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Abstract

Open biomass burning (OBB) adversely affects air quality, climate systems, and public
health. Large-scale OBB, including forest fires and crop residue burning, is prevalent
in Southeast Asia (SEA), a region with agrarian countries. The characteristics of OBB
have been widely studied in SEA; however, the understanding of daytime and nighttime
variations in fire activity and the effects of fire production remains limited. A significant
amount of particulate matter (PM) is released into the atmosphere during OBB episodes.
This study employs the Visible Infrared Imaging Radiometer Suite (VIIRS) to detect active
fires during daytime and nighttime from OBB in Chiang Mai, Thailand, during March–
April 2020, and investigates the mass concentration of size-specific PM down to PM0.1. The
results showed that hotspots occur more often at night than during the day. The VIIRS fire
detection data provided a better response to small fires and improved mapping of extensive
fire perimeters. PM0.5–1.0 showed the highest mass concentration among particle sizes.
Moreover, fire hotpots show the highest correlations with PM0.1–0.5 during the daytime and
PM0.5–1.0 during the nighttime, and the large OBB in Chiang Mai significantly contributes
to ambient PM. Overall, this study offers crucial insights into particulate pollution from
biomass burning.

Keywords: air quality; biomass burning; forest fires; hotspots; PM<0.1; ultrafine particles

1. Introduction
Biomass burning from agricultural residues, wildfires, and organic waste is a sig-

nificant source of air pollution, with significant consequences on human health and the
environment [1,2]. Crop waste residues, mainly rice straw, sugarcane leaves, and corn
stems, are the most commonly burned items [3], and their combustion markedly degrades
air quality, increasing the risk of respiratory and cardiovascular diseases [4,5]. Wildfires in
forests and grasslands have become increasingly frequent in Northern Thailand, primarily
due to soil moisture shortages [6]. Moreover, particle and greenhouse gas emissions from
forest fires exert a critical influence on the Earth’s climate system [7], underscoring the
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necessity of adaptive strategies such as sustainable land use, improved forest management,
and effective fire control to mitigate their impacts [8]. In parallel, organic waste from
household and garden sources is increasingly managed through integrated approaches,
including waste-to-energy incineration [9].

Uncertainty in pollutant emission estimates arises from various factors, including
the size of burned areas. Satellite-based burned area products, such as those from the
Moderate Resolution Imaging Spectroradiometer (MODIS), often underestimate agricul-
tural burning due to their relatively coarse spatial resolution [10,11]. This limitation is
particularly pronounced in regions such as Thailand, where rice fields and crop plots are
typically small and highly fragmented [12]. The Visible Infrared Imaging Radiometer Suite
(VIIRS), developed as the successor to MODIS, overcomes several of these constraints while
preserving its core capabilities. With enhanced spatial resolutions of 375 m and 750 m,
VIIRS enables more accurate detection of small-scale fire activity [13,14]. Although most
previous studies have used MODIS data to investigate the spatiotemporal dynamics of
specific fire types, such as crop residue burning and forest fires, these analyses have mainly
focused on high-intensity fire regions, particularly Northeastern Thailand. In contrast,
despite its importance, research on open biomass burning in Chiang Mai Province remains
scarce. Located in Northern Thailand, Chiang Mai is characterized by extensive forest
cover and numerous nationally protected areas, underscoring the critical need for effective
forest fire prevention [3,15,16]. Moreover, Chiang Mai is a major agricultural region that
generates substantial crop residues from rice and corn cultivation. Post-harvest burning
of agricultural fields, especially in highland areas, is widespread and occurs annually.
This recurring practice significantly contributes to particulate pollution and raises serious
concerns regarding regional air quality [16,17].

