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Abstract

The vertical structure and transboundary transport mechanisms of severe seasonal air pollution in Northern
Thailand remain poorly understood, despite posing significant health and environmental challenges. This
research examines the spatio-temporal dynamics of air pollution in Northern Thailand, with a particular focus
on the Chiang Mai—Lamphun basin. This study integrates data from ground-based IoT sensors, airborne
measurements by NASA’s Douglas DC-8 research aircraft, satellite-detected fire hotspots, radiosonde
meteorological soundings, and the HYSPLIT trajectory model. Results indicate that PMs concentrations
typically peak in the morning and decline in the afternoon, in association with atmospheric stagnation and
temperature inversions. Spatial analysis reveals distinct patterns of pollutant distribution correlated with
hotspot locations and wind trajectories transporting emissions from transboundary biomass burning sources.
Vertical profile data from the DC-8 aircraft indicate substantial pollutant accumulation in the lower
troposphere (1,500 — 3,000 meters above ground level), situated just above the Planetary Boundary Layer
(PBL), beneath multiple inversion layers and weak upper-level winds. These conditions facilitate the formation
of recirculation zones and enhance pollutant trapping. Skew-T Log-P diagrams further confirm pronounced
atmospheric stratification and low CAPE values, indicating limited vertical air exchange. This study
emphasizes the critical role of incorporating vertical atmospheric profiles into air quality forecasting systems,
especially in basin topographies prone to pollution accumulation. The findings inform the development of
proactive early warning systems, designated pollution control zones, and more effective emission control
strategies particularly along prevailing wind corridors. Accordingly, continuous monitoring of both horizontal
and vertical pollution patterns, along with integration of transboundary pollution data, is thus recommended
to enhance sustainable air pollution quality management.
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1. Introduction

Over the past decade, air pollution has increasingly
been recognized as a critical global environmental
challenge, exerting profound adverse effects on
human health and quality of life. Among various
types, ambient air pollution has garnered
considerable attention worldwide. The World Health
Organization [1] reported that over 99% of the global
population resides in regions where pollutant
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concentrations exceed recommended guidelines.
Such exposure has been linked to elevated risks of
cardiovascular diseases, stroke, chronic respiratory
conditions, lung cancer, and acute respiratory
infections [2]. Furthermore, the State of Global Air
2024 report indicated that air pollution was
responsible for more than 8.1 million premature

deaths worldwide in 2021.


https://doi.org/10.52939/ijg.v21i10.4523

On average, global life expectancy was reduced by
one year and eight months due to air pollution
exposure particularly in low- and middle-income
countries that rely on biomass fuels and lack effective
pollution control measures [3] and [4].

In Thailand, the northern region especially
Chiang Mai province has experienced severe air
pollution,  characterized by notably  high
concentrations of fine particulate matter (PMa>s)
during the dry season. These elevated levels are
primarily attributed to both local and transboundary
biomass burning [5] and [6]. Previous studies have
documented a clear deterioration in air quality
throughout Northern Thailand, where elevated levels
of PMas, PMjo, NO>, and O3 are significantly linked
to increased public health risks, including
cardiovascular diseases, lung cancer, and chronic
respiratory diseases such as chronic obstructive
pulmonary disease (COPD) [7][8] and [9]. The
health burden attributed to PMys exposure
encompasses considerable losses in years of life,
rising mortality rates, and increased hospital
admissions for ailments such as skin conditions,
conjunctivitis, and stroke, particularly in vulnerable
areas like Chiang Mai [10].

Geographical and meteorological factors in the
Chiang Mai—Lamphun basin play a critical role in the
accumulation of air pollution. The basin is
topographically enclosed by high mountain ranges,
which restrict vertical air dispersion, particularly
during the dry season from March to May. This
period is characterized by high temperatures,
stagnant winds, and frequent temperature inversion
events, all of which facilitate the accumulation of
fine particulate matter such as PMys [11][12] and
[13]. Long-term monitoring has demonstrated that
PM, s concentrations frequently exceed both national
and international air quality standards, particularly in
March [14]. Consequently, Chiang Mai has
consistently been ranked among the cities with the
poorest air quality worldwide during March over
multiple consecutive years [15].

The principal sources of pollution within the
study area are open biomass burning (OBB), which
encompasses the combustion of agricultural residues
and wildfires. These processes emit fine particulate
matter (PM,s) alongside organic compounds,
including levoglucosan and acetonitrile, which
function as chemical markers indicative of biomass
combustion [16] and [17]. Several studies in Europe
and Asia have found that levoglucosan is associated
with biomass burning activities, particularly during
the winter season. [18] and [19]. Similarly, emissions
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from urban traffic, such as NO, and O3, play a
significant role in the formation of secondary
pollution through photochemical processes [20] and
[21].

Despite extensive analyses of PM»s and PMjg
concentration levels in Northern Thailand, the
majority have been confined to statistical evaluations
of daily or monthly average data. These studies often
lack comprehensive integration of spatial and
temporal dynamics across both horizontal and
vertical dimensions [12] and [22]. Furthermore, the
ground-based  monitoring  network  exhibits
limitations in spatial coverage within the Chiang
Mai—Lamphun basin, and most research also lacks
measurements from the lower troposphere, which are
crucial for understanding the mechanisms of
pollutant accumulation at various altitudes. The
vertical data constraints hinder comprehensive
tracking of pollutant behavior under complex
conditions, especially during temperature inversions
and atmospheric stagnation [23] and [24].

To address this knowledge gap, the study
employs Geographic Information Systems (GIS) to
perform a comprehensive analysis of air pollution
dynamics. This investigation integrates data from
multiple sources, including air quality monitoring
stations operated by the Pollution Control
Department (PCD), IoT-based PM,s sensors
providing detailed localized measurements within
the study area, airborne data collected by NASA’s
Douglas DC-8 aircraft as part of the ASIA-AQ
(Airborne and Satellite Investigation of Asian Air
Quality) project [25], satellite-derived emission
source information, and meteorological observations
obtained from radiosonde balloon measurements.
These datasets are combined with wind field data and
trajectory modeling to explore the influence of
meteorological conditions on temporal and spatial
variations in air pollutant concentrations.

