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ABSTRACT

The primary aim of this investigation is to examine the historical (1989-2020) and future trends
and magnitude of Reference Evapotranspiration (ETp) in terms of spatiotemporal measures,
considering its significance as a hydro-meteorological parameter influenced by changing
climate. The FAO-56 Penman-Monteith method is employed to analyze ET,, while the
Modified Mann Kendall test is utilized to assess trends and Sen'’s Slope Estimator is used for
magnitude analysis. The future prediction is conducted using Support Vector Machine (SVM),
Artificial Neural Network (ANN), and Random Forest (RF) models. Results show an increasing
ETo trend annually in the southeastern and northeastern zones, while decreased values are
observed in other regions, particularly in the northwest (0.83 mm). Sen’s slope estimator
reveals distinct fluctuations in ET,, with notable disparities in the Southeastern, Northeastern,
Southwestern, and South-Central zones. Notably, Chattogram and Sitakunda experience an ET,
magnitude of 0.02 mm/Year, while other zones show a magnitude of 0.01 mm/Year. SVM
outperformed other models, predicting rising ET, in various seasons. These findings offer
insights for optimizing irrigation systems and sustainable water management under changing
climatic conditions.
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1. Introduction identifying the primary contributing factors as decreasing
SD and declining wind speeds (Fu et al., 2022; Kitsara
et al., 2013; Wang et al., 2014; Xing et al., 2016).

The phenomenon of climate change has enhanced
the atmosphere’s capacity to retain moisture, leading
to increased cloud formation and a subsequent reduc-
tion in SD and SR across various regions (Mishra,
2019). It is important to note that the impact of
increased cloud cover on SD and SR varies depending
on the type of clouds present (Matuszko, 2012).
Additionally, regional variability in cloud cover
changes has been significant. For example, cloud
cover has markedly increased in Southeast Asia,

The evaluation of ET, holds critical significance in the
efficient management and design of agricultural hydrol-
ogy, the formulation of ideal irrigation scheduling strate-
gies, and the creation of models for optimizing crop
growth (Pereira et al., 2020; Salam, Towfiqul Islam,
et al,, 2020). ET,, situated at the intersection of hydro-
logical and carbon cycles, is intricately linked to crop
yield and energy balance. Furthermore, its effects reso-
nate through ocean-atmospheric circulation systems, sig-
nificantly impacting climatic variations (Fan et al., 2019;
Jung et al, 2010). Accurate assessment of ET, enables

agricultural decision-makers to make well-informed
choices, promoting sustainable practices and effective
resource management (Behboudian et al., 2021). ET| is
governed by many environmental parameters, including
wind speed, relative humidity, air temperature, solar
radiation (SR), and sunshine duration (SD), all of which
intricately interplay to influence its dynamics (Rajput
et al., 2024). Understanding the variations in ET, has
proven to be challenging due to unpredictable fluctua-
tions in these climatic factors. Surprisingly, despite a clear
link between ET, and temperature, divergent trends have
been observed in different regions of the earth. The
“evapotranspiration paradox” is a global phenomenon
affecting numerous regions, with extensive research

while it has decreased in North America (Dai, 2021;
Mao et al., 2019). Similar variability has been observed
in other meteorological factors, such as relative
humidity, which increased by up to 2.0% per decade
over the past four decades in key regions of the United
States, China, and India while remaining relatively
stable in other areas (Mao et al., 2019).

Furthermore, wide-ranging fluctuations in meteor-
ological conditions have led to notable disparities in
ET, trends across various regions (Cabral Junior et al.,
2019; Chen et al., 2023; Ndiaye et al, 2020;
Ramachandra et al.,, 2022) Reports of ET, trends
from various regions highlight the heterogeneity in
its behavior. Notably, substantial increases in ET,
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were reported in China (Chen et al., 2023; Dong et al,,
2020), Egypt (Yassen et al.,, 2020), U.S.A. (McEvoy
et al, 2020), Senegal (Ndiaye et al., 2020), Iran
(Biazar et al., 2019; Dinpashoh & Babamiri, 2020),
India (Baruah et al., 2023; Ramachandra et al., 2022)
and Pakistan (Ahmad et al., 2021; Ashraf et al., 2023).
Conversely, reductions in ET, were observed in Iran
(Cheshmberah & Zolfaghari, 2019) and Brazil (Cabral
Junior et al., 2019; Ferreira et al., 2022). Some areas,
such as Peninsula Malaysia (Pour et al., 2020) and the
Mountains of Qilian in China (Lin et al., 2018), have
shown no significant variation in ET,. In certain
regions increasing and decreasing trends in ET, were
reported, as observed in the Tibetan Highland (Zhang
et al., 2019) and the Huahe River basin (Li et al., 2018).

For a tropical, humid country like Bangladesh, pre-
dominantly situated in deltas, understanding the rela-
tionship between ET, and other climatic variables
presents a complex challenge (Jerin et al., 2021).
Changes in ET, can substantially influence crop
yield, land suitability, and irrigation demand in this
agriculturally dependent region (Katerji & Rana, 2011;
Wang et al,, 2017). Moreover, ET, plays a critical role
in managing several hydrological risks that directly or
indirectly impact this highly vulnerable nation, includ-
ing droughts, soil salinization, low river flows, and
groundwater depletion (Kamruzzaman et al., 2019;
Mainuddin et al., 2015; Rahman et al., 2021). It is
imperative to closely monitor and conduct compre-
hensive analyses since even a minor change in ET, can
significantly impact the ecology and ecosystem of the
nation (Jerin et al., 2021).

With evident patterns of rising temperatures across
the nation, the effects of climate change in Bangladesh
have become more pronounced (Rahman et al., 2023).
Reports of variations in precipitation patterns, parti-
cularly during the monsoon and pre-monsoon sea-
sons, have also emerged (Rahman & Azim, 2021b).
Various other meteorological factors have changed as
a result of global warming and other environmental
shifts (Hwang et al., 2020; Rahman and Azim, 2022).
For instance, the hours of sunshine have significantly
decreased due to increased air pollution (Rahman
et al., 2023). ET, in Bangladesh has unavoidably been
impacted by these climate changes (Rahman et al.,
2023). To understand the impact of climate change on
ET,, it is crucial to explore the spatiotemporal trend
and magnitude in the context of Bangladesh. At pre-
sent, only two notable studies have been identified in
the literature, each with a distinct focus. Jerin et al.
(2021) emphasized spatiotemporal evaluation, while
Salam, Islam, et al. (2020) focused primarily on meth-
odological approaches. However, both studies were
limited by insufficient station coverage and restricted
applicability across Bangladesh’s seven climatic zones.
Against this backdrop, the current research offers
a significant contribution.

