt number of 169. To make our
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Table 2. Heptane free surface tensions and unconfined densities obtained by experiments, mDPD and MD

at 303K.

Method γ (mN m−1) ρ (kg m−3)

Experiment 19.49 [51] 675.4 [50]
mDPD 19.20± 0.13 674.0± 0.3

MD (TraPPE-UA) 18.58± 1.66 677.0± 1.4
MD (OPLS-UA) 25.19± 1.87 703.9± 1.4
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Figure 5. Unconfined density profiles of heptane as a function of bulk dimension at 303 K.

modified mDPD model accurately predict these dynamic properties simultaneously,

we followed the procedure in Section 3.3 to calibrate the parameter γ and the new

independent dissipative force cut-off radius rD. Figure 6 shows a curve that represents

the pairs of γ and rD with which the mDPD model will generate a Schmidt number

of 169. Along this curve, an optimal choice of γ and rD will need to be determined.

In general, increasing γ will result in the need for decreasing the timestep size to keep

the simulation stable. On the other hand, increasing rD will result in the increase of

computational costs, as the pairs of mDPD beads in the dissipative and random forces

calculations will increase. Since rD increases sharply when γ is below 8, a practical

choice of the pair of γ and rD should be in the range of rD < 2 and γ < 18 for

a reasonable timestep size and computational costs. We would like to note that the

choice of γ and rD along the curve in Figure 6 does not affect the EOS and free
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surface tension calibrated by the conservative force parameters. Above all, our rigorous

evaluation proves an excellent fidelity of the modified mDPD model for capturing the

important fluid static properties and dynamic properties of heptane simultaneously at

the ambient temperature.
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Figure 6. The calibrated dissipative force parameters γ and rD for the correct Schmidt number of heptane

at 303 K.

To demonstrate the robustness of the modified mDPD method and our calibration

approach, we present another example of heptane at T = 323K, as the experimental

measurements of the fluid properties are available for reference. Table 3 lists the pa-

rameters used in the DPD reduced units and their conversion in the physical units

for liquid heptane at T = 323 K. The envelope volume V for one heptane molecule is

252.5 Å3, which is slightly larger than T = 303 K due to thermal expansion. Following

the calibration process in Section 3.1, we determined a set of the independent param-

eters in the conservative force: A = −34, B = 25 and rC = 11.22 Å to satisfy the

two closures for T = 323K. We also conducted MD simulations to serve as additional

reference for validation.

Figure 7 displays a comparison of the 323 K liquid heptane EOS obtained by the

experimental data, calculations with the mDPD EOS, mDPD simulations and MD

simulations, respectively. The EOS predicted by the mDPD simulations and mDPD

EOS closely match each other and they agree well with the experimental data [50]. The
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Table 3. Conversion of liquid heptane properties at 323 K from the DPD reduced units to the physical units.

DPD Physical units
Parameter Value mDPD → physical units Parameter Value

Bead 1 Nm 1 1 heptane

r∗c 1 r∗c (ρ
∗NmV )1/3 rc 11.22 Å

ρ∗ 5.594 ρ∗NmM/Nar
3
c ρ 658.9 kg/m3

p∗ 0.032 p∗kBT/r
3
c p 1 bar

γ∗ 4.9 γ∗kBT/r
2
c γ 17.44 mN m−1

κ−1∗ 48.0 Nm/(nkBTκ
−1∗) κ−1 1.18× 10−9 Pa−1

EOS predicted by the MD simulation results based on the TraPPE-UA and OPLS-

UA force potentials agree with each, but they show an under-prediction of the fluid

pressure by about 10 MPa throughout the tested range of confined density. Table 4

lists the 323 K free surface tensions and unconfined density of bulk heptane obtained

by the experiments, mDPD simulations and MD simulations, respectively. The free

surface tension calculated from the mDPD simulation agrees well with the experimen-

tal value. In comparison, the TraPPE-UA based MD simulation resulted in a slight

under-prediction, whereas its OPLS-UA counterpart rendered a large over-prediction.

Besides, the estimate errors in the MD simulations are one order of magnitude higher

than that in the mDPD simulation. Further, a comparison between mDPD and MD

simulation results on the time-averaged unconfined heptane density profiles across the

bulk are shown in Figure 8. To obtain the density profile in the mDPD simulation, we

specified the bin size to be 0.1 and sampled the profile every time step over a total of

one million time steps, which were the same with the setup in the case of T = 303K.

