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Heatwaves pose a significant threat to environmental sustainability and public health, particularly in
vulnerable regions and rapidly growing cities. They cause water shortages, stress on plants, and an
overall drying out of landscapes, reducing plant growth—the basis of energy production and the food
chain. Accurate heatwave forecasting is crucial for early warning systems, public health interventions,
and disaster preparedness strategies, reducing heat-related mortality risk through modeling and
evaluation of warnings. However, anticipating heatwave warnings requires handling the daily time
series data, which is a large-scale and high-frequency time series data. High-frequency time series data
forecasting presents unique challenges due to its inherent complexity and characteristics. Therefore,
the study proposes two algorithms to develop Machine-Learning (ML)-based hybrid models as well

as seasonal adjusted ML-based hybrid models, which can handle large datasets and reveal complex
seasonal patterns. The performance of these developed ML-based hybrid models and seasonal
adjusted ML-based hybrid models were compared with other traditional time series, Autoregressive
Integrated Moving Average (ARIMA), Exponential Smoothing State Space (ETS), and Trigonometric
Box-Cox ARMA Trend Seasonal (TBATS) and ML models, Artificial Neural Network (ANN), Support
Vector Regression (SVR), Prophet, Random Forest Regression (RFR), and Long Short-Term Memory
(LSTM), to forecast heatwave warnings in Rajshahi, one of Bangladesh’s warmest districts, based on
42-year historical daily instances. Our findings indicate that the seasonal adjusted ML-based hybrid
model, by integrating the Seasonal-Trend decomposition procedure based on LOESS (STL) approach
with different time series and ML models, STL-ARIMA-LSTM, outperformed all other models with MAE
(0.8974), MAPE (2.9232), RMSE (1.1794), MASE (0.3814) and ACF1 (0.0026). Hence, our suggested
seasonal adjusted ML-based hybrid model, ensures a more accurate forecast and helps to determine
the number and days of heatwaves, enabling people to plan ahead and take necessary safety measures
before they occur.

Keywords Forecasting, Heatwave warning, High-frequency data, Hybrid model, Machine learning,
Seasonal-adjusted hybrid model, STL decomposition

Severe heat poses a significant threat to human health and leads to many fatalities annually'. Global warming
has resulted in a five-fold increase in record-breaking heat extremes over the past century, driven by growing
greenhouse gasses®™. Rising global temperatures lead to more extreme weather occurrences, such as heatwaves>®.
Globally, both historical data and future forecasts have shown that heatwaves and warm spells are growing
more common, severe, and lasting longer®-!'!. Heatwaves have major societal and environmental consequences,
affecting human health, agriculture, economy, natural disasters, and ecosystemslz. The term heatwave refers
to a widespread area experiencing temperatures above 36 degrees for a minimum of three consecutive days'>.
Furthermore, heatwaves occur when a high-pressure area at 10,000-25,000 feet (3000-7600 m) intensifies and
persists over a region for several days or weeks'“.
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Heatwaves have become increasingly severe and frequent worldwide, significantly impacting various regions.
In 2020, people worldwide watched as Australia experienced an epic heatwave!>. However, Australia wasn’t
the only place dealing with the heat. In other parts of the world, Northern New England and Canada were
very warm. As summer approached, Siberia, an unexpected hotspot, reached 38 °C (100 °F)—an incredible
temperature for one of the world’s coldest places'®. Across the Atlantic, Death Valley in the United States made
headlines by reaching a scorching 54.4 °C (129.9 °F), the hottest temperature on Earth in 100 years'”. In British
Columbia, the town of Lytton reached 49.6 °C (121.3°F), setting a new national record in 2021'3. Japan went
through its worst heatwave in 150 years at the end of June 2022". China dealt with its highest temperatures and
one of its lowest rainfall amounts in 61 years during a two-month summer heatwave. This started forest fires,
ruined crops, and messed with power supply?’. Countries like India, China, Thailand, and Laos felt the heat in a
big way?!. Pakistan also had to deal with a heatwave in June 2024%2. The Edhi Foundation reported more deaths
than usual in Karachi from June 20 to June 25 during this heatwave?*. A notable climatic phenomenon, the 2024
Bangladesh heatwave was characterized by exceptionally high temperatures of up to 42 °C, which is 6 degrees
warmer than the annual average?»*°. This intense heatwave is considered one of the most severe since records
began in 1948 and has led to nationwide school closures, affecting children*?6. At least 15 people died from heat
strokes between April 22 and May 5, according to the Directorate General of Health Services (DGHS)?.

Consequently, heatwaves are becoming a major concern in Bangladesh, as evidenced by a number of
recent investigations carried out there. For instance, Solomon (2007) predicts that Bangladesh’s average annual
temperature would rise by 1.4+ 0.6 °C by the year 2050%’, Karmakar and Das found that heatwaves are frequently
experienced in Bangladesh before the monsoon season?®, and two other studies anticipated that Bangladesh will
experience more frequent and intense heatwaves in the future?>. Various climate models and statistical models
have also been employed in different studies to predict heatwaves in Bangladesh. For example, Nissan et al.
(2017) investigated the climate dynamics linked to heat waves based on 35 weather stations across Bangladesh
and created a heat early warning system (HEWS) using a generalized additive regression model®!, Rahman et al.
used the Mann-Kendall and Sen’s slope techniques to determine seasonal and annual temperature trend patterns
of heat wave frequencies in Bangladesh??, and Rashid et al. (2024) investigated the frequency of heatwaves at
34 meteorological stations in Bangladesh between 1990 and 2019 using linear trend analysis and the Mann-
Kendall test!®. According to the study'®, Rajshahi had the highest frequency of heatwaves (4.2333) during the
pre-monsoon season, while Jashore had the most heatwave days (30.9 days) overall. Using remote sensing and
socioeconomic data, some researchers created a heatwave vulnerability index (HVI) to examine the heatwave
susceptibilities in Chattogram City Corporation, Bangladesh’s main corporate hub??.

Moreover, forecasting heatwave warnings is a complex task that combines meteorological data, climate
models, and various statistical and machine learning (ML) models. Several researchers investigated forecasting
heatwave warnings in different regions using a variety of climate models, statistical models, and ML models. For
instance, Park and Kim (2018) employed Multivariate Adaptive Regression Splines (MARS) analysis to establish
heatwave thresholds for developing an effective heatwave warning system>!, Anderson et al. (2011) used Bayesian
hierarchical modeling to examine the mortality risk associated with heatwaves>, Aboubakri et al. investigated
the impact of heat waves on mortality and years of life lost in Iran employing distributed lag non-linear models
(DLNM) and Poisson Regression model’, Xu et al. conducted a meta-analysis to investigate the influence of
heatwaves on mortality for various heatwave definitions*’, and Zhu et al. forecasted heatwaves using Spatial-
Temporal Projection Models (STPM)?*. Recent literature’*-*? on heatwave forecasting highlights advancements
in machine learning (ML) models and statistical methods to improve prediction accuracy and timeliness. ML
models have gained popularity for time series forecasting due to their ability to handle large datasets and reveal
intricate patterns. For instance, Iqbal et al. utilized Classification and Regression Tree (CART) models for
heatwave predictions in India using daily high summer temperatures*?, and Lee et al. used explainable artificial
intelligence for forecasting heatwave in South Korea*!. However, heat wave forecasting in Bangladesh has not
been adequately done using ML-based time series forecasting. As per our knowledge, Sultana et al. were the
only studies to use three different types of ML-models, for example, Long-Short Term Memory (LSTM), Bi-
directional LSTM (Bi-LSTM), and Convolutional Neural Network (CNN) models for forecasting heatwave in
four heatwave-prone districts of Bangladesh: Dhaka, Rajshahi, Bogra and Dinajpur®*.

