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PART I:

Research Paper



Abstract

Volcanic ash clouds generated by explosive eruptions pose a major risk to global aviation,
capable of disrupting flight operations globally. These fine particles, though not immediately
life-threatening, can damage aircraft engines, reduce visibility and force widespread airspace
closures. To mitigate these hazards, Volcanic Ash Advisory Centres (VAACs) provide global
monitoring and issue warnings Volcanic Ash Advisories (VAAs) based on satellite observations
and dispersion models. This study aims to address the current lack of understanding regarding
the spatial extent of volcanic ash clouds and their implication for global aviation disruption,
by analysing VAAs issued between 2020 and 2025. Here we show that the severity of
disruption is not always determined by ash duration or extent, but rather by the location of
impacted airports, particularly those with high passenger throughput. The findings reveal that
stratovolcanoes with andesitic compositions are the most frequent sources of high-altitude
plumes, consistent with eruption databases based on ash deposits. Importantly there are
other factors which affect the level of disruption such as time of year of advisory or the
availability of alternative transport. By identifying regions and airspaces more frequently
affected by ash, this research can inform flight planning and aviation risk management

strategies, especially for vulnerable island nations and major transport hubs.

Keywords: Volcanic Ash Clouds Extent, Volcanic Ash Advisories, Flight Disruption



1. Introduction

Volcanic eruptions generate a number of hazards, including pyroclastic flows, lahars and
tephra. Tephra encompasses all volcanic material ejected during an eruption, ranging from
fine ash to large volcanic bombs. This thesis focuses specifically on volcanic ash, the finest
component of tephra, consisting of particles typically smaller than 2 mm in diameter, formed
by the explosive fragmentation of magma (Paredes-Marifio et al., 2022). These fragments
result from magma breaking apart, as gas bubbles transition into a continuous gas phase

containing suspended molten particles (Zimanowski et al., 2003).

Although volcanic ash is not immediately life-threatening, it poses a significant risk to aviation
as it can be transported over vast distances by prevailing winds (Wilson et al., 2012). Ash
ingestion can cause jet engine failure, as engines operate at temperatures exceeding 800 °C.
At these temperatures, ash becomes sticky when heated through its glass transition range,
allowing it to melt and adhere to engine components. This can clog fuel nozzles and damage
turbine blades, posing a serious risk to engine performance (Prata and Rose, 2015). In
addition, due to the abrasive nature of volcanic ash, prolonged exposure can damage the
aircraft’s cockpit windows, reducing visibility and compromising flight safety (Drexler et al.,
2011). Consequently, ash clouds frequently result in widespread flight cancellations and

severe operational disruption (Reichardt et al., 2018).

Plume height and ash cloud extent measurement is critical for impact forecasting, dispersion
modelling, and aviation risk management (Cronin, 2013; Horvath et al., 2021). To mitigate
these risks, the International Airways Volcano Watch (IAVW) established nine Volcanic Ash
Advisory Centres (VAACs) worldwide in the 1990s (Figure 1). These centres are responsible for
monitoring volcanic activity and tasked with issuing ash hazard information to pilots, air traffic
controllers and metrological watch offices. This hazard information is communicated in the
form of a volcanic ash advisory (VAA) which provides graphical projections of ash cloud
dispersion based on numerical atmospheric models informed by eruption observations
(Watkin, 2003). Although VAAs do not legally close airspace, they are typically interpreted by
aviation authorities and airlines as grounds to suspend flights in affected areas, effectively
resulting in a no-fly zone wherever ash is present (Civil Aviation Authority, 2017; Clarkson et

al., 2016).
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Figure 1: Map of the VAAC area of responsibilities and their volcanoes within them (Smithsonian
Institution, 2025).

Table 1: Number of Volcanoes in each VAAC AoR (area of responsibility).

VAAC No of Volcanoes

Tokyo 267
Washington 247
Toulouse 210
Darwin 184
Buenos Aires 139
Wellington 92
Anchorage 82
London 37
Montreal 22

The 2010 Eyjafjallajokull eruption underscored the vulnerability of global aviation to volcanic
eruptions causing over 100,000 flights cancellations, mostly between Europe and North
America, and incurring estimated economic losses of $5 billion (Bye, 2014). The economic
consequences for business are not limited to a loss in airline ticket sales, but also the
movement of goods. More than one fifth of the economy of Kenya relies on exporting flowers
to Europe by air; the 2010 volcano eruption caused 1 million roses to be destroyed and

delayed vital bone marrow transport from the US to Europe (Alexander, 2013). Whilst such



high profile events attract global headlines, smaller eruptions routinely disrupt air traffic and
can cause economic losses particularly in isolated regions that have few airports and are

reliant on tourism (Delbrel et al., 2025; Picquout et al., 2013).

Advances in satellite observation, such as the launch of the GOES-16 satellite in 2016, have
significantly improved refresh rates from around 15 minutes to 1 minute; and doubling the
spatial resolution has significantly enhanced ash detection capabilities compared to those of
the Meteosat Second Generation satellites during the 2010 Eyjafjallajokull eruption (Mastin
et al., 2022; Prata and Prata, 2012) (Technical Report, 2.1). These enhanced capabilities have
enabled integration of thermal infrared brightness temperature difference techniques,
allowing more accurate differentiation of volcanic ash from other atmospheric constituents.
Modern tools such as the Volcanic Clouds Analysis Tool also provide automatic detection of
SO, emissions and rising plumes, improving the timeliness and reliability of early warnings (De

Angelis et al., 2012).

Technological improvements have contributed to an observed increase in VAAs issued
worldwide, likely reflecting improved observational capabilities rather than a true increase in
eruptive activity (Engwell et al., 2021). Despite this, critical gaps remain in understanding ash
cloud distribution, particularly their relationship with volcanic characteristics, spatial

distribution patterns and the number of people affected.

Current research, including Engwell et al. (2021) has identified regions of increased volcanic
activity. However, such analyses often overlook the size and extent of volcanic ash clouds,
which are critical for assessing aviation disruption. For aviation, the primary hazard lies not in
the volcanic eruption itself, but in the wide dispersal of ash, which can affect airspace far from
the eruption source. Identifying regions and volcanoes that produce the largest ash clouds is
essential, as previous studies highlight the importance of pinpointing hotspots and enhancing

monitoring there (Bossi et al., 2024).

To date, no study has investigated the spatial extent of volcanic ash clouds. While earlier
efforts, such as Guffanti et al. (2009), catalogued airports affected by ash disruptions, they did
not account for passenger volumes. Without this contextual data, quantifying the operational

and economic consequences of volcanic ash events on global air travel remains challenging.



This study addresses these gaps by analysing the spatial distribution of VAAs, focusing on

global patterns in ash cloud distribution and their implications for air travel.

The purpose of this thesis is to present global patterns in volcanic ash cloud distribution and
highlight gaps in the current understanding of ash clouds extent. It begins with a summary of
existing research and aviation risk, followed by a methodology to identify patterns in VAAs and

the most affected areas and concludes with key findings and their implications.

Research Aim 1: To analyse volcanic characteristics and their relationship with volcanic ash

clouds

Obijective

a. To investigate how specific volcanic features influence the characteristics and

composition of volcanic ash clouds reported in Volcanic Ash Advisories.
Research Aim 2: To analyse the global distribution of Volcanic Ash Advisories
Obijective

a. To identify and characterise global spatial patterns of volcanic ash clouds, including

their origin, dispersal areas and frequency, based on VAA records.

Research Aim 3: To assess the impact of volcanic ash clouds on aviation and air travel

infrastructure

Obijectives

a. To identify airports which face the most disruption from volcanic ash clouds.
b. To understand how external factors influence the severity of disruption caused by ash

clouds.
British Geological Survey

This work was conducted in partnership with the British Geological Survey and guided by Dr
Samantha Engwell (Volcanologist) and Dr John Stevenson (Software Engineer). They proposed
this research as a pilot investigation into the global characteristics, distribution and impacts of

volcanic ash clouds.



2. Materials and Methods

2.1 Materials
This study addresses three research aims using spatial data and open-source tools. The
analysis integrates data from three primary sources: VAAs, Holocene volcano records, and

airport passenger statistics.

Table 2: Datasets (Technical Report, Appendix 2, for a breakdown of the information contained in each
dataset).

Dataset Description Source
Volcanic Ash Nine VAACs issued a total of 57,537 British Geological Survey
Advisories VAAs between 1 January 2020 and

20 June 2025.
Volcanoes 1,261 volcanoes that have erupted  Smithsonian Institution’s Global
in the Holocene epoch (~12,000 Volcanism Program
years). (Global Volcanism Program,
2025)
World Airports A file containing 2,174 airports World Bank
(World Bank, 2019)
Fontanarossa Monthly Airport Data (2020 — Aeroporti
2025) (Airport traffic data, n.d.)

2.1.1 Data limitation

Despite its utility, the airport dataset presented some inconsistencies. Reported figures did
not accurately reflect the actual passenger numbers at the airports when compared to ICAO
data. Despite this, a general correlation was still observed. While additional data sources were
available, they were either behind paywalls or dispersed across individual airport websites,
limiting accessibility. Consequently, although the exact number of affected passengers may
not reflect true values, the methodology developed provides a replicable framework for

future research using more accurate or comprehensive data.

2.2 Methodology
To address the research questions, the analysis was split into two workflows to examine the

volcano - ash cloud relationship and the impact on aviation.



