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Received in revised form 17 on uncertain weather conditions such as drought caused by the El Nifio
January 2025 Storm, which has an impact on the lack of water supply that enters the
Accepted 30 January 2025 hydropower turbine which is then converted into electrical energy.
Accurate predictions are needed to be able to mitigate existing weather
Keywords: fluctuations. In this study, the SARIMAX model on electricity production
Hydropower data integrated with weather data for 4 years from January 2020 to
SARIMAX December 2023. The SARIMAX model with optimal parameters (p=0,
El Nifio d=1, g=1, P=1, D=0, Q=1, s=12) provides quite satisfactory prediction
Electricity Production results for hydropower power production. SARIMAX obtained MSE
Weather values of 0.00101, MAE 0.0274, and RMSE 0.0318. The study also

highlights the significance of accurate prediction of hydropower
production, emphasizing the importance of external factors such as
weather in particular El Nifio. Understanding and predicting weather
patterns is critical to the power generation system of hydropower in
making decisions and optimizing the operation of the electricity system
efficiently.

Introduction

Electricity production from Hydroelectric Power Plants (PLTA) has a crucial role in providing
sustainable and environmentally friendly energy. With the increasing demand for electricity
and the importance of optimizing water resources, the ability to predict electricity production
from hydropower has become very important. Accurate predictions can aid in operation
planning, maintenance, and strategic decision-making to ensure stable availability of
electricity (Ezeigweneme et al., 2024; Eti et al., 2007).

Weather data can have a significant role in predicting electricity production in hydropower
plants which depends on the availability of water which is directly affected by weather
conditions (Schaefli, 2015; Wasti et al., 2022; Monteiro et al., 2013). A weather factor that
can significantly affect the water capacity is the El Nifio phenomenon (Goddard & Gershunov,
2020). El Nifo is a climate event characterized by abnormal warming in the central and
eastern Pacific Oceans, which can result in changes in rainfall patterns in different parts of
the world. In Indonesia, El Nifio often causes longer dry seasons and lower rainfall, reducing
river water discharge, which is the main source of hydropower (Sahu et al., 2012; Irwandi et
al., 2021). Therefore, models such as SARIMAX, which takes into account seasonal data, can
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be quite useful when used with weather data (Elshewey et al., 2022; Kumar & Richariya,
2024).

SARIMAX has been used in various fields such as prediction of electricity load (Wang et al.,
2021), prediction of energy consumption (Manigandan et al., 2021), prediction of parking lot
placement (Fokker et al., 2022), infectious diseases (He et al., 2022), arrival of international
tourists (Balli et al., 2019). For the record, this study is compiled as follows, chapter 2 briefly
explains the review of the literature used in this study. Chapter 3 describes the methods used.
Chapter 4 provides information on the results of the research. Then for chapter 5 are
conclusions and suggestions.

SARIMAX

SARIMAX stands for Seasonal AutoRegressive Integrated Moving Average with eXogenous
variables. SARIMAX is a type of time series model that combines autoregressive,
differencing (D), and moving average operators, and takes into account seasonal factors
(seasonal ARIMA) and exogenous variables (Sameh & Elshabrawy, 2023; Papaioannou et
al., 2016). This model is useful for forecasting time series data influenced by seasonal factors
and external variables, thereby improving prediction accuracy. It extends simple models such
as ARIMA by adding exogenous variables and seasonal components for more accurate
predictions in complex contexts.

SARIMAX Components: 1 Seasonal (S): SARIMAX takes seasonality into account in the
data. Seasonal patterns occur when there are regular fluctuations or patterns in data that repeat
over a given period; 2) Autoregressive (AR): This component captures the relationship
between the variable and the previous values. It works with models based on lagged
observations; 3) Integrated (1): The “integrated” part of SARIMAX that handles
differentiation. Stationary time series have statistical properties that are constant over time,
making them easier to model; 4) Moving Average (MA): This component describes the
relationship between the variables and residual errors of the moving average model applied
to lagging observations; 5) Exogenous Regressors (X): SARIMAX allows the inclusion of
exogenous variables that affect the time series being analyzed. These variables are not directly
related to the time series but have an impact on it. By including exogenous regressors in the
model, forecasting accuracy is improved, especially when there are external factors affecting
the time series.

