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Abstract

The effusion rate plays a crucial role in controlling the evolution of volcanic eruptions and it is thus 
critical to quantify the associated volcanic hazards. It represents the volume of lava emitted over time 
and can be estimated using satellite remote sensing data, such as Volcanic Radiative Power (VRP) 
measurements, deriving the Time Averaged Discharge Rate (TADR). Variations in the effusion rate 
can influence the resulting eruption style, ranging from effusive or Strombolian to lava fountaining 
activity. Thanks to the abundance of free data collected through fieldwork and remote sensing, 
it is now possible to numerically simulate eruptive behaviors with Computational Fluid Dynamics 
(CFD) models, allowing for a detailed study of lava flow evolution in time and space, without the 
dangers of collecting field data. We have already largely simulated lava flows with a Lagrangian 
mesh‑free particle CFD method, known as Smoothed Particle Hydrodynamics (SPH). This model 
takes in input the physical parameters of the fluid and returns in output a numerical simulation of its 
spatio‑temporal evolution. Here, we propose a framework to simulate lava flows with a range of values 
for some physical parameter, to better understand their results on numerical simulations, bringing to 
a deeper knowledge of the different eruptive behaviors in function of these parameters. In particular, 
we conduct a study on the effusion rate effects over 2D numerical simulations of lava using numerical 
physical‑mathematical models that return as output not only the evolution of the flow front but 
also the behavior of the vertical flow section. Using the TADR derived from VRP data and the 
SPH method, we simulate the fluid flow under different effusion rate conditions. This sensitivity 
analysis demonstrates how varying effusion rates affect the evolution of the flow front and vertical 
cross‑section. In detail, we show how time‑independent and time‑dependent effusion rates, obtained 
by satellite data, can make possible to qualitatively analyze and reproduce different eruptive styles, as 
effusive, Strombolian, or explosive activity and variable flows. The results highlight the potential for 
integrating real observations with numerical models and lay the groundwork for future applications 
that combine these approaches with artificial intelligence to enhance the model performance.

Keywords: Effusion rate, Time Averaged Discharge Rate (TADR), Lava, Computational Fluid Dynamics 
(CFD), Smoothed Particle Hydrodynamics (SPH)
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1. Introduction

Volcano monitoring involves both tracking ongoing eruptions and forecasting areas that can be affected by 
volcanic hazards (Cappello et al., 2018; Del Negro et al., 2020; Harris, 2013). Accurately quantifying the hazard 
associated with an active volcano is a complex task, particularly because it requires advanced models to describe 
volcanic phenomena and relies heavily on both direct and remote sensing observations (Cappello et al., 2013). 
Recent approaches have combined field observations with remote sensing data, along with analytical, statistical, 
and probabilistic models, as well as artificial intelligence techniques, to study the trends of hazardous volcanic 
events in space and time, applying these models to a variety of dangerous volcanic phenomena, including 
pyroclastic flows (Alberico et al., 2002; Calvari et al., 2020), ash clouds and volcanic plumes (Corradini et al., 2023; 
Torrisi et al., 2022, 2024), thermal anomalies, lava flows and tephra fallout (Amadio et al., 2024; Amato et al., 2023a; 
Del Negro et al., 2022; Scollo et al., 2024; Corradino et al., 2024; Malaguti et al., 2024), which often interact with 
the surrounding environment (Cioni et al., 2023).

One of the main parameters used to describe the volcanic effusive eruptions and quantify the associated hazards 
is the effusion rate, which is the volume of lava emitted per unit of time (m3/s). Rather than relying solely on field 
measurements, the effusion rate can be estimated through remote sensing techniques, such as satellite data. 
Specifically, satellites can capture the Earth’s spectral response, which changes over time in terms of different 
physical and chemical characteristics (Amato et al., 2023b). Different satellite sensors provide an estimation of the 
Volcanic Radiative Power (VRP) (W), a parameter widely used to estimate the effusion rate during volcanic eruptions 
(Coppola et al., 2012; Di Bella et al., 2024; Torrisi et al., 2023). VRP represents the radiative heat power emitted by an 
incandescent surface, in particular volcanic lava flows, and it is calculated based on the lava flow area and the relative 
temperature (Harris, 2013; Harris et al., 2007; Wooster et al., 2005). Satellite data can be processed using different 
methodologies, such as the Middle InfraRed (MIR) method (Wooster, 2003). This method can be used to extract VRP 
values (Vicari et al., 2011; Corradino et al., 2019) from the Spinning Enhanced Visible and InfraRed Imager (SEVIRI) 
sensor, which is on board the Meteosat Second Generation (MSG) satellite operated by ESA EUMETSAT (Amato, 
2022; Amato et al., 2021). The Time Averaged Discharge Rate (TADR) (m3/s) is derived from VRP and represents 
the averaged lava extrusion rate over a given time period (Coppola et al., 2013). TADR can be multiplied by the 
duration of the eruption to estimate the total volume of erupted lava (Harris, 2013), or used alongside other volcanic 
parameters, such as lava flow area of the erupted lava, to estimate the thickness of lava deposits (Harris, 2013). TADR 
can also serve as an input parameter for numerical or statistical models used to study and simulate the evolution of 
(effusive) eruptive events, also with lava fountaining or similar activity (Amato et al., 2021; Corradino et al., 2021, 
2022; Hérault et al., 2011; Zuccarello et al., 2022). 