This study seeks to address the existing research
gap regarding the spatiotemporal trends, magnitude
evaluation, and prediction of evapotranspiration (ET)
in Bangladesh. Among the various methods for esti-
mating evapotranspiration, this research employs the
FAO-56 Penman-Monteith method, which is a fully
physically based model that incorporates principles of
mass and energy conservation (FAO, 2024). This
method is widely regarded as a benchmark for esti-
mating reference evapotranspiration in numerous stu-
dies, underscoring its efficacy as an estimation
technique (Sahoo et al., 2012; Srivastava et al., 2018).
In addition to the FAO-56 Penman-Monteith method
for estimation, the study utilizes several machine
learning models for predictive purposes, demonstrat-
ing improved results across seven climatic zones in the
country (Ikram et al., 2023; Kumari et al., 2022). This
innovative approach sets this study apart from pre-
vious research by integrating machine learning models
and achieving a more comprehensive coverage of sta-
tions and climatic zones, which has not been accom-
plished before.

The primary objective of this study is to provide
comprehensive insights into the evolving dynamics of
ET, (or potential evapotranspiration) in Bangladesh.
By analyzing existing data and trends, the research will
illuminate the underlying patterns and factors contri-
buting to fluctuations in ET, over time. The findings
hold significant value for various sectors, including
agriculture, hydrology, and resource management.
Ultimately, this research will equip decision-makers
with the information necessary to make informed
choices regarding crop selection, irrigation schedules,
water resource allocation, and other critical opera-
tional aspects. Moreover, the study will also help iden-
tify adaptation strategies and measures to mitigate the
impacts of climate change on the country’s water
resources and agricultural productivity.

2. Materials and methods
2.1. Study area

Bangladesh covers an area of roughly 147,610 square
kilometers and is located within the geographic coor-
dinates of 20°34 N to 26°38 N latitude and 88°10 E to
92°41 E longitude. It is the world’s biggest deltaic
nation in the Ganges-Brahmaputra-Meghna (GBM)
river basin. Bangladesh’s climatic cycles are distin-
guished by several seasons, notably the pre-monsoon
period from March to May, the monsoon period from
June to August, the post-monsoon period from
September to November, and the winter period from
December to February. As shown in Figure 1, these
seasons outline seven unique climatic zones across the
country: the southeastern area (A), the northeastern
region (B), the northern section of the northern region



(C), the northwestern region (D), the western region
(E), and the southwestern region (F) and south-central
region (G). The climate of Bangladesh is classified as
subtropical humid monsoonal, typified by the influ-
ence of the monsoon winds. Notably, the northwes-
tern segment of the nation encounters recurrent
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drought conditions owing to insufficient water
resources, leading to an annual mean rainfall of less
than 1200 mm (M. Rahman et al., 2021; Rahman &
Azim, 2022). Therefore, the southeastern and north-
eastern zones have high rainfall intensity (Rahman &
Azim, 2022). Consequently, the western part of
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Figure 1. Demonstrate the digital elevation model of seven climatic zones of Bangladesh.
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Bangladesh consistently exhibits drier climatic condi-
tions compared to other regions. Figure 1 shows the
study area of this research (M. Rahman et al., 2021;
Rahman & Azim, 2022).

2.2. Data analysis and pre-processing

Maximum temperature, minimum temperature,
atmospheric humidity, wind velocity, and sunshine
information originating from 26 research locations
under the purview of the Bangladesh Agricultural
Research Council (BARC) were systematically com-
piled spanning the period of 1989 to 2020. The inci-
dence of absent data was minimal, accounting for less
than 2% of the dataset, thereby facilitating the unin-
terrupted progression of the meteorological investiga-
tion (M. N. Rahman & Azim, 2021a). For testing the
homogeneity, the von Neumann ratio, standard nor-
mal homogeneity test, and range test were tested, and
the datasets were found to be homogeneous
(Alexandersson, 1986; Buishand, 1982). Hence, for
the prediction study, 70% of the data were used for
training, and the rest 30% of the data was used for
testing.

2.3. Methods

To explore the seasonal and annual variations in ET,,
this research utilized the Modified Mann-Kendall
(MMK) trend test (Kendall, 1975; Mann, 1945). This
test allowed for the assessment of trends over time,
indicating potential changes in ET,,. Consequently, the
author employed Sen’s Slope Estimator (Sen, 1968) to
quantify the magnitude of ET based on the identified
trends. Subsequently, the FAO-56 Penman-Monteith
method was utilized to extract ET, values, leveraging
available climatological data, including solar radiation,
air temperature, humidity, and wind speed (Batchelor
& Roberts, 1983; Bernadette et al., 2014) (Figure 2).
This method is considered a benchmark for estimating
ETO due to its comprehensive approach that accounts
for the combined effects of these climatic parameters.

In addition to these methods, the author applied
machine learning models, including ANN, SVM, and
RF, to predict future variations in ET,. These models
are well-established in the field of predictive analytics,
offering significant advantages in accuracy for various
forecasting purposes (Elbeltagi et al., 2021; Heramb
et al., 2023). By integrating historical data, we ensured
a robust framework for our predictions, while being
mindful of potential missing values, which typically do
not exceed 2% to maintain the integrity of the analysis
(Mortuza et al., 2019; Rahman et al., 2021).

2.3.1. ET, estimation
The FAO Penman-Monteith equation leverages avail-
able climatological data, including solar radiation, air

temperature, humidity, and wind speed (Batchelor &
Roberts, 1983; Bernadette et al., 2014). Higher tem-
peratures and solar radiation increase ET, by provid-
ing more energy for vaporization. Wind speed
enhances ET, by reducing the boundary layer’s thick-
ness, facilitating water vapor transport. Humidity
influences ET, through the vapor pressure deficit:
lower humidity increases ET, by creating a larger def-
icit, while higher humidity decreases ET, by reducing
the deficit (Batchelor & Roberts, 1983; Bernadette
et al., 2014; FAO, 2024). This model ensures
a comprehensive ET, estimate by considering these
parameters collectively. Ideally, these weather mea-
surements should be collected 2 meters above a well-
watered, extensive green grass surface (Batchelor &
Roberts, 1983; Bernadette et al., 2014). This study
opted to estimate ET( using the FAO56-PM recom-
mended equation based on existing meteorological
data rather than relying on ET, measurements
obtained from an evaporation pan. The FAO56-PM
equation, proposed by (Allen et al., 1998), is widely
recognized as the global standard model for estimating
ET),. The equation itself is expressed as:

I 0.408A(R, — G) 4 y 7255 Us(es — €4)
0 A+ y(1+0.34U;)

(1)

Here, ET), is reference evapotranspiration (mmd "), is
net radiation at the crop surface (MJm ™2 d™), G is soil
heat flux density (MJm > d™), T is the mean daily air
temperature at 2 m height (°C), is wind U, speed at 2
m height (ms™"), e, is saturation vapour pressure
(kPa), e, is actual vapour pressure (kPa), e; — e,is
saturation vapour pressure deficit (kPa), the slope of
vapour pressure curve (kPa °C A is — 1), y is psychro-
metric constant (kPa °C-1), recommended G=0
(Allen et al., 1998).