Accordingly, this research aims to: 1. Collect and
integrate air pollution data from ground-based
sensors and NASA’s DC-8 aircraft observations; 2.
Analyze the spatio-temporal and vertical dynamics
of fine particulate matter; and 3. Investigate the
meteorological factors driving pollutant
accumulation and dispersion. The findings are
expected to enhance understanding of pollutant
structure and dynamics within the Chiang Mai—
Lamphun basin, thereby supporting the development
of improved forecasting models, early warning
systems, and spatial planning strategies for future
environmental management.
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2. Material and Methods

2.1 Study Area

The study area for this research is located in Northern
Thailand, specifically defined within the Chiang
Mai-Lamphun Basin, which encompasses the
principal cities of Chiang Mai and Lamphun. The
study site lies between latitudes 18.554824° and
18.906203° N and longitudes 98.895657° and
99.175350° E. The topography of the Chiang Mai—
Lamphun Basin is characterized by a bowl-shaped
depression surrounded by high mountain ranges. To
the west, the Thanon Thong Chai Mountain Range
extends longitudinally in a north-south direction,
while to the east, the Khun Tan Range runs parallel
in a similar north-south orientation. The basin’s
flatlands range in elevation from approximately 280
to 360 meters above sea level, a factor that
significantly influences atmospheric circulation and
the retention of pollutants within the atmospheric
boundary layer. During the dry season, open biomass
burning commonly occurs, resulting in severe
accumulation of haze and fine particulate matter,
particularly in March each year. The study area
within Chiang Mai-Lamphun basin covers
approximately 1,000 square kilometers (Figure 1).
The black rectangular frame delineates the boundary
of the study area. White triangles and squares denote
the locations of Chiang Mai and Lamphun cities,
respectively. Green flag-shaped markers indicate the
positions of the Pollution Control Department’s Air
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Quality Monitoring Stations. Blue triangles represent
the installation sites of HAZEMON sensors. The red,
purple, yellow, and blue dashed lines correspond to
the flight paths of the DC-8 aircraft on March 16, 18,
21, and 25, 2024, respectively.

2.2 Data Sources and Methods

2.2.1 Pollution control department’s air quality
monitoring station

In this study, hourly averaged PM> s concentration
data from the Pollution Control Department (PCD)
air quality monitoring stations were utilized as a
reference dataset for comparison and validation
against data obtained from HAZEMON sensors.
These measurements were collected from three PCD
stations located within the study area, specifically in
the urban zones of Chiang Mai and Lamphun. The
three stations include Station 35T (latitude
18.840732, longitude 98.969780), Station 36T
(latitude 18.790933, longitude 98.990000), and
Station 68T (latitude 18.567194, longitude
99.038639). Data collection was conducted over the
period from 14 to 25 March 2024, corresponding
with the timeframe of the ASIA-AQ campaign and
the NASA DC-8 research flights. These ground-
based observations play a critical role in assessing the
accuracy and consistency of the IoT-based ground
sensor network in monitoring the dynamics of air
pollution within the Chiang Mai—Lamphun Basin.

98°40'0"E  98°50'0"E 99°10'0"E  99°20'0"E

99°0'0"E

Figure 1: Northern region of Thailand, ground sensor locations, and DC-8 flight paths
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2.2.2 HAZEMON sensor

The HAZEMON IoT sensor system employed in this
study was developed by the Internet Education and
Research Laboratory (intERLab) at the Asian
Institute of Technology (AIT) [26][27] and [28] in
collaboration with AiroTEC of Chiang Mai Rajabhat
University (CMRU). The sensors were deployed
throughout the study area to facilitate real-time air
quality monitoring. The HAZEMON sensors are
designed to detect particulate matter with a diameter
of less than 2.5 microns (PM,5s), capturing data at
one-minute intervals. These raw data were
subsequently aggregated into hourly averages for
further analysis.

To verify the accuracy and reliability of the data
collected by the HAZEMON sensors, a validation
process was undertaken by comparing sensor
measurements with reference data from three
proximate air quality monitoring stations operated by
the Pollution Control Department (PCD), namely
Stations 35T, 36T, and 68T. The analysis revealed
high correlation coefficients of 0.9336, 0.86559, and
0.9280, respectively, between the HAZEMON and
PCD datasets. These results demonstrate a strong
agreement between the two data sources, confirming
the robustness and credibility of the HAZEMON
sensor system for monitoring fine particulate matter
in the study area and thereby providing field
verification that ensures the reliability of the dataset
for subsequent spatial and temporal analyses.

Subsequently, a simple linear regression model
was developed to calibrate the HAZEMON sensor
measurements, ensuring consistency with the
reference values provided by the Pollution Control
Department (PCD). The regression equation is
defined in Equation 1:

y=0.4427x +20.299
Equation 1
Where:
v = Adjusted PM> 5 concentration (p1g/m?)
x =PMa 5 concentration measured by the
HAZEMON sensor (pug/m?)

For data collection in the study area, a total of 20
HAZEMON sensors were deployed across the entire
region (Table 1). A 10 x 10 kilometer grid system
was utilized to ensure systematic spatial coverage,
with sensors strategically installed at suitable
locations within each grid cell to enable high-
resolution monitoring of PM, 5 concentrations. Data
were collect during the period from March 14 to 25,
2024, aligning with the ASIA-AQ Thailand
campaign and the NASA DC-8 research aircraft
missions.

2.2.3 Aircraft observation data

The aircraft-based data utilized in this study were
obtained from NASA’s DC-8 research aircraft as part
of the ASIA-AQ project, a collaborative initiative
between NASA and several international research
institutions. The primary objective of the project is to
investigate  the  sources, distribution, and
transformation of air pollutants in the lower
troposphere over Southeast Asia throgh the
integration of satellite observations, ground-based
measurements, and airborne monitoring. In addition,
the mission seeks to assess the impact of emissions
from Asia on the chemical composition of the
atmosphere over the North Pacific Ocean and
underscores the importance of sustained air quality
monitoring [29] and [30]. For this study, data were
obtained from NASA DC-8 flight campaigns
conducted over Thailand on March 16, 18, 21, and
25, 2024 periods that coincided with the peak of the
haze pollution crisis in Northern Thailand. The
aircraft operated two daily flights over the study area,
one in the morning and one in the afternoon. Each
flight involved take-off and landing procedures at
Chiang Mai International Airport using a “missed
approach” pattern, which resulted in varying
altitudes and flight times across missions. Detailed
flight parameters are summarized in Table 2. Data
were recorded every 10 seconds within the study
domain, providing high temporal resolution for
capturing the dynamic behavior of air pollutants.

