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ABSTRACT Monitoring of volcanic ash cloud is conducive to the disaster prevention and mitigation and
public safety. To tackle of large amount and various types of data and continuous changes of volcanic
ash cloud monitoring, in this paper, a new long short term memory (LSTM) and cellular automaton (CA)
(i.e., LSTM-CA) collaborative computing method for volcanic ash cloud diffusion is proposed via neural
networks. Based on diffusion characteristics of volcanic ash cloud, a CA model of volcanic ash cloud in the
three-dimensional spaces was first constructed. And then the constantly changing sequential characteristics
of volcanic ash cloud was learned by LSTM neural network and further treated as the evolution rule of the
CA diffusion model of volcanic ash cloud in three-dimensional space. Next, simulation experiments and
analysis were conducted in terms of wind direction, wind speed, step size and the number of cell. Finally,
the proposed LSTM-CA collaborative computing method was tested and verified in the actual Etna ash
cloud diffusion case. The experimental results show that: (1) in the two-dimensional space, the proposed
LSTM-CA method can obtain a good initial simulation effect of volcanic ash cloud diffusion, and the total
accuracy of volcanic ash cloud identification reached 96.1%; (2) in the three-dimensional space, the proposed
LSTM-CA method can exact simulate the horizontal and vertical diffusion trends of volcanic ash cloud;
(3) the proposed LSTM-CA method can significantly reduce the modeling complexity of volcanic ash cloud
and improve the calculation efficiency of spatiotemporal data. It seems to provide a new idea to identify and
simulate the volcanic ash cloud in complex environments.

INDEX TERMS Neural networks, collaborative computing, volcanic ash cloud diffusion, remote sensing

data, simulation.

I. INTRODUCTION

Global volcanic eruption not only occurred almost
synchronously with seismic activity, but also concentrated on
the major volcanic belts formed on the edge of the plate [1].
The volcanic ash cloud formed by the volcanic eruption have
seriously threatened the safety of global air transportation
and local climate and environmental changes [2]. Based
on the auxiliary data containing meteorology, geography
and geology information, etc., volcanic ash cloud monitor-
ing using remote sensing has become a business norm at
present [3]-[6]. To simple the complexity of diffusion model,
the traditional monitoring methods contain identification and
diffusion of volcanic ash cloud is mostly carried out hori-
zontally, and rarely involves vertical direction [7]-[10]. The
actual simulation of volcanic ash cloud diffusion, however,
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should be performed in both horizontal and vertical direc-
tions. Collaborative computing refers to a way of comput-
ing that is relatively independent in terms of space and
time series, and jointly completes a certain computing task
in accordance with pre-established interconnection modes,
interaction methods and technologies, and computing strat-
egy [11]-[13]. And it has obvious advantages in monitoring
of volcanic ash cloud using the dynamic changes of spa-
tiotemporal data [14]-[16].

As a discrete system in time and space, cellular automa-
ton (CA) can simulate complex systems that are constantly
updated via evolution rule [17], [18]. It has great poten-
tial in the dynamic monitoring contains identification and
diffusion of discrete volcanic ash cloud in time and space.
In particular, the diffusion of volcanic ash cloud is affected
by multiple factors, such as meteorological conditions
(i.e., wind direction, wind speed, temperature, humidity, rain-
fall, etc.), the weight of volcanic ash debris particles and
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the physiochemical reactions of volcanic gases with the sur-
rounding atmosphere [19]-[25], so the evolution rule is the
key to exact monitor and simulate of the volcanic ash cloud
diffusion. At present, being widely used in the machine learn-
ing, image analysis and recognition, disease prediction and
financial data mining, long short term memory (LSTM) neu-
ral network can not only effectively handle the relatively long
intervals and delays in time series, but also accurately predict
the subsequent development trends in the time series [26].
As a time-recurrent neural network, LSTM is very suitable
for simulation of dynamic volcanic ash cloud diffusion with
time series.

