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Abstract

Fire-induced air pollution—originating from wildfires and industrial fires—poses a rising
threat to public health and environmental systems. These episodic but increasingly fre-
quent events release hazardous mixtures of particulate matter and gases, often overwhelm-
ing existing monitoring and response infrastructures. Traditional approaches to air quality
sensing, health risk modelling, and emergency coordination are limited in spatial resolution,
real-time responsiveness, and system integration. This literature review investigates how ar-
tificial intelligence (AI) and autonomous systems can address these limitations by enabling
more adaptive, predictive, and interconnected fire pollution management strategies. Using
a structured thematic synthesis, the review analyses 128 papers across four domains: (1)
risks and impacts of fire-induced air pollution, (2) real-time autonomous systems for sens-
ing, forecasting, and simulation, (3) Al-enhanced health risk modelling, and (4) governance
and policy frameworks. Key findings reveal strong potential for UAV-based plume tracking,
multi-agent learning systems, and data-driven health forecasting, but also highlight persis-
tent gaps in regulatory readiness, system interoperability, and equity. The review argues for
a coordinated, Al-centric framework to improve environmental sensing, health protection,
and governance in fire-prone contexts.

1 Introduction

In recent years, uncontrolled fires in the ambient environment have emerged as a pressing global challenge,
driven by their rising frequency and severity. Both wildfires and urban-industrial fires are occurring at
increasingly destructive scales, associated with climate change, poor land management, and the consequences
of increasing urbanisation. Between 2003 and 2023, the frequency of the most extreme wildfires more than
doubled, with recent seasons ranking among the most severe ever recorded |(Cunningham et al.| (2024]). These
fires emit high concentrations of fine particulate matter (PMs 5 and PMjg), gases, and volatile organic
compounds (VOCs), that individually and in combination pose significant risks to public health, ecosystems,
and societal infrastructure Efimova & Rukavishnikov]| (2021));|Gao et al.|(2023). The impacts are not confined
to immediate burn zones—plumes can travel hundreds of kilometres and lead to degraded air quality across
regions. For example, stubble burning in Southeast Asia routinely affects air quality across multiple countries,
while the 2005 Buncefield oil depot fire in the UK produced a plume that was tracked across northern
Europe [Vautard et al.| (2007). Often the plumes disproportionately affect vulnerable populations |Griffiths
et al.| (2025)).

Despite increased concern, current air quality monitoring practice for emergency response purposes remains
inadequate where predictions about pollutant concentrations are needed to provide health protection advice.
Ground-based sensors routinely lack the spatial density to detect localised peaks, while satellite systems
suffer from latency and limited vertical resolution |[Efimova & Rukavishnikov| (2021); Nagvi et al.| (2023).
Dispersion modelling is used to provide the basis for health protection advice but frequently underestimates
pollutant concentrations in critical downwind areas |Bihatowicz et al. (2021). Thus, significantly elevated
pollutant emissions remain poorly characterised in real-time |Griffiths et al.| (2022). This makes timely public
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health risk assessments and health protection interventions difficult—particularly the response phase during
fast-evolving events such as wildfires and industrial fires (including landfill fires). Prospective public health
implications are substantial, with short-term spikes in PMs 5 linked to respiratory distress, cardiovascular
events, and increased mortality, with associated demand for clinical services [Hughes et al.| (2024)); [Moore
et al.| (2023). While some frameworks such as US EPA Air Quality Indices differentiate risk based on pre-
existing health conditions, existing health risk models may not fully capture acute exposure windows or
individual-level vulnerabilities, potentially leading to under-informed decision-making during emergencies.

Conceptual overview of current and envisioned fire-plume monitoring and response pipelines
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Figure 1: Conceptual contrast between current fire-plume monitoring and response pipelines (left) and
the integrated, real-time, human-centred system envisioned in this review (right). Existing approaches are
characterised by fragmented sensing, retrospective modelling, population-averaged health metrics, and rigid
governance structures. In contrast, the proposed paradigm integrates autonomous spatiotemporal sensing,
online forecasting and simulation, personalised health risk modelling, and adaptive, participatory governance
into a tightly coupled pipeline. The central arrows highlight the conceptual shift from static to adaptive,
generic to personalised, reactive to anticipatory, and fragmented to integrated systems.

While significant progress has been made in individual fields—such as satellite sensing, air quality modelling,
and health impact research—these advances often remain siloed, with limited integration across disciplines.
Few comprehensive efforts exist to integrate technological developments in autonomous environmental mon-
itoring with epidemiological modelling and public policy. This review addresses that gap. It seeks to
synthesise knowledge across environmental science, autonomous systems, artificial intelligence, and public
health in the context of uncontrolled fires in the ambient environment. The goal is to assess the current
state of the field, identify critical limitations, and explore how emerging technologies—particularly real-time
autonomous platforms and Al-enhanced analytics—can reshape our capacity to monitor and mitigate plumes
from uncontrolled fire events.

The scope of this review includes both wildfire and industrial uncontrolled fires to review their environ-
mental, chemical, and health impacts. It covers current and emerging technologies for real-time tracking
of fire plumes, including unmanned aerial vehicles (UAVs), multi-sensor fusion, and reinforcement learning
algorithms. It also evaluates the evolution of health risk modelling approaches, from traditional exposure-
response curves to personalised, dynamic risk assessments informed by AI. Finally, it considers the gover-
nance and policy frameworks that shape the deployment of these technologies, and the challenges involved
in integrating them into public health systems.
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1.1 Limitations of Existing Reviews and Research Gaps

A growing body of literature has examined the environmental, chemical, and health impacts of fire-induced
air pollution, as well as the development of sensing technologies and atmospheric dispersion models. Sev-
eral well-established reviews have synthesised evidence on the toxicological and epidemiological effects of
wildfire smoke exposure, including impacts on respiratory and cardiovascular health and population-level
mortality (Reid et al.,|2016; |Johnston et al.,|2012; Black et al.,|2017)). In parallel, other reviews have focused
on specific technical components of air quality monitoring, such as satellite-based remote sensing of surface
pollutants (Martin, 2008|) and atmospheric transport and dispersion modelling frameworks (Stein et al.
2015).

More recently, a separate body of review literature has emerged around the use of artificial intelligence and
machine learning for air pollution monitoring and prediction. These include systematic reviews of machine
learning and Internet of Things (IoT) approaches for outdoor air quality monitoring (Gryech et al., 2024),
interpretable machine learning methods for pollutant forecasting (Houdou et al.l [2024), and deep learning
architectures for air quality prediction (Zhang et al., 2024b)). Collectively, these studies demonstrate rapid
methodological progress in data-driven environmental modelling and sensing infrastructures.

However, these strands of research remain largely fragmented. Existing reviews typically examine environ-
mental sensing and atmospheric modelling, health impacts of smoke exposure, or Al-based pollution pre-
diction in isolation, without addressing how these components could be integrated into a unified, real-time
response framework for uncontrolled fire events. In particular, current reviews do not jointly consider how
autonomous sensing platforms, adaptive plume tracking, spatiotemporal forecasting, health risk modelling,
and governance mechanisms could be co-designed and operationalised as part of a coherent socio-technical
system.

To our knowledge, no existing review systematically synthesises these domains to examine how real-time
autonomous systems and Al-enhanced analytics can support end-to-end plume monitoring, exposure assess-
ment, and public health decision-making under the extreme dynamics of wildfire and industrial fire events.
This fragmentation limits both scientific understanding and the practical deployment of next-generation re-
sponse infrastructures. Addressing this gap is essential for developing fire management systems that are not
only more accurate and timely, but also more equitable, transparent, and actionable.

1.2 Contributions of This Review

This review makes the following key contributions:

e We provide a cross-disciplinary synthesis of research on fire-induced air pollution, autonomous sens-
ing platforms, Al-based plume forecasting, and health risk modelling, unifying perspectives that are
typically studied in isolation.

e We critically evaluate the limitations of existing monitoring and modelling paradigms, particularly
their inability to capture acute exposure dynamics and support real-time public health interventions.

e We survey emerging autonomous and Al-enabled systems for plume tracking, multi-agent coordina-
tion, and spatiotemporal forecasting, highlighting their potential to transform emergency response.

e« We examine how advances in health risk modelling can be integrated with real-time environmental
data to support personalised and context-aware decision-making.

o We analyse the governance, regulatory, and ethical challenges associated with deploying these tech-
nologies at scale, with particular attention to issues of trust, equity, and accountability.

The remainder of the review is organised as follows: Section [3] explores the risks and impacts of fire-induced
air pollution, including environmental hazards, emission profiles, and toxicological effects. Section [ focuses
on real-time autonomous monitoring, forecasting, and simulation systems, and their potential for high-
resolution plume tracking. Section [p| examines the landscape of health risk modelling and emerging data-
driven approaches. Section [] discusses governance challenges, regulatory gaps, and future policy directions.
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Together, these sections provide a cross-disciplinary synthesis aimed at informing the development of more
responsive, equitable, and intelligent air pollution management systems in an era of intensifying fire risks.

2 Methodology

This literature review adopts a structured thematic synthesis approach to evaluate interdisciplinary research
at the intersection of artificial intelligence (AI), fire-induced air pollution, environmental monitoring, health
risk modelling, and governance. The core objective is to examine how Al-enabled systems can enhance
real-time monitoring, plume forecasting, and decision-making related to airborne plumes from uncontrolled
fires and the associated risks.

2.1 Search Strategy

Because of its broad cross-disciplinary indexing and accessibility to recent advances in AI, autonomous
systems, and environmental science, Google Scholar was used for the literature search. A thematic, section-
based approach was adopted, whereby keyword searches were conducted separately for each major review
domain: (1) Risks and Impacts, (2) Real-Time Autonomous Systems, (3) Health Risk Modelling, and (4)
Governance.

Papers were systematically organised by thematic domain to enable iterative refinement of search terms and
cross-referencing between topics. Table [I| summarises the search strategy by thematic domain, including
representative keywords and the number of papers selected for each area. In total, over 30 distinct keyword
queries were used, producing a high-volume result set from which 128 papers were ultimately selected based
on relevance and coverage.

Table 1: Literature Search Strategy by Thematic Domain

Thematic Domain Representative Keywords Papers
Selected

Risks and Impacts (Sec- “air pollution fire”, “wildfire pollution”, “industrial 23
tion fires pollution”; “industrial fire air pollution UK”,

“frequency of wildfires”
Real-Time Autonomous  “autonomous vehicles environmental monitoring”, 84"
Systems (Section “drone plume tracking”, “UAV tracking fire”, “multi-

agent reinforcement learning”, “MARL drones”,

“UAV tracking MARL”, “spatiotemporal forecast-

ing”, “plume prediction”, “transformer air quality”,

” W

“wildfire simulation”, “CFD fire smoke plume”

Health Risk Modelling (Sec-  “AlI health risk modelling”, “AI health risk modelling 15
tion evacuation”, “Al health risk modelling gas plume
evacuation”, “fire plume citizen notification”

Governance (Section @ “Governance Frameworks AI Public Health”, “Com- 29
munity Engagement Public Trust AI”, “Bias Equity
Environmental AI”, “Coordination Failures Emer-
gency Systems Al”

Total unique papers 30+ keyword combinations 128

*Includes papers on autonomous platforms (19), reinforcement learning (17), forecasting (32), and simulation (16), with some
overlap between subtopics.

2.2 Inclusion Criteria

Papers were included if they contributed meaningfully to one or more of the review’s central themes, even if
they were not explicitly focused on fire events or Al technologies. Included papers addressed:
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e Air pollution from uncontrolled fires, including wildfires and industrial fires.

e Autonomous systems, environmental sensing, and Al-based decision tools, even if applied to ambient
air quality or environmental monitoring.

o Health risk modelling methods (including exposure-response functions and guideline threshold val-
ues) applicable to short-term or episodic pollution events.

o Governance, regulatory, and community frameworks related to environmental technologies or emer-
gency response.

Papers were excluded only if they were clearly unrelated to any of the thematic areas described in Section[2.3]
duplicated other work, or lacked academic or technical rigour.

2.3 Thematic Categorisation

Selected papers were organised into four major thematic domains, each representing a core pillar of the
review:

1. Risks and Impacts of Fire-Induced Air Pollution: This section addresses the sources, chem-
ical characteristics (emission profiles and plume composition), and health impacts from airborne
pollutants.

2. Real-Time Autonomous Systems: This domain includes four subtopics: (i) types of autonomous
platforms (e.g., UAVs, UGVs); (ii) sensing technologies for air quality and plume detection; (iii)
Al-based tracking and forecasting systems; and (iv) simulation environments, such as CFD and
multi-agent platforms used for fire dynamics and plume dispersion modelling.

3. Health Risk Modelling: Studies in this area include traditional and Al-enhanced health impact
modelling, short-term exposure forecasting, and decision-support systems for risk communication
and evacuation.

4. Governance and Policy: This category includes literature on public trust, regulatory frame-
works, coordination failures, ethical issues, and equity in the use of Al and autonomous systems for
environmental or health-related applications.

2.4 Potential Limitations

This review does not follow formal systematic review protocols and instead provides a curated, high-coverage
synthesis focused on emerging and interdisciplinary literature. Non-English sources and grey literature were
generally excluded. Non-peer-reviewed materials were included only when technically rigorous and directly
relevant to the review themes. Some specialised technical subfields (e.g., hardware engineering or combustion
chemistry) were only included when their relevance to Al-driven environmental sensing or health modelling
was specific and made a meaningful contribution to the review objectives. The emphasis remains on Al as a
unifying tool across environmental data acquisition, predictive analytics, and risk governance in the context
of fire-related air pollution.

3 Risks and Impacts of Fire-Induced Air Pollution

Uncontrolled fires generate complex and rapidly evolving air pollution hazards that extend far beyond the
immediate burn zone. These hazards are not only environmental, but also chemical, toxicological, and socio-
economic in nature, with impacts that vary spatially, temporally, and across population groups. This section
establishes the problem space that motivates the need for next-generation monitoring and response systems.
We first examine the environmental drivers and geographic patterns of episodic fires, then characterise the
composition and transport of resulting pollutant plumes. We subsequently review the associated health risks,
socio-economic burdens, and existing monitoring and management practices, highlighting their limitations
and the growing need for more adaptive, real-time, and integrated approaches.



Under review as submission to TMLR

3.1 Environmental Hazards and Episodic Fires

The scale of environmental challenges—such as climate change, land mismanagement, and industrial
expansion—has intensified the frequency and severity of episodic fires, including wildfires and urban fires.
These fires contribute significantly to transient air pollution events, posing risks to public health and ecosys-
tems. Their unpredictable and sporadic nature makes real-time monitoring and timely modelling difficult.

3.1.1 Wildfires
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Figure 2: Reprinted from [Cunningham et al| (2024, Fig. 1). Trends in extreme wildfire events (2003
2023) based on MODIS Fire Radiative Power (FRP) data: (a) Geographic distribution of extreme events
(>99.99th percentile of daily XFRP), (b) Frequency doubling trend with 95% CI, (c¢) Intensity increase in
top 20 annual events. Note: 2023 data excludes December.