While ML models have been applied to heatwave prediction in Bangladesh, research suggests that further
investigation and development in this area are warranted. Furthermore, several studies highlighted the advantages
of hybrid models over traditional ML models for forecasting across various domains*. Additionally, seasonal
patterns in higher frequency time series are usually more complex®’. For instance, there might be weekly,
monthly, and annual patterns in daily data, a higher frequency data. When it comes to heatwave forecasting,
daily data has several advantages over lower frequency data (such as monthly or quarterly), particularly for
short- to long-term predictions and capturing nuanced patterns. We were, therefore, motivated to use ML-based
hybrid models to forecast daily heatwaves in a district in Bangladesh that is vulnerable to heatwaves. Rajshahi, a
city in Bangladesh’s northwest, is highly susceptible to summer heatwaves due to climate change and decreased
water vapor‘®. Consequently, heatwave forecasting in Rajshahi, Bangladesh, is crucial due to early warning
systems, public health interventions, and overall resilience to climate change. Hence, this study aims to develop
ML-based hybrid models for effective daily heatwave forecasting in Rajshahi, essential not only for immediate
public health and safety but also for long-term economic stability and climate resilience.

Materials and methods

Data source

The study reveals that Rajshahi experiences the highest frequency of heatwaves during the pre-monsoon season'>.
Figure 1 displays comparable information. Hence, the daily maximum temperature data for Rajshahi Station was
collected for this study from the Bangladesh Meteorological Department (BMD). The data comprises 15,340
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Fig. 1. Map of Bangladesh’s highest temperatures by climatic zone, showing the locations of meteorological
stations and study area.

observations from January 1981 to December 2022 after adjusting all missing values. A heatwave is defined in
this study as a broad region that experiences temperatures above 36 degrees for at least three consecutive days'?.
We therefore intend to forecast heatwave warnings in Rajshahi based on the daily maximum temperature data
from Rajshahi Station.

Accurate forecasting is essential for efficient planning and response tactics since heatwaves are a significant
concern for human health and environmental sustainability. People may employ this prediction to warn of
heatwaves. Therefore, to make more accurate forecasts about heatwave warning by using different time series
models, i.e., AutoRegressive Integrated Moving Average (ARIMA), Seasonal AutoRegressive Integrated Moving
Average (SARIMA), Exponential Smoothing State Space (ETS), and Trigonometric Box-Cox ARMA Trend
Seasonal (TBATS); as well as different ML models, i.e., Artificial Neural Network (ANN), Support Vector
Regression (SVR), Prophet, Random Forest Regression (RFR), and Long Short-Term Memory (LSTM); and by
integrating the Seasonal-Trend decomposition procedure based on LOESS (STL) approach with different time
series and ML models. All of the analysis for this investigation was conducted using R programming.
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(S)ARIMA model

The Autoregressive Integrated Moving Average Model (ARIMA) is a predictive model that considers the
temporal characteristics of the data and establishes a regression line based on past values, which directly impact
future values?. It is one of the most well-known models for time series forecasting (TSF) because of its powerful
capabilities*®. In order to construct a composite model of the time series, this model integrates the Autoregressive
(AR) and Moving Average (MA) processes™.

The entire model ARIMA (p, d, q) can be specified as:*
(1—p1B—--—@,B") (1= B)'y: = (1+6:1B+---+ 6,8 e, (1)

where {e:} ~ WN (0,02), p is the order of the autoregressive part, d is the degree of differencing,

and g is the order of the moving average part. A seasonal ARIMA known as SARIMA model defined as
ARIMA(p,d,q) x (P, D, Q)® process with seasonal period s,

¢ (B)¢(B*)(1—B)'(1-B*) y = 0(B)© (B®) e, )

where {e;} ~ WN (0,0°), and the polynomial ¢(B),®(B*), 6(B), and ©(B°) are defined
as (1—¢1B—--—¢,B"),(1-®1B° —--. - ©,B°"), (14+6,B+---+0,BP), and
(1+©:1B* + - + ©gB*?), respectively.

ETS model

By accounting for the seasonal and trend components, the ETS model is a method that can be employed to
forecast univariate time series data®'. The model being discussed is highly adaptable and possesses the capability
to produce seasonal components for a wide range of properties and trends®. The model under consideration
is characterized by three key factors, namely error, trend, and seasonal components. Each parameter has four
values: A is additive, M is multiplicative, N is none, and Z is auto. Consequently, ETS (A, M, N) denotes the
following: additive for error, multiplicative for trend, and no seasonality™.

TBATS model

The TBATS model, also known as the Trigonometric Box-Cox ARMA Trend Seasonal model, is an enhanced
version of the traditional Box-Cox ARMA model. It is specifically designed to handle complex seasonal patterns
in time series data. It is particularly advantageous for series that are affected by diverse cyclical variables and have
several and non-integer seasonal periods. TBATS forecasts complex seasonal trends using exponential averaging
for time series data®. This BATS-based time series model has many adjustments. The seasonal functions are
trigonometric®>%. This model was illustrated as follows*”:

Yt = qt—1 + re—1 + Ut(l) + U,EQ) + eq, (3)

gt = qt—1 +1ri—1 + aey,
re = re—1 + Bex,

/Ulgl) = /Uilf)ml + 7iee,

ng) = UEQ_)W + Y26,

where {e:} ~ WN (O7 02), the seasonal cycles are denoted by m1 and ma, and the g; and r; are the level’ and

‘trend’ components, respectively. The parameters of smoothing are represented by the coefficients «, 3, y1 and
~2. The ith component at the time ¢ is v{" and they are seasonal.

ANN model
ANNSs are a highly successful alternative to ARIMA models for time series forecasting, with a multitude of
distinguishing characteristics®®. One important aspect is the universal approximation property, meaning an
ANN can accurately estimate any nonlinear continuous function to any desired degree®**’. No prior assumptions
regarding the model form are required during the model construction process; rather, the network model is
primarily determined by the data’s characteristics®!.