2.3.2. ET, prediction

ANN, SVM, and RF were employed to see the future
variabilities of ET,. These methods are widely
accepted as prediction models for different prediction
purposes, and predicting ET is one of them (Elbeltagi
et al., 2021; Heramb et al,, 2023). Incorporating his-
torical data is a valuable practice, but one must beware
of missing data. Typically, a missing value of up to 2%
is considered acceptable, as it has a relatively low
impact on outcomes and is highly unlikely to have
any significant influence on the results (Mortuza
et al., 2019; Rahman et al., 2021).

In this study, the input variables for the prediction
model included maximum and minimum tempera-
ture, sunshine, humidity, and wind speed (Figure 2).
To train and validate the model, we utilized historical
climate data spanning from 1989 to 2020, collected
from 26 meteorological stations. The dataset was
divided into two portions, with 70% allocated for
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Figure 2. Comprehensive overview of the research design framework.

training and 30% for testing, ensuring robust model
validation. Predictions generated by ANN, SVM, and
RF were assessed using statistical metrics such as Root
Mean Square Error (RMSE), Mean Absolute Error
(MAE), and the Coefficient of Determination (R?)

The ANN is a highly advanced form of Artificial
Intelligence that is specifically designed to simulate the
complex biological neural networks of the human
brain (Azid et al., 2013; Moustris et al., 2010). ANN
can learn and recognize intricate patterns to make
predictions, classify data, and cluster. ANN has
become extremely popular due to its exceptional accu-
racy in making predictions, the advanced algorithms
employed, and highly sophisticated techniques (Azid
et al., 2014; Chaloulakou et al., 2003).

The SVM is an incredibly effective and widely used
machine learning algorithm, ideal for classification
and regression analysis tasks. This type of supervised
machine learning algorithm is specifically designed to
identify the optimal hyperplane in a given dataset,
ensuring that different classes are effectively separated
(Meris et al., 2020; Salam & Islam, 2020).

RF is an exceptional tree-based supervised ensem-
ble learning model proposed by Breiman (2001) that
has revolutionized the field of machine learning.
Breiman’s contribution was to improve the Bagging
models to RF, which is now widely used for predicting
as well as regression problems. It is a highly sophisti-
cated yet simple and robust model that offers remark-
able prediction accuracy, making it a clear winner
when compared to the Adaboost. The error produced
by RF is dependent on individual trees, and the model
trains various decision trees from two viewpoints: one
is the sample dimension, and the other one is the
feature dimension. With its unique features and
unparalleled accuracy, Random Forest is undoubtedly
the go-to model for various complex machine-
learning challenges (Dong et al., 2020).

Three commonly used statistical indicators (Quej
et al., 2019) were used to evaluate and compare the
accuracy and performance of the studied models for
daily ET, estimation: coefficient of determination
(R?%, Equation (2)), root mean square error (RMSE,
Equation (3)), and mean absolute error (MAE,
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Equation (4)). The statistical indicators’ mathematical
equations are:

Z?zl (Yi,m - YiAe)z
27:1 (Yi,m - ?i,e)z

R =

2

1 2
RMSE = \/; > (Yim — Yie) 3)
1
MAE =~ > Yim — Yiel (4)

1 n S 2
MSE = ;Zizl (Yim — Yie) (5)

where Yi,m, Yi,e, 17,-,8 and n is the measured, estimated,
and mean of global solar radiation, respectively, and
n is the number of observations. Higher R* values, i.e.,
closer to 1, indicate higher model performance and
a regression line that fits the data well. The lower the
RMSE and MAE values, the better the model
performs.

2.3.3. ET, spatial interpolation

In this study, the Inverse Distance Weighting (IDW)
method was employed as a reliable and widely used
interpolation technique to estimate unknown hydro-
logical or geographic values (Amini et al.,, 2019; Das,
2019). This approach operates on the principle that
each known data point exerts an influence on its
surroundings, which diminishes as the distance from
the point increases (Ozelkan et al., 2015). The weight
assigned to each point is inversely proportional to its
distance from the location of interest, providing an
accurate estimation based on proximity (Hodam et al.,
2017). IDW was chosen for its simplicity and effec-
tiveness in capturing local spatial variability(Rahman
et al., 2023).

3. Result and discussion
3.1. Trend and magnitude of ET,

The topographical variation in the trend of ET,
(Figure 3) reveals a declining prevalence of adverse
trends in the northwestern, western, southwestern,
and south-central regions during the pre-monsoon
season. In contrast, the northern section of the north-
ern region exhibits a significant negative trend, with
a Z-statistic of —3.84 (Figure 3). Conversely, the
southeastern, northeastern, and parts of the south-
central zones show a positive trend in ET, (Figure 3).
Additionally, the magnitude of the ET, pattern shows
negative slope values in the northern part of the north-
ern region, as well as in the northwestern and south-
western zones, which aligns with the Modified Mann-
Kendall trend findings presented in Table 1. On the
other hand, several scattered locations in the

southeastern and northeastern zones exhibit
a significant ET, magnitude of 0.02, as shown in
Table 1.

During the monsoon season, all zones and stations
display positive trends, except specific areas: the
northern section of the northern region (Rangpur),
the northwestern region (Bogura and Dinajpur), and
the southeastern zone (Hatiya) (Figure 3). Among
these zones, the northern part of the northern region
stands out with the most pronounced negative trend,
indicated by a Z-statistic of less than — 4.70 (Figure 3).
In contrast, Sen’s slope estimation indicates positive or
negligible magnitudes in several areas across all zones,
except for the northern part of the northern region, as
presented in Table 1. Furthermore, the northern part
of the northern zone shows a substantial negative ET,
value of —0.02 mm/year (Table 1).

In the post-monsoon season, a positive ET, trend is
observed across all zones, except three specific sta-
tions: Rangpur (—0.52 Z statistic), Satkhira (-0.032
Z statistic), and Madaripur (-0.032 Z statistic). These
stations are in the northern part of the northern
region, the southwestern zone, and the south-central
zone, respectively (Figure 3). Notably, the most sig-
nificant positive trends are recorded in Sitakunda (Z =
4.53), Patuakhali (Z = 4.13), and Sylhet (Z = 4.13), cov-
ering the southeastern and northeastern zones, as
shown in the map. The magnitude of ET, changes
remains relatively consistent, except in Chattogram
and Sitakunda, where a slight increase of 0.02 mm/
year is observed in the southeastern zone (Table 1).

