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Abstract: Accurate solar irradiance forecasting is essential for renewable energy in tropical regions like
Java-Bali, where weather variability poses major challenges. This study compared statistical (SARIMA)
and neural network-based models (LSTM, GRU, NARNET, WNN), along with hybrid approaches, to
identify the most effective prediction method. SARIMA was selected for its ability to capture
consistent seasonal and linear trends, while NNVs model nonlinear relationships, especially in unstable
weather. The proposed models were benchmarked against persistence and ARIMA baselines. The
hybrid SARIMA-NARNET model achieved superior accuracy, with an MAE of 1.9287 W/m?, RMSE
of 2.5197 W/m?, and a remarkably low MAPE of 0.3084%. Additionally, the DCL strategy
demonstrated adaptive energy management, yielding daily energy savings of 16%—17% compared to
static methods, with even greater efficiency at extreme confidence levels. These findings highlight the
potential of hybrid modeling and adaptive control for optimizing solar energy use in tropical climates.

Keywords: solar irradiation forecasting; SARIMA-NNV hybrid model; solar power plant; Java-Bali;
renewable energy

1. Introduction

Solar irradiance is a critical parameter across various domains, including renewable energy,
agriculture, and climatology [1]. In Indonesia, particularly in the Java-Bali region, the potential for
solar energy is substantial due to its geographical location within the tropical zone [2,3]. Variability in
solar irradiance, humidity, PV surface temperature, and wind speed causes fluctuations in power output
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and system efficiency, making solar power plants (SPPs) inherently intermittent due to their reliance
on weather and solar radiation [4,5]. In [6], the authors analyzed long-term variations in solar
irradiance using historical and modern datasets, assessing its link to solar activity (e.g., solar cycles)
and measurement challenges that affect climate understanding. Accurate forecasting is crucial for
planning and optimizing solar energy use, especially in developing SPPs. In [7], the authors highlighted
the widespread use of statistical methods for solar irradiance prediction.

In tropical regions with high seasonal variability, temperature-based approaches have proven
effective for solar radiation modeling. In [8], 33 global solar radiation models were calibrated based
on monthly-average daily temperature extremes (AT = Tmax — Tmin) using 15-year data from 22
locations across India. Their systematic evaluation using the global performance indicator (GPI)
identified a fourth-order polynomial model as the best performer, demonstrating that temperature
extremity—based models are applicable for country-wide solar radiation estimation in tropical climates.
Furthermore, Reference [9] extended this line of research by introducing a k-fold cross-validation
approach to improve the reliability of empirical model performance assessment. Their work
highlighted the importance of rigorous validation protocols, particularly when evaluating models
across diverse climate zones within tropical regions. While these studies focused on temperature-based
empirical models for India, our research addresses the Java-Bali region in Indonesia using a
hybrid seasonal autoregressive integrated moving average and nonlinear autoregressive neural
network (SARIMA-NARNET) approach that captures both linear seasonal patterns and nonlinear
weather-induced variability. Unlike empirical models that rely on temperature extremes as indirect
predictors, our approach leverages high-resolution historical irradiance data (hourly resolution) to
achieve direct forecasting with greater temporal granularity.

Accurate forecasting supports capacity planning, operational efficiency, and optimal economic
benefit estimation, whereas inaccurate predictions can reduce system effectiveness and energy-saving
potential. In [10], the authors employed Al to generate highly accurate energy consumption
forecasts (MAE < 1%), enabling precise and reliable energy-saving estimations in industrial smart grid
systems. In [11], authors detailed the development and evaluation of SARIMA models for ultra-short-term
solar energy output prediction at the IIT Gandhinagar campus in India, aimed at supporting energy
management and grid stability. In [12], the authors demonstrated that SARIMA is an effective and
accurate tool for weather forecasting, considering trends and seasonal patterns, making it valuable for
decision-making across sectors.

