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Abstract

Drought has also become a potential threat of growing severity to agricultural sustainability and food security in 
climate-sensitive areas of South Asia. In Bangladesh, recurring and escalating episodes of drought in northwestern 
drought-prone areas, especially the Rajshahi district, have been caused by continuous heat-related stress, extended dry 
season, and changes in surface energy balance. In this research, an artificial intelligence-geospatial model is 
established to predict long-term temperature changes, measure spatial heat stress, and assess the agricultural risk posed 
by drought in the Rajshahi district. The ten hybrid forecasting models (LSTM, GRU, CNN, Informer, ARIMA, and 
ANFIS) that can combine both advanced signal decomposition methods (CEEMDAN, wavelet transform, variational 
mode decomposition, and STL) with deep learning and statistical learners were trained on a total of more than four 
decades (1980-2024) of monthly temperature records of the Bangladesh Meteorological Department (BMD). The 
results of the model performance were measured through various statistical values (MAE, RMSE, MSE, and R 2) and 
the temperature projections were made until 2034. At the same time, land surface temperature (LST) data of Landsat 
multi-decadal (1984-2024) was also run on Google Earth Engine to evaluate the spatiotemporal changes in warming. 
Findings indicate that warming has exhibited a statistically significant, constant trend, accompanied by a significant 
increase in high-temperature anomalies. The highest predictive accuracy models (RMSE < 0.12°C, R²> 0.99) were 
Wavelet-CNN-LSTM and CEEMDAN-SARIMA-CNN, while the remaining models, STL-ARIMA-BiLSTM and 
VMD-GRU-LSTM, also demonstrated good results (R²> 0.99). Transformer-based and shallow hybrid designs, on 
the other hand, had low reliability in long-term temperature prediction. Spatial LST analysis reveals a progressive 
growth and intensification of thermal hotspots, particularly in western and southern agricultural regions, indicating 
continued surface heating and a decline in thermal buffering ability. Clusters of high similarity between the predictions 
and actual patterns of surface warming contribute to the high risk of drought-prone agricultural areas and the growing 
stresses due to heat. In general, the suggested AI-GIS framework proposes a powerful, scalable system for drought 
early warning, agricultural risk mapping, and climate adaptation planning, delivering actionable information to support 
irrigation management and sustainable agriculture in Bangladesh and other climate-prone areas.

Keywords: Drought early warning; Hybrid machine learning; Land surface temperature; Climate change; Agricultural 
risk; Bangladesh

1. Introduction

One of the most challenging and harmful climate-associated risks is drought that causes severe risks to agricultural 
sustainability, water security, and food systems in all the global regions (Mishra et al., 2023). Drought is not sudden 
and usually does not show itself until its effects become devastating, and the results of drought include failure of crops, 
water scarcity, and social and economic pressure (Mansouri et al., 2022). During the past decades, global climate 
change has been increasing the drought risk by raising temperatures on the surface, extending dryness, and changing 
the relationships between land and atmosphere in terms of energy (Zellou & Moçayd, 2023). These transformations 
are especially important to agrarian economies in South Asia, the livelihoods of which are directly associated with 
climate sensitive agricultural systems (Pokhariyal & Patel, 2023). Historically, Bangladesh is a country that 
experiences frequent droughts, although in the northwestern part of the country, the climate is monsoon-driven (Ayadi 
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& Forouheshfar, 2025). The area including Rajshahi district has a relatively low amount of rainfall, it has a high 
demand of evapotranspiration, and often, it is exposed to hot and dry winds (Guo & He, 2024). There are numerous 
incidents of severe droughts recorded in the historical records since the 1970s, most of which caused significant losses 
in rice and wheat production, water shortage, and food insecurity (Biazar & Golmohammadi, 2025). Such repetitive 
instances emphasize the weakness of the northwestern region of Bangladesh in terms of drought vulnerability and the 
necessity to develop a better drought risk assessment system and early-warning system (Han & Liu, 2024).  Previous 
research on drought in Bangladesh depended mainly on historical data on rainfall variability, drought measures 
(including SPI and PDSI) and post-incident evaluation of agricultural damage (Mokhtar & Jalali, 2021). Although 
these methods were useful in understanding the historical instances of droughts, most of them were retrospective and 
had scarce forecasting capacity (Liu & Zhou, 2024). In addition, rainfall-based indices usually cannot measure stress 
on drought caused by temperature, especially with a warmer climate where evapotranspiration is the primary 
contributor to the depletion of soil moisture (Roux & Kunert, 2024). Computational techniques and machine learning 
(ML), deep learning (DL) models have become widely used in climate and drought research due to their progress 
(Subramaniam & Raju, 2022). Artificial neural networks, support vector machine, long short-term memory (LSTM), 
gated recurrent unit (GRU), and convolutional neural network (CNN) are examples of algorithms that have shown 
better performance in nonlinear climatic relationships modeling (Parasar & Moral, 2025). Non-stationary climate time 
series are however characterized by long-term persistence, multiple scales, and therefore constraints long-horizon 
forecasting using independent ML and DL models (Ougahi & Rowan, 2025). In order to address these shortcomings, 
new research has suggested hybrid modeling methods combining signal decomposition methods, i.e. wavelet 
transform, variants of empirical mode decomposition, seasonal-trend decomposition, with learning algorithms (Isler 
et al., 2025). Such hybrid methods have demonstrated greater predictive power in that they divide long-term trends 
and seasonal cycles and high-frequency variations before training a model (Shahriar & Choi, 2025). However, the 
majority of the current research is devoted to the accuracy of predictions and comparing the models, and little attention 
is paid to transforming the forecasts into practical climate risk information (Mishra et al., 2023). Simultaneously, 
geospatial analysis, which is based on satellites, has become an effective method to study the dynamic of land surface 
temperature (LST) and heat stress in space (Mansouri et al., 2022). The Landsat imagery has been scaled to multi-
decadal analysis at large scale to express the warming trends, the hotspots of the heat, and land-use-climate interactions 
(Qiao & Zhang, 2025). These kinds of studies can give useful spatial context to drought susceptibility but they are in 
most cases done without predictive climate modeling (Birant & Ghasemkhani, 2025). Due to this, most of the 
assessments cannot attribute future temperature projections to known spatial patterns of heat stress, which constrain 
the utility of such projections in proactive drought management (Barzigar & Allahyari, 2025). Although there is still 
a lot of progress in AI-based climate prediction and the study of heat stress on satellites, there are still several major 
gaps. First, there are no combined frameworks that provide long-term forecasting of temperatures and spatiotemporal 
mapping of heat stress to aid in drought risk evaluation (Zellou & Moçayd, 2023). Second, current literature in 
Bangladesh is focused on rain-induced drought, which does not fully accurately reflect the increased prevalence of 
temperature-induced drought due to climate warming (Roux & Kunert, 2024). Third, there is a paucity of research 
studies that expressly relate historical drought experience and future climate forecasts to determine future agricultural 
risk areas (Biazar & Golmohammadi, 2025). Lastly, there is a lack of data regarding the application of more 
sophisticated hybrid AI models in both data-limited and drought-prone areas like northwestern Bangladesh (Ayadi & 
Forouheshfar, 2025).

In order to fill these gaps, this research comes up with a hybrid model of artificial intelligence-geospatial framework 
that integrates the hybrid machine learning models of long-term temperature forecasting and the multi-decadal analysis 
of land surface temperature using satellites. The proposed study will focus on the Rajshahi district, and the goals are:

(i) assess the performance of advanced hybrid forecasting models combining signal decomposition and machine 
learning and deep learning models;

(ii) evaluate the warming patterns of the long-term and the rate of the high-temperature anomalies based on the 
predictions up to 2034;

(iii) examine spatiotemporal variations of surface heat stress on the data of Landsat-based LST from 1984 to 2024; 
and

(iv) discover drought risk and agricultural vulnerability zones due to temperature change through the spatial evidence 
to combine both the temporal and spatial measures.
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The work will enhance the ability to predict droughts in the future and offer operational information on the effects of 
climate change on agriculture by connecting historical patterns of droughts, future temperature projections, and spatial 
heat stress dynamics to support the early warning of droughts and offer practical information on climate adaptation 
and sustainable agricultural planning. The suggested AI-GIS system is a scaled and transferable solution to climate-
sensitive data-restrained areas, and will help to prevent drought hazards in Bangladesh as well as other drought-prone 
agrarian systems due to current climate change.

2. Study Area

The district of Rajshahi, as shown in Figure 1, is located in the northwestern part of Bangladesh, with a latitude of 
approximately 24.2-24.7°N and a longitude of 88.2-88.9°E. The district is located in the Barind Tract, which has 
comparatively low rainfall, high temperatures in summer, and soils that have low capability of retaining water, and is 
composed of clay. Indeed, the climate is characterized by a hot pre-monsoon, a concentrated monsoon, and a prolonged 
dry winter.

Fig.1 Study Area Map

Rajshahi has agriculture as the major source of livelihood, with the major crop types being Boro and Aman rice, wheat, 
pulses, and mango orchards. The area is also highly susceptible to climatic extremities that are driven by temperatures 
and has regular seasonal droughts, groundwater depletion, and irrigation pressure. These features make Rajshahi a 
perfect subject of study of integrated drought risk assessment through climate forecasting and spatial analysis.

