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Extended Abstract
Introduction

Accurate precipitation forecasting is essential across a wide range of applications, including but not limited to agriculture,
transportation, urban planning, and disaster preparedness. The ability to anticipate rainfall events with precision allows
stakeholders to make informed decisions that can significantly reduce risks and optimize resource allocation. For instance,
farmers can adjust irrigation schedules to conserve water and improve crop yields, while transportation authorities can
plan routes to avoid delays or accidents caused by adverse weather conditions. This study investigates the comparative
performance of two advanced deep learning architectures Long Short-Term Memory (LSTM) and Gated Recurrent Unit
(GRU) in predicting daily precipitation events. Both models are designed to handle sequential data and are widely used
in time series analysis. By leveraging historical meteorological data from diverse European cities, this research aims to
evaluate the strengths and limitations of each architecture in real-world forecasting scenarios.

Materials and Methods

Data Source and Selection
Due to a lack of comprehensive domestic meteorological data, this study used public data from various European cities.

The datasets included daily weather variables like temperature, humidity, wind speed, and atmospheric pressure.
Climate Diversity and Station Selection

To ensure model robustness across climates, five meteorologically diverse stations were selected:
* Oslo, Norway — Cold polar climate

* Basel, Switzerland — Central European climate

* Heathrow, England — Temperate oceanic climate

* Budapest, Hungary — Continental climate

* Perpignan, France — Mediterranean climate
Data Preprocessing

For each station, two cleaned CSV files were used:
1. A file of daily meteorological variables.
2. A file indicating daily precipitation occurrence (True/False).

Missing values were handled through interpolation, and features were scaled for model convergence.
Model Implementation

Recurrent Neural Networks (RNNs), specifically LSTM and GRU architectures, were implemented using Python and key
libraries (PyTorch, Scikit-learn, Pandas, NumPy). Models were developed in a Jupyter Notebook environment, and

hyperparameters were tuned via grid search.
Evaluation Metrics

Model performance was assessed using:
* Confusion Matrix (to calculate Recall, Specificity, Precision, Accuracy)
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* ROC Curve
* Precision-Recall Curve
These metrics provided a comprehensive evaluation of the models' predictive power.

Results and Discussion

The models were trained using 80% of each dataset, with the remaining 20% reserved for validation. Training curves
indicated consistent convergence across epochs, with a steady decrease in loss and an increase in accuracy.

During training, the LSTM model consistently outperformed the GRU model, demonstrating lower loss values and higher
accuracy scores. However, when evaluated using the confusion matrix, both models exhibited comparable predictive
performance:

* LSTM: Recall = 0.67, Specificity = 0.84, Precision = 0.75, Accuracy = 0.79

* GRU: Recall = 0.65, Specificity = 0.84, Precision = 0.74, Accuracy = 0.78

Further analysis using ROC and precision-recall curves reinforced LSTM’s superior classification capabilities. Notably,
the LSTM model trained on Oslo’s dataset achieved the highest area under the curve (AUC) values:

* Precision-Recall AUC: 0.89

*ROC AUC: 0.87

These results suggest that LSTM is slightly more effective in capturing complex temporal patterns associated with
precipitation events. Additionally, model performance improved significantly with the inclusion of supplementary
meteorological features, highlighting the importance of comprehensive and high-quality data inputs.

The findings also reveal that while GRU offers computational efficiency and faster training times, LSTM’s ability to
retain long-term dependencies gives it a slight edge in accuracy. This trade-off between speed and precision is an
important consideration for real-time forecasting systems.

Conclusion

This study underscores the potential of deep learning architectures—specifically LSTM and GRU—in forecasting daily
precipitation using historical meteorological data. While both models demonstrated strong predictive capabilities, LSTM
consistently delivered marginally better results across multiple evaluation metrics. These findings are consistent with
existing literature and affirm the suitability of LSTM for time series forecasting tasks in meteorology.
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recall, specificity, precision, and accuracy metrics for the LSTM and GRU algorithms across the five
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Fig 1. Graphs of the cost function and prediction accuracy during the training process of the models
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Fig 2. The confusion matrices derived from this research
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