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Rainfall prediction is crucial to support natural disaster mitigation and water
resource management, especially in areas like Palu City with dynamic rainfall
patterns. This study evaluated the performance of three Artificial Neural Network
(ANN) models with different architectures to identify the most accurate model in
predicting rainfall in 2023. To obtain the model, the historical data of nine
meteorological parameters in Palu City from 2018 to 2022 was processed using the
Python programming language through pre-processing, processing, post-
processing, and verification stages. All three models obtained are designed with
hidden layers and different nodes. The best model obtained was Model A with one
hidden layer, 8 nodes, and a MAPE value of 9.42%, putting it in the excellent
category. Meanwhile, Model B and Model C are in a suitable category with MAPE
values of 14.43% and 10.23%. The challenge of using the ANN method in
predicting rainfall is its tendency to equalize extreme rain. Therefore, complete
data is needed to improve ANN performance.
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Prediksi curah hujan sangat penting untuk mendukung mitigasi bencana alam dan
pengelolaan sumber daya air, khususnya di wilayah seperti Kota Palu yang
memiliki pola curah hujan yang dinamis. Penelitian ini mengevaluasi kinerja tiga
model Artificial Neural Network (ANN) dengan arsitektur yang berbeda untuk
mengidentifikasi model yang paling akurat dalam memprediksi curah hujan tahun
2023. Untuk mendapatkan model, data historis sembilan parameter meteorologi
Kota Palu tahun 2018 hingga 2022 diolah menggunakan bahasa pemrograman
Python melalui tahapan pra-pemrosesan, pemrosesan, pasca-pemrosesan, dan
verifikasi. Ketiga model yang diperoleh dirancang dengan lapisan tersembunyi dan
node yang berbeda. Model terbaik yang diperoleh adalah Model A dengan satu
lapisan tersembunyi, 8 node, dan nilai MAPE sebesar 9,42% yang menjadikannya
pada kategori sangat akurat. Sedangkan Model B dan Model C berada pada
kategori baik dengan nilai MAPE sebesar 14,43% dan 10,23%. Tantangan
penggunaan metode ANN dalam memprediksi curah hujan adalah
kecenderungannya dalam memeratakan nilai ekstrem. Oleh karena itu, data yang
lengkap diperlukan untuk meningkatkan kinerja ANN.

Kata kunci: Artificial Neural Network, Parameter Meteorologi, Kota Palu, Python,
Prediksi Curah Hujan
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1. Introduction

One of the aspects to consider in decision-making during daily activities is the weather and climate
conditions [1]. One of the weather parameters that has a significant impact is rainfall [2]. There are many
challenges in predicting rainfall due to various factors influencing it, such as geographic location, dynamic
atmospheric conditions, and maritime factors [3]. Therefore, a method that can accurately predict rainfall is
required. The Artificial Neural Network (ANN) is an effective method for predicting rainfall.

Previous research has demonstrated the success of the ANN method in predicting rainfall in Bangkok
with a lead time of 1-3 hours [4]. Utilizing historical weather data, ANN has also proven effective in
predicting rainfall in Indonesia [2]. Furthermore, applying a three-layer ANN model on daily weather data at
the Kemayoran Meteorological Station has shown increased accuracy [5]. Nevertheless, the results from
previous studies remain varied due to the quantity and types of data that have yet to be optimized.

Based on data from BPS (Badan Pusat Statistik), Palu City has daily rainfall in 2023, reaching 587.55 mm
with a monthly average of 48.95 mm, where monthly rainfall tends to be dynamic with varying differences.
This shows the need to predict rainfall in Palu City. This study aims to maximize the existing data in
predicting rainfall in Palu City using various weather parameters. The comparison of the ANN model in this
study is intended to obtain accurate results so that it can contribute to mitigating the impact of natural
disasters and support better water resources management planning [6].