Several studies have examined volcanic activity based on the eruption rate (the volumetric discharge rate 
averaged over the eruption) and the effusion rate. For example, (Wadge, 1978, 1981) showed that the discharge rate 
during a basaltic eruption follows an asymmetric trend, where the growth phase is shorter than the waning phase, 
with a linear trend of decreasing eruption rate with increasing duration of the eruption, but also a linear relationship 
between effusion rate and lava flow maximum distances has been recognized. (Wadge, 1978, 1981) also showed the 
possibility to extrapolate a fitting curve with an exponential decreasing behavior to model the waning phase of an 
eruption. Moreover, (Calvari and Pinkerton, 1998) found that the eruption rate directly affects specific eruption 
characteristics, such as the final flow length, size, and lava tube formation.

Given the primary role of effusion rate in eruption dynamics, there has been significant motivation to characterize 
its common trends. Some authors (Coppola et al., 2009, 2017; Harris et al., 2011, 2000) classified four different 
types of effusion rate curves from TADR, while others authors (Aravena et  al.,  2018, 2020) have analyzed the 
physical properties of volcanic systems to investigate the effect of different parameters (specifically, the size of the 
magma reservoir, its initial overpressure, the dimensions of the feeding dike, and its feeding coefficient) on effusion 
rate trends. Analyses like these provide statistical insights that help to better understand the outcomes of numerical 
models, revealing different eruptive behaviors when input parameters are varied.

Other studies have applied Cellular Automata models to evaluate the impact of physical and rheological 
parameters. These models have been used to verify reliability and forecast possible future scenarios, producing 
robust results regarding the effect of effusion rate on lava emplacement (Bilotta et al., 2012). Subsequent works 
have implemented a similar approach by combining field data, numerical simulations, and probability analyses to 
obtain lava flow hazard maps of areas susceptible to be affected by these volcanic phenomena (Del Negro et al., 2020; 
Zuccarello et al., 2023). By considering the distribution of eruption durations and lava volumes, and their relationship, 
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it has been also possible to classify six eruptive styles to be used as input parameters in numerical simulations of 
lava flows (Vicari et al., 2011, 2007).

Here, we present a study on the effects of effusion rate on 2D numerical simulations of lava flows in the (x, z) 
Cartesian plane. These simulations are capable of modeling not only the evolution of the flow front but also the 
behavior of the vertical flow section. We used an analytical formulation for the TADR, directly estimated from 
satellite remote sensing VRP data, to exploit the advantages of using freely‑accessible data without dangers 
linked to direct observations and measurements. We also employed a Lagrangian mesh‑free particle method to 
faithfully simulate the fluid flow. In particular, we focused on the recent eruptive activity of Mount Etna (Sicily, 
Italy), which consisted of six eruptions at the Voragine summit crater between July and August 2024 (Calvari and 
Nunnari, 2024), with eruptive style ranging from Strombolian to lava fountaining. SEVIRI VRP satellite data were 
collected and analyzed for each eruption, allowing us to calculate the TADR and derive the corresponding fitting 
curves. By observing similar patterns in the effusion rate trends, we combined all these fitted curves to produce 
a single averaged trend representative of the behavior of this eruptive phase of Mt. Etna. This averaged curve 
was then used as input of a numerical Computational Fluid Dynamics (CFD) model, based on the Smoothed 
Particle Hydrodynamics (SPH) method, to simulate the evolution of a fluid with lava‑like characteristics. Starting 
with lava simulations with fixed values of effusion rate, thereby, we aim to model a visco‑thermal fluid with 
a time‑variable effusion rate, mimicking the conditions observed in real case studies. It is worth to note that the 
numerical model does not seek to exactly replicate the physical phenomenon but instead aims to qualitatively 
explore the effects of effusion rate on the simulation. This can provide an example of a time‑varying effusion 
rate and its influence on fluid emplacement. This study lays the groundwork for future developments integrating 
numerical models with field and remote sensing data (thermal and visible cameras or satellite observations), 
creating a model capable of reproducing real case studies. Such a framework could be applied to monitor volcanic 
systems, track ongoing eruptions, and estimate possible future scenarios, ultimately aiding in the quantification 
of volcanic hazards.

2. Eruptions analyzed

Data used in this work were sampled from the eruptive activity of Mount Etna (Sicily, Italy) (Fig. 1) in the 
summer 2024. After a long period of rest, during June 2024 the summit crater Voragine resumes its activity with 
mild Strombolian activity. This activity then evolves producing six paroxysmal events in the period between 
July and August 2024 (previous Voragine crater explosive sequences occurred in December 2015 and May 2016). 
Chemical analysis carried out on the erupted materials highlights a first phase with a more evolved magma (June 
activity), followed by a more primitive magma feeding the first and second lava fountains (Calvari and Nunnari, 
2024). All these eruptions follow a similar trend, with lava fountaining generating high eruptive columns preceded 
and followed by Strombolian activity and lava flow emplacement. Table 1 shows the total duration of the events 
(“eruption date”, which includes different eruptive styles, as strombolian activity, lava fountains, or overflow), the 
onset of the lava fountain events only (which are the ones studied in this work), with starting and ending time, the 
volume and maximum TADR values from satellite data and the eruptive style of the entire eruptions (in chronological 
order). All these events present a lava overflow, which generates a lava field, for which it is therefore legitimate to 
calculate the TADR (in addition to the VRP). All these data are derived from INGV (Istituto Nazionale di Geofisica e 
Vulcanologia) weekly bulletins, at www.ct.ingv.it.

http://www.ct.ingv.it
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Figure 1. �Location of the Mt. Etna volcano (white boxes), in Sicily, Italy, and the summit craters (red boxes, North‑East 
Crater/Cratere di Nord‑Est, Voragine, Bocca Nuova, South‑East Crater/Cratere di Sud‑Est), with the valley in the 
east part of the volcano itself (Valle del Bove), where the lava frequently flows.