And the equation for SARIMAX (p,d,q)(P,D,Q,s) can be written as follows:
O(L)PO(L°) ANy, = @(L)Id(LH)?AN e, + XLy Bixt (1)

Where, yt is the given time series, p is the amount of time lag for the regression, et is the noise
at the time t, B3 is the constant, L is the regular lag operator, ®(L)p is the p-order polynomial
function of L, g is the amount of time lag of the error for the regression, ¢ Defined
analogously with @, is the integration operator where A%d is the differencing order used, is
the APseasonal differencing of the time series where s is the sum of the time lag that forms a
full period of the season and D is the differencing order applied to the seasonal lag. Then, n
is the exogenous variable defined at each step of time t, denoted by for .xli < n

The reasons for choosing SARIMAX are because: 1) The SARIMAX model allows for the
inclusion of exogenous variables, such as weather features, which can have a significant
impact on demand patterns. By incorporating these variables, the SARIMAX model can
capture the influence of external factors on demand and improve prediction accuracy (Du et
al., 2022); 2) The SARIMAX model is particularly suitable for capturing seasonal patterns
and autocorrelation in demand data. The seasonal and autoregressive components of the
SARIMAX model allow them to model and forecast demand accurately, especially when
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there are recurring patterns and dependencies in the data (Alharbi & Csala, 2022); 3)
SARIMAX models offer flexibility in terms of model specifications and customization. They
can be tailored to specific demand patterns and adapted to include a variety of exogenous
variables, allowing for more precise and tailored demand predictions (Andrianajaina et al.,
2022); 4) The SARIMAX model provides interpretable results, allowing for a better
understanding of the underlying factors driving demand. The coefficients and parameters of
the SARIMAX model can provide insights into the relationship between demand and
exogenous variables, aiding in decision-making and strategy development (Benitez et al.,
2023; Vivek et al., 2024; Serrano et al., 2024).

One potential drawback is the model's sensitivity to its parameter selection, which may require
careful tuning and optimization for different types of data (Ma et al., 2023). In addition,
SARIMAX may be less effective when dealing with highly volatile or irregular demand
patterns, as this model relies on capturing and modeling fundamental time series components,
which may be difficult in such cases (Tsui, 2017). After obtaining the optimal parameters, the
performance of the algorithm can be measured with several measurements to understand
which method is better than the others, such as: MSE, MAE, and RMSE. Mean Squared
Error (MSE), calculates the average of the squared variance between our prediction and the
actual value. This method measures the effectiveness of our prediction model. A smaller MSE
value indicates that the prediction is more in line with the actual value, while a larger MSE
value indicates a greater difference between the prediction and reality, which we can see in
the following equation:

n v _v.)\2
MSE = 220210 (g)

The Mean Absolute Error (MAE) is the average of the absolute difference between your
prediction and the actual value. MAE provides a simple and easy-to-understand way to
measure the accuracy of your predictions. Like MSE, a lower MAE value indicates that the
prediction is closer to the actual value, and the MAE equation can be seen as follows:

MAE — Zi:llZl_Yil (3)

The Root Mean Square Error (RMSE) is a way to calculate the average size of the error in
our predictions, with the square root ensuring the error metric scale matches the original value
scale. Like MSE and MAE, a lower RMSE value indicates that the prediction is closer to the
actual value, signaling a more accurate prediction model. The equation can be seen as follows:

’ N N7
RMSE — Zi ”y(lzl Y(l)”z (4)

For MAE, MSE, and RMSE, the symbol can be read as follows: Where n indicates the number
of data points, indicates the observed value, and indicates the predicted value.Y;Y,

EL NINO

One of the exogenous variables of SARIMAX that will be used is SST 3.4 Anomaly (Sea
Surface Temperature) and ONI Index (Oceanic Nifio Index). These 2 attributes are indicators
used by scientists and meteorologists to monitor and analyze the development of ENSO (El
Nifio-Southern Oscillation) and its impact on weather and climate patterns in various parts of
the world.