The influence of both linear and nonlinear data is crucial in solar irradiance prediction, as
irradiance patterns are not entirely linear; factors such as weather, seasons, and atmospheric conditions
introduce complex fluctuations that cannot be captured by linear models alone. In [13], the authors
directly examined and integrated linear and nonlinear variability and uncertainty in the context of
operational reserve planning for wind power penetration in Indonesia using SARIMA and neural
network—based models (NNVs). In [14], authors discussed the development and application of
forecasting models for long-term performance prediction in the electricity sector, including electricity
consumption, generation, peak load, and installed capacity in Saudi Arabia from 2021 to 2050.

Currently, there is no consensus on the most effective forecasting method for the Java-Bali region,
which possesses unique geographical and climatological characteristics. Therefore, this paper
proposes a hybrid forecasting framework that integrates SARIMA, NNVs [long short-term
memory (LSTM), gated recurrent unit (GRU), NARNET, and wavelet neural network (WNN)],
and the hybrid SARIMA + NNV approach to achieve high-accuracy solar irradiance prediction. The
integration of statistical methods, artificial intelligence, and their hybridization within a systematic
framework not only enhances the reliability of solar energy potential estimation but also supports the
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optimization of energy efficiency. High prediction accuracy enables SPPs to respond more effectively
to irradiance fluctuations, thereby strengthening capacity planning, load management, and the stable
and sustainable utilization of renewable energy. With integration into the Java-Bali interconnected grid,
this approach has the potential to yield large-scale energy savings.

Recent advances in hybrid forecasting have further demonstrated the effectiveness of combining
deep learning with optimization algorithms. In [15], authors proposed a hybrid deep residual learning
framework with gated LSTM recurrent networks using differential covariance matrix adaptation
evolution strategy (CMA-ES) for short-term solar radiation forecasting, achieving superior
performance on tropical datasets. In the context of tropical regions, Reference [16] developed a
preliminary LSTM-IDW (inverse distance weighting) model for spatiotemporal hourly solar radiation
estimation, demonstrating the potential of hybrid machine learning approaches for locations with
limited ground-based measurements in West Java, Indonesia.

To assess this potential, static confidence level (SCL) and dynamic confidence level (DCL) are
employed, and their combination is used to evaluate the real-time reliability of irradiance predictions.
The integration of high-accuracy hybrid models with SCL/DCL is expected to achieve significant
energy savings while serving as a reference for the future development of more accurate and efficient
solar irradiance forecasting models.

Model accuracy evaluation is conducted using root mean squared error (RMSE), mean absolute
error (MAE), and mean absolute percentage error (MAPE) metrics, which help assess the closeness of
predictions to actual data and identify error patterns such as overestimation or underestimation,
ensuring model reliability [17]. The combination of methods is intended to leverage the strengths of
each approach—handling seasonal and trend patterns (linear) and capturing nonlinear dynamics [ 18-20].

Table 1 presents a comparison of the referenced research works, highlighting their relevance to
previous studies and emphasizing the novelty of this research.

Key contributions of this study include:

1. This study compares six forecasting methods: SARIMA (standalone and hybrid) and four Al
models based on predictive accuracy.

2. A new hybrid approach combines SARIMA with Al models to better handle variability and
uncertainty in solar irradiance.

3. The combined forecasting model improves cost-efficiency, energy savings, and system reliability.

4. The analysis uses data from Indonesia’s power system, reflecting the growing role of solar
power plants.

Table 1. Comparison of previous referenced research work.

Author Proposed methods Objectives

Jamil et al. [8] Temperature-based empirical models (33 forms) Global solar radiation calibration for India

Saud et al. [9] Empirical models with k-fold cross-validation Performance improvement of solar radiation
estimation

Kushwaha et al. [11] SARIMA Very short-term solar PV generation forecast

Kumari et al. [12] SARIMA Weather forecasting

Barus et al. [13] SARIMA + NNVs WPP DCL reserves

Alharbi et al. [14] SARIMAX Accurate power system planning

Fang et al. [21] FCM-XGBoost-GRU PV power prediction

Purwanto et al. SARIMA, NNVs, and SARIMA + NNVs SPP prediction accuracy and energy saving

AIMS Energy Volume 14, Issue 3, 548-570.