3. Data Sources
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3.1. Meteorological Data

The data on the mean temperature in Rajshahi on a monthly basis were received in the Bangladesh Meteorological 
Department (BMD) between 1980 and 2024. Quality checking of the data that was missing and consistency checking 
were done before the development of the model.

3.2 Satellite-Based Land Surface Temperature

The time period used was 1984 to 2024 to derive Landsat 5 TM, Landsat 7 ETM+, and Landsat 8 OLI/TIRS sensors 
of land surface temperature data. All satellite data were evaluated with the help of Google Earth Engine (GEE). 
Average LST maps were created on a period basis to analyze the spatial changes over a long period.

3.3 Ancillary Spatial Data

Administrative boundary shapefiles for the Rajshahi district were used for spatial masking and map visualization.

4. Methodology

This paper is based on an interdisciplinary artificial intelligence-geospatial model to estimate the long-term changes 
in temperature, drought threat, and agricultural exposure in Rajshahi district, Bangladesh. The workflow of the 
methodology comprises four primary elements: (i) data preprocessing, (ii) temperature forecasting, based on hybrid 
machine learning, (iii) spatiotemporal GIS analysis of the land surface temperature, and (iv) interpretation of drought 
and the risk of agricultural functions, driven by climate conditions. 

4.1 Data Preprocessing

Data on monthly mean temperature available in the Bangladesh Meteorological Department (BMD) were initially 
taken through quality control interventions such as assessment of missing values and consistency tests. Because the 
time series of the climate was of a non-stationary and non-linear nature, there was no expectation of linearity or 
normality. This was done by data normalization before the models were trained to enhance numerical stability and 
performance.

4.2 Hybrid Machine Learning Framework for Temperature Forecasting

Ten hybrid models were created with the combination of signal decomposition methods and statistical and deep 
learning models to robustly capture long-term trends, seasonal variability, and extreme behavior of temperatures. The 
models were not separated, but divided into four methodological families, according to the learning philosophy and 
the climate signal representation in which they were developed. Such grouping is not redundant because it is 
methodologically clear.

4.2.1 Group 1: Signal Decomposition–Deep Learning Models

Models included:

• CEEMDAN–LMD–LSTM

• CEEMDAN–ELM–LSTM

• CEEMDAN–Informer–LSTM

This category combines Complete Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN) and 
the state-of-the-art learning structures to tackle the nonlinear and non-stationary characteristics of the time series of 
temperature. CEEMDAN breaks down the original temperature series into intrinsic mode functions and a residual 
trend, and allows the distinction between long-term climatic trends and short-term variations. The decomposed 
features are then modeled with the help of Long Short-Term Memory (LSTM), Extreme Learning Machine (ELM), 
or Informer-based sequence models. The architectures have been especially useful in assembling temporal 
dependencies, long-range memory, and time-varying climate signals. This population is a blend of CEEMDAN and 
deep learners, which aims at capturing the consistent warming patterns and interannual variability with the local 
climate dynamics.
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4.2.2 Group 2: Wavelet-Based Hybrid Models

Models included:

• Wavelet–CNN–LSTM

• Wavelet–VMD–LSTM

• Wavelet–ANFIS–SVR

Wavelet-based hybrids are used to represent a multi-scale representation of the temperature dynamics of time series; 
it is decomposed into time-frequency subcomponents. Wavelet transform allows the localized variations to be detected 
at various time scales, and this is especially applicable when the climate signals considered are seasonal cycle, inter-
annual variation, or extreme events. Convolutional neural networks (CNN), LSTM networks, adaptive neuro-fuzzy 
inference systems (ANFIS), and support vector regression (SVR) are used to model the wavelet-decomposed signals 
in this category. These combinations enable the models to acquire hierarchical characteristics, nonlinear relations, and 
scale-dependent patterns. Wavelet-based hybrids are hence suitable for detecting sudden changes in temperature and 
the change in behaviour of the climate.

4.2.3 Group 3: Statistical–Deep Learning Hybrid Models

Models included:

• STL–ARIMA–BiLSTM

• SG–CEEMDAN–ARIMA–LSTM

• CEEMDAN–SARIMA–CNN

This category is a combination of classical statistical time-series models with deep learning architectures to utilize 
deterministic seasonal patterns and nonlinear patterns of residuals. Trend and seasonal components are separated by 
using seasonal and Trend decomposition based on the Loess (STL), Savitzky-Golay filtering (SG), and CEEMDAN. 
ARIMA and SARIMA series models can represent linear persistence and seasonal regularity, whereas deep learning 
BiLSTM, LSTM, and CNN can represent nonlinear residuals and complicated time interactions. This hybridization 
increases interpretability and forecasting precision, so this type of model is especially appropriate in climate time 
series that are highly seasonal and long-run persistent.

4.2.4 Group 4: Deep Sequence Learning Models

Model included:

• VMD–GRU–LSTM

This group is concerned with deep sequence learning for capturing the extremes of temperature and time. Variational 
Mode Decomposition (VMD). The VMD is initially used to separate the signal into frequency-limited modes of the 
temperature signal. In turn, these components are modeled with the help of gated recurrent unit (GRU) and LSTM 
networks to learn sequential dependencies and the behavior of extreme temperatures. VMD-GRU-LSTM is 
specifically effective to showing sharp change instances, anomalous warming instances, and long-term high-
temperature episodes, and these are significant to drought early warnings and climate risk evaluation.

Table 1. Comparative summary of advanced hybrid decomposition–learning models for temperature forecasting, 
highlighting algorithmic structure, key hyperparameters, strengths, limitations, and representative application 

scenarios.
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Model Name Algorithm 
Type

Key 
Hyperparamete
rs

Advantages Limitations Typical Use 
Case 
(Temperature 
Forecasting)

CEEMDAN-
LMD-LSTM

Hybrid 
(CEEMDAN + 
LMD + LSTM)

CEEMDAN 
decomposition; 
LMD on high-
frequency 
components; 
LSTM with 50 
hidden units; 
Adam 
optimization; 
early stopping

Captures both 
high- and low-
frequency 
components; 
robust temporal 
modeling with 
LSTM 
(Hochreiter & 
Schmidhuber, 
1997; Kingma & 
Ba, 2014; Smith, 
2005; Torres et 
al., 2011)

Computationally 
expensive due to 
multiple 
decompositions; 
requires careful 
parameter 
tuning.

Medium- to 
long-term 
forecasts where 
both high-
frequency noise 
and long-term 
trends matter

Wavelet-VMD-
LSTM

Hybrid (Wavelet 
+ VMD + 
LSTM)

Wavelet 
decomposition 
(db4, level=3); 
VMD with K=4; 
LSTM per mode

Multi-resolution 
analysis with 
frequency mode 
separation; 
effective for 
nonstationary 
series 
(Daubechies, 
1992; 
Dragomiretskiy 
& Zosso, 2014; 
Hochreiter & 
Schmidhuber, 
1997)

Parameter 
selection for 
wavelets and 
VMD can be 
complex, with a 
high 
computational 
cost

Forecasting 
seasonal and 
cyclic 
temperature 
variations with 
noise reduction

SG-
CEEMDAN-
ARIMA-LSTM

Hybrid 
(Savitzky–Golay 
+ CEEMDAN + 
SARIMA + 
LSTM)

SG filter: 
window=11, 
polynomial=3; 
CEEMDAN 
decomposition; 
SARIMA for 
linear IMFs; 
LSTM for 
nonlinear

Combines 
statistical 
(SARIMA) and 
deep learning for 
trend and 
residual 
modeling 
(Savitzky & 
Golay, 1964; 
Hyndman & 
Athanasopoulos, 
2018; Hochreiter 
& Schmidhuber, 
1997; Torres et 
al., 2011)

Model 
complexity: 
multiple stages 
require 
consistent 
preprocessing

Long-term trend 
forecasting with 
short-term 
variability in 
temperature data
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STL-ARIMA-
BiLSTM

Hybrid (STL + 
SARIMA + 
BiLSTM)

STL 
decomposition; 
SARIMA for 
trend; BiLSTM 
for residuals

Separates 
trend/seasonal/re
sidual; BiLSTM 
captures 
bidirectional 
dependencies 
(Cleveland, 
1990; Hyndman 
& 
Athanasopoulos, 
2018; Schuster 
& Paliwal, 
1997)

Seasonal 
extrapolation 
assumes 
periodicity; it 
may 
underperform on 
irregular 
patterns

Seasonal 
temperature 
forecasting with 
strong recurring 
patterns

CEEMDAN-
Informer-
LSTM

Hybrid 
(CEEMDAN + 
Informer + 
LSTM)

CEEMDAN 
decomposition; 
Informer for 
trends; LSTM 
for details

Informer 
handles long 
sequences 
efficiently; 
LSTM models 
high-frequency 
fluctuations 
(Torres et al., 
2011; Zhou et 
al., 2021; 
Hochreiter & 
Schmidhuber, 
1997)

Informer tuning 
complexity 
requires 
significant data 
for training

Long-horizon 
forecasting with 
mixed-frequency 
temperature 
variations

Wavelet-CNN-
LSTM

Hybrid (Wavelet 
+ CNN + 
LSTM)

Wavelet 
decomposition; 
CNN with 32/16 
filters, kernel 
size=2; LSTM 
layers

CNN captures 
local patterns; 
LSTM models 
sequential 
dependencies 
(Daubechies, 
1992; LeCun et 
al., 2015; 
Hochreiter & 
Schmidhuber, 
1997)

Risk of 
overfitting with 
small datasets; 
sensitive to 
wavelet 
parameters

Short- to 
medium-term 
forecasts where 
spatial-like 
features in time 
series are 
present

VMD-GRU-
LSTM

Hybrid (VMD + 
GRU + LSTM)

VMD with K=5; 
GRU (64 units); 
LSTM (32 units)

GRU reduces 
computation; 
LSTM refines 
temporal 
modeling 
(Dragomiretskiy 
& Zosso, 2014; 
Cho et al., 2014; 
Hochreiter & 
Schmidhuber, 
1997)

Two-stage RNN 
architecture 
increases 
complexity; 
requires large 
data

Capturing mixed 
linear-nonlinear 
modes in 
medium-term 
temperature 
forecasts
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4.3 Spatiotemporal GIS analysis: Land Surface Temperature.