All zones, except the southeastern, northeastern,
and northern parts of the northern region, show
a significant decline in the ET, trend in the winter
season. Only one point in the southwestern and south-
central zones exhibits an increasing trend (Figure 3).
The most pronounced positive trends are concen-
trated in the southeastern and northeastern zones,
particularly at Sitakunda (Z =4.63), Patuakhali (Z=
3.85), and Chattogram (Z = 3.53) in the southeastern
zone, and Srimangal (Z = 3.54) and Sylhet (Z = 3.36) in
the northeastern zone, as illustrated in Figure 3. Trend
variations differ considerably, with the highest var-
iance reaching 0.04 mm/year in the southeastern
zone and 0.02 mm/year in the northeastern zone
(Table 1). Conversely, substantial negative trends are
recorded in Rajshahi (-2.38 mm/year) in the western
zone, Madaripur (-3.21 mm/year) in the south-central
zone, Hatiya (-3.98 mm/year) in the southeastern
zone, and Satkhira (-3.85mm/year), Khulna
(—2.48 mm/year), and Faridpur (-2.11 mm/year) in
the southwestern zone, as detailed in Table 1.

The annual spatial trend analysis reveals a notably
high ET trend in the southeastern and northeastern
zones, primarily due to their dense hilly and forested
areas. In contrast, a reduced ET|, trend is observed in
the remaining climatic zones, with the northwestern
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Figure 3. Demonstrates spatiotemporal distribution of ET, trend in sub-climatic zones at 95% confidence interval.

Table 1. Demonstrate the magnitude of the trend of ETj, (all the values are calculated at a 95% confidence interval; bold values
indicate significant increased or decreased values).

Zone Station Pre-monsoon Monsoon Post Monsoon Winter Annual
ETo
South Eastern Khepupara 0.01 0.00 0.00 0.01 0.01
Barisal 0.01 0.01 0.00 0.00 0.01
Chattogram 0.02 0.00 0.02 0.04 0.02
Cox’s Bazar 0.01 0.00 0.01 0.00 0.00
Hatiya -0.01 0.00 0.00 -0.01 -0.01
Sitakunda 0.02 0.01 0.02 0.02 0.02
Teknaf 0.01 0.01 0.01 0.01 0.01
Rangamati 0.00 0.01 0.01 0.00 0.00
M.court 0.01 0.01 0.01 0.01 0.01
Patuakhali 0.02 0.01 0.01 0.01 0.01
North Eastern Srimangal 0.02 0.01 0.01 0.02 0.01
Sylhet 0.02 0.01 0.01 0.02 0.01
Northern Part of Northern Region Rangpur -0.02 -0.02 0.00 0.00 -0.01
North Western Region Ishurdi -0.01 0.00 0.01 0.00 0.00
Bogura -0.02 0.00 0.01 0.00 -0.01
Dinajpur —-0.01 0.00 0.01 0.00 0.00
Western Rajshahi -0.01 0.00 0.00 —-0.01 0.00
South western Khulna 0.00 0.00 0.00 —-0.01 0.00
Faridpur -0.01 0.00 0.00 -0.01 —-0.01
Jashore 0.01 0.01 0.01 0.01 0.01
Satkhira -0.02 0.00 0.00 -0.02 -0.01
South Central Dhaka 0.00 0.00 0.01 0.01 0.00
Comilla 0.01 0.00 0.01 0.03 0.01
Chandpur 0.02 0.02 0.01 0.01 0.01
Madaripur -0.01 0.00 0.00 -0.01 0.00

Mymensingh -0.01 0.00 0.00 -0.01 -0.01
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zone displaying the lowest value at 0.83, as demon-
strated in Figure 3. Furthermore, Sen’s slope estimator
demonstrates variations in the magnitude of ET,
across different parts of the Southeastern,
Northeastern, Southwestern, and Southcentral cli-
matic zones. Specifically, Chattogram and Sitakunda
exhibit an ET, of 0.02 mm/year, while other zones
maintain a slightly lower ET, of 0.01 mm/year.
Conversely, a significant decline in ET, is noted in
the northern part of the northern region (-0.01 mm/
year) and specific areas within the southeastern,
northwestern, southwestern, and south-central zones,
including Hatiya, Bogura, Faridpur, Satkhira, and
Mymensingh, where ET, also stands at —0.01 mm/
year as shown in Table 1. The observations revealed
a correlation between seasonal variations in maximum
and minimum temperatures. The declining trend in
ET,, representing potential evapotranspiration, aligns
with the results of previous research studies. This
indicates the presence of a broader underlying climatic
pattern affecting plants’ ability to absorb and retain
moisture across various regions (Salam & Islam,
2020). This pattern is attributed to the spatiotemporal
temperature variations that exist within different sub-
climatic zones of the country. These variations are
caused by factors such as variations in altitude, the
proximity to the coast, and seasonal changes. The
studies indicate that while some regions of the country
experience increasing temperatures and ET, trends,
others show a decline (Kamal et al, 2021;
M. N. Rahman & Azim, 2021a; M. Rahman et al,
2021)

3.2. Prediction of ET,

This study utilizes three distinct predictive models:
ANN, SVM, and RF. Assessing model accuracy is
a critical phase in the development of machine learn-
ing models, as it allows for the evaluation of prediction
performance. The assessment includes metrics such as
MSE, MAE, RMSE, and R-squared. The dataset is split,
with 70% used for training and the remaining 30%
reserved for testing. Although memorization perfor-
mance is considered, it is not sufficient as the sole
evaluation metric. Therefore, testing results are ana-
lysed to demonstrate prediction accuracy. Negative
R-squared values indicate a poor model fit; however,
in this study, no negative R-squared values were
observed, with a statistic of zero indicating the absence
of such cases.

Zone A, located in the southeastern region, demon-
strated significant performance of the SVM model, as
shown in Table 2, with no zero or negative R-squared
values. The RMSE values were particularly low, with
measurements of 0.16, 0.04, 0.03, 0.08, and 0.15 for the
pre-monsoon, monsoon, post-monsoon, winter, and

annual seasons. These low RMSE, MSE, and MAE
values  underscore the model’s accuracy.
Consequently, it is anticipated that the monsoon,
post-monsoon, and winter seasons will exhibit higher
ET,, with positive prediction values of 96%, 94%, and
85%, respectively. The pre-monsoon season is pro-
jected to show a 77% increase in ET, variation.
These results align with the validation performance,
further emphasizing the effectiveness of the SVM
model. In contrast, the other two models showed
relatively minor performance and were deemed unsui-
table for Zone A.