2.2.1 Pre-Processing

Test and exercise data entries were removed, and coordinates were transformed to a 0°-360°
longitudinal scale to resolve projection inconsistencies (Technical Report, 2.3.2). A Python
script was developed to merge VAA and volcano metadata into a unified GeoJSON file, using
the Volcano ID as the unique identifier. This integration allowed plume characteristics to be
linked with volcano attributes, improving the understanding of which volcanoes produce the

most significant eruptions.

In the VAA, plume heights are reported in flight levels (e.g. FL200 — 20,000 feet). which needed
to be converted to height above vent. To enable comparison between volcano characteristics,
these values were converted to height above the volcanic vent, accounting for the varying
elevations of each vent. The script also calculated ash cloud area to assess whether taller

eruptions produced larger ash clouds.

2.2.2 Methodology: Research Question 1 and 2

To group advisories into volcanic events, data was clustered where advisories were issued
within 6 hours of the previous one from the same volcano, reflecting the typical VAAC
reporting interval when ash is present. Event duration was calculated as the time between the
first and last advisory in a group, with 6 additional hours added to represent the duration of
the final advisory (Shirato, 2013). This enabled analysis of relationships between event
duration and volcano type or eruption style. Ungrouped advisories were assigned a default
duration of 6 hours. For each group, upper and lower flight levels were used to calculate the

minimum and maximum ash cloud heights.

As each group contained multiple polygons, with each polygon representing a single advisory,
the geometries were merged using the Shapely union tool to create a single polygon, showing
the outermost extent of each event (Technical Report 2.3.3). This prevented areas from being

double-counted where advisories overlapped.

To identify where the VAAs were located, a gridded map using Rasterio was set up. VAAs were
rasterised onto the grid, with each grid cell having a value representing the number of times
it was affected by volcanic ash, producing a heatmap where higher values indicated greater
advisory density. Such maps help geoscientists and policymakers identify spatial risk patterns

and support informed mitigation strategies (Scheip and Wegmann, 2021).



Once the data was cleaned and contained with new calculations, it was analysed using R and

saL.

2.2.3 Methodology: Research Question 3

Part two of the analysis followed a similar structure to the first part, but there were several
key differences. Since the aim was to identify which airports were most at risk, only VAAs
intersecting an airport were included. This approach avoided using volcanic events where only
some advisories within an event might affect an airport, which could lead to inaccurate
estimates of ash exposure duration. To group that data, the airport was used as the aggregator
rather than the volcano as multiple volcanoes can affect the same airport. This allowed for a

more accurate understanding of how long ash advisories were present in an airport’s airspace.

To assess the effect of volcanic activity, potential number of passengers disrupted was
estimated. While a small airport might be heavily affected by ash, it may serve few passengers.
Therefore, airport annual passenger numbers were used to calculate an average daily
passenger count per airport, which was then multiplied by ash exposure duration to

understand the potential number of affected passengers.

To evaluate how volcanic ash impacts vary seasonally, monthly passenger data for
Fontanarossa Airport was analysed to examine how eruption timing influences the number of
people affected. Such detailed monthly passenger data are not available for all airports, so
this analysis was limited to locations with reliable records. A linear regression model was
applied using monthly passenger count as the outcome variable. The model included two
predictors: the number of days of volcanic ash in each month and the month of the year (a
categorical variable capturing seasonality). January served as the reference category, allowing

the model to account for expected seasonal variations in air travel.



3. Results

3.1 VAAs

Between 15t January 2020 and 20™ June 2025, a total of 51,519 VAAs were issued, describing
activity at 136 volcanoes worldwide. The Darwin VAAC issued the majority (26,500; 52%),
while London VAAC issued the fewest (23). Notably, over 70% of all VAAs originated from only
10 volcanoes, with Sangay (5,478), Reventador (5,295), and Fuego (5,184) accounting for the
top three sources of activity. Collectively, these three volcanoes accounted for approximately

30% of all VAAs issued during the study period.

3.2 Volcanic Events

During the same period, 11,548 volcanic events were identified (Figure 2), defined as
sequences of VAAs from the same volcano within a 6-hour window. The average event
duration was approximately 14 hours, culminating in a combined 21 years of volcanic ash
disruption across the period of study. Sangay volcano exhibited the longest lasting activity,

with eruptive phases lasting nearly 3 years.
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Figure 2: Relationship between the number of volcanic events and the total duration of ash emissions at
each active volcano (r =0.96, p < 0.001).
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3.3 Plume Height Distribution

All recorded plume heights exceeded 12 meters above the volcanic vent. The majority of
volcanic events were from stratovolcanoes across all plume heights, with most occurring
below 5000 m above the volcanoes summit (Figure 3). In contrast, significantly fewer volcanic
events were linked to complex and caldera volcanoes. For plume heights below 4000 m,
complex volcanoes were more frequent than caldera volcanoes, whereas between 4000 m

and 5000 m caldera volcanoes were more prominent.

Andesitic volcanoes were the most common across all plume heights, particularly over 1000
m above vent. For plume heights under 1,000 m, basalt and dacite volcanoes were also
represented, particularly around the 800 m mark. Volcanic events plumes over 10,000 m were

fewer and limited to andesitic volcanoes.

Across all plume heights, most volcanic events were within the Washington VAAC AoR (Area
of Responsibility), with Buenos Aires, Darwin and Tokyo VAAC also contributing. While this
spread reflects the global distribution of volcanoes, Toulouse VAAC has the third largest
number (210) of Holocene volcanoes, despite still producing relatively few volcanic events in

this study period.
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Figure 3: Distribution of Volcanic Events counts relative to volcano summit height across three different groupings: Primary Volcano Type (top), Volcanic Ash Advisory
Centre (VAAC, middle), and Dominant Rock Type (bottom). The x-axis represents the volcano's plume height above vent on a logarithmic scale, indicating how Volcanic
Event elevation varies with volcano characteristics. Bin count is n = 30.
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3.4 Areal Extent Distribution
The observed areas (km?) affected by volcanic ash were extracted for each eruptive event and
compared with volcano type, plume characteristics and their VAAC to investigate their

relationships.

Stratovolcanoes dominate in terms of the area covered by volcanic ash during an eruptive
event and their frequency. Caldera volcanoes were the second most frequent contributor for
volcanic events for extents less than 1,000km?. However, as plume area increased (Figure 4),
volcanic events from complex volcanoes were more common. This contrasts with figure 3,
where lower plume heights were more common for complex volcanoes and higher plume
hights more frequent for caldera volcanoes. This suggests that complex volcanoes produce

lower, bigger plumes, whereas caldera volcanoes produce higher but smaller plumes.

Andesitic volcanoes exhibited a wide range of ash extents. However, basalt volcanoes tend to
have mid — sized events (800m? — 2000m?), with a few trachybasalt volcanoes exhibiting

events exceeding 3000 km?.

The majority of Volcanic events were within the Washington VAAC AoR across all plume
heights. In comparison, Buenos Aires, Tokyo, and Darwin VAACs had substantially fewer,
though still more than the remaining centres. The patterns observed in Figure 3 closely
resemble those in Figure 4, suggesting a potential correlation between eruption height and

the Volcanic Event Extent.
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Figure 4: Distribution of Volcanic Events based on the Areal Extent, grouped by Primary Volcano Type (top), VAAC (middle), and Dominant Rock Type (bottom). The

x-axis (VAA Area in km?) is shown on a logarithmic scale, revealing patterns in Events frequency relative to the spatial extent of ash dispersion. Bin count is n = 30.
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3.5 Areal Extent and Plume Height Relationship

To explore the relationship between eruption plume height and observed area, a correlation
analysis was conducted. A positive correlation was found, with a Pearson correlation
coefficient of r = 0.304 and a p-value = 1.82 x 1072%°, indicating a statistically significant
relationship between larger eruption extents and higher plume heights (Figure 5). While the
correlation coefficient suggests only a moderate linear association, the extremely small p-

value confirms that the trend is not due to random chance.
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Figure 5: Relationship between the plume height and observed ash extent of a volcanic event. Black dots
represent volcanic events.

The trendline shows a positive correlation (Figure 5, Red Line), indicating that advisories
with greater areal extents are generally associated with taller plume heights. Interestingly,
the pattern appears to shift at larger ash cloud extent. For smaller to mid-sized ash cloud
extents, the relationship between area and height remains relatively diffuse, with many data
points clustering at lower heights. However, beyond a certain extent threshold (around 10*
to 10° km ), eruption height appears to have a stronger influence on area, as evidenced by
more frequent high-altitude values and a visibly steeper trend in the upper range (Figure 5,

Blue Line).
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3.6 Spatial Patterns

Figure 6 illustrates global volcanic ash extent density overlaid with the location of affected
airports. High concentrations appear across Southeast Asia, including Indonesia, Papua New
Guinea and the Philippines. Similar densities are seen in the northern Pacific, especially Alaska
and Russia’s Kamchatka Peninsula. In Central and South America, elevated ash cloud densities
are associated with volcanic activity in Guatemala, Ecuador, Peru and Chile. Moderate

concentration of ash is observed in parts of Europe, particularly southern Italy.

Southeast Asia has significantly the largest area affected (Hunga Tonga eruption), with the
advisories spanning vast distances both over oceanic and continental airspaces. However,
such eruptions are rare as indicated by their low density. In contrast the northern Pacific and
Central and South America, show smaller eruptions but have a larger density reflecting more

frequent but less intense activity.

