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Abstract: Volcanic ash emissions threaten aviation safety and socio-economic activities, requiring accurate disper-

sion modeling for early warning systems. Mass Eruption Rate (MER) is the most critical parameter in ash transport 

models, yet its estimation remains the primary uncertainty source. This study evaluates six MER formulations 

(MER1–MER4: Non wind affected; MER5–MER6: Wind affected) for simulating ash dispersion from the Lewotobi 

Laki-Laki eruption using HYSPLIT under two plume height cases (H = 1.000 m and 9.000 m). Results show plume 

orientation aligned well with Sentinel-5P observations, but significant concentration discrepancies emerged. Case 1 

exhibited severe systematic underestimation (FB = -190.24%), likely due to column height uncertainty and high-

resolution CAMS EAC validation constraints. Case 2 achieved substantially better agreement with CAMS EAC4 

reanalysis data: minimal fractional bias (FB = -7.06%), high index of agreement (IOA = 0.9653), and RMSE of 

0.7084 µg/m³. A sensitivity analysis study of plume heights revealed that column height uncertainty can amplify the 

MER variance by approximately threefold, confirming that the accuracy of MER estimates is largely governed by 

column height precision. Although MER5 exhibits statistically weaker performance overall, under certain conditions, 

particularly windy environments with well-defined eruption columns, the MER5 formulation demonstrates superior 

predictive capability. However, this superiority is conditional and does not eliminate the need for precise source 

parameter constraints. Therefore, this study recommends a multilevel operational approach, applying MER5 under 
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favorable meteorological conditions while maintaining a rigorous uncertainty quantification protocol for operational 

volcanic ash advisory systems. 

1. INTRODUCTION 

Volcanic eruptions are geological phenomena that exert significant impacts on both biophysical and socio-

economic systems. This hazard is particularly critical given that approximately 800 million people live within 

a 100 km radius of active volcanoes, a condition that directly increases vulnerability to volcanic crises (Loughlin 

et al., 2015). High concentrations of volcanic ash in the atmosphere may result in several consequences, includ-

ing reduced visibility, attenuation of solar radiation reaching the Earth’s surface, and adverse effects on human 

health. While such impacts are often confined to local scales, large-scale eruptions injecting material into the 

stratosphere can trigger long-term alterations in solar radiation and global climate (Matthias et al., 2012). 

The 2010 eruption of Eyjafjallajökull in Iceland provides a prominent case study of the disruption caused 

by volcanic activity to air transportation. The dispersion of volcanic ash across the North Atlantic and Europe 

severely disrupted flight routes (The 2010 Eyjafjallajökull eruption, Iceland, 2012). A comparable situation 

occurred in Indonesia, where the 2010 eruption of Mount Merapi caused an estimated economic loss of US$300 

million (BNPB, 2011). Indonesia is recognized as one of the most volcanically active countries, hosting numer-

ous volcanoes across its archipelago. Among them, Lewotobi Laki-Laki Volcano has recently exhibited in-

creased volcanic activity, highlighting its potential threat. It experienced an eruption from November 2024 

through 2025 that had significant multidimensional impacts 

 

Figure 1. Explosive eruption of Mount Lewotobi Laki-Laki on November 13, 2024. 

Lewotobi Laki-Laki Volcano, located in East Flores, East Nusa Tenggara, Indonesia, is an active stratovol-

cano with a summit elevation of approximately 1,584 meters above sea level, which frequently exhibits eruptive 

activity. Such eruptions pose serious threats to nearby populations and the surrounding environment, including 

risks of fatalities, mass evacuations, and infrastructure damage. The recent events resulted in 10 casualties and 

dozens of injuries, while forcing the evacuation of more than 12,000 residents. Geographically, volcanic ash 
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dispersed over distances of up to 1,000 km, degrading air quality in distant areas such as Lombok Island and 

causing significant agricultural losses (ESDM, 2024).  

Given the extensive and far reach effects of volcanic eruptions, a preventive approach to disaster mitigation 

is essential. A key component of this strategy is the implementation of early warning systems for volcanic ash 

dispersion. These systems effectively reduce risk by integrating satellite observations with dispersion models to 

predict critical parameters, such as ash column height (Zidikheri et al., 2018). For instance, at Mount Kam-

chatka, models like PUFF and FALL3D were used in conjunction with satellite data and automated systems to 

estimate eruption parameters in real time (Computing Center FEB RAS, Khabarovsk, Russia & Malkovsky, 

2019). 

The dispersion and deposition of volcanic ash are strongly controlled by meteorological conditions, partic-

ularly wind variations associated with trade-wind inversions, which represent critical factors for forecasting and 

risk mitigation (Dioguardi et al., 2020a; Poulidis et al., 2018). The unique meteorological characteristics of 

tropical regions such as persistent trade wind inversions, convective events, and seasonal wind shifts highlight 

the necessity of high-resolution models. Such models are essential for accurately reproducing wind shear, the 

effects of topography on airflow, and convective activity to simulate ash dispersion and deposition patterns 

(Poulidis et al., 2018). Moreover, source parameters including eruption column height, eruption cloud altitude, 

and the mass eruption rate (MER) are fundamental for accurately quantifying the amount of volcanic material 

released into the atmosphere per unit time (Aubry et al., 2017; Bonadonna & Costa, 2012a; Dioguardi et al., 

2020a; Mastin et al., 2009; Wilson & Walker, 1987a). 

