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The demand for clean energy from renewable sources has become a
global challenge to combat climate change and global warming.
Indonesia has committed to achieving 31% utilization of renewable
energy by 2050. Among the potential renewable energy sources,
Microhydro Power Plants (PLTMH) stand out due to their capability to
harness Indonesia's abundant water resources, with an estimated
potential of 75 GW, of which 26.3 GW is viable for development.
However, PLTMH electricity production faces significant challenges due
to its dependency on environmental factors, such as weather and water
flow rates, leading to instability compared to fossil-based power
generation. Accurate forecasting of electricity production is crucial for
optimizing the integration of PLTMH into the grid and supporting
sustainable energy adoption.

This research explores electricity production forecasting for PLTMH
using machine learning methods, including LSTM, and Linear
Regression. By combining historical production data with weather
parameters, such as rainfall, this study aims to improve forecasting
accuracy and provide valuable insights for the planning and
management of renewable energy resources. The findings will aid PLN
In maximizing the absorption of environmentally friendly electricity from
PLTMH, contributing to Indonesia's renewable energy transition.

Electricity Production Dataset

The dataset is recorded daily at 30-minute intervals. The unit of
measurement used in the data is Megawatts (MW). Two micro-hydro
power plants (PLTMH) are used as training data: Lubuk Gadang and
Sangir Hulu. The data spans from January 1, 2019, to December 31,
2023.

Rainfall Data

Rainfall data is recorded every 10 minutes. The data is measured in
millimeters (mm) and captures rainfall occurrences in the area
surrounding the power plant.
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In this study, a total of 128 experiments were conducted. These
experiments involved hyperparameter tuning. The dataset
combination was performed using both electricity production data
without weather data and a combination of both datasets. The
following is an example of the models that were developed:

Model: "sequential 1"
Layer (type) Output Shape Param #
Qstma (LSTH)  (Nome, 12, 256) 265215
dropout_3 (Dropout) (None, 12, 256) @
lstm_3 (L5TM) (None, 128) 167128
dropout_4 (Dropout) (None, 128) a8
dense_2 (Dense) (None, 32) 4128
dropout 5 (Dropout) (None, 32) 8
dense_3 (Dense) (None, 1) 33

Total params: 466497 (1.78 MB)
Trainable params: 466497 (1.78 MB)
Non-trainable params: @ (8.8@ Byte)

The following is a sample data test comparing actual data and
prediction data. The graph shows that the prediction results
closely align with the actual data.
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Data Collecting

Combining two datasets from different sources
requires careful alignment and handling to ensure
consistency and compatibility. Below is a step-by-
step guide to combine your electricity production
and rainfall data

Data Preparation
Perform smoothing using wavelets to reduce noise
In the electricity production dataset.

Modeling

Modeling is conducted using a multilayer LSTM for the
combined dataset of electricity production and weather
data. In the linear regression model, only electricity
production data Is used.

Training
Training is performed with several hyperparameter
tuning adjustments.

Evaluation
The evaluation of the training results is conducted
using RMSE, R?, and MAE metrics.

The following is a plot graph comparing prediction data and actual
data. The graph shows results concentrated along the x=y axis.
However, there are some data points that are not accurately
predicted, contributing to minor errors. This indicates room for
further improvement in future research and development.
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The following is a summary table of the experimental results. The
table shows that incorporating weather data into the dataset can
improve the accuracy of the model in predicting electricity
production.

RMSE R2 MAE

No| Pembangkit

1 Sangir Hulu 0.404 | 0.313 | 0.912 | 0.947 | 0.291 | 0.187

2 Lubuk Gadang 0.312 | 0.272 | 0.895 | 0.921 | 0.149 | 0.118

a: Data Production
b: Data Production + Rainfall

The results in the table above indicate that combining dataset
smoothing to reduce noise and incorporating weather data can
significantly improve the model's accuracy.

Conclusion References

This study reinforces the importance of integrating
external environmental factors, such as rainfall data, into
predictive models for electricity production in micro-hydro
power plants (PLTMH). The results clearly demonstrate
that including rainfall data significantly enhances the
model's performance across all evaluation metrics.
Specifically, for Sangir Hulu, the RMSE decreased from
0.404 to 0.313, and the R? increased from 0.912 to 0.947,
indicating a substantial improvement in prediction
accuracy. Similarly, for Lubuk Gadang, incorporating
rainfall data reduced the RMSE from 0.312 to 0.272 and
improved the R? from 0.895 to 0.921.The inclusion of
rainfall data not only reduced prediction errors but also
resulted in lower MAE values, showcasing the robustness
and reliability of the combined dataset approach. These
findings emphasize that accurate predictive models,
which incorporate relevant environmental variables, can
significantly contribute to optimizing renewable energy
production and improving grid reliability.This research
highlights the potential of advanced machine learning
techniques like LSTM when combined with essential
environmental data, paving the way for the development
of highly accurate predictive models that support the
transition to a sustainable energy future.
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