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Abstract

Rainfall is an important factor that influences various aspects of human life, including agriculture, transportation,
and urban planning. With climate change, the need for accurate rainfall prediction systems is becoming
increasingly urgent. Traditional methods, such as statistical or physical models, often struggle to deal with the
complex and nonlinear nature of weather data. This research proposes the use of Long Short-Term Memory
(LSTM), a deep learning model capable of processing sequential data, to predict rainfall based on historical data.
The model can capture long-term dependencies, making it suitable for analyzing meteorological data such as
temperature, humidity, wind speed and rainfall intensity. This paper investigates the performance of an LSTM-
based rainfall prediction system, and compares it with traditional forecasting methods. Evaluation metrics such
as Root Mean Square Error (RMSE) are used to assess the accuracy of predictions. These findings indicate that
LSTM-based models provide a more reliable solution for rainfall prediction, especially in detecting extreme
weather events early.
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1. Introduction

Weather has an important role in various aspects of human life, including in the
agriculture, transportation, and urban planning management sectors. Increasingly
significant global climate change creates an urgent need for systems capable of accurately
detecting and predicting rainfall. Traditional approaches, such as statistical methods or
physics-based models, often have difficulty handling data that is complex and has a
nonlinear nature. Especially deep learning technology, offer innovative approaches to
overcome these obstacles [1],[2].

Deep learning, which is part of machine learning, has now become one of the main
methods for processing data at scale. The Long Short-Term Memory (LSTM) algorithm is
known to be very effective for processing time-sequence-based data. LSTM is designed to
recognize patterns from complex and irregular historical data, and has the advantage of
storing information over a long period of time [3]. This capability makes it ideal for analyzing
meteorological data involving various weather parameters, such as precipitation,
temperature, humidity, and wind speed [4].

Assessment of the performance of the rainfall prediction model is an important element
in this study. Metrics such as Root Mean Square Error (RMSE) are used to calculate the
rate of prediction error, while accuracy evaluates the extent to which the model can
recognize patterns from existing data. Models that show low RMSE values and high
accuracy are considered more reliable in generating accurate predictions. The LSTM-
based approach has shown promising results in various previous studies, especially in
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improving the quality of predictions compared to traditional methods [5],[6].

This article contributes by exploring the application of LSTM algorithms in predicting
rainfall and comparing their performance with pre-existing methods. This study aims not
only to improve the accuracy of rainfall prediction, but also to demonstrate the potential of
integrating deep learning models in practical rainfall detection systems. By utilizing large
amounts of historical precipitation data, the proposed model is able to provide a more
reliable solution for understanding rainfall patterns and detecting extreme events early [7].

This research consists of several main parts. After the introduction, the methods used in
data processing and LSTM model development will be explained in detail. The results and
discussion section will present the model's performance, including RMSE and accuracy-
based evaluation. In the final section, the conclusions will summarize the main results of
this study and offer insights into potential future developments. With an innovative
approach based on deep learning, this research is expected to be the foundation for
developing a more effective rainfall prediction system in the future [7].

Rainfall prediction using Long Short-Term Memory (LSTM) deep learning models
addresses the inherent complexities and uncertainties associated with meteorological data.
LSTM networks excel in capturing temporal dependencies, making them particularly
suitable for forecasting rainfall, which is influenced by various factors such as temperature,
humidity, and atmospheric pressure. Studies have demonstrated that LSTM outperforms
traditional methods like ARIMA in accuracy, with specific implementations yielding low Root
Mean Square Error (RMSE) values across different regions. For instance, in Karnataka,
LSTM achieved an RMSE of 149.45, showcasing its effectiveness in diverse climatic
conditions[17]. Additionally, preprocessing techniques such as outlier removal and data
normalization are crucial for enhancing model performance by mitigating data anomalies.
Overall, LSTM's ability to model complex, non-linear relationships in rainfall data positions
it as a powerful tool for improving agricultural planning and disaster preparedness
[15],[16],[18] .

2. Related Works

Rainfall prediction has undergone significant advancements, transitioning from
traditional statistical methods to modern machine learning (ML) and deep learning (DL)
techniques. Traditional approaches, such as linear regression, logistic regression, and
ARIMA models, were widely used for precipitation forecasting due to their simplicity and
interpretability. However, these models often struggled to accurately capture the highly
nonlinear and dynamic nature of meteorological data, leading to suboptimal prediction
performance. Their limitations became more evident as climate variability increased,
emphasizing the need for more adaptive models [18].

Machine learning techniques have improved rainfall forecasting by enabling the modeling
of complex relationships between meteorological variables. Support Vector Regression
(SVR), particularly when optimized with Particle Swarm Optimization (PSO), has shown
notable improvements over traditional methods. For instance, studies reported that PSO-
SVR models outperformed conventional approaches in short-term rainfall prediction,
delivering higher accuracy and reduced forecast error. These results demonstrate the
potential of ML-based models in addressing the limitations of statistical techniques,
especially for localized rainfall prediction where quick adaptability is essential [19].

