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Abstract:

Sulfur hexafluoride (SFs) is widely used for an insulating and arc extinguishing medium in high voltage
electrical equipment due to its excellent dielectric properties and insulation performances. However, SFg is a
potent greenhouse gas, leading to a significant influence on the environment by the large use of SFs. SFg
mixed with inert gas such as N is a more promising way to reduce the use of SFs. The diffusion properties
of SF¢/N, mixtures play a crucial role in the gaseous mixture separation or replenishment, determining the
proportion and uniformity of the mixtures. Combining ab initio molecular dynamics (AIMD) and machine-
learning molecular dynamics (MLMD) simulations of SFg and N, dynamics in SFg/N, mixtures, we
systematically illustrate the anomalous characteristics of both SFg and N, motion. At short times, both SFg
and N, performs super-diffusion through the ballistic motion. At intermediate times, a combination of the
SFs molecular flexibility and cage effect result in the larger plateau value, while N, molecular showed no
plateau stage. At longer times, both SFg and N, gradually turns to normal diffusion. A theoretical model is
also offered to quantitatively describe this abnormal diffusion. This work gives a more completely physical
understanding of SFg and N, dynamics in SFg/N, mixtures, which provides important references for SFg /N>
mixed electrical equipment leakage supplement.

Keywords: Diffusion; Mixtures; Machine-learning molecular dynamics; Anomalous diffusion;
Theoretical model

Introduction

slow leakage defects during operation, and gas
replenishment is inevitable. In order to ensure the
proportion and uniformity of the mixed gas, the
diffusion characteristics of the mixed gas need to
be understood.* Another important issue related to
the use of these mixed gases is the SFg recovery.
The separation of SF¢/N, mixed gases have been

Sulfur hexafluoride (SFg) is widely used for an
insulating and arc extinguishing medium in high
voltage electrical equipment due to its excellent
dielectric properties and insulation
performances.'? However, SFs is a potent
greenhouse gas with high global warming

potential value and long atmospheric lifetime,
leading to a significant influence on the
environment by the large use of SFg, therefore, the
study on alternative gases has received extensive
attention.®> SFg mixed with inert gas such as N is
a more promising way to reduce the use of SFe.
SFe/N, mixed gases are cheaper than pure SFg
and, under the suitable conditions of pressure, can
achieve equally well for both arc interruption and
electrical insulation.® Currently, some power grids
use SFs /N, mixed gas in areas with lower
temperatures.” The equipment will inevitably have

reported and experimentally tested with different
methods, most of them using adsorbents.”

The performance of the above-mentioned
processes is related to the operating conditions at
macroscopic scale and the different phenomena
taking place at the microscopic level.® The design
and optimization of these processes needs to know
the underlying physical properties of the mixture
to be replenished or separated, such as the shear
viscosity and diffusion coefficient. In order to
obtain these transport properties, theoretical
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methods are widely used to describe transport
coefficients in binary gaseous mixtures, and
several empirical models are proposed in the
literature.”® The viscosities of two SFe/N, mixed
gases with N, mole fractions of 0.3357 and 0.8780
are measured and reported at atmospheric pressure
in a temperature range from 298 to 483 K. The
binary diffusion coefficients are derived from the
viscosity data by using the Chapman-Enskog
method of solution of the Boltzmann equation. In
addition, the viscosity and the diffusion
coefficients for SF¢/N, mixed gas with equimolar
fraction are obtained by using a similar approach
at atmospheric pressure but in a wider temperature
range from 273 to 1273 K.*°

From a theoretical point of view, even if SFg and
N, have been successfully modeled as spherical
molecules in some applications, it is reported that
the SF¢ molecular flexibility plays an important
role in some of its properties.* Since SF¢ and N,
have different molecular sizes, the deviations
from ideality for specific properties may arise
from this molecular flexibility. Some efforts have
been made to find the relationship of the
macroscopic behavior of SFs and its microscopic
behavior from a molecular perspective.’*** The
behavior of binary mixtures using both simple
Lennard-Jones potentials®>® and anisotropic
models for complex and/or polar molecules.?*?®
are explored by using molecular dynamics (MD)
simulations. The bulk transport properties
(diffusion coefficients and shear viscosities) of
SFe/N, mixtures with different compositions at
300 K and 1 MPa are investigated by a series of
MD simulations. Composition dependences of
both diffusion coefficients and shear viscosities
are found by MD simulations with anisotropic
force fields, which differs from the predictions
with the simpler Lennard-Jones potentials.
Unfortunately, more insights into the dynamics of
SFe/N, mixtures with different compositions in a
long-time range have not yet been advanced. In
particular, the relevance of the SFg molecular
flexibility to diffusion coefficients of SFg/N;
mixtures has to be addressed. Thus, the dynamics
of isolated SFg in SFg/N, mixtures is needed to be
fully characterized. Detailed theoretical model for
the dynamics of SFg diffusion is also needed to
understand the SFg/N, mixtures diffusion
behavior.™