In Zone B, encompassing the northeastern region,
the ANN and RF models exhibited lower performance
than the SVM model across all seasonal and annual
timeframes. This is evident from the R-squared values
in Table 2, where some instances even resulted in
negative values or nominal predictive outcomes for
ANN and RF. Conversely, the SVM model demon-
strated consistently strong performance throughout all
seasons. This is reflected in the low RMSE values,
ranging from 0.01 (monsoon) to 0.11 (winter), with
a minimum of 0.05 achieved annually. Additionally,
the SVM model yielded minimal MSE values, ranging
from 0.0003 (monsoon) to 0.14 (winter), and MAE
values ranging from 0.01 (monsoon) to 0.08 (winter)
across all seasons and annually. These findings are
consistent with the validation performance, solidifying
the SVM model’s efficacy in Zone B. Similar to Zone
A, projections for Zone B indicate a rise in potential
evapotranspiration (ET,) across all seasons. The
expected increases are 97% (pre-monsoon), 99%
(monsoon), 91% (post-monsoon), 74% (winter), and
91% (annual).

In Zone C, located in the northern region, the ANN
model demonstrated strong performance for estimat-
ing ET, during the pre-monsoon, post-monsoon, and
winter seasons. Notably, the post-monsoon season
exhibited a significant 100% increase in ET, as pre-
dicted by the ANN model. R-squared values of 0.92
and 0.55 for the pre-monsoon and annual periods
indicated an upward trend in ET,. However, the
ANN model’s capability for predicting the RF variable
during the winter season was negligible. In contrast,
the SVM model achieved consistently high perfor-
mance across all seasons, with R-squared values
exceeding 0.87 for each period (pre-monsoon: 0.96,
monsoon: 0.93, post-monsoon: 0.98, winter: 0.87, and
annual: 0.94). Additionally, the SVM model exhibited
substantial accuracy, as evidenced by consistently
decreasing RMSE, MSE, and MAE values across all
measurements.

Zone D (northwestern region) exhibited strong
performance with the SVM model, as evidenced by
a non-zero and non-negative R-squared value in
Table 2. Low RMSE values (0.05 to 0.12) were also
observed across all seasons (pre-monsoon, monsoon,
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Table 2. Demonstrate the seasonal and annual ANN, SVM, and RF Model validation and testing outcome (bold colours are the
significant predictive ET,, and red colours values are insignificant values).

