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Abstract: Rainfall prediction is crucial for urban planning, agriculture, and
disaster mitigation. This study predicts rainfall intensity in Mataram City
using the Gated Recurrent Unit (GRU), a variant of Recurrent Neural
Networks (RNN) optimized for sequential data. The dataset consists of hourly
rainfall data from NASA's MERRA Power (2010-2021). Data preprocessing
includes normalization, feature engineering, and dataset splitting. The GRU
model architecture comprises input, GRU, and dense layers. Model
performance is evaluated using Root Mean Squared Error (RMSE), yielding
67, 112, 69, and 109 for Ampenan, Cakranegara, Majeluk, and Selaparang,
respectively. Results show that the GRU model captures rainfall trends but has
limitations in predicting extreme values. This study demonstrates GRU’s
potential for improving rainfall forecasting while highlighting the need for
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further optimization to enhance accuracy.
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Introduction

Rainfall is a critical meteorological phenomenon
that affects agriculture, urban management, and water
resource planning. Accurate rainfall prediction is
essential for mitigating floods, optimizing agricultural
practices, and enhancing disaster preparedness (Mohr et
al, 2022). However, rainfall forecasting remains
challenging due to its stochastic nature, seasonal
variations, and dependence on multiple atmospheric
factors (Avalon Cullen & Al Suhili, 2023). Traditional
statistical models often struggle to capture these
complexities, leading to inaccurate predictions,
especially in extreme weather conditions.

The rapid development of technology has led to
progress in the field of data processing, one of which is
Artificial Neural Network (ANN). Artificial Neural
Network is an artificial neural network that imitates the
working principle of the human brain. One type of ANN
is Recurrent Neural Network (RNN). RNN is a type of
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ANN that has advantages in processing data in the form
of time series.

RNN has a suitability in processing time-series data
because there is a lot of data with a fairly large amount
and requires quite complex computation. RNN has high
accuracy in processing time-series data. RNN has
several methods, namely LSTM (Long Short Term
Memory) and GRU (Gate Recurrent Unit).

LSTM is a form of development of RNN with the
addition of memory cells. The addition of memory cells
helps improve computing which causes accuracy to
increase. However, LSTM has a weakness where high
computing causes computer performance to be heavy,
thus increasing training time. For that, GRU is here to
overcome this deficiency.

GRU is a form of development of LSTM Arifah et
al. (2022) which replaces memory cells with system
gates. There are two gates in GRU, namely update gate
and reset gate (Zhijian et al., 2022). This system gate
makes computer performance lighter, thereby reducing
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training time and also increasing accuracy. The results of
Zakiyah et al. (2024) research, showed that GRU gave
results that were 10% better than RMSE.

Root Mean Square Error (RMSE) is a standard
metric used to evaluate the performance of a model
(Hodson, 2022). The value of RMSE reflects the
performance of a model. The use of RMSE is common in
evaluating modeling results because RMSE provides a
value in the form of whole numbers that clearly describe
the error of a model. Where the smaller the number
given by RMSE, it can be said that the model is closer to
the truth (Lim et al., 2024; Setiawan, 2021).

This research focuses on developing a GRU-based
rainfall prediction model for Mataram City using hourly
data from NASA's MERRA Power. While previous
studies have applied GRU in various forecasting tasks,
its application in high-resolution rainfall prediction
remains limited (Xiong et al., 2022). By evaluating the
model's performance using the Root Mean Squared
Error (RMSE), this study seeks to provide a more reliable
and computationally efficient approach for rainfall
forecasting (Leite-Filho et al., 2021). The findings are
expected to enhance urban planning, agricultural
decision-making, and disaster risk reduction in
Mataram City.

Method

This study utilizes the Gated Recurrent Unit (GRU)
model to predict rainfall in Mataram City using
historical hourly rainfall data from NASA's MERRA
Power for the period of 2010-2021.
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Figure 1. Structure of GRU (Hong & Zhang, 2020)

The research methodology includes data
preprocessing, model architecture design, and model
evaluation.
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Data Collection and Pre processing

Hourly rainfall data from four regions in Mataram
(Ampenan, Cakranegara, Majeluk, and Selaparang)
were collected, amounting to 122,712 data points per
region. The preprocessing steps included normalizing
the data using the MinMaxScaler to scale values between
0 and 1, creating sequential data windows, and splitting
the dataset into training (80%) and testing (20%) sets.
These steps are aimed at preparing the data for efficient
and accurate learning using the GRU model (Abeltino et
al., 2022; Tomazzoli et al., 2024).