The land surface temperature (LST) data of Landsat sensors were accessed from satellites to analyze the long-term 
spatial dynamics of heat in the Rajshahi district based on Google Earth Engine. To locate the tendencies of warming, 
the development of thermal hotspots, and a spatial heterogeneity in surface temperature, period-wise average LST 
maps (1984-2024) were created.

4.4 Agricultural Risk Interpretation and Drought.

Observed patterns of LSTs were then interpreted together with the forecasted patterns of temperature to determine the 
risk of drought and agricultural vulnerability. High and consistent temperatures were associated with high demand for 
evapotranspiration, loss of soil moisture, and possible crop stress. The novel combination of the interpretation offers 
a climate-informed foundation of drought early warning and agricultural adaptation planning.

CEEMDAN-
SARIMA-CNN

Hybrid 
(CEEMDAN + 
SARIMA + 
CNN)

CEEMDAN 
decomposition; 
SARIMA for 
trends; CNN 
with 32 filters, 
kernel size=3 for 
details

Statistical 
modeling of 
trends with CNN 
extraction of 
complex 
residual features 
(Torres et al., 
2011; Hyndman 
& 
Athanasopoulos, 
2018; LeCun et 
al., 2015)

CNN may miss 
long-range 
dependencies; 
SARIMA 
assumes 
linearity in 
trends

Forecasting 
temperature with 
clear long-term 
trends and 
complex short-
term variations

CEEMDAN-
ELM-LSTM

Hybrid 
(CEEMDAN + 
ELM + LSTM)

CEEMDAN 
decomposition; 
ELM for linear 
IMFs; LSTM for 
nonlinear

ELM offers 
rapid training; 
LSTM handles 
nonlinear 
sequences 
(Torres et al., 
2011; Huang et 
al., 2006; 
Hochreiter & 
Schmidhuber, 
1997)

ELM may 
underfit 
complex linear 
trends; 
balancing 
ELM/LSTM 
output is tricky

Rapid 
temperature 
predictions 
where speed is 
critical

Wavelet-
ANFIS-SVR

Hybrid (Wavelet 
+ SVR replacing 
ANFIS)

Wavelet 
decomposition; 
SVR with RBF 
kernels

Robust 
regression for 
nonlinear 
temporal 
patterns; avoids 
ANFIS 
complexity 
(Daubechies, 
1992; Vapnik, 
1995; Jang, 
1993)

SVR 
kernel/parameter 
tuning needed; 
no explicit 
trend-seasonal 
separation

Temperature 
forecasting with 
nonlinear 
dynamics and 
noise

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


4.5 Evaluation Matrices

The results of the models in terms of temperature prediction were studied by the application of various evaluation 
indicators. These measures were used on 10 hybrid models to allow a fully assessed evaluation of the accuracy and 
reliability of the prediction of these models. The matrices that are used are the following:

• Mean Absolute Error (MAE)

In MAE, the difference between the projected and the actual values is calculated, with each error being considered 
equally.

𝑀𝐴𝐸 =  1
𝑁∑𝑁

𝑖=1 |𝑦𝑖 ― 𝑦𝑖| … … … (1)

MAE is more precise than other matrix techniques. This is a sure way by which prediction error can be more accurately 
measured.

• Root Mean Squared Error (RMSE)

Root Mean Squared Error (RMSE), which is easy to interpret and gives data about the mean errors in prediction, is 
based on the square root of Mean Squared Error (MSE).

𝑅𝑀𝑆𝐸 = 𝑀𝑆𝐸 = 1
𝑁

∑𝑁
𝑖=1 (𝑦𝑖 ― 𝑦𝑖)2… … … (2)

It is useful in time series prediction since one can trace the variation of errors and reduce errors; the smaller the 
number, the more accurate the model is.

• Coefficient of Determination (R² Score)

Assessment of the predictive power of independent variables can be done with the R2 score. The proportion of the 
volatility of the actual data that the model is able to predict. When the values range between 1 and 0, the perfect 
prediction will be presented; otherwise, the variability of the data will be addressed.

𝑅2 =  1 ―
∑𝑁

𝑖=1 (𝑦𝑖―𝑦𝑖)2

∑𝑁
𝑖=1 (𝑦𝑖―𝑦𝑖)2… … … (3)

Improved functionality of the model. The dataset was closely monitored and used to model, especially in climatic 
data, based on the increased R2 values. 

• Mean Squared Error (MSE)

MSE is a regression model of loss functions that is widely used in estimating the square of average errors to provide 
results between actual and expected performance.

𝑀𝑆𝐸 =  1
𝑁∑𝑁

𝑖=1 (𝑦𝑖 ― 𝑦𝑖)2… … … (4)
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Where N = total number of observations (y (i ) = the actual temperature value at time i and y i = the predicted 
temperature value at time i?

5. Results and Discussion
5.1 Performance Evaluation of Hybrid Models

All machine learning (ML), deep learning (DL), and hybrid models were tested on the predictive performance, which 
was measured in terms of MAE, RMSE, MSE, and coefficient of determination (R2). The assessment was done on the 
testing sample to determine the ability to generalize and the strength. The results are explained in the context of 
methodological consistency and reliability between model groups, instead of the individual model supremacy, which 
is more suitable in climate and drought-related studies.

5.1.1 Group-Wise Model Performance Comparison

1. Group 1: Signal Decomposition–Deep Learning Models

This category of models uses Complete Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN) 
with the latest deep learning networks to efficiently model nonlinear, non-stationary, and multi-scale properties of 
temperature time series. On the whole, these models demonstrated high levels of predictive performance on all 
measures of evaluation, where the MAE and RMSE values are consistently lower, and the scores of R2 are higher than 
those of non-decomposed or purely statistical methods. The improved performance can be attributed to the capability 
of CEEMDAN to separate intrinsic oscillatory and long-term trends before the prediction by deep learning.

• CEEMDAN–LMD–LSTM

The CEEMANLMDLSTM model is a hybrid of CEEMDAN-based signal decomposition, Local Mean Decomposition 
(LMD), and LSTM learning to address both long-term climatic variations and short-term variability. 

Fig. 2. Comparison between observed and predicted monthly temperature series using CEEMDAN–LMD–LSTM

As shown in Figure 2, the forecasted series of temperature is quite close to the observed values, especially in the 
trending seasonal cycles and slow warming tendencies. The small deviations are mainly found in sudden changes in 
temperature, which means that the model has the ability to average noise and still retain significant climate 
information. The dispersion of the errors illustrated in the figure is relatively low, which supports the strength of using 
such a hybrid framework to model temperature persistence when used to assess droughts.

• CEEMDAN–ELM–LSTM
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CEEMDANELM LSTM architecture merges CEEMDAN and Extreme Learning Machine (ELM) along with the 
LSTM architecture to improve the efficiency of learning and, at the same time, ensure that temporal dependencies in 
the dataset are preserved. 

Fig. 3. Comparison between observed and predicted monthly temperature series using CEEMDAN–ELM–LSTM

This model, as indicated in Figure 3, illustrates high similarity in the observed and predicted temperatures with less 
phase lag between CEEMDAN and CEEMDAN-LMD-LSTM and high responsiveness to short-term dynamics. This 
capability of the model to quickly adjust to the changing temperature patterns is indicative of the performance of ELM 
in capturing the nonlinear residual elements, whereas the layer of the LSTM provides continuity of the long-term 
patterns of climate.

• CEEMDAN–Informer–LSTM

Of the Group 1 models, CEEMDAN -Informer -LSTM had the best overall predictive accuracy. This model uses the 
effectiveness of the Informer architecture in modelling long-term temporal relationships efficiently, which makes it 
especially effective in long-term climate projections. 