Open biomass fires, such as wildfires and crop burning, significantly contribute to
air pollution in numerous countries [18]. Biomass fires emit large quantities of particulate
matter (PM), polycyclic aromatic hydrocarbons (PAHs), and harmful gases, including sulfur
dioxide (SO2), carbon monoxide (CO), and nitrogen oxides (NOx), into the air [18–21]. PM
emissions were affected by biomass types and combustion phases. Data were acquired dur-
ing a forest fire experiment in Candeias do Jamari, Rondônia, where samples were collected
directly from the smoke plume, revealing that the particle concentration and diameter
changed dramatically. The particle size ranged from 0.066 to 0.275 µm [22]. Nevertheless,
size-segregated PM data are essential for comprehending its formation, size distribution,
sources, deposition in the human respiratory tract, and health impacts, especially during
heavy biomass fire episodes [19,23]. Size-segregated PM refers to the concurrent monitoring
of PM across various size ranges using cascade impactors or aerosol monitors (provided by
Kanazawa University, Japan) [24]. A recent study by Phairuang et al. (2024) [19] reported
that size-specific PMs, in the small to nanoscale (PM<0.1) range, influence PM-stimulated
subcellular physical characteristics in cell lines. They were collected during a biomass
fire episode in Chiang Mai, north of Thailand, and PM size distributions included PM<0.1,
PM0.1–0.5, PM0.5–1.0, PM1.0–2.5, PM2.5–10, and PM>10, which displayed distinct features across
different PM sizes. Size-fractionated PMs are therefore significant because of their vary-
ing degrees of detrimental effects on human organ systems and respiratory tracts, which
can result in serious illnesses. Recent global epidemiological studies have increasingly
highlighted the severe health risks associated with ultrafine particles (UFPs), particularly
their systemic impact beyond the respiratory system. For instance, long-term exposure to
UFPs has been independently linked to increased mortality and cardiovascular incidents
in large-scale cohorts in North America and Europe, distinct from the effects of PM2.5

mass [25,26]. Furthermore, systematic reviews indicate that UFPs can induce potent inflam-
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matory responses and elevate blood pressure due to their high surface area and ability to
translocate into the bloodstream [27,28].

Forest fires and agricultural residue burning are major contributors to regional air
pollution in Northern Thailand, particularly in Chiang Mai. Although the diurnal variability
of fire activity has been thoroughly documented, the relationship between the timing of
fire detection—specifically the distinction between daytime and nighttime events, and size-
resolved PM concentrations in the small-to-nano size range—remains poorly characterized.
Thus, this study examines open biomass burning activity during severe haze episodes in
March–April 2020 using VIIRS 375 m active fire products in combination with land cover
data. The findings provide a scientific basis for regulatory frameworks by elucidating
the spatiotemporal dynamics and key factors driving the two primary biomass burning
sources. In addition, size-fractionated PM down to PM0.1 is analyzed to determine how
diurnal variations in fire activity influence the particle size distribution.

2. Materials and Methods
2.1. Study Area

The authors selected Chiang Mai Province, Northern Thailand, as the study area.
The sampling site, located at Chiang Mai University, was chosen to represent the urban
basin, which serves as a primary receptor area where pollutants accumulate due to the
surrounding mountainous topography, thus effectively representing population exposure.
The study region spans 17–21◦ N and 98–99◦ E. Chiang Mai includes 24 districts. Cen-
tral and Western Chiang Mai have higher population densities (Figure 1). Chiang Mai’s
elevation and geographical distribution are shown in Figure 2, with higher topography
in the northwest and lower terrain in the central and southeast regions. Chiang Mai has
around 70% forest cover and many nationally protected species [29]. Chiang Mai has high
agricultural and forest yields, making it a viable source of open biomass for burning. Open
burning monitoring needs to improve to prevent crop residue burning, conserve forests,
and reduce air pollution.

Figure 1. The density distribution of the population and elevation location in Chiang Mai province.
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Figure 2. Forest Fire during (a) daytime and (b) nighttime in Chiang Mai, Thailand.

