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Abstract
Atmospheric aerosols strongly modulate deep convection by cloud condensation nuclei (CCN) and ice
nuclei (IN), altering cloud droplet size distributions, precipitation efficiency, latent heat release, and
convective dynamics. Bangladesh experiences some of the highest aerosol loadings in South Asia
from urban, industrial, biomass-burning, and transboundary sources, but yet convective-scale
aerosoli cloud interactions over the region remain poorly quantified. This study uses the Weather
Research and Forecasting model coupled with Chemistry (WRF-Chem) model to investigate aerosol
impacts on deep convection and heavy rainfall for two contrasting monsoon events in 2023: (i) over
northeastern (Sylhet) region during 267 27 June, in which moist monsoon flow is orographically lifted
along the Meghalaya foothills, and (ii) over southeastern coastal (Chattogrami Cox's Bazar) region on
281 29 June. High-resolution two-way nested simulations (30 and 10 km) were performed with

observed aerosols (CTRL) and under reduced (LOW-AE R O, T50%) and eAERG x2f e d

aerosol loading. Increased aerosol loading raised cloud droplet number concentration and reduced
mean droplet size, suppressing warm-rain collisioni coalescence and delaying precipitation initiation.
The consequent lifting of cloud water above the freezing level enhanced latent heat release from
freezing and deposition, strengthening convective updrafts and deepening clouds; peak 24-h rainfall
increased by approximately 157 25% over the most active convective cores, although precipitation
was suppressed under moisture-limited conditions. Simulated rainfall agreed well with GPM IMERG
observations (r = 0.82; RMSE = 12.5 mm; bias = +6.3%). These findings clarify aerosoli cloudi
convection interactions over Bangladesh and provide guidance for representing aerosol effects in
numerical weather prediction and disaster risk reduction.

Keywords: Aerosoli cloud interaction, Deep convection, Heavy rainfall, Cloud microphysics, WRF-
Chem.

1. Introduction

Bangladesh is one of the most disaster-prone countries in South Asia owing to its geographical setting
and monsoon climate. Heavy rainfall frequently triggers flash floods, riverine floods, urban
waterlogging, and landslides. Understanding the physical mechanisms that control heavy rainfall is
therefore essential for improving weather forecasting and disaster preparedness [1]. Deep convective
clouds play a central role in producing heavy precipitation. The intensity and evolution of convection
are governed by thermodynamic instability, moisture availability, atmospheric dynamics, and cloud
microphysical processes. Aerosols influence these processes by serving as cloud condensation nuclei
(CCN) and ice nuclei (IN), thereby modifying cloud droplet formation and precipitation development
[2,3].

Previous studies have shown that aerosol-induced changes in cloud microphysics can either
invigorate or suppress convection depending on environmental conditions [416]. Under the

Afconvective invigorationd hypothesis, increased

number of smaller cloud droplets, which reduces collisioni coalescence efficiency and delays warm-
rain formation [2,5]. Because precipitation is delayed, a greater mass of condensate (cloud water) is
carried above the freezing level in the convective updraft, where freezing and deposition release
additional latent heat that increases buoyancy and strengthens updraftsd deepening the cloud and
enhancing cold-rain processes, ice, and graupel formation [4,7,19]. This cold-phase (freezing-
induced) pathway was complemented by later work identifying a warm-phase mechanism, in which
ultrafine aerosol particles (<50 nm) activate under the high supersaturation of clean, humid updrafts
and intensify condensational heating [7]. However, the magnitude and even the sign of these effects
are strongly modulated by the environment: the response depends on relative humidity and aerosol
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regime [6], convective available potential energy (CAPE), and vertical wind shear [8,10], so that
invigoration dominates in moist, unstable conditions while suppression of precipitation can prevalil
under dry, moisture-limited conditions [4,9]. The net effect therefore remains an area of active debate
and quantitative uncertainty [3,7].

The original invigoration observations come from the Amazon, where smoke from biomass burning
was found to invigorate clouds rather than only inhibit them [11], and Fan et al. (2018) showed that
ultrafine particles from pollution can be activated to form additional droplets on which excess
supersaturation condenses, adding cloud water and latent heating and thereby intensifying convective
strength [7]. The droplet-size/warm-rain link is foundational: elevated CCN produces higher
concentrations of smaller droplets, and the reduced droplet size slows coalescence into raindrops and
can prolong cloud lifetime [2,18].

Despite growing international research on aerosoli cloud interactions, work over the South Asian
monsoon region has concentrated largely on India and has emphasized the large-scale radiative and

dynamical effects of absorbing aerosols6 f or exampl e, the HfAel esia[i2ktthe heat

Aisol ar di mmingodo at mospheri c -driveamwmpdulatibonootindonseoh faiafallt
[14]. By comparison, relatively few studies have examined convective-scale aerosoli cloudi

microphysical interactions over Bangladesh, even though the country experiences some of the

highest aerosol loadings in the region from urban and industrial emissions, biomass burning, and

transboundary transport. This represents an important regional gap, because the

invigoration/suppression behavior described above is sensitive to local thermodynamics and aerosol

regime and cannot simply be transferred from Indian or Amazonian case studies. To address this gap,

the present study uses the Weather Research and Forecasting model coupled with Chemistry (WRF-
Chem) [15], an online-coupled meteorologyi chemistry framework in which aerosols interact directly
with cloud microphysics and radiation, to quantify the impact of aerosol particle dynamics on deep

convection and heavy rainfall over Bangladesh through control and aerosol-sensitivity simulations of
selected monsoon heavy-rainfall events.

Indeed, Bangladesh consistently ranks among the most polluted countries in the world, with a national

annual-mean PMFE4 concentration of about 78 ug ma@ in 202406 roughly fifteen times the World Health

Organization guidelined reflecting the intense and persistent aerosol loading over its major convective

regions [16]. Within this context, the present study addresses three questions: how aerosol loading

alters cloud droplet number concentration and mean droplet size; whether the resulting microphysical

changes invigorate or suppress convection over Bangladesh; and how these changes translate into

the intensity and spatial distribution of heavy rainfall. To answer these, high-resolution WRF-Chem

simulations are configured for selected monsoon heavy-rainfall events and analyzed under a control

experiment together with reduced- and enhanced-aerosol sensitivity experiments, so that the aerosol

signal can be isolated from the meteorological background. This design makes it possible to attribute

changes in updraft strength, hydrometeor partitioning, and surface precipitation directly to aerosol

perturbations rather than to differences in the large-scale environment. By providing one of the first
convective-scale assessments of aerosoli cloudi precipitation interactions for Bangladesh, the results

are intended to inform the representation of aerosol effects in operational numerical weather

prediction and to support more reliable heavy-rainfall forecasting and disaster preparedness.

2. Data Used, Experimental Setup and Methodology

2.1 Study Area

Bangl adesh | i esi26A3neNN a2ri0a3%MNRNJGHE NjEat the head
The region is characterized by:

1 Southwest monsoon (Junei September);
T Annual rainfall of 150071 5000 mm;

1 High humidity throughout the year;

1

Significant aerosol pollution from urban and industrial sources.
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Study Area: Bangladesh, WRF-Chem Domains and Event Locations
Simulated monsoon events: 26-27 & 28-29 June 2023
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Figure 1. Bangladesh study area showing terrain elevation, the two nested WRF-Chem model domains
(D01: 30 km; D02: 10 km), neighboring countries, the Bay of Bengal, and selected heavy-rainfall event /
station locations.

2.2 Data Used

Heavy-rainfall events for simulation were selected from the southwest monsoon season (Junei
September) using a multi-year observational record so that the chosen cases are representative of
high-impact convective rainfall over Bangladesh. Daily rainfall from the GPM IMERG satellite product
(20141 2024) and rain-gauge observations from the Bangladesh Meteorological Department (BMD)
were used to identify high-impact events exceeding the 95th-percentile daily rainfall threshold, while
the MODIS AOD record (20001 2024) was used to confirm that elevated aerosol loading accompanied
the selected episodes. Two representative monsoon heavy-rainfall events were then chosen for
detailed WRF-Chem simulation: Event 1 (267 27 June 2023) and Event 2 (281 29 June 2023). Each
event was simulated for 2 days at convection-permitting resolution, with the first 24 h discarded as
model spin-up and the remaining 24 h used for analysis. The two events exhibit clearly different
rainfall geographies (Figure 2): Event 1 is dominated by intense rainfall over the northeastern Sylhet
region, where moist monsoon flow is orographically lifted along the Meghalaya foothills, whereas

Event 2 concentrates rainfal/l over the southeastern

providing two contrasting convective regimes for the aerosol-sensitivity analysis.
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Selected Heavy-Rainfall Events (GPM IMERG Observed Rainfall)
(a) Event 1: 26-27 June 2023 (max 339 mm) (b) Event 2: 28-29 June 2023 (max 326 mm)
7 —_— — 7 —— —

Event-total observed rainfall (mm)

88°E 89°E 90°E 91°E 92°E 88°E 89°E 90°E 91°E 92°E

Figure 2. Observed event-total rainfall (GPM IMERG) for the two selected heavy-rainfall events: (a) Event
1, 26127 June 2023, with a northeastern (Sylhet) maximum; and (b) Event 2, 28i 29 June 2023, with a
southeastern coastal (ChattogramiCo x 6 s Bazar ) maxi mum. Redaxena.os s es

2.3 WRF-Chem Model Configuration

Simulations were performed with WRF-Chem version 4.x [15,17] using a two-way nested domain
configuration. The outer domain (D0O1) covers the wider regional circulation at 30 km resolution, while
the inner domain (D02) resolves convective-scale processes over Bangladesh at 10 km resolution.

Table 1. Model domain configuration.

Horizontal resolution Grid points

DO1 30 km 120 x 120
D02 10 km 181 x 181

Table 2. Selected physics parameterization schemes.

Process Scheme

Microphysics Morrison double-moment
Planetary boundary layer Yonsei University (YSU)
Land surface Noah LSM

Radiation (long/short wave) RRTMG

Cumulus (D01 only) Kain-Fritsch

2.4 Initial and Boundary Conditions

Meteorological initial and boundary conditions were derived from ERA5 reanalysis. Anthropogenic
emissions were prescribed from the EDGAR inventory, and aerosol fields were constrained using
MODIS Aerosol Optical Depth (AOD). Simulated rainfall was validated against GPM IMERG
precipitation estimates.

Meteorology ERAS reanalysis
Aerosol / emissions EDGAR inventory; MODIS AOD
Rainfall validation GPM IMERG
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2.5 Experimental Design

Three experiments were conducted to isolate aerosol effects for each of the events (Event 1 and
Event 2). The control run (CTRL) uses observed aerosol concentrations; a low-aerosol run (LOW-
AERO) reduces aerosol emissions by 50%; and a high-aerosol run (HIGH-AERO) doubles the aerosol
loading.

CTRL Observed aerosol concentrations
LOW-AERO 50% reduction in aerosol emissions
HIGH-AERO 200% (doubled) aerosol loading

Experimental Design: Control and Aerosol Sensitivity Simulations

Heavy Rainfall Events
(Monsoon Season)

WRF-Chem v4.x | D01 30 km + D02 10 km
ERAS - EDGAR - MODIS AOD

!

CTRL LOW-AERO HIGH-AERO
Observed aerosol -50% emissions x2 loading

Analysis: CAPE - CIN - Cloud/Rain/Ice/Graupel mixing ratios - Vertical velocity - Rainfall

Figure 3. Schematic of the experimental design, showing the control and aerosol-sensitivity simulations
and the principal analysis variables.

2.6 Analysis Variables
The following variables were analyzed to characterize the thermodynamic environment, cloud
microphysics, and convective response:

1 Convective Available Potential Energy (CAPE) and Convective Inhibition (CIN);

1 Cloud water, rainwater, ice, and graupel mixing ratios;

1 Vertical velocity (updraft strength);

1 Surface rainfall accumulation.

3. Results and Discussion

3.1 Aerosol Distribution

The HIGH-AERO simulation exhibits substantially larger aerosol concentrations over central and
eastern Bangladesh, with a pronounced maximum over the Dhaka metropolitan and industrial belt.
Coastal and hill regions show comparatively lower loadings.
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Spatial Distribution of Aerosol Optical Depth — 26 June 2023
(a) CTRL (b) HIGH-AERO
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Figure 4. Spatial distribution of aerosol optical depth (550 nm) over Bangladesh for the 26 June 2023
event under (a) the CTRL simulation and (b) the HIGH-AERO simulation. The triangle marks the location of
Dhaka.

3.2 Thermodynamic Environment: CAPE and CIN

To place the microphysical response in its thermodynamic context, domain-averaged CAPE and CIN

over the convective region were compared across the three experiments (Figure 5). Mean CAPE

increased modestly from LOW-AERO through CTRL to HIGH-AERO, indicating a slightly more

unstable environment under higher aerosol loading, while the magnitude of CIN also increased. The

larger CIN in the HIGH-AERO run is consistent with the suppression of early warm-rain convection

and a delay in precipitation initiation; once convection is triggered, the greater accumulated instability

is released more vigorously, supporting the stronger updrafts discussed in Section 3.5. This
combination of hi gher CAPE with hi gher CIN reflects
polluted convection reported in earlier studies [4,7].

Thermodynamic Environment across Aerosol Experiments

(a) Convective Available Potential Energy . (b) Convective Inhibition
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Figure 5. Domain-averaged (a) CAPE and (b) CIN for the LOW-AERO, CTRL, and HIGH-AERO
experiments. Error bars denote the spatial standard deviation over the convective region.
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3.3 Impact on Cloud Microphysics

Higher aerosol loading increased the cloud droplet number concentration (CDNC) throughout the

cloud depth. The microphysical chain can be summar.i

droplets Y smaller mean dripo (@dlisian-cosléseeace)process. Figureesd
indicates that the HIGH-AERO profile carries markedly higher droplet concentrations above the
freezing level than the CTRL and LOW-AERO profiles.