Fig. 4. Comparison between observed and predicted monthly temperature series using CEEMDAN–Informer–
LSTM

As can be seen in Figure 4, the series of predicted temperatures not only concur with the actual temperatures but also 
maintain a continuity of trend over the long run and interannual variability with very little smoothing bias. The smaller 
amplitude distortion and the narrow gap in the confidence show enhanced learning in both persistent warming signals 
and temporal memory.
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The compensation of low error dispersion and consistent reproduction of the trend in the figure supports the 
effectiveness of the CEEMDAN, with the addition of attention-driven deep-learning frameworks. This is essential to 
climate impact research, in which a sound model of long-term warming paths is necessary to produce information on 
drought risks, as this is directly dependent on the representation.

• Group-Level Interpretation

Together, the numbers indicate that the decomposition using CEEMDAN can be applied to deep learning to provide 
a significant boost to its performance by alleviating noise, isolating physically meaningful temperature factors, and 
stabilizing the performance of the forecast. The overlapping of the predicted and observed series by all three models 
is a sign that the warming signal that is being observed in Rajshahi is not model-specific but rather solid. These are 
what make Group 1 models especially applicable in downstream climate risk analytical applications and/or early-
warning drought applications.

2. Group 2: Wavelet-Based Hybrid Models

Hybrid models Wavelet-based hybrid models combine an architecture based on time-frequency signal decomposition 
with machine learning and deep learning models to encode multi-scale variations in the temperature in the signal. 
These models showed competitive behavior in all the evaluation measures, especially in capturing seasonal variability, 
transitional climate behavior, and short-term fluctuation within long-run warming trends.

• Wavelet–CNN–LSTM

Wavelet-CNN-LSTM is an algorithm that uses a combination of wavelet transform, convolutional, and recurrent 
neural networks to extract a hierarchical temporal signal from the decomposed temperature signal. 

Fig. 5. Observed versus predicted temperature series produced by Wavelet–CNN–LSTM

As shown in Figure 5, the predicted temperature series is very similar to observed seasonal oscillations with good 
representations of periodic warming and cooling on-cycles. Convolutional layers are used to improve the extraction 
of features by the wavelet sub-bands, whereas the LSTM component maintains time continuity. The fact that, on 
sudden transition, there are minor deviations, is an indication that the model is sensitive to high-frequency variability; 
however, overall consistency proves the appropriateness of the model in the description of transitional climate 
behavior.

• Wavelet–VMD–LSTM

The Wavelet VMD LSTM model is the combination of wavelet decomposition, variational mode decomposition 
(VMD), and the learning process of the long-term short-term memory (LSTM) neural network, which enhances the 
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representation of low- and high-frequency temperature variations. This model has the highest level of agreement 
between measured and predicted temperatures of Group 2 models, 

Fig. 6. Observed versus predicted temperature series produced by Wavelet–VMD–LSTM

as illustrated in Figure 6. The long-term trends of the predicted series are well maintained, and on the other hand, the 
short-term fluctuations are well captured with little noise. The increased values of R2 and decreased values of MSE of 
this model suggest that it is able to learn better the intrinsic temperature modes, which is the main strength of this 
model in the modeling of non-stationary climate signals.

• Wavelet–ANFIS–SVR

The Wavelet-ANFIS-SVR model is a combination of wavelet-based decomposition, adaptive neuro-fuzzy inference, 
and support vector regression to gain the nonlinear dependence of temperature data. The general seasonal patterns and 
long-term trends are replicated by the model 

Fig. 7. Observed versus predicted temperature series produced by Wavelet–ANFIS–SVR

As shown in Figure 7, there is a slight smoothing, which can be seen in extreme temperature peaks. This is an 
indication that the model is strong in generalization and interpretability, though with a relative lack of sensitivity to 
sudden changes in temperature extremes. However, the general similarity between observed and predicted values 
supports the fact that neuro-fuzzy learning is effective in the representation of climate time series.

• Group-Level Interpretation
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By combination, the hybrid models based on the wavelet have shown great ability of capturing the multi-scale 
dynamics of temperature, especially seasonal variability and intermediate-frequency climate signals. The excellent 
performance of the Wavelet-VMD-LSTM indicates that the integration of the wavelet and variational mode 
decomposition can be beneficial in improving signal separation and reducing the mode mixing. The fact that the three 
models converge indicates that wavelet-based decomposition is a reliable and consistent basis to modeling non-
stationary behavior of temperature, thus these models can be used in the evaluation of variability of climates, and in 
drought-type applications.

3. Group 3: Statistical–Deep Learning Hybrid Models

The hybrid models of statistical-deep learning combine classical time-series models with the deep learning models to 
learn both linear seasonal persistence and nonlinear residual dynamics. These models also demonstrated predictive 
stability in terms of evaluation measures, with moderate values of MAE and RMSE, and consistent R² scores, 
indicating their effectiveness in modeling autoregressive behavior and seasonal climatic patterns.

• STL–ARIMA–BiLSTM

STL-ARIMA-BiLSTM is a model that can be used to model the seasonal and trend of deterministic components with 
the help of Loess (STL) and ARIMA modeling and bi-directional LSTM learning to model nonlinear temporal 
interactions. The predicted temperature series 

Fig.8. Comparison of observed and predicted temperature values using STL–ARIMA–BiLSTM

As shown in Figure 8, it remarkably follows the observed seasonal cycles, and the periodic warming and cooling 
cycles are effectively represented. The bidirectional LSTM element enhances the temporal context sensitivity through 
learning the forward and backward dependencies that lead to the continuity of trend stability. The slight 
underestimation during sharp temperature peaks implies that there was a conservative reaction to extreme variability 
which is a factor that helps the model to be overall stable.

• SG–CEEMDAN–ARIMA–LSTM

The SG-CEEMDAN-ARIMA-LSTM model combines Savitzky-Golay (SG) filtering as well as CEEMDAN-based 
decomposition with ARIMA and LSTM learning with the aim of improving signal smoothness and nonlinear residual 
modelling. 

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


Fig.9. Comparison of observed and predicted temperature values using SG–CEEMDAN–ARIMA–LSTM

According to Figure 9, this model shows better correlation of observed and predicted temperatures than other Group 
3 models. The series below, which is the predicted series, is doing a great job in capturing seasonal persistence and 
gradual warming trends, and it incurs lower phase lag, as well as a better responsiveness to transitional variation. The 
comparatively large R² and smaller error dispersion of this model indicate the advantage of the model in integrating 
statistical seasonality modeling with residual correction through deep learning.

• CEEMDAN–SARIMA–CNN

The CEEMDAN-SARIMA-CNN model incorporates CEEMDAN decomposition with Seasonal ARIMA (SARIMA) 
and convolutional neural networks to detect both the linear and nonlinear localized patterns of seasonality. With the 
general seasonal behaviour and long-term trends being reproduced 

Fig.10. Comparison of observed and predicted temperature values using CEEMDAN–SARIMA–CNN

As shown in Figure 10, slight smoothing is observed in the high-amplitude temperature swings of the model. The 
CNN element improves the extraction of features of decomposed signals, whereas the SARIMA structure preserves 
seasonality. This equilibrium helps in improving interpretability and the strength of this model, although with a minor 
diminished sensitivity to extreme temperature incidences.

• Group-Level Interpretation

On the whole, statistical-deep hybrid models show good performance in modeling seasonal persistence and 
autoregressive climate behavior that are inherent attributes of temperature time series. The better performance of 
SGCEERAARIMALSTM highlights the importance of the combination of statistical decomposition with the learning 
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of non-linear residual to enhance predictive performance. Even though these models are slightly inaccurate compared 
to purer, deeply hybrid models, they are more useful in climate studies where transparency and consistency are vital.

4. Group 4: Deep Sequence Learning Models

Deep sequence models of learning are based on learning long-term temporal dependencies, as well as extreme behavior 
of climate time series, with recurrent neural network models. In the paper, the VMDGRU-LSTM model is the 
representative of this methodology family and is developed to improve the learning of persistent warming signals and 
anomalous temperature incidences applicable to drought risk assessment.

• VMD–GRU–LSTM

VMD-GRU-LSTM is a combination of Variational Mode Decomposition (VMD) with a gated recurrent unit (GRU) 
network and long short-term memory (LSTM) network, which can be used to efficiently model a complicated temporal 
relationship in temperature records. VMD breaks down the temperature series of origin into frequency-limited intrinsic 
modes, which minimizes mode mixing and allows major temperature signals to be separated more clearly. These 
disintegrated parts are then successively trained through GRU and LSTM structures to embrace both the short-term 
variability as well as long-term memory impacts.

Fig.11. Observed and predicted temperature series generated by the VMD–GRU–LSTM model.

As shown in Figure 11, the modeled temperature sequence shows a high level of correlation with the real numbers 
over the entire duration of the study, especially in long warming intervals and temperature extreme events. The model 
is also effective in maintaining the intensity and timing of extreme temperatures, which exhibits less phase lag, and 
reproducible fixed trends. The small variations in RMSE and the comparatively high values of R2 depict good 
predictive power and good explanatory power, particularly when it comes to the representation of continuous thermal 
stress conditions.