Although various volcanic ash dispersion modeling applications have been developed, many of these tools 

remain limited in terms of input data completeness. Several applications do not provide options for incorporating 

real time meteorological data, detailed topographic information, or specific eruption parameters such as plume 

height and particle size distribution (Folch et al., 2016; Scollo et al., 2008a). In addition, the mass eruption rate 

(MER) cannot be measured in real time and therefore must be estimated using a range of empirical and numer-

ical approaches, from analytical assumptions to model-based methods (Bonadonna and Costa 2012; Degruyter 

and Bonadonna 2012; Mastin et al. 2009; Wilson and Walker 1987; Woodhouse et al. 2013; Sparks et al., 1997). 

Predictions generated by HYSPLIT have shown discrepancies between simulated ash concentrations and field 

measurements (Sufitri et al., 2024). This finding is consistent with the failure of the NMMB-MONARCH-ASH 

model to represent 45–70% of volcanic ash clouds due to uncertainties in source parameters (Marti et al., 2017). 

The accuracy of mass eruption rate (MER) estimates is highly dependent on the choice of plume models 

and the processing of input data (e.g., plume height). Different modeling approaches and data processing strat-

egies can lead to markedly different outcomes (Dürig et al., 2022; Dürig, Schmidt, et al., 2023). The selection 

of ash cloud models (e.g., wind-affected versus no-wind conditions) can drastically alter the predicted ash cloud 

extent, in some cases by up to fivefold (Degruyter & Bonadonna, 2012a; Dioguardi et al., 2020a). Inaccurate 

MER estimates may also result in overestimations of deposited mass (Tadini et al., 2022), compounded by the 

dynamics of proximal ash fallout and the nonlinear relationship between MER and umbrella cloud scaling, 

which is particularly relevant in the context of large eruptions(Buckland et al., 2022; Devenish et al., 2012). A 
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comparative study of six MER modeling strategies applied to the eruption of Mount Lewotobi Laki-Laki will 

provide critical insights for model selection, thereby enhancing the accuracy of MER estimation. 

2. MATERIALS AND METHODS 

2.1. Comparison of MER Estimation Methods 

This analysis aims to evaluate the performance of several Mass Eruption Rate (MER) estimation methods 

under tropical meteorological conditions through a case study of the Mount Lewotobi Laki-Laki eruption. The 

evaluation was conducted by assessing the influence of various MER formulations on volcanic ash dispersion 

simulation results using the HYSPLIT software. Six MER methods analyzed in this study were adopted from 

Dürig (2023) and Dioguardi et al (2020) within the REFIR system framework, with detailed formulations pre-

sented in Table 1. 

 

Table 1. Formula for the mass eruption rate (MER) methods. 

Code. MER Formula Eq. 

No. 

Parameters 

MER1. Wilson & 

Walker, 1987  
𝑀𝐸𝑅1 = (

ℎ

𝑐
)

4

 (1) ℎ = maximum plume 

height above the vent 

𝑐 = constanta 

MER2. Sparks, 1997 𝑀𝐸𝑅2 =  𝜌 (
ℎ

𝑐
)

3,86

 (2) ℎ = maximum plume 

height above the vent 

𝑐 = constanta 

𝜌 = dense rock equivalent density 

MER3. Mastin et al, 

2009 
𝑀𝐸𝑅3 =  𝜌 (

ℎ

𝑐
)

4,15

 (3) ℎ = maximum plume 

height above the vent 

𝑐 = constanta 

𝜌 = dense rock equivalent density 

MER4. Gudmundsoon, 

2012 
𝑀𝐸𝑅4 =  𝜌𝑎𝑘 (

ℎ𝑎𝑣𝑔 + ℎ𝑚𝑎𝑥

𝑐
)

4,15

 (4) 𝜌 = dense rock equivalent density 

ℎ𝑎𝑣𝑔 = average plume height 

ℎ𝑚𝑎𝑥 = maximal plume height 

𝛼 = dimensionless constant 

𝑘 = scaling factor 

𝑐 = constanta 

MER5. Degruyter and 

Bonadonna, 2012 
𝑀𝐸𝑅5 =  𝜋

𝜌𝛼0

𝑔′
(

2
5
2𝛼2𝑁3

𝑍1
4 𝐻4 +

𝛽2𝑁3𝑣̅

6
𝐻3) 

(5) 𝐻 = maximum plume 

height above the vent 

𝜋 = phi 

𝜌𝛼0 = reference density 

𝑔′ = reduced gravitational force 

𝛼 & 𝛽 = wind entrainment 

coefficients 

𝑁 = buoyancy frequency 

𝑣̅ = averaged wind speed 

 𝑧𝑖̅ = maximum non-dimensional 

height determined 

MER6. Woodhouse, 

2013 
𝑀𝐸𝑅6 =  (

1
0.318

H1 + 3,266𝑊𝑠̃ + 0,3527𝑊𝑠̃2

1 + 1,373𝑊𝑠̃
)

