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Abstract

Environmental justice communities across the United States continue to experience disproportionate exposure to industrial pollution,
particularly in regions dominated by petrochemical infrastructure. The Alsen / St. Irma Lee Community in East Baton Rouge Parish,
Louisiana, represents one of the most vulnerable historically marginalized communities situated adjacent to major petrochemical
facilities. This study integrates Geographic Information Systems (GIS), machine learning techniques, and environmental emissions
data to spatially quantify petrochemical pollution exposure and associated public health risks within the community. Toxic Release
Inventory (TRI) data, facility emission records, and spatial proximity analysis were employed to evaluate the distribution and intensity
of airborne and waterborne pollutants. Results indicate that facilities emitting more than 500 pounds of toxic compounds pose elevated
regulatory and public health risks, with the ExxonMobil Baton Rouge Plant identified as the dominant pollution contributor. Key
hazardous chemicals released include cumene, styrene, trichloroethylene, and tetrachloroethylene, substances linked to neurological
disorders, respiratory illnesses, and carcinogenic effects. Spatial risk mapping reveals concentrated exposure zones within residential
areas, confirming long-standing environmental inequities. The findings emphasize the urgent need for strengthened emission controls,
transparent monitoring systems, and targeted community health interventions to mitigate cumulative environmental and health burdens
in the Alsen / St. Irma Lee community.

1. Introduction as a rural agrarian settlement, the community relied heavily on

farming, logging, and small-scale local commerce.

1.1 Environmental Justice and Industrial Pollution

Over time, industrial expansion fundamentally altered the social
and environmental landscape. The decline of agriculture and the
mechanization of labour resulted in widespread unemployment
and economic instability. Subsequently, landfill operations and
petrochemical developments encroached upon residential zones,
gradually transforming the community into a high-risk industrial
buffer zone. These transformations occurred with limited
community consent, reinforcing systemic environmental
inequities that persist today (Osei et al., 2025).

Environmental justice refers to the equitable treatment and
meaningful involvement of all people in environmental decision-
making, regardless of race, income, or social status. However,
numerous studies have demonstrated that low-income and
minority communities in the United States are disproportionately
exposed to industrial pollution, hazardous waste facilities, and
toxic emissions (Hafetz, 1998; Mohai et al., 2009). These
disparities often arise from historical zoning practices,
discriminatory  housing policies, and limited political
representation. 1.3 Public Health Implications of Petrochemical Exposure
Louisiana’s petrochemical corridor, commonly referred to as
“Cancer Alley,” contains one of the highest concentrations of oil
refineries and chemical plants in North America. Communities
located within this corridor experience elevated cancer risks,
respiratory illnesses, and chronic health conditions associated

Exposure to petrochemical emissions has been strongly
associated with adverse health outcomes, including respiratory
disease, neurological disorders, reproductive complications, and
increased cancer incidence (Vlaanderen et al., 2013; Cushing et
al., 2015). Compounds such as styrene, trichloroethylene, and

with prolonged exposure to hazardous air pollutants (Johnston et
al., 2018).

1.2 Historical Development of the Alsen / St. Irma Lee
Community

The Alsen / St. Irma Lee Community was established in 1872
through the efforts of the Freedmen’s Bureau, an agency of the
United States Department of War created to assist enslaved
African Americans following the Civil War. Initially developed

benzene derivatives are particularly concerning due to their
persistence in air and groundwater systems.

In communities such as Alsen, cumulative exposure risk is
intensified by proximity to multiple facilities, aging
infrastructure, and insufficient environmental monitoring. These
conditions create overlapping vulnerability pathways that
disproportionately affect children, the elderly, and individuals
with pre-existing health conditions (Osei et al., 2025).
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1.4 Public Health Implications of Petrochemical Exposure

Exposure to petrochemical emissions has been strongly
associated with adverse health outcomes, including respiratory
disease, neurological disorders, reproductive complications, and
increased cancer incidence (Vlaanderen et al., 2013; Cushing et
al., 2018). Compounds such as styrene, trichloroethylene, and
benzene derivatives are particularly concerning due to their
persistence in air and groundwater systems.