ENSO is a natural phenomenon in the tropical Pacific Ocean that involves the interaction
between sea surface temperature, atmosphere, and wind. ENSO consists of two main phases:
El Nifio and La Nifia, as well as a neutral phase.
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El Nifio occurs when sea surface temperatures in the equatorial regions of the eastern and
central Pacific Ocean become warmer than normal. This has resulted in significant changes
in global weather patterns, including increased rainfall in some regions and drought
elsewhere. So from this explanation, the impact of El Nifio that will be predicted is the one
that will have an impact due to the effect of drought. This can cause a decrease in electricity
production at hydropower plants due to a decrease in water discharge that enters hydropower
water turbines.

The Nifio 3.4 region is located in the equatorial Pacific Ocean, between latitudes 5° N and 5°
S and longitudes 120° E and 170° E. SST in this region is often used as an indicator to monitor
sea surface temperature anomalies related to climate change and the ENSO phenomenon.
Indonesia also uses SST data in the Nifio 3.4 region to monitor and analyze El Nifio and La
Nifa climate phenomena. Although the region is not directly near Indonesia, changes in sea
surface temperatures in the Nifio 3.4 region have a significant impact on weather and climate
patterns in Indonesia and the surrounding region. Therefore, SST data from the Nifio 3.4
region is very important for weather and climate monitoring and prediction in Indonesia.

Historically, scientists have classified El Nifio intensity based on SST anomalies that exceed
a pre-selected threshold in a given region of the equatorial Pacific Ocean. The most commonly
used region is the Nifio 3.4 region, and the most commonly used threshold is a positive SST
excess of normal greater than or equal to +0.5°C. Because it covers the western half of the
equatorial cold tongue region, it provides a good measure of important changes in the SST
and SST gradients resulting in changes in the pattern of deep tropical convection and
atmospheric circulation. The criteria often used to classify El Nifio episodes are five SST
anomalies running on average for 3 consecutive months exceeding that threshold (Boegehold
etal., 2023).

The ONI Index is one of the main indicators to monitor and measure the severity of EI Nifio
and La Nifia phenomena. The ONI Index measures sea surface temperature anomalies (SST)
in the Nifio 3.4 region, which is the region in the equatorial Pacific Ocean between latitudes
5° N and 5° S and longitudes 120° E and 170° E. ONI is calculated as the average monthly
sea surface temperature anomaly within the Nifio 3.4 region over a period of three consecutive
months. A positive ONI indicates EI Nifio conditions (sea surface temperatures are warmer
than normal), while a negative ONI indicates La Nifia conditions (sea surface temperatures
are colder than normal). ONI is used by meteorological and climate agencies around the world
to predict and manage the impacts of EI Nifio and La Nifia on global weather and climate

Studies have shown that a necessary condition for the development and persistence of deep
convection (increased cloudiness and rainfall) in the Tropics is that the local sea surface
temperature should be 28°C or higher. After the deep convection pattern has changed due to
the SST Anomaly, tropical and subtropical atmospheric circulation adapts to the new tropical
warming pattern, resulting in anomalous rainfall and temperature patterns that extend far
beyond the equatorial Pacific Ocean. An SST anomaly of +0.5°C in the Nifio 3.4 region is
enough to reach this threshold from late March to mid-June. During the rest of the year, larger
SST anomalies, up to +1.5°C in November-December-January, are required to reach a
threshold that favors persistent deep convection in the region[10].

Methods

In this study, the data used was data on hydropower plants in one of the cities of South
Sulawesi. The flowchart can be seen in Figure 1.