The abovementioned force field for the SF¢ and
N, molecule uses the predefined mathematical
form such as LJ potential quantifying the
interatomic interactions, but this approximation
tends to oversimplify the physical nature of
interatomic interactions. Therefore, it is necessary
to develop a potential with accuracy and
efficiency to simulate the dynamics of SFg/N,
mixtures. The Machine Learning (ML) potential is
a good option. ML potentials are one of the most
representative applications of machine learning
methods?”~°, which use DFT results as a dataset
and train mappings between atomic structures and
potential energy based on purely mathematical
structures such as neural networks or Gaussian
processes®’. In this way, ML potentials
successfully bridge DFT and MD, achieving
potential surfaces with DFT accuracy while
maintaining the efficiency of MD simulations,
offering the possibility of solving the dilemma of
accuracy and efficiency. In addition, the material
systems and application environments do not limit
the application of ML potentials. It can be applied
to different types of material systems such as
metals®**, calcium titanate® and
semiconductors® 8, as well as to complex atomic
environments at high temperatures®, high
pressures’® and irradiation**2.

In this paper, we constructed a database using
DFT calculations and developed ML potential
with DFT accuracy to describe the dynamics of
SFe/N> mixtures. Based on the obtained model,
we first calculated the structural properties of SFg
and N to verify the accuracy of the ML potential.
Then, results of our MD simulation on the
dynamics of SF¢/N, mixtures are shown,
discussing the diffusion process of the SFg/N,
mixtures in detail, illustrating the anomalous
characteristics of the SFg motion in SFg/N>
mixtures. Finally, we developed a theoretical
model, and analyzing the abnormal SFg diffusion
behavior during the diffusion process.

2 Machine Learning Potential
2.1 Database

To construct a ML model that can capture
describe the dynamics of SFg/N, mixtures, a
dataset related to the SFs/N, mixtures was built.
The data set consists of both pure and mixed
gases. In the case of mixed gases, different mixing
ratios of SFg and N, were considered. All
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configurations come from either ab initio MD
(AIMD) simulations. The details are shown in
Table 1 below. The type and number of

configurations are based on physical intuition and
past practice. The dataset contains a total of
159,000 configurations.

Table 1 Summary of the database for the dynamics of SF¢/N, mixtures. The first column shows the
corresponding properties of the configurations. The second column shows the type of configurations.
The third column shows the number of atoms of the configurations. The fourth column shows the
number of configurations. The last column shows the number of atomic environments, which is equal
to the number of atoms times the number of configurations.

Corresponding Structure type No. No. No. atomic
properties atoms | configurations environments
Pure gas Single N, molecule 2 12000 24000
Single SFg molecule 6 12000 72000
N2 molecules 116 9000 1044000
252 9000 2268000
SF¢ molecules 84 9000 756000
168 9000 1512000
Gas mixture N(SFg): N(Np) = 1: 26 236 9000 2124000
N(SFs): N(N) = 2: 47 108 9000 972000
N(SFg): N(Np) = 2: 21 224 9000 2016000
N(SFs): N(Ny) = 4: 37 102 9000 918000
N(SFs): N(N) = 6: 31 208 9000 1872000
N(SFg): N(N2) =2: 9 96 9000 864000
N(SFs): N(N,) =8: 21 196 9000 1764000
N(SFe): N(Np) =1: 2 88 9000 792000
N(SFg): N(N) =1: 1 180 9000 1620000
N(SFg): N(N2) =5: 3 82 9000 738000
N(SFe): N(Np) =11: 5 174 9000 1566000
N(SFs): N(Np) =23: 5 171 9000 1539000

atomic environment of the ML potential. The

The Vienna Ab initio simulation package (VASP)
was used for DFT computations® ™. The
enhanced projection wave method*® and the PBE
generalization  function®” were used. The
truncation energy of the plane wave basis was set
to 500 eV. In the AIMD simulations, the NVT
ensemble was used, the time step was set to 0.5 fs,
and the temperature was controlled by employing
the Nosé-Hoover thermostat. 2x2x2 Monkhorst-
Pack k-points mesh was used in AIMD
simulations. DFT calculated the potential energy
of each configuration and the force per atom in
the dataset, which will be the dataset for
supervised machine learning training.