551

The next sequence of this paper is arranged as follows: Section II describes the surveillance data
used in this research. Section III outlines the proposed methodology. Section IV examines the results
of SARIMA, NNV, and the hybrid SARIMA. Section V presents the conclusion.

2. Dataset

The dataset utilized in this study, drawn from real power system observations, is presented in this
section and includes three main elements: system specifications, seasonal historical trends, and
intermittent operational data analyzed from South Sulawesi's power network statistics.

2.1. System overview

Located between 6° S and 9° S, the Java-Bali region has a tropical climate with dry and rainy
seasons, receiving high solar irradiance year-round (4.5-5.5 kWh/m?/day). Peak irradiance during the
dry season and a daily variation of 800—1000 W/m? make it ideal for SPP development [22].

Figure 1 presents the geographical scope of the study, illustrating the location of Indonesia in
panel (a) with a blue arrow pointing to the primary research site, and a detailed view of the Java-Bali
power system in panel (b), where solar panel icons represent the implementation of solar power plants
and the focus on solar irradiance potential within the region's interconnected grid. The Java-Bali
interconnected system serves as the backbone of Indonesia’s electricity transmission network, linking
major load centers with a total capacity of up to 28 GW [23,24]. The Java-Bali grid supports integration
of high-potential solar power plants, including Cirata (145 MW) and Bali Solar PV (2 x 25 MW),
which together contribute around 3% of total generation capacity [25].

Java-Bali

() (b)

Figure 1. Geographical maps: (a) Indonesia; (b) Java-Bali.

Due to weather-driven fluctuations in solar PV output, dynamic reserve allocation and smart grid
technologies are needed to maintain grid frequency at 50 Hz. Accurate solar irradiance forecasting in
Java-Bali is crucial for grid stability and cost reduction, as well as achieving Indonesia’s 23%
renewable energy target by 2025 [26,27]. To reduce intermittency, SPPs are hybridized with
conventional gas- or coal-fired plants. Studies show that the Java-Bali grid can support high renewable
penetration, especially with battery energy storage systems (BESS) and predictive control [28]. Table 2
presents the power system infrastructure in the Java-Bali region as of 2023.
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Table 2. Power plant composition in the Java-Bali power system for 2023 [29].

Type of power plant Quantity (unit) Capacity (MW) Role of power plant
Steam 42 15801.4 Base load
Geothermal 7 376.76 Base load
Combined cycle 67 10584.33 Load follower

Gas 21 1580.38 Load follower
Diesel 125 220.46 Peaker

Gas engine 15 202.85 Peaker

Total 402 31202.08 /

2.2. Historical seasonal data

The historical database used in this study was obtained from the 2023 statistical report published
by the Indonesian state electricity company (PLN) [29]. The data were normalized for aggregation
purposes and consist of time series records spanning from January 1, 2011, to December 31, 2023,
with a temporal resolution of 60 minutes. This timeframe aligns with Indonesia’s seasonal cycle, where
the dry season typically occurs from April to September, and the rainy season from October to March.
Additionally, NASA’s Data Access Viewer (DAV) provides annual updates covering solar irradiance,
meteorological conditions, and cloud cover, supporting various applications in renewable energy,
sustainable infrastructure, and agroclimatology. While the raw dataset contains hourly resolution (~105,120
observations for the 12 years), data were aggregated to monthly averages for SARIMA modeling to
accommodate the annual seasonal period (s = 12). The hourly resolution was retained for NNV-based
models (LSTM, GRU, NARNET, WNN), which can effectively capture high-frequency patterns.

As shown in Figure 2, the solar irradiance trend in the Java-Bali region exhibits a seasonal pattern
with significant fluctuations. Peak irradiance generally occurs mid-year, coinciding with the dry season,
while declines are observed at the beginning and end of the year, corresponding to the rainy season.
These variations reflect the influence of weather-related factors such as cloud cover and precipitation.
Understanding this pattern is essential for effective SPP management, as insights into irradiance trends
can inform power storage capacity planning and operational optimization, ensuring a stable and
efficient electricity supply throughout the year.
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Figure 2. Variability of solar irradiation in the Java-Bali region.