RMSE, R2, MSE and MAE Values of different models

A B
Pre- Post- Pre- Post-
monsoon Monsoon monsoon  Winter Annual monsoon Monsoon monsoon  Winter Annual
ANN Training RMSE 0.15 0.08 0.1 0.19 0.22  Training RMSE 0.38 0.19 0.07 0.16 0.13
R2 0.34 0.59 0.15 -1.21 -4.64 R2 -0.96 —-0.01 0.84 0.28 0.22
MSE 0.02 0.007 0.01 0.03 0.05 MSE 0.14 0.03 0.006 0.02 0.01
MAE 0.1 0.06 0.08 0.13 0.1 MAE 0.15 0.12 0.05 0.12 0.1
Testing RMSE 0.64 0.09 0.38 0.73 1.82 Testing RMSE 0.63 0.29 0.38 0.37 0.77
R2 -2.51 0.78 —5.24 -11.08 -88.01 R2 -1.17 -1.15 -9.01 -191 -14.88
MSE 0.04 0.008 0.14 0.53 3.31 MSE 0.4 0.08 0.14 0.14 0.6
MAE 0.26 0.06 0.16 0.41 0.89 MAE 0.36 0.14 0.22 0.29 0.38
SVM Training RMSE 0.04 0.03 0.03 0.06 0.04 Training RMSE 0.05 0.03 0.04 0.06 0.04
R2 0.95 0.92 0.91 0.77 0.8 R2 0.96 0.97 0.94 0.87 091
MSE 0 0.001 0.001 0.004  0.001 MSE 0.002 0.0009 0.002 0.004  0.001
MAE 0.03 0.02 0.03 0.5 0.03 MAE 0.04 0.26 0.03 0.06 0.03
Testing RMSE 0.16 0.04 0.03 0.08 0.15 Testing RMSE 0.07 0.01 0.03 0.11 0.05
R2 0.77 0.96 0.94 0.85 0.38 R2 0.97 0.99 0.91 0.74 091
MSE 0.03 0.001 0.001 0.006  0.02 MSE 0.005 0.0003 0.001 0.14  0.003
MAE 0.1 0.03 0.03 0.05 0.1 MAE 0.04 0.01 0.02 0.08 0.04
RF  Training RMSE 0.13 0.13 0.09 0.1 0.09 Training RMSE 0.16 0.12 0.2 0.18 0.1
R2 0.36 0 0.38 021  -0.06 R2 -0.57 0.61 -0.09 0.1 0.42
MSE 0.01 0.01 0.009 0.01 0.009 MSE 0.02 0.014 0.04 0.03 0.01
MAE 0.11 0.09 0.07 0.09 0.07 MAE 0.13 0.1 0.17 0.14 0.09
Testing RMSE 0.33 0.16 0.2 0.21 0.26 Testing RMSE 0.37 0.22 0.15 0.21 0.19
R2 0.01 0.24 —-0.72 -0.04 -0.94 R2 0.26 -0.24 -0.73 0.04 -0.04
MSE 0.11 0.02 0.04 0.04 0.07 MSE 0.13 0.04 0.02 0.04 0.03
MAE 0.23 0.12 0.15 0.17 0.2 MAE 0.23 0.17 0.12 0.15 0.16
C D
Pre- Post- Pre- Post-
monsoon Monsoon monsoon  Winter Annual monsoon Monsoon monsoon  Winter Annual
ANN Training RMSE 0.08 0.18 0.01 0.44 0.2 Training RMSE 0.38 0.09 0.07 0.18 0.12
R2 0.93 0.69 0.641 -29 0.86 R2 -0.91 0.67 0.71 -0.54  0.02
MSE 0.007 0.03 0.01 0.115  0.006 MSE 0.14 0.009 0.006 0.03 0.014
MAE 0.06 0.14 0.096 0.25 0.06 MAE 0.2 0.05 0.06 0.14 0.09
Testing RMSE 0.1 0.35 0.01 0.44 0.2  Testing RMSE 1.29 1.05 1.06 0.26 2.41
R2 0.92 —-0.51 1 -2.03 0.55 R2 -15.29 —28.43 —65.91 0.26 —288.7
MSE 0.01 0.12 0.0002 0.19 0.04 MSE 1.67 1.1 1.12 0.06 5.81
MAE 0.08 0.18 0.01 0.36 0.1 MAE 0.63 0.52 0.48 0.18 1.17
SVM Training RMSE 0.04 0.05 0.02 0.13 0.04 Training RMSE 0.066 0.02 0.03 0.07 0.05
R2 0.98 0.97 0.98 042 0.95 R2 0.94 0.99 0.93 0.6 0.78
MSE 0.002 0.003 0.0006 0.017  0.002 MSE 0.004 0.004 0.001 0.01  0.003
MAE 0.03 0.04 0.02 0.11 0.03 MAE 0.04 0.015 0.02 0.099 0.045
Testing RMSE 0.07 0.07 0.047 0.08 0.07 Testing RMSE 0.05 0.04 0.09 0.12 0.09
R2 0.96 0.93 0.98 0.87 0.94 R2 0.97 0.94 0.44 0.6 0.55
MSE 0.005 0.006 0.0022 0.008  0.005 MSE 0.003 0.002 0.009 0.01  0.009
MAE 0.07 0.04 0.03 0.06 0.04 MAE 0.04 0.04 0.05 0.099  0.05
RF  Training RMSE 0.17 0.21 0.09 0.19 0.17  Training RMSE 0.16 0.09 0.13 0.1 0.07
R2 0.74 0.58 0.78 -0.26  0.41 R2 0.63 0.71 0.1 0.32 0.58
MSE 0.03 0.04 0.008 0.03 0.02 MSE 0.02 0.008 0.018 0.014 0.006
MAE 0.13 0.14 0.07 0.16 0.12 MAE 0.11 0.07 0.108 0.08  0.067
Testing RMSE 0.15 0.05 0.28 0.26 0.18 Testing RMSE 0.26 0.15 0.22 0.18 0.12
R2 0.83 0.96 0.111 -0.07 0.62 R2 0.32 0.4 -1.84 0.18 0.17
MSE 0.02 0.002 0.08 0.068  0.03 MSE 0.06 0.02 0.048 0.03 0.016
MAE 0.1 0.02 0.12 0.14 0.1 MAE 0.25 0.1 0.16 0.14 0.11
E F
Pre- Post- Pre- Post-
monsoon Monsoon monsoon  Winter Annual monsoon Monsoon monsoon  Winter Annual
ANN Training RMSE 0.24 0.17 0.09 0.17 0.2  Training RMSE 0.17 0.2 0.21 0.2 0.24
R2 0.52 0.1 0.43 -042 -0.74 R2 0.61 -0.6 -1.31 -0.69 -2.18
MSE 0.05 0.03 0.009 0.03 0.04 MSE 0.03 0.04 0.04 0.04 0.05
MAE 0.16 0.09 0.07 0.144 0.5 MAE 0.12 0.1 0.13 0.15 0.16
Testing RMSE 0.69 1.1 0.85 0.43 0.9 Testing RMSE 0.79 0.81 0.28 03 134
R2 —4.74 -23.27 —33.03 -7.18 —4472 R2 -9.11 —13.56 —4.53 -1.46 -71.38
MSE 0.47 1.22 0.72 0.18 0.81 MSE 0.63 0.64 0.08 0.09 1.79
MAE 0.26 0.46 0.55 0.39 0.41 MAE 0.55 0.29 0.15 0.19 0.54
SVM  Training RMSE 0.09 0.07 0.05 0.09 0.07 Training RMSE 0.05 0.02 0.04 0.1 0.07
R2 0.92 0.83 0.79 0.63 0.77 R2 0.97 0.98 0.9 0.53  0.005
MSE 0.009 0.006 0.003 0.008  0.005 MSE 0.002 0.0005 0.002 0.01  0.005
MAE 0.06 0.04 0.04 0.07 0.05 MAE 0.04 0.018 0.03 0.08 0.05
Testing RMSE 0.04 0.04 0.13 0.15 0.1 Testing RMSE 0.06 0.03 0.04 0.15 0.06
R2 0.92 0.96 0.19 -0.03 034 R2 0.94 0.97 0.84 039 0.83
MSE 0.001 0.002 0.01 0.02 0.01 MSE 0.003 0.001 0.002 0.02  0.004
MAE 0.03 0.03 0.08 0.13 0.07 MAE 0.04 0.02 0.03 0.13 0.04

(Continued)
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Table 2. (Continued).

RF  Training RMSE 0.29 0.12 0.48 0.1 0.15  Training RMSE 0.21 0.1 0.14 0.13 0.1
R2 0.3 0.54 0.86 041 -0.03 R2 0.43 0.6 0.01 0.31 0.25
MSE 0.08 0.01 0.002 0.01 0.02 MSE 0.04 0.01 0.02 0.01 0.01
MAE 0.21 0.1 0.03 0.09 0.1 MAE 0.18 0.07 0.12 0.11 0.1
Testing RMSE 0.34 0.16 0.1 0.21 0.2  Testing RMSE 0.255 0.18 0.14 0.21 0.13
R2 -0.44 0.44 0.36 -1.08 -1.84 R2 —-0.04 0.25 -0.54 -0.14 031
MSE 0.12 0.02 0.01 0.04 0.05 MSE 0.06 0.034 0.02 0.04 0.01
MAE 0.28 0.14 0.07 0.16 0.2 MAE 0.22 0.1 0.13 0.15 0.12
G
Pre- Post- RF Pre- Post-
monsoon Monsoon monsoon  Winter Annual monsoon Monsoon monsoon  Winter Annual
ANN Training RMSE 0.29 0.39 0.21 0.25 0.24 Training RMSE 0.14 0.1 0.085 0.15 0.08
R2 -1.27 —7.48 -14 -2.86 —4.86 R2 0.47 0.25 0.61 -032 0.37
MSE 0.08 0.15 0.04 0.06 0.06 MSE 0.019 0.013 0.007 0.02  0.006
MAE 0.2 0.26 0.15 0.19 0.16 MAE 0.1 0.09 0.06 0.12 0.07
Testing RMSE 0.28 0.73 0.9 1.18 0.67 Testing RMSE 0.3 0.2 0.28 0.33 0.22
R2 0.26 -11.4 -2045 -20.89 -9.12 R2 0.14 0 -1.08 -0.74 -0.18
MSE 0.07 0.54 0.81 139 0.45 MSE 0.09 0.04 0.07 0.1 0.05
MAE 0.22 0.41 0.54 0.8 0.34 MAE 0.19 0.18 0.21 0.25 0.17
SVM  Training RMSE 0.09 0.06 0.05 0.1 0.07
R2 0.78 0.8 0.81 0.32 0.47
MSE 0.008 0.003 0.003 0.01 0.005
MAE 0.07 0.05 0.04 0.08 0.06
Testing RMSE 0.2 0.16 0.08 0.1 0.14
R2 0.6 0.36 0.83 0.78 0.56
MSE 0.04 0.02 0.006 0.01 0.01
MAE 0.14 0.1 0.05 0.09 0.1

post-monsoon, winter, and annual). Furthermore,
relatively small MSE and MAE values supported the
model’s accuracy. These findings suggest potential
increases in ET values for the pre-monsoon, mon-
soon, winter, and annual seasons in upcoming years
based on their respective R-squared values (0.97, 0.94,
0.60, and 0.55). Notably, the post-monsoon season is
projected to experience a 44% increase in ET, fluctua-
tion. These results align with the SVM model’s effec-
tiveness during validation, highlighting its suitability
for Zone D. Conversely, the performance of the other
two models was negligible, precluding their evaluation
in this region.