Wildfires are among the most frequent and devastating uncontrolled fire types. Although these wildfires are
unpredictable, their causes and effects can be predicted by studying past events, with studies identifying
climate change to be the single greatest cause behind their increasing frequency in recent years. This notion
is supported by [Efimova & Rukavishnikov| (2021)), who assessed the smoke pollution caused by wildfires in
the Baikal region of Russia, revealing that climate change has intensified wildfires, leading to prolonged fire
seasons and increased air pollution. These regional observations are now corroborated by global satellite
data: |Cunningham et al.|(2024) demonstrate a 2.2-fold increase in the frequency of the most extreme wildfires
(top 0.01% by intensity) from 2003 to 2023 (Figure [2b), with the last seven years containing the six most
extreme fire seasons—a pattern consistent with accelerating climate impacts.

state that wildfire frequency is projected to increase by up to 50% globally by 2100 as a result
of climate change, based on global bioclimatic modelling of fire regimes under future climate scenarios (Kelley,
and UNEP assessments of landscape fire risks (Popescu et al., [2022). This projection aligns
with the observed biome-specific trends in Figure , where temperate conifer forests (including California)
saw an 11.1-fold rise in extreme fires—the highest of any biome. Similarly, Hughes et al.| (2024)) report that
61% of countries experienced increased wildfires between 2018-2021 compared to 2001-2004, while
note a UK government projection of 30%-50% higher wildfire risk by 2080. The consistency
between these regional studies and global MODIS data underscores climate change as the dominant driver
of intensifying fire regimes.
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As a result of climate change, wildfire activity has intensified in many regions in recent years. Many stud-
ies have identified North America, Australia, and the Amazon rainforest as notable hotspots for wildfire
disasters (Gao et al., [2024; |Jaiswal et all |2022; Yue et all [2024), with events such as the 2019-2020 Aus-
tralian bushfires and 2020 California wildfires among the most extensively documented (Chen et al., 2021a)).
Figure [2h quantifies this geographic concentration: the Nearctic (North America) and Australasia/Oceania
realms experienced 60% of extreme events despite covering only 20% of global burnable land area—a dispar-
ity reflecting climate-biome interactions. California in particular has seen a large increase in the frequency
of wildfires. A study by |[Naqvi et al.| (2023) also focuses on the 2020 California wildfire season, stating that
it was one of the worst on record, with a significant increase in the number of fires, reporting 9,917 fire
incidents, and burning a total of 1.77 million hectares of land. This aligns with the sharp upward trend in
Figure 2c, where the average intensity of California’s top 20 annual fires increased 2.3-fold over the study
period.

Another study by [Boaggio et al.| (2022)) mentions that the 2020 fire season saw widespread smoke covering
the West Coast for weeks, verifying the claims of Naqvi et al.| (2023). The same study by Boaggio et al.
(2022) also uses another example of California as a hotspot for wildfire disasters, mentioning that incident
activity significantly increased with over 3.5 million hectares burned in 2017 and 2018 alone. Although this
verifies California as a natural wildfire hotspot, it is not the only location that commonly hosts wildfire
disasters. Canada is also a highly affected location, with a study by Moore et al.| (2023) revealing that
in 2019 alone, 4,000 wildfire incidents, burning over 1.8 million hectares of land, took place. |Cunningham
et al./s (2024) identification of boreal forests as the second-most vulnerable biome (7.3-fold increase in extreme
fires) explains Canada’s escalating fire activity, linking it to climate-driven drying of northern peatlands and
conifer stands. A limitation of these studies is the lack of comparison between the causes and effects of
wildfires in multiple regions, as they all focus on a singular geographic location. Despite this focus, the
consensus seems to be clear that even though wildfires occur all around the world, there are areas which are
most predisposed to such incidents.

3.1.2 Urban Fires

Urban fires, comprised of industrial and residential sources, are among the most common and damaging un-
controlled fire types. Often caused by anthropogenic activities or errors, they are unpredictable and because
of their close proximity to populations may cause injury and mortality. To understand their distribution
and scope, data from the National Fire Protection Association (NFPA) provides a granular classification of
fire incidents by property type in the United States. As shown in Figure ] NFPA data from 2018-2022
reveals significant variations in fire frequency across different property categories. Outside or special prop-
erty locations (including open land, beaches, campsites, highways, streets, parking areas, bridges, landfills,
railroads, and construction sites) experience the highest number of incidents at 619,554 annually, followed
by residential properties with 552,240 incidents per year (National Fire Protection Association, [2023)).

While urban uncontrolled fires are typically smaller in scale than wildfires, their environmental and health
impacts can be just as severe due to the materials burnt and their proximity to densely populated areas.

Since 2009, across England, Scotland and Wales, the globally novel Air Quality Cell (AQC) has responded
to significant major air pollution incidents that could pose a threat to public health taking account of the
duration and severity of the burn, and the proximity of a population. Between 2009 and 2016, 76 AQC
incidents were recorded across the three nations (Griffiths et al., |2022).

Griffiths et al.| (2018) highlighted that industrial incidents were most likely at waste/resource management
facilities near populations and would involve materials recovered from urban waste streams, such as plastics,
tyres, and chemical waste, that when burnt, lead to a complex of chemical species that can have a negative
impact on human health (Griffiths et all 2022). Using back trajectory modelling for a tyre fire in an urban
area, |Griffiths et al| (2025)) have indicated that potentially thousands of residents could have been exposed
to hazardous concentrations of PMyg.

Policies related to the use of urban land and the spatial relationship between residential and industrial uses
exacerbate these risks.
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Figure 3: Fire Incidents by Property Type in the United States: Estimated Annual Averages 2018-2022
ftional Fire Protection Associationl, [2023]).

Similar trends are observed globally. In Poland, Bihalowicz et al| (2021) reported that 2018 saw 79 large
landfill fires involving mixed municipal and industrial waste (including general waste, plastics, tyres, recy-
clable materials, and construction debris), with very large fires increasing by 2.4 times and big fires by 2.6
times compared to the 2010-2017 average. This surge underscores how poor waste management and rising
waste generation rates contribute to environmental degradation and fire risk, in part caused by increased
urban populations. Urban sprawl and the encroachment of residential areas into industrial zones further
amplify these dangers, exposing communities to complex products of combustion, and soil and water con-
tamination. These trends highlight systemic failures in waste management regulation and land-use planning,
underscoring the need for policy reform.

As illustrated in Figure [3] industrial, utility, defence, agricultural, and mining fires (29,347 incidents) are
less frequent than residential fires in the U.S. but often involve hazardous materials, leading to more severe
environmental and health consequences (National Fire Protection Association) 2023). Meanwhile, mercan-
tile or business properties experience 54,472 incidents annually, while storage (35,564), assembly (35,128),
healthcare and detention facilities (9,582), manufacturing (9,291), and educational institutions (7,632) each
contribute to the urban fire landscape (National Fire Protection Associationl, [2023]).

Although industrial fires tend to be the most severe, residential fires remain the most widespread.
note that over 3 million residential fires occur globally each year, causing significant damage,
fatalities, and environmental harm—particularly in low-income areas with substandard building materials
and inadequate fire safety measures. The intersection of urbanisation, industrial activity, and climate change
(e.g., prolonged droughts increasing fire risk in cities such as California) further intensifies these challenges,
demanding stronger regulatory frameworks and sustainable urban planning to mitigate future disasters.

3.2 Air Pollutant Plumes from Uncontrolled Fire

Wildfires and industrial fires are significant sources of airborne pollutants, emitting a complex mixture of
particulate matter (PM), toxic gases, and organic compounds. Multiple studies highlight the release of PMj 5
and PMjg at extreme concentrations, particularly in industrial fires, where |Griffiths et al.| (2018) recorded
peaks of >6,500 ug/m? for PMyg and >650 pug/m? for PMy 5. Similarly, landfill fires (Bihatowicz et al., [2021))
contribute substantially to PMo, with short-term spikes exceeding 100 pg/m3, while urban wildfires (Boaggio

3 |
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2022) reintroduce phased-out pollutants such as lead at concentrations 40 times higher than baseline
levels, contrary to the likely conceptualisation of a ‘clean burn’. Wildfires, increasingly intensified by climate
change (Yue et al., 2024]), emit not only CO5 and black carbon but also ozone precursors (NOy and volatile

organic compounds), with boreal fires showing rising emissions despite reductions in burned area.
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Figure 4: Reprinted from |Griffiths et al.| (2022, Fig. 6), showing relative emission factors for industrial fires
by waste type. Tyre fires exhibit dominant xylene and ammonia emissions, while mixed recyclables show
broader Volatile Organic Compound plumes (ethyl benzene, 1,3-butadiene) and inorganic species (HBr, HF).
Timber combustion produces formaldehyde and nitrogen-derived volatiles, contrasting with residual waste’s
uniform distribution of chlorinated compounds (COCly) and isocyanates (CoH3NO).

The chemical composition of fire emissions varies by fuel type and combustion conditions, as clearly demon-
strated in Figure {] by |Griffiths et al| (2022). Industrial and residential fires (Alharbi et al. 2021) release
hydrogen cyanide (HCN), benzene, and sulphur dioxide (SO5), while wildfires produce formaldehyde and
polycyclic aromatic hydrocarbons (PAHs) (Chen et al.|2021b). Notably, urban wildfires—such as California’s
Camp Fire—generate metal-laden PM; 5 from incinerated infrastructure, complicating air pollution profiles
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with legacy contaminants like lead (Boaggio et al.l [2022). However, some studies, e.g., |Gao et al. (2023),
rely on modelled PMs 5 data, which may underestimate localised peaks due to sparse ground monitoring.
A critical gap remains in quantifying real-time emissions from high-intensity fires, as most measurements,
e.g., FTIR spectroscopy in |Griffiths et al.| (2022), capture only stabilised plumes, missing initial combustion
phases where pollutant ratios may differ.

3.2.1 Fire Toxicological Profile and Human Health Risks

Fire-induced air pollution poses both acute and chronic health risks. Short-term exposure to elevated
PM levels triggers inflammatory responses in the respiratory tract (Griffiths et al., 2018)), with industrial
fire plumes inducing cardiovascular stress even in healthy adults (Deary & Griffiths, [2024). Vulnerable
populations experience exacerbated effects; children exposed to wildfire PMs 5 exhibit 13% higher asthma-
related emergency visits during smoke events (Moore et al., [2023)), while prenatal exposure correlates with
gestational hypertension and preterm birth (Hughes et al.| 2024]).

The toxicological profile varies by emission source, as demonstrated by the distinct chemical signatures
in Figure [d] Alongside the expected particulates, industrial fires release hydrogen cyanide and phosphine
exceeding acute exposure guidelines (Griffiths et all 2022)—particularly from tyre combustion (xylenes,
ammonia) and chemical waste (phosgene, methyl isocyanate) shown in Figure These contrast with wildfire
PAHs (Chen et al.l [2021b) and metal-laden PM; 5 (Boaggio et al., |2022) that drive oxidative stress through
different pathways. Longitudinal studies associate wildfire PMs 5 with increased cancer mortality (0.4% per
10 pg/m? increment) (Gao et al., [2024)), particularly lung (1.1%) and upper aerodigestive cancers (2.7%).
Firefighters demonstrate elevated risks of chronic obstructive pulmonary disease and neurological disorders
from volatile organic compound exposure (Alharbi et al., 2021)).

Emerging evidence suggests systemic effects beyond cardiopulmonary outcomes. A 1 pg/m? increase in an-
nual wildfire PMs 5 is associated with 2.0% higher suicide rates in rural areas (Molitor et al., [2023), while
ocular surface damage manifests through tear film disruption (Jaiswal et al. 2022)). The 2020 California
wildfires demonstrated compounded mortality risks with COVID-19, where PMs 5 levels >240 ug/m® ampli-
fied respiratory susceptibility (Naqvi et al.l 2023). Critical knowledge gaps persist regarding dose-response
relationships for ultrafine particles (<100 nm), for which there are no health exposure guidelines, which
remain understudied in wildfire smoke (Chen et al., |2021b), long-term neurocognitive impacts of metal in-
halation (Boaggio et al., 2022), and efficacy of respiratory protection during extreme smoke events (>500
pug/m3) (Hughes et al. [2024).

3.2.2 Socioeconomic Costs and Inequality of Fire

Fire-related air pollution imposes substantial economic burdens across multiple sectors. Industrial fires in the
UK result in £21.1 million in economic costs per major incident due to mortality and lost productivity (Gra-
ham et al., 2020). In the U.S., wildfire smoke exposure generates $11 billion in annual short-term health
costs and $76 billion in long-term health burdens (Hagler et al., [2021)), with the Government expending $3
billion annually on wildfire suppression (Burke et al.,|2021)). These costs disproportionately affect vulnerable
populations, as low-income communities near industrial sites face compounded risks due to inadequate fire
safety measures (Griffiths et al., |2018)).

Occupational impacts reveal significant productivity losses. Firefighters experience elevated cancer risks from
chronic exposure to benzene and other VOCs (Alharbi et al. |2021)), while rural agricultural workers lose
productivity during smoke events due to the need to avoid outdoor exposure (Molitor et al.,|2023). The 2020
California wildfires demonstrated compounded economic impacts, where PMs 5 levels exceeding 240 ug/m3
coincided with increased healthcare expenditures during the COVID-19 pandemic (Naqvi et al., |2023)).

Spatial inequities further exacerbate these economic consequences. Rural communities experience 2.0%
higher suicide rates per pug/m?® increase in wildfire PMs 5 due to limited mental health infrastructure (Moli-
tor et al., 2023]), while urban industrial zones face 40-fold increases in lead exposure during infrastructure
fires (Boaggio et al.l 2022)). Current regulatory frameworks inadequately address three critical gaps: trans-
boundary smoke transport (Burke et al.l [2021)), acute exposure windows during fire ignition (Griffiths et al.)
2022)), and cumulative impacts on environmental justice communities (Yue et al., [2024)).

10



Under review as submission to TMLR

3.2.3 Current Methods for Monitoring, Modelling and Managing Plumes

The monitoring of fire emissions and their associated plumes is essential for protecting environmental and
public health. In the United Kingdom, the Air Quality in Major Incidents (AQinMI) service can be deployed
to an uncontrolled fire and provide ‘live’ plume species monitoring results to AQCs to support public health
risk assessments. Monitoring teams have a standard range of indicative portable monitors but can also call
mobile laboratories with reference standard equipment available. Routinely deployed are light scattering
PM monitors (OSIRIS) (Griffiths et al. 2018) and Fourier Transform Infrared spectroscopy instruments
(GasMet) (Griffiths et all 2022) to detect pollutants such as particulate matter (PMjg, PMs5), carbon
monoxide (CO), sulphur dioxide (SO3), and volatile organic compounds (VOCs) (Griffiths et al., [2022)).

Globally, approaches vary based on regional needs and capabilities. In the United Kingdom, the Meteoro-
logical Office provides a CHEMET (CHEMical METeorological) service to responders that can predict the
direction of the plume and concentrations of pollutants to responders. Further, the AQinMI system can in-
corporate dispersion modelling to identify where monitoring can take place and estimate the movement and
impact of fire plumes, helping authorities issue public health guidance such as sheltering advisories (Deary &
Griffiths, [2024). In the United States, the Environmental Protection Agency (EPA) employs the Air Quality
System (AQS) and Hazard Mapping System (HMS), which are supported by NOAA’s VIIRS satellite data
to track wildfire smoke (Boaggio et al., 2022; Burke et al 2021)); Australia integrates MODIS satellite data
with ground-based sensors for bushfire monitoring (Holm et al., |2021; |Jaiswal et al., |2022); and in Saudi
Arabia, portable detectors are used to assess firefighter exposure to toxic gases such as hydrogen cyanide
and benzene (Alharbi et al., [2021). These sensing strategies form the foundational layer for understanding
plume behaviour and pollutant composition.