Eruption date
Lava 

fountain 
start (UTC)

Lava 
fountain 

end (UTC)
Volume Max TADR 

(from satellite) Eruptive style

04‑05 July 2024 16:50 01:21 0.64 × 106 m3 21 m3/s ± 9 m3/s S – LF – O – S

07 July 2024 01:54 07:23 0.43 × 106 m3 27 m3/s ± 12 m3/s S – LF – O – S – AD

15 July 2024 18:24 00:17 0.41 × 106 m3 18 m3/s ± 9 m3/s S – LF – O – S

22‑23 July 2024
05:43 

(23 July)
08:00 0.5 × 106 m3 16 m3/s ± 7 m3/s S – AD – LF – O

04 August 2024 02:19 08:12 0.45 × 106 m3 27 m3/s ± 13 m3/s S – LF – O 

14‑15 August 2024 21:33 01:29 0.40 × 106 m3 18 m3/s ± 9 m3/s S – LF – O – E – S

Table 1. �Eruptions parameters, data obtained from INGV weekly bulletins at www.ct.ingv.it and (Calvari and Nunnari, 2024) 
(in “Eruptive style” column, S: Strombolian, LF: Lava Fountain, O: Overflow, AD: Ash Dispersion (fallout), 
E: Explosion). 

http://www.ct.ingv.it
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3. Method

We apply a two‑step approach, in which firstly the satellite data are used to estimate the parameters linked to the 
eruptive style and, subsequently, these parameters are used in the numerical model to simulate the volcanic activity. 
Results do not exactly replicate the real physical phenomena analyzed, but they aim to reproduce the qualitative 
behavior of the eruptions varying the effusion rate values, starting from the July‑August 2024 Mt. Etna activity. We 
used time‑constant and time‑dependent effusion rates, obtained by satellite data, to evaluate their effect on the 
simulation trend and on the relative emplacement of the lava flow. We choose to use effusion rates from satellite to 
take advantage from the great quantity of free and accessible data, without dangers linked to in field measurements.

3.1 First step: effusion rate fitting curve estimation

For each eruption listed in Table 1, we used the VRP satellite data from the SEVIRI MSG satellite and analyzed 
the signals for the entire duration of the eruption. We converted each VRP data point (W) to TADR (m3/s) using 
the formulas in Eqs. (1‑2), which take into account the lava content of silica, estimated as XSiO2 = 47.9 wt% for 
Mt. Etna (Coppola et al., 2013; Harris, 2013; Plank et al., 2019, 2021),

	 	�  (1)

	 � (2)

Equations (1‑2) show the empirical relationship between the VRP, in W = J s–1, and the Crad constant (J m–3), named 
the radiant density, which is function of the percentage of silica content in the lava analyzed. The radiant density, for 
a given discharge rate, is the amount of thermal energy radiated per unit volume of active lava (Coppola et al., 2013), 
and it follows the lava body changes in area and variation in the inner core. 

Finally, we consider the TADR values in time for each eruption listed in Table 1 and calculate a fitting curve to 
obtain a time‑dependent function to describe the TADR behavior. In particular, for each eruption we have applied 
some preprocessing techniques to prepare the data for the fitting, identifying the missing values and substituting 
them with null values (being mostly the values in the initial and final queues), necessary step for the correct 
use of the fitting method. Subsequently, we applied a non‑linear least squares to fit a function f(t) for the TADR 
data (defined as f function of time t) (Vugrin et al., 2007). We define a Lorentzian functional form (Jain et al., 2018) 
as in Eq. (3), with parameters amplitude (A), width (w), and center (c) to be defined, choosing to use the Lorentzian 
curve (LC), and not the more common Gaussian one (GC), because the LC is narrower around the center and extends 
more respect to the GC on the sides, following in a better way the data under analysis 

	 � (3)

We have repeated the same procedure for each eruption, obtaining a final averaged fitting curve for the TADR.
We add in the simulation code an “inlet” in the ground, to reproduce a vent from which the particles are 

generated. To obtain the velocity of these particles, we need to divide the effusion rate for a reference area. To 
obtain this quantity, we calculated a maximum value of TADR, averaging the maximum values of each eruption 
obtained from satellite and shown in Table 1, and considered also an averaged lava exit speed (taking inspiration 
from studies on strombolian activity (Pioli  et  al.,  2022)). The TADR obtained clearly does not correspond to 
lava volume value over time emitted by the vent during a lava fountain, but it can be considered as an averaged 
peak value scaled with respect to the data type used (satellite observations). We then calculated the dimensions of 
a fictitious vent (i.e., the diameter of the vent, that here results as a line in the 2D simulations, considered thus as 
the total vent area) such as to satisfy the fixed TADR and exit speed values that are expected to be achieved for the 
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cases analyzed using these fixed values. The obtained fictitious vent area is used in the vent (inlet) exit particles 
velocity calculation. In contrast, the real vent (2D) dimension of the simulations is set to be equal to 20 m for each 
case study. Finally, we added all this information to the numerical code and started the simulation.