Vertical Profile of Cloud Droplet Number Concentration
26 June 2023

14
= LOW-AERO
= CTRL
=== HIGH-AERO
12 1

10 1

Height (km)

Freezing level (~0°C)

0 100 200 300 400 500 600 700 800
Cloud Droplet Number Concentration (cm™3)

Figure 6. Vertical profile of cloud droplet number concentration for the LOW-AERO, CTRL, and HIGH-
AERO scenarios. The dotted line marks the approximate freezing level.

3.4 Hydrometeor Partitioning

The aerosol-induced change in microphysical pathways is clearly expressed in the partitioning of
hydrometeors among cloud water, rainwater, ice, and graupel (Figure 7). Under higher aerosol
loading the low-level rainwater mixing ratio decreased, reflecting the suppression of warm-rain
collisioni coalescence, whereas the cloud-water mixing ratio increased and extended to greater
heights. The additional condensate lofted above the freezing level promoted ice-phase growth: both
ice and graupel mixing ratios increased substantially in the HIGH-AERO run relative to CTRL and
LOW-AERO, with graupel peaking in the mixed-phase layer (~6i 8 km) and ice dominating at upper
levels (~91 12 km). This redistribution from liquid (warm-rain) to frozen (cold-rain) hydrometeors is the
microphysical signature of convective invigoration and is consistent with the enhanced latent-heat
release and stronger updrafts described in Section 3.5.

war m
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Vertical Profiles of Hydrometeor Mixing Ratios
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Figure 7. Vertical profiles of (a) cloud water, (b) rainwater, (c) ice, and (d) graupel mixing ratios for the

LOW-AERO, CTRL, and HIGH-AERO experiments. The dotted line marks the approximate freezing level.

3.5 Convective Invigoration
Suppression of warm rain allowed cloud water to be lofted to upper levels, where freezing and
deposition released additional latent heat. The latent heat release associated with freezing can be
expressed as:

Q = Ly x dm/dt

where Q is the latent heat release, Lf is the latent heat of fusion, and dm/dt is the freezing rate. This
additional heating strengthened convective updrafts. Figure 8 shows that the updraft core in the
HIGH-AERO run is considerably more intense and vertically extensive than in CTRL.

Vertical Velocity Cross-Section through the Convective Core — 26 June 2023, 12 UTC
(a) CTRL (b) HIGH-AERO

Height (km)

cE)l9.5 90.0 90.5 91.0 91.589.5 90.0 90.5
Longitude (°E) Longitude (°E)
Figure 8. Vertical velocity cross-section through the convective core (26 June 2023, 12 UTC) for (a) the
CTRL and (b) the HIGH-AERO simulations. Warm (red) shading denotes updrafts; the dotted line marks
the freezing level.

91.0 91.5
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3.6 Impact on Rainfall

Relative to CTRL, the HIGH-AERO simulation produced stronger convection, higher rainfall intensity,
and more sharply localized precipitation maxima. Peak 24-hour rainfall increased by approximately
151 25% over the most active convective cores.

24-hour Accumulated Rainfall — 26-27 June 2023
(a) CTRL (max 142 mm) (b) HIGH-AERO (max 173 mm)
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Figure 9. 24-hour accumulated rainfall (26727 June 2023) for (a) the CTRL and (b) the HIGH-AERO
simulations, illustrating the intensification and localization of precipitation maxima under higher aerosol
loading.

3.7 Comparison of simulated rainfall with observation

Model outputs were validated against GPM IMERG rainfall estimates. The simulation reproduces the
rainfall pattern well, with a correlation of 0.82 and a modest positive bias (Figure 10).

Table 3. Validation statistics against GPM rainfall.

24-h accumulated rainfall (mm)

Parameter Value

Correlation (r) 0.82
RMSE 12.5 mm
Bias +6.3%

Simulated vs Observed Rainfall (26-29 June 2023)
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Figure 10. Scatter plot of WRF-Chem simulated rainfall against GPM IMERG observations for the
simulated events (261 29 June 2023), with the 1:1 line, best-fit regression, and validation statistics.
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3.8 Aerosol Effects on Deep Convection

The results indicate that the sign of the aerosol effect depends on environmental conditions. In moist
environments, convective invigoration dominates and rainfall increases; in dry, moisture-limited
environments, the suppression effect dominates and rainfall decreases. These findings are consistent
with previous studies of tropical convection [4,6]. The competing pathways are summarized
conceptually in Figure 11.

Conceptual Model: Aerosol Effects on Cloud Microphysics and Deep Convection

Irﬂfigorated

updraft

|| III\INHI ||

Urban / industrial emissions - biomass burning - transboundary transport

Figure 11. Conceptual model of aerosol effects on cloud microphysics and deep convection: enhanced
CCN produce numerous small droplets, suppressing warm rain, lofting condensate above the freezing
level, releasing latent heat, and invigorating the updraft.

4. Conclusions

This study investigated aerosol impacts on deep convection and heavy rainfall over Bangladesh using
WRF-Chem simulations.
The major findings are:
1. Aerosol loading significantly increases cloud droplet number concentration.
2. Higher aerosol concentrations reduce cloud droplet size and delay warm-rain formation.
3. The hydrometeor population shifts from warm-rain (liquid) toward frozen (ice and graupel)
species, with more condensate lofted above the freezing level.
4. Enhanced latent heat release from glaciation strengthens convective updrafts, accompanied
by modestly higher CAPE and CIN under polluted conditions.
5. Aerosol-induced convective invigoration increases rainfall intensity approximately 157 25%
under favorable conditions.
The study highlights the importance of representing aerosol-cloud interactions in numerical weather
prediction models for Bangladesh. Improved understanding of these processes can contribute to
better forecasts of heavy rainfall and support disaster risk reduction efforts.

10
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Abstract

Bangladesh is recognized by low lying delta topography. Due to its unique location, it is in the list of
countries which are highly prone to climate change. Thus, it is a prerequisite to understand the long
term changes in the frequency and spatial distribution of very heavy rainfall (>88 mm/day) (VHR)
events over the country. The present study formalized this objective and analyzed the trend of VHR
using in-situ and satellite measurements of Bangladesh during 2000-2023. For this purpose, study
utilizes in-situ rain gauges observations from Bangladesh Meteorological Department and satellite
products from INSAT-3DR and Integrated Multi- Satellite Retrievals for Global Precipitation
Measurement (IMERG). Majority of stations exhibit a decline trend in VHR events. Frequency of VHR
events show a significant drop over the Northern region than Southern part of the country. In addition,
Dhaka, which is located over the central part of the country, also shows substantial decline. The high
frequency of VHR events are observed over Coxds Bazar
the country. The station also displays a decreasing trend but less significant. Further, the decreasing
trend observed in in-situ rain gauges observation is supported by the satellite measurements. The
outcomes of the study would be useful to distinguish the varying trends of VHR events on annual and
seasonal scales over the four different sectors of Bangladesh. Additionally, results are also important
to understand the changing patterns of VHR over the country in Bangladesh.

Keywords: Trend Analysis, VHR, IMERG and Bangladesh.

1. INTRODUCTION

Bangladesh is characterized by the two distinct geographical features (i) broad low laying delta plain
which is on high risk of flooding and (ii) small hilly region. It is one of the largest and most densely
populated delta (Ganga-Bramaputra-Meghna) (Rawlani & Sovacool, 2011). Because of the varying
geographical conditions and unique location, Bangladesh is highly prone to climate change scenario.
Recent report published on the climate change impacts in Bangladesh details the several
environmental factors and their disastrous impact on the country (Change, 2024). These vulnerability
includes increase in sea level, fresh water scarcity, loss of bio diversity and frequent floods. Sea level
over Bangladesh is rising by 3.8 to 5.8 mm/year, faster than the global average (Environment &
Change, n.d.).

Rainfall over Bangladesh varies significantly from east to west. The north eastern part of the country
is one of the wettest places of the world (Studies et al., 2017). Pre-monsoon (March-April-May) and
monsoon (June-July-August-September) season rainfall often brings floods and landslides disasters
over the low laying areas. Based on the past studies carried out to understand the annual and
seasonal trend of rainfall, it is observed large variations in rainfall pattern and decline rainfall trend
(Rakib, 2019). Studies also show decreasing trend in the consecutive wet days and increasing trend
in the consecutive dry days (Basher et al., 2017). On contrary, some studies projected increase in
rainfall activity and extreme rain events during wet seasons (Article, 2012) under the global warming
scenario. Recent study of (Rimi et al., 2022), explained the influences of anthropogenic aerosols in
declining trend of extreme rainfall events over Bangladesh. The majority of past studies relied
primarily on the in-situ observations and model outputs to understand the rainfall patterns, distribution
and frequency. The present study is intended to utilizes both in-situ rainfall observations from rain
gauges and satellite measurement to understand the trend of very heavy rainfall (VHR)
(rain>88mm/day) events and their distribution over Bangladesh.
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Research Objective:

Present study aims to understand the frequency trend and spatial distribution of VHR events on
annual and seasonal time scales over Bangladesh during 2000-2023.

2. STUDY AREA

Bangladesh is Located in therth-eastern part couth Asia The majestic Himalayas stand some distance to

the north, while in the south lays the Bay of Bengal. West Bengal borders on the west and in the east lies the
hilly and forested regions of Tripura, Mizoram (India) and Myanmar.

The study area extendietween 20°34' to 26°38' north latitude and 88°01' to 92°41' east longitude. Maximum
extension is about 440 km i\l direction and 760 km in NNV8SE direction.

The region of interest is Bangladesh (Figure.1). The fousregions, NE (90.592.5 E, 2425.5 N), NW (88

90E, 2426 N), SE (9193E, 20.524 N) and SW (891 E, 21.523.5 N) considered for the study are also
displays in the figure. The stregions are selected using the critegiparted byRimi et al., 2022)
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3. DATA USED

Study utilizes two types of rainfall products (i) in-situ and (ii) satellite. The details of the products are
as follows:

3.1 In-situ

Rain gauges rainfall observations from BangladelgteorologicalDepartment (BMD) on daily scale during
20002023 over 8 stations.

NorthrWest (NW): Dinajpur & Ishwardi

North-East (NE): Sreemangal & Dhaka

SouthWest (SW): Faridpur & Satkhira

SouthEast (SE): Chandpur & Coxds Bazar

3.2 Satellite data

Hydro-Estimator (HE) technique based rainfall produ¢tsumar et al., 2022jrom INSAT-3DR are obtained
Figure 1: Location of the study area

from Meteorological and Gmanographic Satellite Data Archival Centre (MOSDAC) web portal of SAC
(www.mosdac.gov.in). HE rainfall data is available at 4 km spatial and 30 min temporal resolutions. Integrated
Multi-Satellite Retrievals for Global Roipitation Measurement (IMERG) products
(www.gpml.gesdisc.eosdis.nasa.ydMERG uses rainfall estimates from the GPM celtgtion and partner
satellite constitutedyoth microwaveand IR,based on rainfall estimates from polarvesll as geostationary
satellites. IMERG rainfall products are available at 10 km spatial and 30 min temporal resolutions.

4. METHODILOGY

Step by step procedure adopted to perform the present study is as follows:
In-situ observations:
1. Gathered in-situ rain gauges station data from BMD during 2000-2023.
2. Checked the availability of continuous rainfall data for different BMD stations and selected 8
stations (2 each over NE, NW, SE and SW) over Bangladesh.
3. Computed the frequency of VHR on annual and seasonal scales separately for 8 stations.
4. Analyzed the trend of VHR events on annual and seasonal scales over 8 stations from 2000 to
2023.
Satellite measurements:
INSAT-3DR: Selected dates correspond to VHR event over Bangladesh and downloaded Hydro-
Estimator  (H-E) technique based rainfall products corresponds to event date. Analyzed the spatial
distribution of rainfall.
IMERG: Extracted the rainfall measurements on daily scale from IMERG product and computed
frequency of VHR event over Bangladesh on annual time scale. Analyzed spatial distribution of VHR
on annual time scale.

5. RESULTS AND DISCUSSION

In-situ

Annual trends:

Trend of VHR events over 8 stations of Bangladesh using in-situ rain gauges observations from 2000
to 2023 is shown in Figure 2. Where Figure 2(a), 2(b), 2(c) and 2(d) display trend over NW, NE, SW
and SE stations respectively. Significant variations in the frequency of VHR events are observed in all
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the 8 stations. Broadly, frequency is high before 2010 and decreases up to 2015/2016 and increase in

the later part of the study period overall the stations. Maximum frequency (13) of very heavy rainfall
events are observed over C asxbécauseBod irs aggeograplical losatioa,t i o n)
where thunderstorm activities are more prominent. The minimum change is observed over Faridpur,

which is an inland station of Bangladesh. In total, all stations show decreasing trend in very heavy

rainfall events except Chandpur (SE). However, rate of decrease is different for each station. Stations

located over western regions (NW: Dinajpur and Ishwardi and SW: Faridpur and Satkhira) decreasing

trend is low. Whereas, stations situated North-East region (Srimangal and Dhaka) have exhibit
significant decline. Further, negligible everdasnge i
Whereas, incremental trend is observed in Chandpur, which is located interior region of SE.

