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Why Study Weather
and Air Pollution
Together?

* 4.14 million premature deaths
linked to outdoor air pollution (2019)

[1]
* Urban population expected to reach
~70% by 2050 4

* Exposure to:
* NO,
* PM,.
° 03

* remains a major public health
concern
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Key — db

C h d lle n ge EMISSIONS = POLLUTION /" EMISSIONS + WEATHER REGIMES —
R e A e, | = EXPOSURE RISK

[ URBAN AREAS WITH IDENTICAL EMISSIONS EXPERIENCE VASTLY DIFFERENT HEALTH OUTCOMES.
A

TMOSPHERIC CONDITIONS REGULATE HOW LONG POLLUTION STAYS, OVERRIDING PURE EMISSION VOLUME.




Research Gap

Existing Research

v Large cities

v National-scale studies

v Synoptic weather classifications
Lamb Weather Types (LWTs) [4]
North Atlantic Oscillation (NAO) (6]

Limited Understanding
Small and medium-sized UK towns
Multi-pollutant behaviour

Pollution persistence under different
weather conditions




| Aim & Objectives

Aim

* To investigate how meteorological
conditions influence multi-
pollutant urban air pollution

behaviour in a medium-sized UK
town.

Objectives

Assess whether meteorology can predict
pollution states.

|dentify key meteorological drivers of
pollution variability.

Develop machine-learning informed
weather regimes.

Evaluate pollution burden and persistence
under each regime.

Quantify exposure risk associated with
different atmospheric conditions.



Study Area

Loughborough, UK
Medium-sized university town
Population ~103,000 4

East Midlands, United Kingdom

To investigate pollution behaviour
within the town, Loughborough
University campus was used as an
urban analogue...

Loughborough




Why Loughborough
University?

* Embedded within the urban
environment

Multiple air-quality monitoring
stations

Continuous meteorological
observations

Represents mixed urban activities
Academic buildings

Residential areas

Sports facilities

Traffic movement




* The pollution data is usually
collected on daily basis for the
period of 24 hours from the air
sampling units installed at
strategic locations in campus.

* Pollutants under study:

* Nitrogen Oxide (NO)
* Nitrogen Dioxide (NO2)
* Particulate Matter (1, 2.5

Data and 10)

* Ozone (03)

COlleCtion * The metrological conditions are

being monitored and reported by
the campus weather station.
Weather parameters under study
are:

* Temperature,

* Humidity,

e Rainfall

* Wind Speed

* Absolute Pressure




METHODOLOGY

A weather-dependent analytical framework
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Redefining High Pollution Through Dynamic
Thresholds

This framework utilizes

— Fixed Regulatory Standard (WHO) - Compliance Focused dataset-specific percentiles.
This ensures pollution severity
is defined relative to prevailing
atmospheric conditions, not
global averages.

Percentile-Based Thresholds (P33-P66) - Research Focused

Low: < 33rd percentile
=W

Medium: 33rd to 66th percentile

=




The distributed drivers of atmospheric pollution

Balanced Radar Temperature: 23%

Humidity: 23%

Rainfall: 9%

Absolute Pressure: 21% Wind Speed: 22%

Classification Baseline

Random Forest and Logistic
Regression achieved ~0.49 accuracy
(significantly above the random 3-
class assignment baseline).

Feature Exclusion

Rainfall (9%) was excluded from
further regime construction due to
low impact.

Key Takeaway

No single variable dominates.
Pollution states are governed by a
complex, multivariate balance of
atmospheric conditions.




Clustering the atmosphere into distinct states
Standardized influential variables (z-score normalization) were processed via K-means

clustering to find optimal physical weather states.
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Regime Consolidation

Diagnostic Validation

| Peak Silhouette Score:
(@)~ 0.256 at k=5

Silhouette Score

Inertia (Elbow Method)

Nearly
identical

temp,
pressure,
wind, and
humidity.

¥

- Merged State

Silhouette scores peaked at k=5, indicating the
optimal balance of cohesion and separation.

[

Result: Merging overlapping states resulted in 4
distinct, physically coherent weather regimes.

]




The Core 4 Weather Regimes

Temperatur Absolute

e Humidity |Wind Speed|Pressure
(°C) (hPa) Regime Name

Warm-High

Pressure-
15.74 78.35 0.95 1004.83 Unventilated

Cold-Low Pressure-
8.61 81.08 2.48 1004.00 Ventilated

Cold-High Pressure-
6.60 88.99 1.19 1014.59 Unventilated

Cold-Low Pressure-
8.16 91.24 1.51 988.35 Unventilated



Regime Occupancy: Which skies dominate
Loughborough

Ventilation
Unventilated Ventilated
2 |5 A 45.23% a4 18.49%
@ | T - of total days of total days
a (Dominant across 2023-2025)
i
= == <
2|z 9 22.62% W 13.67%
o] @)
< |- of total days of total days
(Dominant in late 2022 dataset)
NN
High-pressure, unventilated regimes account for nearly 68% of
the town's weather profile during the study period.