3.2 Second step: numerical simulations with SPH discretization

We apply a Computational Fluid Dynamics (CFD) model to reproduce the fluid behavior, applying the results 
obtained in the first step from real satellite data analysis to the numerical model. We consider as CFD reference 
model the Smoothed Particle Hydrodynamics (SPH), a particle‑based Lagrangian mesh‑free method, that uses 
smoothing kernels to discretize the spatial derivatives of the governing fluid dynamics equations (Monaghan, 
1992, 2005). It is largely used for complex fluids simulations, with solid‑fluid interactions and free‑surface flows 
simulations, catching well the kinematic and viscous and thermal details of the fluid (Zago et al.,  2017, 2021). 
SPH has been already largely used in lava flows simulations due to the reliability in complex physics simulation 
and for being highly parallelizable (executable on GPUs – Graphics Processing Units), with different formulations 
(Bilotta et al., 2016, 2022; Hérault et al., 2011; Zago, Bilotta, Hérault, et al., 2018).

We model the fluid according to the governing fluid dynamics equations. The following Eq. (4) is the continuity 
equation (law of conservation of mass), the Eq. (5) is the Navier‑Stokes equation (law of conservation of momentum, 
for incompressible fluids, viscous case), and the Eq. (6) is the heat equation,

	 � (4)

	 � (5)

	 � (6)

with 𝜌 the density, u the velocity, P the pressure, μ the dynamic viscosity, and g the external forces (e.g., here the 
gravity). T is the temperature, cp the specific heat at constant pressure, and 𝜅 the thermal conductivity, D/Dt the 
total derivative with respect to time.

Following the 2D SPH formulation of (Zago, Bilotta, Hérault, et al., 2018), the equation of the mass conservation 
is discretized as in Eq. (7), the equation of momentum conservation (viscous case) as in Eq. (8), and the heat equation 
as in Eq. (9).

	 � (7)

	 � (8)

	 � (9)

We use a fifth order Wendland smoothing kernel W (Wendland, 1995), for which  , with  

the distance, then  , and  . In the Eq. (7), 𝝍𝑖𝑗 is the density diffusion (typically with 𝜉 = 0.1 
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density diffusion coefficient) (Antuono et al., 2012), defined as   if  , 𝝍𝑖𝑗 = 0 otherwise. 

In Eqs. (7‑9), the parameters are defined as h the smoothing length, 𝑚 the mass, 𝒙 the position, c0 the speed of sound 
(calculated at density 𝜌0 at rest, and defined 10 times higher than the maximum velocity that can be achieved in the 
simulation). All these parameters can be followed by the symbol i or j as a subscript to indicate the relative particle 
considered, or ij to indicate that the parameter under consideration is calculated in relation to two particles (i and 
j particles).

The pressure P, in Eq. (10), is derived from the density using a state equation (Cole and Weller, 1948):

	 � (10)

with 𝜌0 the density at rest, c0 the speed of sound (at 𝜌0) defined 10 times higher than the maximum velocity reachable 
in the simulation, according to the formulation of Weak Compressibility condition (to maintain the speed of sound 
large enough to bound density variations within certain ranges) (Monaghan, 2005; Monaghan and Kos, 1999). 𝛾 
is the polytropic constant. 

The spatial resolution is set as ∆p = 0.75 m (used for cases of time‑independent effusive rate). Due to the 
limitations of the SPH method in conducting simulations that are expensive in terms of time and resources and 
with respect to the computing power available, in the case of time‑dependent effusion rate it is necessary to lower 
the spatial resolution of the simulation, without loss of information, using ∆p = 3.0 m.

Once the spatial derivatives have been evaluated and discretized, the Partial Differential Equations (PDEs) 
(Eqs. 4‑6) are reduced to Ordinary Differential Equations (ODEs) with derivatives over time (Eqs. 7‑9). We used 
a predictor‑corrector integration scheme to integrate these equations (Zago et al., 2021), with time‑step calculated 
as  , with   to fulfill CFL‑like (Courant‑Friedrichs‑Lewy) stability conditions (Eq. 11) (Monaghan, 1992),

	 � (11)

with ai the acceleration of the particle i.
The model is implemented in Python using double precision variables and it is run on CPU (Saikali et al., 2020).
Some kinds of fluids (as lava or oil) have a peculiar behavior, which links viscosity and temperature (as temperature 

increases, viscosity decreases, and vice versa). Therefore, we calculated the temperature‑dependent viscosity using 
a power law relationship (Eq. 12) (Amato, 2024; Cordonnier et al., 2016; Hérault et al., 2011), with c a constant of 
proportionality (Amato, 2024), and we used it into the momentum conservation equation. 