The airports in Figure 6 cluster in southern Europe and Southeast Asia, indicating these are
regions of significant population, compared to the North Pacific, where there is little

habitation and infrastructure.
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Figure 6: Global density map of volcanic event extents. The colour gradient represents the density of events, with darker reds indicating higher densities. Black dots indicate
airports affected by ash clouds during this period.
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3.7 Impact on Airports

Figure 7 reinforces the observation that the affected European airports, particularly those
within the Toulouse VAAC AoR tend to have some of the highest passenger numbers globally.
In addition, it highlights how the impact on volcanic ash on airports varies, with disruption
influenced by both passenger volume and ash exposure. For instance, Ngurah Rai Airport
(Indonesia) handles over 10 million passengers annually but experiences only a few days of
disruption. In contrast, José Joaquin de Olmedo Airport (Ecuador) endured approximately 15
days of disruption yet serves only around 2 million passengers annually. Meanwhile,
Fontanarossa Airport (Italy), located just 50 km from Mount Etna, experiences both high

passenger volumes and frequent VAAs, making it particularly vulnerable.
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Figure 7: Duration of observed ash in airspace over airports according to polygons within VAA (dotted line)
with the average annual passenger numbers (bars) across the 25 busiest airports. Bars are colour coded by
the associated Volcanic Ash Advisory Centre (VAAC).

This disparity demonstrates that the impact of volcanic ash on aviation cannot be assessed by

ash duration or passenger volume alone; both factors must be considered in tandem.
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Disruption levels were assessed by combining volcanic ash exposure and airport activity to
estimate operational impact. Benito Juarez experienced the highest level of disruption, with
over 100,000 passengers potentially affected, nearly 30,000 more than the next most
impacted airport (Figure 8). Other major disruptions were concentrated at airports within the
Washington VAAC AoR, including José Joaquin de Olmedo, Benito Juarez, and Grantley Adams,

underscoring the underscoring the number of volcanoes within their AoR.
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Figure 8: Duration of observed ash in airspace over airports according to polygons within VAA (dotted
line) with the average annual passenger numbers (bars) across the 25 busiest airports. Bars are colour
coded by the associated VAAC.

Among the top 20 most disrupted airports, those overseen by the Toulouse VAAC stood out,
accounting for 25% of the list, despite few Toulouse volcanoes being active in their AoR and
relatively few advisories issued (Figures 3 and 4). This suggests that even a small number of
advisories can have a disproportionately large impact on passenger traffic if they affect high

volume airports such as Fontanarossa Airport (Italy).

While airports within the Tokyo, and Wellington VAAC AoR appeared in the top 20 most
affected by volcanic ash, the impact was limited, with lower passenger disruption totals and

fewer entries overall.
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To assess how volcanic eruption characteristics influence the number of people affected, the

relationships between eruption area, duration and affected people were analysed (Figure 9).

There was no significant correlation between the area covered by advisories above airports
and the number of people affected (Pearson’s r = —0.018, p = 0.817; Fig. 9, top), indicating a

negligible and statistically insignificant relationship.

In contrast, a weak but statistically significant positive correlation was found between ash
duration above airports and the number of people affected (r = 0.234, p = 0.0026; Fig. 9,
bottom) indicating that longer duration may affect more people. Although the strength of this
relationship is modest, it suggests that duration may be a more relevant factor than area in

determining how many people could be affected.

® Airport

le+05 r=-0.018, p = 0.817 . .

.

le+03 LS [ SR ._.‘
. -

le+01 . .2 Cae e
. .

People Affected {(log scale)

- . . .
le+03 le+04 le+05 le+06 le+07
Area Covered (km? log scale)

1le+05 r=0.234, p = 0.00258
le+03

le+01

People Affected {(log scale)

.
0.3 1.0 3.0 100 300
Duration of Eruption (days, log scale)

Figure 9: Relationship between airport advisories characteristics and the number of people affected (both
axes on a log scale). (Top) Relationship between the area covered by an advisory (in km?) and the number
of people affected. (Bottom) Relationship between the duration by an advisory (in days) and the number
of people affected.

A regression analysis of passenger traffic and ash duration at Fontanarossa (Figure 10)
demonstrated that both volcanic ash from eruptions and seasonal trends significantly (p <
0.05) influenced monthly passenger volumes. This is important because it shows that the time
of year when an advisory occurs can affect its impact. Specifically summer months
consistently showed higher passenger numbers, while months affected by volcanic eruptions

exhibited statistically lower figures.
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Figure 10: Monthly passenger numbers at Fontanarossa Airport (blue line, left y-axis) and volcanic ash
duration from Mt. Etna (red bars, right y-axis), from January 2021 to April 2023 (Airport traffic data, 2025).

In contrast, ash emissions and duration exhibited no seasonal pattern and appeared sporadic
throughout the study period. Notable volcanic ash events occurred in March and April 2021,
August and September 2021, and August and October 2022. The most severe disruption was

observed in July 2021, when ash presence exceeded 2.5 days.
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4. Discussion

4.1 Volcano — Ash Cloud relationship

The results show that the majority of the most powerful eruptions, measured by plume
height, originate from stratovolcanoes with andesitic compositions (Figures 3&4). This aligns
with results from the LaMEVE (Large Magnitude Explosive Volcanic Eruptions) database,
where stratovolcanoes (n = 1200) and andesitic compositions (n = 838) are most commonly
associated with large magnitude eruptions (VOGRIPA, 2025). The consistency between
different data sources, with LaMEVE relying primarily on deposit records (Crosweller et al.,
2012) and this study focusing on ash cloud observations, reinforces these findings. However,
smaller eruptions are often underrepresented in eruption records due to poor preservation,
as ash and other materials erode or are buried quickly. Additionally, researchers may focus on
larger eruptions, leading to under-reporting of smaller-scale volcanic activity (Kiyosugi et al.,
2015). By including events of all sizes, some with an extent under 10 km?, this study helps

improve understanding of smaller eruptions.

While this work includes smaller eruptions, results from this study are subject to selection
bias as the VAA data is collected from satellite observations, affected by satellite overpass
frequency, metrological conditions and ash concentration (Engwell et al., 2021). As the dataset
spans 2020 — 2025, it benefits from recent advancements in satellite technology, allowing for
detection of eruptions that may not produce observable deposits. This creates a bias towards
smaller eruptions, which is valuable, as few other resources capture this type of activity. When
combined with geological data, the result is a more comprehensive understanding of typical

volcanic activity over time.

The results contrast with those of Guffanti et al. (2009) as there is no relationship between
area of VAAs and disruption at an airport. However, this discrepancy may be due to
methodological differences: while the aforementioned study considers volcanic eruptions in
general, my analysis focuses specifically on VAAs that intersect with airports. Despite this, the

results highlight that even smaller VAAs can impact airports just as significantly as larger ones.
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4.2 VAAs Spatial Pattens

The results show that Washington, Darwin, and Tokyo VAACs recorded the highest number of
VAAs, consistent with previous studies (Engwell et al., 2021; Mastin et al., 2022). However,
this study observed a higher number of VAAs from the Washington VAAC, as it contained the
most frequently active volcanoes: Reventador, Sangay, and Fuego, each of which produced

over 1,000 eruptions.

This study builds upon previous research that categorises VAAs by VAAC jurisdiction, country
affiliation or volcano (Engwell et al., 2021) by providing additional spatial information

locations of the areal extent of volcanic ash clouds.

For example, eruptions from volcanoes like Klyuchevskoy and Bezymianny, which fall under
the responsibility of both Anchorage and Tokyo VAACs, are labelled as Russia in the VAA,
highlighting that country boundaries and VAAC jurisdictions do not always align. This
distinction is crucial when assessing aviation risk, as the critical factor is the location of
affected airspace rather than the country of the eruption’s origin. By identifying frequently
impacted airspace regions, this study offers insights to support better flight planning and

improve aircraft avoidance of ash clouds.

4.3 Impact on Airports

The findings show that areas with the longest ash duration are not necessarily those
experiencing the greatest disruption. For example, while volcanoes within the Washington,
Buenos Aires, and Darwin VAAC AoR record the longest ash durations, it is those within
Washington, Toulouse, and Darwin VAAC AoR that face the highest levels of ash duration over
airports. This is influenced by the higher density of cities near volcanoes in Europe compared
to Buenos Aires, resulting in more airports located close to volcanic hazards and thus greater

potential disruption (Meredith et al., 2025).

A similar trend emerges when comparing ash cloud extent and potential airport disruption.
Airports like Hermanos Serddn (Mexico) and Fontanarossa (Italy) may experience wide ash
spread, but when passenger volume is considered, Benito Juarez International Airport (Mexico
City), a major transit hub, shows far more significant disruption, despite having shorter ash
durations. This highlights that longer ash exposure does not necessarily equate to greater

operational impact, especially if the affected airport serves few passengers.
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This aligns with previous research Guffanti et al. (2009), which focused on how frequently
volcanic ash has disrupted air travel, rather than the volume of passengers affected. That study
identifies Ted Stevens (Alaska) and Tokua Airport (Papua New Guinea) as among the most
frequently disrupted airports. However, both are relatively small airports in terms of
passenger traffic, so while they may be operationally affected often, the scale of impact on

commercial air travel is limited when compared with major international hubs.