For the SARIMAX simulation process in this study, the python programming language was
used in the Jupyter Notebook application.
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Results and Discussion
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Figure 1. Flow of the research process
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From Figure 1, a detailed explanation of each test step can be explained as follows: 1)
Preparing data from hydropower plants obtained from daily data which is then done on
average to get monthly values. The daily data taken is data from January 2020 to December
2023. The variable data taken were electricity production in MWh, dam data in the form of
elevation, discahrge, runoff, and inflow. The data can be seen in Table 1; 2) Then, weather
data related to SST 3.4 Anomaly and Oceanic Nifio Index (ONI) values obtained from the
National Center for Environmental Information (NCEI) website were prepared; 3) Then the
hydropower data and weather data above are combined into one dataset which can be seen in

Table 2.
Tabel 1. PLTA Data
Tahun Bulan Produksi | Elevasi Discharge Limpasan Inflow
(MWh) (m) (méd/s) (méd/s) (m?3/s)
2020 | 2020-01-01 | 79540.90 | 615.45 39.31 26.61 66.69
2020 | 2020-02-01 | 82403.30 | 615.01 42.95 20.59 64.11
2020 | 2020-03-01 | 87843.40 | 615.44 42.85 23.59 66.38
2020 | 2020-04-01 | 87437.50 | 615.46 44.03 23.13 91.51
2020 | 2020-05-01 | 90510.60 | 615.48 44.03 46.46 92.39
2023 | 2023-08-01 | 57053.00 | 615.09 28.54 0.00 28.23
2023 | 2023-09-01 | 45130.00 | 615.16 23.08 0.00 25.02
2023 | 2023-10-01 | 44693.00 | 615.17 22.54 0.00 25.13
2023 | 2023-11-01 | 59668.00 | 615.21 31.19 0.00 51.10
2023 | 2023-12-01 | 80109.00 | 615.41 39.16 12.10 50.12
Table 2. Hydropower and weather dataset
Produksi Elevasi | Discharge | Limpasan | Inflow | SST 3.4
Tahun Bulan (MWh) m | m¥s) | (m¥s) | (m¥s) | Anomaly | ON
2020 2020-01-01 79540.90 | 615.45 39.31 26.61 66.69 0.52 0.50
2020 2020-02-01 82403.30 | 615.01 42.95 20.59 64.11 0.50 0.50
2020 2020-03-01 87843.40 | 615.44 42.85 23.59 66.38 0.41 0.40
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2020 2020-04-01 87437.50 615.46 44,03 46.13 91.51 0.21 0.20
2020 2020-05-01 90510.60 615.48 44.03 46.46 92.39 0.00 0.00
2023 2023-08-01 57053.00 615.09 28.54 0.00 28.23 1.30 1.30
2023 2023-09-01 45130.00 615.16 23.08 0.00 25.30 1.53 1.50
2023 2023-10-01 44693.00 615.17 22.54 0.00 25.13 1.90 1.90
2023 2023-11-01 59668.00 615.21 31.19 0.00 51.10 1.90 1.90
2023 2023-12-01 80109.00 615.41 39.16 12.10 52.18 1.99 2.00
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Figure 2. Electricity Production (MWh) data plot
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Figure 4. SST Anomaly 3.4 data plot and ONI Index
Table 3. SARIMAX parameter values

2020-01 2020-07 2021-01 2021-07

2024-01

Parameter Definition Mark

The number of lag observations included in the model 0

PPp (autoregressive order)

ddd Degree differencing to make data stationary 1

gqq Ukuran rentang pengamatan rata-rata (order moving average) 1

PPP The number of lag observations included in the seasonal component 1
(seasonal autoregressive order)
The number of times seasonal observations are differed to achieve

DDD e 0
seasonal stationarity.
Seasonal moving average observation size (seasonal moving

QQQ 1
average order)

SSS The number of time steps in one seasonal period (annual data) 12

For datasets, it is converted in the form of a time graph. The results of the graph plot can be
seen in Figure 2-4. From Figure 2, it can be seen that electricity production is in Megawatt
hours. From Figure 3, it can be seen that there are fluctuations in elevation, runoff, discharge,
and inflow data as a result of weather effects. From Figure 4, it can be seen for SST Anomaly
3.4 data and the ONI Index. After the dataset is obtained, a correlation matrix calculation
between variables is carried out using the ".corr()' function from the 'pandas’ library that has
the pyhton programming language in the jupyter notebook application.