	 � (12)

Moving to more physical meaning, we also numerically added the phase transition, defining a parameter q (with 
0 ≤ q ≤ 1) that describes the fraction of latent heat gained/lost during the transition (Hérault et al., 2011; Zago, 2018). 
q = 1 indicates solid particles and q = 0 liquid particles. For particles not involved in the phase transition (with q = 1 
or q = 0), temperature evolves normally following the discretized heat equation (Hérault et al., 2011; Zago, 2018). 
For fluid particles (q = 0), when temperature reaches solidification temperature, using Tsolidus = 1150 K, temperature 
is fixed at Tsolidus and we update the q with the quantity  , with latent heat L = 3.3 × 105 J/kg 
(Cordonnier et al., 2016; Hérault et al., 2011). The particle state changes when the fraction of latent heat moves 
from q = 0 (liquid particles) to q = 1 (solid particles) and temperature resumes evolving according to the discretized 
heat equation.

Finally, we recognize the free surface particles through a neighbor count (based on the smoothing kernel that 
is used to compute the particles interactions), to detect the boundary particles on which to apply the surface effects. 
As boundary conditions we use the dynamic boundary model (Bilotta et al., 2022). Once surface particles were 
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detected, we applied thermal radiation and air convection functions over them (Zago, Bilotta, Cappello, et al., 2018). 
The contribution for thermal radiation is calculated as in Eq. (13), following the Stefan‑Boltzmann law, with KB the 
Stefan‑Boltzmann constant, 𝜖 the emissivity, m the mass and Tenv the environmental temperature.

	 � (13)

The contribution of air convection (Eq. 14) is not calculated directly modeling the air particles but computing 
the heat lost by the fluid surface with a convection coefficient 𝜂

	 � (14)

These two contributions are added to the temperature derivative obtained from the heat equation (Eq. 9).
The interaction of the particles that discretize the fluid with the neighboring ones modifies the state of each 

particle, following the fluid dynamics laws discretized with the SPH method.
For the simulation domain, we have used a topography with bumps, to simulate a volcano flank, preceded 

by a plateau, to simulate the crater. We also added an inlet with a (2D) dimension of 20 m to simulate the vent 
from which the particles are generated, with a velocity sufficient to satisfy the law for the effusive rate. We 
simulated a fluid similar to lava, using the simulation parameters in Table 2, that are comparable to parameters 
in (Cordonnier et al., 2016; Hérault et al., 2011).

Applying all these equations, the homogeneously step‑by‑step generated fluid presents the same characteristics, 
i.e., same density, temperature, and viscosity at the vent. These vent conditions are constant in time. This is not 

Parameter Value Unit of measurement

𝜌0 2400 kg/m3

𝑐0 2500 m/s

𝛾 7 —

𝑇𝑖𝑛𝑙𝑒𝑡 1350 K

𝑇𝑒𝑛𝑣 290 K

𝑐𝑝 1100 J/(kg K)

𝜅 2 W/(m K)

𝐾𝐵 5.67037442 × 10–8 kg/(s3 K4)

𝜖 0.96 —

𝜂 20 W/(m2 K)

Table 2. �Values of the simulation parameters for the lava‑like model (comparable to (Cordonnier  et  al.,  2016; 
Hérault et al., 2011)). 
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a realistic assumption, but it can be applied to reach our first aim to analyze the effects of different effusion rates 
on the fluid flow. Future developments will incorporate additional volcanic parameters, such as gas emissions and 
different magma viscosity exit values, to determine the eruption dynamics. 

Discussing the effusion rate parameter, we consider three case studies in which its values were modified: two 
constant values for the effusion rate and a time‑dependent formulation from Eq. (3), obtained from satellite data. 
Firstly, the effusion rate is constantly set equal to 3 m3/s, one of the lower effusion rate values for the 15 July 2024 
Mt. Etna eruption satellite observations. Secondly, it is constantly set equal to 21.17 m3/s, i.e., obtained averaging 
the maximum TADR satellite values in Table 1. Finally, the time‑dependent effusion rate is set following the final 
averaged effusion rate formula for the July‑August 2024 Mt. Etna TADR values (with the functional form in Eq. 3).

4. Results

We apply the two‑step approach to the July‑August Mt. Etna activity at the Voragine crater (Fig. 1).
Firstly, we present an example of the procedure used for each eruption, focusing on the eruption of 15 July 2024. 

Figure 2 shows in the left y‑axis the VRP (in MW), starting from 15 July 2024 05:12 UTC and ending on 17 July 2024 
08:42 UTC. We applied the Eqs. (1‑2) to convert the VRP values (that must be previously converted in watt) of the 
Mt. Etna eruption of 15 July 2024 in TADR values (Fig. 2 right y‑axis, in m3/s).

Using the Lorentzian curve in Eq. (3), we fitted the relative parameters: A amplitude, w width, and c center. 
In Fig. 2, the green curve shows an example of the fitting curve for the TADR data related to the 15 July 2024 eruption, 
with parameters A = 3.463, w = 3.574, and c = 17.313. 

Figure 2. �VRP (MW) (left y‑axis) and TADR (m3/s) (right y‑axis) over time (in hours, x‑axis) for the 15 July 2024 Mt. Etna 
eruption, with relative Lorentzian fitting curve (in green) for TADR data, with parameters A = 3.463 (amplitude), 
w = 3.574 (width), and c = 17.313 (center).