To further understand the sequential characteristics and
the diffusion simulation in dynamic volcanic ash cloud
monitoring, the current study investigates the simulation
of volcanic ash cloud diffusion in three-dimensional space
using the LSTM-CA collaborative calculation method. In this
method, by constructing first three-dimensional CA model
of volcanic ash cloud diffusion and taking the LSTM neu-
ral network as the evolution rule of the diffusion model,
and then the proposed LSTM-CA collaborative comput-
ing method is tested and verified in the simulation exper-
iment and true Etna ash cloud case on December 24,
2018. The results show that the proposed method can
accurately simulate the diffusion of volcanic ash cloud in
two-dimensional and three-dimensional spaces. Especially in
the initial stage of volcanic ash cloud diffusion, the simulation
effect in the three-dimensional space is more accurate and
realistic.

The aims of this paper are:

(1) To propose LSTM-CA collaborative calculation
method for remote sensing data;

(2) To simulate the diffusion of volcanic ash cloud in
two-dimensional and three-dimensional spaces; and

(3) To test and verify the proposed method by the sim-
ulation data and true Etna volcanic ash cloud case in the
experiment.

We will briefly outline the related theoretical basis in the
following part. The third Part presents the detailed LSTM-CA
collaborative computing method. The simulation experiment
and analysis and the true Enta volcanic ash cloud case are
devoted in the fourth and fifth Parts, respectively. We con-
clude our study with conclusion and future work in the last
Part.

Il. BASIC THEORY AND RELATED WORK

A. LSTM BASIC THEORY

In this part, we introduce the basic theory of LSTM. LSTM
can effectively avoid the long-term dependence issue in the
traditional recurrent neural network (RNN) [27], [28]. There
are input gates, forget gates and output gates in the cell
processor. And the key of LSTM is the cell state. When the
information is inputted into the LSTM network, the useful
information goes to the next step by the judgment, and the
useless information is forgotten by the forget gate. The infor-
mation flow process in the cell is shown below:
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(1) Determine the percentage of information is kept from
the cell, which is done in the forgotten gate. The output of
the network is a value in the range of [0, 1], which is used
for subsequent calculation of the degree of retention of old
memory.

(2) Judge whether the information is updated to the next
cell, which is mainly done in the input gate. It contains two
steps, i.e., new information generation and usage of new
information. The combination of the two can be performed
by the production.

(3) Combine the steps 1) and 2) to get the information of
new cell status. The retention part of old information and the
new learning information are combined to generate new cell
status information at the moment.

(4) Via the new cell status information, the output value of
classifier is calculated in the output gate, and the final output
value is gotten.

B. CA BASIC THEORY

Cell is the most basic unit of CA model. It can be dis-
tributed on discrete Euclidean spaces contains two-dimension
and three-dimension, etc. and lattice points of higher-
dimensional. These cells combine to form a complete cell
space. The combined forms of cell space include triangles,
quadrangles and hexagons, etc.

Each cell in the CA continuously iterates and updates
in terms of the established rules[29], [30]. A complete CA
model includes cell, cell space, neighbor and evolution rule,
and can be represented by a quadruple, hence we have:

C=(La.S.N.f) ey

where L is the cell; d is the cell space; S is the state set of CA;
N is the set of neighbor cells contains n different cell vectors,
and N = (s1, 52, 53, . . . §»); n is the number of neighbor cells;
s is an integer from 1 to n; f is the transformation rule of cell,
and represent the transformation method for a given cell in
CA from time T to time T + 1.

For CA model, the key to continuously simulate the space
change of evolution rule is the change function. In addition,
because a cell’s evolution rule is only related to its neighbor
cells, it is necessary to clear define its neighbor cells when
defining the rule. The neighbor cell refers to a set of other
cells designated by the periphery rule around the center cell.

The neighbors of the one-dimensional CA are the simplest.
Generally speaking, only the cells around the center cell are
the neighbors. The definition of two-dimensional CA’s neigh-
bors is more complicated than that of one-dimensional CA,
which usually includes von Neumann, Moore and extended
Moore, etc. And what’s more, there are many more compli-
cated neighbor rules are set to meet specific needs in practical
applications.

C. RELATED WORK
Initially, the diffusion of volcanic ash cloud is performed by
the numerical simulation based on the atmospheric pollution

VOLUME 8, 2020



L. Liu, X.-K. Sun: Volcanic Ash Cloud Diffusion From Remote Sensing Image Using LSTM-CA Method

IEEE Access

diffusion model. Then there are two high peaks of achieve-
ments driven by the powerful eruption of Pinatubo volcano
in 1991 and Eyjafjallajokull volcano in 2010.