In communities such as Alsen, cumulative exposure risk is
intensified by proximity to multiple facilities, aging
infrastructure, and insufficient environmental monitoring. These
conditions create overlapping vulnerability pathways that
disproportionately affect children, the elderly, and individuals
with pre-existing health conditions.

1.5 Role of GIS and Machine Learning in Environmental
Health Studies

Geographic Information Systems (GIS) provide powerful tools
for evaluating spatial patterns of pollution exposure, facility
proximity, and population vulnerability. When combined with
machine learning algorithms, GIS enables advanced risk zone
classification and the identification of high-emission clusters
(Jerrett et al., 2013; Bian et al., 2024).

Recent studies have demonstrated that spatially explicit risk
modeling improves environmental health assessments by
capturing cumulative impacts rather than isolated emissions
(Cushing et al., 2015; Johnston et al., 2018; Mikati et al., 2018).
This approach is particularly effective in environmental justice
research, where exposure patterns are spatially heterogeneous
and socially stratified. The primary objective of this study is to
examine petrochemical pollution exposure within the Alsen / St.
Irma Lee Community by integrating geospatial analysis and
environmental emissions data. Specifically, the study aims to
map the spatial distribution of petrochemical facilities across the
community, quantify toxic chemical emissions using facility-
level Toxic Release Inventory (TRI) data, and apply GIS-based
spatial analysis and machine-learning classification techniques to
identify high-risk exposure zones. In addition, the study evaluates
the potential public health implications associated with dominant
chemical pollutants released into the environment and provides
evidence-based recommendations to support improved
regulatory enforcement, environmental monitoring, and
community protection strategies.

2. Materials and Methods
2.1 Study Area

The Alsen / St. Irma Lee Community is in northern East Baton
Rouge Parish, Louisiana, adjacent to major petrochemical
infrastructure, including refineries, chemical processing plants,
and industrial waste facilities. The community lies within the
Mississippi River industrial corridor and is surrounded by high-
density emission sources (Osei et al., 2025).

Despite its proximity to Baton Rouge’s economic centre, the area
exhibits persistent socioeconomic vulnerability characterized by
low household income, limited healthcare access, and aging
housing infrastructure. The spatial juxtaposition of residential
zones and industrial operations makes the community
particularly susceptible to chronic environmental exposure.
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Figure 1. A Map of Alsen/St. Irma Lee Community Village in
Baton Rouge, USA (Osei et al., 2025)

2.2 Materials and Data Sources

This study integrated geospatial, environmental, and
demographic datasets to assess petrochemical emission exposure
and public health risk in the Alsen / St. Irma Lee Community,
Louisiana. The datasets were selected to capture both the spatial
distribution of pollution sources and the population potentially
affected by toxic emissions.

Primary emissions data were obtained from the United States
Environmental Protection Agency (EPA) Toxic Release
Inventory (TRI) program, which provides facility-level annual
records of chemical releases to air, water, and land. TRI data have
been widely used in environmental justice and exposure
assessment studies due to their standardized reporting structure
and national coverage (Johnston et al., 2018; Mikati et al., 2018).

Spatial locations of industrial facilities were obtained as point-
based shapefiles and geocoded using facility latitude and
longitude coordinates provided in the TRI dataset. Community
boundaries and demographic characteristics were derived from
U.S. Census Bureau block group data, enabling the identification
of residential zones within the potential exposure distance of
petrochemical sources.

Health impact classifications for emitted chemicals were
compiled from peer-reviewed toxicological literature and EPA
Integrated Risk Information System (IRIS) documentation.
These classifications were used to associate chemical exposure
with known or probable health outcomes, including
carcinogenicity, neurological toxicity, and respiratory
impairment (ATSDR, 2022).