The capability of the VMD-GRU-LSTM model to store the temporal memory and extreme behavior of the model 
makes it especially applicable to climate applications where prolonged heat exposure becomes a major contributor to 
the formation of drought and plant stress. In spite of the fact that this model does not perform better than decomposition 
deep hybrid frameworks in the overall accuracy, it is stronger in modeling extreme and sustained temperature 
fluctuations with a high level of temporal coherence.

5.2 Long-Term Temperature Forecasting

Decades-long temperature predictions based on the most effective hybrid projections indicate that there is a consistent 
and coherent warming pattern in the district of Rajshahi through to the 2030s. According to Figure 12, the hybrid 
structures always indicate an upward curve in the temperature distributions with the passing of successive decades, 
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which means that there is a systematic increase in central tendency as well as the upper ends. In Figure 12, the decadal 
boxplot analysis provides a view of the graphic representation of the temperature features that have been associated 
with time. Median temperatures are relatively lower, and the interquartile ranges are also smaller in the past decades 
(1980-1999), and hence the thermal conditions were not very extreme. Conversely, however, recent decades (2000-
2024) report an evident movement towards higher median values with broader distributions, which means temperature 
variability and the overall growth in the proportion of warm anomalies.

Fig.12. Decadal temperature distribution and long-term forecasting using hybrid models

This warming signal is further enhanced by the forecasted periods (2025-2029 and 2030-2034), which are represented 
by the orange boxplots in Figure 12. These forecasts project high median temperatures and larger upper percentiles in 
all the hybrid models, implying a greater tendency to experience high temperature durations. The uniformly raised 
upper whiskers through models indicate the rising frequency and intensity of extreme heat events and not the cases of 
isolated outliers. Notably, the convergence of temperature distributions of these multiple families of methods, signal 
decomposition, deep learning, wavelet-based hybrids, statistical deep hybrids, and deep sequence learning, shows that 
there is a good convergence in the long-term project of warming. This inter-model consistency minimizes uncertainty 
that might be involved when a particular model is used and makes people very confident about the stability of the 
trends of the projected temperatures. The mechanisms of the observed increase in the upper temperature distributions 
have serious climatic consequences, with high temperatures being strongly associated with the heightened need for 

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


evapotranspiration and the lack of moisture on the surface. As a result, the predicted warming pattern offers an 
essential basis to understand the future drought hazard and agricultural burden of Rajshahi district, accentuating the 
worth of hybrid AI-based forecasting in gauging climate effects instead of a strictly predictive comparison.

5.3 Quantitative Evaluation of Model Performance

The performance of all the hybrid models in terms of quantitative metrics was assessed, including MAE, MSE, RMSE, 
and coefficient of determination (R²), as summarized in Table 2. These metrics measure the accuracy of prediction, 
sensitivity to large error variations, and explainability of temperature variability. By comparing models of advanced 
signal decomposition methods with deep learning architectures, it is found that in most cases, models that combine 
these two approaches had lower error levels and increased explanatory power, as demonstrated in Table 2.

Table 2. Quantitative Evaluation of Model Performance

Model MAE MSE RMSE R²

CEEMDAN-LSTM 0.6882 0.9712 0.9855 0.6523

Wavelet-VMD-LSTM 0.0869 0.0126 0.1122 0.9885

SG-CEEMDAN-ARIMA-
LSTM 2.2939 8.8402 2.9732 0.6807

STL-ARIMA-BiLSTM 0.3086 0.1288 0.3589 0.9953

CEEMDAN-Informer-LSTM 4.3806 26.1424 5.113 0.0558

Wavelet-CNN-LSTM 0.0374 0.0023 0.0483 0.9688

VMD-GRU-LSTM 0.3473 0.2073 0.4553 0.9903

CEEMDAN-SARIMA-CNN 0.0972 0.0127 0.1128 0.9999

CEEMDAN-ELM-LSTM 0.7844 1.0549 1.0271 0.954

Wavelet-ANFIS-SVR 2.5793 11.5673 3.4011 0.9311
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The Wavelet-CNN-LST model had the lowest MAE (0.0374) and RMSE (0.0483), indicating that the accuracy of 
short-term predictions is high and the deviation observed between the model and the observed temperatures is minimal. 
Likewise, the values of MAE (0.0869) and RMSE (0.1122) for Wavelet-VMD-LSTM were minimal, with a high R² 
value (0.9885), which indicates an excellent ability to adhere to both seasonal and multi-scale variations in 
temperature. The CEEMDAN-SARIMA-CNN model had the highest R² value (0.9999) and the lowest MAE (0.0972) 
and RMSE (0.1128) values, which indicates that it has the best capacity to account for the variance in temperature 
observed. This demonstrates the effectiveness of combining CEEMDAN-based decomposition with statistical 
seasonality modeling and convolutional feature extraction, particularly in capturing structured climatic patterns. The 
statistical-deep hybrid models (E.g., STL-ARIMA-BiLSTM) also demonstrated good explanatory power (R² = 
0.9953) with moderate error values, indicating that these models well represented seasonal persistence and 
autoregressive patterns. By contrast, SG-CEEMDAN-ARIMA-LSTM demonstrated relatively greater values of MAE 
and RMSE, implying a lesser sensitivity to short-term changes, but with a sufficiently high value of explanatory power.

The VMD-GRU-LSTM model exhibits a high R² value (0.9903) and a moderate RMSE value (0.4553), indicating 
strong capabilities in storing long-term temporal memory and maintaining long-term persistence of warming, making 
it particularly suitable to drought-related climate analysis. On the other hand, CEEMDAN-Informer-LSTM exhibited 
comparatively high error values and a low R² value, suggesting that it has limited explanatory power in the current 
data. This tendency can be explained by the fact that the Informer architecture relies on large-scale sequence learning, 
which may be less efficient when dealing with moderate-length climate time series that exhibit substantial seasonal 
structure.

The findings in Table 2 indicate that no single model prevails in all the assessment measures. Instead, their most 
reliable performance is modeled by those who have managed to balance well the noise reduction of decomposing 
models and the temporal representation of deep learning frameworks. The overlap of robust outcomes among several 
different hybrid frameworks strengthens the belief in the strength of the demonstrated warming trends. It allows us to 
use them to interpret the climate impacts instead of trying to optimize them with the help of algorithms.

5.3 Spatiotemporal Patterns of Land Surface Temperature 

Landsat-derived multi-temporal land surface temperature (LST) maps give detailed information on the spatial 
development of the surface warming throughout the Rajshahi district over the past 40 years (Figure 13-22). Each of 
the panels depicts a four-year average LST distribution, which allows a uniform comparison over time of the thermal 
patterns.

• Surface Temperature Distribution (1984–1987)

The surface temperature of the land surface during 1984-1987 shows that mostly the thermal conditions in the Rajshahi 
district are cool to moderate. The interior and northern part is dominated by lower surface temperatures, which are 
defined by blue to cyan colors, and this implies that the land surfaces were relatively stable and thermally regulated 
at a relatively early time of observation. The areas of increased surface temperature are mostly restricted to areas of 
large river channels and the southwestern boundary areas. These warmer regions are shown in yellow to red color, 
indicating the areas of exposure like riverbanks, sand bars, and other low vegetation surfaces, where the local moisture 
content and sunlight exposure add to the localized accumulation of heat. Nonetheless, these hot spots are spatially 
alienated and disconnected.
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Fig.13. Spatiotemporal evolution of LST in Rajshahi district (1984–1987)

Moderate temperatures and low levels of spatial variation characterize the western and central agricultural landscape, 
which suggests a relatively equal relationship between land cover, soil moisture, and the atmospheric conditions. It is 
also noticeable that there are cooler patches around water bodies and along the drainage networks, indicating the 
cooling effect of the surface water at this time. The space-based distribution, in general, indicates the existence of a 
thermally uniform topography with discrete areas of heat that are mainly due to geomorphological and hydrological 
effects and not extensive warming of the land surface. The lack of large high-temperature clusters means that local 
surface heating was not strong in the middle of the 1980s, and the results can serve as a thermal reference point to the 
following decades.

• Surface Temperature Distribution (1988–1991)

The temperature field of the land surface over 1988-1991 shows a significant rise in spatial heterogeneity in 
comparison with the previous time. Although much of the area of the Rajshahi district is still under the moderate 
temperature conditions, warmer surface conditions are more pronounced in space, especially in the central and eastern 
areas. The areas with a cooler temperature, which are represented by a darker blue color, are concentrated in the 
northern and western parts of the district. The relevant areas are probably more vegetation cover and less surface 
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exposure, which is involved in improved thermal control. However, the central and eastern areas are less green and 
yellow, pointing to the overall increase in average surface temperatures.