Seasonal trend:

Frequency trend in VHR events over 8 stations during summer monsoon season (June-July- August-
September) is display in Figure.3. Here, trends over NW, NE, SW and SE are shown in Figure 3(a),
3(b), 3(c) and 3(d) respectively. Figures show the decline trend in VHR events over 4 sectors of
Bangladesh during monsoon season. The NE region (Srimangal and Dhaka), the wettest part of the
country is showing significant decremental trend in the very heavy rainfall events. Further, decreasing
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Satellite
INSAT-3DR:

Figure:4 shows spatial distribution of H-E rainfall from INSAT-3DR during VHR events recorded by
BMD on 17 June 2020 (top panel) and 12 August 2023 (bottom panel). Heavy rain during these
events brought massive disaster over the country. These disasters are allied with floods, freshwater
scarcity, agricultural harm, soil erosion, economic loss and living conditions of several people. H-E
rainfall products from INSAT-3DRnot only captured these VHR events, but also allowed to monitor the
growth, horizontal expansion over the ground, distribution and intensity at high temporal scale of 30
min. For example on 17 June 2020 VHR event recorded by BMD over South-Eastern region
( Cox 6 Bazar *)nTae developméntof the rainfall activity and dissipation can be well identified
by H-E rainfall product. Similarly, on 12th August, VHR event was observed over the North western
region of the Bangladesh (Dinazpur marked by *). In this case also H-E rainfall promisingly identified
the VHR regions and well discriminated with the non-rainy areas.
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6. CONCLUSIONS

This project work is carried out under the Post Graduate Course in Satellite Meteorology and Global
Climate of SAC, ISRO. Study aims to understand the trend of very heavy rainfall events over
Bangladesh using in-situ and satellite observation during 2000-2023. Majority of stations of
Bangladesh show decline trend of very heavy rainfall events. Four sectors of Bangladesh (NE, NW,
SE and SW) are experiencing decreasing trend in VHR events, particularly eastern region of the
country. Further the decline trend is consistent over the monsoon season. The significant decreasing
trend is observed over the Dhaka, which is the country capital and densely populated. H-E rainfall
products from INSAT-3DR display a great potential in capturing VHR events and their spatial
distribution. Frequency of VHR events observed from the satellite measurement also infer the decline
trend over the country. The outcomes of the study are important to understand the trend of VHR
events and their changing spatial distribution over the Bangladesh. In addition, results also provoke
to explore the reasons responsible for decline trend.

7. FUTURE SCOPE

1. To analyze the frequency trends of rainfall falling under different categories for enhancing the
complete understanding.
2. To explore the reasons behind the decline trend of VHR events over Bangladesh.
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Abstract:

The Bay of Bengal is one of the most active regions for tropical cyclone formation, causing massive
loss of life and property through strong winds, storm surges, and heavy rainfall over densely
populated coastal areas of Bangladesh, India, and Myanmar. Understanding the historical behavior of
cyclone tracks is essential for improving forecasting and disaster preparedness. This study analyzes
the statistical characteristics of historical tropical cyclone tracks over the Bay of Bengal using long-
term cyclone best-track datasets from Regional Specialized Meteorological Centre (RSMC), New
Delhi. The study evaluates the predictability of cyclone tracks by comparing Bangladesh
Meteorological Department (BMD) best-track data with numerical weather prediction (NWP) outputs of
Weather Research and Forecasting (WRF) and European Centre for Medium-Range Weather
Forecasts (ECMWF). Results indicate that cyclone tracks in the Bay of Bengal exhibit distinct
seasonal clustering, with pre-monsoon and post-monsoon peaks and a strong tendency toward
northward and northeastward movement prior to landfall. This research contributes to a better
understanding of cyclone behavior in the Bay of Bengal and provides insights that can enhance track
prediction models and risk mitigation strategies in vulnerable coastal regions.

Keyword: Regional Specialized Meteorological Centre (RSMC), Weather Research and
Forecasting (WRF), European Centre for Medium-Range Weather Forecasts (ECMWF), risk
mitigation.

1. INTRODUCTION
Tropical cyclones are intense low-pressure systems that develop over warm ocean waters, typically
between 5° and 20° latitude. Their formation is associated with the Inter-Tropical Convergence Zone
(ITCZ), where trade winds converge.
The Formation Conditions of Tropical Cyclones [1]:

I Sea surface temperature > 26.5°C

1 High humidity in the mid-troposphere

1 Low vertical wind shear

1 Coriolis force sufficient for rotation
Movement of Tropical Cyclones [2]:

91 Initially move westward under easterly winds

1 Recurve northward or northeastward at higher latitudes due to westerlies
Tropical cyclones are among the most destructive natural hazards, producing strong winds, heavy
rainfall, and storm surges [1,3]. The Bay of Bengal is particularly vulnerable due to its warm sea
surface temperatures, shallow bathymetry, and densely populated coastal regions [4].
Cyclones in this region have historically caused massive loss of life and economic damage.
Understanding the statistical characteristics of cyclone tracks and their predictability is essential for
improving early warning systems and disaster risk reduction strategies [5,6].
1.1 Objective of the Present Study: Previous studies have shown that cyclone activity in the Bay of
Bengal exhibits strong seasonal variability, with peaks during pre-monsoon (Aprili May) and post-
monsoon (Octoberi November) periods. Recent research also suggests that climate change may be
influencing cyclone intensity and behavior.
This study aims to:
Analyze historical cyclone tracks over the Bay of Bengal
Examine spatial and temporal distributions
Identify long-term trends
Evaluate prediction accuracy of WRF and ECMWF models

E ]

2. DATA USED AND METHODOLOGY
2.1 Data Source: Historical cyclone data were obtained from the Regional Specialized Meteorological
Centre (RSMC), New Delhi, covering the period 18911 2025. Statistical analyses including monthly
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distribution, spatial distribution, and trend analysis were performed. Model verification was conducted
using WRF and ECMWF datasets [7] with BMD best track data.
2.2 Methodology: The analysis includes:
i. Monthly Track Analysis (19821 2025)
Cyclone tracks are plotted for each month to understand variability using python.
ii. Climatological Statistics (18917 2025)
o Frequency of cyclones by region
0 Monthly distribution
o Yearly trends
iii. Trend Analysis
Linear regression is applied to determine long-term changes in cyclone frequency and
intensity.
iv. Model Verification
o Comparison of observed and predicted tracks
0 Case studies: Cyclone Mocha (May 2023) and Cyclone Hamoon (October 2023)
0 Models used:
A WRF model (regional)
A ECMWF model (global)

The Weather Research and Forecasting (WRF) model version 4.5.2 is used in this study. The WRF
model has been developed by the National Center for Atmospheric Research (NCAR) and provides a
flexible and portable open-source community model for both atmospheric research and operational
forecasting [8]. It is a limited-area, non-hydrostatic primitive equation model with multiple options for
various parameterization schemes for different physical processes.

The 0.25 -resolution GFS data covering the entire globe every 6-hr were taken as the initial and lateral
boundary condition. 30 sec United States Geological Survey (USGS) data (Interpolated depending on
resolution) GTOPO30 were used as Topography and 25 Categories United States Geological Survey
(USGS) data were taken as vegetation/landuse (Modis and Hi-Def Lakes) coverage.

The experiment was performed on a single domain of 9 km horizontal resolution. The domain
configuration in WRF model for the present study is shown in Fig. 1. The Domain has 215x215 grid
points in the west-east and north-south directions, respectively. The domain was configured to have
the same vertical structure of 33 unequally spaced sigma (non-dimensional pressure) levels. The
selected physical parameterization schemes in this study are Kain-Fritsch (new Eta) scheme for
cumulus parameterization [9] and WRF Single-Moment 3-class (WSM3) Scheme for microphysics
[10], Yonsei University scheme [11] for planetary boundary layer.
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Fig. 1: WRF Model Domain.
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3. RESULTS AND DISCUSSION

3.1 Monthly Distribution of Cyclone Tracks: Analysis of cyclone tracks from 19821 2025 reveals
that a smaller number of cyclonic activities are found during January-March (Fig. 2) due to cool sea
surface. Whereas a higher number of cyclonic activities are found during April-May (Fig. 2) due to
solar heating of sea surface and cyclone mainly move toward Bangladesh and Myanmar.

In monsoon period (Jurseptember)gcyclone frequencys reduced (Fig. 3). Because solar heating mainly
occurred over land in this period and cyclonesveeakened due to strong vertical wind shearthis period,
tropical cyclonesnainly move toward Odishaf India.

The highest number of cyclonic activities are found duRegtMonsoon (Octobé&iNovember)season (Fig. 3).
This time,cyclones move toward Andhra Pradesh and Tamil Ndidindia but if the cyclones recurve about 17°
of latitude,move toward Bangladesh and Myantmar

In December, number of cyclones are reduced,cgotbnesmainly move toward Tamil Nadaf India and Sri
Lanka. Because this time, the sun position is near the equator.
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Fig. 2: Observed track of Cyclone ovetthe Bay of Bengalduring 19822025for (a) January, (b) February,
(c) March, (d) April and (e) May.
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Fig. 3: Observed track of Cyclone oveithe Bay of Bengalduring 19822025for (a) June, (b) July, (c)
September, (d) October, (e) November and (f) December.

3.2 Long-Term Trends Analysis Yearly Cyclone Frequendg a decreasing trend for cyclones and all typfes
cyclones but it is an increasingendfor severe cycloneduring 18912025 over the Bay of Bengal (Fig. 4) due
to the followingPossible Causes

1 Ocean warming

1 Climate variability

1 Changes in atmospheric circulation
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Fig. 4: Yearly distribution of cyclones overthe Bay of Bengal andtrend during 1891-2025for (a) all types
of cyclones, (b) cyclones and (c) severe cyclones.
3.3 Cyclone Track Prediction: | have selected two case study from all cyclones over the Bay of Bengal. One is
cyclone Mocha which hit Bangladh- Myanmar coast ne&@ittwe, Myanmar as &ery Severe Cyclonic Storm
(i., e. strong cyclone) at the evening of 14 May 2023 and another is cyclone Hamoon whi¢has»i6 s - Ba z ar
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Chattogram Coast Near KutubdiBangladesh as @yclonic Storm(i., e. wed cyclone) at midnight of 24
October 2023. WRFrégiona) and ECMWF (global) models are used for track prediction and validation is
conducted with BMD best track data.

3.3.1Case Studyl: Cyclone Mocha WRF andECMWF model output is collected for initial condition based

on 00 UTC of 11, 12, 13 and 14 May 20EBbth models capturedell with the observedrack with small
positional errorgFig. 5). The averagpositional errorare found 152.9 km, 165.6 km, 3k and 35.1 km for

WRF based on 00 UTC of 11, 12, 13 and 14 May 2023 respectively and 86.5 km, 77.4 km, 40.2 km and 23.7 km
for ECMWEF based on 00 UTC of 11, 12, 13 and 14 May 2023 respectively. From the positional error, it is clear
that error is decreaseudhen lead time is decreased. Thisoecomes fromiitial condition uncertaintymodel
resolution limitationsand @amospheric dynamics complexity

3.3.2 Case Study2: Cyclone Hamoon WRF andECMWF model output is collected for initial condition based

on 00 UTC of 22 and 23 October 200th models capturedith the observetrackbut bigpositional errorss

found due to landfall time error (Fig. 5). The averggsitional errorsare found 327.9 km and 145.9 km for

WRF based on 00 UTC of 22 and 23 Octob@23 respectively and 130.9 km and 79.9 km for ECMWF based

on 00 UTC of 22 and 23 October 2023 respectively but if it is considered model landfall position and observed
landfall position,positional errords found 56.6 km and 24.8 km for WRF based onlWiC of 22 and 23
October 2023 respectively and 70.2 km and 24.8 km for ECMWF based on 00 UTC of 22 and 23 October 2023
respectively. So, positional errors are reduced. Because week cyclones move faster than strong during landfall
and model cannot predlwtell these types of Week cyclones with time and posmon ba3|s
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4. Conclusion

i.  The analysis highlights important climatological features:
0 Strong seasonal dependence of cyclone activity.
0 Increasing intensity despite decreasing frequency.
o High vulnerability of Bangladesh coast.
i. Model evaluation shows that:
o Forecast accuracy has improved when lead time decreased.
o Still requires refinement for precise landfall prediction.
iii. This study provides a comprehensive analysis of tropical cyclone tracks over the Bay of
Bengal. The key findings are:
o Cyclone frequency is decreasing, but severe cyclones are increasing.
0 Maximum cyclone activity occurs during pre- and post-monsoon seasons.
o Bangladesh and Odisha coasts are most vulnerable.
o Numerical models (WRF and ECMWF) show good performance but with positional
errors.

These findings are crucial for improving early warning systems and disaster management strategies in
the region.
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Abstract

Air pollution, particularly fine particulate matter (PM2.5), poses significant risks to human health and urban
sustainability. Accurate forecasting of PM2.5 concentrations is essential for effective environmental
monitoring and early warning systems. This study proposes a hybrid forecasting framework that
integrates a Bidirectional Long Short-Term Memory (BiLSTM) network with an attention mechanism
and an Extreme Gradient Boosting (XGBoost) model. The BiLSTM-attention component captures
temporal dependencies in air quality time-series data, while XGBoost models nonlinear relationships
among environmental features. The hybrid approach incorporates BiLSTM-attention predictions as
additional inputs to the XGBoost model, enabling improved predictive performance.

The dataset includes historical air quality and meteorological variables such as temperature, humidity,
and wind speed. Data preprocessing involves missing value handling, feature scaling, and sequence
generation. Model performance is evaluated using Mean Absolute Error (MAE) and Root Mean
Square Error (RMSE). Experimental results demonstrate that the proposed hybrid model outperforms
standalone models in capturing PM2.5 dynamics. Additionally, SHAP analysis is employed to
enhance model interpretability by identifying key contributing factors.

The proposed framework provides an effective and interpretable solution for air quality forecasting,
supporting informed decision-making for pollution control.

KeyWOI‘dS: PM2.5 Forecasting, Air Quality Prediction, Hybrid Deep Learning, Bidirectional LongShort-
Term Memory (BiLSTM), XGBoost

1. INTRODUCTION

Air pollution has become a major environmental and public health issue, particularly in developing
countries like Bangladesh. Among air pollutants, fine particulate matter (PM2.5) is highly harmful due
to its ability to penetrate deep into the human respiratory system, causing serious health problems.
Therefore, accurate prediction of PM2.5 levels is essential for effective air quality management and
early warning systems [15].

Various approaches have been used for air quality forecasting. Traditional statistical models such as
ARIMA are limited in capturing complex nonlinear patterns. Deep learning models, especially Long
Short-Term Memory (LSTM) networks, are effective in modeling temporal dependencies in time-series
data [1]. Additionally, attention mechanisms improve model performance by focusing on important
time steps [3]. Ensemble methods like Extreme Gradient Boosting (XGBoost) are also widely used for
handling nonlinear relationships between environmental variables [2]. However, individual models
often fail to capture both temporal and nonlinear characteristics simultaneously [97 11].