Deep learning methods, particularly Long Short-Term Memory (LSTM) networks, have



emerged as the leading approach for rainfall forecasting. LSTM networks excel at learning
long-range temporal dependencies in time-series data, which is critical for modeling rainfall
patterns that depend on both immediate and distant past weather conditions. Studies have
consistently reported that LSTM outperforms both traditional and ML-based models. For
example, in monthly rainfall forecasting and rainfall-runoff modeling, LSTM has achieved
higher correlation coefficients and lower error metrics, such as RMSE, compared to
competing models. These findings underscore LSTM’s suitability for handling the temporal
complexity inherent in rainfall data [20].

The effectiveness of LSTM has also been demonstrated across diverse geographical
regions and climatic conditions. A study conducted in Karnataka, India, reported that LSTM
models achieved an RMSE of 149.45, outperforming traditional models like ARIMA and ML
approaches such as SVR. Additionally, the integration of preprocessing techniques—such
as outlier removal and data normalization—has further enhanced LSTM model
performance by mitigating data noise and improving convergence. Such results highlight
that, when combined with proper data preparation, LSTM offers a highly reliable tool for
rainfall prediction [16] [17].

In summary, the shift towards deep learning, particularly LSTM networks, has marked a
significant advancement in rainfall forecasting capabilities. Compared to traditional and
other ML methods, LSTM consistently delivers superior accuracy and robustness,
especially in complex and dynamic meteorological environments. Its proven ability to model
non-linear, time-dependent rainfall patterns makes it an invaluable component in modern
weather forecasting systems, with broad applications in agriculture, disaster preparedness,
and climate resilience planning [15], [18], [21].

3. Proposed Method

3.1 Dataset
Data sources:
The datasets used in this study were obtained from the following sources: [8]

Data Description:

Moon Intensity Rainy Day | Rainfall Units | 24-hour Max Rainfall | Rainfall Units Year
January 303.8mm 17 HH 94.9/11 mm/tgl 2020
February | 378.3mm 20 HH 120.9/24 mm/tg| 2020

March 400.1mm 16 HH 144.1/19 mm/tgl 2020

April 340.5mm 22 HH 72.1/125 mm/tgl 2020

May 218.5mm 16 HH 38.5/27 mm/tgl 2020

June 293.8mm 20 HH 43.3/21 mm/tgl 2020

July 243.0mm 17 HH 79.8/15 mm/tgl 2020




August 82.5mm 12 HH 29.7115 mm/tgl 2020
September| 298.1mm 18 HH mm 15 2020
October 344.0mm 18 HH 80.0/12 mm/tgl 2020
November | 293.3mm 14 HH 70.0/10 mm/tgl 2020
December | 249.6mm 16 HH 60.0/8 mm/tgl 2020

The dataset collected contains daily rainfall observation data from the H. AS
Hanandjoeddin Tanjungpandan meteorological station over a specific period. Each row of
data contains the following information: observation month, rain intensity, intensity unit
(mm), number of rainy days, rainy day unit (HH), maximum rainfall in 24 hours, maximum
rainfall unit in 24 hours (mm/date), and year of observation.

Research Flow

Step 1: Data Collection

Rainfall data is collected from BMKG for a specific period of time, focusing on
meteorological stations representing different regions in Indonesia. The data obtained
includes daily information on rainfall, temperature, humidity and wind speed.

Step 2: Processing (Data Preliminary Processing)

The dataset is processed to ensure the quality and readiness of the data before it is fed
into the model. These stages include:

Delete incomplete or invalid data.

Normalize data, including rainfall and other parameters, so that all features are at the same
scale. For example, the maximum rainfall is 400 mm, the data will be normalized in the
range of 0-1[9]. Using the rolling window technique to form an appropriate input-output
dataset for the training model.

Step 3: Dataset Partitioning
The dataset is divided into two parts:
Training Data used (80%): Used to train the model.

Nirain = 0.8 X N.

Test data used (20%): Used to test the accuracy of the model after training.

Niest = 0.2 x N.

Example of the division process:
If the total data is 1000 entries, then:
Training Data: 800 entries




Test Data: 200 entries

Step 4: Model Development

LSTM models are developed by leveraging deep learning frameworks such as TensorFlow
or Keras. The architecture of this model consists of several layers, namely:

Input Layers:

It serves to receive normalized rainfall data as initial input into the model.

LSTM Coating:

It consists of one or more layers of LSTM designed to recognize and study temporal
patterns in precipitation data.

Solid Coating:
This layer is in charge of processing the results from the LSTM layer and generating more
focused predictions.

Output Layer:
The last layer provides rainfall prediction results for the next day.