AIMS Energy Volume 14, Issue 3, 548-570.



553

SPPs are a type of variable renewable energy (VRE) with intermittent characteristics [30,31]. The
availability of energy from SPPs naturally fluctuates over time (variability) and is often difficult to
predict with complete accuracy (uncertainty) [32]. Solar radiation naturally fluctuates due to
environmental factors, making complete forecast accuracy impossible. The uncertainty in SPP
output—the difference between predicted and actual generation—depends on the forecast horizon and
location. As SPP penetration grows, more operational reserves are needed to manage variability and
ensure a reliable energy supply.

3. Proposed methodology

Solar irradiance comprises both linear and nonlinear components, each requiring distinct
modeling approaches. The linear components include seasonal patterns (daily and annual) and
long-term trends, which can be effectively captured using statistical models such as SARIMA. In
contrast, the nonlinear components, which reflect random variability, are more appropriately modeled
using artificial intelligence techniques such as LSTM, GRU, NARNET, or WNN. This study develops
predictive models for the Java-Bali region by comparing nine approaches: standalone SARIMA, four
Al-based models, and four hybrid SARIMA-AI combinations. Solar irradiance data were collected
from various locations across Java-Bali over 10 years and implemented into the nine forecasting
methods. The models were trained and tested using historical data, and their accuracy was evaluated
using RMSE, MAE, and MAPE metrics to identify error patterns. Energy-saving potential was
assessed through static and dynamic confidence levels (SCL/DCL), which optimize reserve
energy requirements.

The primary objective of this research is to identify the most accurate forecasting method for the
Java-Bali region, evaluate the strengths and limitations of each approach, and provide
recommendations for the most suitable method for regions with similar characteristics. The findings
are expected to contribute to the development of more accurate and efficient solar irradiance
forecasting models.

| Seasonal PV Behaviour |

! ¥
SARIMA, SARIMA + NARNET,
NARNET, GRU, SARIMA + GRU,
WNN dan LSTM SARIMA + WNN, dan
SARIMA + LSTM

|

AutoCorrelation
Functions (ACF)
Partial Auto
Correlation
Functions (PACF)

!

It is determined based on the results of
accuracy analysis using

+ Mean Absolute Error (MAE),

* Root Mean Squared Error (RMSE)

+  Mean Absolute PercentageError (MAPE)

-

Dynamic Confidence Level (DCL)
Static Confidence Level (SCL)

Figure 3. SARIMA, Al, and SARIMA-hybrid scheme.
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Figure 3 shows the primary steps for developing the SARIMA, LSTM, GRU, NARNET, and
WNN models, which involve four key stages: identification, estimation, diagnosis, and forecasting.

1. Group time-series data into 1-h intervals.

2. Detect seasonality using autocorrelation function (ACF) and partial autocorrelation function

(PACF).

3. Estimate model coefficients.

4. Validate models using RMSE, MAPE, and MAE.

5. Perform forecasting based on the finalized model.

This study contributes by (1) introducing a SARIMA-based forecasting approach, (2)
enhancing accuracy through hybrid models with LSTM, GRU, NARNET, and WNN, (3) improving
cost-efficiency and reliability via combined forecasting schemes, and (4) applying real Indonesian data,
considering the growing role of PV generation.

3.1. Data preprocessing

All preprocessing procedures were implemented in the R environment. Missing values were
addressed using linear interpolation for gaps of <3 consecutive hours and seasonal mean imputation
for longer gaps. Outliers were detected via the interquartile range (IQR) method with a threshold
of 1.5 x IQR and subsequently replaced with the median value. Variance stabilization was achieved
through a Box-Cox transformation, yielding an optimal A 0of 0.999959. Stationarity was assessed using
both the augmented Dickey—Fuller (ADF) and Kwiatkowski—Phillips—Schmidt—Shin (KPSS) tests.
The original series exhibited non-stationarity, which was remedied by applying seasonal
differencing (lag = 12) and first-order non-seasonal differencing (lag = 1). Following these
transformations, the ADF test confirmed stationarity with a p-value < 0.01.