2.2 Model Training

Based on the above data set, we trained a ML
potential using DeePMD?’ artificial neural
network architecture. Atoms within a cutoff radius
of 6 A were taken into account for the local

batch size was set to 4 and the training ran
through 10° batches. The starting and ending
learning rate was set to 5x10° and 5x107
respectively and the learning rate was
exponentially decayed during the training. Finally,
a deep neural network of three hidden layers with
240, 240, and 240 nodes was employed to map the
local atomic environment to the atomic energy
contributions.

Comparisons between the database and ML
results on energies and forces are shown in Figure
1. The resulting root mean squared errors (RMSE)
of the energies are 8.50 and 8.49 MeV/atom for
training and test sets, respectively. As for forces,
the RMSE are 50.76 and 50.90 MeV/Angstrom
for training and test sets, respectively. The RMSE
values of the ML potential are consistent with the
typical RMSE values for ML models*’.
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Figure 1 Comparisons of the ML results with respect to the references DFT data. (a) and (b) show the
comparisons of energies per atom for the training and test set, respectively. (c) and (d) exhibit force
comparisons for the training and test set. 2D histogram plots are used to show the density distribution
of errors. (e) and (f) display the error distributions for energies and forces for training and test set.

After obtaining the ML potential, we computed
the molecular structure parameters for N, and SFe.
These computations were subsequently compared
with DFT results to ensure the accuracy of the ML
potential. The specific values from these
computations are documented in Table 2. It is

evident from Table 1 that the molecular structure
parameter calculations for both N, and SFs using
the ML potential align with the DFT reference
values, which means that the developed ML
potentials can reliably characterize the molecular
geometry of N, and SFs.

Table 2 Comparison of geometric parameters of N, and SFg based on ML potential and DFT

Molecular name Bond length (A)/Bond angle (deg) DFT ML

N> N1-N» 1.111 1.111

SFs S1-F, 1.587 1.586
F2-Si-F3 90.0 90.0
F2-S1-F4 180.0 180.0

3 Result and Discussion

The power-law formulation of the mean-square
displacement (MSD) over time is used to

(I7(t) = 7(0)|%) = K4t®

here 7(t) is a position of particle at time t,
brackets (...) stands for the ensemble average,

and o is used to differentiate the diffusion

behavior (o <1, a =1, and o >1 represents the sub-

diffusion, normal diffusion, and super-diffusion,
respectively).

characterize the dynamical properties of particle
transport*®,

(1)

Because of a limited number of particle transport
trajectories, the time-averaged mean-square
displacement (TAMSD) as a function of the lag
time are alternatively calculated in terms of the
time series r(t)*®, generally characterized by
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7T =75

0

where T and A are the total measurement time
and the lag time, respectively. On the basis of the
individual TAMSDs, the corresponding average

T—A,
|7

(t+ A) —7(t)|3dt

2)

ovg:gr the group of N trajectories can be obtained
by™,

(67(8)) =~ X, 62(8) (3)

To investigate SFg and N, dynamics in SFs/N;
mixtures, we performed MLMD calculations by
using the NVT ensemble (constant number of
particles, volume, and temperature) with a time
step width of 0.5 fs. The temperature was
maintained at 300 K where the Nosé-Hoover
thermostat was adopted*>*. Prior to initiating the
formal simulation, the structure undergoes an
initial relaxation at 300 K for a duration of 5 ps
within the NPT ensemble. Throughout this

107 3

relaxation phase, the pressure is maintained at 0.6
MPa, aligning with the pressure of the gas present
in the Gas insulated switchgear (GIS). After
structure relaxation, we continued to calculate the
system for another 2ns to obtain the trajectory of
SFe and N, diffusion. The TAMSDs calculations
for pure N, pure SFg and an SFg/N, mixtures
(N(SF¢): N(N,) = 1:1) were conducted and the
results are shown in Figure 2.