From Figure 5, it can be seen that the weather data represented by SST 3.4 Anomaly and the
ONI Index have weak negative correlation matrix values of -0.15 and -0.14 with electricity
production in hydropower data. This indicates that when 1 variable increases, the other
variables tend to decrease slightly and vice versa. However, the correlation matrix between
SST 3.4 Anomaly and the ONI Index shows a strong positive value of around 0.9 which means
that both variables have a positive tendency where when 1 variable increases, the other
variables tend to increase with the same proportion. Then for the correlation matrix values
between electricity production and runoff, inflow and discharge respectively are 0.3, 0.5, and
0.9. So from this, it can be concluded that the variables of electricity production, discharge,
runoff, inflow, SST 3.4 Anomaly and ONI Index are features. From this, electricity production
is the target, and other features are exogenous data. 1) From the existing datasets,
preprocessing is carried out first using the 'Min-Max Scaler' library because the range of
datasets is quite far. This aims to ensure that the features are in the same range so that it can
7
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improve the performance of the SARIMAX algorithm which is sensitive to feature scale; 2)
Then the training data consists of 36 months of the first data, namely data from January 2020
to December 2022. Then for the remaining testing data, 12 months, namely data from January
2023 to December 2023; 3) SARIMAX optimization was carried out to obtain optimal
parameter values for (p,d,q) and (P,D,Q) using the 'itertools’ library with the smallest RMSE
value referring to the SARIMAX parameter dataset, the results are seen in Table 3. The best

parameters were obtained namely p=0, d=1, g=1, P=1, D=0, Q=1 with an RMSE value of
0.03182.

Heatmap Kerelasi Antara Variabel

Dechange (mls)

03557

S5T 3.4 Anomaly

Figure 5. Dataset correlation matrix

From the predetermined SARIMAX parameters, it can be seen that the results of SARIMAX
predictions made with the pyton programming language can be seen in Figure 5 below.
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Figure 6. Plot Graph of SARIMAX Electricity Production Prediction
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In the results of the simulation plot of prediction of hydropower production with exogenous
power generation that has been determined predetermined, it can be seen that the training data
and test data in the last 12 months show a visualization that is quite close. This is supported
by the results of the model evaluation with an MSE value of 0.00101, MAE of 0.0274 and
RMSE of 0.03182. From these several things, it can be concluded that the SARIMAX model
that has been made is suitable for predicting hydropower power production that takes into
account the condition of the hydropower dam and the weather, especially the El Nifio
phenomenon.

Conclusion

Hydropower power production, hydropower dam conditions and weather conditions,
especially the monthly El Nifio phenomenon, can be used together with SARIMAX (p=0,
d=1, g=1, P=1, D=0, Q=1, s=12) for electricity production prediction with MSE of 0.00101,
MAE of 0.0274 and RMSE of 0.03182. As has been analyzed, the correlation between weather
features, namely SST 3.4 Anoomaly and the ONI Index has a low correlation matrix value,
but with growing data, weather data can be used as an exogenous feature in the SARIMAX
algorithm. In the next research, other features can be added to get more optimal results such
as air or land temperature index, wind speed and so on. It can also be added to the dataset
range so that the modeling made is more up-to-date. We sincerely express our gratitude to
PT PLN (Persero) for funding the Master's course process at the Bandung Institute of
Technology through the Distance Learning Program. This is related to the evaluation of the
operating system of one of the hydropower plants in South Sulawesi which is always
struggling to mitigate every El Nifio phenomenon that occurs.
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