One early study showed that the temperature of the vol-
canic ash cloud column gradually decreased from the bottom
to the top, and exist a temperature difference of 20 ° [31].
the relationship among zonal distribution of vertical volcanic
ash aerosol, radiation intensity of volcanic ash cloud aerosol
and climate change were explored and discussed from remote
sensing data [3], [32]. Then the key factors (e.g., distribution
shape and height) affecting the dynamic diffusion of volcanic
ash cloud were tested and verified [4]. To tackle of the
inaccurate input parameters in the traditional models of vol-
canic ash cloud diffusion, the parameter evaluation method
with multidiscipline-based was proposed and tested [5]. And
what’s more, the spectral features of volcanic ash debris
particles in the infrared bands were usual used to identify and
detect the long-distance diffusion path [6].

In general, these works mainly focus on the only numerical
simulation, and lack of the auto-evolutional mechanism in the
actual diffusion.

lll. MATHODS

In view of the computation complexity and accuracy of sim-
ulation, we have proposed a new LSTM-CA collaborative
computing so as to simply the computation. Next, we detail
the presented method in this work.

(1) Scale setting and neighbors’ definition

In practice, volcanic ash cloud is affected by both wind in
the horizontal direction and turbulence in the vertical direc-
tion, and the adsorption of rain. The effective point source
of volcanic ash cloud distribution with a certain height is
adopted as the initial position of the three-dimensional CA
diffusion model. Due to the diffusion of volcanic ash cloud is
in all directions after it formed, so it is necessary to divide
the area around the volcanic ash cloud into a rectangular
grid N x N x M in a three-dimensional CA space. Each
grid is looked as a cell, and the cell vale is looked as mean
concentration of volcanic ash cloud in the cell. In the three-
dimensional CA model, a total 10 cells (i.e., 8 cells in the
horizontal direction and 2 cells in the vertical direction) are
set around each cell. In view of the diffusion characteristics,
the volcanic ash cloud information flows among the different
cells, so each cell is separate determined by its surrounding
10 cells at a specific time. In this study, the cell scale of
volcanic ash cloud diffusion in the three-dimensional CA
model is 500 m x 500 m x 500 m.

(2) Model hypothesis

To facilitate modeling and simplify calculations in the
experiment, let us assume:

1) The three-dimensional CA model only considers the
influence by wind direction and wind speed on the cells,
and ignores the chemical reactions of volcanic ash caused by
temperature, humidity and light.

2) There is no upper limit on the amount of volcanic ash
can be carried by cells.
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3) Real-time wind direction and wind speed in simulation
of volcanic ash cloud diffusion can be obtained from proba-
bility statistics method.

4) Based on multiple verifications, the step size of three-
dimensional CA model is calculated and designated as 6 s.

(3) Evolution rule

Previous works focus primarily on the two-dimensional
diffusion in the horizontal direction due to the simplicity of
the modeling and computation. Based on the diffusion of
horizontal direction, the diffusion of volcanic ash cloud in the
vertical direction could be considered in fact.

The LSTM neural network constructed in this experi-
ment includes six layers, such as the first layer is the input
layer, the three layers from second to fourth layer are the
LSTM layer, and the fifth and sixth layers are the fully
connected (FC) layer and the activation layer, respectively.
Specifically, there are inputs 13 features and 64 neurons in
the first layer. The layers from second to fourth layer are
composed by 512, 128 and 64 neurons, respectively. Then
the former fourth layers are all taken as the activity function.
Based on the LSTM model, it can be seen that the activity
function, f(x), has the form:

e —e
f@ =S @)
where x is the neurons data in separate LSTM layers.

The sigmoid function is used as the activation function
in sixth layer (activation layer), and the formula can be
expressed as:

1
f® =

In the training of LSTM model, the Adam algorithm is used
to optimize the three-dimensional CA model.