GRU Model Architecture

The GRU model was constructed using a sequential
architecture with the following components: input layer:
configured for time-series data with a window size of 5;
GRU layer: a hidden layer consisting of 64 units,
optimized to learn sequential patterns; dense layers: a
dense layer with 8 neurons and relu activation function,
followed by a final dense layer with linear activation for
numerical output; and the model was compiled using
the adam optimizer and the mean squared error (MSE)
loss function, with root mean squared error (RMSE) as
the evaluation metric (Bi et al., 2023).

Model Training and Evaluation

The model was trained over 100 epochs. Evaluation
was performed using RMSE to quantify the deviation
between predicted and actual rainfall values. The final
model performance was analyzed across the four
regions to determine its effectiveness in capturing
rainfall trends and addressing extreme values (Berndt et
al., 2020).

Result and Discussion

The results of this study present the performance of
the GRU model in predicting rainfall for four regions in
Mataram: Ampenan, Cakranegara, Majeluk, and
Selaparang. The model was evaluated using RMSE to
measure prediction accuracy and visualized through
graphs comparing predicted rainfall against BMKG
observation data.

Model Performance Evaluation

The GRU model achieved RMSE values of 67, 112,
69, and 109 for Ampenan, Cakranegara, Majeluk, and
Selaparang, respectively. These results indicate that the
model effectively captures rainfall trends, with
Ampenan and Majeluk showing better predictive
accuracy. However, higher RMSE in Cakranegara and
Selaparang suggests limited accuracy in extreme rainfall
conditions.
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Visualization of Rainfall Trends

Graphs comparing predicted and observed rainfall
highlight the model's ability to follow seasonal patterns.
For instance, in Ampenan, the predicted data closely
matched BMKG trends, particularly during peak rainfall
periods. However, deviations were noted in extreme
cases, such as significant rainfall spikes and rapid
changes in patterns.
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Figure 2. Comparison Predicted Results vs BMKG

The graph compares the predicted rainfall intensity
generated by the GRU model with the observed data
from BMKG for the Ampenan region between 2020 and
2023. Overall, the predict ions successfully followed the
patterns observed in the BMKG data, although there
were some notable discrepancies at specific points (Ji et
al., 2021).

For instance, during peak rainfall periods, such as
November 2021 and February 2023, the GRU model
tended to overestimate rainfall, producing values
slightly higher than BMKG observations. Similarly,
during low rainfall periods, such as August 2022, the
model occasionally underestimated the intensity. These
discrepancies suggest that while the GRU model is
effective in capturing general trends, its sensitivity to
extreme changes, such as sudden increases or decreases
in rainfall, requires improvement. Enhancements in
model architecture or data preprocessing could further

optimize prediction accuracy and reduce these
deviations (Giordani et al., 2023).
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Figure 3. Annual trends predictions and BMKG
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The predicted rainfall closely follows the seasonal
trends observed in the BMKG data, indicating that the
GRU model effectively captures the general pattern of
rainfall fluctuations. Notable peaks in rainfall, such as in
November 2021 and February 2023, are observed in both
the predicted and observed datasets, showing that the
model is able to identify these significant wet periods
(Bochenek & Ustrnul, 2022).

However, some discrepancies are evident,
particularly during the dry months, where the predicted
rainfall slightly diverges from BMKG data. For example,
in August 2022, the GRU model slightly underestimated
the rainfall intensity. Despite these minor differences,
the model effectively mirrors the broader trends in the
BMKG data, though further refinement is needed for
more accurate predictions during extreme conditions.
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Figure 4. RMSE graphics

This figure presents the Root Mean Squared Error
(RMSE) values for the GRU model's rainfall predictions
in Ampenan compared to BMKG observations from
2020 to 2023. The RMSE values measure the accuracy of
the model, with lower values indicating better alignment
with the actual data. Ampenan exhibited the lowest
RMSE among the four regions studied, highlighting the
GRU model's effectiveness in predicting rainfall trends
in this area (Kalu & Madueme, 2018; Zhang et al., 2023).
The low RMSE values suggest that the model
successfully captured the general seasonal patterns and
intensity of rainfall, even during peak wet months such
as November 2021 and February 2023.

