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Reconstruction and stability of Fe;O4 (001) surface: An investigation
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Magnetite nanoparticles show promising applications in drug delivery, catalysis, and spintronics. The surface of
magnetite plays an important role in these applications. Therefore, it is critical to understand the surface structure of Fe304
at atomic scale. Here, using a combination of first-principles calculations, particle swarm optimization (PSO) method and
machine learning, we investigate the possible reconstruction and stability of Fe304(001) surface. The results show that
besides the subsurface cation vacancy (SCV) reconstruction, an A layer with Fe vacancy (A-layer-Vp.) reconstruction of
the (001) surface also shows very low surface energy especially at oxygen poor condition. Molecular dynamics simulation
based on the iron—oxygen interaction potential function fitted by machine learning further confirms the thermodynamic
stability of the A-layer-Vge reconstruction. Our results are also instructive for the study of surface reconstruction of other

metal oxides.
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1. Introduction

Surface reconstruction has significant influence on phys-
ical and chemical properties of materials. Usually, multi-
component materials, like transition metal oxides undergo
Magnetite (FezO4) at-

tracts increasing attention due to its promising application in
8,9]

complex surface reconstruction.

nanomedicine,[!=! Spintronics,[6’7] and catalysis.[

At room temperature, magnetite crystallizes in an inverse
spinel structure with oxygen anions arranged in a slightly dis-
torted face centered cubic lattice and iron atoms occupying
tetrahedral and octahedral interstitial sites. Magnetite is fer-
rimagnetic with a Curie temperature as high as 858 K. The
electronic properties of magnetite are still under debate and
a recent hybrid functional study suggests that above Verwey
temperature!'?! bulk magnetite is a semiconductor with a small
band gap.[!!!

The (001) surface is one of the most important low-
index facets of Fe3O4. Because of the complexity of the
surface reconstruction, the atomic structure of Fe3O4 (001)
surface has been investigated for more than 30 years both
theoretically and experimentally.!'>%] Along the [001] di-
rection, magnetite can be viewed as alternative stacking of
A layers and B layers. A layer is made of tetrahedral iron
(Feter) and B layer is composed of both oxygen and octahe-
dral iron (Fep). Scanning tunneling microscopy (STM) im-
ages in experiments suggest a (v/2 x v/2)R45° reconstruction
of the Fe304 (001) surface.['3-18] Based on the STM obser-
vation, several atomic structure models have been proposed
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for the (001) surface.!'42% Both A layer termination and B
layer termination together with possible Fe and oxygen va-
cancies were considered in the early proposed models.[!4-18]
In 2005, a distorted bulk truncation (DBT) model was pro-
posed, which shown higher thermodynamical stability than
the early models.!'”) However, the adsorption behavior of Au
adatoms on the (001) surface cannot be explained based on
the DBT model.[20-33] Tn 2014, a subsurface cation vacancy
(SCV) model with interstitial Fer,; atom in the second layer
and Feo vacancies in the third layer was proposed.!?’! Den-
sity functional theory calculations show that the SCV model
is more stable than DBT model at a large range of oxygen
chemical potentials and the simulated STM agrees well with
experimental STM. Moreover, based on the SCV model, the
adsorption behavior of Au adatoms on the (001) surface can
be well understood. >°!

However, up to now, from the theoretical side, the predic-
tion and confirmation of the atomic structure of Fe3O4 (001)
surface is only based on density functional theory (DFT) study,
which is usually precise but limited in both model size and
finite temperature simulation. A powerful theoretical predic-
tion and a finite temperature simulation at a larger scale is ex-
pected to further confirm the surface reconstruction and stabil-
ity. Recently, the particle swarm optimization (PSO) and the
machine learning methods show powerful ability in materials

n.[24-301 In this paper, combined DFT calculations, PSO

desig
method and machine learning method, the reconstruction and

stability of Fe3O4 (001) surface are fully investigated. Our
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results show that A layer with Fe vacancy (A-layer-Vg.) re-
construction of the (001) surface is a stable surface and is the
most stable one at a poor oxygen condition. Machine learn-
ing works well for iron oxides and the molecular dynamics
simulation based on machine learning iron-oxygen interaction
potential further confirms the thermodynamic stability of the
A-layer-VF, reconstruction.

2. Methods

The DFT calculations were carried out using the Vi-
enna Ab-initio Simulation Package (VASP). 3!} Projector aug-
mented wave (PAW) potentials*?! were used to describe
The Perdew—Burke—Ernzerhof
(PBE) functional within the generalized gradient approxima-
tion (GGA)[3] was adopted. A kinetic energy cutoff of 450 eV

for the planewave basis, a convergence criterion of 10~* eV for

electron—ion interactions.

the total energy and a convergence criterion of 0.02 eV/A for
the force on each atom were adopted. To properly deal with
the strong correlation effects among Fe 3d electrons, an on-site
Coulomb correction with an effective U—J value of 3.5 eV was

adopted according to our previous work on magnetite bulk!!!]

and surface. ??!