Once data is gathered, analysis and modelling techniques are used to predict plume dispersion and pollutant
exposure. During major wildfires, such as the 2018 Saddleworth Moor fire, the UK augmented its ground-
based monitoring efforts with regional air quality modelling to assess PMs 5 exposure, which was subsequently
associated with significant health impacts (Graham et all [2020]). Similarly, Poland—facing frequent landfill
fires—has applied the HYSPLIT model to simulate pollutant dispersion (Bihatowicz et al., [2021). These
models, often informed by both ground sensors and satellite inputs, provide critical spatial and temporal
estimates of air quality deterioration during fire events.

Connecting air quality measurements to tangible health outcomes is a key component of fire monitoring
systems. In the UK, data from the AQinMI framework has been used to support shelter-in-place advisories
based on pollutant concentration thresholds (Deary & Griffiths, 2024). The 2018 Saddleworth Moor fire
exemplifies this reasoning process, where air quality modelling linked elevated PMs 5 levels to an estimated 28
excess deaths (Graham et al.,[2020). These cases demonstrate how monitoring data, when properly analysed,
can inform understanding of short-term and long-term health risks, especially for vulnerable populations.
By contextualising pollutant levels with epidemiological evidence, public health authorities and incident
responders can make more informed decisions for protecting health during fire incidents—the purpose of the
AQC in the UK.

The ultimate goal of fire monitoring systems is to inform timely interventions that mitigate health risks and
environmental damage. The AQinMI framework serves as a model for real-time response, supporting rapid
deployment of monitoring equipment and public health advisories such as shelter-in-place instructions (Grif-
fiths et al., [2018; Deary & Griffiths, 2024). In Australia, where bushfires are frequent and severe, public
health recommendations include the use of N95 respirators during high-exposure events to reduce inhalation
of harmful particles (Holm et all 2021} |Jaiswal et al., [2022). While national-scale monitoring systems may
not yet be fully developed in countries like Saudi Arabia, localised efforts to protect firefighters from toxic
gas exposure represent important forms of intervention (Alharbi et al., 2021)). Moving forward, technological
advancements such as low-cost sensors, machine learning analytics, and integrated air quality platforms offer
promising avenues for enhancing both the speed and precision of fire-related health interventions (Yue et al.
2024; |Chen et al. 2021a; [Ebi et al., 2021)).
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3.2.4 Limitations of Existing Processes and the Need for Al-Driven Solutions

Current fire and plume monitoring systems exhibit multiple critical limitations that hinder effective emer-
gency response and public health protection. The United Kingdom’s Air Quality in Major Incidents
(AQinMI) service demonstrates these challenges through well-documented constraints (Griffiths et al., |2018]).
Monitoring activities are restricted to locations outside the densest parts of a plume to protect personnel,
potentially missing peak plume concentrations in the most affected zones (Griffiths et al., [2025). These
limitations extend globally across different monitoring contexts.

In Poland, landfill fire pollution monitoring relies heavily on HYSPLIT dispersion modelling to compensate
for sparse ground-based monitoring networks in rural areas (Bihatowicz et all 2021). Fundamental spatial-
temporal resolution gaps persist across monitoring approaches, with ground-based sensor networks providing
insufficient spatial density in remote regions (Efimova & Rukavishnikov, 2021, while satellite systems like
MODIS and VIIRS offer broader coverage but suffer from latency periods of hours to days (Yue et al., |2024).
This became particularly problematic during California’s 2020 wildfire season when stationary monitors
failed to capture acute exposure peaks due to rapidly shifting plumes (Naqvi et all 2023). Operational
constraints further exacerbate these technical limitations. The manual positioning of portable monitors
creates dangerous delays in hazardous environments (Griffiths et al, |2022)), while firefighters globally face
significant exposure risks during responses due to limited real-time gas monitoring capabilities (Alharbi et al.,
2021)).

The AQinMI service also relies on dispersion modelling to identify where monitoring can take place and
estimate plume behaviour and population exposure. However, these models have shown limitations in real-
world scenarios. During the Saddleworth Moor fire, HYSPLIT predictions underestimated observed PMs 5
concentrations in some downwind communities (Graham et al. [2020)). Similarly, U.S. wildfire smoke man-
agement systems struggle with transboundary impacts, as smoke plumes regularly cross state and national
borders, overwhelming air quality frameworks designed for local pollution sources (Burke et al.; 2021} |[Ha-
gler et al., [2021). Recent advances in Al-driven approaches show promise for addressing these persistent
challenges. Machine learning integrations of multi-source data (satellite, ground sensors) have demonstrated
improved plume trajectory predictions compared to conventional models, though performance metrics vary
significantly by study design (Yue et al., |2024]).

Unlike specific organic and inorganic species where short duration exposure guidelines exist (AEGL and
ERPGs), airborne particulate exposure guidelines are for ambient exposures, routinely therefore for 24-
h durations. This lack of short-term exposure guidelines complicates acute public health decision-making
during incidents (Deary & Griffiths||2021)). Even advanced health monitoring systems, such as those tracking
paediatric asthma emergencies, often lack individual-level exposure data during wildfire events (Moore et al.|
2023). These gaps in short-term exposure thresholds and real-time personal exposure data hinder the ability
to translate plume behaviour into actionable health intelligence. Al-enhanced tools have the potential to
bridge this gap by integrating environmental and clinical data streams for more effective reasoning and risk
assessment.

Resource limitations prevent comprehensive coverage of multiple simultaneous major incidents, as evidenced
during the 2018 Saddleworth Moor fire (Graham et al., 2020)). Traditional dispersion models show particular
limitations in urban environments, where localised terrain and structures can, for example, cause a canyon
effect and alter plume dispersal patterns. Unmanned aerial systems are being actively tested for early fire
detection, with performance heavily dependent on sensor specifications and environmental conditions (Boag-
gio et al., 2022). Autonomous platforms, particularly drone-based systems, may eventually reduce human
risk during plume sampling operations while overcoming current spatial and temporal monitoring limita-
tions, though scalability and regulatory challenges remain significant barriers (Alharbi et al 2021). These
technological developments create a compelling case for next-generation monitoring systems that combine
Al-enhanced analytics with autonomous deployment capabilities.
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4 Real-time Autonomous Systems

The limitations of existing fire plume monitoring and modelling pipelines, as outlined in Section [3] moti-
vate the need for a new generation of systems that are not only more spatially and temporally resolved,
but also adaptive, predictive, and resilient under extreme conditions. Real-time autonomous systems offer
such a paradigm shift. Rather than relying on sparse static sensors, delayed satellite observations, and
manually configured dispersion models, these systems integrate mobile sensing platforms, Al-driven con-
trol, spatiotemporal forecasting, and high-fidelity simulation to enable continuous situational awareness and
proactive decision-making.

This section reviews the technological foundations of real-time autonomous fire plume monitoring and re-
sponse. We first examine the range of autonomous vehicle platforms used for environmental sensing and
plume sampling, highlighting their sensing capabilities, operational trade-offs, and coordination strategies.
We then discuss how reinforcement learning and multi-agent systems enable adaptive exploration, cooper-
ative tracking, and robust control in highly dynamic environments. Building on this, we review emerging
forecasting methods that predict plume evolution across space and time, allowing systems to anticipate ex-
posure risks rather than merely reacting to them. Finally, we examine the role of simulation environments in
training, validating, and stress-testing these systems before deployment. Together, these components form an
integrated sensing—prediction—decision pipeline that underpins next-generation fire response infrastructures.

4.1 Autonomous Vehicle Platforms for Environmental Monitoring
4.1.1 Vehicle Types

Recent research has identified several categories of autonomous vehicles (AVs) that are increasingly be-
ing adapted for environmental monitoring applications, including plume tracking and ecological surveys.
Ground-based systems, particularly Unmanned Ground Vehicles (UGVs) and autonomous cars, have been
extensively studied for their sensor fusion capabilities (Ignatious et al [2022; Parekh et al.,|2022). As demon-
strated by Ignatious et al.| (2022)), these systems typically employ LiDAR, cameras, and RADAR for obstacle
detection and environmental perception, though [Vargas et al.| (2021)) show their effectiveness is limited by
weather conditions and terrain accessibility. [Parekh et al.| (2022)) highlight how UGVs in agricultural settings
utilise multi-sensor arrays for precision monitoring, while [[gnatious et al.| (2022]) emphasise the importance
of real-time processing in ground AVs for dynamic environment interaction.

Unmanned Aerial Vehicles (UAVs) have emerged as particularly valuable for large-scale environmental mon-
itoring due to their mobility and aerial perspective. Bathla et al.| (2022)) and |Chamara et al.| (2022]) demon-
strate that drones equipped with multispectral cameras and LiDAR are being deployed for crop health
assessment and forest monitoring. Besson et al.| (2022) further show how UAVs with hyperspectral sensors
can be adapted for gas composition analysis, though |[Vargas et al.| (2021) caution that their operational limi-
tations in adverse weather remain a significant challenge. |(Chamara et al.|(2022) reveal that 12% of surveyed
agricultural IoT implementations now utilise UAVs for high-resolution spatial data collection, demonstrating
their growing adoption.

Emerging hybrid systems that combine multiple platforms (e.g., UAV-UGV teams) are gaining attention
for comprehensive environmental monitoring. Bathla et al.| (2022) present case studies of truck-drone col-
laborations for large-area surveillance, and |Besson et al.| (2022)) propose conceptual UAV-AUV networks for
marine-terrestrial interface monitoring. These systems leverage Vehicle-to-Everything (V2X) communication
and Multi-Agent Reinforcement Learning (MARL) for coordinated operation (Bathla et al., [2022)), though
Chamara et al.| (2022) note that standardisation and interoperability remain active research challenges.

Across all platforms, sensor fusion (particularly LiDAR-camera-RADAR combinations) has been identified
as critical for robust environmental perception (Ignatious et al.,|2022;|Vargas et al.||2021)). However, as noted
by [Vargas et al.| (2021), weather-induced sensor degradation and real-time processing demands continue to
limit reliability in dynamic monitoring scenarios such as wildfire plume tracking. Recent advances in edge
computing (Chamara et al., 2022)) and 5G-enabled coordination (Besson et al., [2022)) are addressing these
limitations, pointing towards more resilient autonomous monitoring systems in the future.

13



Under review as submission to TMLR

4.1.2 Addressing Plume Tracking with Drones

The evolution of Unmanned Aerial Vehicles (UAVs) for fire-induced plume monitoring represents a technolog-
ical convergence that significantly advances our capacity to observe and analyse atmospheric contaminants.
Building upon the sensor fusion frameworks established in ground autonomous vehicles (Ignatious et al.
2022; [Parekh et all 2022)), modern drone systems have overcome the spatial-temporal resolution gaps that
plagued traditional monitoring networks (Efimova & Rukavishnikov, 2021} [Yue et al., 2024).

The unique advantages of UAVs become particularly evident when considering the dynamic nature of wild-
fire emissions. Unlike industrial plumes, fire-induced plumes exhibit rapid spatial-temporal variability due
to shifting fire fronts and pyroconvective activity—characteristics that render traditional monitoring inad-
equate. UAVs provide a feasible solution for: (1) proximal sampling near active fire fronts where ground
access is dangerous (Alharbi et al. [2021]); (2) vertical profiling of injection heights crucial for transport mod-
elling (Burke et al |2021); and (3) real-time identification of toxic gas hotspots that pose acute risks (Moore
et all [2023). The limitations of ground-based monitoring during wildfire events—particularly their failure
to capture acute exposure peaks due to rapidly shifting plumes—have been well-documented (Naqvi et al.)
2023). UAV systems like the Kolibri platform (Jonca et al.| [2022) demonstrate how aerial measurements can
overcome these gaps, with optical particle counters achieving 0.1 pym resolution to track particulate evolution
throughout the plume column. This capability to resolve vertical and horizontal variability is transforming
our understanding of wildfire smoke dispersion and its health impacts.

The MUST platform’s deployment at the Taichung Power Plant demonstrated this transformation, where its
quantum cascade laser system achieved 1 Hz VOC measurements with sub-ppb accuracy, revealing plume-
induced temperature inversions that explained persistent discrepancies in HY SPLIT model predictions (Chen
et al., 2023} |Graham et al., |2020)). This capability directly addresses the AQinMI service’s limitation of
peripheral monitoring (Griffiths et al.l |2018) by enabling in-plume measurements that detected 60 ppm CHy
hotspots invisible to ground stations (Galfalk et al. |2021)), while simultaneously validating the sensor fusion
approaches proposed by [Bathla et al.| (2022)) for intelligent automation systems.

Sensor miniaturisation breakthroughs have enabled unprecedented payload configurations on UAV platforms.
The CLaDS system’s achievement of 1 m methane localisation accuracy using drone-mounted retroreflec-
tors (Soskind et al.,[2023) exemplifies how aerial platforms can overcome the rural coverage gaps identified in
Polish landfill fire monitoring (Bihatowicz et alJ, [2021)). Similarly, the Kolibri system’s optical particle coun-
ters provide 0.1 ym PMs 5 resolution (Jonca et al., [2022), delivering the granularity needed to resolve acute
exposure peaks during wildfire events that stationary monitors consistently missed (Naqvi et al., 2023).
These advancements operationalise the sensor fusion principles outlined by [Ignatious et al.| (2022)) while
confronting the weather vulnerability challenges documented by [Vargas et al.| (2021)), particularly the 50%
LiDAR visibility reduction in heavy rain and camera performance degradation in fog. The PULSAR plat-
form’s reconfigurable design embodies this progress, combining LiDAR with 640 x 512 IR thermal cameras
in a system capable of rapid mode switching between quadcopter and octocopter configurations to optimise
either payload capacity (33 kg) or flight endurance (28 minutes) (Perikleous et al., 2024), fulfilling the hybrid
system potential foreseen in ecological monitoring research (Besson et al., [2022)).

Operational deployments have yielded transformative insights into plume dynamics and system requirements.
The Taichung Power Plant studies not only revealed temperature inversion effects but also identified unique
VOC signatures (high ethane/ethene ratios) that distinguished power plant emissions from urban pollu-
tion sources (Chen et al.| 2023), providing critical data to refine the transboundary pollution models that
have challenged U.S. wildfire smoke management (Hagler et al., [2021). Similarly, wastewater plant surveys
achieved <5% CHy flux uncertainty without ground measurements using mass balance methods (Galfalk
et al., |2021)), demonstrating an alternative to the dispersion modelling approaches that struggled during the
Saddleworth Moor fire (Graham et al.l 2020). IoT-enabled swarms have further expanded capabilities, dy-
namically adjusting formations to track chlorine plume boundaries in real-time (Seiber et al. 2018), thereby
overcoming the manual positioning delays that hampered emergency responses (Griffiths et al., 2022). These
advancements align with the predictive frameworks developed by |Seraj et al.[(2022) using Adaptive Extended
Kalman Filters and FARSITE fire models, while [Hu et al.[s (2022) fault-tolerant navigation systems ensure
continuous operation even during hardware failures.
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The integration of these technological advancements faces persistent challenges that mirror those predicted
in comprehensive autonomous vehicle reviews (Parekh et al.;|2022). Weather vulnerabilities remain particu-
larly problematic, with LiDAR performance degradation in precipitation and camera scattering in fog (Var-
gas et all 2021) requiring mitigation through all-weather RADAR integration and polarised optical sys-
tems (Jonca et al. 2022). Energy constraints continue to limit operational durations, as evidenced by the
PULSAR’s 28-minute endurance (Perikleous et al.l 2024)), though solutions are emerging through hydrogen
fuel cell prototypes and the energy management strategies proposed in agricultural IoT systems (Chamaral
et all [2022)). Regulatory barriers to beyond visual line-of-sight (BVLOS) operations (Lelis et al.l [2024]) are
gradually being addressed through compliance with emerging standards like ASTM F3411-19a for UTM in-
tegration (Bathla et al., [2022]). These challenges are being systematically overcome through innovations such
as Wu et al./s (2024) loss minimisation framework for optimised drone deployment and |Lelis et al./s (2024)
three-layer data architecture for standardised spatiotemporal fusion.