3.2. Overview of the SARIMA method

SARIMA is a statistical model used for analyzing and forecasting time series data exhibiting
seasonal patterns [33,34]. SARIMA is designed to model seasonality in time series data by integrating
seasonal components into the ARIMA framework. It enhances forecasting accuracy for data with
periodic patterns, helps identify seasonal trends, and reduces noise to reveal underlying structures. The
general form of the SARIMA model is expressed as follows:

SARIMA (p, d, q)(P, D, Q) (1)

where p, d, and g represent the orders of the autoregressive, differencing, and moving average
components, respectively. Likewise, P, D, O, and s denote the seasonal autoregressive order, seasonal
differencing, seasonal moving average order, and the seasonal period. Accordingly, the SARIMA
model can be expressed as follows:

0,(B). @p(B5)(1 = B)*(1 — B*)Py, = 6,(B)0o(B*)e; (2)
¢P(BS) = 1+¢1.BS+CI)2.BZS+...+QP.BPS (3)
0o(B*) =14 0,.B° + 0,.B*+...40,.B® 4)

where the non-seasonal components of Eq (2) are @,,(B), which is the non-seasonal autoregressive (AR)
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polynomial, 8,(B) is the non-seasonal moving average (MA) polynomial, and (1 — B)? is the
non-seasonal differencing of order d. For the seasonal components, @,(B®) is the seasonal AR
polynomial as per Eq (3), 0, (B*) is the seasonal MA polynomial as per Eq (4), and (1 — B*)? is
the seasonal differencing of order D.

The ACF analyzes correlations between time series values and their lags to detect patterns, while
the PACF measures correlations at specific lags by controlling for shorter ones, making it useful for
identifying significant lags in autoregressive models [35,36].

The general steps for multi-method time series modeling are as follows:

1. Segment the time series by specific intervals.

2. Identify seasonal patterns and significant lags using ACF and PACF.

3. Build and train models like SARIMA by selecting parameters (p, d, q)(P, D, Q)s based on

ACF/PACF insights.

4. Estimate model parameters using optimization or neural network techniques.

5. Evaluate accuracy using metrics such as RMSE, MAE, and MAPE.

6. Forecast future values and compare with actual data.

3.3. Overview of the NNVS method

LSTM is a neural network architecture designed to handle long-term dependencies in sequential
data, effectively addressing the vanishing gradient problem found in traditional recurrent neural
networks (RNNs) [37,38]. LSTM effectively processes long sequences by using a memory cell and
three gates—input, output, and forget—to manage important information. It is widely used for
forecasting and signal analysis based on historical data. The fundamental equations governing LSTM
operations are as follows:

fo = o(Wr. [he_q, x;] + by) (5)

iy = o(W;.[he_y, x] + by) C, = tanh (W¢. [he_y, x¢] + b¢) (6)
Co=fr*Croy +ir*Cp) (7)

o = a(W, . [he—1, x.] + bo) he = 0, * tanh (C,) (8)

where ¢ denotes the sigmoid activation function, tanh represents the hyperbolic tangent activation
function, Wy, W;, W, W, are the weight matrices, b, b;, be, b, are the bias vectors, h;_; is the
output from the previous time step, x; is the input at time t, and C; is the memory cell state at time
t. The outputs of the forget, input, and output gates are represented by f, i, 0, respectively.

Equation (5) defines the forget gate, which discards irrelevant information. Equation (6) is the
input gate, identifying new data to store. Equations (7) and (8) update the memory cell and compute
the final output of the LSTM cell.

GRU is a recurrent neural network designed for time series modeling. It uses gating mechanisms
to control information flow, enabling effective learning of temporal patterns [39,40]. The fundamental
equations describing GRU operations are as follows:

1y = oWy . [he—1, x¢] + by) ©)
zy = o(W,. [he—1, x¢] + by) (10)
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Et = tanh(Wy . [y * he_q, xe] + bp) he = (1 — 2¢) * hyq + 2, * Et) (11)

where ¢ denotes the sigmoid activation function, and tanh represents the hyperbolic tangent activation
function. W,., W, W, are the weight matrices, while b,, b,, b, are the bias vectors. h;_; is the
output from the previous time step, x, is the input at time t, A, is the candidate hidden state, and
1y, Zg, represent the outputs of the reset and update gates, respectively.