To overcome these limitations, this study proposes a hybrid model combining Bidirectional Long
Short-Term Memory (BiLSTM) with an attention mechanism and XGBoost. The BIiLSTM-attention
model captures temporal patterns, while XGBoost models nonlinear feature interactions, improving
overall prediction accuracy.

The main contributions of this study are as follows. First, a hybrid BiLSTM-attention and XGBoost
model is developed for hourly PM2.5 forecasting. Second, multi-station air quality and meteorological
data are used for model evaluation. Third, SHAP analysis is applied to interpret model predictions.
Finally, the proposed model demonstrates improved performance compared to individual models.
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2. EXPERIMENTAL SET UP & METHODOLOGY
2.1 Study Area and Dataset

This study utilizes multi-station air quality data collected from several monitoring locations
across Bangladesh. The dataset consists of hourly measurements of PM2.5 concentrations
along with corresponding meteorological variables, including temperature, relative humidity,
wind speed, and atmospheric pressure. These variables are known to significantly influence
air pollution dynamics.

The data were obtained from publicly available air quality monitoring sources and pre-
processed to ensure consistency and reliability. The multi-station nature of the dataset
allows the model to learn spatially diverse pollution patterns, improving generalization
capability.

2.2 Data Preprocessing

Data preprocessing is a crucial step to improve model performance and reliability. The
following steps were applied:

Missing Value Handling: Missing observations were filled using linear interpolation to
maintain temporal continuity.

Outlier Detection: Extreme values were identified and smoothed to reduce noise in the
dataset.

Feature Scaling: All features were normalized using Min-Max scaling to ensure uniform input
ranges.

Sequence Generation: Time-series sequences were created using a sliding window
approach with a fixed time step (e.g., previous 24 hours) to predict future PM2.5 values.

2.3 Proposed Hybrid Model Architecture
Hybrid BiLSTM-Attention and XGBoost Model
for Hourly PM> 5 Forecasting

Input | ——{ Hybrid BiLSTM-Attention Model | —— | Output

Attention Layer

Hourly
PM2. 5 Data

.0000® ]

kO@O@@OOOJ-—‘L‘ ki - P

Hourly PM>2_ 5 Data

Fig. 1. Proposed Hybrid BiLSTM-Attention and XGBoost Model Architecture

The proposedfamework combines deep learning and ensemble learning techniques to capture both temporal
dependencies and nonlinear relationships.

T BILSTM with Attention Mechanism:

The Bidirectional Long Shofferm Memory (BiLSTM) network processes the input sequenbetim
forward and backward directions, capturing léegm temporal dependencies [1]. The attention
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mechanism assigns weights to different time steps, enabling the model to focus on the most
relevant information for prediction [3].

1 XGBoost Model:
Extreme Gradient Boosting (XGBoost) is employed to model complex nonlinear relationships
among environmental features. It is a powerful ensemble learning algorithm based on
decision trees [2].

1 Hybrid Integration:
The output predictions from the BiLSTM-attention model are used as an additional input
feature for the XGBoost model. This integration allows the model to leverage both sequential
learning and feature-based interactions, improving prediction accuracy [571 7].

2.4 Model Training and Evaluation

The dataset was divided into training and testing sets using a standard split (e.g., 80% training and
20% testing). Model training was conducted using the following configurations:
1 Loss Function: Mean Squared Error (MSE)
1 Optimizer: Adam optimizer for deep learning model
1 Evaluation Metrics:
0 Mean Absolute Error (MAE)
0o Root Mean Square Error (RMSE)
These metrics are widely used to evaluate regression performance and provide insight into prediction
accuracy and error magnitude.

2.5 Model Interpretability using SHAP

To enhance model transparency, SHAP (SHapley Additive exPlanations) analysis was applied to the
hybrid model. SHAP values quantify the contribution of each feature to the prediction output. This
helps identify the most influential environmental factors affecting PM2.5 levels, improving the
interpretability and reliability of the model.

3. RESULTS AND DISCUSSION
3.1 Model Performance Comparison

To quantitatively evaluate the predictive performance of the proposed model, two widely used
regression metrics are employed: Mean Absolute Error (MAE) and Root Mean Square Error (RMSE).
These metrics measure the average magnitude of prediction errors and the variability of those errors,
respectively.

060 +
€

Equation (1) defines the Mean Absolute Error (MAE), which represents the average absolute
difference between predicted and actual PM2.5 values. It provides a straightforward interpretation of
prediction accuracy. The MAE provides a direct measure of the average absolute difference between
predicted and actual PM2.5 values, making it easy to interpret.

YO YO

g e

Equation (2) defines the Root Mean Square Error (RMSE), which gives higher weight to larger errors
due to the squaring operation, making it sensitive to significant prediction deviations.
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Table 1: Performance Comparison of Different Models

June-2026

Model MAE (ug/ms) RMSE (ug/ms3)
XGBoost 12.48 18.31
BIiLSTM-Attention 10.21 15.67
LSTM 11.35 16.92
Hybrid (Proposed Model) 8.73 13.24

From Table 1, it is evident that the proposed hybrid model achieves the lowest MAE and RMSE
values among all models. This indicates that combining BiLSTM-attention with XGBoost effectively
reduces prediction errors and improves model robustness.

3.2 Temporal Prediction Analysis

Comparison between Actual and Predicted PM3 5 Values

180
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140
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PM2Z5 Concentnatiion (pg/m™)
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o

Fig. 2. Comparison between Actual and Predicted PM2.5 Values
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Figure 2 illustrates the temporal alignment between actual and predicted PM2.5 values. The hybrid
model successfully captures both short-term fluctuations and long-term trends in air pollution data.
Although minor deviations are observed during peak pollution periods, the overall prediction pattern
closely follows the ground truth, demonstrat i n g

dynamics.

3.3 Error Distribution Analysis

t he

model 6s

To further analyze prediction performance, the error for each observation is defined as:

Q

W

W

o

ability

This error term represents the difference between actual and predicted values, allowing detailed

analysis of prediction accuracy.
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Table 2: Error Distribution of the Proposed Model

Error Range (ug/m3) Frequency (%)
07 5 42%
57 10 33%
107 15 15%
>15 10%

Table 2 shows that approximately 75% of prediction errors fall within the 01 10 pg/m3 range. This
indicates that the model maintains high accuracy for most predictions, while larger errors occur less
frequently.

3.4 Feature Importance Analysis (SHAP)

Feature Importance & Impact on PM2.5 (XGBoost)

RS -
PM2.5_lag 1 'h_" 9
PMI0 h"" =
NO »-
Solar Rad '-'
PM2.5_lag 24 -
ws 4+
Wind Speed —t
Rain + E
NO2_lag_24 + i
BP + -
wD +
month _:
s02 +
o3 e
NOX 4+
co '
NO2 Y -
Temp | ! I ; ! | Low
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SHAP value (impact on model output)

Fig. 3. SHAP-Based Feature Importance Analysis

To interpret the contribution of each feature, SHAP values are computed based on cooperative game
theory:

% B p . —ss’*s;;s Aoy QY T

Here, «\phi_i« represents the contribution of feature iii to the prediction.

The SHAP analysis reveals that historical PM2.5 values are the most influential predictors, followed
by temperature and humidity. Wind speed has a moderate impact, while atmospheric pressure
contributes less significantly. This aligns with known environmental behavior of air pollution dynamics.
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3.5 Station-wise Performance Evaluation

Table 3: Station-wise Model Performance (Hybrid Model)

June-2026

Station Name

MAE (ng/ms)

RMSE (ug/md)

Dhaka 9.12 13.89
Chittagong 8.45 12.97
Khulna 8.76 13.10
Rajshahi 8.58 13.02

Table 3 demonstrates that the proposed model performs consistently across multiple stations. This
indicates strong generalization capability and adaptability to different environmental conditions.

3.6 Model Comparison Visualization
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Fig. 4. Performance Comparison of Models

Figure 4 visually compares the performance metrics of different models. The hybrid model clearly
achieves lower error values, confirming its superiority over standalone approaches.

3.7 Discussion

The results clearly demonstrate that the proposed hybrid model significantly improves PM2.5
forecasting accuracy by combining the strengths of deep learning and ensemble learning techniques
[51 8]. The BILSTM-attention component effectively captures temporal dependencies in time-series
data [1,3], while XGBoost models complex nonlinear relationships among environmental features [2].

31



Volume 12 DEW-DROP June-2026

Moreover, the integration of SHAP analysis enhances model interpretability, allowing better
understanding of the factors influencing air pollution [3,13]. This is particularly valuable for real-world
applications, where transparency and explainability are essential for policy-making and environmental
management [14,15].

Overall, the proposed framework provides a robust, accurate, and interpretable solution for air quality
prediction, making it suitable for practical deployment in environmental monitoring systems [61 8].

4. CONCLUSION

This study presents a hybrid forecasting framework that integrates a Bidirectional Long Short-Term
Memory (BILSTM) network with an attention mechanism and an Extreme Gradient Boosting
(XGBoost) model for hourly PM2.5 prediction. The proposed model effectively combines the strengths
of deep learning and ensemble learning to capture both temporal dependencies and nonlinear
relationships in air quality data.

Experimental results demonstrate that the hybrid model outperforms standalone models such as
LSTM and XGBoost in terms of MAE and RMSE, indicating improved prediction accuracy and
robustness. The model also shows consistent performance across multiple monitoring stations,
highlighting its generalization capability in diverse environmental conditions.

Furthermore, the incorporation of SHAP analysis enhances model interpretability by identifying key
contributing factors such as historical PM2.5 levels, temperature, and humidity. This improves
transparency and supports informed decision-making in environmental management.

Despite its effectiveness, the study has some limitations. The model performance depends on data
quality and availability, and extreme pollution events may still introduce prediction errors. Future work
may focus on incorporating additional data sources, such as satellite observations and traffic data, as
well as developing real-time forecasting systems.

Overall, the proposed hybrid framework provides an accurate, robust, and interpretable solution for
PM2.5 forecasting, which can support policymakers and environmental agencies in designing
effective air pollution mitigation strategies.
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Abstract

During the monsoon season, landslides frequently threaten the residents residing on the hazardous
hillslopes in Chattogram City Corporation (CCC) area of Bangladesh. Due to excessive rainfall over a
few days, landslides are becoming more frequent and intense over time. Moreover, hill-cutting and
rapid urbanization are two other factors that are thought to significantly affect the frequency of
landslides by reducing the soil stability. This study aims to recommend planning control and
mitigation measures by assessing the impact of numerous climatic and topographic factors on
landslide susceptibility in Chattogram City Corporation during a 28-year period. For this, statistical
techniques have been used, such as Multiple Regression Analysis and Bivariate Statistical Analysis.
Five climatic and topographic factors (i.e., elevation, slope, aspect, NDVI, and rainfall) were selected
based on their association with historical landslide events. A landslide inventory was prepared
through both primary and secondary data for a time period of 28 years listing a total of 43 landslide
events in different locations of CCC area. By applying the mentioned statistical techniques, the study
identified the most influential factor contributing to landslide occurrences. NDVI, in particular, had a
significant negative correlation with landslide occurrences, indicating that areas with more vegetation
were less prone to landslides, while areas with less or no vegetation experienced more frequent
landslide events. This further underscore the importance of vegetation in preventing landslides. The
findings will help guide the implementation of targeted planning measures and disaster management
strategies, with an emphasis on addressing critical environmental and infrastructural vulnerabilities
that contribute to landslide risk in Chattogram.

Keywords: NDVI, Monsoon, excessive rainfall, Bivariate Statistical Analysis

1. Introduction

Natural disasters cause catastrophic levels of property damage, people displacement, and fatalities
worldwide. Approximately 45% of the 1388 disasters that were reported globally between 2013 and
2015 took place in Asia (ESCAP, 2015). Landslides are among the most damaging natural disasters,
causing major damage to infrastructure such as roads, bridges, and buildings, as well as loss of life
(Bopche & Rege, 2021; Sarkar & Kanungo, 2004). Landslides are projected to become more frequent
and impactful as urbanization and infrastructure development continue in many vulnerable locations
(Bopche & Rege, 2021). In the past, landslide tragedies were rare in Bangladesh's highly populated
areas, but in recent years, a number of landslides have been caused by growing human activities
including careless hill cutting for the construction of settlements and residential housing (Ahmed,
2017). Chattogram City Corporation area is bound with natural resources including hills. Landslide in
Chattogram City Corporation occurs almost every year. Human activities such as unplanned
development, inappropriate land use, illegal hill cutting and deforestation have increased the risk,
making metropolitan areas like CCC more exposed to such risks. In the hilly areas of Chattogram city,
where inhabitants are especially vulnerable to landslide disasters due to the area's steep slopes,
devastating and deadly landslides have occurred repeatedly (Rahman et al., 2017). Devastating
landslides have frequently affected CCC in recent years, resulting in losses, damages, and fatalities.
For instance, on June 11, 2007, landslides caused by excessive rainfall (610 mm) for eight days in a
row resulted in the deaths of nearly 128 persons and the injuries of about 100 others near many hills.
Another eight days of nonstop rain (889 mm) caused landslides on June 26, 2012, which resulted in
90 fatalities and 150 injuries (Ahmed & Dewan, 2017).