10°] [——Pure N,

s 1 N, in mixtures
107 § .
3 | SF; in mixtures

| Pure SF,

1()41:
1031:
1074
N§/ 10112
2 10°=;
10"1:
10'1-;
10'*-;

107 4

107 4

10

MR B RLLL | T
107! 10° 10’ 107
Lag Time (fs)

T
10°

T T hRRRL | MR
10* 10° 10° 107

Figure 2 Time-averaged MSDs of gas for 2ns trajectory.

As illustrated in Figure 2., the diffusion of N, in
pure gas or mixture can be divided into two
stages:

» from zero to about 300 ps, the N, undergoes a
super diffusive, of which around 100 ps to
300 ps represents a transition from super
diffusive to normal diffusion. During this
transition, the power exponent gradually
diminishes from values greater than 1 to
eventually equal 1, indicative of normal
diffusion;

» for longer times after 300ps, N, exhibits
normal diffusion characteristics.

Unlike N, although the diffusion trend of SFg in
its pure form and in mixtures remain consistent,
the diffusion of SFg can be divided into four
stages:

» in the initial 15fs (from zero to about 15fs),
the power exponent of SFg diffusion is
greater than 1, and the diffusion form exhibits
super diffusive;

> after 20fs, which is roughly between 15fs to
35fs, there is a noticeable deceleration in the
acceleration of TAMSD;

» within the intermediate-length timeframe of
35 fs to 500 ps, the diffusion form of SFg
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returns to super diffusive again, and the
transition from super-diffusion to standard
diffusion is concluded at approximately 400
ps, spanning from roughly 100 ps to 500 ps.

> at longer times (from about 500ps to about
2ns), the SFg diffusion returns back to the
normal diffusion regime.

0.021

Furthermore, the diffusion coefficients of N, and
SFe in the SFg/N, mixture, obtained through data
fitting of the normal diffusion stage, are 0.01543
cm?/s for N, and 0.01822 cm?/s for SFs. Among
them, the diffusion coefficient of SFg aligns
closely with the findings of Suzuki's research®.

0.020

0.019

0.018

b

D (cm¥/s)

0.017 +

0.016

0.015

= -
(=)
[=]

60 80 100

Percentage of SF, (%5)

Figure 3 Comparison of the effect of SFg concentration in the mixtures on the diffusion coefficients of
N, and SFs, concentration 0 means pure N, and concentration 100 means pure SF.

In SFe/N2 mixtures, the ratio between the two
gases is variable, necessitating an investigation
into the impact of SFg concentration on the
diffusion coefficients of both SFs and N..
Utilizing the ML potential, the diffusion
coefficients of N, and SFg of SF¢/N, mixtures
with different SFg concentrations were simulated.
The simulation methodology was consistent with
the previous paper, and the derived results are
presented in Figure 3.

Figure 3 illustrates the diffusion coefficients of
N, and SFg in mixtures, plotted against the
concentration of SFg. As the SFg concentration
increases, the diffusion coefficients of N, and SFg
exhibit distinct trends. For N,, the diffusion
coefficient increases first and then decreases with
the increase of the concentration of SFg in
mixtures, and the diffusion coefficient is lower
than that of pure N, when the SFg concentration
surpasses 66.7%. Different from Ny, the diffusion
coefficient of SFg decreases with the increase of
the concentration of SF¢ in mixtures, and the

diffusion coefficients of SFg in all mixtures are
higher than that of pure SFs.

To study in depth the anomalous diffusion of SFg
and N, in SFs/N, Mixtures, vibrational motions of
the SF¢ and N, are explored. According to a
Fourier transform of the atomic velocity
autocorrelation function (VACF) of both SFs and
N, the normalized vibrational density of states
(VDOS) are calculated as shown in Figure 4. We
can observe that there are seven peaks in the DOS
of the normal region: six are located below 50
THz (low-frequency peaks), and one is around
110 THz (a high-frequency peak corresponding to
the N-N stretching modes). High-frequency
vibrations are typically associated with bond
stretching modes, while low-frequency peaks
correspond to bond bending or wagging
motions®***. In SFg, taking one F atom as a
reference, four other F atoms are symmetrically
spaced around it, and one F atom is located at a
relatively longer distance. Among the six peaks
associated with the F atoms, two have frequencies
that match those of the S atom. The lower one
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corresponds to the bending modes of the S-F
bond, and the higher one to its stretching modes.
The remaining four peaks of the F atom represent
two types of F-F bond vibrations—stretching and
bending frequencies. It is worth noting that the S—

0.3 . | : |

F bending frequency at 25 THz corresponds well
to the MSD inflection point at around 40 fs during
the transition from short to intermediate
timescales, as shown in Figure 2.