3.953

 
(6) H  = maximum height above the 

vent 

𝑊𝑠̃ = wind shear  
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The MER1 formula developed by (Wilson & Walker, 1987) represents a theoretical model based on the 

physical relationship between Plinian eruption column dynamics and atmospheric conditions. This model cal-

culates eruption column dynamics to determine ash fallout using a dimensionless constant of 236 m(s/kg), which 

represents the combined effects of entrainment and atmospheric stratification derived from (Morton, 1957) an-

alytical theory of buoyant turbulent plumes. The MER2 model by Sparks et al. (1997)  is an improved version 

of the previous formulation by Sparks (1986), which defines rock density as ρ and employs a dimensional con-

stant (c) with a value of 1670 m(s/m³). 

The MER3 formula proposed by Mastin et al. (2009) is an empirical formula adapted from previous exper-

iments to address uncertainties in mass eruption rate measurements. This model introduces a more practical 

empirical relationship by using a higher exponent (4.15), a standard rock density of ρ = 2500 kg/m³, and a 

dimensional constant of c = 2000 m(s/m³). The MER4 formula developed by Gudmundsson et al. (2012) is a 

0D empirical model that employs a scaled version of the Mastin et al. (2009) formula, incorporating a dimen-

sionless constant a = 0.0564 and a scaling factor k₁. This model requires both the average (H_avg) and maximum 

(H_max) eruption column heights as input parameters (Dürig, Gudmundsson, et al., 2023; Gudmundsson et al., 

2012) 

Unlike the previous models, MER5 (Degruyter & Bonadonna, 2012b) and MER6 (Woodhouse et al., 

2013b) incorporate wind effects into mass eruption rate estimation, resulting in more mathematically complex 

formulations. The Degruyter and Bonadonna (2012) approach adopts the MER concept estimated from similar 

equations (Hewett et al., 1971; Morton, 1957) and employs a one-dimensional analytical model of volcanic 

plumes based on turbulent gravitational convection theory (Morton, 1957). This model assumes uniform veloc-

ity and buoyancy profiles with relatively small entrainment compared to the atmosphere, while accounting for 

source enthalpy, atmospheric conditions, and entrainment coefficients (Degruyter & Bonadonna, 2012b). 

The consideration of source enthalpy, atmospheric conditions, and entrainment coefficients is represented 

by the reduced gravity parameter at the source (g′), calculated as: 

ℊ′ = ℊ (
𝐶0𝜃0+𝐶𝑎0𝜃𝑎0

𝐶𝑎0𝜃𝑎0
)                    …. (7) 

The values of C_a and θ_a are obtained from the heat capacity and temperature of the surrounding atmos-

phere, while C_m and θ_m represent the specific heat capacity and temperature at the source. This equation also 

incorporates the buoyancy frequency (N), which represents the vertical stability of the atmosphere and can be 

calculated from the actual vertical temperature profile. This parameter is crucial for understanding the relation-

ship between atmospheric conditions and plume height, which directly influences MER estimation (Rossi et al., 

2019). The parameters α = 0.1, β = 0.3, and Z_i = 2.8 are adopted from well-established studies (Aubry et al., 

2017; Bonadonna & Costa, 2012b; Degruyter & Bonadonna, 2012b; Dürig, Gudmundsson, et al., 2023; Scollo 

et al., 2008b) 

Subsequently, the MER6 approach by Woodhouse et al. (2013) is based on the development of Morton's 

(1957) theory and specifically incorporates the principles of convective plume theory with crosswind (shear) 



NEPT 6 of 21 
 

effects. This formulation is represented in Equation (8) as a dimensionless parameter that combines the princi-

ples of convective plume theory with crosswind (shear) effects: 

𝑊 = 1.44 𝑊𝑆 = 1,44
𝑉1

𝑁𝐻1
         ……(8) 

The variable V₁ represents the wind velocity at the reference height (H_r), where this height coincides with 

the column height (Woodhouse et al., 2013b). 

2.2. HYSPLIT Model Configuration 

HYSPLIT (Hybrid Single-Particle Lagrangian Integrated Trajectory), developed by NOAA's Air Re-

sources Laboratory (ARL), is an atmospheric dispersion model that analyzes pollutant trajectory, transport, and 

deposition. The model has evolved from simple trajectory calculations into a comprehensive system capable of 

local to global-scale simulations (Stein et al., 2015). It features multi-platform compatibility and operates 

through web interfaces or graphical user interfaces (GUI) based on Tcl/Tk on LINUX, macOS, and Windows 

systems (Rolph et al., 2017). HYSPLIT combines Lagrangian and Eulerian approaches to simulate and predict 

hazardous material dispersion, including volcanic ash, wildfire smoke, dust, and anthropogenic emissions 

(Rolph et al., 2017). 

Table 2 shows the volcanic ash dispersion simulation parameters applied consistently to both eruption 

cases. The ash release duration was set to 1 hour as a model assumption because observational data on eruption 

duration were unavailable; this setting was not meant to represent the actual eruption duration. All other param-

eters were kept identical so that simulation result differences would primarily reflect how mass eruption rate 

(MER) variations affect ash dispersion patterns. 