2.2. Datasets
2.2.1. Visible Infrared Imaging Radiometer Suite (VIIRS) Data

Visible Infrared Imaging Radiometer Suite (VIIRS) fire spots are fire hotspots detected
by the VIIRS sensor on the Suomi National Polar-Orbiting (Suomi NPP) satellite. This
satellite was launched on 28 October 2011, and is primarily designed to detect and measure
infrared radiation (heat) emitted by fires (temperatures above 800 degrees Celsius) [30,31],
which are displayed as points. Furthermore, the VIIRS fire spot system includes a multi-
spectral sensor with spatial resolutions of 375 m and 750 m, respectively. The data recording
frequency is every 12 h, allowing data collection in any given area up to four times per
day (twice during the daytime and twice at night) [30,32]. Specifically, the VIIRS satel-
lite overpass times (approximately 1:30 p.m. for daytime and 1:30 a.m. for nighttime)
occurred directly within the 11.5-h p.m. sampling intervals (daytime: 7:00 a.m.–6:30 p.m.;
nighttime: 7:00 p.m.–6:30 a.m.), ensuring temporal alignment between fire activity detec-
tion and particulate matter collection. This ensures accurate measurements and provides
officials with sufficient information for fire management. However, it is important to note
the potential uncertainty in satellite detection; thick smoke haze or cloud cover during
intense burning episodes may obstruct the sensor, potentially leading to an underestimation
of the actual number of active fires. However, we chose to use VIIRS hotspots measured
between 28 March and 24 April 2020, covering Chiang Mai Province in Thailand (data
are available at https://firms.modaps.eosdis.nasa.gov/download/ (accessed on 1 January
2026)). This period was marked by severe air pollution that significantly affected the area.
Additionally, this study used only fire spots with moderate to high confidence values,
as these intervals indicate that the measurements reflect actual burning in the areas [33].
Compared to MODIS, 375 m satellite fire detection data provide a better response to small
fires and better mapping of extensive fire perimeters [34]. The data are suitable for fire
management and other scientific applications.

2.2.2. Land Use and Land Cover

The data for this study were obtained from the Land Development Department
(LDD) in Thailand. Readers can access the data free of charge at https://tswc.ldd.go.th/
DownloadGIS/Index_Lu.html (accessed on 1 January 2026). This product was derived
from two types of satellite imagery: Landsat-8 OLI and Sentinel-2. The Landsat-8 OLI
satellite images use a combination of bands 5 (red), 6 (green), and 4 (blue), along with the
Near-Infrared (NIR) band 5 (0.85–0.88 µm). Similarly, the Sentinel-2 satellite images use
a combination of bands 8 (red), 11 (green), and 4 (blue), along with Near-Infrared (NIR)
band 8 (0.833–0.835 µm) [35]. The resulting images suit sugarcane, cassava, and rubber
plants. This dataset possesses a spatial resolution of approximately 10–60 m and was devel-
oped using supervised classification techniques. For this study, land use data for Chiang
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Mai Province were acquired in 2014, ensuring temporal relevance to the study period.
Additionally, the validation process incorporates field surveys and various coefficients to
confirm the accuracy of the assessment results. The dataset also provides detailed land
cover classifications, including cropland, forest, grassland, shrubland, and water bodies,
along with symbols specific to each land use category [36]. Given the air pollution situation
in the study area, this study focused on only five land use and land cover types: deciduous
forest (F201), evergreen forest (F101), rice plantation (A1), maize plantation (A202), and
sugarcane plantation (A203). These areas are long-standing sources of air pollution that
significantly affect air quality in the study area, especially forest areas, where the percentage
of forest fires can reach 100%. Implementing corrective measures is highly challenging
when burning occurs in forest areas, dense forests, or on steep slopes. This problem leads
to severe air pollution, which harms the environment.

