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Abstract

In the northeast of Bangladesh, especially in the flood-prone regions of Sylhet and Sreemangal, rainfall
significantly affects agriculture and socio-economic life. Accurately predicting effective water resource
management and disaster mitigation is very important. This study expressed interest in forecasting the rainfall for
the year 2040 using Machine Learning by analyzing historical rainfall data in Sylhet (1956-2023) and
Sreemangal (1950-2023) regions. For this purpose, the study used six very efficient ML algorithms: Random
Forest, Artificial Neural Network, Gradient Boosting, XGBoost, K Nearest Neighbor, and LightGBM. The
methodology was constructed of data preprocessing, feature engineering, training-test set split, and performance
evaluation, which was executed using the following metrics: R2, Accuracy, Precision, Recall, and F1 score. The
optimal models for rainfall forecasting in 2040 were ANN for both Sylhet (Rz = 0.76) and Sreemangal (R? =
0.75). Forecasted maximum rainfall for Sylhet was in May 905.37 mm and June 1465.79 mm, while Sreemangal
showed peaks in May 401.48 mm and June 509.97 mm. The analysis exemplifies the role of machine learning in
offering trustworthy and understandable rainfall estimates. Predictive capabilities like these are critical in
planning responses to climate change, agricultural frameworks, and flooding risks. It also indicates concerns
about the reliable predictability of rainfall patterns, which require periodic model updates with fresh inputs.
Empower policymakers and stakeholders of northeastern Bangladesh to make climate-informed decisions
through the Machine learning based forecasting system, which strengthens the resilience towards climate change.

Keywords: Rainfall, Machine Learning, Artificial Neural Network, Random Forest, Prediction
1 Introduction

Most importantly, Bangladesh is an agrarian economy where approximately 72% of the total monsoon precipitation (Ahasan
et al., 2010) relies on monsoon rainfall for living. The southwest monsoon, from June to September, is vital for irrigation,
growing crops, and managing water resources. It is equally important for the country's hydrology and water management
procedures regarding agriculture and all other water needs (Ahasan et al., 2010). Bangladesh has a total of four seasons: dry
winter (December-February), pre-monsoon summer (March-May), monsoon (June-September), and post-monsoon (October-
November). Of these, monsoon is the highest rainfall contributor, accounting for more than 75% total rainfall, of which the
northeast, particularly Sylhet and Sreemangal, receives the highest amount of annual precipitation between 1500 mm and
over 3000 mm (Mannan et al., 2015). The highly hilly terrain of this region consists of river systems and haor wetlands,
making it complex in hydrology and highly sensitive to climatic variability. On the contrary, detailed research does not exist
on accurate rainfall prediction in this part of the country.

Earlier studies mainly depended on statistical models in analyzing variability in rainfall. The Auto-Regressive Integrated
Moving Average (ARIMA) model has been largely used in time-series rainfall forecasting and has proven effective for short-
term predictions, but not for nonlinear climatic conditions (Nury et al., 2014). Other approaches rely on Mann-Kendall and
Spearman's rho tests with ARIMA to obtain the long-term trend of rainfall changes throughout Bangladesh, reflecting an
overall mixed seasonal variation for different regions (Rahman et al., 2016). Some other analyses point out slight downward
trends in monsoon precipitation in Sylhet and Sreemangal, indicating the erratic nature of rainfall in the northeastern part of
the country (Mannan et al., 2015). This calls into question the need for more advanced, data-driven models to handle multiple
meteorological parameters and nonlinear relationships among them. Machine learning was recently improved by finding
complex relationships between variables in predicting rainfall. The machine-learning frameworks, including Decision Trees,
K-Nearest Neighbors (KNN), Support Vector Machines (SVM), and fuzzy logic, yield differentially better accuracy with rain
forecasting (Rahman et al., 2022). Neural network-based models like EIman and Recurrent Neural Networks have also been
reported to give greater accuracy in prediction than traditional statistical techniques (Dada et al., 2021). For instance, the
combining techniques of Gradient Boosting and XGBoost for rainfall prediction have shown good results in large-scale
rainfall forecasts across different regions (Monego et al., 2022; Mishra et al., 2024). The standard rainfall prediction
frameworks designed for Bangladesh have also shown that machine learning can generalize well over climatic zones (Ria et
al., 2021).