The convergence of these technologies creates a robust monitoring paradigm that extends from sensor hard-
ware to public health integration. SegNet’s implementation of segmented CNN architecture achieves 98.2%
wildfire detection accuracy with 240 ms/image processing (Jonnalagadda & Hashim| 2024)), fulfilling the
real-time processing requirements anticipated in autonomous vehicle research (Parekh et al.| [2022). When
combined with the plume tracking capabilities demonstrated by |Assenine et al./s (2023]) cooperative deep
reinforcement learning framework and the health impact models developed by Moore et al.| (2023), these
systems now bridge the critical gap between atmospheric measurements and actionable public health inter-
ventions. This comprehensive approach addresses the exposure risks faced by firefighters (Alharbi et al.|
2021) while overcoming the resource limitations that prevented multi-incident coverage during the 2018 Sad-
dleworth Moor fire (Graham et al., 2020). As these technologies mature, they fulfil the potential envisioned
in ecological monitoring research (Besson et al.| [2022), creating an integrated solution that spans from in-
dividual sensor nodes to system-wide response coordination, fundamentally transforming our capacity to
monitor and mitigate the impacts of fire-induced plumes.

4.2 Monitoring

Overview Monitoring dynamic, complex environments like fire-induced plumes demands rapid, adaptive
decision-making beyond traditional control methods. Reinforcement Learning (RL) and Multi-Agent Re-
inforcement Learning (MARL) offer powerful frameworks to enable autonomous unmanned aerial vehicles
(UAVs) to learn from experience, adapt to environmental changes, and coordinate efficiently without relying
on centralised control. In this section, we present the foundational principles of RL and MARL, outline
their relevance to UAV-based plume tracking, and review key algorithmic strategies designed to address the
unique challenges of this mission-critical application.

4.2.1 Reinforcement Learning

Reinforcement Learning (RL) is a type of machine learning where an agent learns to make sequences of
decisions by interacting with an environment. This agent receives rewards or penalties based on its actions
and aims to maximise its total reward over time.

In simplest terms, RL is the process of an agent learning what actions to take in an environment, at any
possible state, through the process of trial and error.

The standard model used in reinforcement learning to define sequential decision-making processes is the
Markov decision process (MDP).

Definition 1 (Markov decision process (Albrecht et al., [2024)) A finite Markov decision pro-
cess (MDP) consists of:

A finite set of states S, with a subset of terminal states S C S.
o A finite set of actions A.

e A reward function R : S x A x S — R.
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o A state transition probability function T : S x A x S — [0, 1] such that

VseS,acA: ZT(S7(I,S/>=1. (1)

s'eS
o An initial state distribution p: S — [0,1] such that

Zu(s) =1 and VseS:pu(s)=0. (2)

seS

In the context of fire-induced plume tracking using UAVs, these MDP components can be interpreted
as follows:

o States S: The position of the UAV relative to the plume (e.g., coordinates, altitude, and local
plume intensity).

o Actions A: Movement commands available to the UAV (e.g., move north, south, ascend, descend,
hover).

e Reward function R: A function that provides higher rewards when the UAV approaches the plume
centre or effectively follows the plume path.

o Transition function 7: Probability of transitioning between states, factoring in environmental
disturbances such as wind.

o Initial distribution p: The starting position of the UAV, usually near but outside the plume.

An MDP starts with the UAV in an initial state s° € S, sampled according to u. At each time step ¢, the
UAV observes its current state s € S and selects an action a’ € A according to a policy m(a’ | s'), which

specifies the probability of taking action a’ given st.

Given s’ and a?, the UAV transitions to the next state s'*! € S according to T (s?,a’, s'™1), and receives a
reward

rt=R(s' al, s).

This process continues until the UAV reaches a terminal state (e.g., it exits the plume area or the battery is
depleted) or a maximum number of time steps is reached.

Each independent mission is referred to as an episode.

Key Concepts in Reinforcement Learning The RL framework comprises several core components.
The agent is the decision-maker—in our context, the UAV tracking the fire plume—while the environment
encompasses everything the agent interacts with, including atmospheric conditions, plume dynamics, and
wind patterns. At each moment, the agent observes a state s describing its current situation (e.g., position
and sensor readings) and selects an action a from available options (e.g., move north, ascend, or hover).
Following each action, the agent receives a scalar reward r indicating the immediate benefit of that action,
such as higher values for approaching regions of greater plume concentration.

The agent’s behaviour is governed by a policy m, which maps states to actions and represents the learned
strategy for plume tracking. To evaluate long-term performance, RL employs two key functions: the value
function V(s), which estimates the expected cumulative reward from a given state under the current policy,
and the @Q-function Q(s,a), which estimates the expected cumulative reward of taking a particular action
from a specific state and following the policy thereafter.

Agent-Environment Interaction Loop The agent-environment interaction cycle is shown in Figure
depicting how the agent selects actions, receives feedback, and transitions through states over time.
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Figure 5: Adapted from |Sutton & Barto| (2018). Agent-environment interaction loop in reinforcement
learning.

4.2.2 Fundamental Concepts in Reinforcement Learning and Multi-Agent Reinforcement Learning

Before discussing specific algorithmic approaches for UAV plume tracking, we review key reinforcement learn-
ing (RL) and multi-agent reinforcement learning (MARL) concepts that underpin the design and application
of these methods.

Exploration vs. Exploitation One of the core challenges in RL is the trade-off between exploration
and exploitation. FExploration involves the agent taking actions that may not yield immediate rewards
but help discover potentially better strategies in the long term—for example, a UAV might deliberately
investigate a less concentrated region of a plume to locate new high-intensity areas. In contrast, exploitation
involves leveraging the agent’s current knowledge to select actions known to yield high rewards, such as a
UAV consistently following the strongest detected plume signals. Effective learning requires balancing both
behaviours, especially in dynamic environments such as fire-induced plumes where conditions can change
rapidly.

On-Policy vs. Off-Policy Learning RL algorithms can be categorised based on how they use collected
experience. On-policy methods learn and update a policy using trajectories generated by the current version
of the policy itself, prioritising consistency between behaviour and learning; examples include Policy Gradient
methods, Proximal Policy Optimisation (PPO) (Schulman et al.,[2017)), and Multi-Agent PPO (MAPPO) (Yu
et al.l [2022). Off-policy methods, by contrast, learn a target policy using experience collected by different
(possibly older or exploratory) policies, allowing more efficient data reuse through techniques like experience
replay; examples include Deep Q-Networks (DQN) (Mnih et al., |2015]), Soft Actor-Critic (SAC) (Haarnoja
et al., [2018), and QMIX (Rashid et al.l |2020). For UAV plume tracking, off-policy methods can provide
sample efficiency, while on-policy methods can offer stable learning in highly non-stationary environments.

Value-Based, Policy-Based, and Actor-Critic Methods RL algorithms also differ in how they rep-
resent and optimise agent behaviour. Value-based methods estimate the value of actions or states with-
out explicitly maintaining a policy, with the agent selecting actions that maximise estimated value; Q-
learning (Kaelbling et al., [1996) is a classic example, where the agent learns a Q-function Q(s, a) predicting
expected cumulative rewards. Policy-based methods directly learn a policy 7(a | s) mapping states to actions
by optimising expected rewards through gradient ascent, naturally handling continuous action spaces and
stochastic policies. Actor-critic methods combine both approaches by maintaining an actor (the policy) and
a critic (a value estimator); the critic evaluates the actor’s actions, and the actor improves based on this
feedback, balancing stable value estimation with flexible policy improvement. In MARL, actor-critic meth-
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ods such as COMA (Foerster et al., 2018) and MAPPO are widely used to address partial observability and
multi-agent credit assignment challenges.

Cooperative, Competitive, and Mixed Multi-Agent Settings MARL problems can involve different
interaction types among agents. In cooperative settings, all agents share a common reward function and work
together towards a shared goal; fire plume tracking with multiple UAVs is inherently cooperative, as all UAVs
aim to maximise plume coverage whilst minimising energy usage. Competitive settings involve agents with
opposing objectives, such as zero-sum games, and while less common in plume tracking, remain relevant
in adversarial scenarios such as avoiding malicious drones. Mized settings feature some agents cooperating
while others compete, a complexity that appears in general surveillance and resource allocation problems
but is less central to cooperative plume tracking. The cooperative nature of UAV plume tracking motivates
the use of algorithms specifically designed for decentralised cooperation and efficient joint exploration.

4.2.3 Multi-Agent Reinforcement Learning

Many real-world problems, including plume tracking, require multiple cooperating agents. Multi-Agent
Reinforcement Learning (MARL) extends traditional RL to environments where multiple agents interact,
learn, and collaborate to achieve shared or individual goals. In the context of fire-induced plume tracking
using UAVs, MARL enables a fleet of drones to cooperatively map and follow dynamic plumes through
decentralised decision-making, communication, and shared rewards. Figure [0] illustrates the core MARL
framework, where agents (UAVs) observe the environment, take individual actions, and jointly modify the
environment state.

» Agent1 —— action
observation
&reward 3y Agent2 action
observation -
& reward joint action
|—> Agentn — action
observation
& reward
| v

Environment
joint action modifies environment state

Figure 6: MARL framework for UAV plume tracking. Agents observe partial states, take actions,
and jointly influence the environment. Adapted from [Albrecht et al| (2024).

Challenges in MARL Multi-Agent Reinforcement Learning (MARL) introduces fundamental complexi-
ties beyond single-agent reinforcement learning, making its direct application to UAV plume tracking both
challenging and fascinating (Canese et al., |2021; |Orr & Duttal [2023). These challenges must be carefully
considered when designing cooperative multi-UAV systems for real-world deployments.

The first major challenge is non-stationarity. In MARL, each agent’s policy evolves as learning progresses,
causing the environment to appear non-stationary from any individual agent’s perspective (Canese et al.|
2021). Unlike single-agent RL, where environmental dynamics are typically fixed, an agent in MARL must
adapt not only to environmental uncertainties such as wind and fire behaviour, but also to the shifting
behaviours of teammates. For UAV plume tracking, this necessitates adaptive policies that can cope with
evolving group dynamics, fluctuating plume structures, and unexpected disturbances. Methods such as
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centralised critics and shared learning signals, as employed in COMA (Canese et al.l |2021), help stabilise
learning under these conditions.

Scalability presents another significant obstacle. As the number of agents increases, the joint action space
grows exponentially (|A|™ for n agents), making centralised action planning computationally intractable—
a phenomenon known as the “curse of dimensionality” that severely impacts both learning efficiency and
convergence speed. Techniques like QMIX (Xia et al., |2021) mitigate this challenge by learning factored
value functions that approximate the true joint Q-function through monotonic mixing, enabling decentralised
decision-making whilst preserving coordination.

Partial observability further complicates MARL in realistic plume tracking scenarios, where UAVs possess
only local and often noisy observations from onboard gas concentration sensors and limited-range cameras.
No single UAV has access to the full global state of the plume or peer positions at all times, requiring
agents to infer hidden environmental dynamics or coordinate without direct communication. Methods like
MADDPG (Jiandong et al.; 2021} [Lowe et al.l [2017) and MAPPO (Su & Qianl [2023) address this limitation
by introducing communication protocols, belief models, or shared centralised critics during training.

Finally, credit assignment poses difficulties in cooperative settings where agents receive a shared global
reward, making it challenging to determine each agent’s individual contribution to overall success. Poor
credit assignment can lead to suboptimal or even adversarial behaviours, such as UAVs avoiding risky but
necessary plume sectors. Counterfactual baseline methods like COMA (Canese et al., [2021)) and reciprocal
reward shaping (Zhou et al., |2022) improve credit assignment by estimating what would have happened had
an individual agent acted differently, or by incentivising supportive actions among neighbouring UAVs.

MARL Approaches for UAV Plume Tracking To effectively manage these challenges in UAV plume
tracking tasks, a number of specialised MARL frameworks and architectures have been developed. These
approaches tailor fundamental MARL ideas to the unique requirements of decentralised cooperation, energy
efficiency, and robustness under environmental uncertainty.

Centralised Training with Decentralised Execution (CTDE) paradigms are especially suited for UAV missions
because they allow agents to exploit full environment knowledge during training—such as access to global
plume dynamics and full team observations—while operating independently at deployment. QMIX (Xial
et al. 2021) exemplifies this approach by learning individual agent Q-functions conditioned on local obser-
vations, which are then combined by a learned mixing network that enforces monotonicity with respect to
individual utilities. This structure enables highly scalable coordination without requiring agents to explicitly
model teammates, and has been successfully applied to problems resembling plume tracking, such as dy-
namic target pursuit (Hou et al.,|2023). COMA (Canese et al., [2021)) offers an alternative CTDE approach
by implementing a centralised critic that computes counterfactual baselines for each agent’s action, allowing
fine-grained credit assignment. In plume tracking tasks, COMA can reward UAVs not only for following
dense plume areas but also for positioning themselves to improve the team’s collective sensing coverage.

Communication-augmented MARL methods address the partial observability and dynamic environments
characteristic of plume tracking by augmenting agent policies with learned communication channels. Comm-
Net (Jung et al.,|2021; |Shin et al., [2019) introduces differentiable communication by sharing mean-aggregated
embeddings of local observations among agents during decision-making, reducing redundant exploration of
the same plume regions and improving coverage efficiency. The BRNN-Actor-Critic approach (Jiandong
et al., 2021 uses bidirectional recurrent neural networks (Schuster & Paliwal, [1997) to model communication
implicitly, allowing agents to share internal hidden states across time steps and enhancing synchronisation
for continuous control tasks such as smooth UAV plume tracking in turbulent winds.

When explicit centralised training or communication is infeasible, decentralised collaboration strategies em-
phasise implicit coordination through shaped incentives or limited message passing. Reciprocal reward meth-
ods (Zhou et al., 2022) encourage cooperation by modifying agents’ rewards based on their positive influence
on nearby agents’ success; in plume-tracking settings, UAVs receiving reciprocal rewards are incentivised to
avoid congesting sectors already adequately monitored by neighbours. Sparse-interaction MARL (Darwin &
Tambal, |2023) introduces selective collaboration by dynamically switching between independent policies and
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group equilibrium policies, enabling robust exploration in sparse regions of the plume whilst maintaining
collective behaviour when clustering is necessary.

UAV-Specific Applications Beyond general MARL strategies, specific applications and algorithmic
adaptations have emerged for plume tracking and wildfire monitoring. For plume coverage optimisation,
algorithms such as MUSAC (Xia et al.| |2021)) prioritise maximising spatial information entropy (SIE) across
the coverage area. Higher SIE indicates more uniform and comprehensive mapping of the plume, preventing
UAVs from redundantly sampling the same high-concentration regions whilst balancing information gain
against battery conservation.

Dynamic task allocation frameworks address the need for flexible coordination as conditions evolve. The
Cooperative Dynamic Task Allocation (CDTA) framework (Liu et al., [2022) facilitates flexible sector division
among UAVs through a proposer-responder mechanism that enables rapid adaptation when new plume
branches emerge or when UAVs drop out due to battery depletion, ensuring continuous high-fidelity tracking
without explicit global supervision.