CALYPSO code was used to search stable structures of
the (001) surface. A (ﬁ X \@) supercell for the (001) sur-
face was used for different models because the Fe;04 (001)
surface shows a (v/2 x 1/2) period according to STM images

[13-18] In the z direction a vacuum of more than

in experiments.
12 A was introduced to avoid the spurious interaction between
periodic images. Different termination and different Fe/O ra-
tio on the surface were considered. During the PSO searching,
it is not possible to keep the models symmetric at the moment.
Therefore, during the PSO searching, asymmetrical slab mod-
els with bottom layers fixed to their bulk positions were used.
The low-coordinated oxygen and iron atoms were saturated
by H atoms. Then, after PSO searching, symmetric slab mod-
els were constructed followed by DFT geometry optimization.
The number of layers in the symmetric slab models is more
than fifteen. During geometry optimization, five layers in the
middle are fixed to the bulk positions. For each termination
and Fe/O ratio, 30 initial structures were randomly generated
followed by DFT geometry optimization. According to the
calculated total energy, the lower 60% of structures are used
to generate the next generation of structures through the PSO
method. 40% of structures for the next generation are ran-
domly generated. Each generation produces 30 structures and
a total of 5 generations are calculated.

To explore the thermodynamic stability of surface recon-
struction at a larger scale, we fitted the Fe—O interaction po-
tential by machine learning. Using the atomic centrosymmet-
ric function,®*! the neural network is constructed by aenet (the
atomic energy network) software package. The method splits

the total energy of the structure into the sum of the energy of
each atom. Therefore, the input of the neural network is first
constructed by using the weighted radial distribution function
(RDF) and the angular distribution function (ADF) to describe
the chemical environment around the atom*! as

RDF; (r) = Y 8 (r—Rij) fe (Rij) @, )]
ADF; (8) = 25 (0—6ix) fe (Rij) fe (Rir) ©r; @, (2)

where, i, j, k represents different atoms, R;;, R;; represents the
distance between different atoms, 6; is the angle between the
three atoms of i, j, k, @ is the weight coefficient, represent-
ing different atomic species, f; (r) = 0.5(cos(rn/R.)), Rc is
the cutoff radius. In order to facilitate the input of the neural
network, the first Chebyshev polynomial is used to expand the
above two distribution functions as

Cr=Y 9 (Rij) fe (Rij) @, 3)
Ch= Y0 (6ijx) fc (Rij) fe (Ri) @, . )

Finally, the Ng + N4 first Chebyshev polynomial is used as the
basis function as the input layer of the neural network, the hy-
perbolic tangent function is used as the activation function of
the hidden layer, and the double hidden layer (10-10) is used to
construct the neural network. The output layer contains only
one neuron, representing the energy contribution of the atom.
The total energy is Etoal = ):N‘“‘"“ E;.

Utilizing the machine learning Fe—O interaction potential,
NVT molecular dynamics (MD) simulations at 400 K were
performed with LAMMPS code for the A-layer-Vg. (001) sur-
face model with a (3 x 3) supercell. A timestep of 1 fs was
used for the MD simulation.

3. Results and discussion

To search stable structures of the Fe3O4 (001) surface,
different surface termination with possible iron or oxygen va-
cancies was considered. For a given termination and Fe/O ra-
tio, large number of structures were created randomly. Then
PSO method implemented in the CALYPSO code was used to
search the most stable structure at the given termination and
Fe/O ratio. Several structures in relative low energy, including
the SCV,[201 pBT, [ A-layer, reconstructed A-layer, A-layer
with one Fe vacancy per (v/2 x v/2) supercell (A-layer-VEe),
A-layer with one Fe adatom per (v/2 x v/2) supercell (A-layer-
Fe adatom), B-layer with one oxygen vacancy per (v/2 x v/2)
supercell (B-layer-Vo-1 and B-layer-Vp-2) and B-layer with
one Fe vacancy per (V2 x V/2) supercell (B-layer-Vg,) were
obtained after five generation of PSO searching. Here, A-layer
and B-layer refer to tetrahedral Fe (Fere) layer and octahedral
Fe (Feoc) layer terminated surfaces, respectively.
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To estimate and compare the stability of different surface
models, surface energy y was calculated as a function of chem-

ical potential of oxygen:[*®

1

Y:ﬂ

Etotal — %NFeEF6304 + (:NFe —No> ,uo] G
where, A is the surface area of the (v/2 x v/2)R45° supercell,
Ejotar is the total energy of the slab model and EFe,0, is the to-
tal energy of bulk Fe3O4 per formula unit. g is the chemical
potential of oxygen. Ng. and Np are the numbers of Fe and
oxygen atoms, respectively. According to formula (5), surface
energies for selective surface models are plotted and shown in
Fig. 1, where the zero reference for the chemical potential of
oxygen is half the total energy of an isolated O, molecule. At
a large range of o, SCV model is the most stable surface.
Besides the stable SCV and DBT models proposed before, we
find that the A-layer-Vg. model is also a very stable surface.
At a very poor O, condition, the A-layer-Vg, model becomes
the most stable structure.