2. Methods

2.1. Data

The data used consists of two types, namely training data and testing data. The training data includes data on
rainfall, humidity, air pressure, duration of solar irradiation, air temperature (maximum, minimum, and
average), as well as wind speed and direction [2], [5] in the period 2018 to 2022. Meanwhile, the testing data
includes rainfall data in 2023. Both data types were taken from The Mutiara SIS Al-Jufri Class II
Meteorological Station in Palu City, Central Sulawesi, as shown in Figure 1, through the BMKGSoft and
Ogimet portals.
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Figure 1. Research map

2.2. Research procedures
Data processing uses Google Colab with Python as the programming language. Data processing goes through
the following stages:

1) Pre-processing: cleans data collected in .xIx format, where blank data with 0 is filled in because the
value of 0 is considered neutral and does not make a significant positive or negative contribution to
calculating the weight and activation of neurons. Then, normalize the data to the range [0,1, 0,9]
because the output value does not reach 0 or 1 if using the sigmoid activation function, so it does not
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use the range [0, 1] [7]. Then, divide the data into 80% training data and 20% test data [8].

2) Processing: using a Sequential Model with the number of layers built with the sigmoid activation
function [9], configuring the data with Adam Optimizer, monitoring the performance of the model
with MAE (Mean Absolute Error), MSE (Mean Squared Error), and RMSE (Root Mean Squared
Error) [10] in Equations (1) to (3) [11], [12], [13], and training the data for 500 epochs with 10%
validation data.

1
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Where n is the total number of data, x; is the actual value of the i data, and y; is the predicted value of the
£th
i data.

3) Post-processing: using the model.predict function to predict based on testing data.
4) Denormalization: returns data from the normalized scale to its original scale through Equation (4)
[14].

vi = Wi'—newmina)(Mmaxs—ming )
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Where v; is the data of the i"™ denormalization result, v;’ is the data of the i™ normalization result, max, is
the maximum value of the original data, min, is the minimum value of the original data, new,,4,4 is the
maximum value on the scale used for normalization (0.9), and new,y;, 4 is the minimum value on the scale
used for normalization (0.1).

2.3. Data Verification

The data is verified by analyzing the MAPE (Mean Absolute Percentage Error) value, which can be
seen in Equation (5), where a smaller value indicates a more accurate prediction [15].

1 i~Yi
MAPE = ~¥7, |%| x 100% (5)
The obtained MAPE value has an accuracy classification that can be seen in Table 1.

Table 1. Classification of MAPE values [16], [17]

MAPE Values Prediction Categories
<10% Excellent
10% - 20% Good
20% - 50% Reasonable
>50% Inaccurate

3. Result and Discussion
3.1. Comparison of Models

The accuracy of the rainfall forecast for 2023 was evaluated for three ANN models (Model A to C in
Figure 2) during the initial testing phase. In this experiment, three models with different hidden layer
structures were trained, each for 500 epochs, to predict rainfall. The models were evaluated using metrics
such as MAE, MSE, and RMSE, allowing for a comprehensive comparison of their predictive capabilities.
The results of this evaluation are summarized in Table 2.
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Figure 2. Actual and prediction rainfall of (a) Model A with 1 hidden layer, (b) Model B with 2 hidden
layers, and (c) Model C with 3 hidden layers

Table 2. Results and evaluation of three models

Sample Architecture Learning Rate Epoch MAE MSE RMSE
Modelc  [8][1682][1] 0.01 500

2.05 32.83 57.30
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From Figure 2 and Table 2, the first model (Model A), consisting of a single hidden layer with 8 nodes,
achieved an MAE of 1.92, an MSE of 33.09, and an RMSE of 57.53. This relatively simple architecture
demonstrates solid performance, indicating its ability to capture key patterns in the data while maintaining
computational efficiency. This is because the model is more likely to generalize well to unseen data rather
than memorizing noise in the training dataset. However, its simplicity might limit its capacity to learn more
complex relationships, potentially leaving room for improvement.

The second model (Model B) featured two hidden layers with 2 and 4 nodes, respectively. Despite its
deeper architecture, this model achieved a slightly higher MAE of 2.45, with an MSE of 32.68 and an RMSE
of 57.16. These results suggest that while the two-layer structure may offer enhanced flexibility, the low
number of nodes in each layer may have constrained its capacity to generalize effectively. Additionally, the
increased depth did not significantly improve the simpler model, highlighting the importance of selecting
appropriate layer sizes.