2.2.3. Meteorological Data and Air Mass Movement

The meteorological data used in this study include maximum and minimum tem-
peratures, wind speed, wind direction, relative humidity, and air pressure. The Northern
Meteorological Center provided these data. Meteorological factors are significant drivers
of air pollution. The Northern Meteorological Center provided hourly meteorological data.
Meteorological factors are significant drivers of air pollution. Specifically, hourly wind
speed and direction data were analyzed and visualized as wind rose diagrams in GIS soft-
ware (ArcGIS pro version 3.6.0) to illustrate local airflow patterns during the study period.
Specifically, they can influence the severity of air pollution or alleviate it. Furthermore,
meteorological conditions are considered uncontrollable, meaning no measures can be
implemented to lower temperatures or increase wind speed [37]. The Air Resources Labo-
ratory (ALR) of the National Oceanic and Atmospheric Administration (NOAA) generated
the HYbrid Single-Particle Lagrangian Integrated Trajectory Model version 4 (HYSPLIT-4)
in 2020 to calculate a 12-h backward trajectory to the sampling sites. The researchers set the
sampling location arrival height at 2500 m above ground level to match the model’s limits
and surface data [3,38].

2.3. Sampling Description

In this study, the cascade size-segregated air sampler collected particles down to
the nanoparticle size range (PM<0.1) during intense biomass fire episodes. The sampling
equipment was installed at Chiang Mai University. This site is situated on the western
side of the Chiang Mai basin, a flat terrain surrounded by high mountains. Due to this
topography, the site serves as an accumulation zone for pollutants and effectively represents
the urban layout and population exposure of Chiang Mai city. This sampler involved four
stages—PM0.5–1.0, PM1.0–2.5, PM2.5–10, and PM>10, reflecting particle sizes of 0.5–1.0, 1.0–2.5,
2.5–10, and >10 µm, respectively; an inertial filter stage (PM0.1–0.5); and a backup filter stage
(<0.1 µm, PM<0.1). The sampler was used at a flow rate of 40 L/min for 11.5 h during day-
time and nighttime, retrieved from a 55 mm quartz fibrous filter (Pallflex 2500QAT-UP, Pall
Corporation, Putnam, CT, USA), and PM0.1–0.5 collected from an inertial filter containing
stainless steel wool (9.8 ± 0.03 mg) (Nippon Seisen Co., Ltd. (Osaka, Japan), felt form,
SUS) [24]. Before sampling, the quartz filter paper and inertial filter underwent several
quality assurance measures, including pre-baking, aluminum foil wrapping, condition-
ing, and preservation [39]. Sampling occurred during the hot dry season. Sampling was
conducted daily for 28 days, from 28 March to 24 April 2020, during the peak of the haze
episode in Northern Thailand. During this period, samples were collected twice daily to
distinguish between diurnal variations: daytime sampling (approx. 11.5 h) and nighttime
sampling (approx. 11.5 h), yielding a total of 56 samples per size fraction.
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3. Results and Discussion
3.1. Fire Hotspots in Chiang Mai, Thailand

Chiang Mai experiences biomass burning during the dry season, both during the day
and at night. Figure 3 shows an open wildfire in Chiang Mai, which occurred approximately
2 km2 from the PM sampling site. This difference between day and night fires can be further
explained by VIIRS satellite data, which detected significantly more hotspots at night than
during the day. During the study period, a total of 5585 VIIRS hotspots were detected, of
which 1827 (32.71% of the total) were detected during the daytime, and 3758 (67.29% of the
total) were detected during the nighttime.

Figure 3. VIIRS day- and nighttime fire variations during biomass fire episode in Chiang Mai, Thailand.