— SCV
— A-layer-Vy,
— DBT
A-layer
Reconstructed A-layer
— A-layer-Fe adatom
- — B-layer-Vge
- — B-layer-Vp-1
— B-layer-Vp-2
200

1501

100+

501

Surface energy (meV/A)

—2.0
ro (eV)
Fig. 1. Calculated surface free energy as a function of the chemical

potential of oxygen for selected surface models.

The relative stability of the FezO4 surface depends on the
environmental conditions. For example, previous study shows
that with proper water adsorption, the DBT surface can be
more stable than the SCV surface.[??! Therefore, the A-layer-
VEe surface may exist under proper conditions. The atomic
structure of the A-layer-Vg. model is shown in Fig. 2. After
geometry optimization, the iron atoms in the original top A
layer (green balls on the top layer in Fig. 2(a)) sank into the
B layer. Actually, the A-layer-Vg. surface is the A termina-
tion layer with only half monolayer of Fere in the layer due
to the Fer vacancy as shown in Fig. 2(b). Feoc atoms in
the surface layer exhibit a zigzag distortion along the y direc-
tion (Fig. 2(c)), which is similar to that in the SCV surface. 2]
Note that on the surface, due to the low coordination, it is hard
to say whether the Fe atom is tetrahedral or octahedral iron.

In this case, the Fe atoms with magnetic moment in the same
direction as Fere; atoms are referred as Fepe, and the Fe atoms
with magnetic moment in the same direction as Feg are re-
ferred as Feqt.

Fig. 2. Atomic structure of the A-layer-Vg. model of Fe304 (001) sur-
face: (a) side view, (b) top view with only the top two layers, (c) per-
spective view of the top two layers. The red, blue, and green balls
represent O, Feoc, and Fete; atoms. Atomic layers in the dashed rect-
angles in panel (a) are kept fixed in the bulk positions during the atomic
relaxation. The green circle in panel (b) denotes the Fe vacancy.

The geometry of other (001) surface models can be found
in Figs. S1 and S2 in the supporting information. With oxy-
gen vacancy, the B-layer exhibits two kinds reconstruction
(Fig. S1). However, according to the calculated surface en-
ergy (solid and dashed green line in Fig. 1), the two kind of
surfaces are not stable compared with SCV and A-layer-Vg.
surfaces for all possible pp. A complex reconstruction ex-
ists for the A layer (reconstructed A-layer, structure shown in
Fig. S2), which can greatly reduce the surface energy (solid
and dashed orange line in Fig. 1). However, the surface en-

ergy is still higher than that of SCV and A-layer-Vp, surfaces.
100
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Fig. 3. Projected density of states (PDOS) on different Fe ions in the
A-layer-Vp, slab model. Legend of colors is on the top. The Fermi level
is scaled to zero as indicated by the dashed black line.

Bader charge analysis*”3% was performed to check the

distribution of Fe>* and Fe?" in the A-layer-Vg. slab model.
Fere at the top surface layer is 2+ due to the low coordination
and the other Fere ions are all 34+. Both Fe3* and Fe2" exist
for Fegq ions, which is similar to the case in bulk Fe30y4.[11]
Projected density of states (PDOS) of the A-layer-Vg. surface
were calculated to investigate the electronic properties. Ac-
cording to the PDOS (Fig. 3), A-layer-Vp, surface is a semi-
conductor with a band gap of 0.18 eV, which is much smaller
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than the band gap of SCV (0.61 eV) and DBT (0.60 eV)
surfaces.??] Note that the calculated band gap of A-layer-Vg,
surface agrees well with the experimental value measured by
scanning tunneling spectroscopy.*”! Similar to the DBT and
SCV surfaces,??! the band gap for spin down channel is be-
tween FeZt at octahedral sites (Fe(zjgt) and Fe?* at octahedral
sites (Fegl,). According to the band decomposed charge densi-
ties, the valence band maximum (VBM) originates from Feoc¢
ions at both surface layers and inner bulk-like layers. The con-
duction band minimum (CBM) originates from Feg; only at
inner bulk-like layers.

200
180f | (a)
160
140 —— Training set

120 —— Test set
100
80
60
40+
20+ I
0

RMSE (meV-atom~1!)