Although the model demonstrated strong
performance, minor discrepancies were still observed
during periods of rapid rainfall fluctuations. For
example, during certain dry months, slight
overestimations occurred, which contributed to small
increases in the RMSE. Overall, the low RMSE values for
Ampenan underscore the GRU model's capability to
accurately predict rainfall in areas with relatively stable
meteorological patterns. Further refinement of the
model could potentially reduce the small deviations
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observed in extreme or transitional periods (Clarke et al.,
2022; Praveen et al., 2020).

The results obtained are better compared to the
results obtained in research conducted by Aprianto et al.
(2024) who tried to analyze the pattern of the rainy and
dry seasons based on rainfall data for 2024 using ANN,
where the general error in the RMSE score was 3.3, as
well as the research results obtained by Diandra et al.
(2022) who used LSTM to predict climate in Indonesia,
where the error results obtained with an RMSE score
was 3.7. The error results obtained in this study were
better with an RMSE score of 2. This could happen
because the model used in the two previous studies was
LSTM, whereas in this study used GRU, which is a
development and refinement of the LSTM model (Li &
Qian, 2022).

Similar research results were also obtained by
Kumar (2024) who made predictions of the number of
solar sunspots using GRU, which resulted in an error of
2.7. This shows that using GRU provides better and
more accurate prediction results compared to using
LSTM (Lesik et al., 2020).

Conclusion

This study demonstrates the effectiveness of the
Gated Recurrent Unit (GRU) model in predicting rainfall
in Mataram City using hourly data from NASA’s
MERRA Power. The model successfully captures
general seasonal rainfall trends across four regions:
Ampenan, Cakranegara, Majeluk, and Selaparang. The
evaluation results, based on Root Mean Squared Error
(RMSE), indicate that the GRU model provides
reasonable accuracy, with lower errors in Ampenan and
Majeluk, while Cakranegara and Selaparang show
higher RMSE values, suggesting challenges in
predicting extreme rainfall events. Compared to
traditional statistical models, GRU exhibits superior
performance in processing sequential meteorological
data. However, its limitations in handling extreme
weather conditions highlight the need for further
improvements, such as incorporating additional climate
variables, optimizing model architecture, and utilizing
hybrid deep learning approaches. The findings of this
study have significant practical implications. More
accurate rainfall predictions can support urban flood
mitigation strategies, optimize agricultural planning,
and improve early warning systems for disaster
preparedness. Future research should explore
integrating real-time weather station data and satellite
imagery to enhance the model’s predictive capability
and robustness in different climatic conditions.

February 2025, Volume 11 Issue 2, 1114-1119

Acknowledgments

The researcher would like to thank Almighty God
because during the research the researcher was given
good health. My sincere appreciation goes to my family
and my friends for their unwavering encouragement and
understanding during the course of this work and give me
moral support. And I would like to express my deepest
gratitude to my academic supervisor, Bulkis Kanata, ST. MT.
and Made Sutha Yadnya, ST., MT., for their invaluable
guidance, support, and constructive feedback throughout this
research. I would also like to thank Badan Meteorologi
Klimatologi dan Geofisika (BMKG) West Nusa Tenggara and
NASA for their assistance in providing data resources that
contributed to the completion of this study.

Author Contributions

This article was written by Galih Dimas Aryoso as the creator
and Mrs. Bulkis Kanata and Mr. Made Sutha Yadnya as the
supervisor.

Funding
This research received no external funding.

Conflicts of Interest
The authors declare no conflict of interest.

References

Abeltino, A., Bianchetti, G., Serantoni, C., Ardito, C. F.,
Malta, D., De Spirito, M., & Maulucci, G. (2022).
Personalized metabolic avatar: a data driven
model of metabolism for weight variation
forecasting and diet plan evaluation. Nutrients,
14(17), 3520. https:/ /doi.org/10.3390/nu14173520

Aprianto, R, Fitriyanto, S., & Nufus, H. (2024). Analisis
Pola Musim Hujan dan Kemarau Berdasarkan
Prediksi Curah Hujan Tahun 2024 Menggunakan
Artificial Neural Network (ANN) di Kabupaten
Sumbawa. Titian [lmu: Jurnal Ilmiah Multi Sciences,
16(1), 25-32.
https:/ /doi.org/10.30599/iti.v16i1.3121