The third model (Model C) utilized three hidden layers with 16, 8, and 2 nodes, respectively. It achieved
an MAE of 2.05, an MSE of 32.83, and an RMSE of 57.30. This deeper and more complex architecture
demonstrates good performance but does not outperform the single-layer model significantly. While the
increased number of nodes in the first two layers might have improved its ability to capture intricate patterns,
adding a third layer with only 2 nodes may have limited its effectiveness. Furthermore, the added complexity
likely increased the computational cost without delivering a proportional gain in accuracy.

In all three models, the predicted rainfall pattern generally follows the overall shape of the actual data.
However, there are striking differences in amplitude, especially at certain peaks. One example is the model's
tendency to underestimate extreme spikes in precipitation, which results in flattening effects. In addition, the
large amount of blank data on the rainfall parameters used as training data is also a factor in this striking
difference. Nonetheless, all models achieved low error values in the MAE, MSE, and RMSE metrics, thus
still showing good potential for rainfall prediction.

3.2. Models Performance Analysis

When evaluating the performance of predictive models, MAPE provides valuable insights into the
accuracy of predictions relative to actual values. However, even though MAPE shows mean percentage
errors, MAPE does not fully capture the nuances of model performance, especially when the model fails to
represent critical patterns in the data adequately. In this experiment, three neural network models with
varying architectures were compared. The MAPE values of the three models can be seen in Table 3.

Table 3. MAPE values of three models

Sample Architecture MAPE (%)
Model a [8T[8]11] 9.42
Model b [81[24][1] 14.43
Model ¢ [8][16 8 2] [1] 10.23

Based on the classification of MAPE values, the MAPE value in the Model A of 9.42% is in the excellent
category. Meanwhile, the MAPE values of Model B and Model C of 14.43% and 10.23% are in a suitable
category [16], [17]. Although Model A is considered highly accurate, the graphical analysis in Figure 2
indicates that Model A struggles to capture rainfall spikes. This can be observed from the model's tendency
to flatten extreme peaks, resulting in the loss of detail in significant events within the dataset. The flattening
of extreme peaks may be caused by the inherent complexity of the data and the model's insufficient capacity
to learn highly complex patterns. Model B, which has the lowest accuracy compared to the other two models,
shows its inability to generalize effectively. The limited number of nodes in each layer likely limits the
model's capacity to learn the complex relationships needed to predict rainfall patterns accurately.

In contrast, Model C performs better than Model B, although it is still worse than Model A. Despite
having a deeper architecture and greater nodes in the first two layers, Model C also struggles to capture
highly localized precipitation surges, as seen in Figure 2. In this experiment, adding more layers and nodes
provided only marginal performance gains, indicating that increased complexity did not significantly
improve generalization. The addition of complexity does not improve the model's ability to capture
important details, and even the bottlenecks caused by the small number of nodes in the third layer may
further limit its effectiveness.

Alternative approaches can be explored to address the challenges in rainfall prediction, particularly in
capturing extreme variations. Ensemble learning techniques, such as Random Forest or XGBoost, can be
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employed to combine multiple models, reducing bias and variance while improving overall accuracy.
Additionally, replacing traditional activation functions like ReLU with advanced alternatives such as Swish
or ELU may enhance the model's ability to respond to sudden shifts in rainfall patterns. Given the sequential
nature of rainfall data, time-series models like LSTM or RNN could be integrated to capture temporal
dependencies better. Hybrid models, such as combining LSTM with ARIMA, offer a balanced approach by
leveraging the strengths of both deep learning and statistical methods to model linear and non-linear trends.

4. Conclusion

Based on the results and discussion, Model A is the best model that predicts rainfall in Palu City in 2023
with one hidden layer and 8 nodes. Model A is in the excellent category with a MAPE value of 9.42%, but
its tendency to flatten extreme peaks makes some estimates underestimated when predicting rainfall. This
can be due to the inherent complexity of the data and the insufficient capacity of the model to learn highly
complex patterns. The ANN method can be an effective tool for predicting rainfall if the model is designed
to be simple, efficient, and has complete training data.
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