To reduce the computational complexity of three-
dimensional CA model, the influence of windless, windy and
turbulent diffusion on volcanic ash cloud is only considered
while ignoring the chemical reaction and settlement charac-
teristics of volcanic ash cloud. In terms of the structural char-
acteristics of the three-dimensional CA model, the volcanic
ash cloud concentration El’;r,l of the cell ijjk at the time 741 is
determined by the concentration of the cell itself at the time ¢
and the surrounding 10 neighboring cells. The El.t;:,i can be
solved as:

3

Elf =f(Elj . NE] g, A'E§_ ) )

where Ef ik is the volcanic ash cloud concentration of cell ijk
at the time t; A’E {’_8 is the influence from other 8 neighbor
cells in the horizontal directions on the cell;, A’Ey_, is the
influence from other 2 neighbor cells in the vertical directions
on the cell. And the total influence of cell ijk is determined
by the weighting among of the surrounding 10 neighboring
cells.

(4) Volcanic ash cloud diffusion

In the LSTM-CA model, the cell ijk is affected by 8
directions, and the volcanic ash cloud concentration of the
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cell ijk at the moment 7 4 1 can be solved as:
A'E!
= PalPp(Ef 1 — Ei ;) + P(Ef o — Eij )
DBy i — Efj i)+ PWEL ;i — Efj )]
+2edPueEfyy j1 g = Eiji) + P Eiy jo1 g — Efji0)
+P§e(Eit+1,j+1,k —Ef; ) +p§w(Eit—l,j+1,k —E{; 1 )

where n, s, e, w, ne, nw, se, sw is the influence of the cell ijk
by the wind speed with north, south, east, west, northeast,
northwest, southeast and southwest directions at the time ¢,
respectively; d is the bevel coefficient, and d C [0.1, 0.16];
isosurface is the empirical parameter, and p!, = 0.084.

The influence of turbulence on the cell ijk in the vertical
direction can be solved as:
At Vv

Pk = Palk(Efj iy — Ejj i) + K'(Efj oy — Efj 0]

(6)

where k” is the influence of atmospheric turbulence on the
uplift on volcanic ash cloud, k” = o o is the atmospheric
turbulence parameters calculated from atmospheric stability.
In accordance with the Pasquill-Gifford diffusion model of
atmospheric stability, the atmospheric turbulence coefficient
is finally got in this experiment, and o = 0.12; k'm is
the comprehensive coefficient that the cell ijk is affected
by turbulence and initial velocity in the vertical upward and
downward directions, and it is determined by the wind speed
and wind direction. Hence, we have the form:

Ve
, c—, m=c
k,, = Vi 7)
0, m#c

where v, is the wind speed at currently wind direction; vy,
is the maximum historical wind speed at this time; c is the
diffusion ratio caused by air flow and can be determined by
the real test; k’m usually includes the dilution effect of rainfall
on gas and the adsorption effect of rainfall on solid particles
in volcanic ash cloud.

The state change cell in the LSTM-CA model can be
learned and updated by the LSTM neural network automati-
cally. And then the evolutionary rule learned by the proposed
method in this paper is used to simulate and predict the
possible change of volcanic ash cloud in the two-dimensional
and three-dimensional spaces.

IV. SIMULATION EXPERIMENT AND ANALYSIS

In this part, the proposed LSTM-CA collaborative computing
method is compared and analyzed from the three aspects.
The proposed LSTM-CA collaborative computing method as
introduced previously (formulas (5-7)) were implemented,
and the definitions of the CA and volcanic ash cloud diffu-
sion were assumed in Part 3. And then, in this experiment,
the three-dimensional CA model constructed in this study
was evaluated in terms of wind direction and wind speed,
step size and cell number. All tests are complemented on
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FIGURE 1. Between wind direction and diffusion of volcanic ash cloud,
(a) east, (b) south, (c) west, (d) north, the red point is the point source
of volcanic ash cloud diffusion, the gray area is the coverage area of
volcanic ash cloud diffusion; yellow line is the boundary between the
volcanic ash cloud and the outside atmosphere.

the platform with Inter (R) Core (TM) i7-8700 CPU @
3.20 GHz, 16 GB RAM, Windows 10-x64 platforms, and
Matlab R 2014b software.