The time series of VIIRS hotspots is shown in Figure 3. The time series indicates that
during this period, the number of fire spots peaked significantly between 28 March and
10 April 2020, then declined continuously. The meteorological conditions during the early
part of the fire period were characterized by dry weather. Dry meteorological conditions
substantially affect biomass in the region, including dry leaves and branches, which become
highly flammable and easy to burn. This condition increases combustion efficiency, leading
to greater pollutant emissions into the atmosphere [40,41]. In contrast, the meteorological
conditions after 10 April 2020 were directly influenced by high-pressure systems or warm
air masses from China, which typically cover Thailand’s northeastern and northern regions
around mid-April each year [42]. When these air masses collide with low-pressure systems
or warm air masses in the area, they trigger summer thunderstorms. This phenomenon is
a crucial factor contributing to the continuous decline in detectable hotspots after 10 April.

Figure 4 displays that fire spots were consistently higher at night, likely due to cooler
temperatures, which may create more favorable conditions for satellite detection [43]. In
contrast, daytime fire detections, although present, were substantially less common, likely
due to stronger atmospheric interference that can prohibit combustion. After 10 April,
a sharp decline in fire activity coincided with the onset of early summer storms, which
increased regional precipitation and humidity, effectively suppressing fire activity across
the area. This pronounced seasonal transition highlights the dominant influence of meteo-
rological conditions on fire dynamics in Chiang Mai Province during the dry season [44,45].
Moreover, to visualize this spatiotemporal variation in Figures 4 and 5, hotspots detected
during the daytime are represented in red, while those detected at night are shown in blue.

https://doi.org/10.3390/urbansci10020103
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Figure 4. VIIRS hotspots fire distribution map during daytime and nighttime in Chiang Mai, Thailand.

Furthermore, the peak in fire spots, particularly between 28 March and 10 April, aligns
with the annual dry season forest fires. This corresponds to the topography of Chiang Mai
Province, where most of the area, covering 12,480 km2 or 70% of the province’s area, is
forested [29,46]. Specifically, deciduous forests account for 9464.51 km2, or 75.83% of the
forested area, while evergreen forests cover 3016.01 km2, or 24.16% of the forested area. Corn
plantations had the highest number of fire spots in agricultural regions, with 102 points.
This pattern is likely due to corn’s greater economic and agronomic advantages, which
allow it to be cultivated without irrigation, facilitating its expansion into forested areas.
Rice cultivation ranked second, with 45 detected hotspots. Although rice is a crucial
economic crop that supports livelihoods, the study period did not coincide with the rice
harvest season, which typically occurs between November and December each year. Lastly,
no fire spots were detected in sugarcane plantations, as sugarcane farming is limited in
Chiang Mai. Because 90% of harvested sugarcane is sent to sugar mills for processing sugar,
Chiang Mai lacks such facilities. The only sugar factory in the upper north is in Uttaradit
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Province, making sugarcane cultivation economically unfeasible in Chiang Mai [46]. This
pattern is depicted in the density map of fire spots categorized by land use, as shown
in Figure 5. By overlaying hotspot data with Land Use/Land Cover (LULC) maps, we
clearly distinguished the sources of biomass burning: forest fires (deciduous and evergreen
forests) accounted for the majority of hotspots, whereas agricultural burning was primarily
dominated by corn residue burning, with negligible contribution from sugarcane in this
specific region.

Figure 5. Sample of VIIRS hotspots fire distribution map in each land use and land cover.

3.2. Particulate Matter and Fire Hotspots

The mass concentration of PM was higher at night than during the day from the start
of severe biomass burning in Chiang Mai. The numerous forest fires near Doi Suthep
mountain, approximately 2 km from the sampling site, may contribute to the significant
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smoke in the Chiang Mai area. Figure 6a–f) show size-fractionated PMs down to PM<0.1,
and hotspot counts from VIIRS. The peak PM mass concentration was in the PM0.5–1.0 size
fraction. After mid-April, the mass concentration during daylight hours exceeds that at
night, as unstable atmospheric conditions tend to be more pronounced during the day,
leading to higher particle levels and elevated airborne size-fractionated PM concentrations.
The finer particle size, including PM0.1–0.5 and PM0.5–1.0, corresponds to high active fires.
These results implied that the smoke haze during the Chiang Mai, Thailand, biomass
fire episode mainly produced submicron particles (<1 µm). This information agrees with
the findings of Phairuang et al. (2019) [16], who reported that particles released from
biomass fires were in the 0.5–1.0 µm size range during biomass fire episodes in Chiang Mai
in 2014–2015.