In Zone E, denoting the western area, the RF
method exhibited proficient performance during the
monsoon and post-monsoon seasons, indicated by
R-squared increases of 0.44 and 0.36 for ET,, as
shown in Table 2. Conversely, the RF model’s predic-
tive ability, particularly the ANN predictand value,
was insigniﬁcant across all seasons — pre-monsoon,
monsoon, post-monsoon, winter, and annual. The
SVM model showcased notable enhancements in ET,,
for all seasons except winter, evidenced by R-squared
values of 0.92, 0.96, 0.19, and 0.34 for pre-monsoon,
monsoon, post-monsoon, and annual periods, respec-
tively. Furthermore, the SVM model’s accuracy is
noteworthy, as evidenced by the consistent reductions
observed in RMSE, MSE, and MAE values across
measurements.

Zone F, representing the southwestern region,
demonstrates notable SVM performance with non-
zero and positive R? values, as outlined in Table 2.
Additionally, the RMSE remains consistent at 0.06

across the pre-monsoon, monsoon, post-monsoon,
and annual seasons, indicating strong model stability.
The reduction in MSE and MAE values further high-
lights the model’s high precision. As a result, ET,
values are projected to increase significantly in the
coming years, with anticipated growth rates of 94%,
97%, 84%, and 83% for the pre-monsoon, monsoon,
post-monsoon, and annual seasons, respectively.
Furthermore, the winter season is expected to see
a considerable 39% rise in ET, variability. These find-
ings align with the validation performance, underscor-
ing the reliability and significance of the SVM model.
In contrast, alternative approaches proved ineffective
and unsuitable for evaluation within Zone F.

Zone G, encompassing the south-central region,
witnessed robust SVM performance, surpassing
expectations with diminished RMSE, MSE, and MAE
values and avoiding 0 or negative r-squared values, as
shown in Table 2. Specifically, SVM demonstrated
RMSE values of 0.2, 0.16, 0.08, 0.11, and 0.14 for pre-
monsoon, monsoon, post-monsoon, winter, and
annual seasons. Furthermore, MSE (0.04, 0.02, 0.006,
0.1, and 0.01) and MAE (0.14, 0.1, 0.05, 0.09, and 0.1)
values indicated reduced magnitudes across pre-
monsoon, monsoon, post-monsoon, winter, and
annual periods, underscoring the model’s substantial
accuracy. Consequently, future ET, variation projec-
tions suggest that the post-monsoon season will exhi-
bit the most significant ET, increase over the coming
decades, with an anticipated 83% climb. Additionally,
substantial rises of approximately 60%, 78%, and 56%
in ET, variance are foreseen for the pre-monsoon,
winter, and annual seasons. These results align with



testing effectiveness, validating the SVM model’s
applicability. Conversely, the performance of the
other two models remained marginal, precluding
their recognition within Zone G. In a related manner
(Ferreira et al., 2019), found that the SVM was the
most robust alternate approach to the FAO56-PM.
Also indicated that for estimating ET,, SVM per-
formed the best, with R2 values ranging from 0.882%
to 0.993% (Wen et al., 2015). Based on precision,
dependability, ease of use, and excellent correlation
with ETy's, the SVM model is the most appropriate
approach for ET, prediction in Bangladesh. However,
Salam, Islam, et al. (2020) found a different model of
the Abtew (ET,,6) model (Abtew, 1996) for the inter-
annual and multiyear ET, prediction.

Table 3 presents correlation coefficients between
various climate variables, seasons, and geographic
zones predicting the ET,. It reveals several notable
patterns, as strong positive correlations exist between
maximum temperature and wind speed across most
zones and seasons, suggesting a linked relationship
like most dependent in predicting the ET,. Rainfall
shows weak to moderate negative correlations with
maximum temperature, wind speed, and sunshine
hours, indicating inverse relationships. Humidity gen-
erally has moderate to strong positive correlations
with wind speed, especially in Zones C, D, and G,
hinting at potential connections. Zone B stands out
with consistently high correlations between maximum
temperature and wind speed, suggesting a robust asso-
ciation in that region. Zone C exhibits distinct patterns
with weaker correlations between temperature and

Table 3. Correlation coefficient analysis.
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wind and even positive correlations between rainfall
and temperature in some seasons, implying unique
climate dynamics. These correlations offer insights
into the interplay of climate variables

The nation’s agricultural output is expected to suf-
fer due to increasing ET), trends in the coming years
(Kousari & Ahani, 2012; Rahman et al., 2019) It has
been observed that the FAO Penman-Monteith
method is more accurate in estimating ET,, while
various machine learning techniques are highly effec-
tive at predicting it (Ikram et al., 2023; Kumari et al.,
2022). Boro rice, known as dry season rice, is an
essential staple for Bangladesh’s vast population. It
plays a crucial role in the country’s economy and is
cultivated nationwide. However, this grain crop heav-
ily relies on copious water supply during all its growth
phases, from soil preparation to grain harvesting. The
cultivation period for Boro rice spans from November
to April, and irrigation is a must during this period.
Bangladesh faces challenges such as limited rainfall,
and drought episodes can further exacerbate the situa-
tion. In such circumstances, the water supply becomes
scarce, significantly impacting the crop yield and the
country’s overall economy (Rahman & Azim, 2021b).
Consequently, the escalating ET, trend adds complex-
ity to the predicament faced by various water-
dependent industries. Farmers may extract additional
water from subsurface sources in this evolving sce-
nario. However, groundwater quality has deteriorated
since the 1980s (Salam, Islam, et al., 2020). While
precipitation projections indicate a rise in national
precipitation in the 21st century, groundwater