A. WIND DIRECTION, WIND SPEED AND DIFFUSION

Due to the ignores the influence of volcanic ash’s own weight,
chemical reactions and other factors, so the volcanic ash
cloud diffuses in the high air only affected by wind direction
and wind speed. In this experiment, the point source location
of volcanic ash cloud diffusion and wind direction (i.e., east
wind, south wind, west wind and north wind) are assumed,
the time interval in simulation is set as 3 minutes and the
simulation time is set as 180 minutes. The simulation of
volcanic ash cloud diffusion under the given wind direction
are plotted in Fig. 1.

From Fig. 1, it can be seen that the diffusion of volcanic
ash cloud is closely related to the wind direction, and is
almost consistent with the change of the wind direction.
However, volcanic ash cloud diffusion is affected not only
by the horizontal wind direction, but also by the turbulence
in vertical direction in practice. In addition, the interaction of
different wind directions is more complicated than that in the
simulation.

Subsequently, the diffusion distance of volcanic ash cloud
can be defined as the straight line distance between the far-
thest cell that diffuses in a certain direction at the time ¢ and
the point source of diffusion. Then the diffusion distances in
the east, south, west and north directions are calculated and
updated, respectively. Table 1 shows the detailed diffusion
distance of volcanic ash cloud at the time ¢ = 60.

As shown in Table 1, it can be seen that the volcanic
ash cloud in the downwind direction has the largest diffu-
sion distance, which is approximately equal to a few dozen
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TABLE 1. Diffusion distance of volcanic ash cloud.

diffusion distance (m)
east south west north

wind direction

east 200 550 2350 600
south 550 200 600 2350
west 2400 550 220 550
north 550 2350 600 200
60 | — — = downwind
— — — crosswind - =
— — — upwind - -

distance (km)

0 5 10 15
wind speed (km/h)

FIGURE 2. Between wind speed and the diffusion distance of volcanic
ash cloud.

times of the crosswind direction, followed by the crosswind
direction’s diffusion distance, while the volcanic ash cloud
in the upwind direction has the shortest diffusion distance.
Meanwhile, the volcanic ash cloud diffusion tends to show a
conical narrow area with the action of wind direction.

In addition, the diffusion distance of volcanic ash cloud
is also closely related to wind speed. Via assuming that
the simulation time interval and duration are given, in this
experiment, the diffusion trend of volcanic ash cloud with
downwind, crosswind and upwind can be simulated when the
wind speed is within a certain range, and the calculation of
diffusion of volcanic ash cloud can be plotted in Fig. 2.

From Fig.2, it can be seen that the diffusion distance of
volcanic ash cloud in the downwind, crosswind and upwind
directions is basically equal with no winds. As the increase
of wind speed, the diffusion distance of volcanic ash cloud
increases rapidly in the downwind direction and increases
slowly in the crosswind direction whereas rapidly decrease
in the upwind direction. Therefore, in the initial stage of
volcanic eruption and diffusion, based on to the prevailing
wind direction, wind speed and other factors at the same
time, it is possible to quickly estimate the possible diffusion
position and coverage area of the volcanic ash cloud, and
further make the corresponding emergency measures.

B. STEP SIZE AND DIFFUSION

For the diffusion simulation of volcanic ash cloud may ran-
domly begin from any point in the three-dimensional CA
space, in the experiment, we set in advance the possible dif-
fusion source point of volcanic ash cloud. Figure 3 shows the
simulation of volcanic ash cloud diffusion with the different
step size by the proposed LSTM-CA collaborative computing
method.
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From Figs. 3 (a) — (f), it can be seen that the coverage
area and the thickness of the volcanic ash cloud gradually
increases with the increase of the step size. The diffusion
trend of volcanic ash cloud is becoming more and more
obvious. However, the diffusion speed of volcanic ash cloud
in the horizontal direction is significantly faster than that in
the vertical direction.

C. NUMBER OF CELL AND DIFFUSION

Based on the wind direction is given and constant, the rela-
tionship between wind speed and the number of cells involved
in the diffusion simulation is discussed in this experiment.
And the computation of the relationship is plotted in Fig. 4.