Table 1: HAZEMON sensor deployment locations

No Latitude Longitude Elevation (m MSL) No Latitude  Longitude Elevation (m MSL)
1 18.679824 99.148971 312.01 11 18.806094  98.987099 316.32
2 18.791561 98.988088 312.30 12 18.540630 98.797866 331.92
3 18.636152 98.963498 296.40 13 18.479470  98.958626 308.58
4 18.748129 98.923743 340.97 14 18.771393  98.969115 308.27
5 18.705944 99.038873 300.78 15 18.884308  99.161025 364.62
6 18.899974 99.108658 339.67 16 18.827431  99.034726 312.06
7 18.796388  99.113320 309.35 17 18.688729  98.919252 315.18
8 18.519478 99.081652 332.96 18 18.754172  99.037008 300.98
9 18.538466 98.934307 292.01 19 18.933431  98.940445 327.01
10 18.481271 98.860461 285.46 20 18.607627  98.814068 331.76
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Table 2: DC-8 flight data over the study area

. . o . o Flight Flight
(Start-End) (Min-Max)

March  Morning 18.486710-18.893391  99.022612-99.152613 11:52:35-12:04:05 2,142-2,537
16 Afternoon 18.481162-18.803883  98.985976-99.150686 15:49:35-15:59:35 345-3,024
March  Morning 18.484813-18.931445  98.962135-98.962260 10:25:05-10:33:25 304-1,701
18 Afternoon 18.484567-18.828520  98.963861-99.148963 14:30:55- 14:40:15 350-2,341
March  Morning 18.482439-18.740508  98.962512-99.159590 10:01:55-10:11:55 282-2,051
21 Afternoon 18.480178-18.734495  98.959747-99.158375 14:15:25-14:25:15 339-2,168
March  Morning 18.482168-18.726080  98.963503-99.157929 09:51:35-10:01:35 301-2,165
25 Afternoon 18.481384-18.717946  98.962198-99.150036 13:48:55-13:58:45 334-2,175

The dataset includes latitude—longitude coordinates,
timestamps, altitude levels (derived from air
pressure), and concentrations of major atmospheric
pollutants. Specifically, Levoglucosan (CgH10Os)
was measured using the CHARON instrument;
Acetonitrile (CH3CN) by PTR-MS; Ozone (Os) by
ROZE; and Nitrogen Dioxide (NO) by FRANCHIN.
Levoglucosan and Acetonitrile serve as key tracers
for biomass burning events, such as forest fires and
agricultural residue combustion, while NO;
functions as a precursor for the formation of
secondary PM, 5. Accordingly, the dataset from this
airborne campaign is critical for examining pollution
sources and understanding the spatio-temporal
dynamics of air quality deterioration in the Chiang
Mai-Lamphun basin.

2.2.4 Satellite data

This study employed satellite-based data to monitor
the sources of air pollution, with a particular focus on
identifying fire hotspots associated with open
biomass burning one of the primary contributors to
fine particulate matter (PM,s) in the region. Hotspot
information was derived from the Visible Infrared
Imaging Radiometer Suite (VIIRS) sensor onboard
the Suomi National Polar-orbiting Partnership
(Suomi NPP) satellite. VIIRS utilizes thermal
infrared detection technology to capture heat
signatures from surface fires, offering a spatial
resolution of up to 375 meters. The satellite operates
in a sun-synchronous orbit, enabling it to provide
global observations twice daily [31] and [32]. Over
Northern Thailand, the satellite passes at
approximately 13:30 local time during the ascending
node and around 01:30 during the descending node,
enabling systematic and temporally consistent
monitoring of fire-related emissions in the study
area.

Hotspot data from VIIRS were obtained via
NASA's Fire Information for Resource Management
System (FIRMS), a platform designed to support
resource management using wildfire data [33]. For
this study, hotspot records corresponding to the
period of March 16-25, 2024, were selected,

encompassing a radius of 300 kilometers centered on
the study area. This spatial extent includes Northern
Thailand as well as parts of neighboring countries
such as Myanmar and the Lao People’s Democratic
Republic (Lao PDR), to analyze potential cross-
border and inter-provincial pollution sources
entering the Chiang Mai—Lamphun basin.

Additionally, this study utilized a Digital
Elevation Model (DEM) derived from the ALOS
(Advanced Land Observing Satellite) program,
developed by the Japan Aerospace Exploration
Agency (JAXA) [34]. The DEM, offering a spatial
resolution of 12.5 meters, served as a foundational
base map to analyze topographical characteristics
that affect the accumulation and movement of air
pollutants within the study area.

2.2.5 Meteorological data

For the meteorological analysis, this study utilized
upper-level wind field data at the 925 hPa pressure
level, sourced from the Thai Meteorological
Department. These maps provide comprehensive
information on wind direction and speed across
Thailand and adjacent countries, serving as critical
inputs for analyzing the regional dynamics of air
mass movement and air pollutant transport (Thai
Meteorological — Department, 2024).  Vertical
atmospheric data were obtained from upper-air
observations conducted by the Northern
Meteorological Center in Chiang Mai Province.
These observations included radiosonde soundings,
which provide detailed atmospheric profiles
visualized through Skew-T Log-P diagrams to
represent the thermodynamic structure of the
atmosphere. The key variables analyzed comprised
temperature, dew point, wind speed and direction,
and Convective Available Potential Energy (CAPE).
Radiosonde data, collected by the Thai
Meteorological Department (TMD) and archived by
the University of Wyoming (2025) [35], were
retrieved for March 16, 18, 21, and 25, 2024,
facilitating the examination of vertical atmospheric
profiles and the accumulation patterns of air
pollutants.

International Journal of Geoinformatics, Vol. 21, No. 10, October, 2025
ISSN: 1686-6576 (Printed) | ISSN 2673-0014 (Online) | © Geoinformatics International



Additionally, the study utilized precipitation data
from the PERSIANN-CDR (Precipitation Estimation
from Remotely Sensed Information using Artificial
Neural Networks — Climate Data Record) model,
developed by the University of California, Irvine.
This dataset facilitated a detailed analysis of
meteorological conditions and enabled assessment of
rainfall’s role in the removal and reduction of
atmospheric pollutants [36] and [37].