Arifah, L. I, Fajri, F. N., Pratamasunu, G. Q. O., & others.
(2022). Deteksi Tangan Otomatis Pada Video
Percakapan Bahasa Isyarat Indonesia
Menggunakan Metode YOLO Dan CNN. Journal of
Applied Informatics and Computing, 6(2), 171-176.
https:/ /doi.org/10.30871 /jaic.v6i2.4694

Avalon Cullen, C., & Al Suhili, R. (2023). Assessing
rainfall variability in Jamaica using CHIRPS:
techniques and measures for persistence, long and
short-term trends. Geographies, 3(2), 375-397.
https:/ /doi.org/10.3390/ geographies3020020

Berndt, E., Smith, N., Burks, J., White, K., Esmaili, R.,
Kuciauskas, A., Duran, E., Allen, R., LaFontaine, F.,
& Szkodzinski, J. (2020). Gridded satellite
sounding retrievals in operational weather

forecasting: Product description and emerging
1117



Jurnal Penelitian Pendidikan IPA (JPPIPA)
applications. Remote Sensing, 12(20), 3311.
https://doi.org/10.3390/rs12203311

Bi, K., Xie, L., Zhang, H., Chen, X,, Gu, X, & Tian, Q.
(2023). Accurate medium-range global weather
forecasting with 3D neural networks. Nature,
619(7970), 533-538. Retrieved from
https:/ /www.nature.com/ articles/s41586-023-
06185-3.

Bochenek, B., & Ustrnul, Z. (2022). Machine learning in
weather prediction and climate analyses—
applications and perspectives. Atmosphere, 13(2),
180. https://doi.org/10.3390/ atmos13020180

Clarke, B., Otto, F., Stuart-Smith, R., & Harrington, L.
(2022). Extreme weather impacts of climate change:
an attribution perspective. Environmental Research:
Climate, 1(1), 12001. https://doi.org/0.1088/2752-
5295/ ac6e7

Diandra, D., Atsila, F., Akhdan, S., Yudistira, N., &
Raihan. (2022). Prediksi Perubahan Iklim di
Indonesia pada tahun 2013-2014 menggunakan
LSTM. Jurnal Litbang Edusaintech, 3(2), 101-106.
https:/ /doi.org/10.51402/jle.v3i2.49

Giordani, A., Cerenzia, I. M. L., Paccagnella, T., & Di
Sabatino, S. (2023). SPHERA, a new convection-
permitting regional reanalysis over Italy:
Improving the description of heavy rainfall.
Quarterly Journal of the Royal Meteorological Society,
149(752), 781-808.
https:/ /doi.org/10.1002/ qj.4428

Hodson, T. O. (2022). Root mean square error (RMSE) or
mean absolute error (MAE): When to use them or
not. Geoscientific Model Development Discussions,
2022, 1-10. Retrieved from
https:/ /gmd.copernicus.org/articles/15/5481/20
22 / gmd-15-5481-2022-discussion.html

Hong, Y., & Zhang, Q. (2020). Indicator selection for
topic popularity definition based on AHP and deep
learning models. Discrete Dynamics in Nature and
Society, 2020(1), 9634308.
https://doi.org/10.1155/2020/9634308

Ji, C, Peng, T., Zhang, C., Hua, L., & Sun, W. (2021). An
Integrated Framework of GRU Based on Improved
Whale Optimization Algorithm for Flood Prediction.
https:/ /doi.org/10.21203 /1s.3.rs-947198 /v1

Kalu, O. O., & Madueme, T. C. (2018). Application of
artificial neural network (ANN) to enhance power
systems protection: a case of the Nigerian 330 kV
transmission line. Electrical Engineering, 100, 1467-
1479. https:/ /doi.org/10.1007 /s00202-017-0599-y

Kumar, V. (2024). Enhancing Solar Cycle 25 and 26
Forecasting  with  Vipin-Deep-Decomposed-
Recomposed Rolling-window (vD2R2w) Model on
Sunspot Number Observations. Solar Physics,
299(10), 147. https:/ /doi.org/10.1007 /s11207-024-

February 2025, Volume 11 Issue 2, 1114-1119

02389-6

Leite-Filho, A. T., Soares-Filho, B. S., Davis, J. L,
Abrahao, G. M., & Borner, J. (2021). Deforestation
reduces rainfall and agricultural revenues in the
Brazilian Amazon. Nature Communications, 12(1),