Again, the mDPD model provided an accurate prediction of the surface tension and

unconfined fluid density with low estimate errors, whereas the two MD models ren-

dered either slight over-prediction or under-prediction of those properties with much

higher estimate errors.

At T = 323 K, the measured liquid heptane dynamic viscosity ν is equal to

3.03×10−4 Pa·s [52] and the measured mass diffusivity D is equal to 4.47×10−9 m2·s−1

[54]. Compared with the values of those properties at T = 303K, the dynamic viscosity

is slightly lower whereas the mass diffusivity is larger. Together, they correspond to

a Schmidt number of 103. To make our modified mDPD model accurately predict
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Figure 7. The fluid EOS for bulk heptane at 323 K.

Table 4. Heptane free surface tensions and unconfined densities obtained by experiments, mDPD and MD

at 323K.

Method γ (mN m−1) ρ (kg m−3)

Experiment 17.44 [51] 658.9 [50]
mDPD 17.73± 0.14 658.6± 0.1

MD (TraPPE-UA) 16.62± 1.64 659.0± 1.1
MD (OPLS-UA) 22.97± 1.61 688.6± 1.3

these dynamic properties simultaneously, we followed the procedure in Section 3.3 to

calibrate the parameter γ and the new independent dissipative force cut-off radius

rD. Figure 9 shows a curve that represents the pairs of γ and rD with which the

mDPD model will generate a Schmidt number of 103. Since rD increases sharply when

γ is below 7, a practical choice of the pair of γ and rD should be in the range of

rD < 2 and γ < 18 to guarantee reasonable computational costs. The choice of γ

and rD along the curve in Figure 9 does not affect the EOS and free surface tension

calibrated by the conservative force parameters. Above all, the study of liquid heptane

at T = 323 has demonstrated the robustness and accuracy of the modified mDPD

model for predicting the important fluid static properties and dynamic properties of

heptane simultaneously at an elevated temperature.
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Figure 8. Unconfined density profiles of heptane as a function of bulk dimension at 323 K.

4.1.3. Sensitivity of bulk size in MD

As a side effort, we investigated the influence of bulk size on the free surface tension

calculation in MD simulations. At each of the two tested temperatures (303 K and

323 K) and for each of the two force field models (TraPPE-UA and OPLS-UA), three

simulations were conducted with the the bulk size successively quadrupled by doubling

the extension of the two directions in the plane normal to the free surface, respectively,

as shown in Table 5. Test results show that the increase of bulk size had little influence

on the time-averaged values of the free surface tension. This also indicates the limited

accuracy of the two MD force field models to capture the experimentally measured free

surface tension values of heptane. However, it is remarkable to see that their estimate

errors in the predicted values decrease with the increase of the bulk sizes.

4.1.4. Efficiency of mDPD

To demonstrate the efficiency of mDPD, we performed a comparative timing test for

mDPD and MD simulations in a series of equivalent unconfined bulk volumes of liquid

heptane at T = 303 K. All the simulations were conducted on a laptop using one CPU

core (2.6 GHz Intel Core i7) for timing. We define the speedup of mDPD over MD as

the ratio of mDPD simulation wall time and MD simulation wall time for completing
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Figure 9. The calibrated dissipative force parameters γ and rD for the correct Schmidt number of heptane
at 323 K.

Table 5. Heptane free surface tensions calculated in MD simulations with different bulk sizes at 303K and

323 K.

T (K) Molecules γ (mN m−1) (TraPPE-UA) γ (mN m−1) (OPLS-UA)

303 6000 18.57± 6.54 25.24± 7.16
303 24000 18.98± 3.15 25.16± 3.49
303 96000 18.58± 1.66 25.19± 1.87
323 6000 16.58± 6.87 22.88± 6.76
323 24000 16.72± 3.15 22.75± 3.33
323 96000 16.62± 1.64 22.97± 1.61

a specified physical time duration. The mDPD dissipative force parameters are chosen

as γ = 12.5 and rD = 1.65, resulting in an mDPD timestep that is equivalent to

6.84 ps in the physical unit. The timing results are shown in Figure 10, exhibiting a

speedup between 430x and 510x for the heptane bulk volume ranging from about one

thousand nm3 to nearly one million nm3.