Thus, based on these developments, six machine-learning algorithms - Random Forest, Artificial Neural Network (ANN),
Gradient Boosting, XGBoost, LightGBM, and K-Nearest Neighbor (KNN) have been applied in this study to analyze the
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long-term rainfall data of Sylhet from 1956-2023 and that of Sreemangal from 1950-2023. By adding input variables,
including solar radiation, maximum and minimum temperature, potential evapotranspiration (PET), and evapotranspiration
(ETo), the aim of this study is to find the most efficient model in predicting rainfall for up to the year 2040. The outcome is
expected to improve rainfall prediction and facilitate sustainable rainwater management, agricultural planning, and disaster
risk reduction in northeast Bangladesh.

2 Methodology and Data Collection

This study includes two rain-gauge stations- i.e., Sylhet (latitude 24.90°N; longitude 91.88°E) and Srimangal
(latitude 24.30°N; longitude 91.73°E), which are located in the northeastern region of Bangladesh (latitude:
24.31 °N; longitude: 91.73 °E) (Abdul Mannan et al., 2015; A. & M. A. Nury et al., 2014). These stations have
long-term records of daily rainfall under the Bangladesh Meteorological Department (BMD) and refer to the
period from 1950 to 2023 for Srimangal and from 1956 to 2023 for Sylhet in terms of the data regarding rainfall.
The available data has been analyzed to understand the rainfall pattern changing monthly and to add insight into
the longer-term climate oscillations of the region by a machine learning approach.

The prediction of rainfall in Sylhet and Sreemangal is accomplished with six machine learning models: Random
Forest, ANN, Gradient Boosting, XGBoost, LightGBM, and KNN. The methodology consists of several major
phases. First, historical meteorological data is collected and preprocessed: missing values are handled, outliers
are removed, and Z-score normalization is used to scale the features. The data is then split into two subsets:
training (80%) and testing (20%). For training the model, several measures are performed, including feature
selection, encoding categorical variables, and creating lag features. Hyperparameter tuning is performed on each
of the models: Random Forest, ANN, and others, followed by regression/classification task training and
evaluation based on R? and F1-score. After the evaluation, the best model is chosen and deployed as a real-time
prediction system using dashboards, with retraining at intervals to help improve the accuracy.
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Figure -01 Methodology Flow Chart Figure -02 Sylhet and Sreemangal Station

3 Model Performance

3.1 Random Forest (RF)
To use the Standard Scaler to standardize the range of independent variables of the dataset. It transforms the data
such that it has zero mean and unit variance. The formula for standard scaling (also known as Z-score
normalization) is:

Xscaled:X%-u (1)
Where X is the original feature value, p(mu) is the mean of the feature, o(sigma) is the standard deviation of the
feature, and Xsaieq is the transformed value after standardization. The dataset would then be split to train and
evaluate the Random Forest model, a robust ensemble learning technique for high-dimensional and nonlinear
datasets. To perform hyperparameter tuning, this model is trained with 100 trees (n estimators=100) and a fixed
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random state of 42. Model evaluation uses metrics such as R2, Accuracy, Precision, Recall, F1-score, etc. for
Regression, which is shown in Tables 02 and 03, depending upon the task is regression or classification.

3.2 Artificial Neural Network (ANN)
To use the Standard Scaler to standardize the range of independent variables (features) of the dataset, which was
discussed earlier. Hyperparameters include batch size (32), number of epochs (100), and verbose level of 0.
Training uses backpropagation with gradient-based optimizers, including Adam or RMSprop, on loss functions
like MSE. Metrics such as for regression- R2, Accuracy, Precision, Recall, and F1-score are used for model
evaluation.