Data /

Material Source

Description

Annual facility-level

. . U.S. Environmental
toxic chemical

Toxic Release

Inventory emissions (air, water, Protection Agency
(TRI) and) (EPA)

Facility Geographic coordinates

Location of petrochemical EPA TRI Database
Shapefiles facilities

Community Census block group and

U.S. Census Bureau

Boundary Data community polygons
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Data / o

Material Description Source

Population Demographic and Amencag

Data residential distribution Community Survey

(ACS)

Chemical Health risk

Toxicity classification of EPA IRIS; ATSDR

Profiles pollutants

GIS Software  Spatial analysisand g o (SR
mapping

Statistical Emission normalization Python / ArcGIS

Analysis and classification Spatial Analyst

Table 1. Materials and Data Sources Used in the Study

2.3 GIS Data Processing and Spatial Analysis

All spatial datasets were projected into a unified coordinate
reference system (NAD 1983 Louisiana State Plane South) to
ensure geometric consistency and minimize spatial distortion.
Data preprocessing included removal of duplicate facility
records, correction of spatial offsets, and validation of facility
locations using high-resolution basemap imagery.

2.3.1 Proximity-Based Exposure Assessment

To quantify potential residential exposure to petrochemical
emissions, buffer zone analysis was implemented around each
facility. Buffers of increasing radial distance (e.g., 500 m, 1 km,
and 3 km) were generated to represent zones of elevated exposure
risk, consistent with prior environmental health studies (Jerrett et
al., 2013; Bian et al., 2024).

The buffer distance function is mathematically represented as
Equation (1).

B, ={x e R%:d(x,f)) <1} )

where:
e B, = buffer zone surrounding facility i
e d(x,f;) = Euclidean distance between residential
location x and facility i
e r = buffer radius (meters)
Residential polygons intersecting each buffer were classified as
potentially exposed communities.

2.3.2  Kernel Density Estimation (KDE)

To identify emission intensity hotspots, Kernel Density
Estimation (KDE) was applied to facility emission values. KDE
transforms discrete emission point data into a continuous surface
representing the spatial concentration of pollutants (Silverman,
2018).

The KDE function is defined using Equation (2).

ai

fe) = =3, K () )

where:
i.  f(x) = estimated emission density at location x
ii. 7n = number of facilities
1ii. h = bandwidth (search radius)
iv. d; = distance between location x and facility i
v. K =kernel function

This method allows visualization of cumulative pollution burden
rather than individual facility impacts, which is critical for
environmental justice evaluations (Mikati et al., 2018)

2.4 Machine Learning-Based Risk Classification

2.4.1 Emission Normalization

To allow comparison across facilities emitting different chemical
compounds, total emission quantities were normalized using a
logarithmic transformation to reduce skewness (Equation (3).

Ej =logo(E; + 1) 3)

where:

1. E; = total emission mass (Ibs/year)

ii. E; =normalized emission value
Normalization improves classification stability and prevents
dominance by extreme outliers (Barregard et al., 2019).

2.4.2  Supervised Risk Classification Model

A supervised classification framework was developed to
categorize petrochemical facilities into risk classes based on
annual emission magnitude. Facilities releasing more than 500
pounds of toxic substances per year were classified as high-risk
emitters, consistent with regulatory screening thresholds reported
in prior exposure studies (Cushing et al., 2015).

The classification rule is expressed as Equation (4).

R = {1, if E; = 500 lbs/year 4
i =10, ifE; <500 Ibs/year “)

where:

i.  R; = lindicates a high-risk facility

ii. R; = Oindicates a lower-risk facility
The supervised model was trained using labeled emission
thresholds and validated through comparison with EPA
regulatory benchmarks and historical violation records.