4.3.1 Fontanarossa

Monthly passenger data from Fontanarossa Airport, Sicily reveals distinct temporal trends,
with peaks during the summer months, likely attributable to the holiday season (Dobruszkes
et al., 2022). Statistical analysis confirms that the timing of a volcanic eruptive event
significantly influences the number of passengers impacted. This is particularly relevant given
Fontanarossa’s proximity to Mount Etna, one of Europe’s most active volcanoes. However, this
seasonal variation is not uniformly observed across all airports. Research indicates that only
around 36% of airports worldwide exhibit significant seasonality, with major transit hubs,
particularly those serving both business and leisure travel, less affected by fluctuations
(Dobruszkes et al., 2019). This suggests that while seasonal patterns are evident at certain

regional airports like Fontanarossa, they do not reflect global airport trends.

Island territories are particularly vulnerable to volcanic ash-related disruption due to limited
transport alternatives. The 2010 eruption of Mount Merapi exposed this weakness in
Indonesia, where the closure of Adisucipto Airport highlighted the limited capacity of the
surrounding infrastructure (Technical Report 4.1). Alternative airports like Surakarta and
Surabaya required long overland transfers, reducing their effectiveness and revealing the
challenges of maintaining connectivity during major volcanic events (Picquout et al., 2013).
This highlights how eruptions near airports in such regions can have a greater impact on air

travel and the wider economy than airports with more accessible alternatives.

A better understanding of the full impact of volcanic ash and its associated risks to aviation
will support scientific development and, in turn, lead to improved operational responses
(Witham et al., 2024). With this knowledge, identifying regions with the highest level of
disruption is crucial, as highlighted by previous hazard mapping efforts (Bossi et al., 2024),
which stresses the importance of enhanced monitoring in hazard hotspots. This alongside the

improved detection rate provided by new satellite technologies supports more effective
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hazard assessment and early warning systems for both large and small eruptions limiting

disruption.

4.3.2 Other considerations

Additional external factors also complicate the assessment of volcanic ash impacts. At
Fontanarossa, passenger numbers declined significantly following the COVID-19 pandemic, a
trend reflected globally, with some studies reporting reductions of up to 43% compared to
2019 levels (Bielecki et al., 2020). Similarly, a sharp drop in passenger numbers during July
2023 could be attributed to an airport fire (Vagnoni and Amante, 2023) . These external shocks
illustrate how factors beyond volcanic activity, such as pandemics and economic downturns
can significantly alter the number of people affected by an ash-related disruption. Moreover,
it is not only airports with high passenger traffic that are vulnerable to closures; airports with
significant cargo flight operations can also experience substantial disruptions and economic
impacts due to their critical role in global supply chains (Budd and Ison, 2023; Jani¢, 2019).
For example, Ted Stevens Anchorage Airport was the world’s fourth-busiest cargo airport in
2021, serving as a vital hub for goods between Asia and North America (McKinley Research,

2023).

4.4 Limitations

Whilst this work assessed the impact of explosive volcanic events on aviation, there are
several key areas of the study which could be improved. Firstly, only those VAAs which
included observations of volcanic ash extent were included which means that some events
may have been missed. This is a common challenge when working with real world data, which

often contains missing data and has data formatting issues (Liu and Panagiotakos, 2022).

In addition, if VAAs were in close proximity to an airport, they could have been considered to
be disruptive as the airports data were marked as a point, which has zero area, rather than a
polygon showing the extent of the airport, so if an advisory was very close to a point, the ash
could lie within the airport perimeter, but not been included in the analysis. In future studies,
applying a buffer around each airport point could better represent the true spatial extent of

the facility and improve the accuracy of impact assessments.

Lastly, this study used 2019 airport passenger traffic, while the analysis of VAAs covered 2020

to 2025, including the first two years of the COVID-19 pandemic. This temporal mismatch may



25

overestimate the number of potentially affected passengers, however the global decline in air
travel during the pandemic was relatively uniform across airports. As such, the proportional

impact between locations is likely preserved, limiting uncertainty in the comparative analysis.

Conclusion

This study analysed global VAAs from January 2020 to May 2025, revealing relationships
between eruption characteristics, ash cloud distribution and disruption to aviation. Results
confirm that stratovolcanoes with andesitic compositions more commonly produce large-
scale ash events, consistent with established eruption databases. Importantly, this research
expands existing knowledge by incorporating satellite-derived VAA data, capturing smaller-

scale eruptions often omitted from deposit-based records.

Spatial analysis highlighted regional disparities in ash detection and impact, with Washington,
Darwin and Tokyo VAACs issuing the most advisories. However, the severity of disruption was
not solely determined by ash duration or extent. Airports with high passenger throughput,
particularly in remote or island settings with limited alternatives, may experience greater

operational impacts.

While limitations in passenger data constrained precise quantification, the study provides a
replicable framework for assessing volcanic ash impacts using VAA and aviation data. Future
work could incorporate flight path analyses to better understand the effect of ash on aviation,
improving disruption forecasting and mitigation strategies. Overall, these findings improve

understanding of the spatial extent of volcanic ash and their impact on aviation.
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Introduction

This report complements Part | of the dissertation (Research Paper) and is divided into six
sections. Section 1 presents an extended literature review. Section 2 details the materials,
methodology, and software used. Section 3 conducts a sensitivity analysis. Section 4
introduces a risk matrix highlighting the airports most at risk. Section 5 presents a case study

on the Hunga Tonga eruption. Section 6 outlines the projects future.

1. Extended Literature Review

1.1 Past Experience of Volcanic Ash Advisories
Increased awareness of volcanic ash hazards to aviation was significantly driven by two major

inflight encounters in 1982 and 1989. In 1982, Mount Galunggung in West Java erupted,
producing a moderate-sized ash cloud that caused major disruptions (Sudradjat and Tilling,
1984). On June 24 and July 13 1982, two separate Boeing 747 aircraft encountered volcanic
ash. One, British Airways Flight 9, lost power in all four engines and descended thousands of
feet before the crew successfully restarted the engines and landed safely. A second plane also
experienced the failure of three engines. Despite the eruption’s moderate scale, the events
highlighted the severe risk volcanic ash poses to aviation and triggered a growing international

concern (Gourgaud et al., 2000).

This concern was underscored again during the 1989-1990 eruption of the Redoubt Volcano
in south-central Alaska (Power et al., 1994). Between December 1989 and February 1990, five
commercial jetliners suffered damage after flying through volcanic ash clouds (Miller and
Chouet, 1994). The most serious incident occurred on December 15 1989, when KLM Flight
867, a Boeing 747 en route to Anchorage, lost power in all four engines after flying into a
dense ash plume. Although the crew managed to restart the engines and land the aircraft
safely, the estimated cost of damage exceeded $80 million. While Anchorage International
Airport remained operational, most airlines suspended services until coordination and

communication among federal agencies improved (Casadevall, 1994).

Following these high-profile encounters and a rapid growth in jet travel, significant global
attention was focused on volcanic hazards affecting aviation. The near-disasters of British
Airways Flight 9 and KLM Flight 867 prompted the development of formal communication

systems and monitoring networks. This led to the establishment of Volcanic Ash Advisory



Centres (VAACs) by the International Civil Aviation Organisation (ICAO) and the World
Meteorological Organisation (WMO) in the early 1990s, aimed at safeguarding international

air traffic (Fearnley et al., 2018).

1.2 Volcanic Ash Advisory Issuing Process
This new system consists of three core components: observation, advisory, and warning

(Figure 1).
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Figure 1: Information Flow between different stakeholders in response to a volcanic eruption (Witham et

al., 2024).

1.2.1 Observing
The observing component includes the ground-based monitoring, satellites detection and in-

flight reports to detect volcanic eruptions and ash clouds. This information is rapidly shared

with Air Traffic Control, Metrological Watch Offices and VAACs (Hufford et al., 2000).

1.2.2 Advisory
This involves the VAACs producing advisory products, such as the Volcanic Ash Advisory (VAA)

and its graphical counterpart (VAG) (Figure 2). These advisories provide information on the
ash clouds location and activity, the current and forecasted position of ash clouds, plume

height, observation sources and the expected timing of the next update (Millington et al.,



2012; Watkin, 2003; Witham et al., 2024). The products are used by Meteorological Watch

Offices and Air Traffic Control to support aviation decision-making.
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Figure 2: VAA during the 2010 Eyjafjallajokull eruption on the Thursday 15th April 2010 (Met Office,
2010).

To generate these forecasts, observational data is fed into atmospheric dispersion models,
which simulate the transport and deposition of ash clouds. These models are driven by
numerical weather prediction data from meteorological sources (Witham et al., 2012). For
instance, the London VAAC uses the NAME (Numerical Atmospheric-dispersion Modelling
Environment) model to simulate ash movement. During the 2010 Eyjafjallajokull eruption, this

model was run continuously to predict the ash cloud's trajectory (Millington et al., 2012).

1.2.3 Warning
This component delivers warnings to aircraft and air traffic management through two key

message types: SIGMETs, issued by Meteorological Watch Offices to report aviation weather
hazards, and NOTAMs, issued by Area Control Centres to communicate changes in airspace

status related to volcanic activity (Lechner et al., 2018).



2. Extended Materials and Methodology

2.1 Software
To complete the project efficiently, a range of open-source software tools was selected. These

tools were chosen based on their ability to handle large geospatial datasets, integrate with

each other and provide flexibility in data analysis and visualisations and reproducibility.