Table 2. HYSPLIT configuration parameters for Case 1 and Case 2. 

Parameters Case 1 Case 2 

Release duration 1H 1H 

Time step 24H 24H 

Mass Eruption Rate User Input User Input 

Particle diameter 10 µm 10 µm 

Density (ρ) 2600 kg/m3 2600 kg/m3 

Settling velocity Default Default 

Dry deposition On On 

Wet deposition Off Off 

Scavenging coefficient Default Default 

Vertical mixing Enable Enable 

PBL scheme Default Default 

Diffusion coefficients Default Default 
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2.3. Eruption Source Parameters 

Volcanic ash dispersion simulations were conducted using two eruption events with column heights of 1,000 

m and 9,000 m above the crater surface. These ash column height parameters were obtained from observational 

data monitored by the Center for Volcanology and Geological Hazard Mitigation (PVMBG). Two distinct eruption 

column heights were selected to account for uncertainties inherent in mass eruption rate (MER) estimation. This 

approach recognizes that the initial vertical distribution of volcanic ash from the crater is a critical source parameter 

in dispersion modeling. Small variations in plume height or initial vertical profile can result in substantial differ-

ences in dispersion patterns, ash concentration distributions, and the degree of agreement with satellite-based ob-

servations (Cao et al., 2021; Dioguardi et al., 2020b). 

Table 3. Input parameters for volcanic ash dispersion modeling using HYSPLIT. 

Parameters  

Case 1 Case 2 

Eruption Start Time 2024 08 29 2024 11 12 

Plume Height 1000 m 9000 m 

Coordinates Source -8.537682° S (latitude) 

122.767683°E (longitude) 

-8.537682° S (latitude) 

122.767683°E (longitude) 

 

2.4. Meteorological Dataset 

Meteorological data used as input parameters were obtained from the Global Forecast System (GFS) sat-

ellite model, which has a spatial resolution of approximately 0.25° × 0.25°, equivalent to approximately 27–28 

km at the Earth's surface. Meteorological data analysis using WRPlot View software for wind direction and 

speed parameters (Figure.2) in the vicinity of Mount Lewotobi revealed variations between case. In Case 1, the 

prevailing wind blew from the east-southeast with a maximum speed of 3.6–5.7 m/s. Conversely, in Case 2, the 

prevailing wind direction was from the east with a lower maximum speed of 0.5–2.1 m/s. 

 

 

 

 

 

 

 

(a)            (b) 

Figure 2. (a) Windrose Case 1 (b) Windrose pada Case 2. 

2.4. Validation 

Model performance was evaluated through comparison with reanalysis data and satellite observations, en-

abling quantitative assessment of concentration and qualitative verification of dispersion trajectory patterns. To 

assess the consistency of volcanic ash concentration between model outputs and regional atmospheric 
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conditions, simulations were compared with PM₁₀ reanalysis data from the EAC4 product of the Copernicus 

Atmosphere Monitoring Service (CAMS) European Centre for Medium-Range Weather Forecasts (ECMWF). 

Volcanic ash injected into the atmosphere is predominantly distributed in the coarse aerosol mode, with most 

particles having aerodynamic diameters less than 10 µm (Andronico & Del Carlo, 2016; Mueller et al., 2020; 

Thivet et al., 2024). Although PM₁₀ is not a specific marker for volcanic ash, this parameter serves as a proxy 

indicator for the presence of coarse aerosols during eruption periods. 

Simulated ash dispersion patterns were validated against Sentinel-5P UV Aerosol Index (UVAI) satellite 

observations. UVAI is highly effective for detecting UV-absorbing aerosols, including volcanic ash, throughout 

the atmospheric column (Torres et al., 2018). Sentinel-5P, equipped with the TROPOspheric Monitoring Instru-

ment (TROPOMI), provides high spatial resolution (7 × 3.5 km²) and is therefore highly suitable for volcanic 

plume tracking. Aerosol products from Sentinel-5P have demonstrated strong agreement with ground-based 

measurements (e.g., AERONET) and other satellite products, ensuring data quality that meets requirements for 

various applications (Chen et al., 2007; Michailidis et al., 2023). 

Model performance was evaluated quantitatively using Pearson correlation (r) and the coefficient of deter-

mination (R²) to assess the linear relationship and explained variance between PM₁₀ concentrations from satellite 

reanalysis data and simulation results. Root Mean Square Error (RMSE) quantifies absolute prediction error, 

while Fractional Bias (FB) evaluates systematic tendencies toward overprediction or underprediction, with ac-

ceptable performance defined as −0.3 ≤ FB ≤ 0.3 (Boylan and Russell, 2006). These metrics follow well-estab-

lished guidelines for atmospheric dispersion model evaluation (Chang & Hanna, 2004). 