2591. Retrieved from
https:/ /www.nature.com/ articles/s41467-021-
22840-7

Lesik, E. M., Sianturi, H. L., Geru, A. S., Bernandus, B., &
others. (2020). Analisis pola hujan dan distribusi
hujan berdasarkan ketinggian tempat di Pulau
Flores. Jurnal Fisika: Fisika Sains Dan Aplikasinya,
5(2), 118-128.
https:/ /doi.org/10.35508 /fisa.v5i2.2451

Li, C, & Qian, G. (2022). Stock price prediction using a
frequency decomposition based GRU transformer
neural network. Applied Sciences, 13(1), 222.
https://doi.org/10.3390/app13010222

Lim, H., Park, Y., Hong, J. H., Yoo, K.-B., & Seo, K.-D.
(2024). Use of machine learning techniques for
identifying ischemic stroke instead of the rule-
based methods: a nationwide population-based
study. European Journal of Medical Research, 29(1), 6.
https:/ /doi.org/10.1186/s40001-023-01594-6

Mohr, S., Ehret, U.,, Kunz, M., Ludwig, P., Caldas-
Alvarez, A., Daniell, J. E., Ehmele, F., Feldmann,
H., Franca, M. ]., Gattke, C., & others. (2022). A
multi-disciplinary analysis of the exceptional flood
event of July 2021 in central Europe. Part 1: Event
description and analysis. Natural Hazards and Earth
System Sciences  Discussions, 2022, 1-44.
https:/ /doi.org/10.5194/nhess-2022-137

Praveen, B., Talukdar, S., Shahfahad, Mahato, S.,
Mondal, J., Sharma, P., Islam, A. R. M. T., &
Rahman, A. (2020). Analyzing trend and
forecasting of rainfall changes in India using non-
parametrical and machine learning approaches.
Scientific Reports, 10(1), 10342. Retrieved from
https:/ /www.nature.com/ articles/s41598-020-
67228-7

Setiawan, D. (2021). Analisis curah hujan di Indonesia
untuk memetakan daerah potensi banjir dan tanah
longsor dengan Metode Cluster Fuzzy C-Means

dan Singular Value Decompotition (SVD).
Engineering, MAthematics and Computer Science
Journal (EMACS), 3(3), 115-120.

https:/ /doi.org/10.21512/emacsjournal.v3i3.7428
Tomazzoli, C., Quaglia, D., & Migliorini, S. (2024).
Planning the Greenhouse Climatic Mapping Using
an Agricultural Robot and Recurrent-Neural-
Network-Based Virtual Sensors. IEEE Transactions
on AgriFood Electronics.
https://doi.org/10.1109/ TAFE.2024.3460970
Xiong, B., Fu, M., Cai, Q., Li, X,, Lou, L., Ma, H., Meng,

1118



Jurnal Penelitian Pendidikan IPA (JPPIPA) February 2025, Volume 11 Issue 2, 1114-1119

X., & Wang, Z. (2022). Forecasting ultra-short-term
wind power by multiview gated recurrent unit
neural network. Enerqy Science \& Engineering,
10(10), 3972-3986.
https://doi.org/10.1002/ ese3.1263

Zakiyah, U., Gayatri, A., Maharani, P. D., Mulyanto, M.,
Arfiati, D., & Loka, W. A. (2024). Mapping Of Ndvi
Index Based Mangrove Area And Density
Chectarenges Using Landsat 8 Satellites Images In
Northern Coastal Area Of East Java Province,
Indonesia. Journal of Environmental Engineering and
Sustainable Technology, 11(02), 118-127.
https:/ /doi.org/10.21776/ ub.jeest.2024.011.02.6

Zhang, D., Zhang, Z., Chen, Z., Zhou, Y., Li, F., & Chi, C.
(2023). Wind power interval prediction based on
variational mode decomposition and the fast gate
recurrent unit. Frontiers in Energy Research, 10,
1022578.
https:/ /doi.org/10.3389/fenrg.2022.1022578

Zhijian, L., Shaohua, J., Yigao, L., & Min, G. (2022).
GDGRU-DTA: predicting drug-target binding
affinity based on GNN and double GRU. ArXiv
Preprint ArXiv:2204.11857.
https:/ /doi.org/10.48550/ arXiv.2204.11857

1119