Landslide impacts can be reduced by predicting future occurrences (Budha et al., 2016).
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Implementing effective planning and development policies for avoiding landslide disasters can help to
reduce approaching landslide dangers, but this necessitates a thorough assessment of this
underappreciated risk. Thus, mapping landslide susceptibility is an important step before landslide
evaluation, planning, management, and catastrophe mitigation (Magsoom et al., 2022). Several
factors influence landslide susceptibility, including topography, geology, and meteorology (Farooq &
Akram, 2021). Key factors influencing landslide occurrences include rainfall intensity, slope gradient
(Farooq & Akram, 2021), land use and land cover, soil type (Shit et al., 2016), hill-cutting (Ahmed,
2015), population pressure in flat lands (Ahmed, 2021) and plant cover. Over the past 20 years, many
landslide susceptibility approaches have been proposed and successfully implemented, based on the
idea that in conditions similar to past landslides, the occurrence of landslides can be predicted as long
as the causal relationship among causative factors is established (Faroog & Akram, 2021). Despite the
two main approaches for measuring landslide susceptibility being generically classified as the
gualitative and the quantitative methods (Corominas et al., 2013).

The overall processes for assessing landslide susceptibility are identical. Some of these stages
include creating a landslide inventory, identifying and evaluating the relationship between the
gualitative and quantitative landslide causative elements, and producing a landslide susceptibility map
that illustrates different vulnerable zones. Among the most helpful quantitative methods for studying
landslides at a regional level are statistically based landslide susceptibility mapping methodologies
(Farooq & Akram, 2021). These are data-driven methods that incorporate historical slope movement
and knowledge other factors. Using mathematical equations and the weight coefficients of specific
causal components that are crucial to the development of slope movement. Using geospatial tools
including geographic information systems (GIS) and remote sensing (RS) applications, landslide
susceptibility maps are produced in these methods (Kelarestaghi & Ahmadi, 2009; Shahabi et al.,
2013). Remote sensing data, integrated with digital elevation models (DEMs) and satellite imagery,
give a high degree of objectivity and reproducibility in estimating landslide risk when compared to
traditional field-based methods (Farooq & Akram, 2021). The use of sophisticated GIS and Remote
Sensing tools in conjunction with bivariate statistical techniques has resulted in better delineation of
areas susceptible to landslides. They also support the integration of varied types of datasets such
NDVI and digital elevation models that enable better assessment of the role of vegetation cover and
the terrain in landslide occurrence (Kelarestaghi & Ahmadi, 2009). Besides, the integration of
historical landslide inventories over a significant time frame increases the reliability of the models as it
allows one to look back in order to make forward projections regarding possible hazards. Such
approaches tend to be more useful in places which are prone to disasters due to rapid environmental
and demographic changes (Corominas et al., 2013).

In CCC area, landslides are a challenging, multifaceted issue that combines social (community
vulnerability) and physical (building materials and dwelling patterns) aspects. Few research has been
conducted to date despite the high level of landslide hazard and susceptibility in CCC. Though the
number of landslide occurrences are increasing rapidly over the years along with the severe
consequences and damages, there is a gap in proper planning control and mitigation measures for
ensuring the safety of the citizens of CCC by the concerned authorities. To address this issue, this
study aims to recommend planning control and mitigation measures by assessing the impact of
numerous climatic and topographic factors on landslide susceptibility in Chattogram City Corporation
during a 28-year period. Using multiple statistical methods, the study will examine historical landslide
data for determining the influence of significant causative factors in landslide susceptibility, such as
elevation, slope, aspect, NDVI, and rainfall.

1. Materials and Methods

1.1 Description of the Study Area

Chattogram City Corporation (CCC) is located in Chattogram district of Bangladesh, bounded by the
Bay of Bengal in the west and Karnaphuli River in the east. Geographically, it lies between 22.13° and
22.28° N latitude and between 91.45° and 91.54° E longitude as shown in [Fig. 1].
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The total area of CCC is about 170.41 sq. km and is administratively divided into 41 wards. The urban
population of CCC area was around 2.58 million in 2011 which increased to around 3.23 million in
2022, representing an increase of the urban population by approximately 25.19% from 2011 to 2022.

1.2 Description of Landslide Causative Factors
1.2.1 Elevation

The Earth's climate system is unquestionably warming, and this warming is exacerbated at higher
elevations (Pepin et al. 2015; Yao et al. 2016). Global warming causes changes in the quantity, size,
and causes of landslides at high elevations (Hock et al. 2019). Since elevation is influenced by a
number of geology and geomorphological processes, it is an important landslide conditioning element
(Gritzner et al 2001). Elevation changes can affect the geomorphology, vegetation, and rate of erosion
in a region, changing the likelihood of landslides (Chen et al. 2017). For data where feature
identification mostly relies on relative changes, normalization performs admirably. For accurate
analysis, slope, aspect, NDVI, rainfall, and elevation are all normalized. Normalizing such input data to
ensure that all features are suitably weighted will help to mitigate this (A. Fafard et al 2020).

1.2.2 Slope

Slope is defined by many researchers as an input parameter in susceptibility studies, and it is the
expression of the rate of the vertical distance to the horizontal distance between two specified points
with the tangent angle. Slope is significant in terms of the formation, development, and susceptibility to
landslides (Guler & Y o mr a | 2047). IStated differently, slope, whichise x pr essed i n

measurement of surf ace -9s0 edegreeses,.
90 and a horizontal area by 0 (Y¢ksel & Avcé-2017). Slope is a derivative of the digital elevation model
and is evaluated in the topographical parameter classification. One of the most significant causative
elements influencing slope stability is slope aspect (Kayastha, 2015). This parameter controls the
progression speed and motion distance to test material transportation because the propensity of slope
is the component strength of gravity. It dictates the direction of impressions, slope regulates the
magnitude and extent of landslides (Sadr et al., 2014). Slope morphometry is the steepness of the
slope, which influences surface runoff and weathering layer depth in addition to controlling the strain
distribution within the slope mass.
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1.2.3 Aspect

The influence of aspect on the sun-light, wind and rainfall exposure also has an indirect effect on other
factors that cause soil movement such as wetness of the soil, growth of plants and depth of the soil.
Aspect is usually expressed and understood as a class of compass direction. Which is usually given in
degrees to, 0 clockwise to 360 degrees. Some of the climatic conditions such as the angle at which
rain falls, the duration of sunshine, the topographical features of the region have slope stability effects
whereby the slopes subjected to heavy rains reach saturation quicker (Mohammady et al., 2012).

1.2.4 Rainfall

In the hilly regions of Chattogram, Bangladesh, rainfall is one of the most significant triggers for
landslides, particularly during the monsoon season. Because of its steep slopes, deforestation, and fast
development, this area is vulnerable to landslides. Heavy rains during the monsoon season quickly
saturate the soil, resulting in slope collapses that can have catastrophic effects on nearby towns.
Intense rains, the properties of the soil, and human activity all combine to make Chattogram a high-risk
area for landslides.

1.2.4..Monsoon Rainfall and Soil Saturation

Chattogram receives significant rainfall during the monsoon season, typically from June to October.
The average annual rainfall in the region is about 2,800 mm, with most of it concentrated during the
monsoon months (Baten et al., 2018). The earth gets quite wet during these times of heavy rains. Water
fills the holes between soil particles when it seeps into the ground, decreasing the cohesiveness of the
soil and increasing its weight. This process reduces the slopes' stability and increases the likelihood of
landslides, particularly in places where vegetation has been removed. The rapid urbanization of
Chattogram, particularly in hillside areas, has further exacerbated the situation. With less vegetation to
absorb rainwater, surface runoff increases, leading to quicker soil saturation and a higher risk of
landslides (Ahmed & Dewan, 2017).

1.2.4.Ancreased Pore Water Pressure

Rainfall increases pore water pressure, which is a key factor in landslides, especially in Chattogram's
hilly areas. As rain saturates the soil, water fills the gaps between soil particles, reducing the
friction that holds the soil together. This decrease in friction, or effective stress, weakens the slope.
When pore water pressure exceeds a critical point, the slope can no longer support its own weight,
leading to a landslide (Rahardjo et al., 2007).

In Chattogram, the combination of high-intensity rainfall and steep slopes accelerates this process. For
instance, in 2012, after heavy rains, a landslide near Chattogram city claimed several lives. Studies
have shown that landslides in this region often occur after continuous rainfall for several days, which
leads to high pour water pressure and slope failure (Baten et al., 2018).

1.2.4.Rainfall Intensity and Duration in Chattogram

The intensity and duration of rainfall are critical factors in determining the likelihood of landslides. In
Chattogram, short but intense rainfall events can trigger shallow landslides, while prolonged rainfall
saturates deeper layers of the soil, leading to deeper landslides. Research shows that rainfall
thresholds in Chattogram for triggering landslides are around 100 mm in 24 hours, with landslides
more likely when this threshold is exceeded (Ahmed & Dewan, 2017). In 2017, Chattogram had more
than 300 mm of rain in a few days, which was more than enough to cause a landslide. The already
unstable slopes were overwhelmed by the heavy rains, which resulted in numerous landslides in both
urban and rural regions.

1.2.5 Vegetation

Vegetation is a significant factor in decreasing the amount of erosion on slopes. Slope instability results
from bare slopes, which are typically more vulnerable to erosional activity. On the other hand, a well
vegetated slope lessens the impact of erosion due to the natural anchorage that tree roots give. The
hills of CCC were once covered in a closed Dipterocarp rainforest, but shifting (Jhum) farming and
deforestation have severely damaged most of it. Large tracts of land are now covered in secondary
forest or shrub regrowth, or coarse grasses and bamboos, which are prone to burning during the dry
season (Ahmed & Dewan, 2017). Vegetation indices derived from satellite imagery can be used to
track vegetation-related changes over time. The reflective bands of satellite data are used to estimate
vegetation cover using the normalized difference vegetation index (NDVI). Mostly expressing
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greenness, this index produces values between -1.0 and 1.0. Values close to zero are primarily
produced by rock and bare soil, while any negative values are primarily produced by clouds, water, and
snow. Bare patches of rock or sand are associated with very low NDVI values (0.1 and lower). Shrub
and grassland are represented by moderate values (0.2 to 0.3), whilst temperate and tropical
rainforests are indicated by high values (0.6 to 0.8) (Ahmed, 2015).

1.3 Landslide Inventory

Landslide inventories are one of the significant bases for assessing the landslide susceptibility of an
area (Aleotti & Chowdhury, 1999). They are necessary for susceptibility models that forecast
landslides based on historical data. Future landslides are predicted by analyzing the conditions under
which they occurred in the past and using particular combinations. It is necessary to comprehend the
relationship between causal variables and landslides. Depending on the type of landslide, these
conditions vary. Estimating the frequency of landslides requires temporal information. Additionally,
landslide inventories are used to verify risk, hazard, and susceptibility maps for landslides (Jetten et
al., 2014). In this study, a landslide inventory has been prepared based on the historical data of
landslide occurrences during the period 1990 to 2018 in CCC area as shown in Appendix I. From the
inventory, most significant causal factors triggering landslide occurrences shall be determined by using
various statistical techniques.

1.4 Methods

In this study, five climatic factors i NDVI, Elevation, Slope, Aspect, and rainfall were chosen to
demonstrate the landslide prone areas in CCC area and the relationship between the factors and the
historical data of landslide occurrences. To assess these factors and their relationship with landslide
occurrences, remote sensing data were utilized. Landsat images were employed to derive the NDVI,
providing a measure of vegetation health and density over the study area. MERIT-DEM (Multi-Error-
Removed Improved-Terrain Digital Elevation Model) was used to extract Elevation, Slope, and Aspect
data, which are crucial topographic parameters. The specific bands from these datasets were used in
combination to calculate and generate the necessary basic remote sensing evaluation datasets for
each factor. The NDVI, Elevation, Slope and Aspect were derived by band calculation to obtain the
basic remote sensing evaluation datasets by using the Google earth Engine. Further, the normalization
of each data for each factor was done. Using the constructed dataset, a multiple linear regression
analysis has been done to understand the relationship between the factors and landslide occurrences
and how the factors influence the landslide occurrence. Fig. 2 illustrates the overall framework
mentioned above.

Landsat 5 TM
Image of 2000

’ Historical Data of Landslide
N Occurrences (1990-2018)
| Climatic Factors (NDVI, Rainfall,
\ Elevation, Slope. Aspect)

Landsat 8-9 OLI
TIRS —
Image of 2024

MERIT-DEM ¢ II{)ul:con.lmcgdanorlls t(;r
Data Normalization Ay el e
Mitigation

! A

Analyzing Relationship
—» between Each Factor and
their Impact on Landslide

Multiple Regression
Analysis

Fig. 2: Methodological framework of the study

2.3.1 Multiple Regression Analysis

Multiple regression (MR) is a least-square approach in which a linear relationship is assumed
between dependent and independent variables. For example, in the case of three
independent variables, the form of MR equation can be-

,,,,,,,,,,

Y=a+(blxxl)+((b2xx2)+((b3xx3eéééééeéééeé anequation (1)
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Here, the dependent variable is Y, the independent variables are x1, x2, and x3, the intercept
is a, and the coefficients of the independent variables of x1, x2, and x3 are b1, b2, and b3,
respectively. When the values of the independent variables get closer to zero, the intercept
shows the value of Y. The parameter coefficients show how Y changes as the relevant
independent variable increases by one unit. To determine the significance level, the F-test
(for the overall regression) and t-test (for the single variable and intercept) tables were
reviewed (Eastman, 2012). The significant impact of the selected causative factors on the
frequency of landslide occurrences can be determined by using the MR method.

2.3.2 Bivariate Statistical Analysis

Bivariate analysis is a statistical analysis where two variables (dependent Y, and independent
X) are observed and the changes that took place between the two variables and their
respective magnitudes are examined. The strength of the linear relationship between two
guantitative variables is commonly described by Pearson's r, also known as bivariate
correlation. These two variables are frequently referred to as Y (dependent) and X
(independent). The range of values for Pearson's r is -1.00 to +1.00. The direction of the link
between X and Y can be inferred from the sign of r. A positive correlation means that when X
scores rise, Y scores tend to rise as well; a negative correlation means that Y scores tend to
fall as X scores rise; and a correlation close to 0 means that X scores do not decrease or rise
linearly as Y scores do. The magnitude of the linear relationship between scores on X and Y
can be determined from the absolute magnitude of Pearson's. There is no linear correlation
between X and Y for values of r around 0. There is a perfect negative linear correlation when
r = -1.00 and a perfect positive linear association when r = +1.00. The relationship's
intermediate strength is indicated by intermediate values of r (Warner, 2013). The relationship
between the causative factors and the frequency of landslide occurrences can be examined by
applying the bivariate analysis in this study.