For path planning in complex environments, hybrid approaches such as SAC with AIT* (Zhao et al.| [2024)
combine RL with sampling-based motion planning. Soft Actor-Critic (SAC) provides entropy-regularised ex-
ploration strategies, while AIT* (Strub & Gammell, [2020) (Asymptotically-Optimal Incremental Sampling)
guarantees asymptotically optimal, collision-free paths. This dual-layered approach is particularly useful in
cluttered fire environments where UAVs must navigate complex airspace whilst tracking plumes.

Key Insights Synthesising lessons from recent literature and practical deployments, several important
insights emerge regarding MARL for UAV plume tracking. With respect to algorithm selection, CTDE
frameworks such as QMIX and COMA consistently outperform purely decentralised or fully centralised
alternatives, effectively balancing the richness of centralised knowledge during training with the robustness
and scalability of decentralised execution in the field (Su & Qianl 2023)).

Reward design proves equally critical: global objectives like maximising cumulative plume coverage must be
complemented by local penalties for behaviours that hinder mission goals, such as energy wastage, inter-
UAV collisions, or redundant sampling (Hou et al., 2023]). Multi-tiered reward structures often lead to more
reliable emergent coordination.

Finally, realism in simulation and training has emerged as essential for successful deployment. Recent works
highlight the importance of physics-based simulation environments such as Gazebo and Webots, along with
consideration of operational constraints including limited battery life, sensor noise, and wind effects (Orr &
Duttay, [2023} Xia et all |2021). Oversimplified training environments produce brittle policies that fail when
transferred to real-world fire scenarios.

Summary Reinforcement Learning and Multi-Agent Reinforcement Learning provide a versatile and scal-
able toolkit for monitoring fire-induced plumes with autonomous UAV fleets. By framing plume tracking
as a sequential decision-making problem under uncertainty, R, and MARL approaches enable UAVs to
continuously adapt, explore, and collaborate in dynamic, partially observable environments. Whilst chal-
lenges such as non-stationarity, scalability, and credit assignment complicate learning, specialised algorithmic
frameworks—ranging from CTDE strategies like QMIX and COMA to communication-augmented and de-
centralised collaboration methods—offer promising solutions. As research advances, integrating realistic
environmental models and carefully engineered reward structures will be essential for deploying robust,
reliable monitoring systems in real-world wildfire scenarios.

4.3 Forecasting

Fire-induced plume forecasting involves predicting the spatiotemporal evolution of combustion byproducts
such as carbon dioxide (COz), fine particulate matter (PMay5), and volatile organic compounds (VOCs) as
they disperse through the atmosphere. Hybrid physical/data-driven methods show promise for this task,
as demonstrated by |Li et al.| (2024) for hydrogen safety applications and |Liu et al.| (2024]) for geologic
COs, storage, though fire-specific adaptations remain necessary. Current implementations face limitations in
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dimensionality and data resolution—whilst |Wang et al.| (2024)) achieved 1 km horizontal resolution for PMs 5
using satellite-based methods, vertical resolution often remains limited to column-integrated values.

Accurate forecasting provides operational value across three key domains:

o Early warning systems: [Yu et al. (2023|) showed transformer-based models can predict PMs 5
with RMSE of 6.92 ug/m?, demonstrating improved accuracy during wildfire events.

o Emergency response: Transfer learning methods from |Shi et al.| (2023) reduced computational
costs by 72% for gas leak forecasting, though fire plumes introduce additional complexities like
pyrolysis and buoyancy.

e Public health protection: Adaptive graph networks developed by |Liu et al.| (2023)) improved
exposure risk assessments.

Key challenges in fire-induced plume forecasting include:

e Dynamic atmospheric conditions: [Zhang & Zhao| (2021) demonstrated that uncertainties in
wind fields propagate exponentially, but fire plumes lack equivalent high-resolution input data.

e Topographic complexity: Urban geometries induce micro-scale atmospheric circulations that
complicate dispersion modelling (Asahi et al., 2023).

e Emission source uncertainty: Bayesian frameworks can quantify prediction uncertainty in dis-
persion modelling (Shi et al., [2021]).

Most existing systems operate in two dimensions, whether using ground-based networks (Peralta et al.,
2022) or satellite imaging (Rouet-Leduc & Hulbert} |2024)). Fully 3D forecasting remains experimental, with
frameworks like the CFD-ML model from |Li et al.| (2024) showing potential but requiring validation for fire
scenarios. Forecast horizons vary widely, from 15-minute nowcasting models (Shi et al.; 2023) to decadal-
scale COs dispersion projections (Fan et al., [2024)), highlighting trade-offs between temporal resolution and
forecast duration.

4.3.1 Spatiotemporal Forecasting Models

Current approaches to fire-induced plume forecasting can be broadly categorised into three paradigms, as
illustrated in Figure[7} physical models grounded in fluid dynamics, data-driven methods leveraging machine
learning, and hybrid approaches that combine both.

Physical Models Whilst Li et al.| (2024)) achieved high precision (MSE: 4.60x 10~?) in controlled hydrogen
plume simulations, these methods face additional challenges in wildfire scenarios including turbulent buoy-
ancy and pyrolysis. The computational requirements are substantial—Asahi et al.| (2023) needed 750 LBM
(Lattice Boltzmann Method) simulations to model urban dispersion. This creates a fundamental trade-off
where increasing spatial resolution improves accuracy but exacerbates computational costs, limiting utility
for emergency response.

Data-Driven Methods Machine learning models demonstrate strong adaptability to real-world condi-
tions. The graph network from |Liu et al.| (2023) demonstrated improved accuracy (R? = 0.94) through dy-
namic spatial attention mechanisms. However, these gains often come at the cost of physical interpretability,
as shown by |[Fan et al.| (2024)) through integrated gradients analysis. A key research question is whether
architectures can maintain the performance of models like the transformer from [Yu et al.| (2023) (RMSE:
6.92 pug/m3) whilst preserving explainability.
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Figure 7: Taxonomy of spatiotemporal forecasting approaches for fire-induced plumes, showing the three
main paradigms and representative methods within each.

Hybrid Approaches Combining physical and data-driven paradigms has yielded mixed results. The
physics-informed neural networks from [Zhang & Zhao| (2021) achieved wind field reconstruction with RMSE
as low as 0.263 m/s, but required 17-hour training times that hinder real-time deployment. Transfer learning
frameworks like that from reduced CFD runs by 72%, but rely heavily on synthetic training
data which may not generalise to diverse fire scenarios.

Future Directions Four key research directions could address current limitations. First, 8D forecasting
remains underdeveloped: current models focus primarily on 2D horizontal dispersion 7 whilst
vertical plume dynamics such as smoke injection height remain understudied despite their importance for
long-range transport. Second, real-time execution at scale presents ongoing challenges; whilst
achieved 13 ms inference times, scaling these approaches to regional forecasts whilst maintaining
sub-minute latency remains difficult. Third, achieving field-deployable accuracy requires bridging the gap
between high-resolution urban predictions (Asahi et al., |2023) and the computational constraints of remote
deployment, potentially through innovations like quantised neural networks. Fourth, edge computing inte-
gration offers promising opportunities, with adaptive graph networks showing potential
for drone swarm implementations with onboard processing. Together, these directions could lead to more
resilient and responsive forecasting systems that integrate effectively with real-time autonomous platforms.

4.3.2 Data Sources and Preprocessing for Forecasting

The accuracy of fire-induced plume forecasts depends fundamentally on available data sources and prepro-
cessing methods. Whilst multi-source data integration has advanced significantly, important limitations
remain in observational capabilities and their alignment with modelling requirements.

Remote Sensing Capabilities Current remote sensing platforms offer complementary strengths and
weaknesses for plume monitoring. Earlier-generation instruments like MODIS and VIIRS provide daily
global coverage but lack spatial precision for localised dispersion modelling. Geostationary satellites such
as Himawari-8 provide hourly AOD data for PMs 5 estimation (Wang et al., 2024)), whilst polar-orbiting
platforms like Sentinel-2 have 5-day revisit cycles that may miss critical plume evolution phases (Rouet-
[Leduc & Hulbert), 2024). Although these systems achieve 1 km resolution for aerosol optical depth and 20
m for methane detection (Khirwar & Narang [2024)), their column-integrated measurements cannot resolve
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vertical stratification crucial for understanding smoke injection heights. This limitation necessitates reliance
on reanalysis data like ERA5 for vertical profiling, introducing potential errors into forecasting models.

Ground and UAV-based Monitoring Ground stations and UAV networks help address satellite res-
olution limitations but face different constraints. Fixed monitoring stations used in adaptive graph net-
works (Liu et all 2023)) suffer from spatial sparsity—for example, Beijing’s network of 35 stations provides
only one sensor per 50 km?, insufficient for neighbourhood-scale exposure assessment. UAVs could pro-
vide intermediate-scale coverage, but their use in operational forecasting remains limited due to endurance
constraints. The lack of UAV-derived datasets in published research highlights an important gap between
monitoring capabilities and predictive applications.

Meteorological Data Challenges Atmospheric modelling of fire-plume interactions involves inherent
uncertainties. Whilst Zhang & Zhao| (2021) achieved 0.263 m/s RMSE in wind field reconstruction us-
ing physics-informed neural networks, this precision requires LIDAR data rarely available during wildfires.
Operational systems typically substitute coarser reanalysis data, such as ERA5’s 31 km resolution wind
fields (Yu et al., [2023), creating scale mismatches between atmospheric forcing and plume dispersion. These
issues are particularly significant for fire-generated pyroconvection, where |Asahi et al.| (2023) showed that
sub-kilometre wind variations can alter concentration patterns by 300%.

Preprocessing Requirements Current preprocessing methods face challenges in balancing competing
priorities. Z-score normalisation effectively handles sensor variability but discards measurement confidence
intervals (Wang et al.| 2024]), whereas Bayesian frameworks preserve uncertainty propagation but require sub-
stantially greater computational resources (Shi et al} [2021). This trade-off becomes particularly problematic
for real-time systems aiming for 13 ms inference times (Shi et al., |2023)). Future preprocessing approaches
should integrate more closely with end-to-end learning systems, following examples like the Dartboard Spa-
tial MSA from Liang et al.|(2023) that compensates for imperfect inputs through architectural innovation.
As forecasting moves towards real-time autonomous deployment, preprocessing must evolve from passive
data cleaning to an active interface between sensing systems and models.

4.3.3 Real-time Forecasting Systems and Deployment

The implementation of fire-induced plume forecasting systems in real-world scenarios reveals significant
challenges in transitioning from theoretical models to practical deployments. Whilst studies such as |Li
et al.| (2024)) and [Shi et al.| (2023) demonstrate promising results in controlled environments, several critical
limitations emerge when considering operational deployment.

Latency and Accuracy Trade-offs Current forecasting systems can be categorised into two approaches
with distinet limitations. Cloud-based solutions like that proposed by |[Liang et al.| (2023)) achieve accurate
72-hour predictions but may face latency challenges in real-time deployment, making them unsuitable for
rapid response scenarios. In contrast, edge computing implementations such as|Shi et al.| (2023]) achieve 13
ms response times but sacrifice accuracy by relying on simplified Gaussian plume models. Hybrid approaches
like [Yu et al.| (2023)) attempt to balance these trade-offs, but still face challenges with false positives during
sudden wind changes.

Data Integration Challenges Operational forecasting systems must integrate data from multiple sources
with varying characteristics. Regarding temporal resolution, satellite revisit cycles (54 days for Sentinel-
2 (Rouet-Leduc & Hulbert], 2024)) differ significantly from UAV sampling rates (minutes) and fixed sensor
frequencies (seconds). Spatial resolution poses additional constraints, as MODIS sensors provide only 1
km resolution (Wang et al. |2024)), insufficient for capturing small-scale eddies affecting plume dispersion.
Furthermore, most systems face limitations in physical modelling, lacking real-time pyrolysis data and relying
instead on constant emission assumptions. As demonstrated by |Asahi et al.| (2023), these mismatches can
lead to 300% concentration errors in urban environments. The absence of standardised data fusion protocols
further complicates system integration.
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Practical UAV Limitations Whilst UAVs are frequently proposed as mobile sensing platforms in studies
like |Li et al.| (2024) and Liu et al|(2024), several practical constraints hinder their adoption. These include
airspace restrictions during active fire events, limited battery life (typically less than 30 minutes for drones
carrying gas sensors), payload constraints (under 500 g for most commercial UAVs), and the lack of stan-
dardised protocols for hazardous operations. These limitations explain the absence of real UAV field data
in current research, despite their theoretical potential for plume monitoring.

Operational Implementation Challenges A disconnect exists between forecasting system outputs and
practical decision-making needs. Whilst probabilistic frameworks like [Shi et al.| (2021) provide rigorous
uncertainty quantification, their complexity exceeds the requirements of most incident command systems.
Conversely, simplified binary alerts as used by |Asahi et al.| (2023)) discard potentially critical uncertainty
information. This mismatch between technical capabilities and operational needs contributes to the limited
real-world adoption of advanced forecasting systems.

Future progress will require coordinated development of both technical solutions and operational frameworks.
The layer-wise prediction approach demonstrated by [Fan et al.| (2024) represents one promising direction,
but comprehensive solutions must address the entire system from sensor networks to decision support tools.
Without such holistic development, even the most sophisticated forecasting models risk remaining academic
exercises rather than practical tools for emergency response.

4.3.4 Evaluation Metrics and Uncertainty Quantification

Current approaches to validating fire-induced plume forecasting systems face significant challenges in bridging
the gap between technical metrics and operational requirements. Traditional evaluation methods often fail
to capture the complex decision-making needs of environmental emergencies.

The current landscape of performance metrics reveals important limitations. Whilst |Li et al.| (2024) report
R? values approaching 0.98 for hydrogen plume forecasting, such aggregate measures can mask critical spa-
tial variations in prediction quality. |Asahi et al.| (2023) demonstrate through FACs analysis that only 64% of
predictions fall within a factor of 2 of ground truth, despite high R? values, limiting their practical reliability.
This highlights a fundamental challenge in current evaluation frameworks—the mismatch between measur-
able statistics and operational requirements. [Yu et al.| (2023)) further show how conventional MAE/RMSE
metrics may overlook crucial timing errors in peak concentration predictions.

Current approaches to uncertainty quantification present two distinct methodologies with complementary
strengths and weaknesses. The Bayesian framework developed by |Shi et al| (2021) provides rigorous prob-
abilistic bounds through Monte Carlo sampling and variational inference, but requires 17x more computa-
tional resources than deterministic models. In contrast, the ensemble methods employed by [Fan et al.| (2024)
generated 108 simulation scenarios covering geological and operational variability, though with potentially
reduced statistical rigour.

The practical communication of uncertainty information remains a significant challenge for operational de-
ployment. [Liang et al.| (2023) observed that despite having advanced probabilistic capabilities, many systems
ultimately revert to simpler binary alerts in practice. Similarly, the three-tier confidence system developed
by |Shi et al.| (2023]) achieved better adoption than more complex alternatives, suggesting practical limits to
how much uncertainty information emergency responders can effectively utilise during crises.