Table-01: Layer-wise Configuration of the ANN Model

Sylhet Sreemangal
Layer Type Number of Activation Function Number of Activation Function
Nodes Nodes
Input Layer 7 None 7 None
Hidden Layer 1 64 ReLU 64 ReLU
Hidden Layer 2 32 ReLU 32 ReLU
Output Layer 1 Linear 1 Linear

Input 1
—

Input 2
—_
Output
Input 3
o, outtal 2a
Input 7
Input layer Hidden layers Output layer

Figure-03: ANN architecture with seven inputs and one output layer

3.3 Gradient Boosting

It may, for instance, be instantiated with hyperparameters of say the number of estimators (100), learning rate
(0.1), maximum tree depth (3), and random state (42). It is then trained and evaluated on an 80-20 train-test split,
with optional validation for hyperparameter tuning. The model performance is measured in terms of R, accuracy,
precision, recall, and F1-score, which are shown in Tables 02 and 03.

3.4 XGBoost

It would be trained on hyperparameters: 1000 estimators, maximum tree depth of 6, learning rate of 0.05,
subsample fraction of 0.8, and column sample by tree fraction of 0.8 by tree. This model's performance would be
judged on R2, accuracy, precision, recall, and F1-score. This feature importance analysis will explain the critical
predictors behind rainfall.

Table -02: Model Performance of Sylhet
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Model Performance

Model
R? Accuracy Precision  Recall  Fl1-score
Random Forest (RF) 0.79 86.39 86.39 100 92.7
Avrtificial Neural Network (ANN) 0.75 88.44 88.19 100 93.73
Gradient Boosting 0.79 86.39 86.39 100 92.7
XGBoost 0.83 87.76 87.59 100 93.38
Light Gradient Boosting Machine
(Light GBM) 0.82 87.07 89.13 96.85 92.83
K Nearest Neighbor (KNN) 0.75 86.39 86.39 100 92.7
Table-03: Model Performance of Sreemangal
Model Model Performance
R? Accuracy Precision  Recall  F1-score
Random Forest (RF) 0.71 92.13 92.13 100 95.91
Avrtificial Neural Network (ANN) 0.57 92.13 92.13 100 95.91
Gradient Boosting 0.67 91.01 92.05 98.78 95.29
XGBoost 0.73 92.13 93.1 98.78 95.86
Light Gradient Boosting Machine
(Light GBM) 0.76 91.01 92.05 98.78 95.29
K Nearest Neighbor (KNN) 0.69 91.01 92.05 98.78 95.29

3.5 Light Gradient Boosting Machine (Light GBM)

Hyperparameter tuning is performed to optimize 100 boosting iterations, a learning rate of 0.1, a bagging fraction
of 0.8, a feature fraction of 0.8, a bagging frequency of 5, and 31 leaves per tree. This model is trained with the
Mean Squared Error (MSE) or Huber loss, accompanied by early stopping to avoid overfitting. The performance
of the model will be evaluated by using metrics such as R?, Accuracy, Precision, Recall, and F1-Score.

3.6 K Nearest Neighbor (KNN)

The optimized parameters selected are the number of neighbors, K = 3, along with a uniform weight function.
Model performance was checked in terms of R? Accuracy, Precision, Recall, and F1-Score. It has to be
implemented either by permutation importance or through SHAP values.