2. Results and Discussion

2.1Correlation ship between Causative Factors

The inter-item correlation matrix reveals the Pearson correlation coefficients between several
normalized factors that may influence landslide occurrences, including Normalized Elevation,
Slope, Aspect, NDVI, and Rainfall. A moderate positive correlation (0.405) between
Normalized Elevation and NDVI suggests that areas with higher elevation tend to have more
vegetation cover. Similarly, the correlation between Normalized Elevation and Rainfall (0.330)
indicates that higher elevations are associated with increased rainfall. In contrast, the slope
shows weak correlations with other variables, implying limited direct linear relationships.
Additionally, a moderate positive correlation (0.322) between Normalized Aspect and NDVI
suggests that the direction a slope faces may influence vegetation cover, possibly due to
factors like sunlight exposure or local microclimate.

Tablel: CorrelationMatrix of NormalizedCausativeé-actors

Inter -ltem Correlation Matrix
Normalized Normalized Normalized Normalized Normalized
Elevation Slope Aspect NDVI Rainfall
Normalized
Elevation 1.000 0.100 0.189 0.405 0.330
Normalized 0.100 1.000 0.219 -0.047 0.019
Slope
Normalized 0.189 0.219 1.000 0.322 0.081
Aspect
Normalized
NDVI 0.405 -0.047 0.322 1.000 0.240
Normalized 0.330 0.019 0.081 0.240 1.000
Rainfall
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The multiple linear regressiorresultsindicate that out of the variousfactorsconsideredElevation,
Slope,Aspect, NDVI, and Rainfall), only Normalized NDVI has a significant impact on landslide
occurrencesyith a negative relationship (B-<2.939, p = 0.001). This suggests that areas with higher
vegetation cover (NDVI) are less susceptibdelandslides.Normalized Aspect has a moderately
significantpositiveimpact(B = 1.563,p = 0.034), suggesting thahanges in slope direction increase

the likelihood of landslides, while Normalized Slope has a negative influence{B27, p = 0.065)

and its effect is only marginally significant, indicating a possible link between steeper slopes and
landslide risk. @ the other hand, Normalized Elevation (B-G:471, p =0.594) and Normalized
Rainfall (B =-0.181, p = 0.826) do not show significant impacts on landslide occurrences.

Table2: Multiple LinearRegressioiResultsor FactordnfluencingLandslideOccurrece

Unstandardized Standardized
Variables Coefficients Coefficients t Sig.
B Std. Error Beta
NormalizedElevation -0.471 0.877 -0.081 -0.537 0.594
NormalizedSlope -1.427 0.750 -0.261 -1.903 0.065
NormalizedAspect 1.563 0.709 0.317 2.204 0.034
NormalizedNDVI -2.939 0.819 -0.549 -3.587 0.001"
NormalizedRainfall -0.181 0.814 -0.031 -0.222 0.826

a.DependenYariable:LandslideOccurrences

2.3 Bivariate Analysis Results

The NDVI has a significant negative correlatiof.475) with the frequencgf landslide occurrences,
which indicateghatthe areawith vegetation hadbeen lesproneto landslide eventsver thelast23
yearswhereaghe areas with less or no vegetation has faced landslide events. The vegetation loss in the
hilly areas of CCC @ mainlydueto the hill cutting, which contributesto the landslidehazard.This
correlationhighlightsthe protective role that vegetation plays in stabilizing soil and reducing landslide
risks. As hill cutting intensifies, the loss of vegetation eXaaters soil erosion, making the terrain more
vulnerable to landslides, especially during heavy rainfall events.
Table3: CorrelationMatrix of LandslideOccurrenceandNDVI

Landslide Occurrences Normalized NDVI
Landslide Occurrences PearsorCorrelation 1 -A475
Sig. (2-tailed) 0.001
N 43 43
Normalized NDVI PearsorCorrelation - 475 1
Sig. (2-tailed) 0.001
N 43 43

** Correlationis significantatthe0.01level (2tailed).

2.4Recommendations

2.4.1Implementation of Strict Hill-Cutting Regulations

Unregulated hilcutting is a primary cause of vegetation loss and increased landslide susceptibility.
Enforcing strict regulations on hitlutting and construction activities, particularly in higsk
zones, is essential. The government should develfspnaework that ensures compliance with
land-use policies and mandates environmental impact assessments (EIAs) before any development
is approved in hilly areas.

2.4.2 Afforestation and Reforestation Programs
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Afforestation and reforestation initiatives shoub@ prioritized in areas that have experienced
vegetation loss. Replanting native species and increasing green cover can stabilize the soil, reducing
erosion and landslide risks. The introduction of social forestry programs could incentivize local
communites to participate in reforestation efforts, similar to existing programs facilitated by the Forest
Department.

2.4.3 Enforcement of Zoning Laws and Urban Planning

Adoptandenforcestrictzoningregulationsn urbanareasrestrictingconstructioron steepslopesUrban
planners should work with geologists and environmental scientists to create landslide susceptibility
maps, identifying the most vulnerable areas. Construction permits should only be granted in areas
deemed safe after thorough environmental geological assessments.

2.4.4 Community Awareness and Involvement

Awareness campaigns should be organized to educate local communities about the importance of
vegetation in preventing landslides. Encouraging community participation in environmental
conservatin projects, such as reforestation and slope maintenance, is key. This participatory approach
ensures longerm compliance and sustainable lars practices.

2.5 Discussion and Future Work

There are a number of shortcomings with this study that requireimastigation. The first is the absence of

a detailed historical landslidmventory map. Only data pertaining to significdahdslide incidents were
gathered from multiplesecondarysourcesand verified after fieldwork and only thereaswhere significant
repercussions, suchs documentechuman casualtiesor damagedor destroyedhomesand roads, could be
identified. The analysis was unable to include locations of other smaller landslide threats, such as those where
the hill was physically damaged partially collapsed but no casualties or damage were documented. This is a
significant drawback in this study. There is no monitoring system to assess the entire study area and identify
landslidehit areas (with or without human settlement), even for etamdslides. Following any landslide
incident, the Government of Bangladesh (GoB) ought to promptly assemble a specialized team to carry out the
requiredsurveying and create inventorgaps.Second,the BangladeshMeteorologicalDepartment(BMD),
whichis only in chargeof gathering historicatainfall datain Bangladeshdoesnot provideanyinformationon

rainfall intensity (mm/h). Thereis only limited access to daily rainfall data. Two setewered automated
weather monitoring and rainfall forecastationsweresetup in ChattogranCity by the GSBin 2015,although
the datais not madeavailableto the public. Therainfall thresholdsshouldbe updatedon a regularbasisby
evaluating the impacts of regional climate change, cyclondntensities,and resultantrainfall patternsas
recommendefy theUN IntergovernmentdPanelon Climate Change (IPCC). Finally, CCC must pay patrticular
attention to initiatives pertaining to the integration and dissemination of landslide warnings, protective measures
like sheltering or evacuation, public and stakeholder response, community vulnerability assessment, integrating
indigenous knowledge, and general emergency management (Ahmed et al., 2018).

3. Conclusion

Landslidesare not currently consideredo be a major threatin Bangladestsincethey are overshadowedy

storm surges, cyclones, and flooding. In CCC, the rate of urbanization is concerning because of the high
population density, rurairban movement, and lack of available land for shelters. Nowadaigsuful hill

cutting is being done to create residential zones in order to accommodate the growing demand. Landslides will
literally cause catastrophitestructiorin thecomingyearsespeciallyin metropolitanagglomerationggiventhe

threatof global warming, the rate of urbanization, the rise in extreme precipitation events, and population
pressure.

The study of landslide susceptibility in the Chattogram City Corporation (CCC) area underscores the critical
relationshipbetweenvegetationloss and increasedlandsliderisk. The findings revealthat unregulatedhill -

cutting, deforestationand rapid urbanization are primary drivers of vegetation loss, which, in turn,
exacerbatesoil

instability and makes hillslopes more prone to landslides, particudaripng the monsoon season. The strong
negative correlation between NDVI (Normalized Difference Vegetation Index) and landslide occurrences
highlights the protective role of vegetationin maintaining slope stability and reducing the likelihood of
landslides. Tomitigatethegrowingrisk of landslidesacombinatiorof planningcontrolsandmitigationmeasures
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is essential. Strict enforcement of killitting regulations, afforestation, the development of green buffer zones,
and the implementation of slogtabilization techniques can help restore lost vegetation and stabilize vulnerable
slopes. Additionally, adopting robust urban planning practices, which include the enforcement of zoning laws
and building codes, will ensure safer construction practicegyharisk areas. Public awareness and community
involvement play a key role in sustainingthese efforts, as local populationscan actively contribute to
reforestation and slope management. The establishment of an early warning system will also help fosgmiz

of life and property during landslide events by providing timely alerts.

Overall, the study demonstrates that a mpitinged approach combining ecological restoration, engineering
solutions, andommunityparticipation isvital for reducingandslde susceptibility in th€CCarea. By addressing

both natural and humanduced factors, these strategies can promote a more resilient and sustainable urban
environment, capable of withstanding future landslide risks.

APPENDIX-A
TableAl: Major HistoricalLandslideEventsof CCCareafrom 19902018
Serial Dat Location N Normalized Normalized | Normalized | Normalized | Normalized
No. ate ocation Name Elevation Slope Aspect NDVI Rainfall
Motijhorna,
1 August,2013 Chattogram 0.7883 0.7835 0.0596 0.2983 0.7501
Motijhorna,
2 2013 Chattogram 0.7125 0.6680 0.0649 0.8544 1.0000
Tankir
3 11June2007 Pahar, 0.5617 0.0727 0.6581 0.9832 1.0000
Motijhorna,
Chattogram
ChanmarBi Lane,
4 22 June,2012 Motijhorna 0.4841 0.0605 0.0900 0.8019 0.6659
Tankir
5 1929081%nd Pahar, 0.9767 0.1899 0.5136 0.6855 0.8334
Motijhorna,
Chattogram
23 Batila hill,
6 August,2008| Motijorna,Chattogram 0.9518 0.6067 0.0152 0.3065 0.7501
7 2011 Batila hill, 0.7969 0.7050 0.9681 0.6968 0.7501
Motijorna,Chattogram : : ) : :
Tiger Pass,
8 1July,2011 Motijorna,Chattogram 0.3894 0.3030 0.6064 0.8255 0.5999
11 Lebu
9 Bagan, 0.6535 0.6895 0.6451 0.9865 0.9962
June,2007 Chattogram
Cantonment
11 Lebu
10 3 5007 Bagan, 0.8553 0.5822 0.7910 0.7262 0.9962
une, Chattogram
Cantonment
11 Lebu
11 J 5007 Bagan, 0.8553 0.5782 0.7924 0.6517 0.9962
une, Chattogram
Cantonment
11 Kaicchaghona,
12 June.2007 Chattogram 0.6945 0.5764 0.4759 0.9234 0.9962
’ Cantonment
11 Kaicchaghona,
13 3 5007 Chattogram 0.3434 0.3349 0.0643 0.5760 0.9962
une, Cantonment
11 Lebu
14 Bagan, 0.0448 0.1412 0.0318 0.0343 0.9962
June, 2007
Chattogra
m
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Serial Date Location Name Normalize | Normalized | Normalized | Normalized | Normalized
No. d Slope Aspect NDVI Rainfall
Elevation
11 SekandaPara,
15 | ine2007 Chattogram 0.5978 0.9826 0.2207 0.4623 0.9962
' Cantonment
11 SekandaPara,
16 Chattogram 0.5978 0.9826 0.2207 0.5057 0.9962
June,2007
Cantonment
11 SekandaPara,
17 Chattogram 0.6907 0.9844 0.2500 0.4623 0.9962
June,2007
Cantonment
18 2013 IspahanHil, 0.8563 0.8634 0.9852 0.2648 1.0000
Kushumbagh
19 2013 KushumbagtHousing | 0.3183 0.4900 0.0592 0.0243 1.0000
20 2013 GoribullahShan, 0.6328 0.5028 0.0599 0.4363 1.0000
Kushumbagh
21 1990 Gol PaharFoy'zlake | 0.8570 0.9026 0.7894 0.8567 1.0000
22 1990 Gol PaharFoy'zlake 0.9843 0.6146 0.5920 0.6747 1.0000
23 1990 Gol PaharFoy'zlake | 0.9679 0.5562 0.4916 0.6816 1.0000
24 11 Akbarshahmazarhill | 0.4455 0.0455 0.4390 0.0489 1.0000
June,2007
25 AZL?;SS’t Lal PaharFoy'zLake | 0.8033 0.1281 0.0349 0.3343 0.7501
2013 Foy'z Lake
26 ' Observatiomower 0.5407 0.6634 0.4139 0.6808 0.7501
August Hill
27 | 20140uy | Foy'zLakeZooHill 0.5407 0.7752 0.4715 0.7440 0.4286
28 2014,July Foy'zLakeZoo Hill 0.6171 0.5793 0.4286 0.9432 0.4286
29 2013 Foy'zLakeZoo Hill 0.7603 0.6474 0.4479 0.9353 1.0000
30 2013 Foy'zLakeZoo Hill 0.8540 0.7750 0.4714 0.6899 1.0000
31 2013 JakirHossairRoad, | 4 gn45 | g 5551 0.0870 0.8300 | 1.0000
South Khulshi
32 2013 Holy Crescent,Khulshi|  0.3208 0.8921 0.8512 0.3519 1.0000
33 2013 Holy Crescent,Khulshi| 0.1393 0.8369 0.8259 0.5289 0.9991
34 | May,2014 | MedicalHill, Goachi | 5095 | g 550 0.0126 01522 | 0.2858
bagan, Panchlaish
35 | May,2014 | MedicalHil, Goachi | 5004 | (9109 0.2482 03070 | 0.2858
bagan, Panchlaish
The king of
36 | July,2013 Chattograntill, 0.4044 0.6365 0.1537 0.3433 0.7501
Panchlaish
37 | July,2011 Med'caégggfoa‘:h' 0.2032 0.5544 0.0542 0.3784 0.5999
38 | July,2011 Med'caé';ggfoa‘:h' 02393 | 0.5544 0.0542 02183 | 0.5999
39 2013 AK KhanHill 0.8801 0.0845 0.3204 0.8530 1.0000
a0 | 4 ggtl%ber’ FerozeShahColony | 0.2589 | 0.5883 0.7861 02778 | 03684
19 July, .
41 o015 Amin colony 0.7519 0.2741 0.0609 0.6226 1.0000
42 123%” LalkhanBazar 02378 | 0.2393 0.5190 0.8912 1.0000
a3 | 3 Fgg;‘fry' Bayezid,Shantinogor | 04294 |  0.3507 0.6048 0.3621 | 0.0000
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Abstract

A heat wave is one of the most extreme weather events affecting Bangladesh. Bangladesh is a tropical country
locatedin South Asia, where the summer season typically extends from March to May. During this period,
air temperature gradually increases and heat wave conditions occasionally occur. However, when such
conditions persist into the monsoon season (June to September), they can be considered an
extraordinary climatic event. This study examines the extraordinary heat wave conditions over
Bangladesh in 2024. The analysis shows that the highest maximum temperature recorded was 43.8°C at
Jashore on 30 April 2024. In addition, several heat wave spells were observed during the monsoon
months, particularly in June, and continued intermittently until September, although this period is normally
dominated by monsoon rainfall. Consecutive heat wave spells were also detected, with heat wave
conditions persisting for more than 27 days. The calculated temperature deviations were positive in both
the summer and monsoon seasons, indicating significantly higher temperatures compared to the
climatological average. Such a pattern has not been observed in the past thirty years. Spatial distribution
analysis and interpolation results further reveal that the heat wave conditions extended into the monsoon
season across different regions of Bangladesh.