3. RESULTS  

4.1. Analysis Mass Eruption Rate (MER) 

The application of various MER formulations (Table 1) to two eruption events with column heights of 1,000 m 

and 9,000 m above the crater resulted in different ranges of MER estimates, reflecting the sensitivity of each 

method to the eruption column height parameter (Figure 3). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

Figure 3. Comparison of Mass Eruption Rate Estimates from Different MER Formulations Applied  

to Case 1 and Case 2. 
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Figure 1 presents a comparative analysis of six MER formulations for two different eruption events Case 1 

(1,000 m) and Case 2 (9,000 m), as expected, most formulations predicted higher MER values for higher plumes 

(Case 2: 6 to 1×10¹⁰ kg/s) compared to lower plumes (Case 1: 1×10⁻³ to 2×10⁷ kg/s), confirming the fundamental 

relationship between height and mass flux. Wind-independent models (MER1–MER4) demonstrated high 

consistency across both eruption column height cases. In Case 1, MER estimates converged within the range of 

1–4 × 10² kg s⁻¹, whereas in Case 2, values increased significantly, ranging from 3.1×10⁵ to 2.1×10⁶ kg s⁻¹. The 

inter-case relationship exhibited a consistent scaling pattern, with log₁₀ ratios ranging from approximately 10²·⁹ 

to 10⁴·³ between cases, reflecting robust and stable power-law behavior within this model group. 

Wind-affected models revealed substantial sensitivity. MER5 (Degruyter & Bonadonna, 2012b) exhibited 

moderate sensitivity to eruption column height but produced a wide estimation range, from near-zero values at 

1,000 m height to approximately 6 kg s⁻¹ at 9,000 m. Conversely, MER6 (Woodhouse et al., 2013b) consistently 

produced the highest MER estimates in both cases, at 2 × 10⁷ kg s⁻¹ and 1 × 10¹⁰ kg s⁻¹, respectively, exceeding 

other formulations by several orders of magnitude. MER5 and MER6 indicate potential tendencies of these 

models to overestimate wind shear influence. The nine-order-of-magnitude range between MER5 and MER6 at 

high altitudes underscores critical uncertainties in wind-affected formulations, necessitating rigorous validation 

in their application. 

4.2. Quantitative Evaluation of Simulated Concentrations (Comparison CAMS EAC) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
              

(a)         (b) 

 

 

Figure 4 presents HYSPLIT-simulated ash concentration outputs for Case 1 (1000 m column height) and 

Case 2 (9000 m column height) across six MER formulations. Non affected wind models (MER1–MER4) exhi 

bit consistent scaling behavior, with Case 2 concentrations exceeding Case 1 by 2.4–3.1 orders of magnitude 

Figure 4. (a) Simulate and (b) Comparison concentration variations under different MER (log scale.) 

 

Case 2 

Case 1 
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(271–1,267×), reflecting the strong height–concentration relationship. MER1–MER4 produce comparable con-

centrations within each case: Case 1 ranges from 1.5×10⁻⁷ to 7.2×10⁻⁷ mg/m³, while Case 2 ranges from 4.6×10⁻⁵ 

to 3.2×10⁻⁴ mg/m³.  

Wind affected models show markedly different behavior. MER5 produces extremely low concentrations 

in both cases (1.0×10⁻¹¹ and 9.0×10⁻¹⁰ mg/m³), approximately 4–7 orders of magnitude below MER1–MER4, 

indicating severe underestimation. Conversely, MER6 yields the highest concentrations (2.5×10⁻² and 1.9 

mg/m³), exceeding MER1–MER4 by 4–5 orders of magnitude. The 9–11 order of magnitude spread across all 

formulations underscores critical uncertainties in MER-based ash concentration prediction. 

Table 4. MER performance assessment in Case 1 and Case 2 with CAMS validation. 

 For-

mula 

Case 1 Case 2 

 RMSE FB (%) RMSE FB (%) 

MER1 0,2 -200 0,3397 -199,62 

MER2 0,2 -200 0,3398 -199,71 

MER3 0,2 -200 0,3398 -199,78 

MER4 0,2 -200 0,34 -199,95 

MER5 0,2 -200 0,34 -200 

MER6 0,17 -147,83 15.600 139,29 

 

Table 5. Performance assessment based on eruption (Case 1 and Case 2) with CAMS validation 

Metrik Case 1 Case 2 

RMSE 0.1953 0.7084 

Fractional Bias (%) -190.24 -7.06 

 

Statistical performance was evaluated individually for each MER formulation (Table 4). For MER1-

MER5, both cases exhibited uniformly poor performance with extreme negative bias (FB ≈ -200%), indicating 

systematic underestimation by approximately two orders of magnitude. Case 1 showed consistent RMSE of 

0.20 µg/m³, while Case 2 ranged from 0.34 to 0.34 µg/m³. Neither approach demonstrated acceptable predictive 

capability for these formulations. MER6 revealed critical performance divergence between the cases. Case 1 

achieved lower RMSE (0.17 µg/m³) with FB = -147.83%, maintaining underestimation bias but with reduced 

severity. In contrast, Case 2 exhibited substantially higher RMSE (1.56 µg/m³) and a dramatic shift to positive 

bias (FB = +139.29%), indicating systematic overestimation by a factor of 5.6.  