Fig.14. Spatiotemporal evolution of LST in Rajshahi district (1988–1991)

The areas of high temperatures are clearly observed along the major river corridors and the areas of the southern 
floodplain. These warmer linear patterns are indications of greater exposure of riverbanks and sandbars and 
neighboring cultivated lands with less moisture retention and surface perturbation of the land, raising the amount of 
heat. These hotspots are seen to be more continuous and extended in space as compared to the past decade. The 
southern and southeastern edges of the district are more strongly warmed with localized red and orange patches 
showing the anomalies of high temperature. This geomorphological increase of warm areas is indicative of the initial 
intensification of surface heating and not pure geomorphological influences. In general, the 1988-1991 interval is 
observed to be characterized by the shift of relatively homogenized thermal conditions to heterogeneous ones in terms 
of surface temperature patterns. The formation and growth of warmer areas are an indication of the beginning of 
organized warming of surfaces, which preconditions the appearance of more significant thermal heating in further 
decades.
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• Surface Temperature Distribution (1992–1995)

The trend in land surface temperature distribution from 1992 to 1995 indicates that surface warming was more intense 
in the Rajshahi district than in past periods. Temperate to warm classes prevail in most areas of the landscape, as 
reflected by the prevalence of green and yellow hues in the central, western, and eastern areas. The zones of high 
temperatures are more spatially continuous and extensive, especially in the river corridors of the south and other 
floodplain areas located near them. The red and orange spots along these areas signify high surface heating, which is 
related to bare riverbanks, sandbanks, and highly cultivated lands. These warmer regions are no longer solitary, as 
observed in previous decades, but they create long and linked thermal patterns. 

Fig.15. Spatiotemporal evolution of LST in Rajshahi district (1992–1995)

The interior agricultural landscapes are more characterised by surface temperature variability, where warm pockets 
are sprinkled and are embedded on moderately warm backgrounds. This trend indicates the increase in the intensity 
of land-atmosphere interactions, which are caused by agricultural activity, fluctuations in soil moisture, and surface 
exposure. Lower temperatures in the color blue and cyan indicate areas that remain cool, primarily around water bodies 
and small areas that have vegetation. Nevertheless, such cooling amenities seem to be more fragmented and space-
bound, which means a decline in the ability to store heat on the district level. Altogether, the 1992-1995 years are a 
shift towards a district-wide surface warming, in which the spatial coverage of higher temperatures and the cool areas 
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is reduced. Global warming is indicated by the increase in high-temperature regions that induce long-term warming 
trends, which are still on the rise in later years.

• Surface Temperature Distribution (1996–1999)

The surface temperature distribution of the land surface in the period of 1996 to 1999 shows that the surface warming 
has increased further in the Rajshahi district. In comparison with the past era, warm temperature classes dominate 
more, and the green and yellow colors prevail in the interior landscape. The change indicates an overall increase in 
the base level temperature on agricultural and semi-natural surfaces. The regions of high temperature, which are 
represented by orange and red colors, grow significantly along the southern and southeastern boundaries of the district. 
The regions create an uninterrupted hotspot of thermal regions, especially around river confluences and low-lying 
floodplains, where bare soils and the sparsity of vegetation cover increase heat gain. The continuity of these hotspots 
indicates the existence of long-term warming and not brief thermal events. 

Fig.16. Spatiotemporal evolution of LST in Rajshahi district (1996–1999)

The spatial variability is observed to be higher in the central and western regions, and the warm patches and moderately 
warm patches are interspersed, which shows that the conditions of the land surface are not homogeneous. Though 
cooler zones can still be observed around large water bodies and drainage systems, their spatial scale has dwindled as 
compared to the past, and the cooling effect seems to have become more localized. To the north of the district, there 
are moderately warm conditions, with a reduced number of cool clusters compared to those experienced in the last 
few decades. Such a trend implies degradation of natural thermal buffering processes of the larger landscape. In 
general, the 1996-1999 period can be discussed as a significant period of transition to the process of lasting surface 
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warming in the Rajshahi district. The growth and maintenance of the high-temperature areas and the shrinkage of the 
cooler regions point out the growing exposure of the region to surface heat stress and other related climatic effects.

• Surface Temperature Distribution (2000–2003)

As can be seen in the 2000-2003 land surface temperature map, there is a definite increase in the intensity and spatial 
intricacy of surface warming within the Rajshahi district. There was an upward movement of the thermal baseline in 
the region, with moderately warm classes of temperature (green to yellow colors) becoming dominant in most parts 
of the district as compared to the late 1990s. The orange-red areas (areas with high temperature) become more and 
more concentrated along the riverine corridor to the south and the southeastern ends of the district. These hotspots are 
more fragmented yet more spatially concentrated, implying localized hotspots of heat related to bare floodplains, 
sandbars, and highly farmed agricultural lands. The fact that these hotspots persist along the riverbanks means that 
less evaporation cooling occurs and more surface energy is taken up.

Fig.17. Spatiotemporal evolution of LST in Rajshahi district (2000–2003)

A decrease in thermal heterogeneity is apparent in the northern and northeastern regions, where there is an increasing 
incidence of warm patches mixed with fewer cool areas. The cooler surfaces (hues of blue) are mostly restricted to 
active riverbeds and water masses, but their spatial impact is thin and more and more interrupted. The relatively 
homogenous warm conditions of the western parts of the district, with little cool refuges, underscore the 
homogenization of the surface temperatures with time. This trend indicates a growing land-atmosphere interaction, 
probably caused by the intensification of land use and reduced vegetative cover. All in all, the years between 2000 
and 2003 represent a crucial shift towards the continuous and spatially widespread surface warming in the Rajshahi 
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district. The growth of warm classes and the accumulation of thermal hotspots are indicators of increased vulnerability 
to heat stress, and would have consequences in terms of agricultural productivity, soil moisture depletion, and 
resiliency of regional climate.

• Surface Temperature Distribution (2004–2007)

The map of the 2004-2007 land surface temperature shows that there is further aggravation and spatial concentration 
of warming trends in the Rajshahi district. In comparison with the early 2000s, warm classes of temperature (yellow 
to light orange hues) are widespread in most of the interior areas, which is indicative of an ongoing increase in the 
average temperature of the surface. Hotspots of very high temperature (orange up to red color) are pronounced along 
the riverine belt towards the south and southwest, especially in the path of the main river and the floodplain lands 
along the river. These hotspots are continuous and spatially linked more than previously, implying the possibility of 
sustained heat release and not individual warming scenarios. There is also a high intensity of thermal in the 
southeastern region of the district, which means that it is getting more exposed to surface heat stress.

Fig.18. Spatiotemporal evolution of LST in Rajshahi district (2004–2007)

The western area is characterized by the significant growth of warmer regions, and the numbers of cold zones decrease. 
This standardization of temperature implies the combined reduction of the buffering capabilities of vegetation and soil 
moisture. Conversely, the northeastern and northern regions are relatively colder (green to blue colors); furthermore, 
the territories of cooler temperatures have become smaller than they were decades ago. Existing at low temperatures 
(blue colors) are also limited to the active river channels and water bodies, which underlines the importance of the 
surface water to cool local temperatures. Nonetheless, the small area imprints imply the shrinking ability of offsetting 
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regional warming. In general, the 2004 to 2007 season is a shift to a sustained and spatially widespread surface 
warming of the Rajshahi district. Continuous growth of thermal hotspots and the prevalence of warm temperature 
classes are indicative of growing susceptibility to the effects of heat on the environment, especially agriculture, water 
resources, and land management systems.

• Surface Temperature Distribution (2008–2011)

The 2008 to 2011 land surface temperature map shows that levels of surface warming increase intensely and 
extensively across the Rajshahi district. Large areas of the west and central regions are occupied by classes of warm 
temperature (yellow to orange), which is a clear indication of higher baseline surface temperatures than previously. 
There are two contrasting hot spots of high temperature (orange to reddish tones), which are highly concentrated in 
the northwest and west of the district. The density and continuity of high temperatures in these areas imply that there 
is continuous heating up that is probably due to the lack of vegetation cover, high agricultural activities, and depletion 
of soil moisture. The river-facing southwestern areas of the country also have long warm belts, which are indicative 
of increased thermal stress along floodplain areas and sandbar areas.
. 

Fig.19. Spatiotemporal evolution of LST in Rajshahi district (2008–2011)

The middle and eastern areas portray an unequal distribution of hot and warm climates, with hotspots sparsely 
scattered on a more comprehensive background of green-yellow. This spatial heterogeneity implies that there is 
growing thermal variability with local land-use features and surface properties getting to control temperature 
distribution more firmly. It is a comparatively cooler surface (blue to cyan colors) that is seen along the major river 
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channels and water bodies, especially in the south and southeast corridors. These properties remain localized thermal 
buffers, but their effect seems to be reduced with a rise in the warming of the surrounding land areas. In general, the 
period from 2008 to 2011 is a serious period of enhanced surface warming in the Rajshahi district. The growing 
presence of high-temperature regions and the preeminence of warmer classes in the western and central regions 
indicate an increase in the condition of heat stress, which indicates the increased susceptibility of agricultural 
productivity, ecosystem stability, and the ability to withstand climate change in the region.