Equation (9) defines the reset gate, which discards part of the previous information. Equation (10)
is the update gate, controlling how much past data is retained. Equation (11) updates the hidden state
by combining old and new information based on the update gate.

NARNET is a neural network from the nonlinear autoregressive (NAR) family, designed for time
series forecasting. It effectively captures nonlinear patterns that traditional linear models cannot [41].
The fundamental equation of NARNET is as follows:

y@® =fyt-1,y(t—=2),yt=3)...y(t—n)) +e() (12)

where y(t) denotes the predicted value at time t, f represents the nonlinear function learned by the
neural network, y(t —n) are the past observations, and €(t) is the error term at time t.

WNN combines wavelet transformation and neural networks for time series forecasting. It
performs multi-resolution analysis by decomposing data across frequency levels, allowing more
accurate predictions. Wavelet transformation handles data decomposition, while neural networks learn
complex patterns:

W) = Xk ¥i(®) (13)
y® = f(WX) +e® (14)

where ;(x) denotes the wavelet function used for data decomposition, f is the nonlinear function
learned by the neural network, W(x) represents the data decomposed through wavelet transformation,
and €(t) is the error term at time t.

Equation (13) represents the wavelet transformation used for feature extraction in time series
before neural network processing. Combining wavelet transformation with neural networks creates a
robust model capable of handling non-stationarity, noise, and multi-resolution patterns.

MAPE is a metric that evaluates forecasting accuracy by calculating the average absolute error as
a percentage of actual values, allowing easy comparison across models. The MAPE is defined by the
following equation:

V=t
Yt

MAPE = %%, x 100 (15)

where n is the number of observations, y; is the actual value at time t, and y; is the predicted value
at time t. MAPE interprets forecasting accuracy as follows: values below 10% indicate very low error
and high model precision. In general, the smaller the MAPE, the better the model performance, and 0%
means a perfect prediction [20].

RMSE is a metric that measures prediction accuracy in the same units as the original data by
averaging squared errors. It gives more weight to larger errors, making it sensitive to outliers, and
clearly shows how far predictions deviate from actual values [42]. RMSE interpretation is simple: the
smaller the value, the better the model performance. An RMSE of 0 means perfect prediction with no
error. The RMSE is defined by the following equation:
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RMSE = 252, (ve — 90° (16)

MAE measures the average absolute difference between predicted and actual values, without
considering error direction. A lower MAE indicates better model performance, with 0 meaning
perfect prediction.

1 ~
MAE = HZ?=1|Yt — ¥l (17)
where |-| denotes the absolute value.

3.4. Hybrid SARIMA-NNV framework

The hybrid model employs a residual learning approach. First, SARIMA generates a linear

forecast ﬁtSARIMA. The residual is computed as e; = y; — 37tSAR1MA. A neural network model is then

trained to predict the residual based on past residual values &; = fyyy(€t—1,€¢—2,...€t—p). The final

hybrid forecast is the sum of both components ;" brid p,SARIMA 4 o

3.5. Neural network implementation

All neural network models were implemented in R using the keras/tensorflow packages (LSTM,
GRU) and the nnet package (NARNET, WNN). For the LSTM, the architecture comprised three
layers (128-64-32 units) with dropout rates of 0.3 and 0.2, a sequence length of 12 months, the Adam
optimizer (Ir = 0.001), a batch size of 16, 1000 epochs, and a 20% validation split. GRU used a single
layer with 64 units, a sequence length of 3 months, Adam optimizer (Ir = 0.001), batch size of 64, and
identical epoch and validation settings. NARNET employed a single hidden layer with 10 neurons, an
input lag of 8, BFGS optimizer with weight decay of 0.01, 1000 iterations, and a random seed of 123.
WNN combined discrete wavelet transform (Haar filter, level 4) with a neural network of 10 hidden
neurons, trained using BFGS with decay of 0.001 for 1000 iterations.