The model consists of three layers: an input layer, single hidden layer and an output layer. For time series
forecasting, we have to obtain the relationship between the output y; and the input (yi—1,yt—2,...,Ye—%)
which has the following mathematical representation®:

q p
Yt = Qo + Zag’g (ﬁoy + Zﬁiﬂhl) + &ty (4)

j=1 i=1

where, g () = o represents the weight between jth hidden neuron and output neuron, « represents

1
output neuron bias, So; represents hidden neuron bias, 3;; represents weight between ith input and jth hidden
neuron, p is inputs, and g is hidden neurons, also the sigmoid activation function is applied to the hidden layer.
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SVR model

Derived from Support Vector Machines (SVM), Support Vector Regression (SVR) is a strong class of supervised
machine learning intended especially for regression applications. SVR shows exceptional mastery in efficiently
managing intricate, non-linear patterns that are often seen in time series data. The algorithm employs an
e-insensitive loss function that imposes penalties on predictions that deviate more than € units from the desired
output®. Furthermore, it shows resistance to outliers and can produce more consistent forecasts for future time
periods®.

Prophet model

Prophet stands out as a powerful forecasting tool specifically designed for time series data, developed by
Facebook’s Core Data Science team®. It excels in accurately predicting time series data with trends, seasonality,
and holidays®®. The model uses the formula®’:

y() =g@) +s@) +h(t)+ < ()

where y (t) is the predicted value determined a linear or logistic equation, g (¢) and s (¢) represent seasonality
or time series based on yearly, monthly, daily or another period, h(t) is the holiday outliers and &€, represents
unexpected error. While holiday effects don’t appear relevant for the daily maximum temperature dataset, the
Prophet model was chosen for this study due to its ability to capture trends and complex seasonal patterns in time
series data over extended periods. The Prophet model has proven to be effective in forecasting climatological
aspects due to its capacity to handle complex seasonality patterns, interannual trends, temporal variations, long-
term seasonality forecasting, and anomaly detection in the required computational time.*.

RFR model

Random forests (RF) are an ensemble learning method for classification and regression that generates many
randomized decision trees during training and then averages the results to make predictions®. Including lagged
variables or trends as predictors helps RF to address temporal dependencies in time series analysis. The RFR
algorithm for time series analysis is:

1. Generate a dataset D with lagged variables for a time series y; i.e.,

D = (yt—1,Yt—2, .- -, yt,p)fzp+1, where p is the number of lags used as predictors.

2. Create training and test sets from the dataset D accordingly Dyyqin and Dyest.
3. From the training set Dirqin, draw B bootstrap samples {Ds},”_,.
4. Grow a decision tree T} for every bootstrap sample Dj.
5. Predict the response (7:) by averaging the predictions from all B trees, for a given input x =
(Y¢—1,Y¢—2, - - -, Ys—p) in the test set,
1 &
gi=gy Tl (6)
b=1
LSTM model

The LSTM is a variant of the RNN that uses extra features to help it memorize temporal sequences in data®. It is
used in time series forecasting, particularly where long-range dependencies are involved. It features a memory
cell that can store its state in time, which is essential for identifying or remembering pertinent information over
quite wide windows. Three gate forms in LSTM help to control flow information. Forget gate (f:) decides from
the cell state (C;) what to forget. The input gate (¢¢) helps us decide which fresh data to put into the cell state (C
). The output gate (0;) computes at a given moment the elements to be finally preserved in every dimension. The
equations are illustrated below”%:

fi=0 (W e[hi—1,X:] +by), 7
i =0 (W; e [hu1, X¢] + bi) , (8)
C; = tanh(We  [hy_1, Xi] + bo), ©)
Co=i,eCi+ freCiu, (10)

ot =0 (W, elhi—1,Xt] +bo), (11)
hy = o¢ @ tanh(C}) (12)

where, h: and h;_1 denote the current and previous hidden states respectively. The weight matrices Wy, W;
We and W, correspond to the forget gate (f;), input gate (i;), cell state (C) and output gate (o) respectively.
The biases associated with these gates are represented by by, b;, bc and b,. X; denotes the input at time step
t. The hyperbolic tangent function (tanh), which maps values to the range [—1, 1], is used as the activation
function. C; represents the new memory update vector, and o denotes the sigmoid activation function.

Scientific Reports |

(2025) 15:8699 | https://doi.org/10.1038/s41598-025-93227-7 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

STL decomposition

In time series analysis, decomposition techniques are essential instruments that aid in identifying the underlying
component (such as trend, seasonality, and irregular fluctuations) in observable data. Cleveland et al. (1990)
developed the STL method’!. STL can manage any kind of seasonality, meaning that it can handle daily and
sub-daily series data in addition to monthly and quarterly data, unlike the classical method, SEATS(Seasonal
Extraction in ARIMA Time Series), and X11°772, The daily maximum temperature data, which includes complex
seasonal patterns including a combination of weekly, monthly, and annual patterns of seasonality, is the basis for
heatwave forecasting. Consequently, we employed the STL approach for seasonal adjustment in our ML-based
hybrid algorithm.

Proposed algorithms

The study develops two algorithms, for instance, Algorithm 1 for developing ML-based hybrid models and Al-
gorithm 2 for developing ML-based seasonal adjusted hybrid models. We initially divided the daily maximum
temperature data into 70% training data and 30% test data to execute both algorithms. The detailed procedures
for developing ML-based hybrid models and ML-based seasonal adjusted hybrid models are described in Al-
gorithms 1-2. We identify the days with heatwaves and calculate the anticipated frequency of heatwaves in the
future using all of the traditional time series models, ML models, and our suggested hybrid models.

: Fit a model (TS or ML) to the daily maximum temperature data. Hence, compute the

residuals (R, ) and forecasted values ( F),).

: Utilize the residuals (R,,) to fit another model (ML or TS). Hence, also calculate the

forecasted values (F,).

: Aggregate all forecasted values (F},) and (£;},) to get forecasts of the original daily

maximum temperature.

= TS means Time Series

Algorithm 1. For developing an ML-based hybrid model to forecast the daily maximum temperature.

: Use the STL-based seasonal decomposition to obtain the daily maximum temperature

in seasonal (S, ) and seasonal-adjusted (5S4, ) components.

: Fit a model (TS or ML) to the seasonal-adjusted daily (5S4, ) data. Hence, compute the

residuals (R,,) and forecasted values ( F),).

: Utilize the residuals (R, ) to fit another model (ML or TS). Hence, also calculate the

forecasted values (F),).

: Combine forecasts of seasonal component (.S, ) with all forecasted values ( F;,) and (

F,) to get forecasts of the original daily maximum temperature.