2.4.3 Model Validation

Model performance was evaluated using emission threshold
agreement and spatial consistency analysis. Facilities classified
as high-risk were expected to correspond with elevated KDE
hotspot values and proximity to residential zones. Agreement
between classification outputs and spatial density patterns served
as internal validation, a method widely adopted in environmental
exposure modelling (Jerrett et al., 2013; Huang & London, 2012)

2.5 Integration of Spatial Risk Layers

Final exposure risk maps were produced by integrating three
spatial components:

1. Emission intensity surface (KDE)

2. Residential proximity buffers

3. Machine learning risk classification
The composite exposure risk index (ERI) was computed using
Equation (5).

where:
i. D =normalized emission density
ii. P =proximity score
iii. R = facility risk class
iv. wy, w,, wy = weighting coefficients
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This integrated framework enabled identification of high-
exposure zones within the Alsen / St. Irma Lee community and
supported cumulative risk interpretation rather than single-
pollutant analysis. The Conceptual framework used to map
petrochemical emissions and Public Health Risks in the Alsen/St.
Irma Lee Community is shown in Figure 2.
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Figure 2. Conceptual Framework used to Map Petrochemical
Emissions and Public Health Risks in the Alsen/St. Irma Lee
Community

3. Results and Discussion
3.1 Spatial Distribution of Petrochemical Facilities

The spatial analysis revealed a pronounced clustering of
petrochemical facilities surrounding the Alsen / St. Irma Lee
Community (Figure 3). Figure 3 showed that multiple high-
emission facilities are located within proximity to residential
neighbourhoods, with several facilities situated within 1 km of
homes, schools, and community centres. This spatial
configuration substantially elevates the likelihood of chronic
exposure to airborne and waterborne toxic compounds.

Figure 3. The kernel density surface shows the spatial distribution
and intensity of toxic chemical releases (in pounds) from
petrochemical facilities surrounding the Alsen / St. Irma Lee
Community, East Baton Rouge Parish, Louisiana. Warmer
colours (orange-red) indicate higher emission intensity, while
cooler colours (green) represent lower emission concentrations.
Black dots represent industrial facilities reporting releases to the
EPA Toxic Release Inventory (TRI).

Kernel Density Estimation (KDE) results (Figure 3)
demonstrated distinct emission hotspots concentrated along the
industrial corridor bordering the Mississippi River. These
hotspots coincide spatially with historically marginalized
residential zones, reinforcing patterns documented in prior
environmental justice studies indicating that minority
communities are more likely to be located near pollution sources
(Mohai et al., 2009; Mikati et al., 2018).

The concentration of emission sources within a limited
geographic space indicates cumulative exposure conditions,
where residents are simultaneously impacted by multiple
facilities rather than isolated emitters. Such cumulative risk
environments have been shown to significantly increase adverse

health outcomes, particularly respiratory and cardiovascular
diseases (Cushing et al., 2015).
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Figure 3. Spatial distribution and intensity of petrochemical
emissions in the Alsen / St. Irma Lee Community, East Baton
Rouge Parish, Louisiana.

3.2 Emission Magnitude and Facility Risk Classification

Application of the supervised machine learning classification
revealed that facilities emitting more than 500 pounds of toxic
chemicals annually represent the dominant contributors to
environmental risk within the study area (Figure 4). These high-
risk facilities exhibited strong spatial correspondence with KDE-
identified emission hotspots, validating the robustness of the
classification framework (Figure 3).

Among all industrial sources evaluated, the ExxonMobil Baton
Rouge Plant emerged as the largest contributor to both airborne
and waterborne toxic releases. Emission quantities from this
facility exceeded those of surrounding plants by a substantial
margin, positioning it as a central driver of cumulative pollution
exposure in the Alsen / St. Irma Lee community.

The spatial overlap between high-risk facilities and residential
buffers confirms findings from Johnston et al. (2018), who
reported that petrochemical emissions in Louisiana
disproportionately burden nearby low-income communities.
Similar patterns have been observed nationally, where
communities located within 3 km of major emitters exhibit
significantly higher cancer risk indices compared to state and
national averages (EPA, 2022).
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Top 10 Chemicals by On-site Disposal or Other Releases
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Figure 4. Distribution of the top ten toxic chemicals released
through on-site disposal or other release pathways by
petrochemical facilities within and surrounding the Alsen / St.
Irma Lee Community. Release quantities are reported in pounds
based on EPA Toxic Release Inventory (TRI) data.