2.2.6 Trajectory model by HYSPLIT

To analyze the trajectories of air masses and the
dispersion of pollutants, this study employed the
HYSPLIT (Hybrid Single-Particle Lagrangian
Integrated Trajectory) numerical model developed
by the United States National Oceanic and
Atmospheric Administration (NOAA) [38]. The
model simulated backward trajectories of air masses
over the study area, utilizing meteorological data
from the Global Forecast System (GFS), which
provides global coverage at a spatial resolution of
0.25 degrees, with data available from June 2019
onward. For the model inputs, this study defined the
receptor location at the center of the study area, with
coordinates 18.7055°N, 98.9796°E. The backward
trajectory analysis was performed for the period from
March 16 to 25, 2024, to identify potential sources of
pollutants affecting the study region. The total
backward run time was set to 72 hours, with
simulations conducted at three altitude levels:
surface level at 10 meters above ground level (AGL),
mid-level atmosphere at 500 meters AGL, and upper-
level atmosphere at 1,000 meters AGL. The
HYSPLIT trajectory analysis enables identification
of pollutant source regions and provides insights into
pollutant transport patterns from their origins to the
receptor site [38] and [39]. For the analysis of
particulate matter sources and transport pathways,
the HYSPLIT backward trajectory model was
employed, which describes the movement of air
parcels as defined in Equation 2:

P(t+At) = P(t)+ %[V(P, N)+V (Pt +At])At

Equation 2

Where:
P(f) = The position vector of an air parcel at
time ¢.

At = The time step increment, which is
negative for backward trajectory
calculations.

V(P,t) = The wind velocity vector at position P
and time .

P'=The predicted intermediate position

calculated using P'=P(?)+V(P,t)At.
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V(P', t+4t) = The wind velocity vector at the
predicted position P'and time ¢+At.
P(t+4t) = The updated position of the air
parcel after the time step Az.

This equation utilizes a second-order numerical
integration method specifically, the modified Euler
or second-order Runge-Kutta technique to estimate
the trajectory paths of air parcels based on
interpolated wind field data.

2.2.7 GIS data and analysis

Geographic Information Systems (GIS) played a
pivotal role in this study by integrating diverse
datasets from multiple sources, including air quality
monitoring stations, ground-based air quality
sensors, observational data from NASA’s DC-8
research aircraft, hotspot data derived from the
VIIRS satellite, precipitation data from the
PERSIANN satellite, and air mass trajectory
information from numerical models (Table 3). All
datasets were transformed into a unified spatial data
format (Shapefile) to ensure consistency and were
systematically organized within a spatial database.
This comprehensive geodatabase facilitated detailed
spatial analyses and the production of cartographic
visualizations. Furthermore, administrative
boundaries at the provincial and national levels,
locations of significant landmarks, and basemaps
were incorporated to verify spatial accuracy and to
support a more comprehensive interpretation and
presentation of the study’s findings.

The spatial data analysis within the GIS
framework was carried out through a series of steps.
Hourly Hybrid Single-Particle Lagrangian Integrated
Trajectory PM,s measurements were spatially
interpolated using the Ordinary Kriging method [40]
to create continuous concentration surfaces for each
time interval. Subsequently, these surfaces were
classified using the Equal Interval Classification
technique to distinctly illustrate spatial distribution
patterns. Ordinary Kriging, a widely recognized
geostatistical interpolation method, offers unbiased
estimates for spatially correlated variables such as
PM;s concentrations by accounting for spatial
autocorrelation and the spatial relationships among
data points [41] and [42]. The estimation of PM; s
concentrations at locations  without direct
measurements was performed using the Ordinary
Kriging technique, as defined in Equation 3 [43]:

Z(So) = Z:%Z(S[)
Equation 3
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Where:
Z(s;) = the measured value at the i" location
Ai = an unknown weight for the measured
value at the ith location
so = the prediction location
N = the number of measured values

The hotspot data were analyzed for spatial density
using the Kernel Density Estimation (KDE)
technique [44]. The analysis was conducted with a

7

cell size of 1 x 1 kilometers and the bandwidth radius
set to the default value to calculate the density of
hotspots per unit area (points per square kilometer).
Subsequently, the density values were classified
using the Equal Interval Classification method to
categorize the levels of air pollution source intensity
for each day. The basic equation for spatial
distribution analysis of PM,s using the Kernel
Density Estimation (KDE) technique is defined in
Equation 4 [44]:

2
, 1 n |3 dist, , ,
Density = —— Z —pop; | 1- : , for disti < radius
(radius)* “=i=| 7 radius

Where:

Equation 4

i=1,...,n are the input points. Only include points in the sum if they are within the radius distance

of (x,y) location

pop; = the population field value of point i, which is an optional parameter
dist; = the distance between point i and the (x,y) location

The KDE analysis facilitates the generation of a
continuous density surface of hotspots, capturing
their spatial variability across the study area. Air
trajectory analysis utilized output from the HY SPLIT
Trajectory model, which was converted into
Shapefile format for spatial overlay with hotspot
data. The analysis involved quantifying the number
of hotspot occurrences intersected by air trajectories
within each of the eight principal compass directions:
north (N), northeast (NE), east (E), southeast (SE),
south (S), southwest (SW), west (W), and northwest
(NW). This method enabled the examination of air
mass movement patterns and facilitated the
identification of potential pollution source regions
impacting the study area. Rainfall cluster analysis
was performed using PERSIANN satellite data,
which was overlaid with hotspot density maps and air
trajectory data to assess the impact of precipitation
on the reduction of hotspot frequency and
atmospheric pollution levels.

Overlay analysis within Geographic Information
Systems (GIS) involves integrating spatial data from
multiple layers to produce new insights into the
spatial relationships among geographic phenomena
[45]. This approach is essential for identifying areas
where air pollution, emission sources, and
meteorological  conditions intersect, thereby
enhancing the understanding necessary for effective
environmental assessment and management. Figure
2 presents the methodological framework applied in
this study. The workflow begins with multi-platform
data sources, including ground-based PM;s
monitoring, aircraft vertical profiles, satellite

observations, meteorological datasets, and HY SPLIT
trajectory modeling. These datasets were pre-
processed through temporal aggregation on an hourly
and daily basis, calibration of HAZEMON sensors
with reference to PCD data, and coordinate
transformation into a unified GIS database. The
analysis incorporated temporal trend analysis, source
identification using hotspots and wind fields, and
vertical profile interpretation from the NASA DC-8
flights. GIS-based approaches such as ordinary
kriging evaluated by RMSE validation, kernel
density estimation, and overlay analysis were
implemented to evaluate spatial distributions. The
kernel density estimation was conducted in GIS
software, where the bandwidth was automatically
determined using Silverman’s Rule of Thumb spatial
variant to account for dataset characteristics and
spatial outliers. The final outputs included spatio-
temporal PM,s maps, vertical cross-sections of
pollutants, and visualization of recirculation zones
and inversion layer effects.