. TS means Time Series

Algorithm 2: For developing a seasonal-adjusted ML-based hybrid model to forecast thedaily maximum
temperature.
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Evaluation metrics

The hybrid prediction models’ performances were evaluated using Mean Absolute Error (MAE), Mean Absolute
Percent Error (MAPE), Mean Absolute Scaled Error (MASE), and Root Mean Squared Error (RMSE) metrics.
Each measure was calculated using the following formulas:

l n
MAE = - T Ai Pl
- }E_l ly: — il (13)
_ L lyi— 0l
MAPE = — §._1: el 100%, (14)
MASE = % S ly: = 9l , (15)
=1\ == > |y —yiml
j=m+1

(16)

where n indicates the number of observations, y; denotes the original values, and §; represents the predicted
values, and m is the seasonality value. MAE, and RMSE are scale-dependent metrics based on absolute errors
and squared errors, respectively. MAPE is a unit-free error measure based on percentage errors and MASE is a
scale-free error metric.

Results

Data description

One of Bangladesh’s warmest districts is Rajshahi, which is situated in the country’s northwest. For this study, the
daily maximum temperature in Rajshahi from January 1981 to December 2022 was gathered from the Bangladesh
Meteorological Department (BMD). Figure 2 offers insights into the structure and underlying patterns of
the trend as well as seasonal adjustments and the behavior of the maximum temperature throughout time.
Rajshahi’s historical data, as shown in Fig. 2, also reveals that during a 42-year period, there were 2037 days with
a maximum temperature of 36 degrees or higher, leading to 224 heatwave occurrences, and no notable upward
or downward trend features. The green line in Fig. 2, which represents seasonal-adjusted maximum temperature
data, suggests that the seasonal-adjusted data is smoother than the original data. Therefore, Rajshahi’s daily
maximum temperature data fluctuated considerably due to the complex seasonality. To understand more about
this complex seasonality in the daily maximum temperature data, we constructed Figs. 3 and 4 to examine an
annual seasonal pattern and Figs. 4, 5 and 6 to investigate a monthly seasonal pattern.

series = Daily Maximum Temperature = Seasonal Adjusted — Trend
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Fig. 2. Daily maximum temperature in Rajshahi with seasonal-adjusted maximum temperature (green) and
trends (purple) revealed for January 1981 to December 2022.

Scientific Reports |

(2025) 15:8699 | https://doi.org/10.1038/541598-025-93227-7 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

40

[ w
o a
L L

Daily Maximum Temperatures
N
(&)

201 3

- T
— T
— T
e N A

L] £
& s ° L]
. e 3 o e 8 o . pe
. ° b4 ° $ o
. L o o
4 .
.
.
R S e e e B e L e e e e L e S e o e /S S S S S
W T Y O N ® DO T N DY W ON DD O T N®T W ON D DO TANOT O ONDDOOO TN
X D DV D O DX DDD DD DD DD DNDO OO O O O O 090 O T T T T T T - o= o - NN N
D O DD ODDODDO DD D O S 66606666 6000000000066 O
—————————————————— [SCE SR SR SR AR SR SJR S SR SR SE S SO SR IR S SO IR SR S AR O S
Year

Fig. 3. Boxplot illustrates the distribution of yearly seasonal maximum temperature variation in Rajshahi from
January 1981 to December 2022.
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Fig. 4. Year-wise representation of daily maximum temperature with heatwave days (crossing the dotted red
line) in Rajshahi from January 1981 to December 2022.

Figure 3 presents a box plot of daily maximum temperatures in Rajshahi from 1981 to 2022, revealing a subtle
warming trend over a 42-year period. The median temperatures seem to be rising steadily from the previous year
to the current one. Rajshahi’s maximum temperatures vary greatly both within and between years, some years
have more compact distributions of temperatures, while others show a greater range. Extreme temperatures
are more common in earlier years, with the highest recorded temperatures reaching around 45 °C in 1989.
In the most recent decade (2012-2022), there appears to be a slight increase in the median daily maximum
temperatures in Rajshahi, but potentially less variability in the lower range. Hence, Fig. 3 effectively shows both
the long-term warming trend and the annual seasonal pattern (i.e., year-to-year variability) in daily maximum
temperatures over four decades.

Figure 4 demonstrates a monthly seasonal pattern and an annual seasonal pattern in daily maximum
temperatures in Rajshahi, with the lowest in winter (December-January) and the highest in summer (April-
May). The daily maximum temperature fluctuates between 20 and 40 °C throughout the year. The hottest period
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Fig. 5. Boxplot illustrates the distribution of monthly seasonal maximum temperature variation in Rajshahi
from January 1981 to December 2022.
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Fig. 6. Heat map illustrates the temporal analysis of monthly seasonal maximum temperature variation in
Rajshahi from January 1981 to December 2022.

is from April to June, with many years reaching or exceeding 40 °C, and the coolest period is December and
January, with some days dropping below 20 °C. While the long-term trends are difficult to identify in Fig. 4, year-
to-year and month-by-month variabilities are significant. Moreover, Fig. 4 explores that the more recent years
(e.g., 2020, shown in purple) consistently exhibit higher temperatures compared to earlier years (e.g., 1990, shown
in orange/yellow). Furthermore, heatwaves were more frequent during the pre-monsoon season (March to May)
and June in previous years, but in the most recent year, they have also been observed during the monsoon season
(June to September). This information can be reflected more clearly in a month-wise representation (Figs. 5, 6).

The boxplot in Fig. 5 shows the seasonal variation of temperature trends, with lower temperatures in the early
and late months of the year (January, February, November, December) and higher in the middle months (April,
May, June). April has the highest median and overall highest temperatures. Therefore, Rajshahi’s maximum
temperature contains a very significant monthly seasonal pattern, which also reveals outliers with unusually
high or low temperatures, providing insight into extreme weather events. In Fig. 6, each cell represents the mean
maximum temperature for a specific month and year, with cooler temperatures in shades of blue/green and
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warmer temperatures in shades of yellow. The annual cycle is visible, with January and December showing the
lowest temperatures (around 25 °C). April and May have the highest temperatures, often reaching 36 °C. The
temperatures gradually increase from January to April/May and then decrease from May/June to December
(Fig. 6).

Consequently, the daily maximum temperature in Rajshahi, our study data, exhibits multiple seasonal
patterns that combine monthly and annual seasonality. This complexity arises particularly in high-frequency
data, such as daily or hourly observations, where both monthly and annual trends can significantly influence the
outcomes. Accurate data modeling in time series analysis requires an understanding of the prevailing seasonal
pattern. Hereafter, we refer to these multiple seasonal patterns as complex seasonality in this manuscript.