4.2. Water

In this section we revisit the benchmark problem of mesoscopic modeling of water at

298 K to demonstrate the broad applicability of the modified mDPD model. Water

is used as a common benchmark fluid for the instrumented test of pressure-driven
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Figure 10. Speedup of mDPD over MD in equivalent simulation system volumes for liquid heptane at 303
K.

flow in nano- to micro-porous materials and thus it is of high interest for modelers

to apply a high-fidelity DPD model for the corresponding water flow simulations. All

of the previous DPD works attempted to capture only a certain part of liquid water

properties and none of them reported a DPD model and the associated parameter space

that can capture a wider extent of the water properties of interest, including the EOS

in a range of practical interest (i.e. from the ambient pressure to the injection pressure

that spans 20 - 50 MPa), free surface tension, diffusivity, and viscosity. Most of the

previous DPD works used a coarse-graining factor of Nm = 3 for water [19,27,31,55].

However, this work uses Nm = 4 for water with the reason to be discussed later.

Following the static fluid property calibration process in Section 3.1, we determined

a set of the independent parameters in the mDPD conservative force: A = −44.6

and B = 14 with rC = 10.2 Å (r∗C = 1) for water at T = 298 K. Table 6 lists the

parameters used in the DPD reduced units and their conversion in the physical units.

The envelope volume for one water molecule, V , is 30 Å3. The molar weight of one

water molecule is M = 18 g ·mol−1.

Figure 11 displays the EOS of water at 298 K obtained by the experimental mea-

surements [56], mDPD EOS based calculations, and mDPD simulations. The profiles

predicted by our mDPD simulations and mDPD EOS closely match each other and
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Table 6. Conversion of liquid water properties at 298 K from the DPD reduced units to the physical units.

DPD Physical units
Parameter Value mDPD → physical units Parameter Value

Bead 1 Nm 4 4 water

r∗c 1 r∗c (ρ
∗NmV )1/3 rc 10.2 Å

ρ∗ 8.844 ρ∗NmM/Nar
3
c ρ 997.05 kg/m3

p∗ 0.0258 p∗kBT/r
3
c p 1 bar

γ∗ 18.2 γ∗kBT/r
2
c γ 71.99 mN m−1

κ−1∗ 65.48 Nm/(nkBTκ
−1∗) κ−1 4.5× 10−10 Pa−1

they agree well with the experimental data [56] from the ambient pressure up to 80

MPa, which encloses the pressure range of experimental and engineering interest. For

comparison, we also carried out the mDPD EOS calculations and mDPD simulation

using the parameters (A = −50.8 and B = 25 with Nm = 3) slightly adjusted based

on [27], as shown in Figure 11. Our test indicates that the parameters reported in

their work (A = −50 and B = 25 with Nm = 3) may have only guaranteed the cor-

rect free surface tension, whereas the simulated EOS deviates significantly from the

experimental data. Using the calibration approach of this work, we have found that

a slight modification of the parameter A from −50 to −50.8 can remarkably improve

the accuracy of the EOS in the lower pressure range. However, the deviation of the

profile is still large in the higher pressure range and cannot be further reduced with

any stable combinations of the mDPD conservative force parameters, which indicates

the limitation of Nm = 3 to produce an accurate EOS and free surface tension simul-

taneously. That is why we tested other values of Nm and finally found Nm = 4 to be a

much more robust choice that can satisfy our requirement. The free surface tension of

water predicted by our mDPD simulation is 71.44± 0.19 mN m−1, which agrees well

with the experimental data (71.99 mN m−1) [57].