2.1.1 Visual Studio Code
Visual Studio Code was used as the integrated development environment for the project. It

provides cross-language support (R, SQL, and Python), Git integration and was compatible
with the Universities Linux system. This made it well-suited for managing a heterogeneous
codebase across local environments, making it an ideal platform for managing the various

components of the project.

2.1.2 Python
Python served as the scripting language as it is very suitable for data wrangling,

transformation and pre-processing (Gagolewski, 2025). The workflow primarily relied on the
(geo)pandas libraries for handling the data, which offers robust data structures and functions
for parsing a cleaning data (Bernard, 2016). Alternative libraries such as PyJanitor could have
been implemented which offer extensions for pandas for data cleaning, dataset merging and
empty row removal (Pappil Kothandapani, 2021). However, as the datasets were in a decent
format, these additional libraries were not needed. Pandas was supplemented with geospatial
libraries such as Shapely for spatial operations (e.g. union) and Datetime for manipulating

temporal indices.



Table 1: Python Libraries

Libraries Description

pandas Data manipulation and analysis using tables (DataFrame), including filtering,
grouping, and 1/0.

geopandas Adds geospatial support to pandas; enables spatial joins and geometry
operations.

shapely Handles geometric objects (e.g. points); used for buffering, unions and
intersections.

matplotlib  Creates static plots and maps; often used to visualise geospatial or tabular

data.
pyproj Transforms coordinate reference.
logging Tracks code execution and outputs messages for debugging and monitoring.

datetime Manages date and time data; used for parsing and formatting timestamps.

collections Provides advanced data containers like defaultdict for efficient data handling.

2.1.3R
R was used as the primary environment for statistical analysis and graphical visualisation. Its

libraries (e.g., ggplot2, dplyr, sf) enabled both spatial and non-spatial data manipulation.
Additionally, R’s support for data formats like GeoJSON and CSV ensured smooth integration
with geospatial datasets. The decision was further supported by evidence that ggplot2
facilitates the creation of clear and interpretable graphics, particularly for complex or faceted
data (Myint et al., 2019). While Python’s seaborn library also offers analytical tools and
integrates well with the broader Pythons data ecosystem (Waskom, 2021), R was chosen due
to prior familiarity. Nevertheless, future work may consider adopting Seaborn as it offers

better interoperability with other parts of the workflow.
2.1.4 SQL (Duck DB)

SQL was used to create queries that explored relationships between volcanoes and ash clouds.
SQL’s reusability made it ideal for rerunning simple queries and exporting results to file
formats suitable for downstream analysis. DuckDB was chosen as the SQL engine due to its
lightweight design and seamless integration with Python. Unlike traditional database systems
(Oracle and PostgreSQL), DuckDB allows queries to be executed directly on files such as CSV

and GeolJSON, eliminating the need to first import data into a separate database. This



significantly streamlined the workflow and reduced preprocessing time (Raasveldt and

Muhleisen, 2019)

2.1.5 Forth
The Forth high-performance computing (HPC) system at the University of Edinburgh was

utilised to run computationally intensive tasks. It significantly reduced processing time and
allowed other scripts to be worked on concurrently while the main program was running,

without the system crashing.

2.1.6 Alternatives
Comprehensive platforms such as Esri’s ArcGIS Pro and QGIS offer many of the same analytical

capabilities available in Python or R. However, they often lack the same level of customisation
and repeatability. In many cases, rerunning processes in these “black box” environments
requires manually re-entering or adjusting parameters, which can be time-consuming and
error prone. In contrast, scripting languages like Python allow for batch operations, parameter
control, and reproducible workflows through version-controlled scripts (Boeing and Arribas-
Bel, 2021). Although ArcGIS Pro includes Model Builder, which allows users to chain multiple
processes together, it still lacks the flexibility and scalability provided by code-based

workflows.

2.1.7 Reproducibility
A key consideration in the selection of software was their ability to support repeatable and

adaptable workflows. Given that the input datasets are subject to ongoing updates, it was
essential to develop robust and flexible code capable of handling these changes and producing
accurate, up-to-date results with minimal manual intervention. By relying on scripting
languages and modular code structures, the workflow ensures that analysis steps can be rerun
efficiently as new data becomes available. The codebase is available on the M:Drive under the
directory ‘dissfinal’.AREADME fileisincluded to provide guidance on the code structure
and usage as this code is intended to be used for future research purpose, or may need to be
updated in case of the issue of new advisories or updated airport data. The code is all written
in clearly defined functions, within several well commented scripts which can be executed

from a single command line passer.



2.2 Materials

2.2.1 Volcanic Ash Advisories
The VAA dataset was provided by the British Geological Survey, offering recent and up-to-date

records related to ash dispersion and advisory notices. While the temporal range of this
dataset was limited, it was sufficient for conducting a focused analysis of geographic patterns
and volcano—ash cloud relationships. Expanding the temporal coverage through a custom
database and automated data scraping could have increased the sample size; however, the

existing dataset was considered adequate for identifying meaningful global trends.

2.2.2 Holocene Volcanoes
The Smithsonian Institution Global Volcanism Program database was chosen as it is offers

comprehensive global coverage, standardised reporting, and frequent use in peer-reviewed

geoscience research (Engwell et al., 2021)

2.2.3 Airports
Two datasets were evaluated for representing aviation infrastructure. An initial dataset

containing 9,967 global airport locations included many low-traffic or non-commercial
airfields (e.g. Duxford Airport, UK), which were not relevant for this study. A second dataset,
provided by the World Bank, was selected for its greater relevance. It included 2,175
commercial airports along with passenger volume statistics, allowing for the assessment of
potential ash-related disruption. Additionally, monthly data for Fontanarossa was included to

provide a breakdown of impacted passengers on a monthly basis

2.2.4 Data integration inconsistency
Combining datasets from different fields often presents significant challenges, including

inconsistent data formats, incompatible classification systems, and mismatched naming
conventions (Putrama and Martinek, 2024). In this study, joining the VAAs, Holocene volcano
records, and airport datasets presented several methodological challenges, as each was
developed for different end users from scientists to civil aviation authorities, resulting in
varying naming conventions and classifications systems. For example in the volcano dataset,
Hunga Tonga is listed as HUNGA TONGA-HUNGA HA'APAI 243040, whereas in the VAAs
dataset, the name appears as HUNGA TONGA-HUNGA, with the ID 243040 recorded
separately. As a result, the script needed to extract and match numerical identifiers to join the

two datasets. Additionally, elevation was recorded in meters in the volcano dataset, while the



VAA dataset reported height in flight levels (FL), representing hundreds of feet, in line with

standard aviation practices.

Despite these technical hurdles, the integration of these datasets presents a unique
opportunity to combine domain specific knowledge, offering a more holistic understanding of
volcanic hazards, their spatial patterns, and their potential impacts on aviation infrastructure.
This kind of cross domain data fusion not only supports more informed decision making but

also enables new avenues for interdisciplinary research (Y. Zheng, 2015).

2.3 Methodology
This section gives details the extended methodology, providing additional insight into how and

why decisions are made at each step. Figure 3 shows the overview of the methodology. See
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Figure 3: Overview of methodology: (Orange) raw files. (Purple) python scripts. (Red) new data.

2.3.1 Volcanoes and Airports
This script transforms a CSV file into a GeoJSON using pandas so that it could integrated with

other datasets as they include a dedicated geometry column, making it suitable for mapping

and spatial analysis.

The script loads the data into a pandas DataFrame and uses the Shapely library to extract
geographic coordinates as point geometries. The coordinate reference system (CRS) is then
settoEPSG: 4326 toensure spatial consistency, asEPSG: 4326 is widely used in geospatial

research and is a standard in many scientific publications (Ye et al., 2016).



2.3.2 VAAs.py
The script processes the VAAs GeoJSON provided by the BGS to prepare it for analysis. It

begins by applying the clean date () function which uses a Boolean mask with
pd.series.str.contains () to filter out rows with keywords like “"EXERCISE” or
“TEST” inthe remarks and status fields. This step is performed first to reduce the DataFrame
size and minimise computational load. Next, the script corrects geometries that cross the anti-

meridian, as Python initially misinterprets these polygons, preventing them from wrapping

around the 180° meridian correctly (Figure 4).

Figure 4: World map displaying VAAs with incorrect geometries, illustrating issues related to date-time
formatting and spatial misalignment.

To correct VAAs that crossed the anti-meridian line, the shiftgeometry () function was
applied. The function iterates over the geometries, adding 360° to longitudes less than 0°,
shifting the coordinate system from - 180° to 180° scale to a 0 ° to 360° scale. This resolves
geometry distortion, which would otherwise cause some VAAs to appear with exaggerated
spatial extents. An alternative solution could involve using a coordinate reference system that
handles anti-meridian distortions, such as a Polar Stereographic projection (Figure 5).
However, such projections are centred on the poles and result in maps what are difficult to

interpret for global scale analysis.
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Figure 5: World map displaying VAAs using the Polar Stereographic projection (EPSG:3031).

To understand how plume height influenced the affected area, plume height above vent
needed to be calculated, as volcanoes vary significantly in elevation. For instance, Tipas
(Argentina) sits at over 6,500 m above sea level, while the Udintsev Transform (Pacific) is
located at —5,700 m. Therefore, comparing plume height by flight level (FL) alone, as reported

in advisories, does not accurately reflect volcanic explosivity.