Heatwave forecasting without seasonal adjustment

We used the daily maximum temperatures data, a high-frequency time series data, to forecast heatwave warnings
in Rajshahi, the hottest location in Bangladesh. Without seasonal adjustment, forecasting high-frequency time
series is a difficult challenge”. To forecast heatwave warnings without seasonal adjustment in Rajshahi, we
utilized two conventional time series models (ARIMA and ETS), in addition to the TBATS model, which is a time
series model for high-frequency time series data; five machine learning models (ANN, Prophet, SVR, LSTM,
and RFR); and thirty ML-based hybrid models using Algorithm 1 (ARIMA-ANN, ARIMA-Prophet, ARIMA-
SVR, ARIMA-LSTM, ARIMA-RFR, ETS-ANN, ETS-Prophet, ETS-SVR, ETS-LSTM, ETS-RFR, TBATS-ANN,
TBATS-Prophet, TBATS-SVR, TBATS-LSTM, TBATS-RFR, ANN-ARIMA, ANN-ETS, ANN-TBATS, Prophet-
ARIMA, Prophet-ETS, Prophet-TBATS, SVR-ARIMA, SVR-ETS, SVR-TBATS, LSTM-ARIMA, LSTM-ETS,
LSTM-ETS, LSTM-TBATS, RFR-ARIMA, RFR-ETS, and RFR-TBATS). The forecasting performance of all these
models based on different forecast accuracy metrics is outlined in Table 1.

Autocorrelation function (ACF) of errors at lag 1 (ACF1) for the fitted ANN, ETS, ARIMA, LSTM, TBATS,
and Prophet models exhibited the highest correlation coefficients, which is a concerning observation. Conversely,
the ACF1 values for the SVR (- 0.1667), ARIMA-LSTM (- 0.0012), ARIMA-RFR (- 0.0012), and TBATS-LSTM
(= 0.0119) models were close to zero, suggesting minimal to no correlation. The ML-based hybrid TBATS-
LSTM model's MAPE value is 4.0418, indicating that, on average, the predictions of this model deviate from the
actual values by 4.0418%, which is generally considered a low error rate. Similarly, compared to all other models
without seasonal adjustment based on MAE (1.2261), MAPE (4.0418), RMSE (1.6522) and MASE (0.5191),
TBATS-LSTM produces more accurate results (Table 1).

Heatwave forecasting with seasonal adjustment

In order to anticipate heatwave warnings in Rajshahi, we seasonally adjusted the daily maximum temperatures
data, a high-frequency time series data, using the STL decomposition approach. The STL decomposition method
is more effective for seasonal adjustment of high-frequency time series data’. Our proposed Algorithm 2 utilizes
the STL decomposition method to develop seasonal adjusted hybrid models. It identifies seasonal patterns in
data, builds a hybrid model using seasonally adjusted data, and incorporates the actual seasonality of the test data
into the final forecast. We employed the STL method with the two conventional time series models (STL-ARIMA
and STL-ETS) in addition to the STL-TBATS model; five machine learning models (STL-ANN, STL-Prophet,
STL-SVR, STL-LSTM, and STL-RFR); and thirty ML-based hybrid models using Algorithm 2 (STL-ARIMA-
ANN, STL-ARIMA-Prophet, STL-ARIMA-SVR, STL-ARIMA-LSTM, STL-ARIMA-RFR, STL-ETS-ANN, STL-
ETS-Prophet, STL-ETS-SVR, STL-ETS-LSTM, STL-ETS-RFR, STL-TBATS-ANN, STL-TBATS-Prophet, STL-
TBATS-SVR, STL-TBATS-LSTM, STL-TBATS-RFR, STL-ANN-ARIMA, STL-ANN-ETS, STL-ANN-TBATS,
STL-Prophet-ARIMA, STL-Prophet-ETS, STL-Prophet-TBATS, STL-SVR-ARIMA, STL-SVR-ETS, STL-SVR-
TBATS, STL-LSTM-ARIMA, STL-LSTM-ETS, STL-LSTM-TBATS, STL-RFR-ARIMA, STL-RFR-ETS, and
STL-RFR-TBATS) to forecast heatwave warnings with seasonal adjustment in Rajshahi. Table 2 illustrates each
model’s forecasting performance according to several forecast accuracy metrics.

In Table 2, our study reveals that the STL-TBATS-LSTM provides satisfactory results in terms of MAE
(0.8954) and MASE (0.3806), but the STL-ARIMA-LSTM model is recommended because of its more dependable
assessment metrics, such as MAE (0.8974), MAPE (2.9232), RMSE (1.1794), and MASE (0.3814). The ACF
values at lag 1 for the STL-TBATS-LSTM and the STL-ARIMA-LSTM models are almost the same at 0.0018
and 0.0026, respectively. The seasonal adjusted ML-based hybrid model (the STL-ARIMA-LSTM with MAE
(0.8974), MAPE (2.9232), RMSE (1.1794), MASE (0.3814) and ACF1 (0.0026) in Table 2) outperforms the ML-
based hybrid model (the TBATS-LSTM with MAE (1.2261), MAPE (4.0418), RMSE (1.6522), MASE (0.5191)
and ACFI (-0.0119) in Table 1) in forecasting heatwave warnings in Rajshahi. The STL-ARIMA-LSTM model
provides the most accurate forecast results, and adjusting for seasonality yields superior results when forecasting
daily data. The results from using a single LSTM model were not adequate, but when integrated with a time series
model, it produces the most favorable outcomes for the analysis.

The STL-ARIMA-LSTM hybrid model, based on our proposed Algorithm 2, is particularly well-suited for
time series with multiple layers of complexity, such as seasonality, trends, and non-linearities. This model can
handle them better than any hybrid models that rely on either traditional or machine learning models alone.
Moreover, the ML-based hybrid model, TBATS-LSTM, based on our proposed Algorithm 1, skips decomposition
altogether. STLs ability to isolate and focus on different components of the time series allows ARIMA and
LSTM to work more effectively, leading to better predictive accuracy. The combination of STL, ARIMA, and
LSTM utilizes each model’s strengths in a complementary manner. STL removes noise and outliers, while
ARIMA focuses on short-term linear relationships. LSTM handles non-linear aspects in residuals. Therefore,
the significant outperformance of the STL-ARIMA-LSTM hybrid model is driven by its ability to combine the
strengths of these three powerful techniques.
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Models MAE | MAPE | RMSE | MASE | ACF1

ARIMA 3.7371 | 12,6045 | 4.5179 | 1.5884 0.9174
ETS 3.8879 | 14.3184 | 5.3327 | 1.6525 0.9178
TBATS 1.7871 | 5.9380 | 2.3170 | 0.7596 0.6863
ANN 4.7405 | 18.6282 | 7.0359 | 2.0149 0.9628
Prophet 1.7785 | 6.0067 | 2.3449 | 0.7559 0.6784
SVR 1.2939 | 4.2495 | 1.7719 | 0.5500 | - 0.1667
LSTM 3.5726 | 12.6656 | 4.5644 | 1.5605 0.9120
RFR 1.3142 | 4.2605 | 1.7157 | 0.5586 0.1156

ARIMA-ANN 3.9762 | 12,9619 | 4.6549 | 1.6900 0.9171
ARIMA-Prophet | 3.6443 | 12.2805 | 4.4128 | 1.5490 0.9134
ARIMA-SVR 3.7440 | 13.0124 | 4.8056 | 1.5913 0.9133
ARIMA-LSTM 1.2710 | 4.1683 | 1.7053 | 0.5390 | - 0.0012