0.2 H \’

VDOS

0.1+

——F in SF6
— S in SF6 |
— N in N2/SF6
—— F in N2/SF8

S in N2/SF6 | |
— N2

| Ak

T
0

60 80 150 I 120
Frequency (THz)
Figure 4 Power spectra of translational VACF.

Lag time A(fs)

10* 10? 10°
Lag time A(fs)

Figure 5 Time-averaged MSAD for SF bond rotation. The cyan line represents the average data of all
curves. (b) Time-averaged MSD for F atom movement. The cyan line represents the average data of
all curves.

The angular motion of the SF bond was analyzed
because the rotation of the SF bond plays a crucial
role in proton motion, especially in a short - term
period. As depicted in Figure 5a, the time -
averaged mean - square angular displacement
(MSAD) of the SF bond rotation during the
diffusion of SFe was calculated,

- —A N N
528, T) = — [T 1§t + &) — (D) dt

Here, A and T represent the lag time and the total
. . A
measurement time respectively, and | (t) denotes

the total angular displacement of the SF bond®°.
Although the MSAD values vary among different

F atoms, thanks to the large sample size, the
averaged data (represented by the cyan line in
Figure 5a demonstrates the characteristics of
normal rotation with a slope close to 1 in a shorter
time frame and hyper - rotation with a slope of
approximately 1.7 in a longer time frame.
Moreover, after a relatively long period of sub-
rotation, it transforms into a hyper - rotation
characteristic with a slope of about 2. In addition,
Figure 5b shows the calculation of the mean
square displacement (MSD) associated with the
displacement of F atoms in Figure 5a. Its
variation trend is consistent with the curve in
Figure 2 and covers the plateau period in Figure
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2. The change in the slope of its curve is
consistent with the rotation of the S - F bond in
Figure 5a, indicating that the plateau period in
Figure 2 is caused by the rotation of the S - F
bond in the SFg molecule.

To provide a generalized explanation of the
anomalous dynamics, an analytical model

incorporating the two aforementioned fractional
Brownian motions (FBMSs) is proposed, based on
the modified Richard expression®, which is used
to characterize the diffusion process in terms of
short-time super-diffusion, medium-time super-
diffusion, and long-time normal-diffusion.

K.A% K, +K_)A®
MSD(A) = s (K, +Kn) — KA
1+ K}A S } l:l+‘(Ks _'_éKm)A " ]
S m (4)

where the relevant parameters are defined as follows:

* Ks = KST + (KSO - KST)T:L (53.)

° 55 = é:ST + (éso - é:ST)Tl (5b)
e 0.=0,+(0,-6.)7 (5¢)

° Km = Kmr + (KmO - Kmr)rl (5d)
* gm = gmr + (fmo _fmr)fz (56)

* em = emr + (em

0o~ emr )Tz (5f)

o K =K, +(K,-K;)z, (50)

where parameters Ko, Kso, S| S0, b5 Goare

defined for the short-time diffusion, Kmf, Kmo,

‘fmr, Cme, emr, O are defined for the medium-

K, K

time diffusion, loare defined for long-time

diffusion. In particular, Ss- and ggmraccounts for
the MSD near the transition from short-time
super-diffusion to the medium-time super-
diffusion and medium-time super-diffusion to

long-time normal diffusion, Keand & correspond

Ati147/11

At12+4T)12

Af11
1 = [
[ At12
Ty, =
where 11 and T2 accounts for the lag time near the

transition from short-time super-diffusion to the
medium-time super-diffusion and medium-time

the diffusion parameters for short-time super-

diffusion, Kmfand ém correspond the diffusion
parameters for medium-time super-diffusion and

K. corresponds the diffusion parameters for

long-time normal diffusion. The parameter %1 and

T2 describes the transition from short-time super-
diffusion to the medium-time super-diffusion and
medium-time super-diffusion to long-time normal
diffusion are given by:

] (6a)

]t“ (6b)

super-diffusion to long-time normal diffusion. All
parameters of this theoretical model are listed in
Table 3.
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Figure 6 Fit of the Pure N3 (a), N, in mixtures (b), SFs in mixtures (c) and Pure SF (d).