To calculate the height in meters, the calculate height () function converted the
advisory flight level (FL) to meters, aligning it with the elevation units in the volcano database.
The volcano’s elevation was then subtracted from the converted FL height to determine the

plume height above vent for each advisory.

To calculate the area of the VAAs, the function calculate area () function uses the
PyProj.Geod class, which accounts for the Earth’s curvature by relying on an ellipsoidal
Earth model. The function iterates over each geometry in the series and calculates area in
square meters, which is then converted to square kilometers (1 m? = 1e-6 km?2). This method
was chosen over the more common gdf . area approach because the dataset is in decimal
degrees and spans a 0—-360° longitudinal scale to accommodate anti-meridian inconsistencies.
Using gdf .area would require projecting the data to a metric system like Mercator for
accurate area calculations. However, due to inconsistencies and the need to maintain

polygons on a 0—360° longitudinal scale, this projection was not feasible.

2.3.3 VAAs and Holocene Volcanoes
To link the VAA data with the Holocene Volcano dataset, a unique identifier is required. The

join data () function achieves this by extracting the Volcano ID from the
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Volcano Name column using a regular expression with str.extract () and then

converting it to a float (Table 1).

Table 2: Example of new column to store Volcano ID

Volcano Name Volcano ID

HUNGA TONGA-HUNGA HA’APAI 243040 243040

This approach was preferred over directly matching Volcano Name, as spellings can vary
depending on the VAAC issuing the advisory. For example, the Wellington VAAC spells the
name as HUNGA TONGA-HUNGA HA’APAI, while Darwin VAAC records it as HUNGA TONGA-
HUNGA HAA'APAI. Using Volcano ID (e.g., 243040 in this case) ensures consistent

identification and accurate assignment of ash clouds to the correct volcano.

An alternative approach would be to keep the datasets in separate tables and use an SQL
query to join them via Volcano ID as the primary key (Figure 6). However, since the
datasets are relatively small and did not require multiple joins, the tables were merged to

simplify downstream analysis.

SELECT *
FROM VAA
JOIN Volcanoes

ON VAA.Volcano ID = Volcanoes.Volcano ID;

Figure 6: Example of SQL query to join multiple datasets together.

To address the research questions, the analysis was divided into two paths: Path 1 examined

volcano—ash cloud characteristics, while Path 2 focused on the impact on aviation.
Path 1: Volcano — Ash Cloud relationship

2.3.4 Grouping
To analyse patterns and trends in VAAs, individual advisories were grouped into eruptive

events. An event was defined as a sequence of VAAs in which each advisory was issued within
6.5 hours of the previous one, six hours being the standard interval for reissuance when ash

remains in the atmosphere, with an additional 30 minutes to accommodate potential delays.
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To group VAAs into eruptive events, a defaultdict was used to organise all features by
their associated Volcano ID. For each volcano, advisories were sorted chronologically
using dateutil.parser.parse () on the observation dtg field. The code then
iterates through each temporally ordered group, comparing the time difference between
consecutive advisories. If the time difference between two observations exceeds six and half
hours (timedelta (hours=6.5)), a new group is initiated. Otherwise, the event is

appended to the current group.

Each resulting cluster of temporally proximate advisories is assigned a unique group identifier
in the format {volcano} group {n}, which is stored in the feature’s property
dictionary under the key group id. This embedded metadata allows for downstream

grouping, filtering, and event-based analysis while maintaining a flat GeoJSON structure.

2.3.1 Duration Calculation
The duration of each group could not be determined by calculating the number of advisories,

as some were issued more frequently than the standard six hour interval. Instead for each
group 1id, the observation dtg was extracted and parsed as a datetime object. The
duration of each group was then calculated as the time difference between the earliest and
latest timestamps. An additional six hours was added to each group’s duration to account for
the assumed persistence of the final advisory, capturing the full impact of the last reported

event.

The computed duration was then assigned to each advisory within the group. Durations were
converted from seconds to days, rounded to two decimal places, and stored as a new

attribute.

2.3.2 Minimum and Maximum Flight Level Calculation
To calculate the minimum and maximum flight level within each group of advisories, a

dictionary fl1 per group was created to store lists of height above vent values
grouped by their associated group id. The script iterates through each feature, extracts
the group_id and height above vent from the feature’s properties, and appends the
height to the appropriate group. Once all heights were collected, two dictionaries were
constructed: one (top fl min) which stores the minimum height per group, and

(top_f1l max) which stores the maximum.
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2.3.3 Group area calculation
Once the VAAs were assigned a group id, they were grouped together, to get a singular data

entry for each event. This was accomplished using the groupby (‘group id’) function
to group advisories, followed by aggregation using an agg_dict. This dictionary returned
the first value for each metadata attribute within a group, since attributes other than height

and area (e.g., volcano name, location) remained consistent within a group.

As each group could contain multiple advisories with multiple polygons, the total ash cloud
area had to be recalculated. This was achieved using the Shapely union operation, which
merged all polygons within a group into a single geometry representing the total spatial extent

of the ash cloud (Figure 5).

- j Karymsky ; Karymslky

Figure 7: VAAs within a group (left) and after merge (right), demonstrating union tool at Karymsky, Russia
(Lechner et al., 2018).

An alternative approach could have involved using a MultiPolygon, which allows a
GeolJSON feature to contain multiple polygons. However, calculating the area for each
individual polygon in this format would risk double counting, as overlapping regions from

multiple advisories within the same group could be included more than once.

2.3.4 Airport Analysis (Path 2)
To identify the impact of VAAs on airports, only the VAAs that intersected with an airport were

selected for analysis. As if VAAs were grouped using the Path 1 grouping, cases could arise
where only a small subset of advisories (e.g. 2 out of 10) intersected with an airport. In such
cases, using the full eruption duration would overestimate the actual exposure at the airport

and produce misleading results.
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To select the overlapping VAAs a spatial join ‘gpd.sjoin’ wasused withthe “contains”
predicate, which selects only those VAAs that contain airport points. Once the VAAs were
reduced to overlapping polygons only, they were grouped using the same approach as
described above, with one key exception: airports, rather than volcanoes, were used as the
aggregation units. This accounts for the possibility that multiple advisories from different
volcanoes may affect the same airport. The Orig column, containing the unique IATA airport
code was used instead of airport names to reduce the risk of errors from inconsistent

capitalisation or typographical variation.

2.3.5 Passenger disruption
To estimate the number of passengers affected during the ash clouds duration at each airport,

the passenger traffic data was taken, and using the function seats per day(),the
number of passengers was divided by 365 to produce an estimate of the daily seat capacity at

each airport.

To estimate the impact of the ash duration (estimated number of passengers affected per day),
ash duration in days was multiplied by the seats/day to provide an estimate into how many
travellers were affected during each ash event. Results were rounded to whole numbers, as

decimal values did not provide additional insight.

3.3.6 Alternative approach
An alternative approach could be used if higher resolution data, such as monthly or daily

passenger traffic per airport were available. This would allow for more accurate estimates of
the number of affected travellers. In Python, such an approach could be implemented using
time series resampling in pandas (e.g. resample ('D"') ) to model passenger flow on a daily
scale timescale. However, this would introduce additional complexity including data cleaning,

time zone normalisation and interpolation of missing values.

Although this method was not applicable to all airports, monthly passenger data was available
for Fontanarossa Airport (CTA), which experienced one of the highest levels of disruption. To
focus on this case, the script filtered out all VAAs that did not affect CTA. The monthly
passenger dataset was pre-processed by converting the date format to match that of the VAA
data. A left join was then used to merge the two datasets on the YearMonth field, ensuring
that all months with available passenger data were retained. Months without recorded ash

events were assigned an ash duration of zero.
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2.3.7 Plotting and Graphical Decisions
Several key considerations guided the creation of the figures to ensure clarity and ease of

interpretation. First, consistent colour schemes were applied across all graphs; each rock type
or VAAC was assigned a fixed colour to facilitate comparison. Second, logarithmic scales were
used on the x-axis for most plots to accommodate the wide range of ash duration values,
especially given the unusually large eruption from Hunga Tonga, which introduced significant

disparity in the data.
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3. Sensitivity Analysis

Assessments of aviation disruption caused by volcanic ash are highly sensitive to assumptions
about the spatial extent of ash clouds, as satellite data may not accurately capture their full
dispersion (Mastin et al., 2022). This sensitivity analysis evaluates how increasing the size of
VAAs, to account for uncertainties in ash dispersion observations, influences estimate of

disruption (Tortorelli and Michaleris, 1994).

3.1 Method

To account for uncertainties in ash cloud boundaries, buffer zones of 1 km, 5 km, and 25 km
were applied around each cleaned VAA. These expanded advisories were then processed
through the airport analysis workflow to evaluate how changes in advisory size affect the

number of airports classified as at risk. (Step:2.3.4).
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Figure 8: Top 30 airports with the most disruption. Each line represents an incremented increased buffer.
For most airports, the number of impacted passengers increases gradually with buffer
distances of 1,000 m and 5,000 m. However, at a 25,000 m buffer, several airports, including

La Aurora International, Juan Santamaria International, and Hermanos Serdan International

experience a marked increase in disruption.
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3.2 Regression Analysis
Regression analysis was used to conduct a sensitivity analysis of how buffer distance

influences airport passenger volumes. By treating buffer distance as the predictor and
passenger throughput as the response variable, this approach quantifies the extent to which

spatial assumptions affect estimated operational impact.