ARIMA-RFR 1.3620 | 4.5076 | 1.7854 | 0.5789 | —0.0012
ETS-ANN 3.8125 | 14.0055 | 5.2174 | 1.6204 0.9164
ETS-Prophet 3.8930 | 14.3324 | 5.3368 | 1.6546 0.9180
ETS-SVR 4.6176 | 17.3744 | 6.8583 | 1.9626 0.9181
ETS-LSTM 1.3084 | 4.2991 | 1.7644 | 0.5561 0.0509
ETS-RFR 1.3872 | 4.5143 | 1.7880 | 0.5896 | —0.0189

TBATS-ANN 1.7889 | 5.9320 | 2.3119 | 0.7603 0.6862
TBATS-Prophet | 1.7626 | 5.8684 | 2.2926 | 0.7492 0.6789

TBATS-SVR 1.7574 | 5.9174 | 2.3725 | 0.7470 0.6817
TBATS-LSTM 1.2261 | 4.0418 | 1.6522 | 0.5191 | - 0.0119
TBATS-RFR 1.4028 | 4.6394 | 1.7940 | 0.5789 0.0922
ANN-ARIMA 4.7180 | 18.6088 | 7.0259 | 2.0053 0.9628
ANN-ETS 5.6003 | 17.9869 | 6.8564 | 2.3803 0.9614

ANN-TBATS 4.7175 | 18.5433 | 6.9995 | 2.0051 0.9626
Prophet-ARIMA | 1.7780 | 6.0053 | 2.3446 | 0.7557 0.6783
Prophet-ETS 1.8823 | 6.0748 | 2.3339 | 0.8000 0.6784
Prophet-TBATS | 1.8168 | 6.1839 | 2.4113 | 0.7722 0.6785
SVR-ARIMA 1.2981 | 4.2508 | 1.7719 | 0.5518 | - 0.1667

SVR-ETS 1.2980 | 4.2507 | 1.7719 | 0.5517 | - 0.1667
SVR-TBATS 1.2970 | 4.2785 | 1.7803 | 0.5513 | - 0.1667
LSTM-ARIMA 3.6866 | 12.7048 | 4.5643 | 1.5554 0.9119
LSTM-ETS 5.9787 | 21.5249 | 7.3941 | 2.5411 0.9167

LSTM-TBATS 6.3904 | 20.8667 | 7.2358 | 2.6520 0.9120
RFR-ARIMA 1.3029 | 4.2386 | 1.7108 | 0.5538 0.1156
RFR-ETS 1.2900 | 4.2341 | 1.7154 | 0.5483 0.1197
RFR-TBATS 1.2869 | 4.2104 | 1.7056 | 0.5470 0.1156

Table 1. Forecast accuracy measures for the single time series and ML models, and ML-based hybrid models
to forecast heatwaves in Rajshahi.

Figure 7 shows the forecasted heatwaves in Rajshahi using the STL-ARIMA-LSTM hybrid model from
January 2023 to December 2026 using the developed hybrid model based on the entire dataset. Following the
prediction of the daily maximum temperature from January 2023 to December 2026, we gathered the actual
highest temperature data for Rajshahi from January 2023 to June 2024. This was done to compare and contrast
the observed data with our previously forecasted data. Figure 8 illustrates the disparity between the observed
data (which was not involved in any modelling) and the predicted data, which was trained on a 42-year historical
observation.

Table 3 highlights Rajshahi’s early warning of heatwaves based on the STL-ARIMA-LSTM model, a seasonal
adjusted ML-based hybrid model. which indicates that Rajshahi will encounter 32 heatwaves between July 2024
and December 2026. Based on our developed Algorithm 2, the proposed hybrid model, STL-ARIMA-LSTM,
ensures a more accurate forecast and helps to determine the number and days of heatwaves, allowing people to
plan ahead and take necessary precautions before the onset of heatwaves.

Discussion
Global warming has led to a five-fold increase in record-breaking heat extremes over the past century,
causing more extreme weather events like heatwaves?~. These events have major societal and environmental
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Models MAE MAPE RMSE | MASE | ACF1
STL-ARIMA 1.2835 | 4.1158 1.6185 | 0.5455 | 0.6478
STL-ETS 1.7923 | 5.9974 2.2109 | 0.7618 | 0.6468
STL-TBATS 1.3314 | 4.4355 1.7181 | 0.5659 | 0.6468
STL-ANN 2.4774 | 7.6803 2.7918 | 1.0530 | 0.8889
STL-Prophet 1.3125 | 4.3645 1.7005 | 0.5578 | 0.6478
STL-SVR 0.9126 | 2.9625 1.1948 |0.3879 | —0.0809
STL-LSTM 1.2261 | 4.0348 1.5905 |0.5211 | 0.6433
STL-RFR 0.9164 | 2.9899 1.1966 | 0.3895 | 0.0932

STL-ARIMA-ANN 1.3441 | 4.3222 1.6922 | 0.5713 | 0.5807
STL-ARIMA-Prophet | 1.2603 | 4.0527 1.5957 | 0.5357 | 0.6467
STL-ARIMA-SVR 1.2832 | 4.1209 1.6467 | 0.5454 | 0.6607
STL-ARIMA-LSTM 0.8974 | 2.9232 1.1794 | 0.3814 | 0.0026
STL-ARIMA-RFR 31.7401 | 102.0559 | 31.7282 | 13.4907 | —0.0192

STL-ETS-ANN 1.8583 | 6.2013 2.3004 | 0.7898 | 0.6256
STL-ETS-Prophet 1.7940 | 6.0028 2.2123 | 0.7625 | 0.6471
STL-ETS-SVR 1.8027 | 6.0464 2.2979 | 0.7662 | 0.6718
STL-ETS-LSTM 0.9604 | 3.1285 1.2606 | 0.4082 | 0.0688
STL-ETS-RFR 0.9528 | 3.0944 1.2432 | 0.4050 | -0.0326

STL-TBATS-ANN 1.4242 | 4.6452 1.7941 | 0.6054 | 0.5760
STL-TBATS-Prophet | 1.3370 | 4.4555 1.7247 | 0.5683 | 0.6469

STL-TBATS-SVR 1.3814 | 4.6121 1.8102 |0.5871 | 0.6737
STL-TBATS-LSTM 0.8954 | 2.9236 1.1795 |0.3806 | 0.0018
STL-TBATS-RFR 0.9629 | 2.9860 1.1991 | 13.4907 | - 0.0076
STL-ANN-ARIMA 2.4588 | 7.6356 2.7463 | 1.0451 | 0.8889
STL-ANN-ETS 2.3379 | 7.6116 2.7373 | 0.9937 | 0.8881