Variables Season Zone A Zone B Zone C Zone D Zone E Zone F Zone G
Max temp Pre-monsoon 0.69 0.84 —-0.04 0.61 0.52 0.55 0.70
Monsoon 0.69 0.68 -0.21 0.53 0.52 0.56 0.66
Post-monsoon 0.75 0.70 0.07 0.53 0.46 0.58 0.74
Winter 0.67 0.76 0.13 0.73 0.52 0.52 0.68
Annual 0.70 0.73 —-0.08 0.47 0.28 0.40 0.72
Min Temp Pre-monsoon -0.18 —-0.01 0.17 —-0.07 —-0.01 0.12 -0.21
Monsoon -0.14 0.09 —-0.03 —-0.30 -0.22 -0.14 -0.18
Post-monsoon 0.03 0.11 0.05 0.02 0.13 —-0.10 0.04
Winter -0.57 —-0.04 -0.29 -0.44 —-0.38 -0.56 -0.37
Annual —-0.40 —-0.07 —-0.06 —-0.50 -0.37 -0.39 -0.42
Rainfall Pre-monsoon -0.54 —0.44 0.02 —-0.55 —-0.50 —-0.43 -0.48
Monsoon —-0.61 -0.36 -0.12 -0.54 -0.36 —-0.54 —-0.54
Post-monsoon -0.25 -0.32 0.41 —0.45 -0.49 —-0.63 —-0.45
Winter -0.37 -0.14 —-0.04 —-0.06 0.15 -0.09 0.12
Annual -0.29 -0.23 0.27 -0.23 -0.38 —-0.46 -0.35
Humidity Pre-monsoon -0.83 —-0.82 -0.36 —-0.85 —0.80 -0.59 -0.76
Monsoon -0.79 -0.76 0.15 —-0.58 -0.61 —-0.63 —-0.84
Post-monsoon —-0.26 -0.39 —-0.25 —0.65 -0.21 —-0.62 —-0.54
Winter -0.17 0.11 —-0.01 -0.37 -0.19 -0.37 -0.12
Annual —-0.60 -0.49 —-0.26 -0.70 -0.47 -0.58 —-0.62
Wind Pre-monsoon 0.59 0.63 0.76 0.63 0.55 0.69 0.72
Monsoon 0.17 0.33 0.73 0.29 0.14 0.33 0.40
Post-monsoon 0.56 0.61 0.84 0.60 0.35 0.58 0.75
Winter 0.71 0.75 0.82 0.25 0.28 0.55 0.77
Annual 0.70 0.77 0.82 0.59 0.56 0.74 0.80
Sunshine hour Pre-monsoon 0.61 0.52 0.10 0.62 0.56 0.38 0.31
Monsoon 0.82 0.79 0.34 0.81 0.86 0.79 0.74
Post-monsoon 0.59 0.65 -0.19 0.51 0.63 0.54 0.26
Winter 0.10 0.03 -0.13 0.46 0.50 0.39 -0.13
Annual 0.33 0.12 0.11 0.39 0.45 0.33 —-0.06
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recharge is influenced by more than just precipitation.
The transboundary water crisis significantly impacts
groundwater replenishment, agriculture, fisheries, and
national navigation (Biswas, 2011).

As the levels of ET,, or evapotranspiration,
increase, it poses a significant challenge for farmers
as it leads to increased irrigation costs, which can
harm their productivity. Additionally, other water-
intensive industries such as manufacturing and con-
struction, will also be affected, as there is a growing
concern about the environmental and public health
implications of excessive water usage. In addition,
changes in ET| levels can significantly impact various
hydrological processes, including soil moisture levels,
groundwater extraction, and runoff, which can have
far-reaching consequences for the environment and
ecosystems (Jerin et al., 2021). For instance, flooding
adversely impacts the progress of infrastructure devel-
opment, network systems, academic and administra-
tive institutions, and tangible assets (Kabir & Hossen,
2019). To address the country’s climatic variability
and ET, consequences, potential strategies include
exploring alternative uses of groundwater for irriga-
tion, constructing reservoirs to retain monsoon water,
and adopting suitable irrigation frameworks.

4, Conclusion

In conclusion, this study has comprehensively ana-
lyzed ET, trends, magnitudes, and predictions in
Bangladesh. The findings highlight the exceptional
predictive capabilities of the SVM model in forecast-
ing patterns, outperforming the ANN and RF models
in various zones.

(1) For Zone A, SVM-based predictions indicate an
expected increase in ET( values in the coming
years, particularly during the monsoon, post-
monsoon, and winter seasons, with positive
prediction values of 96%, 94%, and 85%,
respectively. Higher temperatures, monsoon
humidity, and reduced winter cloud cover con-
tribute to the increase.

(2) Similarly, Zone B is projected to experience
elevated ET levels across all seasons, with pre-
diction values of 97%, 99%, 91%, 74%, and 91%
for pre-monsoon, monsoon, post-monsoon,
winter, and annual periods, respectively. Zone
B’s climate, characterized by high temperatures,
strong solar radiation, and variable humidity,
drives this trend.

(3) Zone C is expected to significantly rise ET,
during all seasons, as reflected by the respective
R-squared values of 0.96, 0.93, 0.98, 0.87, and
0.94. Increasing temperatures, variable rainfall,
and higher wind speeds contribute to the rise.

(4) In Zone D, the pre-monsoon, monsoon, winter,
and annual seasons are anticipated to have
higher ET, values in the coming years, with
R-squared values of 0.97, 0.94, 0.6, and 0.55,
respectively. Elevated pre-monsoon and mon-
soon temperatures, lower winter humidity, and
higher solar radiation influence these
predictions.

(5) For Zone E, an increase in ET, is projected for
all seasons except winter, with R-squared values
of 0.92, 0.96, 0.19, and 0.34 for pre-monsoon,
monsoon, post-monsoon, and annual periods,
respectively. Lower winter temperatures and
higher humidity likely contribute to the lower
ET, prediction for that season.

(6) Similarly, this study’s predictions suggest that
Zone F’s pre-monsoon, monsoon, post-
monsoon, and annual seasons will experience
increased ET, in the following years F, with
projection values of 94%, 97%, 84%, and 83%,
respectively. Zone F’s climate, characterized by
high temperatures, intense solar radiation, and
seasonal winds, contributes to the rise.

The study reveals that combining prediction out-
comes, historical trends, and magnitude assess-
ments can significantly inform irrigation practices
in Bangladesh. Highlighting the need for prudent
water resource management, this research
addresses challenges posed by climate change and
ET, fluctuations across the country’s seven climatic
zones. The insights offer a foundation for policy
development, urging policymakers to adopt sus-
tainable approaches for water resource resilience.
The study’s recommendations emphasize sustain-
able practices as key to long-term water sustain-
ability. The government and stakeholders must
collaborate on water management policies
grounded in scientific evidence and practical
experience, ensuring both immediate alleviation of
challenges and safeguarding future water needs in
Bangladesh.
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