From Fig. 4, it can be seen that when the wind direction
remains constant and the wind speed is set as 5 km/h, 10 km/h
and 15 km/h, respectively, the number of cells involved in the
volcanic ash cloud diffusion simulation are rapidly increasing
with the increase of the step size. The greater the wind speed,
the faster the number of cells increases. Meanwhile, with the
number of cells involved in the diffusion simulation increases,
its growth rate gradually increases too. The greater the wind
speed, the more obvious the increase rate.

Subsequently, in the experiment, taking the Etna vol-
canic ash cloud case on December 24, 2018 as an exam-
ple, the diffusion of volcanic ash cloud in two-dimensional
and three-dimensional space was simulated by the proposed
LSTM-CA collaborative computing method based on the
MODIS remote sensing images of the same period and other
auxiliary meteorological data.

V. ENTA VOLCANIC ASH CLOUD DIFUUSION CASE
A. GENERAL SITUATIONS
In this paper, taking the Etna volcanic ash cloud diffusion on
December 24, 2018 as the data source, we test and verify the
proposed method in the true volcanic ash cloud case.

Etna volcano is the highest active volcano in Europe with
a maximum altitude of about 3.5 km. Its base circumference
is about 140 km and covers an area of about 1250 km?. Etna
volcano is located at the junction of the Eurasian and African
plates, and has frequent volcanic and seismic activities [33].
Etna volcano erupted on December 24, 2018, and caused a
series of small earthquakes and further formed a large number
of volcanic ash cloud. At the same time, it also led to the
air traffic control when seriously reduced the atmospheric
visibility around volcano, and a large number of flights were
delayed or cancelled.

B. DATA SOURCE AND PREPROCESSING
(1) MODIS data selection and preprocessing

The data source used in this experiment is MOD021KM
image from Terra/MODIS sensor, and the imaging time is
December 24, 2018.

Before the simulation of volcanic ash cloud diffusion,
the data preprocessing of MODIS remote sensing data includ-
ing geometric correction, radiation correction and image
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FIGURE 3. Simulation of volcanic ash cloud diffusion with the different step sizes, (a) t=100, (b) t = 200, (c) t = 300,

(d) t = 400, (e) t = 500, (f) t = 600.

12 15 km/h
10 km/h
10 | 5km/h

=]

number of cells (x10*)
N

4
2
0
0 50 100 150 200 250 300
step size

FIGURE 4. Between wind speed and the number of cells.

stitching is performed firstly in the experiment. Figure 5
shows the MODIS false color preprocessed image of Etna
volcanic ash cloud on December 24, 2018.

(2) Wind speed and wind directions data selection and
preprocessing

The wind data contains wind speed and wind direction is
acquired from the website https://gis.ncdc.noaa.gov/, which
provides free historical weather data at different time points
of various weather stations around the world. In terms of the
eruption of Etna volcano on December 24, 2018, the historical
data of MESSINA and REGGIO OF CALABRIA weather
stations around Etna volcano were finally adopted and down-
load combined with the transit trajectory of MODIS sensor,
such as wind direction, wind speed, day visibility, etc.

In view of the early eruption of Etna volcano on
December 24, 2018 and the coverage area is small, in this
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FIGURE 5. False color preprocessed image of Etna volcanic ash cloud on
December 24, 2018.

experiment it can cover the volcanic ash cloud area only
by the meteorological data of the MESSINA weather
station. Therefore, the meteorological data of MESSINA
weather station from 1998 to 2018 were obtained in this
experiment.

The format of meteorological data provided by websites
is mainly.txt, which includes the weather station number,
time, wind direction, wind speed, cloud conditions, visibility,
visibility with high, medium and low altitude, line-of-sight,
etc. Wind direction and wind speed data were used in this
experiment based on the model construction and diffusion
monitoring. Among them, the wind direction is 360° data
and includes 36 directions. Because the diffusion of volcanic
ash cloud in the two-dimensional CA model only considers
the central cell and its surrounding 8 cell neighbor cells, it is
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®

FIGURE 6. Simulation of volcanic ash cloud with different step size on
December 24, 2018, (a) t=100, (b) t = 200, (c) t = 300, (d) t = 400,
(e) t = 500, (f) t = 600.