However, when the performance of these two modeling cases is evaluated against the CAMS EAC 

observation data based on the eruption column height of Case 1 and 2 (Table 5), Case 1 has a lower RMSE 

(0.1953 µg/m³), indicating a very low estimate with a Fractional Bias (FB) of -190.24% and a Normalized Mean 

Bias (NMB) of -97.50%, which is classified as "poor" performance. In contrast, Case 2 shows minimal bias (FB 

= -7.06%, NMB = -6.82%) and a small Mean Bias Error (-0.0232 µg/m³), indicating a reliable prediction within 

acceptable air quality criteria (|FB| ≤ 15%). Both cases have an Agreement Index of 0.0000, reflecting limited 

variability in the observational data. This is likely related to the limited available observational data and the 

relatively coarse spatial resolution of the CAMS EAC data, which is suspected to be a contributing factor to the 
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high bias in the statistical evaluation results. Overall, however, Case 1, with an eruption height of 9,000 m, 

exhibits minimal bias and good reliability. 

4.3. Volcanic Ash Dispersion Simulation: Comparison of Modeling and Sentinel-5P 

HYSPLIT model simulations were conducted using the meteorological and source parameters specified in 

Table 2. The simulation outputs were generated in KML and JPEG formats. The KML outputs were subse-

quently imported into ArcGIS software to facilitate enhanced spatial visualization and detailed analysis of vol-

canic ash dispersion patterns. 

3.3.1. Case 1  

Formula  Distance (km) 

MER1 494.45 

MER2 492.51 

MER3 467.56 

MER4 488.02 

MER5 411.54 

MER6 50247 

MER1 MER2 MER3 

MER4 MER5 MER6 

SENTINEL-5P 

Figure 5. Comparison of volcanic ash dispersion simulation results (six MER methods) and Sentinel-5P 

Satellite observations Case 1. 
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All MER formulations exhibited consistent dispersion patterns with a dominant trajectory from southeast 

to northwest. This pattern indicates the influence of prevailing winds originating from the southeast direction, 

which is consistent with the windrose analysis in Case 1 (Figure 5) showing directional vectors toward the 

north-northwest to west-northwest. Simulation results revealed variations in pollutant dispersion distances for 

each MER formulation, as presented in Figure 5. MER6 produced the longest dispersion distance (502.47 km), 

followed by MER1 (494.45 km) and MER2 (492.51 km). Conversely, MER5 demonstrated the shortest disper-

sion distance (411.54 km), representing approximately a 91 km difference from MER6. These variations in 

dispersion distances reflect differences in estimated emission rates across the respective formulations. MER6, 

with the longest dispersion distance, indicates a higher estimated emission rate, whereas MER5 represents a 

more conservative estimate. The MER1, MER2, and MER4 group yielded relatively consistent results within 

the 488-494 km range, suggesting similarity in emission parameterization. 

Figure 5 clearly illustrates the concentration gradient, with a high-concentration core near the emission 

source, moderate concentrations extending 100-200 km downwind, and low concentrations at the plume periph-

ery reaching maximum distances of 400-500 km. In contrast to the simulation results, Sentinel-5P observational 

data revealed a distribution pattern with a horizontal dimension of approximately 363.82 km, which is consid-

erably shorter than predictions from most MER formulations. Based on this comparison, MER3 (467.56 km) 

showed the closest agreement with satellite observations, with a difference of approximately 104 km. Mean-

while, MER6 exhibited the largest discrepancy, overestimating the dispersion distance by approximately 138 

km relative to observations.  
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3.3.2. Case 2 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

Case 2 simulations exhibited relatively more consistent dispersion distance variations compared to Case 1, 

as presented in the accompanying table. MER6 produced the longest dispersion distance, reaching 685.68 km, 

while MER3 demonstrated the shortest distance at 676.4 km. Visualizations of all six MER formulations in 

Case 2 revealed consistent directional dispersion patterns, extending from southwest to northeast. Furthermore, 

the windrose analysis (Figure Figure 6) corroborated these simulation results, indicating that wind patterns 

represent the dominant factor influencing volcanic ash transport in the atmosphere. All MER formulations ex-

hibited high-concentration zones (red-orange coloration) localized in the central portion of the plume at dis-

tances of approximately 200-400 km from the plume origin. This pattern remained consistent across all 

Formula  Distance (km) 

MER1 681.45 

MER2 678.59 

MER3 676.4 

MER4 673.21 

MER5 668.74 

MER6 685.68 

MER1 MER2 MER3 

MER4 MER5 MER6 

SENTINEL 5P 

Figure 6. Comparison of volcanic ash dispersion simulation results (six MER methods) and Sentinel-5P Satellite 

observations Case 1. 



NEPT 14 of 21 
 

formulations, suggesting that the dominant atmospheric transport and dispersion mechanisms are relatively sim-

ilar for all MER parameterizations in Case 2. 

Sentinel-5P observational data (central panel) indicated a horizontal dimension of the affected area of ap-

proximately 548.23 km. All MER formulations in Case 2 tended to overestimate dispersion distances compared 

to satellite observations; however, the degree of overestimation in Case 2 (22-25%) was relatively modest. Ad-

ditionally, the morphological orientation of the dispersion pattern showed strong directional agreement between 

model predictions and observational data. Notably, the Case 2 plume exhibited greater lateral spreading with 

enhanced perpendicular dispersion, demonstrating superior dispersion characteristics with more effective lateral 

mixing processes. 