Therefore, the findings suggest that 2024 experienced an extraordinary heat wave condition over
Bangladesh, characterized by unusually high temperatures and prolonged heat wave occurrences
extending beyond the typical summer season.

Keywords: Maximum Temperature, Normal Temperature, GIS, Python.

1. INTRODUCTION

Severe heat waves have emerged as one of the most critical climate-related hazards, causing substantial
disruption to livelihoods and significantly affecting human well-being across the globe. The increasing
frequency, intensity, and duration of extreme heat events are strongly linked to ongoing climate change,
with rising global temperatures amplifying heat-related risks [1,2]. According to the Intergovernmental
Panel on Climate Change, extreme heat events are projected to occur more frequently and persist for
longer durations, particularly in tropical and subtropical regions. These changes have profound
implications for human health, labor productivity, food security, and economic stability. The World Health
Organization further identifies heat waves as a major environmental health threat, contributing to
increased mortality, heat stress, and reduced work capacity, especially among vulnerable populations
such as outdoor workers and low-income communities [3,6].

In Bangladesh, heat waves are a common climatic phenomenon, particularly during the pre-monsoon
(summer season), known as Marchi Aprili May (MAM). During this period, high temperatures combined
with elevated humidity levels create intense thermal stress, significantly affecting daily activities and
economic productivity. While heat waves are typically confined to the summer season, their persistence
into the monsoon period (June to September) is considered an extraordinary climatic event, indicating a
shift in seasonal patterns and an extension of heat stress beyond its normal temporal boundary [7,8].
Such prolonged exposure to extreme heat can severely impact agriculture, reduce crop yields, disrupt
water availability, and increase the risk of heat-related illnesses. The situation became particularly
alarming in 2024, when Bangladesh experienced an extended period of extreme heat conditions. From
March to September, most parts of the country recorded a rapid and sustained increase in temperature,
leading to widespread heat stress. Data from the Bangladesh Meteorological Department indicate that the
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highest maximum temperature reached 45.1°C, significantly exceeding the long-term climatological
average (BMD, 2024). This record-breaking temperature highlights the growing severity of heat wave
events and reflects broader regional warming trends observed across South Asia [9,10]. Such extreme
conditions have disrupted livelihoods, particularly for those engaged in outdoor and climate-sensitive
occupations, including agriculture, construction, and informal labor sectors. The Bangladesh
Meteorological Department defines a heat wave when the daily highest maximum temperature exceeds
36°C. Based on intensity, heat waves are categorized into four levels: mild (367 38°C), moderate (381
40°C), severe (401 42°C), and very severe (above 42°C) (BMD, 2024). These classifications are essential
for assessing the severity of heat events and their potential impacts on human health and socio-economic
systems.

2. DATA USED, EXPERIMENTAL SET UP AND METHODOLOGY

To investigate the extraordinary heat wave conditions over Bangladesh in 2024, a comprehensive dataset
of daily highest maximum temperature records was collected from the Bangladesh Meteorological
Department (BMD) observatories covering the pre-monsoon (Marchi May) and monsoon (Juneil
September) seasons. Quality control procedures were applied to remove missing, erroneous, and
inconsistent data. Heat wave events were identified based on standard threshold criteria (e.g., highest
maxi mum temperature O 36 Atonal clasificaion). dhe freguerc dusaton, prelr  n a
intensity of heat wave occurrences were computed for each station.

This study is based on three-hourly and daily

highest maximum temperature data collected from all surface meteorological stations of the Bangladesh
Meteorological Department (BMD) for the year 2024. The dataset was subjected to quality control
procedures, including the removal of missing, inconsistent, and erroneous values, and conversion into a
uniform format suitable for analysis. Geospatial analysis was performed using GIS techniques to visualize
the spatial distribution of temperature and heat wave intensity across the country. Interpolation methods
were applied to generate continuous temperature surfaces and isothermal maps, which helped identify
the most vulnerable regions. All data processing, analysis, and visualization tasks were conducted using
Python, enabling efficient handling of large datasets and reproducible results. The combined use of
statistical and spatial analysis techniques provided a comprehensive understanding of the heat wave
characteristics over Bangladesh in 2024.

3. RESULTS AND DISCUSSION
3.1HighestMaximum Temperature in March, 2024
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Fig. 1: Highest maximum temperature| Fig. 2: Spatial distribution of Fig. 3: Isothermal map of

observed at stations in Mar2ig24. highest maximum temperature| highest maximum
(°C) in March 2024. temperature (°C) for March
2024.

The spatial distribution of highest maximum temperature in March 2024 (fig. 2) across Bangladesh
reveals a clear and uneven pattern, indicating the early influence of pre-monsoon heat conditions. The
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observed temperatures range approximately from 32°C to 37°C, with higher predominantly concentrated
in the western and southwestern regions, including areas such as Khulna, Jessore, and Rajshahi (fig. 1).
In contrast, the central region, including Dhaka and its surrounding areas, records moderately high
temperatures ranging between 34°C and 36°C, which may also be influenced by urban heat island
effects. The northern parts of the country exhibit slightly lower, generally between 33°C and 35°C.
Furthermore, the eastern and northeastern regions, particularly Sylhet, show relatively lower maximum
temperatures ranging from 32°C to 34°C. The spatial distribution of highest maximum temperature in
March 2024 exhibits a distinct regional gradient across Bangladesh, characterized by comparatively
higher temperatures in the western and southeastern parts of the country. The western region,
particularly areas adjacent to the Jashore and Chuadanga belt, shows elevated temperature zones,
generally exceeding 36i 38°C, indicating early seasonal heat intensification. Similarly, the southeastern
region including parts of Chattogram, also records relatively highest maximum temperatures. In contrast,
the central-northeastern region, especially around Mymensingh, Netrokona, Sunamganj, displays
relatively lower temperature values (approximately 327 34°C), forming a cooler pocket within the national
temperature field. The overall pattern reflects a west-to-east and northwest-to-central cooling tendency,
likely influenced by regional climatic factors such as topography, proximity to water bodies, and
atmospheric circulation. The thermal distribution of highest maximum temperatures across Bangladesh in
March 2024 reveals a distinct pattern of regional variation, characterized by significant thermal gradients
between the western and eastern sectors (fig. 3). Data analysis indicates that the highest temperatures,
exceeding 39.2°C and reaching localized peaks above 41.6°C were concentrated in the western and
southwestern border regions within the Rajshahi and Khulna divisions and the southeastern Chittagong
Hill Tracts. These areas exhibited intense heat clusters, likely driven by low moisture levels and
continental air masses. In contrast, the northeastern and central-northern regions, including the Sylhet
and Mymensingh divisions, maintained relatively lower maximum temperatures, generally ranging
between 32.0°C and 34.4°C. The dense concentration of isotherms in the west and southeast highlights
sharp spatial heterogeneity, suggesting that while the country experienced a seasonal transition, the
geographical positioning and varying topography significantly influenced the severity of the heat
distribution.

3.2HighestMaximum Temperature in April , 2024

April 2024 April 2024

Tempersture('C)
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Fig. 4: Highest maximum Fig.5: Spatial distribution of Fig.6: Isothermal map o
temperatures observed at stationg highest maximuntemperature highest maximum temperatu
April 2024. (°C) in April 2024. (°C) for April 2024.

The map illustrates the spatial distribution of highest maximum temperatures recorded at meteorological
stations across Bangladesh during April 2024 (fig. 4). A clear variation in temperature is observed across
different regions of the country. The highest temperatures, exceeding 43°C, are concentrated over the
western and southwestern regions, particularly in areas such as Jessore, Chuadanga, and Rajshahi.
These regions experienced extreme heat conditions, indicating the early onset of heat wave activity.
Central parts of the country, including Dhaka and surrounding areas, recorded temperatures generally
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ranging between 40°C and 42°C, reflecting significantly hot conditions but slightly lower than the western
extremes. In contrast, the eastern and northeastern regions, including Sylhet and parts of Chattogram
division, show comparatively lower maximum temperatures, mostly between 36°C and 39°C. The
moderating influence of topography and proximity to moisture sources may have contributed to these
relatively lower values. The coastal belt also exhibits slightly reduced temperatures (around 37°C to 40°C)
compared to inland western regions, likely due to the influence of the Bay of Bengal. Overall, the map
indicates a pronounced west-to-east temperature gradient, with the most intense heat centered in the
western part of Bangladesh.

This spatial pattern highlights the severity and uneven distribution of heat conditions during April 2024,
which is consistent with typical pre-monsoon heat wave characteristics in the region. The spatial
distribution of highest maximum temperatures across Bangladesh in April 2024 reveals a severe heat
wave concentrated primarily in the western and southwestern districts (fig. 5). Data from the map
indicates a pronounced west-to-east thermal gradient, with the most extreme temperatures exceeding
42.8°C and reaching up to 44.0°C clustered in the Rajshahi and Khulna divisions. These deep red zones
signify a critical heat core likely influenced by dry continental air masses from the west. As the distribution
moves toward the central and eastern regions, the intensity gradually diminishes. Central Bangladesh,
including the Dhaka region, recorded temperatures ranging between 40.4°C and 41.6°C. In contrast, the
northeastern (Sylhet) and southeastern (Chittagong hill tracts and coastal belts) sectors remained
significantly cooler, with highest maximum temperatures dropping into the 34.4°C to 36.8°C range. Data
from the isothermal map indicates that the Rajshahi and Khulna divisions experienced the highest thermal
stress, with peak temperatures ranging from 41.6°C to 44.0°C (fig. 6). This concentration of extreme heat
is likely driven by the influx of dry, continental air masses from the neighboring landmass. Conversely, the
northeastern (Sylhet) and eastern regions recorded significantly lower maximums, with temperatures
dropping to between 32.0°C and 35.6°C. This spatial heterogeneity underscores the cooling influence of
maritime air and orographic features in the east, contrasting sharply with the intense, localized heat
waves observed along the western border. Central regions, including Dhaka, served as a transitional
zone with temperatures fluctuating between 39.2°C and 41.6°C.

3.3HighestMaximum Temperature in May, 2024
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Fig. 7: Highest Maximum Fig. 8: Spatial distribution of Fig. 9:1sothermal map of
temperatures observed at stationg highest maximum temperature | highest maximum temperature
May 2024. (°C) in May 2024. (°C) for May 2024.

In May 2024, stations located observed of highest maximum temperatures (fig. 7) across Bangladesh
exhibited a pronounced west-to-east thermal gradient, with a severe heat core concentrated in the
western and southwestern regions. Data analysis from the map indicates that the Khulna and Rajshahi
divisions experienced the highest thermal intensity, with recorded maxima frequently exceeding 41.0°C
and reaching localized peaks of 42.6°C. This concentration suggests significant continental heating
influences along the western border. Conversely, the northeastern (Sylhet) and southeastern (Chittagong)
regions maintained relatively lower maximum temperatures, typically ranging between 37.0°C and
38.7°C. The central regions, including the Dhaka division, served as a transitional zone with temperatures
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hovering around the 39.0°C to 40.5°C mark. This spatial pattern reveals a significant longitudinal
disparity, where the western half of the country bore the brunt of extreme thermal stress while the eastern
and coastal belts remained comparatively moderated.

The spatial distribution of highest maximum temperatures across Bangladesh in May 2024 reveals a
pronounced thermal gradient, with intense heat concentrated in the western and southwestern regions
(fig. 8). Analysis of the map data indicates a "heat core" where temperatures reached peak values
between 41.6°C and 44.0°C, primarily encompassing the Khulna and Rajshahi divisions. This high-
intensity zone signifies severe thermal stress likely driven by dry continental air masses. As the
distribution shifts eastward, a gradual cooling trend is observed; the central regions, including Dhaka,
exhibited transitional temperatures ranging from 39.2°C to 41.6°C. In contrast, the northeastern (Sylhet)
and southeastern coastal belts experienced significantly lower maximums, with temperatures dropping to
between 35.6°C and 38.0°C.