We also calculated the R2 coefficient of determination (James et al., 2013), as in Eq. (15), to evaluate the goodness 
of the fitting (the proportion of variability in TADR values that can be explained using time t in the f(t) fitting curve 
estimated, 0 ≤ R2 ≤ 1, R2 = 0 for bad match, R2 = 1 for perfect match), obtaining a value of R2 = 0.83 that indicates 
a good representation of the data by the f(t) fitting curve,

	 � (15)
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In Eq. (15), 𝑇𝐴𝐷𝑅 indicates the satellite TADR values,   the estimated TADR (using the fitting curve in Eq. 3), 
and   the average of the satellite TADR values, with each value considered for each time‑step (i.e., for each 
observation, with n total number of observations).

We have reported in Table 3 all the fitting parameters estimated with this method and the relative R2 coefficients, 
for each of the analyzed eruptions. 

Eruption date A w c R2

04‑05 July 2024 3.466 3.657 76.835 0.68

07 July 2024 4.184 1.995 5.494 0.92

15 July 2024 3.463 3.574 17.313 0.83

22‑23 July 2024 2.861 4.323 12.493 0.80

04 August 2024 4.004 2.195 12.267 0.78

14‑15 August 2024 2.541 4.860 16.918 0.67

Table 3. Fitting parameters for the analyzed eruptions.

As shown by the data in Table 3, similar patterns in the fitting trends can be observed, specifically in A and w 
parameters. By combining all these curves, we can obtain a single averaged trend that represents the behavior 
of this eruptive phase at Mt. Etna. Thus, we calculated the mean values for A amplitude, w width, and c center, 
to reproduce an average eruptive style. The final averaged curve for the TADR values in time (hours) has the 
formulation in Eq. (3), with averaged fitted parameters A = 3.420, w = 3.434, c = 23.553, thus obtaining the Eq. (16). 
These values are scaled with respect to the data type used to obtain it, that are satellite observations, but in a very 
good way they follow the trend of the volcanic eruptions (so, they are qualitatively realistic). We finally convert 
time in seconds to use this formula in the simulations.

	 � (16)

To determine the exit velocity (vertical component) of particles generated from the vent (referred to as the 
“inlet”), we first calculated the maximum value of TADR, by averaging the peak values of each eruption shown 
in Table 1, obtaining a final maximum TADR of 21.17 m3/s. Again, it is worth to clarify that the TADR value obtained 
does not correspond to a real lava volume value over time emitted by the vent during the eruption, but it can be 
considered as an indicative average peak value scaled and in accordance with the satellite data used. We also 
considered an averaged lava particles exit speed of 200 m/s (taking inspiration from studies on strombolian activity 
(Pioli et al., 2022)) and calculated the dimensions of a fictitious vent that would satisfy the fixed TADR and exit 
speed values expected during the eruptive activity (i.e., a 2D dimension of the fictitious vent of 0.37 m; it should 
be an area but it is considered in a 2D simulation, so as if it were a linear length). This fictitious vent dimension 
is then used in the vent (inlet) exit particles velocity calculation. However, the actual vent used in the simulation 
is fixed at 20 m for each case study. We applied the same effusion rate and velocity values calculated in this manner 
for each particle generated from the inlet. 

Another assumption is made, linked to the computing power availability. Considering the limitations of the 
SPH method in conducting expensive simulations in terms of time and resources, in the case of time‑dependent 
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effusion rate, in which a longer simulation time is needed to see more clearly the effects of the time‑dependent 
effusive rate (with consequent high computational costs, due to the significant increase in the number of particles 
to be simulated), we lowered the spatial resolution of the simulation. Therefore, we used a spatial resolution of 
∆p = 0.75 m, in cases of time‑independent effusive rate, and change it to ∆p = 3.0 m, for the time‑dependent 
effusive rate cases, to allow the simulation to be carried out in reasonable time. The resolution changes do not 
affect the simulation behavior, as it is possible to verify in Fig. 5, in which we show the first seconds of fluid 
simulation with time‑dependent effusion rate, comparing the higher resolution (∆p = 0.75 m, in magenta), with 
the lower resolution (∆p = 3.00 m, in yellow). Except for some numerical instabilities and some more detailed fluid 
characteristics that arise with high resolutions, the general trend of the two simulations is perfectly in agreement, 
therefore it is permissible to lower the resolution to computationally lighten the simulation, without an excessive 
loss of information.

Subsequently, following the second step of the approach discussed, we applied the results obtained from real 
satellite data analysis to the numerical model, to simulate lava flows, comparing the three effusion rate case studies 
obtained from real data, that are the constant values of 3 m3/s and 21.17 m3/s, and the time‑dependent effusion 
rate as in Eq. (3), obtained with the averaged curve.

Figures 3, 4, and 6 show the simulations of fluids with temperature‑dependent viscosity (using the power law for 
visco‑thermal coupling), with fluid temperature of 1350.0 K and boundaries temperature of 290.0 K. 

In Fig. 3 the effusion rate is constantly set equal to 3 m3/s, and we consider the times t = 5.0 s (Fig. 3a), t = 10.0 s 
(Fig. 3b), t = 20.0 s (Fig. 3c), and t = 35.0 s (Fig. 3d). The relatively low value of the effusive rate causes the flow to 
evolve in a controlled way, maintaining an effusive/explosive‑Strombolian like activity with overflows.