necessary to combine the data in 36 directions according to
the data in each positive direction angle from 22.5 ° to 67.5 °.
For the volcanic ash cloud formed by the Etna volcano
eruption on December 24, 2018, the wind speed and wind
direction come from the MESSINA weather station were
calculated during the period December, 1998-2018. As shown
in statistics, the main wind direction of MESSINA weather
station contains southwest, west, northwest, north and north-
east. Although it rotated 90° clockwise and flipped left
and right for testing and the true orientation in the actual
image, the wind direction is exactly the same after flipping.
Therefore, the statistical wind direction dataset of MESSINA
weather station in the actual test is still southwest, west,
northwest, north and northeast. Finally, the average wind
speed of the MESSINA weather station during the period
December, 1998-2018 is computed and reached 25 m/s.

C. DIFFUSION SIMULATION IN TWO-DIMENSIONAL
SPACE

Figure 6 shows the simulation results of the Etna volcanic ash
cloud diffusion in two-dimensional space on December 24,
2018 when the step size was set as 100, 200, 300, 400,
500 and 600, respectively. Figure 7 shows the Etna ash cloud
distribution over the same period identified from MODIS
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20 40 60 80 100 120 140

16(

FIGURE 7. Distribution of Etna volcanic ash cloud identified by the FNN
method on December 24, 2018.

TABLE 2. Accuracy comparison of volcanic ash cloud.

the proposed method
ash no ash
FNN ash 409 203
method no ash 288 11900

total accuracy = 96.1%

remote sensing image by the traditional feedback neural net-
work (FNN) method in volcanic ash cloud monitoring.

From Figs. 6 and 7, it can be seen that the simulation
result of volcanic ash cloud on December 24, 2018 by
the proposed LSTM-CA collaborative computing method is
basically consistent with the volcanic ash cloud distribution
obtained from the MODIS remote sensing image by tradi-
tional FNN method, and have good simulation results of Etna
volcanic ash cloud diffusion. Then the accuracy comparison
of volcanic ash cloud distribution by the proposed method
and FNN method has been performed in the experiment, and
is shown in Table 2.

As shown in Table 2, it can be seen that the total accu-
racy of Etna volcanic ash cloud on December 24, 2018 by
the proposed LSTM-CA collaborative computing method
from MODIS remote sensing image reached 96.1% com-
pared to the traditional FNN method. It shows that in the
two-dimensional space the proposed method can achieve bet-
ter simulation of volcanic ash cloud diffusion in the initial
stage of volcano eruption. However, the volcanic ash cloud is
always changing dynamic, and it needs to be further verified
the applicability of the proposed method in the middle and
late stages of volcanic ash cloud diffusion.

D. DIFFUSION SIMULATION IN THREE-DIMENSIONAL
SPACE

In this part, the wind speed, wind direction and atmospheric
turbulence were inputted into the proposed LSTM-CA collab-
orative computing method of volcanic ash cloud, and then the
simulation of volcanic ash cloud in three-dimensional space
was performed in the Matlab software platform. In addi-
tion, to better understand the horizontal and vertical struc-
ture of volcanic ash cloud, the contour profile of the Etna
volcanic ash cloud on December 24, 2018 was drawn by
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FIGURE 8. Simulation of Etna volcanic ash cloud on December 24, 2018 in the three-dimensional space, (a) t = 200,

(b) t = 400, () t = 600.

40
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FIGURE 9. Slice of Etna volcanic ash cloud on December 24, 2018 in the three-dimensional space, (a) t = 200,

(b) t = 400, (c) t = 600.
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80 100 120 20 40 80 100 120
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FIGURE 10. Slice of Etna volcanic ash cloud on December 24, 2018 in the three-dimensional space, (a) t = 200, (b) t = 400,

(c) t = 600.

the isosurface function in Matlab software platform. Subse-
quently, the vertical structure of volcanic ash cloud diffusion
in the three-dimensional space is discussed and analyzed
by slicing including horizontal slice and vertical slice. The
simulation of Etna volcanic ash cloud in three-dimensional
space on December 24, 2018 with the different step size can
be illustrated in Fig. 8.

The horizontal slice of Etna volcanic ash cloud in
three-dimensional space on December 24, 2018 with the
different step size can be illustrated in Fig. 9.