• Surface Temperature Distribution (2012–2015)

The 2012-2015 land surface temperature (LST) map reveals a further increase in warming in the Rajshahi district, 
which is a shift towards the localized hotspots towards more spatially integrated hot zones of high temperatures. The 
warm classes of temperature (yellow to orange colors) have become widespread in most parts of the district as 
compared to the past, which shows that the background temperatures of the surfaces have increased beyond the 
previous level. Hotspots of high temperature (orange and red colors) are evidently felt in the west and the northwest 
parts, where there are dense patterns of increased LST, indicating the buildup of heat. These regions are probably the 
complex interactions of high-level agricultural work, decreased vegetative cover in dry periods, and growing water 
stress on the soil. The high temperatures concentrated along the riverbanks, and the elongated belts of high 
temperatures are also observed in the southern floodplain and river-proximate regions, with markedly increased 
thermal sensitivity in these geomorphologically dynamic regions.

Fig.20. Spatiotemporal evolution of LST in Rajshahi district (2012–2015)

The core and the northeast areas of the district have a heterogeneous thermal pattern, with warm and moderate 
temperature spots in between. Such mosaic formations are signs of increasing spatial variability of surface heating 
with land use, crop cycles, and the surface moisture conditions becoming a larger modulator of the local temperature 
response. Relative lower temperatures (blue to cyan colours) continue along major riverways and water bodies, 
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particularly on the southern route. Their area of coverage, however, is seemingly less than in earlier decades, and this 
may indicate a diminished cooling effect in the wake of spreading regional warming. Generally, the 20122015 period 
has been characterized by a high level of surface warming in the Rajshahi district, where the intensity and the spatial 
distribution of the high-temperature regions have been registered significantly. This trend is an indicator of increased 
thermal stress to agricultural systems, water resources, and human settlements, and it supports the concern related to 
increased heat-associated risks in the context of a continuously changing climate.

• Surface Temperature Distribution (2016–2019)

With the 2016-2019 land surface temperature map, a very high increase in the intensity and the spatial continuity of 
high-temperature regions can be seen throughout the Rajshahi district. Warm temperature classes (yellow to orange 
colors) have made up a significant portion of the landscape since the previous decades, which displays a significant 
increase in the surface temperature at the posts. Extensive and continuous hotspots in the northwestern and western 
areas, with the orange to red patches gaining more spatial coherence. This trend indicates a long-term stressful 
condition of the thermo-regulation, most probably induced by low soil moisture, advanced agricultural activities, and 
low vegetative cooling in the long dry periods. These are seen to act as hotspots of the district. 

Fig.21. Spatiotemporal evolution of LST in Rajshahi district (2016–2019)

Bands of high temperatures are also evident along the southern corridor, and riverine floodplains formed most 
especially in the exposed riverbanks and sandbars. Though water channels manage to keep rather cooler temperatures 
(blue to cyan colors), their cooling effect is more and more localized and less effective to counteracting the heating of 
the surfaces surrounding. Such shrinkage of cooler areas is an indication of increased evapotranspiration and reduced 
availability of surface moisture. The core and northeast of Rajshahi are shown to have a high density of mosaic 
moderate-high temperature values, showing that there is high spatial variability of the surface heating. Such 
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heterogeneity is also an indicator of the increased impacts of land-use patterns, cropping intensity, and surface cover 
changes on the local thermal conditions. In general, the 2016-2019 interval is a more progressive phase of warmer 
temperatures on surfaces, which is marked by the prevalence of thermal hotspots and the lack of cooling shelters. Such 
conditions indicate growing susceptibility of agricultural systems and water quantity to heat pressure and support the 
newly arisen threat of drought-like circumstances in Rajshahi district..

• Surface Temperature Distribution (2020–2024)

The 2020-2024 map of the land surface temperature shows the greatest warming, which is spatially concentrated and 
takes place in the area of the district of Rajshahi throughout the entire time frame of the study. The areas with high 
temperature (orange and red colors) grow significantly in the northwestern and western regions of the district, creating 
large and continuous heat clusters. These areas are chronic thermal hotspots, meaning that it involves chronic surface 
heating instead of anomalies that occur in short-term or on a seasonal basis. The temperature of central Rajshahi is 
currently showing an overall increase in the temperate classes (from green to yellow), compared to the last several 
decades. Larger areas of cooler zones (blue colors) are restricted to river channels and immediate floodplain areas and 
the spatial coverage of these areas is significantly smaller. This implies that the natural cooling processes related to 
surface water are weakened and that stress in terms of evapotranspiration increases. 

Fig.22. Spatiotemporal evolution of LST in Rajshahi district (2020–2024)

The corpus of the southern and southeastern corridors is characterized by long trains of high temperatures in fields in 
the riverbanks and on the nearby farmland. Those trends are in line with the exposure of sediments, the lack of soil 
moisture, and the increased land-atmosphere heat exchange in dry seasons. On the contrary, agricultural areas located 
inside that used to have mixed thermal conditions are now more homogenous with regard to warming. In general, the 
2020-2024 period represents a higher level of thermal intensification in the Rajshahi district, where hotspots are evenly 
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distributed with large areas of accumulation of heat, and the coolers' refuges are shrunk, the coherent spaces of hotspots 
are more significant. These circumstances have direct effects on the development of droughts because the prolonged 
surface warming increases the demand for evapotranspiration, increases the rate of soil moisture depletion, and 
exposes agricultural systems to more vulnerability. The resulting spatial patterns are thus a good geospatial signal of 
the growing drought risk as predicted by the temperature forecasting models.

6. Implications for Agriculture and Climate Adaptation

The history of Bangladesh is marked by frequent droughts that have had a significant impact on the agricultural 
productivity and supply of water, especially in the northwestern part. The significant drought events of the past forty 
years (1971-2019) such as the severe droughts of 1982-1983, 1994-1995, 1997, 2000, and the 2014-2015 have 
contributed to the substantial decrease in the yield of rice and wheat, crop failure, and other socioeconomic effects as 
shown in Table 3 (FAO, 2007; Banglapedia, 2018). The recurring nature of the droughts in several decades is one 
indicator to show that drought in Bangladesh is not an incidental risk, but it is a structural climatic stressor integrated 
in the local climate framework. As depicted in Table 3, the northwestern part of Bangladesh, with Rajshahi district 
coming up as a regular drought hotspot, also indicates that the area is structurally weak to climatic extremes. The 
responses in the past to droughts were mainly reactive in nature, being more concerned with the relief and recovery 
after droughts instead of risk reduction. This responsive strategy led to repetitive agricultural failures, water scarcity, 
and food security problems, especially when it comes to smallholder agricultural systems that rely on climate-sensitive 
produce. The results of the current research have a high correlation with this historical trend and extend it to the 
perspective of future risks. The apparent increase in air temperature over the long term, a rapid growth in the 
occurrence of high-temperature outliers, and the systematic increase in the hotspots of land surface temperature (LST), 
in particular, in the western and southern agricultural belts of Rajshahi, are evidence that the risk of drought in the 
future is expected to escalate with the ongoing warming. Consistent heat stress enhances the speed of 
evapotranspiration, soil moisture, and the shortening of crop phenological stages, which diminishes the yield potential. 
Such effects are especially imperative to staple crops that are water-intensive, like rice, which constitute a major part 
of agricultural output in northwestern Bangladesh and have in the past experienced the most severe losses during 
recorded drought years, as shown in Table 3. 

Table 3. Major drought events in Bangladesh and their agricultural impacts (1971–2019)

Year(s) Affected Region Key Impacts Reference

1971 Nationwide Severe drought compounded by socio-political 
instability Hossain (2003)

1980 Northern Bangladesh Major agricultural disruption Mian & Hossain 
(1984)

1982–1983 Northwestern Bangladesh Severe crop failure and economic loss Islam & Karim 
(1985)

1994–1995 Northwestern Bangladesh Persistent drought; major rice and jute losses Rahman & Khan 
(1995)

1997 Large parts of Bangladesh Widespread crop yield reduction Chowdhury (1998)

2000 Northern Bangladesh Significant rice and wheat production decline Khan & Chowdhury 
(2001)

2006 Northwestern Bangladesh 25–30% reduction in Aman rice production FAO (2007)

2009 Northern Bangladesh Water shortages and productivity decline Mollah (2010)
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Year(s) Affected Region Key Impacts Reference

2014–2015 Multiple regions Severe drought affecting agriculture and water 
availability

Haque & Ahmed 
(2015); Islam (2016)

2019 Nationwide Significant agricultural and economic impacts Sarker & Rahman 
(2020)

Source: FAO (2007); Banglapedia (2018)

In this vein, the AI-GIS framework developed as part of the current study is a crucial step to agricultural planning and 
climate adaptation. The combination of long-horizon temperature forecasting (up to 2034) with spatially explicit heat 
stress mapping can facilitate the proactive recognition of developing drought risk zones by the framework before they 
experience severe impacts. 

This capability supports:  
(i)the irrigation infrastructure and water management investments in the continuously heat-stressed localities should 
be prioritized; 
(ii) identification of vulnerable agricultural areas to climate, which must be targeted by intervention; 
(iii) encouragement of climate-appropriate crop and variety selection, such as those drought- and heat-tolerant crops; 
and 
(iv)empowerment of drought early-warning mechanisms by predictive identification of thermal stress. 