The dynamic viscosity of water at 298 K is 8.92×10−4 Pa·s [58] and the diffusivity

of water at 298 K is 2.23× 10−9 m2 s−1 [59]. Together, they correspond to a Schmidt

number of 401. There is a possible ambiguity about understanding the diffusivity of

DPD fluids, if one DPD bead is configured to represent the equivalent mass of multiple

fluid molecules, for example, four water molecules in the present case. We would like

to restate that DPD is a mesoscopic hydrodynamics model for bulk fluids and their
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Figure 11. The fluid EOS for bulk water at 298 K. The reference numerical results used the parameters as
A = −50.8, B = 25 with Nm = 3, which were slightly modified from [27]. The present work used A = −44.6
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properties; it is not valid to compare one DPD bead and its diffusivity to a cluster of

fluid molecules and their diffusivity in an isolated context. Therefore, it is legitimate

to compare the liquid water diffusivity predicted by the modified mDPD model to the

experimental measurement. Above all, using the calibration approach in Section 3.2,

we determined the combinations of γ and rD with which the modified mDPD model

can predict the accurate Schmidt number of water at 298 K, as shown in Figure 12.

The choice of γ and rD along the curve in Figure 12 does not affect the EOS and free

surface tension already calibrated by the conservative force parameters. Similar to the

cases of heptane discussed in Section 4.1.2, a practical choice of the pair of γ and rD

should be bounded by rD < 2 and γ < 18 to guarantee the reasonable computational

costs. Above all, the ability and robustness of the modified mDPD model to accurately

predict the water and hydrocarbon static and dynamic properties, and EOS in a large

range of confinement pressure make the model attractive for applications in simulations

of instrumented pressure-drive flow test in meso-confinement.
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5. Conclusions

In summary, we conclude the major contributions and scientific advancement of this

work as follows. We have developed a modified many-body DPD (mDPD) model by

introducing a new independent degree of freedom in the model (dissipative force cut-

off radius decoupled from the conservative force cut-off radius). The modified mDPD

model can accurately predict the real-fluid bulk EOS subjected to large changes of

pressure (from the ambient pressure to 80-90 MPa), free surface tension, diffusivity

and viscosity, and thus has overcome a primary challenge of the original mDPD model

(and also all other multiphase-enabled DPD models) to predict the static and dynamic

properties of real liquid fluids simultaneously. Another major contribution of this work

is that a rigorous calibration approach that uses reference data, including experimen-

tal and/or MD simulation results, has been introduced to parameterize the modified

mDPD for real fluids. For the first time a DPD model among all the multiphase-

enabled DPD methods has been made practically usable for simulating real liquid

fluids with accurate static and dynamic properties at the same time. We have pre-

sented a series of numerical examples to demonstrate the predictability of properties

of real liquid fluids by simulating bulk heptane. Heptane was used as a representative
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liquid hydrocarbon for its abundance in source rocks. The new methodology can be

applied to other hydrocarbons as well, as they have similar properties with differences

in the ranges of values. Our timing test has shown that the modified mDPD model is

over two orders of magnitude faster than its MD counterpart for simulations of bulk

heptane in equivalent volumes, indicating the suitability of the model for accurate and

efficient simulations of fluid transport in the mesoscale.

The robustness and versatility of our modified mDPD method as well as the

calibration approach are further demonstrated by application of the methodology to

model liquid water. Notice that the properties of liquid water are drastically different

from hydrocarbons. This is the first time that a DPD model is reported to provide an

accurate prediction of water static and dynamic properties simultaneously and to a

much broader extent of pressure changes. All the previous DPD works in the literature

showed only a very limited portion of the water properties (either static or dynamic)

and only under the ambient pressure. Table 7 provides a summary of the calibrated

model parameters for liquid heptane and water, respectively. We would like to note

that in general there is no unique combination of γ and rD to achieve the correct

fluid dynamic properties for each set of fluid and temperature, as shown in Figure 6,

Figure 9 and Figure 11. Nevertheless, we recommend a combination of γ and rD for

each in Table 7 as reference for future applications.

Above all, the modified mDPD model developed in this work for simulating real

fluid properties is a prerequisite for our follow-on model application of liquid hydrocar-

bon flow in mesoporous confinement. This also indicates the need for calibration of real

fluid-solid interactions [60–62] following a similar approach of this work to accurately

account for the capillary flow [39] and slip flow [63].

Table 7. A summary of the calibrated mDPD model parameters (in reduced unit) for liquid heptane at 303

K and 323 K and water at 298 K, respectively.

Fluid T (K) Nm A B rc rd γ rD

heptane 303 1 −36 25 1 0.75 12 1.7
heptane 323 1 −34 25 1 0.75 12 1.5
water 298 4 −44.6 14 1 0.75 12 1.74
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