Figure 3. �Simulation of fluid with temperature‑dependent viscosity, fluid temperature 1350.0 K, boundaries temperature 
290.0 K, and constant effusion rate (equal to 3 m3/s). Spatial resolution ∆p = 0.75 m. Time (a) t = 5.0 s, (b) t = 10.0 s, 
(c) t = 20.0 s, (d) t = 35.0 s. Particles are colored by Temperature (K).

Figure 4 shows the fluid simulation with effusion rate constantly set equal to 21.17 m3/s. We report results 
at times t = 1.0 s (Fig. 4a), t = 5.0 s (Fig. 4b), t = 10.0 s (Fig. 4c), t = 17.0 s (Fig. 4d). We zoomed out the figures 
respect to the other cases (to see approximatively double the domain height) because the high value of the effusive 
rate causes the fluid flow to rapidly evolve, reaching sustained jets already from the first seconds, followed by 
overflows.

Moving to the case of fluid simulation with the time‑dependent effusion rate as in Eq. (16), obtained with the 
averaged fitting curve, due to the high computational costs of the simulation, we lowered the spatial resolution 
of the simulation, moving it from ∆p = 0.75 m (used for cases of time‑independent effusive rate) to ∆p = 3.0 m, to 
allow the simulations to be carried out in reasonable time. Figure 5 shows a comparison between the fluid simulation 
with time‑dependent effusion rate and the higher resolution (∆p = 0.75 m, in magenta), and the same simulation 
with the lower resolution (∆p = 3.00 m, in yellow), for two different times. The general trend of the two simulations 
is perfectly in agreement (except for some numerical instabilities and some more detailed fluid characteristics in the 
high‑resolution case), making possible to lower the resolution without loss of information.
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Figure 6 shows the fluid simulation with the time‑dependent effusion rate (as in Eq. 16). We report the results 
at times t = 180.0 s (Fig. 6a), t = 540.0 s (Fig. 6b), t = 750.0 s (Fig. 6c), t = 1050.0 s (Fig. 6d). Already these first times 
can show the flow evolution, with a precursory activity mainly effusive/Strombolian with overflows, that will evolve 
in sustained jets and a waning final phase (it becomes computationally too expensive to proceed much further in the 
simulation time with these parameters setting).

Figure 4. �Simulation of fluid with temperature‑dependent viscosity, fluid temperature 1350.0 K, boundaries temperature 
290.0 K, and constant effusion rate (equal to 21.17 m3/s). Spatial resolution ∆p = 0.75 m. Time (a) t = 1.0 s, 
(b) t = 5.0 s, (c) t = 10.0 s, (d) t = 17.0 s (zoomed out respect to the other figures to see double the domain height). 
Particles are colored by Temperature (K).

Figure 5. �Comparison between the fluid simulation with time‑dependent effusion rate and the higher resolution 
(∆p = 0.75 m, in magenta), and the same simulation with the lower resolution (∆p = 3.00 m, in yellow). Time 
(a) t = 60.0 s, (b) t = 360.0 s.
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To overcome the difficulties related to the impossibility of proceeding too far with the simulation, a small 
modification in the parameters used in the function for the effusive rate (Eq. 3) can be applied. It is interesting to 
note that the parameter c of the function in Eq. (3) is related to the “center” of the fitted function, which physically 
describes the peak of the TADR (and VRP) value, typically approximately coincident with the peak of the fountaining 
activity, in optimal weather conditions. In Eq. (16) we used the estimated value c = 23.553, obtained averaging 
this parameter for the different Mt. Etna eruption under analysis. Given its physical meaning, it is possible to modify 
the value of the c parameter, reducing it to model a volcanic event that reaches its peak earlier in time, so as to be 
able to observe such eruptive behavior earlier in the numerical simulation. We have therefore brought this value to 
c = 3.0. Figure 7 reports the progress of a new simulation with the same physical parameters as the previous one, 
except for this parameter (here c = 3.0), at time t = 30.0 s (Fig. 7a), t = 60.0 s (Fig. 7b), t = 180.0 s (Fig. 7c), t = 1410.0 s 
(Fig. 7d), showing a similar behavior of the simulation in Fig. 6, but with a flow that rapidly evolves in a sustained 
jet with overflows, which will then be followed by a waning final phase. 

Figure 6. �Simulation of fluid with temperature‑dependent viscosity, fluid temperature 1350.0 K, boundaries temperature 
290.0 K, and time‑dependent effusion rate (obtained by the averaged fitting curve, as in Eq. 16). Spatial 
resolution ∆p = 3.0 m. Time (a) t = 180.0 s, (b) t = 540.0 s, (c) t = 750.0 s, (d) t = 1050.0 s. Particles are colored 
by Temperature (K).
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Figure 7. �Simulation of fluid with temperature‑dependent viscosity, fluid temperature 1350.0 K, boundaries temperature 
290.0 K, and time‑dependent effusion rate (obtained by the averaged fitting curve, as in Eq. 16, but with parameter 
c = 3.0 here). Spatial resolution ∆p = 3.0 m. Time (a) t = 30.0 s, (b) t = 60.0 s, (c) t = 180.0 s, (d) t = 1410.0 s. 
Particles are colored by Temperature (K).