Moving forward, the field requires evaluation frameworks that better address the needs of emergency re-
sponse. Future developments should focus on metrics that directly quantify decision-critical errors rather
than statistical abstractions, whilst maintaining a balance between computational feasibility and information
value. Most importantly, forecasting systems must be evaluated not just by their technical sophistication,
but by their ability to support effective decision-making during actual emergencies. Achieving this will
require sustained collaboration between model developers and operational end-users to ensure evaluation
approaches reflect real-world requirements whilst maintaining scientific rigour.
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4.4 Simulation
4.4.1 The Role and Rationale for Simulation

Simulation has emerged as a foundational tool in wildfire plume research, addressing critical gaps in both data
availability and system development. Real-world data on plume dispersion is inherently limited by safety
concerns, logistical constraints, and temporal sparsity during fast-evolving wildfire events. As[Brucker et al.
(2022) highlight, simulation experiments help overcome these challenges by enabling controlled exploration
of burn dynamics and their environmental impacts, particularly when collecting in situ data is infeasible or
hazardous.

Moreover, wildfire behaviour is shaped by complex fire-atmosphere interactions, making accurate forecasting
and autonomous system training heavily dependent on dynamic simulation environments. |[Moisseeva &
Stulll (2021)) use a coupled WRF-SFIRE large-eddy simulation (LES) approach to generate synthetic plume
data, showing that energy balance parameterisations can achieve reasonable predictive performance at low
computational cost. Similarly, Baggio et al.|(2022]) demonstrate the importance of simulating plume dynamics
in tandem with meteorological feedback using a Meso-NH and ForeFire coupled model. These studies
reinforce the value of simulation not only for understanding plume rise mechanics, but also for supporting
real-time emergency response and autonomous decision-making.

The need for simulation also stems from the lack of long-term, spatially dense monitoring networks, especially
in urban and complex terrain environments. As Barlow| (2014} discusses in the context of the urban bound-
ary layer, surface heterogeneity and turbulence complicate direct measurements, requiring model-driven
interpolation and forecasting tools. This becomes especially relevant when considering drone deployment
in urban-wildland interface regions, where localised meteorology influences both plume transport and UAV
flight behaviour.

Sun et al| (2023) further emphasise simulation’s role in risk assessment, fire spread forecasting, and pre-
paredness strategy development. Simulation models allow researchers to explore variable conditions, assess
response strategies, and guide decision support systems. Mateus et al. (2024)) show how qualitative and
quantitative validation techniques using smoke visualisation and CFD help verify model fidelity, making
simulation a powerful bridge between controlled experimentation and predictive modelling.

Finally, [Ke et al.| (2021) underscore the importance of plume simulation in global atmospheric modelling,
where plume rise height influences smoke transport and pollutant lifetime. Their development of a global
dataset and parameterisation scheme reinforces the simulation’s critical role in climate-scale modelling as
well as short-term operational forecasting.

Taken together, these studies illustrate the indispensable role of simulation in generating realistic data for
forecasting algorithms, validating plume behaviour under diverse conditions, and training autonomous UAV
systems for intelligent fire response.

4.4.2 Key Parameters and the Necessity of 3D Modelling

Realistic simulation of wildfire smoke plumes requires careful attention to the physical, chemical, and envi-
ronmental parameters that govern their evolution. Core variables such as wind speed, atmospheric stability,
fuel heat release, injection height, and turbulence intensity strongly influence plume structure and trajec-
tory. As highlighted by Tenti & Ferrero| (2024), even variations in the drag coefficient—used in plume rise
models—can significantly affect the predicted plume height and pollutant concentration fields. Their study,
based on prescribed fire campaigns, emphasises that accurate representation of these parameters is essential
for meaningful dispersion modelling.

Plume height itself is a particularly critical variable, as it governs the vertical extent of smoke injection
into the atmosphere and determines subsequent passive pollutant transport. Ke et al. (2021) show that
parameterising plume rise accurately is vital for calculating the lifetime and dispersal range of smoke par-
ticles in climate models. This importance extends to shorter timescales, where fine-grained 3D structure
influences forecasting and UAV-based sensing strategies. Similarly, Moisseeva & Stull (2021])) demonstrate
that crosswind-integrated injection height can be approximated using simple energy balance models derived

25



Under review as submission to TMLR

from LES-based simulations, providing a balance between physical realism and computational efficiency. We
note that with uncontrolled fires, their plumes are released to atmosphere at ground level.

Dimensionality is a key concern. Whilst 2D or Gaussian-based models offer computational efficiency, they are
insufficient for capturing the vertical dynamics and spatial heterogeneity present in real plumes. |Clements
et al.| (2024)) compare a Large Eddy Simulation (LES) implemented in OpenFOAM with a Gaussian Plume
Model (GPM) implemented in ADMS. Their findings show that whilst both models can reproduce observed
PMs 5 concentration profiles, the LES approach provides greater spatial accuracy—particularly in vertical
plume structure—albeit at a higher computational cost. This accuracy is critical for simulating UAV sensor
exposure across different altitudes and for informing control strategies that depend on dynamic vertical
gradients.

Three-dimensional modelling also becomes essential when considering heterogeneous environments and at-
mospheric chemistry. Mateus et al.| (2024)) validate a CFD model for thermal plumes using real-scale smoke
visualisation experiments, revealing strong agreement in vertical velocity and temperature profiles. This
form of validation is particularly valuable for ensuring UAV agents can rely on realistic sensory input in
simulation. |Li et al.|[(2022) further show that wind speed and platform motion significantly influence plume
rise behaviour, underlining the need to capture dynamic boundary conditions in 3D.

Moreover, |Wang et al.| (2021]) use a chemistry-coupled LES model to examine chemical heterogeneity within
fire plumes, finding that photochemical reactions are highly stratified, with active oxidation at the plume
edges and different reaction pathways in the core. Such insights would be lost in models lacking vertical
and cross-sectional resolution. Finally, Barlow| (2014) underscores how surface heterogeneity and the urban
roughness sublayer complicate the structure of the atmospheric boundary layer, reinforcing the need for
spatially resolved, high-fidelity simulations in built environments.

Taken together, these studies demonstrate that high-resolution 3D simulations—whilst computationally
intensive—are indispensable for capturing the complex, multiscale dynamics of smoke plumes, validating
forecasting models, and informing UAV decision-making in real-world operational contexts.

4.4.3 Existing Simulation Tools and Their Capabilities

A wide range of simulation tools have been developed for modelling wildfire behaviour and plume dispersion,
each with varying degrees of physical fidelity, computational cost, and application specificity. Table [2] sum-
marises the key characteristics of prominent tools discussed in this section. These models can be broadly
categorised into empirical methods, dynamic physical simulators, and high-fidelity computational fluid dy-
namics (CFD) frameworks.

Table 2: Comparison of wildfire and plume simulation tools. Fidelity refers to physical accuracy; speed
indicates computational efficiency; 3D indicates full three-dimensional modelling capability; plume indicates
explicit smoke/pollutant dispersion modelling. Classifications based on descriptions in the cited literature;
see referenced studies for detailed specifications.

Tool Type Fidelity Speed 3D Plume
PHOENIX Rapidfire ~ Empirical Low Fast No Limited
FlamMap / Farsite Dynamic Medium Medium No No
Prometheus Dynamic Medium Medium No No
WRF-SFIRE Coupled Med-High Slow Yes Yes
Meso-NH + ForeFire Coupled Med-High Slow Yes Yes
WEDS Full CFD High Very Slow Yes Yes
FIRETEC Full CFD High Very Slow Yes Yes
OpenFOAM (LES) CFD Very High  Very Slow Yes Yes
ADMS (GPM) Gaussian Low Very Fast  Limited Yes
HYSPLIT Lagrangian Medium Fast Yes Yes

Singh et al. (2025) provide a comprehensive review of wildfire simulators used in Australia, including
PHOENIX Rapidfire, SPARK, AUSTRALIS, REDEYE, and IGNITE. These tools range from empirical
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models based on historical correlations to dynamic physical simulators that integrate atmospheric condi-
tions and terrain data. Empirical models offer computational efficiency but are limited in their ability to
capture complex plume behaviours, whilst dynamic tools are more physically grounded but require detailed
environmental input and longer runtimes.

Ghodrat et al.|(2022)) present a broader review of simulation software used in wildfire and wind-fire interaction
modelling, including Prometheus, Phoenix, FireStation, HFire, FlamMap, WRF-Fire, FIRETEC, WFDS,
and FIRESTAR. Each of these platforms has distinct strengths: for example, WFDS and FIRETEC are full-
physics CEFD tools capable of modelling fire spread and smoke transport in three dimensions, whilst tools like
FlamMap and Farsite focus more on terrain-based fire progression. The authors provide a critical comparison
of their capabilities and limitations, emphasising the need for more efficient, accurate, and flexible modelling
tools.

Multifidelity simulation approaches offer a promising compromise between physical realism and computa-
tional cost. [Valero et al.| (2021) demonstrate that control variates and multilevel Monte Carlo strategies can
accelerate full-physics fire simulations by up to two orders of magnitude, whilst still capturing key behaviours
such as fire rate of spread and environmental sensitivity. Their use of the Wildland-Urban Interface Fire
Dynamics Simulator (WFDS) highlights the role of high-fidelity CFD in modelling coupled fire and smoke
dynamics.

Several tools have been adapted or extended specifically for plume modelling. Baggio et al.[ (2022) combine
Meso-NH (an atmospheric model) with ForeFire (a fire spread model) to simulate plume dispersion with
meteorological feedback effects. [Moisseeva & Stull|(2021)) use WRF-SFIRE in LES mode to generate synthetic
datasets for smoke plume rise. [Clements et al.| (2024) compare two widely used dispersion models—LES
(OpenFOAM) and GPM (ADMS)—highlighting their respective strengths in accuracy and speed. Similarly,
Li et al. (2022) employ CFD to simulate plume behaviour from moving ships, proposing simplifications to
reduce computational demand.

Some models have also been applied to industrial and built environments. |John et al.| (2021)) evaluate the
STAR-CCM+ CFD tool for simulating fire and smoke propagation in nuclear facility scenarios, finding
that ventilation settings significantly affect smoke mixing and stratification. Mateus et al.| (2024)) validate
CFD models using coloured smoke visualisation in large indoor spaces, offering insights into qualitative and
quantitative consistency between measured and simulated plume behaviour.

Salis et al.| (2021)) demonstrate how simulation outputs can be combined with land use, ignition data, and
weather records to assess wildfire exposure and transmission in real geographic contexts. Whilst their focus is
not on plume dynamics per se, it illustrates how simulation platforms can be embedded into decision-support
frameworks for risk management.

Collectively, these tools span a spectrum from rapid, empirical predictors to fine-grained, three-dimensional
CFD models. Their selection depends heavily on the intended application—whether for real-time forecasting,
autonomous control training, or policy planning—and on the trade-offs between physical realism, spatial
resolution, and computational feasibility.

4.4.4 Challenges and Integration with Forecasting and Control

Despite significant advances in simulation methods for wildfire plumes, several critical challenges remain—
particularly when integrating these simulations with forecasting algorithms and autonomous control systems.
One key limitation is the trade-off between physical fidelity and computational efficiency. High-resolution
models such as Large Eddy Simulation (LES) provide excellent spatial detail, but are often too computa-
tionally demanding for real-time applications or extensive training datasets. (Clements et al.[ (2024]) compare
LES and Gaussian plume models, showing that whilst LES offers greater accuracy, it comes at the cost of
efficiency—limiting its applicability for rapid-response systems or continuous UAV control feedback loops.

This concern is echoed by |[Moisseeva & Stull| (2021), who propose an energy balance parameterisation for
plume rise that achieves reasonable accuracy with minimal computational burden. Their approach illustrates
a broader need for hybrid or reduced-order modelling strategies that can be used in autonomous system
training without sacrificing too much realism. Similarly, [Valero et al.| (2021)) demonstrate how multifidelity
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methods, such as multilevel Monte Carlo and control variates, can retain the predictive capabilities of
high-fidelity models whilst reducing simulation time by orders of magnitude. These approaches also enable
uncertainty quantification, which is crucial when forecasting plume spread in operational contexts.

Another major challenge lies in the co-simulation of fire dynamics and atmospheric feedback. [Baggio et al.
(2022) address this by coupling Meso-NH with ForeFire to produce smoke dispersion forecasts that adapt to
changing meteorological conditions. Their framework supports faster-than-real-time predictions, making it
particularly relevant for emergency response and mission planning. However, such tightly coupled systems
are still rare, and their integration with autonomous UAV control architectures remains largely unexplored.

The chemical complexity of plumes also introduces challenges for integration with Al-based forecasting
systems. [Wang et al.| (2021) highlight how photochemical and dark chemical reactions evolve spatially
within plumes, often requiring high spatial resolution to model accurately. This poses difficulties for ma-
chine learning models trained on low-resolution or homogenised data, which may miss critical gradients or
overgeneralise.

From the control perspective, [Tzoumas et al.| (2023) show that UAV swarms can achieve high wildfire
detection coverage using decentralised control algorithms. Whilst their work focuses on fire detection rather
than plume following, the principles of dynamic area partitioning and robustness to agent failure are highly
relevant for designing autonomous sensing systems that can adapt to evolving smoke conditions. Simulation
environments that accurately model plume evolution are a necessary precondition for training such control
policies under realistic constraints.

Validation remains another open issue. Mateus et al| (2024]) demonstrate how experimental visualisation
techniques can be used to evaluate the accuracy of CFD-based thermal plume models, yet such validations
are not commonly incorporated into real-time or learning-based frameworks. |[Ke et al| (2021)) further em-
phasise that injection height—often a simplification or heuristic in many models—plays a dominant role in
determining smoke transport and pollutant lifetime, directly affecting the quality of forecasts.

Overall, integrating plume simulation with forecasting and control requires balancing realism, efficiency, and
generalisability. This involves not only improving simulation tools but also designing training protocols
and feedback mechanisms that allow autonomous systems to reason under uncertainty, adapt to changing
conditions, and operate safely in complex atmospheric environments.

5 Health Risk Modelling

While Sections [3] and [4] established how fire-induced plumes emerge, evolve, and can be tracked in real time,
understanding plume dynamics alone is insufficient for effective public health response. The critical next step
is translating atmospheric measurements into meaningful estimates of human harm. Health risk modelling
provides this interpretive layer, transforming spatiotemporal pollutant data into predictions of morbidity,
mortality, healthcare demand, and long-term population impacts.

This section reviews the methodological foundations of health risk modelling in the context of fire-induced
air pollution, examining how exposure data are converted into estimates of biological response, clinical
burden, and population-level risk. We first describe the core modelling pipeline—from exposure assessment
through dose-response estimation to probabilistic risk quantification—before discussing how vulnerability,
inequality, and population heterogeneity shape health outcomes. We then examine the limitations of existing
public health protocols for acute fire events and explore how artificial intelligence enables more adaptive,
personalised, and real-time risk forecasting. Together, these approaches position health modelling as the
decision-making interface between autonomous sensing systems and emergency response.

Wildfires are no longer seasonal anomalies; they are becoming sustained, climate-driven threats with wide-
ranging consequences. As shown in Section [3] the acute health impacts of fire-related pollutants are poten-
tially substantial, with observed spikes in respiratory and cardiovascular morbidity during and after major
fire events. Section[d]further demonstrated how spatiotemporal models can successfully track the atmospheric
dynamics of these pollutants. However, understanding where smoke travels is only part of the equation; the
next critical step is predicting how it will affect human health.
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5.1 How Health Risks Are Calculated

Quantifying health risks from wildfire smoke exposure involves a multi-step modelling chain that begins with
pollutant detection and ends with predictive estimates of health burden. The fundamental components of
this chain—exposure assessment, dose-response estimation, and risk quantification—form the methodological
foundation for health risk modelling systems. Figure [§|illustrates this modelling chain and the data sources
informing each stage.
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Figure 8: Health risk modelling pipeline showing the three-stage process from pollutant detection to health
burden estimation, with key data inputs and emerging Al integration points.