Notably, the overlap between past drought effects recorded in Table 3 and the warming and spatial heat responses 
projected in the study suggests that future drought effects could be predicted rather than responding once they have 
occurred, when damages have already been incurred. By transforming past experiences of drought into practical 
intelligence for climate management, the proposed framework enables the conversion of a reactive response to drought 
to proactive climate risk management. This shift is necessary in order to minimize future agricultural losses, improve 
food security, and create long-term climate resilience in Bangladesh as well as other agrarian areas susceptible to 
drought.

7. Discussion

The results of this paper show that signal decomposition methods, when combined with advanced machine learning 
architectures, offer a powerful system of long-term temperature prediction in areas with drought. The nonlinear and 
non-stationary features of temperature time series were well represented using hybrid models because they did not 
depend on learning to identify intrinsic components before predicting, leading to better predictive stability and 
accuracy. The effectiveness of decomposition-based methods was always superior to that of individual statistical and 
deep learning models, which proved that the variability of temperatures in northwestern Bangladesh is under the 
control of the multi-scale processes and long-term persistence. These findings highlight the need to preprocess climatic 
signals in the use of artificial intelligence to climate forecasting and impact assessment. According to long-term 
temperature forecasts, the Rajshahi district is projected to experience continuous warming during the 2030s, which is 
accompanied by the growing number of high-temperature anomalies and a change in the location of decadal 
temperature distributions towards the warmer side. The expansion of upper percentiles of temperature indicates the 
increase of exposure to extreme heat conditions that have a direct effect on the evapotranspiration demand and surface 
moisture loss. This is because the consistent pattern in the warming of various hybrid models is a good indicator that 
the observed pattern is a good climatic message and not a model artifact. The spatial trends of the predicted warming 
trends are based on the spatial evidence that is offered by spatiotemporal analysis of the Landsat-derived land surface 
temperature. Several initial decades had more homogeneous and moderate surface temperatures, and the recent times 
are marked by extensive growth and development of thermal hotspots. Long spells of high temperatures are especially 
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noticeable in western and southern agrarian areas of Rajshahi, and colder surfaces are becoming more concentrated in 
the slender river courses and water bodies. This is a shrinking of the cooling refuges in space, which is an indication 
of a degrading natural thermal buffering power, and which posits a change in small-scale anomalies in heat to 
widespread surface warming throughout the district. Available historical records of droughts indicate that Bangladesh, 
and particularly its northwestern part, has witnessed frequent and severe droughts during the last five decades, with 
massive losses both in terms of agriculture and the economy. The intersection of these historical patterns of drought 
with the projected patterns of warming in the study point to a high probability that the effect of drought risk will 
increase with further increases in temperature. Nevertheless, as opposed to the previous methods of drought 
management, which were mostly reactive, the integrated AI-GIS framework that was created in this study can allow 
for to detection of the development of drought stress early. The framework is able to predict the future surface 
temperature trajectories and map persistent surface heat stress to create forward-looking climate risk intelligence out 
of past drought experience. This has far-reaching consequences to agriculture and climate adaptation. Repeated 
exposure to heat stress may increase the phenological speed, de-escalate the growth cycles, and cause low yields, 
especially in water-guzzlers like rice, which constitute the bulk of agricultural production in northwestern Bangladesh. 
Higher evapotranspiration needs during a rise in temperature increase the needs of irrigation, which further puts strain 
on already limited water resources. The proposed framework, through integrating the long-horizon temperature 
prediction with the spatial heat exposure mapping, assists in active decisions, such as the priorities in the irrigation 
infrastructure, the susceptibility of agricultural areas to climate change, the utilization of drought- and heat-resistant 
plant species, and the improvement of drought early warning systems. This combination of temporal and spatial 
enables the transition of crisis response to proactive risk management of climatic conditions, which is needed to 
enhance food security and agricultural resilience. Altogether, as shown in this study, hybrid artificial intelligence 
models with long-term satellite-based geospatial analysis is a scalable and useful solution to evaluating climate-driven 
drought risk in data-constrained areas. The proposed AI-GIS framework takes the future temperature forecasting and 
spatial patterns of heat stress and relates them to the conditions of the historical drought to enhance drought early-
warning capabilities, as well as climate adaptation planning. The results have practical implications for sustainable 
agricultural management in Bangladesh, which can be applied to other agrarian systems that are sensitive to global 
climate change and experiencing the threat of rising droughts.

8. Limitations and Future Research Directions

Although this paper has presented a complete evaluation of the drought risk due to temperature variations through a 
combined AI-GIS platform, it is important to note that the study has some limitations. First of all, analysis is centered 
on air temperature and land surface temperature because the stress factors of drought depend on these factors. Even 
though temperature is the leading factor in evapotranspiration and drying of the surface in semi-arid areas, drought is 
a complex process of factors determined by the variability of precipitation, dynamics of soil water, the presence of 
groundwater, and the vegetation reactions. These variables might not be included, and this may confine the capability 
of complete characterization of hydrological and agricultural drought processes. Second, the prediction model is based 
on past climatic trends that can determine future climatic trends. Although multiple hybrid models are robust, long-
term climate predictions are always uncertain, especially in the changing land-use conditions and the changing 
atmospheric circulation patterns. The ensemble-based and probabilistic forecasting methods might help to alleviate 
the uncertainty and enhance the trust in long-period projections. Third, the projected thermal stress in this study is not 
explicitly associated with crop yield and socioeconomic implications. Even though land surface temperature and air 
temperature are strong proxies of agricultural stress due to drought, combining crop simulation models with yield 
datasets would make it possible to assess more readily the productivity loss and food security consequences. The 
further study ought to incorporate the framework with multi-variable hydroclimatic data, which include precipitation, 
soil moisture, and evapotranspiration to vegetation indices to create a more comprehensive drought assessment system. 
Connecting the AI -GIS model to crop development models and socioeconomic indicators would also make the model 
more relevant in agricultural planning and policy development. Also, the framework application on several climatic 
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territories and scales would assist in assessing its generalizability and contribute to the climate-wide adaptation and 
drought-resistance efforts.

9. Conclusion

This paper has created a coupled artificial (Gyaneshwar et al., 2023)l intelligence-geospatial model to evaluate long 
term and climate temperature changes, spatial heat stress and agricultural risk during drought in the Rajshahi district, 
a climate-prone area in Bangladesh. The framework could be used to predict the nonlinear and non-stationary 
dynamics of the temperature time series and make reliable temperature projections up to 2034 by applying advanced 
signal decomposition algorithms with machine learning and deep learning models. The excellent result of the hybrid 
decomposition-based models shows that they are suitable in data-limited scenarios with long-horizon climate 
prediction. The findings indicate that there has been a consistent warming pattern with the number of high-temperature 
aberrations on the rise. The systematic growth and increase in the extent of thermal hotspots, especially in the western 
and southern agricultural areas can also be seen in multi-decadal examination of Landsat based land surface 
temperature. The overlap of the patterns of air temperature change on the one hand with the patterns of observed 
surface warming on the other one is a strong indicator of increasing heat stress and drought vulnerability in the area. 
Combining the time prediction with the exposure map of the spatial information, the proposed AI/GIS network 
provides the proactive drought risk assessment and farm planning approach. The capacity to detect the developing 
drought-prone areas, and to institute the necessary adaptation strategies, such as the better irrigation control, selection 
of climate-ostensible crops, and drought early warning mechanisms, is justified. Notably, the framework helps in 
changing the reactive response to droughts to proactive management of climatic risks that are essential in improving 
food security and resilience of agrarian systems facing droughts. In general, this paper indicates that AI-GIS hybrid 
solutions can offer feasible climate intelligence to support sustainable agricultural management and climate 
adaptation. The suggested framework is scalable and transferable, which is not only valuable in practical terms to 
Bangladesh but also to other climate sensitive areas that are at the threat of rising drought owing to the current climate 
change.
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Statement of Novelty

The paper presents a combined structure of artificial intelligence and geospatial systems that combines the power of 
an upgraded hybrid machine learning model and multi-decadal satellite-derived land surface temperature data to 
evaluate the risk of droughts caused by the temperature factor. This study is an explicit couple of predictive air 
temperature forecasting and spatiotemporal land surface temperature in contrast to the earlier researches, which 
consider long-term temperature forecasting and spatial heat stress assessment as different hypotheses. The research 
provides a step forward in drought early-warning research by working with the hybrid models based on signal 
decomposition and long-horizon data forecasting in an area that is limited in data and at risk of climate, as well as by 
correlating the past drought experience with future climate predictions. The framework that is suggested is a new, 
scalable, and transferable method of active drought risk analysis and climate adaptation planning. 

Statement of Industrial Relevance

The results of this paper are directly applicable in the agricultural industries, management of water resources, and 
decision-making processes with respect to climate. The combined AI-GIS system will be able to assist irrigation 
authorities, agricultural planners, and climate-service providers in finding the areas at risk of drought and streamlining 
water allocation plans in the field of growing thermal stress. The framework can be used to support climate-sensitive 
agricultural activities, crop choice, and infrastructure investment by providing early warning of the risk of drought 
caused by temperature variations to minimize losses in the economy and improve agricultural resilience. The method 
can be applied to existing drought surveillance applications, agri-technology, and climate risk evaluation applications, 
which would provide viable value to the public and non-governmental stakeholders in climate-dependent sectors.
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