Figure 7 shows the correlations between VIIRS hotspots and PM mass concentrations
in the size-specific PM over Chiang Mai, Northern Thailand, plotted during the daytime and
nighttime. From Figure 7a,b, the highest correlation is found at particle sizes of 0.1–0.5 µm
(r = 0.72, p < 0.001) and 0.5–1.0 µm (r = 0.53, p < 0.01), respectively. These results imply that
OBB, especially wildfires in the Chiang Mai area, releases significant amounts of particles
into the atmosphere. Small particles dominate the dry season, notably fine particles in
the 0.1–0.5 and 0.5–1.0 µm size ranges. Figure 7c,d also shows the correlations between
VIIRS hotspots and PM mass concentrations in size-specific PM during nighttime. The
plots show that the highest correlation is found in the particle size range of 0.1–0.5 µm
and 0.5–1.0 µm (r = 0.66, p < 0.001). Interestingly, nighttime shows a better correlation
than daytime for the same PM size. This study’s findings indicate that local emissions play
a vital role in contributing to particulate pollution, alongside the influence of air masses
from regions with high pollution levels. However, it is worth noting that ambient particle
mass concentrations in upper Southeast Asia (Thailand, Myanmar, Laos, Vietnam, and
Cambodia) are higher than in continental Southeast Asia (Malaysia, Singapore, Brunei, and
Indonesia), except in specific areas, such as industrial areas. The mass of PM concentrations
in this study was around 2–10 times higher than normal ambient conditions [1,8]. The
correlation plots for other PM size fractions are presented in the Appendix A.

Figure 6. Cont.
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Figure 6. Cont.
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Figure 6. Time series graph between VIIRS hotspots and size-fractionated PMs in the daytime.
(a) VIIRS hotspots and PM<0.1, (b) VIIRS hotspots and PM0.5–1.0, (c) VIIRS hotspots and PM1.0–2.5,
(d) VIIRS hotspots and PM2.5–1.0, (e) VIIRS hotspots and PM10–2.5, (f) VIIRS hotspots and PM>10.

The observed dominance of nighttime hotspots and their strong correlation with
specific PM fractions can be attributed to distinct atmospheric and monitoring mechanisms.
Firstly, the higher frequency of VIIRS hotspots detected at night is largely due to the
enhanced thermal contrast between active fires and the cooler land surface, which increases
the sensor’s sensitivity to smaller fires that might be missed during the day. Secondly, the
high mass concentration of PM0.5–1.0 is consistent with the characteristic size distribution of
primary aerosols directly emitted from biomass burning. Regarding the correlations, the
stronger and highly significant relationship (p < 0.001) with PM0.1–0.5 during the daytime
is likely driven by solar radiation-induced photochemical reactions, which promote the
formation of secondary ultrafine particles. In contrast, the strong correlation (p < 0.001) with
PM0.5–1.0 during the nighttime is attributed to the lowering of the planetary boundary layer
and the formation of temperature inversions. These stable conditions suppress vertical
dispersion, trapping primary smoke particles PM0.5–1.0 near the surface and leading to
a direct, statistically significant correlation with fire activity.
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Figure 7. Scatter plot and Pearson correlation between VIIRS hotspots and size-fractionated PMs
in the daytime and nighttime. (a) VIIRS hotspots and PM0.1–0.5 in Daytime, (b) VIIRS hotspots and
PM0.5–1.0 in Daytime, (c) VIIRS hotspots and PM<0.1 in Nighttime, (d) VIIRS hotspots and PM0.5–1.0

in Nighttime. Note: ** p < 0.01, *** p < 0.001.