The first stage, exposure assessment, focuses on identifying the concentration and spread of harmful pol-
lutants such as PMs 5, PM;g, VOCs, CO, and ozone. As established in Section 4] spatiotemporal pollu-
tant modelling provides the geographical and temporal resolution required for precise exposure estimates.
However, fire-related exposure is uniquely complex: pollutant concentrations fluctuate rapidly, vary across
microclimates, and can be strongly influenced by wind and topography. Several studies have combined satel-
lite imagery, ground-based monitoring, and machine learning to model pollutant plumes more accurately in
near-real time (Aldahlawi et al.l [2024; |[Zhao et al., |2021)).

The second stage involves establishing dose-response relationships that translate pollutant levels into es-
timated biological impact. Classical models rely on concentration-response functions (CRFs) derived from
epidemiological studies, often assuming linear relationships between exposure and incidence of outcomes such
as asthma exacerbation, myocardial infarction, and premature mortality (Hoffmann et al., |2021). However,
these relationships are frequently context-dependent; |Lu et al.| (2022)) note that the same PMs 5 exposure can
yield vastly different outcomes depending on age, pre-existing conditions, and socioeconomic status. Fire-
specific dose-response data remain limited, prompting increased interest in adaptive modelling techniques
that can recalibrate based on local conditions and populations.

The final stage, risk quantification, has evolved from deterministic health burden estimations to probabilistic
frameworks. Traditional approaches often apply attributable risk models or population impact fractions using
static CRFs, whereas more recent innovations include Bayesian networks and Monte Carlo simulations that
propagate uncertainty across the exposure-disease chain (Zhang et all [2024a)). These probabilistic models
are particularly useful during fire events, where both the pollutant landscape and population movement are
highly dynamic.

Whilst deterministic models provide foundational insights, they often lack the capacity to accommodate
uncertainty inherent in real-world scenarios. Probabilistic frameworks such as Monte Carlo simulations and
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Bayesian inference offer a more robust alternative by quantifying variability in both exposure and response.
For example, [Hughes et al.[(2024) demonstrate the use of Bayesian models to iteratively update risk estimates
based on emerging clinical and environmental data—a methodology highly applicable to wildfire contexts
where real-time updates are critical. Similarly, agent-based models, such as those used in toxic gas evacuation
modelling by |Zhang et al.| (2024a), can simulate heterogeneous individual responses to exposure events,
allowing for scenario testing under variable conditions.

Emerging Al-based systems are also being integrated at this stage to capture non-linear patterns and
individual-level variability. For instance, DirPred (Niu et all |2024)) uses neural attention mechanisms to
model risk across longitudinal EHRs, offering the potential to personalise health impact predictions based on
both environmental exposure and medical history. These probabilistic and agent-based approaches serve as a
methodological bridge to more advanced Al-enabled systems, which incorporate dynamic, high-dimensional
inputs for real-time individualised risk forecasting.

Despite these advances, significant challenges remain: limited temporal resolution in dose-response estimates,
sparse population-specific CRFs for fire pollutants, and the need to validate Al models against real-world
health outcomes. Nevertheless, these methods represent an increasingly robust toolkit for translating atmo-
spheric data into actionable health intelligence.

5.2 Vulnerable Populations and Human Impact

Fire-related air pollution does not affect all populations equally (Griffiths et al., 2025). The intensity,
duration, and timing of exposure—combined with individual susceptibilities—create a layered landscape of
health vulnerability. Modelling health risk without accounting for these disparities can lead to misleading
predictions and inequitable response strategies.

Among the most affected groups are children, whose developing respiratory systems and higher breathing
rates make them more susceptible to inhaled pollutants. Exposure to PMs 5 during wildfires has been
associated with increased rates of lower respiratory infections and reduced lung development, outcomes that
may persist into adulthood (Hoffmann et al., 2021} [Lu et al., [2022).

Older adults, particularly those with pre-existing cardiovascular or respiratory conditions, experience
heightened morbidity and mortality during fire events. As discussed in Section [3] emergency hospitali-
sations often spike for asthma, COPD, and ischaemic heart disease. |de Hond et al.| (2022)) emphasise the
importance of stratifying risk models by age and comorbidity to accurately capture these elevated risks.

Pregnant individuals also represent a critical population. Exposure to wildfire smoke has been associated
with adverse birth outcomes such as preterm delivery and low birth weight. These impacts are thought
to result from systemic inflammation and placental oxidative stress triggered by particulate matter inhala-
tion (Albahri et al., 2023)).

First responders and frontline workers, including firefighters and paramedics, face both acute and
chronic exposure risks. [Darwiesh et al. (2022]) highlight the need for real-time monitoring systems tailored
to occupational exposures, which often occur at pollutant concentrations far exceeding ambient levels. Long-
term exposure may contribute to diminished pulmonary function, elevated cancer risk, and stress-related
disorders.

Evacuation challenges further exacerbate risks for both vulnerable individuals and responders. Studies such
as [Munawar et al.| (2022) underscore the difficulty of timely evacuation in aged care facilities during flood
or fire events, pointing to the need for Al-enhanced planning tools that can optimise routing and response
in real time. Similarly, [Zhang et al.| (2024a) use multi-agent models to simulate evacuation under toxic gas
releases, demonstrating how fear, uncertainty, and communication delays can influence exposure outcomes.

Low-income and marginalised communities often face a compounding burden: they are more likely
to reside in high-exposure zones, less likely to have access to air filtration or medical services, and more
frequently excluded from real-time alerts and health risk communications. These inequities are exacerbated
by structural factors such as housing quality, insurance gaps, and digital divides (Mesk6 & Topol, 2023)).
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Social vulnerability also plays a key role. Populations without access to protective infrastructure—such
as HEPA filtration, sealed indoor environments, or private transportation—face disproportionately higher
exposure and recovery barriers. As Darwiesh et al. (2022) note, using social media and public sentiment
analysis can help identify areas of heightened concern or neglect in real time, creating opportunities for more
targeted intervention.

Effective health risk models must therefore move beyond population averages and incorporate demographic,
occupational, and socioeconomic dimensions. Al-enabled systems—such as DirPred—offer the potential
for granular, individual-level forecasting, but only if such dimensions are explicitly integrated into model
architecture and training data. Without such attention to vulnerability, technological advances may reinforce
rather than reduce health disparities.

5.3 Existing Protocols and Gaps

Health risk assessment during wildfire events continues to rely heavily on generalised public health frame-
works developed for ambient air quality management. As outlined in Section [3] existing exposure assessment
techniques rely on a mix of satellite imagery, land-use regression models, and ground-based sensor networks.
Whilst these tools form a technical foundation of health risk monitoring, they are typically embedded within
broader public health frameworks such as Air Quality Index (AQI) and WHO guidelines, noting again that
these are 24-hour based for many pollutants. Generically, these frameworks interpret raw environmental
data to predict conditions that are then operationalised for ambient exposure decision-making. Chief among
these, the Air Quality Index (AQI) translates pollutant concentrations—most notably PMs 5, PM;jg, Os,
CO, and NOy—into a categorical scale ranging from “Good” to “Hazardous”. The AQI is designed for
clarity in public communication. As|Zhao et al| (2021)) note, wildfire plumes are dynamic, and pollutant
concentrations can shift dramatically over short distances and timescales, often outpacing the update cycles
of AQI systems.

Furthermore, the WHO’s 2021 Air Quality Guidelines (AQGs) provide globally recognised exposure thresh-
olds, recommending significant reductions in acceptable concentrations for PMs 5 and NOy compared to ear-
lier standards (Hoffmann et al.| [2021). However, these guidelines primarily reflect long-term averages (e.g.,
annual or daily means), making them ill-suited for evaluating acute, high-intensity exposure events such as
those caused by wildfires. During extreme fire episodes, pollutant levels can exceed WHO-recommended
thresholds within hours, exposing populations to levels that existing policy tools are not calibrated to ad-
dress (Lu et al. [2022). An alternative approach that uses 1-hour monitoring data to predict the prob-
ability that a 24-hour standard will likely be exceeded has been suggested specifically for acute incident
response (Deary & Griffiths, [2021)).

Operational responses such as shelter-in-place advice, school closures, or evacuation orders are typically
informed by dynamic public health risk assessments guided by exposure guidelines. These interventions often
fail to incorporate individual-level risk variations such as those with pre-existing disease. [Darwiesh et al.
(2022) argue that such uniform guidance overlooks the heightened susceptibility of specific groups, including
individuals with chronic respiratory disease, children, and the elderly. The resulting blanket policies may
underprotect those most at risk or overextend resources where risk is minimal.

5.4 The Role of Artificial Intelligence in Health Risk Modelling

Artificial Intelligence (Al) is emerging as a pivotal tool in advancing health risk modelling during wildfire
events, offering capabilities that extend beyond the static, generalised frameworks critiqued in the previous
section. By integrating environmental exposure data with electronic health records, behavioural patterns,
and geospatial analytics, Al enables risk prediction that is both temporally dynamic and individually re-
sponsive.

A key advancement is the shift from deterministic to probabilistic modelling. Traditional exposure-response
relationships often assume linear, population-wide effects, whereas AI models can dynamically learn complex,
non-linear interactions from heterogeneous datasets. For example, the DirPred model proposed by [Niu
et al| (2024) combines Dirichlet Process Mixture Models with attention-based neural networks to analyse
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longitudinal electronic health records (EHRs). This approach not only predicts individual health risks but
also generates interpretable evidence at both the cluster and local levels—allowing clinicians to understand
the rationale behind each prediction.

Beyond structured clinical data, Al has also been used to leverage unstructured information such as social
media signals. Darwiesh et al. (2022) demonstrate the utility of Natural Language Processing (NLP) to
assess operational and reputational risks in healthcare systems during crises. Whilst their model was applied
in institutional settings, the framework is adaptable to fire-related public health scenarios—for example,
detecting early signals of asthma exacerbations or ER overloads through Twitter activity during wildfire
events.

Privacy-conscious Al modelling has also seen recent innovation. The Spyderisk platform introduced by
Carmichael et al.| (2024) applies ISO 27005-compliant risk assessment in Al-enabled healthcare services,
particularly for managing privacy risks in multi-stakeholder environments. Although originally developed
for data donation contexts, the methodology is extensible to emergency scenarios where personal health and
exposure data must be analysed in real-time whilst preserving confidentiality.

Another promising frontier is mobile and wearable data integration. Al-driven platforms can incorporate
real-time biometric and geolocation data from smartphones or fitness trackers to produce hyper-personalised
health risk profiles. This functionality addresses a major shortcoming of existing protocols, which typically
offer uniform recommendations for heterogeneous populations. For instance, individuals with pre-existing
cardiovascular conditions could receive customised alerts when PMs 5 thresholds exceed their personal tol-
erance, even if the general AQI remains “Moderate”.

Moreover, Al systems can support resource allocation during high-risk periods. Predictive models can
forecast surges in emergency department visits or medication demand, allowing healthcare systems to deploy
staff and supplies preemptively. As shown in studies like |Lu et al.| (2022), Al-based simulations enhance
disaster preparedness by coupling environmental exposure data with human behavioural models.

However, these opportunities come with challenges. [Mesko6 & Topoll (2023)) caution that the interpretability,
fairness, and safety of AI models must be carefully evaluated before deployment. Whilst governance will
be discussed in Section [6] it is worth noting here that the lack of standardised evaluation metrics and
interoperability frameworks currently limits widespread adoption of Al in wildfire health risk modelling.

In summary, Al holds transformative potential for precision risk modelling in wildfire contexts. By shifting
from population-level averages to individualised, real-time prediction, Al-driven systems promise a paradigm
shift in how we monitor, predict, and respond to fire-related health hazards.

5.5 Future Directions and Recommendations

The limitations of existing health risk frameworks during wildfire events call for a shift towards predictive,
adaptive, and personalised modelling approaches. As demonstrated throughout this section, AI has shown
great promise in addressing these challenges. However, translating this potential into operational practice
will require targeted innovation and systemic change.

One critical need is the development of standardised frameworks for evaluating AI models in health risk
contexts. This includes benchmarks for interpretability, fairness, uncertainty quantification, and real-time
responsiveness. Establishing these criteria will support regulatory acceptance and build public trust.

Second, future systems should prioritise integration of diverse data streams—environmental, clinical, bio-
metric, and behavioural—in real time. The inclusion of wearable and mobile sensor data will be essential
for generating individualised alerts, especially for vulnerable populations such as those with respiratory or
cardiovascular conditions.

Advances in edge computing and drone-mounted sensors offer promising avenues for expanding spatial cov-
erage in remote or under-monitored areas. When coupled with predictive AI models, such technologies could
enable hyperlocal, anticipatory risk assessments that adapt to rapidly changing fire dynamics.
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Finally, AI systems must be validated in real-world fire events. Only through deployment in operational
settings—such as emergency departments, schools, or community health platforms—can these tools be refined
and their public health value truly assessed.

6 Governance

The technological and methodological advances reviewed in the preceding sections—ranging from au-
tonomous plume tracking to Al-driven health risk forecasting—cannot be safely or equitably deployed with-
out robust governance structures. In high-stakes contexts such as wildfire response and environmental
health surveillance, failures of governance can be as harmful as failures of technology. Issues of accountabil-
ity, transparency, inclusion, and legal responsibility directly shape whether these systems protect vulnerable
populations or exacerbate existing inequalities.

This section examines governance as a foundational layer that must co-evolve with spatiotemporal forecasting
and Al-enabled public health systems. We adopt a whole-systems perspective, viewing governance not as a
static regulatory constraint but as a dynamic process embedded across the entire lifecycle of data collection,
modelling, deployment, and intervention. We first review pipeline-wide governance frameworks, then examine
the ethical and legal foundations of Al in health contexts. We subsequently analyse the roles of transparency,
accountability, trust, and equity, before exploring participatory and adaptive governance models. Finally,
we outline unresolved challenges and future directions for governing Al in public and planetary health.

6.1 Governance Across the Pipeline

Effective governance of Al systems in public and planetary health must extend across the entire pipeline—
spanning data collection, algorithmic modelling, and deployment in real-world interventions. Rather than
treating governance as an afterthought, recent scholarship emphasises that it must be designed as an integral
part of system development and implementation. Figure [J]illustrates this whole-systems approach, showing
governance considerations at each stage of the Al lifecycle.

Stakeholders
Feedback
Data Model Debloyment Monitoring &
Collection Development ploy Evaluation

Consent Bias auditing Accountability Impact assessment

Privacy Transparency Safety Redress mechanisms

Data Quality

Validation Access equity
.

Adaptation

Governance

Figure 9: Governance framework across the Al pipeline, showing key considerations and stakeholder involve-
ment at each stage from data collection to operational deployment.

Morley et al.[(2022) highlight the importance of a “whole systems approach,” which incorporates governance
mechanisms at each stage of the Al lifecycle, from data sourcing and preprocessing to model deployment
and monitoring. This approach is echoed by [De Almeida et al.[ (2021]), who propose a regulatory framework
with continuous feedback loops between technology development and regulatory oversight. Their conceptual
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model includes technology-to-regulation (T2R) and regulation-to-technology (R2T) processes, acknowledging
that governance must be both adaptive and anticipatory.

These governance challenges are not purely technical. [Wagner et al.| (2024) argue for embedding public health
ethics into governance frameworks, enabling better navigation of trade-offs between individual autonomy and
collective benefit. They propose that harm reduction, attention to social determinants of health, and the One
Health perspective can help contextualise Al decisions within broader public and environmental systems.