This spatial heterogeneity highlights a significant longitudinal disparity, where the western border regions
bore the brunt of the heat wave while maritime and orographic factors provided relative moderation in the
east. In the isothermal map reveals a heat core spanning the Rajshahi and Khulna divisions, where
highest maximum temperatures peaked between 41.6°C and 42.8°C, signifying extreme thermal stress
(fig. 9). In contrast, the northeastern (Sylhet) and southeastern (Chittagong and coastal) regions
remained significantly more moderated, with maximums ranging from 35.6°C to 38.0°C. The central
region, including Dhaka, served as a transitional zone with recorded temperatures between 39.2°C and
40.4°C. This spatial heterogeneity underscores a significant regional disparity, likely driven by the influx of
dry continental air in the west versus the relative cooling influence of maritime and orographic factors in
the east.

3.4 HighestMaximum Temperature in June, 2024

&
Fig. 10: Highest maximum Fig. 11: Spatial distribution of Fig. 12: Isothermal map of
temperatures observed at stationg highest maximum temperature | highest maximum temperature
June 2024. (°C) in June 2024. (°C) for June 2024.

Highest naximum temperaturesbserved at stations in June 2024 thatoss Bangladesh reveals a clésarmal
gradient increasing from the northeast toward the southwest. Data from the map indicates that the highest
temperatures were concentrated in the western and southwestern regions (Khulna and Rajshahi
divisions), with peaks ranging between 33.5°C and 34.2°C (fig. 10). These areas represent the most
significant heat clusters for the month. In contrast, the northeastern region (Sylhet division) remained the
coolest sector, with highest maximum temperatures significantly lower, ranging from 27.0°C to 29.0°C.
The central and coastal belts served as transitional zones, maintaining moderate temperatures between
31.0°C and 32.5°C.

The spatial distribution of highest maximum temperatures across Bangladesh in June 2024 reveals a
pronounced west-to-east thermal gradient, with the most intense heat concentrated in the western and
southwestern regions. According to the isothermal map, the highest temperatures reaching peaks
between 39.2°C and 40.4°C were recorded in the Rajshahi and Khulna divisions, indicating a persistent
heat core along the western border (fig. 11). In contrast, the northeastern (Sylhet) and southeastern
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coastal regions experienced significantly lower maximums, with temperatures ranging from 33.2°C to
35.6°C. The central region, including Dhaka, functioned as a transitional zone, with recorded
temperatures fluctuating between 36.8°C and 38.0°C.

This spatial heterogeneity underscores the influence of dry continental air in the west, while the eastern
and coastal belts were likely moderated by the onset of monsoon precipitation and maritime air masses.
Analysis of the isothermal map reveals a heat core spanning the Rajshahi and Khulna divisions, where
temperatures reached peak values between 41.6°C and 44.0°C (fig. 12). These high-intensity clusters
indicate severe thermal stress in the western landscape, likely driven by dry continental air masses. In
contrast, the northeastern (Sylhet) and southeastern (Chittagong and coastal) regions remained
significantly more moderated, with highest maximum temperatures ranging from 32.0°C to 35.6°C. The
central region, including the Dhaka division, served as a transitional zone with recorded temperatures
fluctuating between 38.0°C and 40.4°C. This spatial heterogeneity underscores a significant regional
disparity, where maritime influences and orographic features in the east provided a cooling effect
compared to the scorched western and southwestern districts.

3.5HighestM aximum Temperature in July, 2024

®
&,
1
Fig. 13: Highest maximum Fig. 14: Spatial distribution of Fig. 15: Isothermal map of
temperatures observed stations in| highest maximum temperature | highest maximum temperature
July 2024. (°C) in July 2024. (°C) for July 2024.

Highest maximum temperatures across Bangladesh in July 2024 observed that demonstrates a
significant north-to-south thermal gradient, with the highest intensity concentrated in the northern and
northwestern districts. Data analysis from the map indicates that the Rangpur and Rajshahi divisions
functioned as the primary heat core, with highest maximum temperatures reaching peak values between
37.5°C and 38.0°C (fig. 13). These areas represent the most severe thermal hotspots for the month. As
the distribution shifts southward and eastward, a cooling trend is observed. The central region, including
Dhaka, maintained moderate maximums ranging from 35.5°C to 36.5°C. In contrast, the northeastern
(Sylhet) and southeastern coastal belts recorded the lowest maximum temperatures, falling within the
33.5°C to 35.0°C range. This spatial heterogeneity suggests that while the northern landmass
experienced strong continental heating, the southern and eastern regions benefited from the moderating
influences of maritime air and monsoon-related cloud cover. The spatial distribution of highest maximum
temperatures across Bangladesh in June 2024 exhibits a pronounced west-to-east thermal gradient, with
extreme heat concentrated along the western and southwestern border regions. Data from the isothermal
map reveals a heat core spanning the Rajshahi and Khulna divisions, where highest maximum
temperatures peaked between 39.2°C and 40.4°C (fig. 14). These high-intensity clusters indicate severe
thermal stress in the western landscape, likely driven by dry continental air masses. In contrast, the
northeastern (Sylhet) and southeastern (Chittagong and coastal) regions remained significantly more
moderated, with highest maximum temperatures ranging from 33.2°C to 35.6°C. The central region,
including the Dhaka division, served as a transitional zone with recorded temperatures fluctuating
between 36.8°C and 38.0°C. This spatial heterogeneity underscores a significant regional disparity,
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where maritime influences and early monsoon-related precipitation in the east provided a cooling effect
compared to the more intense heat observed in the west. The isothermal map indicates that the highest
thermal intensity was concentrated in the northern and northwestern regions, particularly within the
Rangpur and Rajshahi divisions, where temperatures peaked between 40.4°C and 41.6°C (fig. 15). These
localized heat cores suggest intense continental heating in the northern landmass during this period. In
contrast, the southeastern and coastal regions remained significantly more moderated, with highest
maximum temperatures ranging from 33.2°C to 34.4°C. The central part of the country, including the
Dhaka division, functioned as a transitional zone, maintaining values between 36.8°C and 38.0°C. This
spatial pattern underscores a clear climatic disparity where the northern interior experienced extreme
heat, while the southern maritime influence and orographic features in the east provided a substantial
cooling effect, resulting in a temperature difference of approximately 7°C to 8°C across the national
landscape.

3.6 HighestMaximum Temperature in August, 2024

g 7024 August 2024 August 2024
. . ‘
Fig. 16: Highest maximum Fig. 17: Spatial distribution of Fig. 18: Isothermal map of
temperatures observed at stationg highest maximum temperature | highest maximuntemperature
August 2024, (°C) in August 2024. (°C) for August 2024.

In August 2024, the highest maximum temperatures across Bangladesh exhibits a pronounced west-to-
east thermal gradient, with the highest intensity concentrated along the western border. Data analysis
reveals a significant heat in the southwestern and western regions (notably within the Khulna and
Rajshahi divisions), where temperatures reached peak values between 37.5°C and 38.8°C (fig. 16).
These high-intensity clusters indicate localized thermal stress, likely driven by continental air influences.
In contrast, the coastal belt and southeastern regions remained significantly more moderated, with
highest maximum temperatures ranging from 32.0°C to 34.5°C. The central region, including the Dhaka
division, functioned as a transitional zone with temperatures fluctuating between 35.5°C and 36.8°C. The
spatial distribution of highest maximum temperatures across Bangladesh in August 2024 reveals a
pronounced west-to-east thermal gradient, with a distinct heat core in the western districts. Data from the
isothermal map indicates that the highest temperatures were concentrated in the west-central region of
Khulna and Rajshahi divisions, where localized peaks reached between 39.2°C and 40.4°C (fig. 17). The
southern coastal belt and the southeastern regions i ncl udi ng the Chittagong and
maintained the lowest highest maximum temperatures, ranging from 32.0°C to 34.4°C. This spatial
heterogeneity highlights the strong moderating influence of maritime air and monsoon precipitation in the
south and east. The central and northern regions, including Dhaka and Rangpur, functioned as a
transitional zone, with highest maximum temperatures predominantly fluctuating between 36.8°C and
38.0°C. Collectively, the data illustrates a significant regional disparity, with the western interior bearing
the brunt of the heat while coastal influences provided a cooling effect of nearly 8°C across the national
landscape.

According to the isothermal map, a severe heat wave is concentrated in the west-central region, notably
within the Rajshahi and Khulna divisions, where temperatures reached peak values between 41.6°C and

52



Volume 12 DEW-DROP June-2026

44.0°C (fig. 18). Another localized hotspot is visible in the northern interior, with temperatures peaking
around 39.5°C. These high-intensity clusters indicate extreme thermal stress along the western border,
likely influenced by dry continental air masses. Conversely, the southern coastal belt and the
southeastern regions experienced the lowest highest maximum temperatures, ranging from 32.0°C to
34.4°C. This spatial pattern highlights the strong moderating influence of maritime air and monsoon-
related precipitation in the south. The central and northeastern regions, including Dhaka and Sylhet,
served as transitional zones with highest maximum temperatures predominantly fluctuating between
36.8°C and 38.0°C. Overall, the data illustrates a sharp climatic disparity, where the western interior bore
the brunt of the heat while coastal and eastern factors provided significant cooling.

3.7HighestMaximum Temperature in September 2024

September 2024 Septemper 2024

Fig. 19: Highest maximum Fig. 20:Spatial distribution of Fig. 21: Isothermal map of
temperatures observed at stations highest maximum temperature | highest maximum temperature
September 2024. (°C) in September 2024. (°C) for September 2024.

Data from the map (fig. 19) indicates that the most intense heat was concentrated in the northern and
northwestern regions, particularly within the Rangpur and Rajshahi divisions, where temperatures peaked
between 38.8°C and 39.5°C. These "heat cores," represented by the deepest red clusters, suggest a
strong continental heating influence in the northern landmass during this period. In contrast, the southern
and southeastern coastal regions remained significantly more moderated, with highest maximum
temperatures falling into the 34.5°C to 36.5°C range. The central part of the country, including the Dhaka
region, functioned as a transitional zone with recorded temperatures fluctuating between 37.0°C and
38.0°C. This spatial pattern highlights a clear climatic disparity where the northern interior bore the
highest thermal stress, while maritime influences and potentially higher cloud cover in the south provided
a substantial cooling effect of approximately 3°C to 5°C across the national landscape.

According to (fig. 20), the spatial distribution of highest maximum temperatures across Bangladesh in
September 2024 exhibits a clear north-to-south thermal gradient, characterized by higher intensities in the
northern interior and relative moderation along the coast. Analysis of the isothermal map reveals that the
highest temperatures were concentrated in the northwestern (Rangpur) and northeastern (Sylhet)
regions, where maximum values reached between 38.0°C and 39.2°C. These localized hotspots,
represented by deeper orange hues, indicate significant continental heating and potential late-monsoon
heat stress. Conversely, the southeastern coastal belt and Chittagong Hill Tracts recorded the lowest
maximum temperatures, ranging from 33.2°C to 35.6°C. The central region, including Dhaka, functioned
as a transitional zone with temperatures predominantly fluctuating between 36.8°C and 38.0°C. This
spatial heterogeneity underscores a distinct climatic disparity of approximately 4°C to 6°C across the
country, where the northern landmass bore the brunt of the thermal intensity while maritime influences
provided a cooling effect in the south.

In September 2024, analysis of the isothermal map (fig. 21) indicates that the primary heat core was
concentrated in the northern and northwestern regions (Rangpur and Rajshahi divisions), where
temperatures peaked between 38.2°C and 38.9°C. These high-intensity zones, represented by the deep
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red shading, signify significant continental heating late in the monsoon season. Conversely, the southern
coastal belt and southeastern regions exhibited a marked cooling influence, with highest maximum
temperatures dropping into the 32.0°C to 34.4°C range. The central region served as a transitional zone
with complex micro-thermal pockets ranging from 35.6°C to 37.2°C, while a localized hotspot of 37.5°C is
visible in the southeastern hilly tracts. This spatial heterogeneity underscores a significant regional
disparity of approximately 7°C, where the northern landmass bore the brunt of the thermal stress while
maritime air masses provided a substantial cooling effect in the south.

3.8 Deviation of theHighest Maximum Temperature During the PreMonsoon Season,

2024
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The spatial distribution of highest maximum temperature deviations durin@(®é premonsoon seasom
Bangladesh reveals a significant nationwide warming trend, with anomalies ranging from 3.7°C to 6.7°C
above long-term averages (fig. 22). The data indicates a pronounced northwest-to-southeast thermal
gradient, where the highest deviations exceeding 6.0°C are concentrated in the extreme northwestern
districts and localized pockets of the southeastern hill tracts. These anomaly cores represent the areas of
most intense thermal stress relative to historical norms. While the entire country experienced positive
deviations, the central and southwestern regions showed moderate anomalies between 4.9°C and 5.5°C
(fig. 23). In contrast, the lowest relative deviations though still substantially high were recorded in the
southeastern coastal belt, with values dipping toward the 3.7°C mark. This widespread positive departure
from the mean highlights an exceptionally severe pre-monsoon heat wave, with the northern landmass
serving as the primary epicenter for climatic irregularity.

3.9Deviation of the Highest Maximum Temperature During the Monsoon Season,
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The spatial distribution of highest maximum temperature deviations across Bangladesh during the
monsoon season of 2024 reveals a significant nationwide warming anomaly, with values ranging from
3.4°C to 6.2°C above historical means (fig. 24). Data analysis indicates a pronounced north-to-south
thermal gradient, where the most extreme deviations are concentrated in the northernmost districts
(Rangpur division) and parts of the northeast, peaking between 5.8°C and 6.2°C. These anomaly
hotspots suggest a severe departure from expected seasonal cooling. While the central and western
regions maintained substantial anomalies between 4.8°C and 5.4°C, the southeastern coastal belt
exhibited the lowest relative deviations, dipping to a minimum of 3.4°C (fig. 25).
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Fig. 26: Daily temperature heat map and distribution with heat weave threshold
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