3.3. Influence of Wind and Air Mass Movement
3.3.1. Influence of Wind

Temperature, relative humidity (RH), wind direction (WD), wind speed (WS), rainfall,
and other meteorological data were collected at the Thailand Air Quality and Noise Manage-
ment Bureau’s PCD monitoring station in Chiang Mai. The rainfall during the haze season is
zero millimeters (no rain in Chiang Mai from 28 March to 24 April 2020). Daytime temperatures
were 34.4 ± 2.9 ◦C, and nighttime temperatures were 23.9 ± 1.8 ◦C, while the relative humidity
was 35.5 ± 7.3% and 64.1 ± 7.5%. Previous studies in Northern Thailand have established
that such meteorological variations, particularly atmospheric stability and low nighttime wind
speeds, play a critical role in the accumulation of biomass-burning aerosols [37,47–49].

This study revealed that the average wind speed during the observation period was
20.96 km/h, which is moderate. The highest wind speed was recorded on 19 April 2020, at
29.63 km/h, which falls under the strong wind category. This coincided with the onset of the
annual influence of summer storms. The lowest wind speed, 16.67 km/h, was observed as
a light breeze on 28–29 March 2020. This condition contributed to increased retention of air
pollutants and particulate matter near the ground, aligning with the highest air pollution period,
which occurred between 28 March and 10 April 2020. During this period, the average wind
speed was 20.76 km/h (also in the moderate wind speed category). Throughout the study, wind
speed fluctuations were inconsistent, as shown in Figure 8. Moreover, wind analysis indicated
that most winds originated in the northern parts of Chiang Mai Province and moved southward.
These wind directions represent surface winds measured 10 m above ground level.
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Figure 8. Wind rose diagram in (a) daytime and (b) nighttime during the biomass fire episode in
Chiang Mai, Thailand.

Analysis of wind direction in conjunction with hotspot density maps for the same
timeframe revealed that the dominant wind direction originated from the north and north-
west, moving toward the south and southeast. These winds consistently traversed areas
with high hotspot density. They played a critical role in transporting smoke and fine PM
from source regions to downwind areas, particularly the southern parts of Chiang Mai
Province. Near-surface winds were the dominant mechanism governing pollutant disper-
sion. Beyond meteorological influences, the topography of Chiang Mai—characterized
by steep, mountainous terrain enclosing the basin—substantially enhances the trapping
of pollutants near the surface [37,50]. This geographic setting further intensifies the accu-
mulation of air pollution at the ground level. Temperature, relative humidity (RH), wind
direction (WD), wind speed (WS), rainfall, and other meteorological data were collected
at the Thailand Air Quality and Noise Management Bureau’s PCD monitoring station in
Chiang Mai. The rainfall during the haze season is zero millimeters (no rain in Chiang Mai
from 28 March to 24 April 2020). Daytime temperatures were 34.4 ± 2.9 ◦C and nighttime
temperatures were 23.9 ± 1.8 ◦C, while relative humidity was 35.5 ± 7.3% and 64.1 ± 7.5%.
Previous studies in Northern Thailand have established that such meteorological variations,
particularly the atmospheric stability and low nighttime wind speeds, play a critical role in
the accumulation of biomass-burning aerosols [37,47–49].

3.3.2. Influence of Air Mass Movement

The results of the air mass backward trajectory analysis showed that high-altitude
winds influenced particulate matter levels. The results indicated that air masses reaching
the PM monitoring sites originated from the south and southwest of Chiang Mai Province.
These air masses predominantly originated from the Thailand–Myanmar border. The
backward trajectory of the air mass is shown in Figure 9.

Additionally, when overlaying trajectories with fire spot density, it was found that air
masses reached regions with high hotspot density before arriving at the monitoring sites
(Figure 10). This highlight the influence of cross-core pollution sources on air quality in the
study area and other areas of Thailand [16]. This is particularly significant during periods
when southwesterly winds are strong, which enhances the efficiency of transboundary
pollution transport, enabling pollutants to spread across borders more effectively.
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Figure 9. Sample of mapping of a 24 h air mass backward trajectory.