Several studies emphasise the importance of stakeholder participation across the pipeline. Banerjee et al.
(2022) and [Bazzano et al. (2025) argue that co-designing AI systems with patients, healthcare workers,
and community members not only builds trust but also ensures that the systems align with local needs
and contexts. Similarly, |Zhang & Zhang| (2023) identify stakeholder accountability and human oversight as
critical safeguards against algorithmic opacity and bias.

However, as [Ulnicane et al.| (2021) note, Al governance is often framed in policy documents as a balanc-
ing act between competing pressures—innovation, safety, public engagement, and market power. Whilst
calls for inclusivity and transparency are common, specific mechanisms for implementation are frequently

lacking (Wilson, [2022).

In sum, governing spatiotemporal forecasting AI for public health demands a multilayered framework that
links regulatory tools, ethical principles, and participatory processes across the full AI pipeline. Each stage—
data collection, model design, and intervention—introduces distinct risks and responsibilities that require
contextualised, adaptive governance strategies.

6.2 Ethical and Legal Foundations

The ethical and legal foundations of AI governance are especially critical in public and planetary health
applications, where the consequences of algorithmic decisions can directly impact human lives and wellbeing.
Governance in this context must move beyond abstract ethical principles to include enforceable, context-
sensitive legal structures and operational safeguards.

The World Health Organisation outlines six key principles for the ethical use of AI in health: autonomy,
safety, transparency, accountability, equity, and sustainability (World Health Organization, 2021). These
principles offer a normative baseline for AI development, particularly in high-risk environments such as
health emergencies or environmental crises. However, operationalising these ideals remains challenging in
practice.

Zhang & Zhang| (2023) highlight that biased training data, opaque model logic, and unclear responsibil-
ity chains remain prevalent in medical Al systems. They argue for greater transparency and stronger
mechanisms for responsibility attribution, proposing interventions such as algorithmic audits, standardised
reporting protocols, and improved dataset governance. These proposals echo broader calls for traceability
and explainability as pillars of trustworthy Al.

From a legal perspective, adaptive and anticipatory governance models are increasingly advocated.
De Almeida et al| (2021) introduce the concept of regulatory-to-technology (R2T) and technology-to-
regulatory (T2R) feedback loops, suggesting that governance must co-evolve with innovation. Their frame-
work promotes dynamic interaction between regulators, developers, and users, allowing legal norms to adjust
alongside technical advances.

Taeihagh! (2021)) further emphasises the need for regulatory pluralism—where formal laws are complemented
by soft governance mechanisms such as standards, guidelines, and institutional norms. In fast-moving fields
like AT for public health, where novel risks emerge faster than laws can adapt, such hybrid approaches provide
necessary flexibility.

Informed consent is another ethical concern under re-evaluation. [Pickering| (2021)) critiques traditional con-
sent models as too rigid for fast-paced, data-intensive systems. He proposes a trust-based framework of
“dynamic consent,” where ongoing negotiation and contextual understanding replace static, one-time disclo-
sures. This model is particularly relevant in settings like wildfire response or pandemic surveillance, where
population-level data are collected and acted upon in real time.
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Finally, legal and ethical governance must account for global disparities. |Joshi et al.| (2022) point out
that governance models designed for high-income countries often overlook infrastructural, institutional, and
cultural barriers in low- and middle-income contexts. Their work calls for flexible, locally adapted governance
strategies that uphold global ethical principles whilst responding to local realities.

In summary, ethical and legal foundations are not standalone concerns but must be deeply integrated into the
design, deployment, and oversight of spatiotemporal forecasting Al systems. Ensuring fairness, transparency,
and accountability requires a combination of normative frameworks, legal innovation, and continuous stake-
holder engagement.

6.3 Transparency, Accountability, and Trust

Transparency, accountability, and trust form an interdependent triad in the governance of Al systems for
public and planetary health. In the context of spatiotemporal forecasting modelling—where real-time de-
cisions can affect large populations—these elements are not optional but foundational to safe and ethical
deployment.

Zhang & Zhang| (2023]) emphasise that the opacity of many medical ATl models poses significant challenges for
oversight. Without transparent logic or accessible documentation, it becomes difficult to identify where errors
occur, how decisions are made, and who should be held responsible. Their review stresses the importance
of algorithmic explainability and traceability to mitigate the risks of biased or unsafe outputs. This is
particularly relevant in health risk models used during wildfire episodes or pollution crises, where algorithmic
misjudgements can have immediate and widespread effects.

The issue of accountability is tightly coupled with transparency. [Knowles & Richards| (2021) argue that
AT systems should be treated as institutional actors that must operate under mechanisms of redress and
auditability. They propose that accountability should not rely solely on technical validation, but also on
institutional structures that enable responsibility attribution, especially in multi-actor environments such as
public health responses.

These concerns are echoed in the WHQO’s ethical guidance (World Health Organization, 2021, which calls
for governance frameworks that clarify roles and responsibilities, particularly where automated systems
influence clinical or emergency decisions. The guidance underscores that without clear accountability, trust
in Al systems is likely to erode, regardless of technical performance.

Trust itself is not simply an outcome of transparency and accountability—it is also a prerequisite for effective
AT deployment. Robles & Mallinson| (2025)) show that public trust is shaped by broader concerns over civil
liberties, data privacy, and institutional integrity. Their analysis indicates that trust can be actively built
through open communication, stakeholder engagement, and demonstrable fairness in system outcomes.

Pickering] (2021]) offers a complementary view by proposing trust-based consent models in emergency settings.
He suggests that when traditional consent frameworks are impractical, systems must instead foster legitimacy
through continual negotiation and clear, respectful use of public data. This is particularly applicable to
spatiotemporal forecasting systems used for wildfire exposure tracking or infectious disease surveillance,
where individual consent may be impossible to obtain in real-time.

Despite widespread agreement on the importance of transparency and trust, [Ulnicane et al. (2021)) note
that concrete governance mechanisms often lag behind rhetorical commitments. They highlight that whilst
national strategies frequently reference these values, few offer detailed policies for implementation. [Wilson
(2022) similarly criticises the tendency to subordinate participatory and transparency ideals to innovation
and economic competitiveness.

Together, these studies underscore that ensuring transparency, establishing clear lines of accountability, and
building trust are mutually reinforcing goals. Achieving them requires not only technical solutions but also
political will, institutional commitment, and culturally attuned governance practices.
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6.4 Inclusion, Equity, and Capacity Gaps

Ensuring that spatiotemporal forecasting Al systems equitably serve all populations requires governance
approaches that explicitly address disparities in exposure, access, and institutional capacity. These concerns
are especially acute in public and planetary health contexts, where the burden of environmental hazards and
infrastructural limitations disproportionately affects low-resource and marginalised communities.

Section [3 of this review highlights the spatial asymmetries in exposure to wildfire smoke, noting that remote,
Indigenous, and economically disadvantaged populations are often both more exposed and less protected by
monitoring infrastructure. Governance strategies must therefore confront the unequal distribution of risk
and the limitations of existing surveillance systems.

Zhang & Zhang| (2023)) identify algorithmic bias and poor data quality as key governance risks, warning
that AI systems trained on skewed datasets can reinforce existing inequalities. [Trehan| (2025) extends
this critique by highlighting how sustainability efforts in AI, whilst well-intentioned, may unintentionally
marginalise vulnerable groups if energy-efficient models are prioritised over accessible or inclusive ones.

The gap between high-income and low- and middle-income countries (LMICs) is particularly pronounced.
Joshi et al| (2022) model AT implementation challenges in LMIC health systems and find that barriers such
as limited infrastructure, weak governance, and data privacy concerns hinder responsible deployment. |Gama,
et al.| (2022) echo these findings, noting that whilst many governance ideals align with existing public health
frameworks, Al-specific requirements—such as continuous human oversight and ethical data integration—are
often unfulfilled in practice.

Wagner et al. (2024) propose the One Health approach as a means of integrating human, animal, and
environmental health to more equitably govern complex, systemic risks. By recognising interdependence
across domains, One Health supports governance models that prioritise social determinants and structural
vulnerabilities.

Inclusion also requires meaningful participation from underserved communities. [Bazzano et al.| (2025)) argue
that co-design and community engagement are not ancillary, but essential, to building AT systems that reflect
lived realities. Their work shows that participatory design processes improve system relevance, enhance trust,
and support more equitable outcomes.

To close capacity gaps, governance strategies must extend beyond high-level ethical principles to include
investment in infrastructure, support for local expertise, and adaptive policy mechanisms that respond to
on-the-ground realities. Without such mechanisms, AI risks becoming a tool that deepens rather than
alleviates global health inequities.

6.5 Participatory and Adaptive Governance

As Al systems increasingly influence public health outcomes, governance models must evolve to reflect not
only technical and ethical demands, but also the lived experiences and priorities of affected populations.
Participatory and adaptive governance offer a pathway towards legitimacy, responsiveness, and resilience—
especially in the complex and uncertain contexts of spatiotemporal forecasting in public health systems.

Ulnicane et al.| (2021) argue that AI governance is too often dominated by top-down, state- or industry-led
narratives that marginalise societal voices. They call for more inclusive frameworks that recognise the role of
communities, healthcare workers, and local institutions in shaping Al outcomes. This is especially relevant
in systems that collect real-time, geo-located health data, where the stakes of surveillance, consent, and
intervention are deeply personal.

Banerjee et al.| (2022) and Bazzano et al.| (2025) provide concrete examples of participatory design in health-
care Al. Their work shows that involving patients and community members early in the design process
improves usability, contextual fit, and trust. Participatory governance is not limited to feedback collection;
it includes co-creation, shared decision-making, and long-term engagement.

Corbett et al. (2023) emphasise the importance of moving beyond tokenistic consultation. Drawing on
Arnstein’s Ladder of Citizen Participation, they show that many so-called participatory processes offer
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limited power to stakeholders. Instead, they advocate for models that embed community agency into the
design, deployment, and monitoring of Al systems.

Adaptive governance complements participation by acknowledging that health emergencies, environmental
conditions, and social needs evolve rapidly. |Hassan et al.| (2024) describe governance systems that are
intentionally iterative—capable of incorporating feedback, revising models, and adjusting policy in response
to new data. Their PACE (Participatory Al for Civic Engagement) framework integrates dynamic consent,
community input, and real-time governance loops to improve system responsiveness and ethical alignment.

Viewing Al systems as institutional actors also has implications for governance. [Knowles & Richards| (2021))
argue that as Al systems become embedded in public decision-making, they must be held to standards akin
to those applied to public institutions—transparency, accountability, and legitimacy through representation.

Ultimately, participatory and adaptive governance reframes Al not as a fixed technology, but as a living pro-
cess shaped by collective values, contested interests, and evolving challenges. For spatiotemporal forecasting
systems in health and disaster response, such governance models are essential to balancing innovation with
social responsibility.

6.6 Governance Challenges and Forward Directions

Despite growing attention to Al governance in public and planetary health, substantial challenges remain
in operationalising ethical principles, ensuring meaningful participation, and achieving systemic resilience.
As spatiotemporal forecasting Al systems become more integral to emergency response, risk prediction, and
health surveillance, the urgency to confront unresolved tensions intensifies.

One persistent challenge is the tension between responsiveness and privacy. Real-time data collection, es-
pecially from mobile or sensor-based platforms, enables more accurate risk forecasting but raises concerns
about surveillance, consent, and data security. As|Zhang & Zhang| (2023) and |Pickering| (2021) both note,
traditional consent models are poorly suited to fast-moving crises, and trust-based alternatives require robust
institutional infrastructure to function meaningfully.

Another key issue is the fragmentation of regulatory frameworks across jurisdictions. [Joshi et al.| (2022) and
Morley et al.| (2022)) highlight how uneven legal systems, resource constraints, and institutional silos create
implementation gaps, particularly in low- and middle-income countries. Without international coordination,
efforts to standardise Al safety, fairness, and accountability remain limited in scope and impact.

Moreover, the increasing complexity of Al systems—especially those based on deep learning—poses challenges
for traceability and redress. Even when harm can be observed, it is often difficult to attribute responsibility
across model developers, data providers, and deploying agencies. WHO guidance (World Health Organiza-
tion), |2021) and [Knowles & Richards (2021) both call for clearer documentation and oversight structures,
but questions remain about enforcement and jurisdiction, especially in cross-border or planetary health
applications.

Looking forward, a hybrid governance model appears most promising. |De Almeida et al.| (2021)) propose the
integration of soft law principles—Ilike ethical guidelines and standards—with formal regulatory instruments.
Their model of bidirectional feedback between regulators and developers (R2T and T2R) allows governance
systems to adapt as technologies evolve. This adaptability is essential for long-term sustainability.

Additionally, whole-systems approaches are gaining traction. Morley et al.| (2022) advocate for governance
that spans the entire Al lifecycle—from data sourcing and modelling to deployment and impact evaluation.
This approach must also be multilayered: incorporating local knowledge, national oversight, and planetary
coordination to manage systemic risk in a globally interconnected health landscape.

Finally, governance must cultivate legitimacy over time. As Robles & Mallinson| (2025)) argue, trust is not a
one-off achievement but a product of consistent, transparent, and inclusive practice. Ensuring the resilience
of governance systems requires sustained investment in public engagement, technical capacity, and normative
alignment.
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In sum, future governance of AI for public and planetary health must embrace complexity, enable feedback,
and remain attuned to power dynamics and equity. Only through such adaptive, inclusive, and system-wide
oversight can Al be steered towards just and sustainable outcomes.

7 Conclusion

Figure [10] presents the integrative framework emerging from this review, illustrating how autonomous sens-
ing, predictive modelling, health risk assessment, and governance form interconnected components of a
comprehensive fire pollution management system.
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Figure 10: Integrative framework for Al-enabled fire pollution management, showing the interconnections
between environmental monitoring, autonomous systems, health risk modelling, and governance.

Fire-induced air pollution is a growing and multifaceted threat, shaped by the increasing frequency of wild-
fires, industrial hazards, and urban sprawl under a changing climate. Whilst the health and environmental
consequences of such events are well documented, the systems we rely on to detect, model, and respond to air-
borne pollutants remain fragmented, reactive, and technologically underpowered. This review has explored
how emerging tools in artificial intelligence—particularly those enabling autonomous sensing, predictive
modelling, and intelligent coordination—can reshape our capacity to address fire-generated air pollution in
real time.

Across the four thematic domains reviewed, a common limitation persists: current systems often operate
in isolation. Sensing technologies lack precise temporal and spatial forecasting capabilities; health risk
models are decoupled from real-time data streams; governance frameworks struggle to keep pace with rapid
technological change. At the same time, advances in Al-—such as multi-agent reinforcement learning for
plume tracking, UAV-based sensor networks, and personalised exposure risk modelling—demonstrate strong
potential to bridge these gaps.

The review highlights a critical opportunity: AI can act not merely as a set of tools, but as an integrative
architecture connecting environmental monitoring, public health forecasting, and emergency response. How-
ever, realising this potential requires more than technical innovation. It demands coordinated development
across disciplines, equitable data practices, and proactive governance structures that support the deployment
of intelligent systems in high-risk environments.

Future research should prioritise end-to-end integration of Al-enabled systems, from sensor-level intelligence
to actionable health interventions. In parallel, policy frameworks must evolve to address data interoperability,
accountability, and community engagement in the deployment of Al for environmental health. As fires
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grow in frequency and scale, the need for intelligent, real-time, and socially responsible solutions becomes
increasingly urgent. This review underscores the potential—and necessity—of Al as a unifying force in this
transformation.
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