3.3 Dominant Toxic Chemicals and Associated Health Risks

Analysis of TRI chemical release records identified several
hazardous compounds released in significant quantities within
the study area. The dominant chemicals include:

i. Cumene (2,155 Ibs): Associated with neurological
impairment, dizziness, respiratory irritation, and liver
toxicity.

ii. Styrene (1,391 Ibs): Classified as a probable human
carcinogen affecting the central nervous system and
respiratory tract (IARC, 2018).

iii. 1,2,4-Trimethylbenzene (940 Ibs): A volatile organic
compound linked to eye irritation, lung inflammation,
and headaches.

iv. Trichloroethylene (808 Ibs): Strongly associated with
kidney cancer, liver toxicity, and immune dysfunction
(Rinsky et al., 2013).

v. Tetrachloroethylene (797 lbs): A known carcinogen
with groundwater persistence and long-term exposure
risk.

The presence of multiple carcinogenic and neurotoxic substances
within a confined residential environment indicates a high
cumulative health burden. Epidemiological studies demonstrate
that long-term exposure to chlorinated solvents such as
trichloroethylene and tetrachloroethylene significantly increases
cancer incidence, particularly kidney and liver cancers (Guha et
al., 2012).

Importantly, exposure risk is not limited to a single chemical but
occurs through combined inhalation, dermal contact, and
potential groundwater contamination pathways. Such multi-
pathway exposure has been shown to exacerbate health
disparities in environmental justice communities (Huang &
London, 2016).

3.4 Spatial Exposure Risk Patterns within the Community

Integration of emission density, proximity buffers, and risk
classification produced composite exposure maps highlighting
zones of elevated environmental risk. High-risk zones were
predominantly concentrated within the residential core of the
Alsen / St. Irma Lee community, indicating direct spatial overlap
between population centers and pollution sources.

Residents located within 1 km of high-risk facilities were
classified as facing the greatest exposure potential. This finding
aligns with prior atmospheric dispersion studies indicating that
pollutant concentrations decline sharply beyond 3 km from
emission sources, with the most severe exposure occurring within
the first kilometer (Jerrett et al., 2013).

The spatial configuration observed in this study reflects structural
environmental inequality, where industrial land use decisions
systematically externalize health risks onto vulnerable
populations. Such spatial injustice patterns are persistent and
often reinforced through weak zoning enforcement and limited
community participation in permitting processes (Mohai et al.,
2009).

3.5 Implications for Environmental Justice and Public
Health

The results strongly indicate that the Alsen / St. Irma Lee
community functions as a cumulative impact zone characterized
by overlapping environmental stressors. The dominance of
petrochemical emissions, proximity of residential areas, and
presence of carcinogenic compounds collectively elevate long-
term health risks.

Public health studies have consistently demonstrated that
communities exposed to sustained industrial emissions
experience higher rates of asthma, cardiovascular disease,
adverse birth outcomes, and cancer mortality (Cushing et al.,
2015; Vlaanderen et al., 2013). These outcomes are not random
but are spatially structured through historical and political
processes that determine land use allocation.

The findings underscore the limitations of traditional regulatory
frameworks that evaluate facilities individually rather than
accounting for cumulative emissions. Without cumulative risk
assessment, regulatory compliance may still coexist with
substantial public health harm.

3.6 Implications
Management

for Emergency Planning and Risk

The spatial delineation of AEGL-based threat zones provides
critical guidance for emergency response planning. Identifying
plume extents and exposure distances supports the development
of evacuation strategies, shelter-in-place decisions, and
allocation of emergency resources. The findings demonstrate the
importance of continuous air monitoring systems, real-time
meteorological tracking, and coordinated communication
between industry operators and emergency management
agencies. ALOHA modeling has proven effective as a screening-
level risk assessment tool, offering rapid and scientifically
grounded insights that can inform both short-term emergency
response and long-term regulatory strategies (Ohba et al., 2004;
Zellner et al., 2000).