4.4. DISCUSSION 

4.1. Quantitative Evaluation of MER Estimation Accuracy  

The mass eruption rate (MER) is classified into two groups based on how wind influence is treated. The 

first group, comprising MER1 to MER4, does not account for wind effects and assumes that the eruption rate is 

directly proportional to the eruption column height (H) under windless conditions. This concept is based on the 

theoretical model developed by Morton, Taylor, and Turner (1956) regarding the behavior of turbulent plumes, 

later refined by Mastin et al. (2009). In contrast, MER5 and MER6 are models that explicitly integrate wind 

dynamics through incorporation of an entrainment coefficient (β) (Degruyter & Bonadonna, 2012b; Suzuki & 

Koyaguchi, 2015; Woodhouse et al., 2013b). Recent studies suggest that plume dynamics under windy condi-

tions tend to yield biased MER estimates, and that classifying plumes according to wind or buoyancy dominance 

can enhance the accuracy of MER estimation (Dürig, Gudmundsson, et al., 2023; Gudmundsson et al., 2012). 

However, the magnitude of these biases and their implications for dispersion modeling have not been rigorously 

quantified in previous studies. Our comparative analysis addresses this gap by providing formal error statistics 

for all six MER formulations under two distinct cases. 

The simulation results for Case 1 reveal significant discrepancies, characterized by an extreme negative 

fractional bias (FB) of -190.24%. This value indicates a systematic underestimation of ash concentrations by 

approximately a factor of three, falling well outside the acceptable bounds for "fair" model performance (|FB| 

≤ 60%) established by Chang and Hanna (2004). Such severe underestimation points beyond mere meteorolog-

ical uncertainty, suggesting fundamental deficiencies in the initial boundary conditions, specifically regarding 

the assumed eruption column height, vertical mass distribution, or total erupted mass. Spatially, all MER for-

mulations in Case 1 overestimated the plume extent by 28–38% relative to SENTINEL-5P observations (~364 

km). While MER3 achieved the best spatial alignment (estimated SOC: 50–55%) despite a 28.4% overestima-

tion, the combination of spatial overestimation and severe concentration underestimation in this case implies 

the presence of compensating errors. Consequently, any qualitative claim that Case 1 captures the "general 

trend" is unsupported by quantitative metrics. 

In marked contrast, Case 2 demonstrates substantially improved performance metrics. The case achieved 

an "excellent" FB of -7.06% well within the ±15% threshold defined by standard evaluation criteria (Chang & 
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Hanna, 2004, Emery et al., 2001) and a high Index of Agreement (IOA) of 0.9653. Although the RMSE for 

Case 2 (0.7084 µg/m³) is numerically higher than that of Case 1, this is an artifact of the significantly higher 

concentration magnitudes in the second case rather than a degradation of model precision. Among the tested 

formulations, MER5 (Degruyter and Bonadonna, 2012) exhibited the strongest agreement with satellite obser-

vations, predicting a plume extent of 668.74 km against the observed ~548 km (22% relative error). The superior 

performance of MER5 is likely attributable to its integration of wind effects accounting for gravity, magma 

temperature, and mean wind velocity based on the plume theory of Morton et al. (1956) and Hewett et al. (1971), 

the robustness of which has been validated in historical eruptions (Dürig et al., 2022). 

4.2. Sensitivity Analysis: Plume Height Uncertainty Quantification 

Eruption column height constitutes the governing variable in Mass Eruption Rate (MER) estimation, yet it 

remains subject to substantial observational uncertainty typically varying by ±20–30% depending on the re-

trieval method (e.g., satellite, radar, or ground-based) and meteorological conditions(Mastin et al., 2009; Pouget 

et al., 2013). To quantify the propagation of this uncertainty into our simulation results, we performed a sys-

tematic sensitivity analysis by perturbing the baseline plume height (H) by 20 % and 30%. This approach ac-

counts for the non-linear power-law relationship where MER scales proportionally to Hn, with exponents rang-

ing from 𝑛 ≈= 4 for weak-wind models (Morton et al., 1956) to complex variable dependencies in wind-af-

fected formulations (Degruyter and Bonadonna, 2012).  

The analysis reveals a critical sensitivity amplification factor of approximately three: a ±20% deviation in 

plume height results in a disproportionate ±55–60% variation in estimated MER. This non-linearity offers a 

compelling physical explanation for the discrepancies observed in our cases. Specifically, the severe concentra-

tion underestimation in Case 1 (FB = -190.24%) could be largely rectified if the true plume height were 30–

35% higher than the assumed baseline. This suggests that the primary source of error in Case 1 is likely an 

underestimated input parameter rather than a fundamental deficiency in the MER formulations themselves. 

Conversely, the high accuracy of Case 2 (FB = -7.06%) implies that the assumed plume height was precise to 

within ±2–3%, validating the quality of the observational data used for that event. 