Pollution Burden of Weather Regimes

* To quantify how frequently The Severity Illusion: Pollution peaks in all weather
eac h reg| me | S asSSOC | ate d W|t h One might assume ventilated weather guarantees clean air, but daily pollution classification

reveals a baseline pollution signal insensitive to meteorology.

polluted conditions, a e W |

pollution severity score (S)) ColdHigh-Umertiated | saf Dl opoued |
was computed by converting Cold-Low-Unventilated Safe vein [
daily pollution states (Safe, eyt = o
Medium and Polluted) into Y = .

weighted values (Low=0,
M e d lum= O . 5 ’ H Igh = 1 ) an d Key Takeaway: Short-term pollution presence and severity are broadly comparable across
com p Ut| N g a we | g hte d avera ge all weather regimes. Local emissions ensure no regime is entirely pollution-free.
based on their proportion

within each regime.




Calculating the cumulative Pollution Burden

By weighing how often a regime occurs (Occupancy) against its typical pollution levels
(Severity), we can quantify its long-term exposure relevance.

Severity Score (Sr) x Occupancy (%) = Pollution Burden

Warm-High-Unventilated
Cold-High-Unventilated
Cold-Low-Unventilated

Cold-Low-Ventilated

Burden = 43.35 (Massive cumulative impact driven by frequency)

Burden = 21.93

Burden =17.80

Burden =11.60




Pollution Persistence and Spell Characteristics
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* The polluted spells database was
calculated by:

oo
o

Spell length (L) = number of consecutive

d spell length (days)

polluted days 6 | i o
* The mean polluted spell length e o o
i | W
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The hidden variable: Atmospheric Persistence
If severity is similar, what differentiates the health risk? Spell length.

Persistence Timeline

Eplsodlc Spikes (Short, easily dispersed eplsodes

Cold-Low-Ventilated

(Mean Spell Length: 1.34 days_-_L. I I I L

Persistent Exposure (Prolonged, unbroken exposure spells)
Warm-High-Unventilated S
(Vean SpellLengt 243 coys)

The Mechanism: Stable, unventilated high-pressure regimes create weak atmospheric mixing and
low wind speeds, effectively acting as a lid that traps emissions over the town for days at a time.

>




The Final Exposure Risk Matrix

Exposure Risk = Severity x Occupancy x Mean Spell Length

High

Warm-High-Unventilated

Cold-Low-Unventilated

High Risk (108.03) Moderate Risk (28.03)

The ultimate driver of public health burden.

Cold-High-Unventilated Cold-Low-Ventilated

High Risk (41.12) Low Risk (15.60)

Frequent atmospheric flushing.

Absolute Pressure

Low

Unventilated Ventilated
Ventilation



Presence vs. Persistence

Meteorology regulates how pollution behaves and persists in the atmosphere,
rather than fully determining its mere presence.

High Pressure - Unventilated Low Pressure - Ventilated
= @ 4 Il TheLid @ [ '
TR R @ _
°:°';,;,.;-§..;.. S oa 200 6o, BB
= By - .».'.\9/:’.:!.@»; 4N —
— )0 s Ly o :0’;;3%-.':'- S ] ' "Wl
&5 \ S ase e o = I
000 eeayj000f s J0 0Ol 000 a0 00f =% |0 00faa; 227
O |0 oo o= (ool o o0l =)o olnc=anoojonopr/-- - Nepojeeglc=n|o
i | i
Because local emissions create a persistent baseline However, public health responses must be calibrated
signal, urban air quality strategies cannot simply rely to weather regimes, because high-pressure systems

on waiting for “good weather." exponentially multiply the duration of exposure.




Meteorology regulates how pollution
behaves and and persists in the
atmosphere, rather than fully

C oncC lu S i on determining its presence.

The 5-stage weather-dependent framework is fully data-driven. It provides a
scalable, repeatable blueprint for small and medium-sized towns worldwide to
finally quantify and predict their true exposure risk based on the sky above them.

————y [ i —— n — T — —




Scaling the analytical framework

Scalability

The framework relies strictly on commonly available daily
meteorological and air quality observations, requiring no
bespoke, location-specific parameters.

Adaptability

It can be immediately ported to other small and medium-sized
urban settlements to map their unique atmospheric risk
quadrants.

O

Policy Impact

Shifts public health advisories from reactive (measuring high
pollution after it happens) to predictive (anticipating unventilated
high-pressure regimes that guarantee prolonged exposure spells).
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Any Questions / Suggestions?
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