4. Conclusion

This study employed an integrated GIS and machine learning
framework to assess petrochemical emission exposure and public
health risk within the Alsen / St. Irma Lee Community in East
Baton Rouge Parish, Louisiana. The results reveal a clear spatial
concentration of high-emission petrochemical facilities within
proximity to residential neighborhoods, confirming long-
standing concerns regarding environmental injustice in the
region. Analysis of Toxic Release Inventory data identified the
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ExxonMobil Baton Rouge Plant as the dominant pollution
contributor, releasing substantial quantities of hazardous
compounds, including cumene, styrene, trichloroethylene, and
tetrachloroethylene. These chemicals are widely recognized for
their carcinogenic, neurological, and respiratory health effects.
Spatial risk mapping further demonstrated that the highest
exposure zones directly overlap with populated residential areas,
placing community members at sustained health risk. The
integration of proximity analysis, kernel density estimation, and
supervised risk classification provided a comprehensive
approach to cumulative exposure assessment. Unlike
conventional single-facility evaluations, this framework captures
the compounding effects of multiple emission sources and offers
a more accurate representation of lived environmental risk. The
findings emphasize the urgent need for strengthened emission
controls, transparent real-time monitoring systems, and
enforcement mechanisms that prioritize cumulative impact
assessments. Community-centered health surveillance, improved
regulatory oversight, and equitable land-use planning are
essential to mitigate ongoing exposure and protect vulnerable
populations. Ultimately, this study demonstrates that advanced
geospatial techniques can play a critical role in supporting
environmental justice by transforming emissions data into
actionable spatial evidence. Continued application of such
methods is essential for informing policy, empowering affected
communities, and promoting healthier and more equitable urban
environments.
Acknowledgements

The authors would like to acknowledge funding for this study,
the USDA National Institute of Food and Agriculture (NIFA)
Mclntire Stennis Forestry Research Program-funded project with
award number NI25MSCFRXXXG033.

References

ATSDR, 2022. Toxicological Profile for Ethylene Oxide. Agency
for Toxic Substances and Disease Registry, U.S. Department of
Health and Human Services, Atlanta, GA.

Bian, Z., Ren, C., Wang, D., & Cao, S. (2024). Spatial-temporal
analysis of urban air pollution-related exposure and health
impacts: Driving human-centered regulation and control. Urban
Climate, 58, 102161.
https://doi.org/10.1016/j.uclim.2024.102161.

Barregard, L., Molnar, P., Jonson, J. E., & Stockfelt, L. (2019).
Impact on population health of Baltic shipping emissions.
International Journal of Environmental Research and Public
Health, 16(11), 1954. https://doi.org/10.3390/ijerph16111954.

Cushing, L., Morello-Frosch, R., Wander, M., & Pastor, M.
(2015). The Haves, the Have-Nots, and the health of everyone:
the relationship between social inequality and environmental
quality. Annual Review of Public Health, 36(1), 193-209.
https://doi.org/10.1146/annurev-publhealth-031914-122646.

Guha, N., Loomis, D., Grosse, Y., Lauby-Secretan, B., Ghissassi,
F. E., Bouvard, V., Benbrahim-Tallaa, L., Baan, R., Mattock, H.,
& Straif, K. (2012). Carcinogenicity of trichloroethylene,
tetrachloroethylene, some other chlorinated solvents, and their
metabolites. The Lancet Oncology, 13(12), 1192-1193.
https://doi.org/10.1016/s1470-2045(12)70485-0.

Hafetz, J. L. (1998). The untold story of noncriminal habeas
corpus and the 1996 immigration Acts. The Yale Law Journal,
107(8), 2509. https://doi.org/10.2307/797349.

Huang, G., & London, J. K. (2012). Cumulative Environmental
vulnerability and environmental Justice in California’s San
Joaquin Valley. [International Journal of Environmental
Research  and  Public  Health,  9(5), 1593-1608.
https://doi.org/10.3390/ijerph9051593.

IARC, 2012. Ethylene Oxide. TARC Monographs on the
Evaluation of Carcinogenic Risks to Humans, Volume 100F.
International Agency for Research on Cancer, Lyon, France.