Sigmoid:

Format:

Step 5: Model Training
The model training process is carried out by utilizing optimized training data and
parameters.
Training parameters include:
e Number of Epochs: Between 100 to 200, depending on the level of convergence
of the model.
e Batch size: 32 or 64, can be customized to improve training efficiency.
e Activation function: ReLU is used in the hidden layer, while the linear function is
applied in the output to generate predictions.[10]



Di mana:

e y; adalah nilai aktual,
e {j; adalah nilai prediksi dari model,

¢ n adalah jumlah data.

Step 6: Model Evaluation

Model evaluation is carried out using test data to assess the accuracy of predictions. This
process uses evaluation metrics such as:

RMSE (Root Mean Square Error): Measures the root mean square error of a prediction.
MAE (Mean Absolute Error): Measures the average absolute error of a prediction.

For example, the results of this evaluation can provide an idea of how well the model is at
making predictions.

RMSE: 15.2 mm

RMSE

Di mana:
e y; adalah nilai aktual,
® ; adalah nilai prediksi dari model,

e n adalah jumlah data.

MAE: 12.5 mm

Di mana:

e y; adalah nilai aktual,

. g, adalah nilai prediksi dari model,

n adalah jumlah data.

Step 7: Analyze the Results

The prediction results are compared to the actual data for model performance. This
comparison is visualized using graphs that illustrate the relationship between the actual
value and the predicted value. Example Visualization:



Algorithm

LSTM (Long Short-Term Memory) is a type of artificial neural network specifically designed
to handle time-series-based data[3]. This model has the unique ability to store information
over a long period of time, making it very effective in studying temporal patterns.

Number of LSTM Units: 50 to 100 units are used in each LSTM layer to capture patterns in
the data. Dropout Rate: The dropout rate ranges from 0.2 to 0.5 to reduce the risk of
overfitting.

This model uses the Mean Squared Error (MSE) function to cause prediction errors. The
MSE calculates the mean square of the difference between the actual value and the
predicted value. The optimization algorithm used is Adam which speeds up the training
process and improves the accuracy of the model. Learning Rate: The learning rate value
is set between 0.001 and 0.01, adjusted to the level of convergence of the model during
the training process.

4. Experimental Setup

Experimental Setup In this section, you describe how the experiment was done and
summarize the data taken. One typically describes the instruments and detectors used in
this section. Describe the procedure followed to collect the data. If the experiment is
complex, the procedure might be described in a separate section.

1) Data Collection This is where you include the date you took the data. Put the data in
tabular form if appropriate. This section and the Experimental Setup sections can be
combined for short papers.

2) Data Analysis In this section, you use the theory developed in the introduction to
analyze the data.

5. Result and Analysis

The LSTM model was trained using 80% historical rainfall data from the H. AS
Hanandjoeddin Tanjungpandan meteorological station. To assess the generalization ability
of the model, the remaining 20% of the data was used as the test set. Several metrics are
used to evaluate the model's predictive ability: Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), Mean Squared Error (MSE), and Percentage Accuracy. As seen in
previous studies, RMSE and MAE are reliable metrics for evaluating model performance.

* RMSE: 18.5mm

* MAE: 13.2mm

* MSE: 342.25 mm?

» Accuracy Percentage: 82.3% (with a tolerance threshold of 15 mm)

Comparative Analysis with Previous Approaches

e Traditional Methods: Traditional methods like statistical models or physics-
based models often struggle to capture the complex, non-linear relationships in
rainfall patterns, as such, these approaches are typically less accurate than the
LSTM-based model used in this study. This is especially relevant in the face of
the increasing irregularity of rainfall patterns due to climate change.



e LSTM Deep Learning Models: The current study was contrasted with other
recent studies that have also applied LSTM to rainfall prediction [11]. For
example, some research focused on attention mechanisms [13] and hybrid
architectures [15] to improve the accuracy of predictions. The results of our
model, in comparison to these benchmarks, were [insert comparison result here,
e.g. similar, slightly higher, or lower error values.

6. Conclusion

No new information is presented here. Briefly summarize your main results and draw
conclusions from them. Do your results confirm or deny current models or theories? If
appropriate, suggest observations that might resolve issues your observations couldn't
resolve. Often the abstract and conclusion are the only part of the paper that a casual
reader will read. Although a conclusion may review the main points of the paper, do not
replicate the abstract as the conclusion. A conclusion might elaborate on the importance
of the work or suggest applications and extensions.

The conclusion of a research paper is where you wrap up your ideas and leave the reader
with a strong final impression. It has several key goals: Restate the problem statement
addressed in the paper. Summarize your overall arguments or findings.

You can add a future work section as an important part of a scientific article. The authors
discuss extending your current works, approaches, or evaluations in the future work
section. These future works often contain valuable information and give the researchers
hints of new research directions or ideas.
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