STL-ANN-TBATS 2.4588 | 7.6337 2.7465 | 1.0451 | 0.8889
STL-Prophet-ARIMA | 1.3128 | 4.3658 1.7009 | 0.5580 | 0.6470
STL-Prophet-ETS 2.3651 | 7.8709 2.7549 | 1.0053 | 0.6478
STL-Prophet-TBATS | 1.5890 | 5.3107 1.9979 ]0.6754 | 0.6476
STL-SVR-ARIMA 09171 | 2.9739 1.1981 |0.3898 | —0.0809

STL-SVR-ETS 0.9104 | 2.9836 1.2037 | 0.3869 | —0.0809
STL-SVR-TBATS 0.9087 | 2.9765 1.2015 |0.3862 | —0.0809
STL-LSTM-ARIMA 5.6591 | 119.5562 | 37.0886 | 2.4053 | 0.6417
STL-LSTM-ETS 1.3368 | 4.4542 1.7237 | 0.5682 | 0.6463

STL-LSTM-TBATS 4.6027 | 114.2280 | 35.4338 | 1.9563 | 0.6433
STL-RFR-ARIMA 0.9164 | 2.9901 1.1966 | 0.3895 | 0.0932
STL-RFR-ETS 0.9224 | 3.0048 1.2034 | 0.3920 | 0.1047
STL-RFR-TBATS 09113 | 2.9766 1.1927 |0.3873 | 0.0932

Table 2. Forecast accuracy measures for the seasonal-adjusted single time series and ML models, and ML-
based hybrid models to forecast heatwaves in Rajshahi.

consequences, affecting human health, agriculture, economy, natural disasters, and ecosystems'2. Heatwaves
have become a significant part of our world’s changes, with extreme temperatures affecting various regions.
For instance, Australia experienced an epic heatwave in 2020'%, while Northern New England and Canada
experienced extreme temperatures'®. Siberia reached 38 °C!S, Death Valley in the US reached 54.4 °C7, and
Lytton in British Columbia set a new national record!®. Japan experienced its worst heatwave in 150 years',
while China experienced its highest temperatures and lowest rainfall in 61 yearszo. Countries like India, China,
Thailand, and Laos also experienced heatwaves?!, with Pakistan reporting more deaths than usual in Karachi?>%3.
Bangladesh also faces climate change concerns due to increasing heatwaves*>¥, particularly in Rajshahi, a city
in northwest Bangladesh. The city is particularly vulnerable to summer heatwaves due to decreased water vapor
and climate change susceptibility*®. Therefore, global organizations and climate experts are deeply concerned
about the growing effects of global warming and recent heatwaves.

Moreover, heatwaves are an important issue of environmental sustainability and public health!?, making
accurate forecasting crucial for effective planning and response strategies. However, anticipating heatwave
warnings requires handling the daily time series data, which is a high-frequency time series data. High-frequency
time series data forecasting presents unique challenges due to its inherent complexity and characteristics’.
Nevertheless, ML models have become popular for time series forecasting because of their ability to handle large
datasets and reveal complex patterns. Several studies on heatwave forecasting emphasize advances in ML models
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Fig. 7. Forecasted heatwave warnings from January 2023 to December 2026 in Rajshahi using the STL-
ARIMA-LSTM model based on the entire dataset.
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Fig. 8. Month-wise plot between actual and forecasted daily maximum temperature trend of STL-ARIMA-
LSTM model from January 2023 to December 2026.

to improve prediction accuracy and timeliness. For instance, extreme heatwaves were successfully forecasted
using Convolutional Neural Networks (CNNs)*2, the LSTM-based model was used on enhancing short-term
temperature prediction in Korea’®, and the RFR model was employed to forecast Central European summer
heat waves’®. However, some research show that hybrid models outperform traditional ML models in a range of
prediction domains*>”7. As a result, we were inspired to design the ML-based hybrid models using Algorithm
1. Conversely, high-frequency time series forecasting is challenging in the absence of seasonal adjustment’?. For
seasonal adjustment in high-frequency time series data, the STL decomposition method works better’. Hence,
we were also motivated to design Algorithm 2 to build seasonal adjusted ML-based hybrid models to forecast
high-frequency TS observations.

Despite many advancements made in ML models, the study of ML models for weather prediction in
Bangladesh is still limited. Hence, we developed thirty ML-based hybrid models to forecast heatwaves in
Rajshahi using our proposed Algorithm 1, including ARIMA-ANN, ARIMA-Prophet, ARIMA-SVR, ARIMA-
LSTM, ARIMA-RFR, ETS-ANN, ETS-Prophet, ETS-SVR, ETS-LSTM, ETS-RFR, TBATS-ANN, TBATS-
Prophet, TBATS-SVR, TBATS-LSTM, TBATS-RFR, ANN-ARIMA, ANN-ETS, ANN-TBATS, Prophet-ARIMA,
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Heatwave warning | Start date | End date | Heatwave warning | Start date | End date

1 07/11/2024 | 07/18/2024 | 17 08/26/2025 | 08/30/2025
2 08/06/2024 | 08/08/2024 | 18 09/14/2025 | 09/16/2025
3 08/26/2024 | 08/30/2024 |19 03/19/2026 | 03/23/2026
4 09/14/2024 | 09/16/2024 | 20 03/25/2026 | 03/29/2026
5 03/19/2025 | 03/23/2025 | 21 04/05/2026 | 04/19/2026
6 03/25/2025 | 03/29/2025 | 22 04/22/2026 | 04/29/2026
7 04/05/2025 | 04/19/2025 | 23 05/04/2026 | 05/06/2026
8 04/22/2025 | 04/29/2025 | 24 05/08/2026 | 05/10/2026
9 05/04/2025 | 05/06/2025 | 25 05/13/2026 | 05/26/2026
10 05/08/2025 | 05/10/2025 | 26 05/31/2026 | 06/09/2026
11 05/13/2025 | 05/26/2025 | 27 06/11/2026 | 06/15/2026
12 05/31/2025 | 06/09/2025 | 28 06/22/2026 | 06/24/2026
13 06/11/2025 | 06/15/2025 |29 07/11/2026 | 07/18/2026
14 06/22/2025 | 06/24/2025 | 30 08/06/2026 | 08/08/2026
15 07/11/2025 | 07/18/2025 | 31 08/26/2026 | 08/30/2026
16 08/06/2025 | 08/08/2025 | 32 09/14/2026 | 09/16/2026

Table 3. Forecasted heatwave warnings in Rajshahi from July, 2024 to December, 2026 using the STL-ARIMA-
LSTM model.

Prophet-ETS, Prophet-TBATS, SVR-ARIMA, SVR-ETS, SVR-TBATS, LSTM-ARIMA, LSTM-ETS, LSTM-ETS,
LSTM-TBATS, RFR-ARIMA, RFR-ETS, and RFR-TBATS. The performance of these developed ML-based
hybrid models was compared with that of all other traditional time series and ML models, including ARIMA,
ETS, TBATS, ANN, Prophet, SVR, LSTM, and RFR, to forecast heatwave warnings without seasonal adjustment
in Rajshahi. Our study findings reveal that the TBATS-LSTM model performed better than all other models with
MAE (1.2261), MAPE (4.0418), RMSE (1.6522), MASE (0.5191) and ACF1 (- 0.0119) in Table 1.