Linear regression analysis was conducted to examine the relationship between base advisory
and impact estimates at varying buffer sizes (1km, 5km and 25km). The models for smaller
buffer sizes (1 km and 5 km) demonstrated exceptionally strong correlations with the baseline,
explaining over 97% and 99% of the variance respectively (R>=0.9711 and 0.9976), with highly
significant p-values (< 2 x 107'®). In contrast, the largest buffer size (25 km) showed a
significantly weaker association (R? = 0.5704), despite a statistically significant positive slope
(p <2 x107'). These findings indicate that small spatial uncertainties do not substantially alter
estimates of the number of impacted people; however, beyond a threshold, uncertainties

begin to meaningfully affect impact assessment.

While global sensitivity techniques like the Fourier Amplitude Sensitivity Test also offer
comprehensive insights, their added complexity and computational cost are unwarranted in
this case, where the analysis focuses on a single input variable with a well-defined effect

(Christopher Frey and Patil, 2002).
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3.3 Case Study: Juan Santamaria International Airport, Costa Rica
Juan Santamaria International Airport ranks as the 14th most disrupted airport under baseline

conditions. When a 25 km buffer is applied to account for uncertainty in VAA modelling, it

rises to the 3rd most impacted airport. This substantial increase is attributed to the high

concentration of VAAs in the surrounding airspace (Figure 9).
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Figure 9: Juan Santamaria Intl airport and its buffers (Esri, 2025).

With a buffer of 1 km, only two additional VAAs affect Juan Santamaria International Airport.
This number increases to three with a 5 km buffer and rises sharply to 43 with a 25 km buffer.
These results underscore how incorporating uncertainty in advisory boundaries can
substantially alter the estimated impact on airports that initially appear only marginally
affected. In addition, although this study does not directly analyse flight paths, increasing the

buffer serves as a proxy for potential disruption, as airspace around an airport is likely to be

affected.
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4. Airports Most at Risk

The analysis could be further refined by incorporating the operational vulnerability of airports
based on their geographical context. Airports located in isolated regions, such as Ngurah Rai
in Indonesia, are more susceptible to disruption due to limited options for nearby diversions.
In contrast, airports situated in densely interconnected urban areas benefit from greater
routing flexibility, which reduces their relative vulnerability (Verma et al., 2014). Figure 10
illustrates the distribution of airports with alternative facilities located within a 100 km radius,

highlighting spatial disparities in operational resilience.

4.1 Method
To assess the availability of nearby alternative airports, each affected airport was buffered by

100 km and a spatial join was conducted with the full airport dataset to identify how many
airports fell within each buffer zone (Figure 10). To avoid counting the airport initiating the
buffer, one was subtracted from the resulting count. This adjustment ensures that airports are

not considered as alternatives to themselves.
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Figure 10: Airports with the highest disruption and number of alternative airports within a 100 km radius.

While the two most impacted airports, Fontanarossa and Benito Juarez Intl Airport have
relatively good rerouting options, the uneven impact of airport disruptions across island
regions underscores disparities in infrastructure resilience. More developed areas, such as
Sicily, benefit from extensive aviation networks and regional connectivity. In contrast, Ngurah
Rai, the primary gateway to Bali, is significantly more vulnerable, with only one major
alternative located on a separate island. Similarly, José Joaquin de Olmedo is one of four major

airports in Ecuador, of which two can accommodate large international aircraft (Logistics
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Cluster, 2025). Crucially, the presence of an alternative airport does not ensure sufficient
capacity to absorb diverted traffic. Many transcontinental aircraft require long runways and
specialised facilities that regional airports may lack (Narcizo et al., 2020). As a result, the
closure of a single hub can place considerable strain on surrounding airports, compounding
overall disruption. Moreover, Benito Juarez International has two alternative airports located
65 km and 80 km away, respectively. However, its nearest alternative is often affected by the
same ash event. This is a common occurrence, as volcanic ash clouds frequently extend far

enough to disrupt multiple airports within the same region.

4.2 Limitations
While the sensitivity analysis identifies airports at higher risk due to limited rerouting

alternatives, it does not account for the practical aspects of ground transport between
airports. For example, the closest airport to Fontanarossa is Tito Minniti Airport, located on
the southern coast of mainland Italy. However, despite its proximity in straight-line distance,
it may be less accessible than an airport located further away on the island of Sicily, which can
be reached more easily by road. For future work, the assessment of alternative airports should
incorporate two key criteria: the absence of ash contamination and realistic ground
accessibility. Rather than relying solely on straight-line distances, network analysis could be
employed to calculate real-world travel times and distances to the next closest suitable

airports (Fischer, 2004).

4.3 Proposed Development of a future tool to assess which airports are most at risk

4.3.1 What is a risk matrix?
To identify airports most susceptible to disruption, a risk matrix was proposed. Risk matrices

provide a structured and quantitative framework for assessing and prioritising hazards (Datta
and Mukherjee, 2001). By evaluating the probability, severity and exposure associated with
each risk, they help identify the areas of highest concern (Chartres et al., 2019). For example,
a risk matrix was effectively employed during the 2013 Salzach flood in Austria, enabling
authorities to prioritise resources and implement targeted mitigation strategies in advance of

the event (Spiekermann et al., 2015).

4.3.2 Volcanic ash and risk matrices
In this study, the risk matrix could identify vulnerable airports by accounting for both direct

factors and secondary factors, such as passenger volume and the availability of alternative
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airports for rerouting. This information could enable stakeholders to prioritise high-risk
airports and develop contingency plans, including establishing temporary inter-airport
connections and preparing secondary sites for increased passenger loads in the event of

closures (Datta and Mukherjee, 2001).

Assigning a risk-based management scale for airports would require a two-step approach, as
there are multiple influencing factors extended beyond the scope of traditional methods such
as Cox, (2008). Before calculating risk scores, the input data would have to be standardised
using Z-score normalisation to address high variability among variables. This technique
transforms data to a common scale with a mean of zero and a standard deviation of one,
preventing variables with larger ranges from disproportionately influencing the results

(Gorricha and Lobo, 2012).

Standardisation Equation: X represents the original variable, u is the mean, o is the standard

deviation and Z is the standardised variable.

Once the variables were normalised, the World Bank’s equation was adapted to calculate a
composite impact factor, which was then integrated them into the risk matrix (World Bank,
2014). Risk at each airport was computed by multiplying passenger volume (exposure) by
distance to suitable alternative airports (vulnerability).

Impact = Exposure x Vulnerbility

With standardised risk scores for each airport, values would need to be classified into Low,
Medium, and High Impact. A risk matrix could then be constructed with two axes representing
probability and level of risk, with probability estimates derived from historical VAAs data.
These results then help identify which airports require the most comprehensive contingency

planning.



Table 3: Risk Matrix

Risk

Low Impact | Medium Impact | High Impact
> Low Risk of Closure LOW (1) LOW (2) MEDIUM (3)
:-‘_% Medium Risk of Closure | LOW (2) MEDIUM (4) HIGH (6)
g High Risk of Closure MEDIUM (3) | HIGH (6) HIGH (9)

22
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5. The 2022 Hunga Tonga-Hunga Ha’apai eruption

5.1 Background
On January 15 2022, Hunga Tonga-Hunga Ha’apai (HTHH), a submarine volcanic located

between the uninhabited islands of Hunga Tonga and Hunga Ha'apai, erupted and generated
one of the largest ash clouds of the past century (Amores et al., 2022). The eruption generated
ash plumes that reached altitudes of 58 km. Among its ten eruptive events, the two largest
covered areas of 16,462,486 km? and 13,370,547 km?, respectively together exceeding the
combined coverage of the next 30 largest eruptions. Moreover, the average area affected by
a typical eruption is approximately 8,000 km?, making HTHH's largest event over 2,000 times

larger.

5.2 Impact of Aviation
Although this was the largest volcanic event during the study period, its impact on aviation

was limited compared to eruptions such as those from Mount Etna. This is primarily due to
three factors. First, the volcano is located in the South Pacific, far from major airports. Second,

despite its intensity, the eruption was brief, with significant activity limited between

* Airports
Hunga Tonga-Hunga Ha'apai

Figure 11: World map with Hunga Tonga Eruption and world airports.
December 20 and January 20. Third, the findings presented in this study are influenced by the
recovering effects of the COVID-19 pandemic, during which global air traffic was significantly

reduced (Dube, 2023).
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However, the eruption of HTHH generated powerful atmospheric waves, including gravity
waves and acoustic waves which propagated globally and caused significant atmospheric
fluctuations (Wright et al., 2022). These disturbances led to sudden and abnormal changes in
atmospheric pressure, posing serious risks to aviation navigation systems that rely heavily on

accurate air pressure measurements to determine aircraft altitude (Sun et al., 2024).

In aviation, altimeters calculate an aircraft’s altitude based on surrounding air pressure. While
sudden pressure changes caused by volcanic-induced atmospheric waves can lead to incorrect
altitude readings. For example, if atmospheric pressure suddenly drops, the altimeter may
indicate a higher altitude than the actual position, causing the aircraft to overshoot its landing
touching down farther than planned. Conversely, a sudden rise in pressure may show a lower
altitude, leading to an undershoot, where the aircraft lands short of the intended touchdown

zone (Ismanto et al., 2023).