3. Results and Discussions

3.1 Temporal Dynamics of PM> s Concentration
Figure 3 presents the hourly PM; 5 concentration data
from March 14 to 25. On March 16, the PM;s
concentration peaked at 181.1875 pg/m?, followed
by a gradual decrease from March 17 to 19. The
lowest concentration was recorded on March 20 at
30.3125 pg/m?, primarily due to the influence of a
seasonal thunderstorm. Afterward, PM,s levels
steadily increased from March 21 to 25.
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= Meteorological Data (Wind Field (925 hPa), Upper Air Sounding) = Trajectory Model by HYSPLIT

1. Data Sources
= Ground Sensors (PCD Station, HAZEMON Sensor) = Aircraft Observation (NASA DC-8)
= Satellite Data (VIIRS Suomi-NPP Hotspot, PERSTANN Precipitation, AL.OS DEM)

v

2. Processing
= Preprocessing & Quality Control = Temporal Aggregation (hourly, daily)
= Coordinate Transformation / Reprojection = Merge multi-platform datasets into GIS database

v

3. Data Analysiis & Interpretation
General Analysis
= Temporal Trend Analysis of PM; 5
= Source Identification (Hotspot, Wind Field)
= Vertical Profile Interpretation from DC-8

GIS Analysis

= Spatial Interpolation (Ordinary Kriging)
= Kernel Density Estimation (KDE)

= Overlay Analysis

= Influence of Meteorological Conditions

v

4. Results & Visualization

= Spatio-Temporal PM; s Maps = Vertical Cross-Section of Pollutants
= Recirculation Zone & Inversion Layer Effects = Summary Visualization

Figure 2: Spatio-temporal dynamics of air pollution study workflow

Table 3: Summary of data sources, resolutions, and key variables used in this study

Data Resolution
Category (YR RIS (Spatial / Temporal) Notes
Ground PCD Air Quality Stations Point-based / Hourly Reference PM, 5 data for
Sensors (35T, 36T, 68T); Pollution validation and calibration
Control Department, Thailand
HAZEMON IoT Sensors (20 Point-based (grid PM; 5, regression calibration
units, AiroTEC CMRU and 10x10 km) / Hourly with PCD
intERLab AIT)
Aircraft NASA DC-8 (ASIA-AQ Flight transects / 10- Levoglucosan (CHARON)
Observations Campaign, March 16, 18, 21, sec intervals Acetonitrile (PTR-MS)
25,2024) Ozone (ROZE)
NO; (FRANCHIN)
Satellite Data VIIRS Active Fire / Hotspots 375 m / Twice daily Biomass burning detection
(Suomi NPP)
PERSIANN-CDR Precipitation  0.25° % 0.25° / Daily Rainfall for pollutant
(UC Irvine) removal assessment
ALOS DEM (JAXA) 12.5 m / Static Topography for pollutant
accumulation analysis
Meteorological ERAS Reanalysis Wind Field 0.25° % 0.25° /Hourly =~ Regional wind dynamics
Data (925 hPa, European Centre for
Medium-Range Weather
Forecasts, ECMWF)
Radiosonde Soundings (TMD  Point-based / 1 time Vertical profiles: T, RH,
Chiang Mai, Univ. of daily (morning, 00 wind, CAPE
Wyoming archive) UTC)
Trajectory HYSPLIT (NOAA ARL, GFS  0.25°/ 3-hourly 72-h backward trajectories
Model input) at 10, 500, 1000 m AGL
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Figure 3: Daily variation of PM 5 concentrations observed at the ground monitoring site from March 14-25,
2024. Gray shading indicates NASA DC-8 flight periods, while the blue shading represents a rainfall event
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Figure 4: Average hourly variation of PM; s concentrations under haze, rain, and after-rain conditions.
Error bars represent standard deviation of the mean values

Overall, the hourly data exhibited a consistent daily
pattern of fluctuations, with concentrations typically
peaking in the morning and reaching their lowest
values in the evening.

Averaging the PM,s concentrations from all
sensor points between March 14 and 25 on an hourly
basis reveals that the highest level during the
pollution episode occurred at 9:00 AM, with a
concentration of 101.28 pg/m®. The lowest
concentration occurred at 5:00 PM, measuring
61.95833 pg/m?. This pattern is closely linked to
meteorological conditions: lower temperatures and
higher atmospheric pressure tend to trap PM» s within
the basin, especially from early morning until around
9:00 AM. In contrast, as temperatures rise and
atmospheric pressure decreases later in the day,

pollutants disperse into the upper atmosphere,
leading to reduced PMjs concentrations
observedfrom around noon through approximately
5:00 PM.

The analysis divided the study period into three
phases: the pollution crisis (March 14—19), the rainy
period (March 20-22), and the post-rain period
(March 23-25). Distinct temporal patterns of PM; s
concentrations were observed across these phases.
The peak concentrations occurred at 9:00 AM during
the pollution crisis, 7:00 AM in the rainy period, and
8:00 AM following the rain. Conversely, the lowest
concentrations were recorded at 5:00 PM for both the
pollution crisis and rainy periods, and at 3:00 PM
during the post-rain phase (see Figure 4).
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3.2 Spatial Dynamics of PM; s Distribution Pattern

Spatial interpolation of PM,s data from all sensor
locations revealed a general pattern of elevated
concentrations in the morning, followed by a gradual
decline from the afternoon into the evening (Figure
5). This trend aligns with findings by [46], who
explained that air pollutants such as PMjo tend to
peak during morning hours due to high emission
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rates and limited atmospheric dispersion under stable
atmospheric boundary layer (ABL) conditions. In
contrast, certain regions such as the southern Sahel
and the Indian subcontinent have reported elevated
nighttime Dust Optical Depth (DOD), attributed to
atmospheric dynamics that promote dust mixing and
dispersion during the daytime [47].