5. Discussion

The results of this study highlight the critical role of effusion rate in shaping volcanic eruption styles and 
determining the behavior of lava flows. The numerical simulations conducted, based on satellite‑derived Volcanic 
Radiative Power (VRP) and Time Averaged Discharge Rate (TADR), have shown that even subtle changes in effusion 
rate can result in dramatically different volcanic behaviors. For instance, lower effusion rates often result 
in slow‑moving flows associated with effusive or Strombolian activity (Fig. 3), while higher effusion rates lead 
to explosive activity, with a fluid flow that rapidly evolves in a sustained jet (Fig. 4), as shown by our simulations. 
Moreover, a time‑dependent effusion rate results in a variable flow, starting from effusive/Strombolian activity 
that will evolve into sustained jets and overflows, which will then be followed by a waning phase, that lasts until 
the end of the simulation (Figs. 6‑7).

In previous studies, the importance of effusion rates has been widely acknowledged in modeling volcanic 
eruptions. Research by (Coppola et al., 2012; Harris, 2013) has already underscored that effusion rate affects key 
volcanic parameters such as flow length, thickness, and the overall dynamics of lava emplacement. Our study builds 
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on this foundation by focusing on the sensitivity of 2D numerical models to changes in effusion rate. Specifically, 
the use of a Smoothed Particle Hydrodynamics (SPH) model allowed us to simulate both the horizontal flow front 
evolution and its vertical cross‑sections. This dual focus provided valuable insights into how effusion rate modulates 
not only the surface extent of lava flows but also their internal structures.

Some limitation is present; the TADR value obtained must be considered as an average peak value scaled and 
in accordance with the (numerous, easily accessible, safe) satellite data used. In addition, the limitations of the 
SPH method in conducting expensive simulations in terms of time and resources, in the case of time‑dependent 
effusion rate, have forced us to lower the spatial resolution of the simulations, to allow the simulations to be carried 
out in reasonable time. Despite these limitations, and a qualitative study of the events, this work demonstrates the 
quality of simulations when varying the effusive rate, and how this parameter impacts on them.

Several key points arise from our results. Firstly, our simulations showed that higher effusion rates produce 
more rapid and expansive flows, as seen in the simulations with effusion rates of 21.17 m3/s (Fig. 4). These findings 
align with previous works by (Wadge, 1981), who showed that higher discharge rates are associated with longer 
flow lengths and more sustained lava fountains. In contrast, simulations with lower effusion rates, such as 3 m3/s 
(Fig. 3), resulted in limited flow advance and more confined fluid emplacement, consistent with more effusive 
activity. Finally, time‑dependent effusion rate affects the fluid simulations (Figs. 6‑7), obtaining a general eruptive 
behavior with a precursory activity mainly effusive/Strombolian, that evolves in sustained jets, with a waning 
final phase.

6. Conclusions

The use of real satellite data (VRP and TADR) in combination with CFD numerical models (SPH method) represents 
an advancement in modeling volcanic eruptions. The integration of these observations (numerous, easily accessible, 
safe) into numerical models not only enhances the accuracy of predictions but also provides a framework for 
future applications. For example, the analytical formulation of effusion rates derived from satellite VRP data offers 
a pathway for simulating ongoing eruptions in real‑time, allowing for dynamic hazard assessment without dangers 
linked to direct observations. This type of “data fusion” approach – combining numerical modeling with real‑time 
observations – could significantly improve the ability to forecast volcanic hazards and the mitigation strategies. 

We have thus here presented a framework to simulate lava flows with different physical parameters, conducting 
a sensitivity analysis on the qualitative effects of effusion rate in 2D numerical modeling and bringing to a deeper 
knowledge of the different eruptive behaviors in function of this parameter.

Future directions for research include refining the SPH model by incorporating additional volcanic parameters, 
such as gas emissions and concentrations, and magma viscosity exact values, which also play a critical role 
in determining eruption dynamics. 

Furthermore, the use of Artificial Intelligence (AI) algorithms in conjunction with traditional numerical models, 
as suggested by (Amato et al., 2024), offers exciting potential for developing AI‑based emulators of volcanic systems, 
speeding‑up the simulations and enhancing their performance. In detail, these AI‑enhanced models could not only 
speed‑up computational processes but also provide more accurate, real‑time simulations of volcanic events (Amato, 
2024; Amato et al., 2024; Bortnik and Camporeale, 2021). In addition, the AI‑based emulators could also be seen as 
Digital Twins of natural phenomena (Kapteyn and Willcox, 2020), making possible to faithful reproduce and study 
natural events. Moreover, the combination with Quantum Computing, as in Bazgir and Zhang (2024), can also offer 
better predictive performance in Earth modeling, improving accuracy and efficiency of the simulations. For these 
reasons, future developments will also consider the effect of effusion rate in these advanced models, verifying their 
capability to also reproduce this time‑dependent volcanic parameter. 

In conclusion, our approach highlights how the effusion rate can affect the lava flow simulations, demonstrating 
the importance of this parameter in dictating eruption styles and lava flow behavior. The integration of real 
observational data with numerical models represents a significant step forward in volcanic hazard assessment. 
As we continue to refine these models and integrate AI technologies, the potential for more accurate and timely 
predictions of volcanic activity will only grow, providing valuable tools for scientists and policymakers alike.

Data availability statement. Data are available from the corresponding author upon reasonable request. 
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