We also utilized our efforts to develop seasonal adjusted ML-based hybrid models based on our suggested
Algorithm 2 to forecast heatwave warnings with seasonal adjustment in Rajshahi. We compared our developed
seasonal adjusted ML-based hybrid models, including STL-ARIMA-ANN, STL-ARIMA-Prophet, STL-
ARIMA-SVR, STL-ARIMA-LSTM, STL-ARIMA-RFR, STL-ETS-ANN, STL-ETS-Prophet, STL-ETS-SVR,
STL-ETS-LSTM, STL-ETS-RFR, STL-TBATS-ANN, STL-TBATS-Prophet, STL-TBATS-SVR, STL-TBATS-
LSTM, STL-TBATS-RFR, STL-ANN-ARIMA, STL-ANN-ETS, STL-ANN-TBATS, STL-Prophet-ARIMA, STL-
Prophet-ETS, STL-Prophet-TBATS, STL-SVR-ARIMA, STL-SVR-ETS, STL-SVR-TBATS, STL-LSTM-ARIMA,
STL-LSTM-ETS, STL-LSTM-TBATS, STL-RFR-ARIMA, STL-RFR-ETS, and STL-RFR-TBATS, with seasonal
adjusted time series models (STL-ARIMA, STL-ETS, and STL-TBATS) and seasonal adjusted ML models (STL-
ANN, STL-Prophet, STL-SVR, STL-LSTM, STL-RFR). Our research results indicate that the STL-ARIMA-LSTM
model outperformed all other models with MAE (0.8974), MAPE (2.9232), RMSE (1.1794), MASE (0.3814) and
ACF1 (0.0026) in Table 2.

Therefore, the seasonal adjusted ML-based hybrid model based on Algorithm 2, STL-ARIMA-LSTM,
performs better than the ML-based hybrid model, TBATS-LSTM, using Algorithm 1 in forecasting heatwave
warnings in Rajshahi. The LSTM model by itself was unable to generate adequate forecast results. Nevertheless,
when LSTM was integrated with time series models, it became highly effective. Furthermore, by combining
ML-based hybrid models with the STL decomposition method, we discovered an even better performing model
that forecasts heatwave warnings more accurately. Importantly, the top-performing hybrid models consistently
incorporated LSTM in our analysis. Table 3 shows Rajshahi’s early warning of 32 heatwaves between July 2024
and December 2026 using the STL-ARIMA-LSTM hybrid model. The significant outperformance of the STL-
ARIMA-LSTM hybrid model is driven by its ability to combine the strengths of three powerful techniques.
STL decomposes the data effectively, ARIMA handles linear components, and LSTM captures non-linear
dependencies and long-term relationships. This synergy allows the model to outperform other hybrids that may
not integrate these elements as effectively, resulting in better predictive accuracy and robustness, especially for
complex time series data. Therefore, our suggested seasonal adjusted ML-based hybrid model, using Algorithm
2, ensures a more accurate forecast and helps to determine the number and days of heatwaves, enabling people
to plan ahead and take necessary safety measures before they occur.

Heatwave predictions are influenced by a variety of external factors that can complicate forecasting efforts.
These factors include atmospheric and oceanic phenomena, jet stream patterns, volcanic eruptions, wildfires,
climate change, technological limitations, human activity, geopolitical or economic events, and air pollution*>78-8!
Climate events like El Nifio or La Nifa can significantly alter global temperature patterns, leading to deviations
from typical trends*>®. Unexpected atmospheric phenomena like temperature variations, cold fronts, or changes
in cloud cover can cause immediate heatwaves that are difficult to predict accurately*>”*-8! Technological
limitations, such as malfunctioning satellite observations or lack of data from weather stations, can also lead to
inaccurate predictions42’78. Human activity, such as urbanization, deforestation, and land use changes, can also
affect local climates and pollution levels’”>®, Geopolitical or economic events, such as industrial shutdowns, can
also lead to shifts in atmospheric conditions’®%. Each of these elements plays a significant role in shaping global
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weather patterns. Although a variety of external factors or events can influence the accuracy of temperature
forecasts, our study forecasts heatwave alerts using univariate time series analysis. Because of this, multivariate
time series analysis, which is one of our study’s future research areas, can account for any external factors or
events. The study acknowledges this as a significant limitation and intends to consider this fact in future research.

The 2024 Bangladesh heatwave, which began in early April and persisted until May 5, is considered one of
the most severe since records began in 1948 and has led to nationwide school closures, affecting children*?”s,
According to DGHS, at least 15 people died from heat strokes between April 22 and May 5 in 2024*2. BMD
issued heat alerts and implemented measures to mitigate the impact on vulnerable populations. The government
generated a record 16,477 MW of electricity to meet the increased demand during the heatwave?>*2. Therefore,
heatwaves are increasingly becoming a significant concern in Bangladesh due to climate change, leading to
rising temperatures and associated health risks. Accurate heatwave forecasting is crucial for early warning
systems, public health interventions, and disaster preparedness strategies, reducing heat-related mortality risk
through modeling and evaluation of warnings. Effective heatwave forecasting in Rajshahi is essential not only for
immediate public health and safety but also for long-term economic stability and climate resilience.

Our study findings revealed that Rajshahi’s heatwaves were more frequent during the pre-monsoon season
(March to May) and June in previous years. This is consistent with Karmakar and Das’s (2020) findings that
heatwaves are common in Bangladesh before the monsoon season?®. However, our research also revealed that
in the most recent year, heatwaves were also recorded during the monsoon season, which runs from June to
September. Two previous studies anticipated that Bangladesh will experience more frequent and intense
heatwaves in the future?*. Our research confirms these findings as well. However, Bangladesh has already
implemented early action protocols due to heatwave forecasting, highlighting the increasing impact of climate
change on the country®?%3, The Bangladesh Red Crescent Society activated its Early Action Protocol (EAP)
for Dhaka, anticipating temperatures exceeding 38 degrees Celsius and high humidity pushing the heat index
over 38 for two or more consecutive days®. The government has ordered the closure of schools and colleges
in response to the heatwave, disrupting people’s lives and livelihoods, especially for low-income groups®>%3.
Our research highlighted that future vulnerable heatwaves will affect Rajshahi more frequently. This triggers
actions such as awareness campaigns, water bottle distribution, public announcements, and cash assistance to
vulnerable residents. Therefore, our proposed ML-based hybrid model and seasonal adjusted ML-based hybrid
model can serve as a blueprint for predicting heatwaves in other regions with high susceptibility to such weather
events. By prioritizing this capability, local authorities can better protect their communities from the growing
threat of extreme heat.

Data availability
The datasets that support the findings of this study are available on request. All correspondence and requests for
materials should be sent to MMUQ, ABA, or RR.
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