12:00 14:00 16:00 18:00 20:00 22:00

A A A

E.bc. [ |

o M

Figure 5: Spatial distribution patterns of PM2.5 concentration at two-hour intervals
from March 16 to 25, 2024
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Table 4: Root mean square error (RMSE, pg/m3) values from the ordinary kriging

interpolation of PM2.5 concentrations

11

Date/Time  00:00  02:00  04:00 06:00 08:00 10:00 12:00 14:00 16:00 18:00 20:00 22:00 AVG
16 Mar 0.15 3519 3330 35.86 7.86 0.10 0.17 0.06 5.96 1.78 0.11 0.13  10.05
17 Mar 0.19 0.16 21.57 0.21 0.20 0.20 0.09 0.06 221 0.04 18.03 0.17 3.59
18 Mar 17.86  13.14 0.12 4.54 0.19 0.14 0.16 0.09 3.02 4.89 0.07 0.81 3.75
19 Mar 5.52 2651 435 1240 2.96 2.06 0.20 0.11 9.56 7.72 7.89  18.68 8.16
20 Mar 9.82 12.14 6.68 2.18 14.18 0.04 6.70 0.02 1.29 0.02 0.77 1.39 4.60
21 Mar 1.38 421 0.03 434 5.06 5.08 0.03 2.86 2.68 3.50 2.13 3.46 2.90
22 Mar 0.07 0.03 1.55 5.15 0.07 0.11 5.48 1.99 0.02 6.44 1.64 0.06 1.88
23 Mar 8.07 0.86 2.82  10.04 0.58 3.78 0.05 0.03 1.74 2.99 0.09 1.02 2.67
24 Mar 15.68 15.07 6.78 0.10 0.16 7.29 0.02 0.05 0.05 0.04 8.38 1.66 4.61
25 Mar 41.41 0.13 0.11 0.13 0.19 4.17 0.77 2.87 1.75 3.81 4.75 0.10 5.02

AVG 10.01  10.74 7.73 7.49 3.15 230 1.37 0.81 2.83 3.12 4.39 2.75 4.72

When examining the spatial variation of PM;s
concentrations, it was observed that high-
concentration dust clusters typically appeared on one
side of the study area. On March 16, the highest
concentrations were predominantly located in the
western part of the area, whereas on March 17, 18,
and 19, the clusters shifted to the northern region.
From March 20 to 23, the distribution pattern became
more scattered and less defined, likely due to the
influence of rainfall, which significantly reduced the
concentration of airborne particles. These findings
are consistent with studies by [48] and [49]. On
March 24 and 25, high-concentration PM> 5 clusters
reappeared prominently in the southern part of the
Chiang Mai—Lamphun Basin (as illustrated in Figure
5). When examined alongside hotspot data
representing potential sources of biomass burning a
strong correlation was observed. Elevated PM,s
levels consistently coincided with a higher number of
hotspots on the same days. This association was
further influenced by prevailing wind directions,
suggesting that both emission intensity and
atmospheric transport played significant roles in the
observed pollution patterns.

The spatial distribution patterns of PMys in
Figure 5 were generated as 1 km raster surfaces using
ordinary kriging from 20 HAZEMON sensors and
retained in raster format. Comparison with VIIRS
hotspot data revealed strong spatial and temporal
consistency, indicating that both local emissions and
transboundary biomass burning contributed to the
observed pollution, as further examined in Section
3.3 through HYSPLIT backward trajectories. The
accuracy of the interpolation was evaluated using the
ordinary kriging method with cross-validation,
where observed values were sequentially excluded
and predicted from surrounding data points. The
Root Mean Square Error (RMSE) values (Table 4)

were then calculated to quantify the differences
between  observed and  predicted PMys
concentrations. The results show an average RMSE
of 4.72, which is considered low and acceptable in
terms of prediction accuracy. This indicates that
ordinary kriging provides reliable performance in
capturing the spatial distribution of PM, s, although
localized uncertainty remains in areas with complex
variability or sparse monitoring coverage.

3.3 Identification of Air Pollution Sources Using
Hotspot Data and Trajectory HYSPLIT Model
Figure 6(a)—(j) illustrates the daily distribution of
hotspot locations within a 300-kilometer radius from
the center of the study area. As shown in Figure ,
daily PM 5 concentrations were generally correlated
with the number of daily hotspots. This relationship
suggests that an increase in hotspot counts is
typically associated with higher concentrations of air
pollutants such as PM> s, consistent with the findings
of [50], who reported a strong correlation between
hotspot frequency and the Air Pollution Standard
Index. Furthermore, when analyzed alongside the
results of the HYSPLIT backward trajectory model,
there was a significant spatial and directional
consistency, reinforcing the connection between
emission sources and pollutant transport pathways.
Similarly, in Kalimantan, Indonesia, the HYSPLIT
model has been employed to trace PMio emissions
from peat fires, demonstrating that wind direction
and topography play a significant role in influencing
the dispersion of air pollutants [51]. In Chengdu,
China, HYSPLIT was instrumental in identifying
that the majority of PMjs and PM;¢ pollution
originated from local and regional sources, with
some contributions from distant regions such as India
and Myanmar underscoring the model’s capacity for
tracking long-range pollutant transport [52].
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Figure 6: Daily distribution of VIIRS hotspots and 72-h backward trajectories at 10 m AGL, 500 m AGL,
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(20-22 March), and panel (1) illustrates upper-level wind patterns on 23 March, 2024

3,000

2,500

2,000

1,500

Number of Hotspots

1,000

500

16 17 18 19 20 21 22 23 24 25
Mar Mar Mar Mar Mar Mar Mar Mar Mar  Mar

Number of Hotspots 2,848 2,807 2,304 1,308 673 276 351 1,119 1,373 2,089
Average PM, 5 concentration 13046 9526 97.93 10583 4580 37.55 4525 46.90 5842 6524

== Number of Hotspots = o = Average PM,: concentration

Figure 7: Daily number of hotspots and the average PM 5 concentrations from March 16-25, 2024
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The model’s effectiveness was also demonstrated in
Beijing, where it identified regional pollution sources
and the major impact of imported pollution from
southern cities [53].

High-density hotspot clusters were frequently
observed along the air trajectory paths, contributing
to elevated PM concentrations. During the critical
haze period from March 16 to 19, high-intensity
PM,s clusters were predominantly located in the
western and northwestern zones of the study area,
covering the Thai border in Mae Hong Son Province
and adjacent regions in Myanmar. These areas also
exhibited a high number of hotspots, accounting for
a substantial proportion of the total daily hotspots:
945 points (33%) on March 16, 1,332 points (47%)
on March 17, 916 points (40%) on March 18, and 750
points (57%) on March 19. The Backward Trajectory
analysis confirmed that air masses during this period
passed through these western regions, indicating a
strong link between transboundary pollution sources
and increased PM, s levels.