While most of this study examines how volcanic ash affects aviation by analysing its impact on
airports, this case study highlights that major eruptions can influence aviation in ways other
than direct ash cloud exposure. Because such large-scale events are uncommon, it is more
effective to focus research on regions where ash-related disruptions are most frequent and

severe, as demonstrated in this study.

5.3 Possibility of greater impact
Had a similar event taken place near a major population area, it could have caused severe

social and societal damage. To assess the potential impact of such an eruption in a more
populated region, the Hunga Tonga—Hunga Ha’apai event was modelled as if it had occurred

over mainland Europe. (Figure 12).
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*  Airports

Figure 12: New projection transformation of HTTH on a world map.

The results showed 35 intersections with airports and an estimated 418,158 passengers
potentially affected. This underscores how a rare eruption of this magnitude could have a
severe impact if it occurred in a more densely populated region with numerous and frequently

used transport links.
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6. Future of the Project

Despite advancements in the integration of various data sources and technologies for VAAs,
significant challenges persist in ensuring that this information is both accessible and usable by
a wider range of stakeholders. Lechner et al. (2018) advocate for the consolidation of data
from multiple VAACs to establish a coordinated alert system, emphasising the importance of
real-time hazard information delivery to aircraft cockpits. Capponi et al. (2022) developed a
tool aimed at reducing flight disruptions by merging satellite observations with volcanic ash
dispersion and transport modelling. Meanwhile, Witham et al., (2024) highlight the necessity
of enhancing communication pathways between VAACs and Volcanic Observatories, alongside

implementing harmonized protocols for the dissemination of official advisories.

While a number of tools have been developed to support volcanic ash advisory systems, they
predominantly focus on operational stakeholders such as aircrews and air traffic controllers,
offering limited capabilities for cross-comparison of VAAs on a global scale or across temporal
dimensions. This limits effective interpretation and weakens hazard communication and risk
management strategies. Both Scaini et al. (2014) and Pallister et al. (2019) advocate for the
creation of a globally accessible hazard map, serving as a gateway to a comprehensive digital

platform that consolidates both real-time and historical VAA data for a broader user base.

My research demonstrates that it is feasible to compile all existing VAA information and
relevant airport data into a single data source. By using API keys, the system could be regularly
updated, ensuring real time accuracy. Additionally, user-driven analytical tools could be
incorporated, allowing users to explore patterns, compare events and make data-informed
decisions. This framework provides a foundation for future developments aimed at closing

existing communication and accessibility gaps in volcanic hazard monitoring.
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Appendix
1. Data Sources
1.1 Data Location
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Data is available on m:s2758252/dissfinal — with the omission of the VAAs data which is owned

by the BGS. Scripts are also available at freddiegi02 on GitHub

(https://github.com/freddiegi02/Diss.git)

1.2 File Structure

Name Description Supplier Format
Datasets
Airports Global Airports with pass no World Bank csv
Fontanarossa Monthly pass no Aeroporti Csv
vaa VAAs (2020 — 2025) BGS Geojson
Holecene_Volcs Holocene Volcanoes Smithsonian csv
Scripts

Airport_Buffer Airport Buffer Plotting .py
Airport_Transform Transform Airports .py
Fontanarossa_study Calc Impact each Month .py
Group Groups VAAs to Volcanic Event .py
Impact_Pass Calcs Impact People .py
Transform_HTTH Translates to over Europe .py
Heatmap_Airports Heatmap of VAAs and Airports .py
Heatmaps_Volcs Heatmaps of VAAs and Volcs .py
merge_buffer Merges the buffers .py
Plot_Map Plots VAAs .py
plot_union Plots Union Tool .py
Airports_Pass Airport Affected Graph ,r

Airports_Within

Airports close to each other

Area_Height

Area v Height Graphs

Area_Height_Graphs

Area and Height Graphs

Area_Time VAAs v Volcanic Event
Ash_Duration Ash Duration Impact
Fontanarossa Monthly Data at Fontanarossa

Most_Affected Airport

Most Affected Airports Graph

Sensitivity

Sensitivity Analysis




2. Datasets
2.1 Raw Data

Contains the data in their raw format
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2.1.1 Volcano
Volcano Number Volcano Name Country Volcano Region Volcano Province Volcano Landform
Activity Evidence Last Know Eruption Latitude Longitude Elevation Tectonic Setting
Primary Volcano Type | Dominant Rock Type

2.1.2 Airport Data
Orig Airport Name TotalSeats | Latitude Longitude

2.1.3 VAAs
File vaac volcano dtg speed
status aviation_colour_code | observed cloud _extent | observed_cloud_max_fl geometry
remarks info_source next_advisory forecast_cloud_extent_06hr | header
forecast_cloud_extent_18hr | area position observation_dtg base_fl
forecast_cloud_extent_12hr | eruption_details summit_elevation layer_id dtg_date
top_fl heading advisory_number

2.1.4 VAAC

vaac | geometry




2.2 Secondary Data

Contains the data once analysed and used for plotting and SQL queries

2.2.1 VAAs Processed

Volcano Number ‘Volcano Name ‘Country Primary Volcano Type Elevation (m) Dominant Rock Type
File vaac dtg observation_dt dtg_date' layer_id'
base_fl top_fl true_height | area_combined geometry
2.2.2 VAA Airport
Rock Type Elevation (m) Orig Primary Volcano Type TotalSeats Impact_People
Volcano Volcano Number area_combined | base_fl dtg dtg_date
File index_right layer_id observation_dtg top_fl true_height
vaac volcano group_id ash_duration_day Seats_Day

2.2.3 VAAs Groups

group_id Country Dominant Rock Type Elevation (m) Primary Volcano Type Volcano Name
Volcano Number area_combined | base_fl dtg dtg_date file
layer_id observation_dtg | top_fl true_height vaac volcano
ash_duration_day | top_fl_min top_fl_max geometry

2.2.4 Fontanarossa
pass_nos YearMonth | ash_duration_day
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3. Code Example

3.1 VAA processing script

import geopandas as gpd

from shapely.geometry import mapping, shape
import shapely

from pyproj import Geod

def

def

def

joined gdf.set

def

def

clean_data (gdf) :
return gdf [

~gdf['remarks'].str.contains ("EXERCISE|TEST", na=False,

~gdf['status'].str.contains ("EXER", na=False, case=False)

]

shift geometry(geom) :

if geom is None:
return None

def shift lon(lon):
return lon + 360 if lon < 0 else lon

def shift coords (coords):
return [(shift lon(x), y) for x, y in coords]

if geom.type == 'Polygon':
return shapely.geometry.Polygon (
shift coords (geom.exterior.coords),

[shift coords(ring.coords) for ring in geom.interiors]

)
else:
return geom

join data(vaa, volcano):

case=False) &

vaa['volcano number'] = vaal['volcano'].str.extract(r'(\d+)$').astype (float)
volcano['volcano number'] = volcano['Volcano Number']

joined gdf = volcano.merge (vaa, on='volcano number', suffixes=('_vaa', ' volcano'))
joined gdf =

return joined gdf

calculate true height (gdf) :

gdf.loc[:, 'true height'] = (((gdf['top f1']) * 100)
return gdf

calculate area(gdf) :
geod = Geod(ellps="WGS84")
areas_km2 []

for geom in gdf.geometry:
if geom is None or geom.is empty:
areas_km2.append (0)
elif geom.geom type == 'Polygon':
area, _ = geod.geometry area perimeter (geom)
areas_km2.append (abs (area) / le6)
elif geom.geom type == 'MultiPolygon':

/

3.281)

geometry ('geometry volcano') .drop(columns=['geometry vaa'])

- gdf['Elevation (m) ']

area total = sum(abs(geod.geometry area perimeter (poly) [0]) for poly in

geom.geoms)

def

areas_km2.append (area total / le6)
else:
areas km2.append(0)

gdf['area combined'] = [round(a, 2) for a in areas_ km2]

return gdf
clean_daa (gdf) :

gdf = gdf.drop([ 'Volcanic Region',
'Volcanic Province', 'Volcano Landform',

'Activity Evidence', 'Last Known Eruption', 'Latitude',

Setting',
'status', 'aviation colour code', 'observed cloud extent',

'observed cloud max fl', 'eruption details', 'remarks',

'next advisory', 'forecast cloud extent 06hr',

'forecast cloud extent 12hr', 'forecast cloud extent 18hr',

'Longitude', 'Tectonic

'info source',
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'position', 'summit elevation', 'advisory number', 'header', "volcano number",
" "
area",

'heading', 'speed'], axis=l)

return gdf
if name == "' main ':
vaa = gpd.read file("../../Data/vaa.geojson")
volcano = gpd.read file("../../GeoJSON/Holecene Volcano.geojson")

vaa = vaa.set crs("EPSG:4326", allow override=True)
volcano = volcano.set crs("EPSG:4326", allow override=True)

vaa_cleaned = clean_data(vaa)

vaa_ cleaned['geometry'] = vaa cleaned['geometry'].apply(shift geometry)
joined gdf = join data(vaa cleaned, volcano)

joined gdf = calculate true height (joined gdf)

joined gdf = calculate area(joined gdf)

joined gdf = clean daa(joined gdf)

joined gdf = joined gdf.to crs(epsg=4326)

joined gdf.to file("../../GeoJSON/vaa processed.geojson", driver="GeoJSON")