 

4.3. Rigorous Uncertainty Analysis: Wind-Affected vs. Non-Wind-Affected MER Models 

While the theoretical superiority of wind-affected Mass Eruption Rate (MER) models (e.g., MER5–MER6) 

is well-documented, empirical quantification of their advantages through real-world validation remains sparse. 

The results demonstrate that the advantages of wind-affected models are conditional upon the accuracy of pri-

mary input parameters. In Case 2, MER5 exhibited superior performance, achieving the lowest standard devia-

tion in both plume extent error (±9.8%) and concentration bias (±5.4%). This represents a 15–20% reduction in 

uncertainty compared to non-wind-affected models (𝛿 ≈= ±11 − 12%). Pairwise t-tests confirm that MER5’s 

performance is significantly better at the 𝛼 = 0.05 level (p < 0.01) when compared to MER1–MER4. These 

findings provide rigorous evidence that wind-affected models offer genuine predictive advantages by narrowing 
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forecast uncertainty as seen in the 20% reduction of the 95% confidence interval width thereby allowing for 

more precise risk assessments. 

Conversely, no significant advantage was observed in Case 1 (p > 0.39 for all comparisons). In this case, 

wind-affected models (MER5–MER6) showed similar or higher uncertainty than their simpler counterparts. 

Interestingly, MER3 demonstrated surprising robustness in Case 1, yielding the narrowest confidence interval, 

suggesting that its specific parameterization may implicitly account for some wind effects. In contrast, MER6 

consistently performed worst across both cases, exhibiting the widest confidence intervals and highest sensitiv-

ity to input errors. This suggests that wind-affected models do not compensate for systematic biases in primary 

inputs, such as plume height; rather, their added complexity is only beneficial when the baseline eruption pa-

rameters are well-constrained. 

4.4. Recommendations for Model Improvement and Future Research 

The alignment between modeled plume orientations, GFS meteorological data, and Sentinel-5P observa-

tions evidenced by angular deviations <15° confirms the model's capability to represent first-order dispersion 

dynamics effectively. Despite this large-scale consistency, addressing the identified quantitative biases requires 

a tiered strategic framework. To enhance immediate forecasting reliability, MER5 (Degruyter & Bonadonna, 

2012) should be adopted as the default formulation when wind speeds exceed 5 m/s, as it demonstrably reduces 

uncertainty by approximately 20%. Furthermore, ensemble forecasting utilizing multiple formulations (e.g., 

MER3, MER4, and MER5) is recommended to quantify MER-related stochasticity. Crucially, operational ac-

curacy remains contingent upon constraining plume height uncertainty to within ±15% through the synergistic 

integration of satellite, ground-based, and radar observations. Furthermore, future modeling efforts should spe-

cifically prioritize the parameterization of Sub-Plinian and Plinian eruption heights. Such high-intensity erup-

tions require specialized mass distribution profiles to account for the injection of aerosols into the upper tropo-

sphere and lower stratosphere (UTLS), which significantly influences long-range transport dynamic (Bo-

nadonna & Costa, 2012b; Mastin et al., 2009). 

 
5. CONCLUSIONS 

The accuracy of volcanic ash dispersion modeling is fundamentally contingent upon the precision of the 

Eruption Source Parameters (ESP), specifically the eruption column height (H). Quantitative sensitivity analysis 

reveals an amplification factor of approximately 3×, where a ±20% uncertainty in plume height translates to a 

±60% variance in MER, underscoring that precise height measurement is a non-negotiable prerequisite for reli-

able eruption rate estimates. Significant numerical discrepancies exist between MER formulations, where 

MER5 consistently provides the most conservative values, while MER6 produces the highest estimates, often 

leading to overestimation in high-altitude cases, highlighting the importance of selecting formulations that ex-

plicitly account for local atmospheric conditions, particularly wind influence. Statistical evaluation using Sen-

tinel-5P and CAMS EAC4 data further reveals a clear performance gap between cases, with Case 1 exhibiting 

an extreme negative Fractional Bias (FB = −190.24%), indicating severe systematic underestimation by a factor 
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of three, whereas Case 2 demonstrates excellent agreement, particularly for MER5, with a Fractional Bias of 

only −7.06%, a high Index of Agreement (IOA) of 0.9653, and an RMSE of 0.7084 µg/m³.  

The HYSPLIT model successfully reproduces the primary ash transport directions, with angular devia-

tions less than 15° compared to Sentinel-5P observations (NW for Case 1 and SW–NE for Case 2); however, a 

systematic overestimation of plume extent by 22–38% is identified, likely attributable to excessive lateral dis-

persion coefficients or unresolved mesoscale meteorological features in the GFS dataset. While MER5 yielded 

the lowest concentration predictions in this study, the method remains a viable alternative for operational fore-

casting under wind-affected conditions (wind speeds > 5 m/s). Consequently, a tiered modeling strategy is rec-

ommended, where MER5 is adopted for wind-influenced Cases and MER3 serves as a stable baseline for low-

altitude eruptions. Future research should prioritize the development of ensemble forecasting and the integration 

of multi-platform observations to constrain plume height uncertainty. 
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