Between March 20 and 22, increased rainfall and
high humidity significantly contributed to a sharp
reduction in daily hotspot counts, which dropped to
673, 276, and 351, respectively. During this period,
the HYSPLIT Backward Trajectory analysis showed
a shift in wind direction, with air masses originating
from the south and bypassing major hotspot areas.
This atmospheric pattern further supported the
observed decrease in PM concentrations. However,
following the cessation of rainfall, hotspot clusters
reemerged between March 23 and 25, particularly in
the southern zone of the Chiang Mai—Lamphun
Basin. These clusters were concentrated in areas such
as southern Chiang Mai, northern Tak, and the
adjacent border regions of Myanmar. On March 23,
470 hotspots were recorded (accounting for 42% of
the daily total), followed by 523 hotspots on March
24 (38%), and 634 on March 25 (31%).

Furthermore, the accumulated PERSIANN
rainfall data from March 20-23, presented in Figure
6(k), reveals a widespread rain cluster across
northern Thailand and Myanmar. This rainfall event,
characteristic of summer storms, played a key role in
removing PM,s from the atmosphere through the
process of wet deposition [54]. Rainfall significantly
reduces the concentration of airborne pollutants,
especially water-soluble particles such as sulfate,
nitrate, and ammonium [55] and [56]. The removal
efficiency depends on on factors including rainfall
intensity and duration, the chemical composition of
the rainwater, and prevailing meteorological
conditions [48][57][58][59] and [60].

13

Additionally, the upper-level wind map from
March 23 (Figure 6(1)) depicts airflow into northern
Thailand originating from the west, southwest, and
south, which aligns well with the HYSPLIT
backward trajectory data for the same period.
Multiple lines of scientific evidence support that
northern Thailand and adjacent areas in neighboring
countries lie within a shared “Transboundary
Airshed”. This means that air pollution can travel and
disperse freely across political borders. In particular,
the locations of hotspots within this region,
combined with prevailing wind directions, play a
significant role in influencing air pollution levels and
fine particulate matter concentrations within the
Chiang Mai-Lamphun urban area.

3.4 Vertical Structure and Dynamics of Air Pollution
Under typical atmospheric conditions, pollutant
concentrations particularly particulate matter (PM)
and other pollutants generally decrease with
increasing altitude due to atmospheric processes and
reduced influence from ground-level anthropogenic
sources [61]. However, analysis of the vertical
distribution and dynamics of air pollution using data
from the DC-8 aircraft (Figure 8) revealed notable
deviations from this pattern.  Specifically,
levoglucosan, a key tracer for open biomass burning
(OBB), exhibited significant increases at specific
altitude ranges. On March 18, elevated levels were
detected between 1,500 and 2,000 meters in the
morning and extended up to 3,000 meters in the
afternoon. On March 25, pronounced concentrations
were observed between 2,000 and 2,500 meters.
Furthermore, acetonitrile concentrations were
observed to increase within specific altitude ranges
across all four days. On March 16, afternoon
measurements indicated higher values between
1,000-1,500 meters. On March 18, slight increases
were noted during both morning and afternoon
periods at altitudes ranging from 1,500 to 2,500
meters. A more pronounced increase was recorded
on March 21 at altitudes between 1,500 and 2,000
meters. Lastly, on March 25, a modest elevation in
concentration was detected in the morning within the
2,000 to 2,500 meter-altitude range. Regarding
ozone, variations differed across the days, exhibiting
both direct and inverse relationships with altitude.
This distinction was particularly evident on March
18, where ozone levels showed a positive correlation
with altitude during the morning, but an inverse
correlation during the afternoon. In contrast, nitrogen
dioxide (NO;) consistently displayed an inverse
correlation with altitude across all four days its
concentration decreased as altitude increased.
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Figure 8: Air pollutant concentrations categorized by altitude levels (a) March 16
(b) March 18, (c) March 21, and (d) March 25, 2024 (continue next page)
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3.5 Influence of Meteorological Factors on Air
Pollution Dynamics

The analysis of upper-air meteorological data
obtained from weather balloon soundings reveals
critical factors contributing to the entrapment of air
pollution near the surface in the Chiang Mai—
Lamphun basin, as well as the causes of the
accumulation of certain pollutants at varying
altitudes. The results derived from the Skew-T Log-
P diagrams on March 16, 18, 21, and 25, 2024
(Figure 9(a)—(d)) demonstrate clear changes in
atmospheric stability structure, which directly affect
the concentration of particulate matter in the study
area. On March 16, 18, and 25, prominent
temperature inversion layers were observed,
accompanied by very low Convective Available
Potential Energy (CAPE) values of 5.0, 0.0, and 3.0
Joules per kilogram, respectively. These values
indicate a highly stable atmosphere with minimal
convective activity, effectively acting as a “lid” that
traps pollutants near the ground [62][63][64] and
[65]. Conversely, on March 21, which coincided with
rainfall, the Skew-T Log-P diagram indicated strong
atmospheric uplift and a high CAPE value of 1,082.3
J/kg, reflecting an unstable atmosphere that promotes
vertical mixing and dispersion of pollutants, thereby
significantly reducing particulate matter
concentrations.

Mechanistically, temperature inversion and low
CAPE serve as key indicators of a stable atmosphere
which suppresses vertical air movement, thereby
facilitating the accumulation of air pollutants and
particulate matter near the surface [62] and [63]. This
phenomenon has been observed in regions such as

the Eastern Alps, China, and arid climates like
Kuwait [64], especially during winter when
temperature inversions tend to be stronger and more
persistent. Low CAPE values further confirm the
atmosphere's inability to support buoyant vertical
movement [65], maintaining stratified atmospheric
layers and effectively inhibiting pollutant dispersion.
Temperature inversion is a critical factor
contributing to the trapping of air pollution within
basin areas such as Chiang Mai—Lamphun
[62][63][64] and [66]. Furthermore, this study found
that air pollutants such as Levoglucosan tend to
accumulate within atmospheric layers characterized
by temperature inversions. Analysis of Skew-T Log-
P diagrams on March 18 revealed the presence of
multiple temperature inversion layers between
approximately 3,000 and 4,000 meter-altitude.
Combined with weak upper-level winds, these
conditions restricted vertical pollutant dispersion,
leading to the development of a wvertical air
recirculation zone [67], as depicted in the model
presented in Figure 10.