The vertical slice of Etna volcanic ash cloud in
three-dimensional space on December 24, 2018 with the
different step size can be illustrated in Fig. 10.

From Figs. 8-10, it can be seen that the cluster distribution
of Etna volcanic ash cloud on December 24, 2018 in the
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diffusion process is very significant. That is to say, the diffu-
sion of volcanic ash cloud in the horizontal direction is rapid
and in the vertical direction is slow at the same time, and has
a certain mass thickness. It is also consistent with the original
intention of proposed LCTM-CA collaborative computing
method in the three-dimensional space. Meanwhile, when the
step size is set as 200, 400 and 600, the distribution thickness
of Etna volcanic ash cloud on December 24, 2018 reached
1.9 km, 2.3 km and 2.5 km, respectively, and shows a trend
of steady increase.

E. DISCUSSIONS

1) In the two-dimensional space, the simulation effect of
volcanic ash cloud by the proposed LCTM-CA collaborative
computing method in the early stage is better than that in
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the middle and late stage. And in the early stage of volcanic
ash cloud diffusion, the proposed method can more accu-
rately simulate the distribution state of volcanic ash cloud
diffusion. For example, the simulation of Etna volcanic ash
cloud on December 24, 2018 is better and the total accuracy
reached 96.1%.

2) For the proposed LCTM-CA collaborative computing
method, the evolution speed of model wills gradually slow-
down in the actual calculation process. For example, it took
10 minutes with the step size from 1 to 2400, and 50 minutes
with the step size from 2400 to 7200. And as the number
of cells involved in the calculation increases in the model,
the overall efficiency of the model will decrease.

3) The proposed LCTM-CA collaborative computing
method in this paper is able to simulate and obtain more intu-
itive distribution of volcanic ash cloud and diffusion trends
in two-dimensional and three-dimensional spaces. However,
in the process of volcanic ash cloud diffusion, it is difficult
for the proposed method to accurately simulate changes in
meteorological factors in actual. In addition, the changes in
meteorological factors (e.g., wind direction and wind speed)
have a great impact on the diffusion system in a complex
environment. Especially with the time of continuous diffusion
and sudden changes of wind direction and wind speed on
the diffusion path, it is difficult for the proposed method to
fully realize the accurate simulation of volcanic ash cloud
diffusion.

4) For the simulation results by the proposed LCTM-CA
collaborative computing method in two-dimensional space,
it can be compared and evaluated by various documents and
reports published. However, in the three-dimensional space of
volcanic ash cloud, as few studies currently involve vertical
diffusion, there is a lack of corresponding reference standards
for evaluation. In our work, the distribution and diffusion
of volcanic ash cloud in three-dimensional spaces are only
shown and preliminary discussed from the visual effects of
horizontal slices and vertical slices, and the true simulation
effect needs further verification.

VI. CONCLUSION AND FUTURE WORK
Via analyzing the characteristics of volcanic ash cloud diffu-
sion, CA and LSTM neural network structure, a LSTM-CA
method is proposed in this paper for the volcanic ash cloud
diffusion from remote sensing data. The core of the diffusion
model is the LSTM neural network to learn the volcanic
ash cloud diffusion characteristics (i.e., evolution rule in
CA model) and modeling of volcanic ash cloud diffusion
in the two-dimensional and three-dimensional spaces. The
result shows that, the compared with the traditional methods,
the proposed LSTM-CA method in this paper has the charac-
teristics of simple calculation, high accuracy and good visual
effects, etc., and can provide a new idea of volcanic ash cloud
monitoring.

Nevertheless, the traditional works mainly focus on
the volcanic ash cloud identification and diffusion in
two-dimensional space in the actual monitoring business of
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volcanic ash cloud. In this experiment, it is only an attempt
to simulate the volcanic ash cloud diffusion from the hor-
izontal and vertical directions by the proposed LSTM-CA
method, and is an attempt for current volcanic ash cloud
monitoring. In the follow-up work, many factors are closed
related to the diffusion and simulation of volcanic ash cloud,
including more complex meteorological and geographic data,
satellite remote sensing image and more simple and accurate
mathematical models are all introduced to discuss the actual
volcanic ash cloud diffusion.
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