Table 3 Parameters for modified Richard MSD model.

Parameter Pure N, N, in mixtures SFs in mixtures Pure SFg

K., 2.608x10" 3.079x10” 1.228x10" 1.122x10”
K, 0.000x10° 0.000x10° 0.000x10° 0.000x10°
K 0.000x10° 0.000x10" 0.000x10° 0.000x10"
K., 2.987x10” 6.028x10” 6.659x10° 7.100x10°
K, 0.000x10° 0.000x10" 0.000x10° 0.000x10"
Kio 2.067x10" 2.879x10" 1.132x10° 9.404x10™
£ 2.000x10° 2.000x10° 2.000x10" 1.400x10"
£, 1.000x10° 1.000x10" 2.000x10" 2.000x10"
£ 8.500x10" 5.000x10" 1.250x10° 1.250x10°
£ 1.000x10° 8.000x10" 1.000x10° 1.000x10°
6., 3.600x10™ 4.600x10™ 2.000x10° 2.000x10°
6., 1.800x10™ 1.800x10™ 4.000x10° 4.000x10°
6, 1.200x10" 1.200x10° 1.000x10" 1.000x10"
6., 8.000x10" 6.000x10" 8.000x10™ 8.000x10™
e 1.974x10° 1.962x10° 2.227x10" 1.937x10’
€, 1.996x10° 1.943x10° 1.992x10° 1.992x10°
T, 5.000x10" 2.500x107 2.600x10" 1.780x10"
T, 1.000x10° 1.000x10° 2.250x10° 2.250x10°
t 6.000x10™ 6.000x10™ 5.500x10° 3.800x10°
tro 2.400x10’ 2.000x10" 3.500x10" 3.500x10’
ty 5.000x10° 5.000x10° 1.200x10™ 1.200x10°
t2z 2.200x10" 1.400x10° 8.000x10™* 8.000x10™*
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The results of fitting the pure N, N, in mixtures,
SFe in mixtures and Pure SFg curves are shown in
Figure 6, where the short, medium, and long term
diffusion rates are labeled and the values
correspond to the parameters ¢ and g in the

Table 3. As we can see that theoretical mode can
reproduce the entire MSD curve very well
including intermediate time scale. For short-time
super-diffusion, the slopes of the four sets of
curves are all close to 2, specifically 1.974, 1.962,
2.227, and 1.937, which are consistent with the
fitted values of ¢ . For medium-time super-

diffusion, the slopes are also close to 2,
specifically 1.996, 1.943, 1.992, and 1.992, again
consistent with the fitted values of ¢_. In contrast,

for long-time normal diffusion, the slopes all tend
to approach 1.

4 Conclusions

In this paper, we constructed a large DFT dataset
containing conformations related to both pure and
SFe/N, mixtures with different mixing ratios.
Based on this dataset, constructed an accurate and
efficient ML potential with DFT accuracy that can
be used to describe the diffusion properties of
SFe/N, mixtures.

After obtaining the ML potential, we calculate the
structural properties of SFg and N, and the results
agree well with the DFT and experiment reference
data. Then, we performed molecular dynamics
simulations of SFg and N, dynamics in SFg/N;
mixtures based on the ML potential, we found that
the motion of both SFg and N, exhibits the
anomalous behavior. We systematically illustrate
the anomalous characteristics of both SFs and N,
motion. At short times, both SFg and N performs
super-diffusion through the ballistic motion. At
intermediate times, a combination of the SFg
molecular flexibility and cage effect result in the
larger plateau value, while N, molecular showed
no plateau stage. At longer times, both SF¢ and N,
gradually turns to normal diffusion. A theoretical
model is also offered to quantitatively describe
this abnormal diffusion. This work gives a more
completely physical understanding of SFg and N,
dynamics in SFg/N, mixtures, which provides
important references for SFs /N, mixed electrical
equipment leakage supplement.
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