Such recirculation zones play a crucial role in
trapping particulate matter and pollutants both near
the surface and within the lower atmospheric layers,
thereby exacerbating haze conditions in Chiang Mai
and Lamphun, despite no increase in pollution
sources during that period. The thermodynamic
structure of the atmosphere including inversion
layers, wind patterns, and CAPE values exerts a
direct influence on the transport, accumulation, and
dispersion of pollutants within the lower troposphere
[66][68] and [69].
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Figure 9: The Skew-T Log-P diagrams illustrate the vertical atmospheric profiles on March 16 (a), March 18
(b), March 21 (c), and March 25 (d) The red line represents temperature, the green line represents dew point,
and the black dashed line indicates the parcel ascent (continue next page)
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Figure 9: The Skew-T Log-P diagrams illustrate the vertical atmospheric profiles on March 16 (a), March 18
(b), March 21 (c), and March 25 (d) The red line represents temperature, the green line represents dew point,
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Figure 10: A vertical air pollution dynamics model in the Chiang Mai—Lamphun basin under
temperature inversion conditions

In mountainous regions such as Sierra Nevada and
Loski Potok (Slovenia), the vertical accumulation
and dispersion of pollutants are influenced by local
meteorological processes, including diurnal wind
patterns and pronounced temperature fluctuations
[66] and [70]. Surface-based inversions (SBI) and
elevated inversions (EI) contribute to increased
concentrations of aerosols, including PM, s and black
carbon, by limiting vertical air movement and
trapping pollutants within the lower atmospheric
layers [66].

Recirculation zones play a critical role in the
processes of dust and aerosol retention by limiting
the vertical dispersion and transport of pollutants. In
urban environments, the interplay of complex local
emission sources, meteorological conditions, and
topographical ~ features  contributes to  the
development of recirculation zones, which in turn
promote pollutant accumulation and hinder vertical
air exchange [69]. A thorough understanding of these
structural and dynamic processes is therefore crucial
for formulating effective air pollution management
strategies and designing efficient urban ventilation
systems.

4. Conclusion

This study found that PM,s concentrations were
highest during the early morning hours and declined
in the afternoon and evening, a pattern strongly
linked to atmospheric stability and the presence of
temperature inversion layers. Spatial analysis
revealed that pollutant plumes exhibited temporal
shifts in location, with significant accumulation
observed in the western and southwestern parts of the
study area. These patterns are consistent with hotspot
data and results from the Backward Trajectory
model, both of which suggest cross-border transport
of air pollutants. Vertical atmospheric profiles

obtained from NASA's DC-8 aircraft and radiosonde
(sounding) data further illustrated the presence of
multiple inversion layers and recirculation zones
within the lower troposphere. These features
significantly enhance pollutant accumulation, even
in the absence of continuous local emissions.

In particular, the occurrence of persistent
inversion layers between 1,500 and 4,000 meters
above ground level, combined with weak upper-level
winds, was found to be a key factor in trapping
pollution both near the surface and at mid-
atmospheric levels. The occurrence of recirculation
further explains elevated concentrations of biomass
burning markers such as levoglucosan in the mid-
atmosphere, contributing to prolonged and severe
haze episodes in the Chiang Mai—Lamphun basin,
even during periods without ongoing combustion
activities. The findings highlight the importance of
incorporating vertical atmospheric dynamics into air
pollution monitoring, rather than focusing solely on
horizontal distributions. To improve the accuracy of
air quality forecasts and the effectiveness of haze
mitigation strategies particularly in topographically
enclosed basins it is essential to integrate upper-air
meteorological data, such as temperature inversion
layers and upper-level wind patterns, into forecasting
systems.

The insights gained from this study can support
the development of real-time air quality early
warning systems that incorporate atmospheric
structural analysis alongside data from ground-based
and airborne sensors. Additionally, the findings offer
a scientific basis for the strategic design of pollution
control zones, with a focus on regulating emissions
along dominant wind pathways. Moreover, this
approach facilitates more precise and seasonally
adaptive emission reduction strategies by accounting
for the prevailing patterns of air mass transport.
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Although this study collected and analyzed data from
multiple sources in detail, several limitations should
be considered. Observations from the DC-8 aircraft
were conducted only on select days March 16, 18, 21,
and 25, 2024 leaving potential gaps in the temporal
coverage of the air pollution episode. While
HAZEMON sensor data were validated and adjusted
against Pollution Control Department (PCD) station
measurements, inaccuracies may still arise under
high humidity or heavy rainfall -conditions.
Additionally, the meteorological data used in the
HYSPLIT model has a spatial resolution of
approximately 0.25 degrees, which may be
insufficient to capture the finer-scale wind dynamics
within the complex terrain of the Chiang Mai—
Lamphun basin.

To strengthen the robustness of future analyses, it
is recommended to implement more continuous
monitoring of air pollution data both horizontally and
vertically. The application of various technologies,
such as radar systems or UAV-based sensors, could
be utilized to mitigate limitations related to altitude
data. Additionally, integrating data from cross-
border areas should be considered to achieve a more
accurate understanding of pollution transport
originating from sources outside the study area. This
study provides novel insights into the spatio-
temporal dynamics of air pollution in Northern
Thailand by integrating multiple observational
platforms, including ground-based IoT sensors,
reference PCD stations, NASA’s DC-8 aircraft
measurements, satellite products, meteorological
datasets, and HYSPLIT trajectory modeling. The
strength of this approach lies in the comprehensive
integration of multi-source datasets, which enabled a
simultaneous assessment of  near-surface
concentrations, vertical structures, and long-range
transport mechanisms. Importantly, this study
represents one of the early efforts to provide a
detailed examination of temperature inversion layers
in the Chiang Mai—Lamphun basin and their pivotal
role in trapping pollutants during severe haze events.
These findings emphasize the importance of
incorporating both  vertical and horizontal
atmospheric information to accurately characterize
air pollution dynamics in topographically complex
basins.

In addition to advancing scientific understanding,
the results demonstrate how integrated geospatial
approaches can be effectively translated into
practical applications. The spatial identification of
PM: 5 concentrations and their temporal fluctuations
provides a foundation for developing real-time early-
warning systems and targeted health advisories.
Furthermore, the integration of VIIRS hotspot data
with HYSPLIT backward trajectories enables the
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identification of both local and transboundary
biomass burning sources, highlighting the urgent
need for cross-border cooperation in haze mitigation.
At the policy level, the findings emphasize the
importance of enhancing government initiatives on
air quality management, particularly through
adaptive no-burn regulations during periods of high
atmospheric pressure and in areas identified as high-
risk by trajectory analysis. By bridging scientific
innovation with actionable policy measures, this
study offers both methodological advances and
concrete  pathways for  policymakers and
stakeholders to reduce PM» s exposure and improve
air quality in Northern Thailand.
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