. . . . | .
0 300 600 900 1200 1500 1800
Iteration

—600 7
(b) ‘

~700f s
—800f

—9001 7z

—1000f }/

—1100
—1100—1000 —900 —800 —700 —600

DFT energy (eV)

Fig. 4. (a) RMSE of the training and test sets as a function of training it-
eration. (b) Correlation of machine learning (ML) binding energies with the
corresponding DFT reference energies for all structures in the testing sets. The
blue dashed line indicates the condition that ML energy equals DFT energy.

ML energy (eV)

The total magnetic moment (my) of the A-layer-Vg.
model with 19 layers (O7;Fesy) is 76 ug, i.e., 1.407 up per Fe
atom, which is larger than the value for bulk FezO4 (1.333 up
per Fe). In bulk Fe30y, all the Fery ions are 34 and Fe*,
Fe3" at octahedral sites are half by half. In the A-layer-V.
model, Fete ions at the top surface layer are 24-, which leads
to more Fe* than Fe?" at octahedral sites according to the
electroneutral condition. Therefore, the appearance of FeTet
at the surface layer increases the my according to the formula
Mot =5 x [N (Fedl) — N(Fedl)] +4 x [N (Fed!,) —N(Feil)]
proposed in our previous study,!*°! where N is the number
of the corresponding ions. For the SCV reconstruction, the
model with 17 layers (O72Feso) has a total magnetic moment
of 64 ug, i.e., 1.28 up per Fe atom. Therefore, compare with
the SCV reconstruction, the A-layer-Vg. model has a larger

Miot-

Based on the data generated from DFT optimization of
different Fe304 (001) surface models, we start to fit the Fe-O
interaction by machine learning. A maximum of 2000 steps
of error back propagation learning was performed, and 16898
(90%) data was used as the training set and 1877 (10%) data as
the test set. The root-mean-square error (RMSE) of the test set
was used to evaluate the training results. As shown in Fig. 4(a),
after 1500 generations, the RMSE of the training set continues
decreasing, while the RMSE of the test set start to increase.
Therefore, over-fitting occurs after 1500 generations. The po-
tential function obtained after 1500 generations of training is
selected for subsequent calculations. The mean absolute er-
ror (MAE) and RMSE of the training set is 10.04 meV/atom
and 35.56 meV/atom, respectively. The MAE and RMSE of
the test set is 10.29 meV/atom and 48.89 meV/atom, respec-
tively. For the test set, the corresponding relationship between
the first-principles calculated total energies and the calculated
value from the machine learning potential function is shown in
Fig. 4(b). Most of the points in the test set fall well on the blue
dashed line, implying the well performance of the machine
learning.
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Fig. 5. Snapshot structures of the A-layer-Vge surface during molecular
dynamics simulation at 400 K: (a) initial structure, (b) structure at 80 ps,
(c) structure at 100 ps. The red and blue balls represent O and Fe atoms,
respectively.

Based on the machine learning Fe-O interaction poten-
tial, an NVT molecular dynamics (MD) simulation at 400 K
was performed to check the thermodynamic stability. A (3 x 3)
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supercell of the A-layer-Vg, surface model (Og4gFeqg6) with
a lattice parameter of 25.47 A was used for the MD simula-
tion. Snapshot structures are shown in Fig. 5. After 80 ps
and 100 ps, the surface structure was well preserved though
with some distortion. In the process of the synthesis of Fe3O4

sI41=51 and in real applications of

nanoparticles in solution
Fe304 nanoparticles in nanomedicine, the ambient tempera-
ture is lower than 400 K. Therefore, the A-layer-Vp. surface is

thermodynamically stable.

4. Conclusion

In summary, by the combination of DFT calculations,
PSO method and machine learning, the possible reconstruc-
tion and stability of Fe304 (001) surface were systematically
studied. Several different surface reconstruction models were
obtained after five generation of PSO searching, including
SCV, DBT, reconstructed A-layer, A-layer-Vg., A-layer-Fe
adatom, B-layer-Vo-1, B-layer-Vp-2, and B-layer-Vg.. Our
results show that within a large range of oxygen chemical po-
tential, SCV surface is the most stable surface. However, A-
layer-Vr surface is also low in surface energy and at oxygen
poor condition A-layer-Vg, surface becomes more and more
stable. Iron—oxygen interaction potential function was well
fitted by machine learning. Base on the interaction poten-
tial function, MD simulation at 400 K was performed, which
suggests that A-layer-Vge surface is thermodynamically sta-
ble. Our results provide atomic scale understanding of the
reconstruction of Fe304 (001) surface and show the well per-
formance of machine learning on the study of complex and
magnetic metal oxides systems. In addition, our work is in-
structive for the study of surface reconstruction of other metal
oxides.
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