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Abstract ‘.

Rainfall prediction plays a crucial role in water management and agricultural planning in the northeastern region, that is influenced by various climatic factors. This study aims to develop rainfall prediction models using
machine learning techniques and compare the performance of different models, namely XGBoost, long short-term memory (LSTM), and transformer. The meteorological data used in this prediction include rainfall, min
temperature, max surface temperature, wind north, max wind direction, max wind speed, humidity, dry bulb temperature, and evaporation spanning from 1993 to 2018 obtained from Thailand Meteorological Department. The
evaluation metrics for model performance include mean absolute error (MAE), root mean square error (RMSE) and R2 score. By varying under specific parameter settings, the experimental findings showed that the transformer
model outperformed the other two models, whereas the LSTM approach yielded unsatisfactory results. It is widely recognized that hyperparameter tuning significantly impacts analysis performance, often in a detrimental way.
Future work could explore optimization techniques to determine optimal hyperparameters. ‘

Introduction Objectives

Northeastern Thailand covers one third of the country with diverse geographical features. This region relies 1.To identify the climatic variables that impact rainfall prediction in the northeastern region of Thailand.
heavily on agriculture [1]. Rainfall significantly impacts agriculture, water resources, and agricultural planning. 2.To compare the performance of rainfall prediction models in the northeastern region of Thailand using
Understanding both expected rainfall amounts and the climatic variability influencing precipitation is crucial, machine learning techniques.

especially when given the challenges of effective rainfall planning.

Methodology Data Description

This study employs a structured methodology for rainfall prediction in the northeastern region. Data The meteorological data used include rainfall, max surface temperature, wind north, max wind direction,
understanding and preprocessing involve analyzing relationships, handling missing values using interpolation = max wind speed, humidity, dry bulb temperature, and evaporation, sourced from 28 meteorological stations across
methods (last observation carried forward: LOCF, linear interpolation), and ensuring data consistency. Linear = northeastern Thailand. These data, collected by the Northeastern Meteorological Center of the Thai

regression analysis aids in feature selection by identifying key variables using linear regression. Three models—  Meteorological Department [7], span the period from January 1993 to December 2018.
XGBoost, LSTM, and transformer—are trained using Python (Google Colab) with hyperparameter tuning. Finally, * Training set: January 1993 to December 2012
model performance is evaluated using MAE, RMSE, and R2 score as shown in Fig. 1. e Test set: January 2013 to December 2018
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S We first perform linear regression analysis to identify climatic variables that affect rainfall prediction.
Fig. 1. Methodology Flowchart There are eight features including min temperature, max surface temperature, wind north, max wind direction,
_ max wind speed, humidity, dry bulb temperature, and evaporation that are mostly influenced rainfall. Next, we
MOdel ArChlteCture predict rainfall using LSTM, XGBoost and transformer. Results are showed in Fig 5. The experiment showed

that the LSTM model (Fig. 5a) produced the lowest error, with a mean absolute error (MAE) of 0.829, a root

In this study, the models for rainfall prediction are developed using three approaches: the transformer mean square error (RMSE) of 1.169, and an R2 score of 0.891, indicating the highest prediction accuracy among
model is autoregressive, generated new symbols based on previously ones at each stage. The encoder-decoder the models tested. Meanwhile, the XGBoost model (Fig. 5b) had an MAE of 1.035, an RMSE of 1.319, and an R2

layers are stacked and interconnected for self-awareness [2] as displayed in Fig. 2. A simple LSTM network (as seen score of 0.862. Although the XGBoost model had higher errors than those of the LSTM, its results were still

in Fig. 3, left) is commonly called vanilla LSTM. A stacked LSTM network consists of two or more simple LSTM fairly close. The transformer model (Fig. 5¢c), on the other hand, had an MAE of 1.034, an RMSE of 1.461, and
networks connected as sequential hidden layers (as shown in Fig. 3, right). The stacked architecture enhances its

ability to capture complex temporal dependencies, making it more effective for time-series prediction [3]. The
XGBoost model is a supervised learning algorithm that utilizes the gradient boosting technique to combine
multiple decision trees, creating a highly efficient model. It transforms features to reflect the patterns of past
rainfall behavior [4] as shown in Fig. 4.

an R2 score of 0.831, which signifies higher prediction errors compared to both LSTM and XGBoost. These
results highlight the differences in model performance, with the LSTM and XGBoost models yielding similar
results, while transformer showed higher errors than the other models tested.

Conclusion & Discussion

a Transformer model e LSTM model
Decoder In conclusion, by comparison of model performance, LSTM model gave the lowest MAE value of
Decoder output 0.829, RMSE value of 1.169 and the highest R2 score value of 0.891, representing the highest accurate
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