Figure 10. Sample of mapping of 24 h air mass backward trajectory and density of VIIRS hotspots.

The 12 h backward trajectories (daytime and nighttime) can be clustered into five groups,
each with distinct directions and movement frequencies, as illustrated in Figure 11a,b. The
analysis revealed that most air mass movement is from the southwest of Chiang Mai City.
The movement essentially occurs on a multi-provincial scale, approximately 100–200 km [16].
When considering the overall direction of air mass movement, 47% of the air masses originated
from the south of Chiang Mai, primarily from the Thailand–Myanmar border, before reaching
the target area. This was followed by 40% from the southwest and 13% from the northwest.
However, the trajectories of their sources’ air masses may not directly influence the target area.
Factors such as topography, e.g., the height of mountain ranges acting as natural barriers, lead
to the accumulation or deflection of air flows in certain regions. Additionally, chemical and
physical processes occurring during transit, such as reactions involving atmospheric pollutants
or the formation of secondary pollutants, are significant contributors [16,17]. These processes
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can alter the properties of air masses by the time they reach the target area, making them
inherently different from their initial state at the source, which is mainly beyond direct control.

Figure 11. Clustering of backward trajectories during (a) daytime and (b) nighttime.

It is important to acknowledge that this study relies on data collected during a single
intense biomass burning season (March–April 2020). While this period provides high-
resolution insights into severe haze episodes, interannual meteorological variability may
affect the generalizability of the findings to other years. Future long-term studies are
needed to validate these patterns across multiple fire seasons.

4. Conclusions
This study analyzed size-fractionated PM down to PM0.1 collected during the 2020

biomass burning haze episodes in Chiang Mai, Northern Thailand, in conjunction with
diurnal VIIRS fire hotspot data. The predominance of nighttime fires near the sampling
location was associated with elevated concentrations of fine particulates, notably in the
PM0.1–0.5 and PM0.5–1.0 ranges. The results suggest that local emission sources, specifically
nighttime forest fires and agricultural residue burning, were significant contributors to
these finer fractions, as evidenced by the strong correlation between local hotspots and
PM0.1–0.5. Nevertheless, air quality was not governed solely by local emissions. The 12-h
backward trajectory analysis demonstrated a substantial contribution from regional and
transboundary transport; approximately 47% of air masses originated from the south and
southwest, traversing active fire zones along the Thailand–Myanmar border. Consequently,
the observed high PM levels result from a synergistic combination of intense local biomass
burning and long-range transport. These findings underscore the need for integrated
management strategies that address both local mitigation and international cooperation to
resolve transboundary haze in Southeast Asia.
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Appendix A

  

  

Figure A1. Scatter plot and Pearson correlation between VIIRS fire spots and size-fractionated PMs
in the daytime. (a) VIIRS hotspots and PM<0.1, (b) VIIRS hotspots and PM0.1–0.5, (c) VIIRS hotspots
and PM0.5–1.0 (d) VIIRS hotspots and PM1.0–2.5, (e) VIIRS hotspots and PM2.5–10, (f) VIIRS hotspots
and PM>10. Note: * p < 0.05, ** p < 0.01, *** p < 0.001.
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Figure A2. Scatter plot and Pearson correlation between VIIRS fire spots and size-fractionated PMs
at night. (a) VIIRS hotspots and PM<0.1, (b) VIIRS hotspots and PM0.1–0.5, (c) VIIRS hotspots and
PM0.5–1.0 (d) VIIRS hotspots and PM1.0–2.5, (e) VIIRS hotspots and PM2.5–10, (f) VIIRS hotspots and
PM>10. Note: ** p < 0.01, *** p < 0.001.
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