Jerrett, M., Burnett, R. T., Beckerman, B. S., Turner, M. C.,
Krewski, D., Thurston, G., Martin, R. V., Van Donkelaar, A.,
Hughes, E., Shi, Y., Gapstur, S. M., Thun, M. J., & Pope, C. A.
(2013). Spatial analysis of air pollution and mortality in
California. American Journal of Respiratory and Critical Care
Medicine, 188(5), 593-599.
https://doi.org/10.1164/rccm.201303-06090c¢.

Johnston, J. E., Lim, E., & Roh, H. (2018). Impact of upstream
oil extraction and environmental public health: A review of the
evidence. The Science of the Total Environment, 657, 187—-199.
https://doi.org/10.1016/j.scitotenv.2018.11.483.

Mohai, P., Pellow, D., & Roberts, J. T. 2009. Environmental
justice. Annual Review of Environment and Resources, 34(1),
405-430. https://doi.org/10.1146/annurev-environ-082508-
094348.

Mikati, I., Benson, A. F., Luben, T. J., Sacks, J. D., & Richmond-
Bryant, J. (2018). Disparities in distribution of particulate matter
emission sources by race and poverty status. American Journal
of Public Health, 108(4), 480-485.
https://doi.org/10.2105/ajph.2017.304297.

Osei, J. D., Reed-Jones, Q., Twumasi, Y. A., & Ning, Z. H.
(2025). A comprehensive analysis of the alsen/st. irma lee
community village in baton rouge, usa: history, challenges, and
transformations. Journal of Environmental Impact and
Management Policy, 51, 30-43.
https://doi.org/10.55529/jeimp.51.30.43.

Ohba, R., Kouchi, A., Hara, T., Vieillard, V., & Nedelka, D.
(2004). Validation of heavy and light gas dispersion models for
the safety analysis of LNG tank. Journal of Loss Prevention in
the Process Industries, 17(5), 325-337.
https://doi.org/10.1016/j.j1p.2004.06.003.

Silverman, B. (2018). Density estimation for statistics and data
analysis. https://doi.org/10.1201/9781315140919.

U.S. EPA, 2022. National Air Toxics Assessment (NATA). United
States Environmental Protection Agency.

Vlaanderen, J., Straif, K., Pukkala, E., Kauppinen, T., Kyyronen,
P., Martinsen, J. 1., Kjaerheim, K., Tryggvadottir, L., Hansen, J.,
Sparén, P., & Weiderpass, E. (2013). Occupational exposure to
trichloroethylene and perchloroethylene and the risk of
lymphoma, liver, and kidney cancer in four Nordic countries.
Occupational and Environmental Medicine, 70(6), 393—401.
https://doi.org/10.1136/0oemed-2012-101188.

Zellner, R. (2000). John H. Seinfeld and Spyros N. Pandis:
Atmospheric Chemistry and Physics, from Air Pollution to
Climate Change. Journal of Atmospheric Chemistry, 37(2), 212—
214. https://doi.org/10.1023/a:1006483708571.

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-XLVIII-M-10-2025-199-2026 | © Author(s) 2026. CC BY 4.0 License. 204


https://doi.org/10.1016/j.uclim.2024.102161
https://doi.org/10.3390/ijerph16111954
https://doi.org/10.1146/annurev-publhealth-031914-122646
https://doi.org/10.1016/s1470-2045(12)70485-0
https://doi.org/10.2307/797349
https://doi.org/10.3390/ijerph9051593
https://doi.org/10.1164/rccm.201303-0609oc
https://doi.org/10.1016/j.scitotenv.2018.11.483
https://doi.org/10.1146/annurev-environ-082508-094348
https://doi.org/10.1146/annurev-environ-082508-094348
https://doi.org/10.2105/ajph.2017.304297
https://doi.org/10.55529/jeimp.51.30.43
https://doi.org/10.1016/j.jlp.2004.06.003
https://doi.org/10.1201/9781315140919
https://doi.org/10.1136/oemed-2012-101188
https://doi.org/10.1023/a:1006483708571