4 Results and Discussion

4.1 Sylhet

Amongst the different models, the XGBoost model gave a minimum R? value of 0.8 for the rainfall prediction at
Sylhet Station. Historical rainfall at the station from 1956 to 2023 has a marked seasonal pattern: high monsoon
rainfall during the months from May to September of the year, while the winter months are relatively dry.
In the case of predicted rainfall in 2040, it goes in a similar fashion but with serious deviations. The model
predicts an increased monsoon rain, especially in May and June, 905.27 and 1465.79 millimeters, respectively.
This could be an indication of an intensified rainy season. However, July, August, and September are estimated
at 778.47 mm, 830.50 mm, and 337.09 mm, respectively, which are lower compared to previous records due to
shifts in monsoon onset and retreat. Also, an increase in the rainfall of April (287.64 mm) and October (333.82
mm) in comparison to previous averages might reflect the prolonging of monsoonal activity and/or shifting in
atmospheric moisture processes. Dry months, like January (15.89 mm), February (22.62 mm), and November
(4.02 mm), remain fairly unchanged. Such is influenced by variable climate, changing temperatures, and shifting
wind flow, which are all influencing aspects of agriculture, flood risk management, and, finally, management of
water resources. Applying the predictive insights of the XGBoost model this will be helpful in climate adaptation
strategies and disaster preparedness; besides, monitoring and updating the model is very important.
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Predicted Rain for 2040
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Figure -04: Monthly predicted rainfall for 2040  Figure-05: Multiscale Analysis of Rainfall Trends

Table-04: Monthly predicted rainfall for 2040 in Sylhet and Sreemangal

Sylhet Sreemangal
Month (for the year 2040) Rainfall(mm) Rainfall(mm)
January 15.899024 0
February 22.62532 11.28319543
March 82.149605 22.86892549
April 287.64893 172.1450091
May 905.27216 401.4836162
June 1465.7935 509.9717945
July 778.47284 326.9230305
August 830.5008 349.8175616
September 337.09476 265.9352528
October 333.82724 158.633042
November 4.0294557 56.11347332
December 9.074856 18.96212536

4.2 Sreemangal

Sreemangal Station rainfall prediction for the future was done with the LightGBM model since it outperformed
other models by yielding the least R? value of 0.7. Historical rainfalls of Sreemangal from the year 1980 to the
year 2023 indicate heavy seasonal variation, where the peak rainfalls usually are in the months of May-
September and no or little rain during wintertime. The modeled predicted rainfall in 2040 shows similar seasons
but differs slightly. The peak rainfall months are still June, with 509.97 mm, and May, with 401.48 mm, agreeing
with the traditional monsoon trends. However, July and September have a little lower rainfall than in records,
with 326.92 mm and 265.93 mm, respectively, which might indicate a shift in the intensity of the monsoon.
Further, January shows 0 mm, the possible reason could be either extreme dryness or the lack of data, because
usually, machine learning algorithms perform better the more data is given to the models, but in this case, due to
the lack of data, we were able to give approximately 500 data which is much less than required. The comparison
reflects altered climate trends: slightly higher pre-monsoon (April: 172.14 mm) and post-monsoon (October:
158.63 mm) rainfall might affect agriculture and the supply of water. This might be due to rises in temperature,
shifts in monsoon behavior, or increases in atmospheric water retention. Model capability for such prediction
thus carries important implications for adaptation strategies of climate change and management of water
resources, and underlines the urgent need to update models regularly with more current datasets.

5 Conclusions

This study demonstrates the effective use of machine learning models for forecasting rainfall patterns in
northeastern Bangladesh, specifically in Sylhet and Sreemangal, with predictions extending to 2040. Among the
models evaluated, XGBoost emerged as the most reliable for Sylhet, while LightGBM showed superior
performance for Sreemangal. This would mean that the pattern of rainfall that would have been followed is an
increase during the coming monsoon months, especially in May and June. The scenario seems as if there would
be more intense rainy seasons over Sylhet and changing rainfall at Sreemangal, especially in July and September.
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Some implications require further continuous updates of the predictive model over a time course, with the
inclusion of new data to enhance the model's accuracy. However, one other limitation of the study was that very
little historical data were available, particularly for Sreemangal, which may affect the performance of the model.
Future research directions should comprise more meteorological variables, longer data sets, and hybrid models to
go even further with the improvements in prediction abilities. With these advancements in machine learning

techniques, this research adds to the deluge of work towards adaptation actions concerning climate, water
management, and disaster preparedness in the country.
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