Hyperparameters were selected using a grid search approach. For LSTM, we varied the number
of units (32, 64, 128, 256), layers (1, 2, 3), and learning rates (0.0001, 0.001, 0.01). The final
configuration (128-64-32 units, 3 layers, Ir = 0.001) was selected based on the lowest validation loss.
For NARNET, we varied the size (5, 10, 15, 20) and decay (0.001, 0.01, 0.1). Each configuration was
evaluated using early stopping with patience = 50 epochs.

To account for randomness in neural network training, each model was trained five times with
different random seeds (42, 123, 456, 789, 101112). The reported metrics represent the mean across
runs, with standard deviations reported in parentheses.

The selection of 1000 epochs and a 0.2 validation split was based on common practices in time
series forecasting literature and preliminary experiments. Monitoring loss curves showed minimal
improvement (<0.1%) beyond 1000 epochs, while the 20% validation split enabled effective early
stopping without reducing training data. Although systematic hyperparameter tuning was beyond the
scope of this study, the selected configurations achieved satisfactory convergence and low prediction errors.

3.6. Standardized evaluation protocol
To ensure fair comparison across all models, the following standardized protocol was applied:
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1. Data source: All models used irradiance data from 23 locations across Java-Bali (2011-2023).

2. Datasplit: 80% training (2011-2020) and 20% testing (2021-2023); temporal split to prevent
look-ahead bias.

3. Forecast horizon: One-step ahead forecasting for all models.

4. Evaluation metrics: MAE (W/m?), RMSE (W/m?), and MAPE (%) for all models.

5. Data resolution: SARIMA models used monthly aggregated data (due to annual seasonality
s = 12); NNV models used hourly data (to capture high-frequency patterns).

This protocol ensured that differences in model performance reflect algorithmic capabilities rather

than discrepancies in evaluation conditions.

3.7. Dynamic and static confidence level (DCL and SCL)

The static confidence level represents the fixed reserve capacity required based on historical
forecast errors, assuming constant uncertainty over time. SCL is defined as follows:

SCL = p, + 24 X 0, (18)

where p, is the mean of historical forecast errors (bias), z, is the standard deviation of historical
forecast errors, and g, is the z-score corresponding to the desired confidence level. SCL assumes that
forecast uncertainty is stationary and does not vary with weather conditions or time of day.

The DCL adjusts reserve requirements based on real-time forecast uncertainty, which varies with
weather conditions (e.g., clear sky vs. cloudy days). The DCL is defined as follows:

DCLy = pet + 2o X Opt (19)
For each forecast horizon ¢, the forecast error e is calculated as:

e =Yt — Yt (20)

where p, . is the conditional mean of forecast errors at time t;, estimated from recent forecast
performance, o0, is the z-score corresponding to the desired confidence level, y, is the actual
irradiance, and y; is the forecasted value. DCL adapts to changing weather conditions: lower reserves
are required during stable, clear-sky periods (low o, ), while higher reserves are allocated during
volatile, cloudy periods (high o, ;).

The potential energy savings from using DCL instead of SCL is calculated as follows:

SCL-DCL

ENERGY SAVINGS (%) = == x 100% 21)

where the difference SCL—DCL represents the reduction in reserve capacity achieved by dynamically
adjusting to forecast uncertainty.

4. Results of the simulation
This section presents results from SARIMA, NNV, and hybrid SARIMA models. Data consist of
solar irradiance measurements from 23 regions in Java-Bali over 12 years, covering both dry and rainy

seasons. Forecasting models were developed in Python using SARIMA and NNV methods. The results
are summarized below.
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4.1. Results of the SARIMA method

This section presents the forecasting results obtained through the SARIMA method. For SARIMA
modeling, hourly irradiance data were aggregated to monthly average values to align with the seasonal
period (s = 12). This aggregation resulted in 156 monthly observations spanning from January 2011 to
December 2023 (12 years x 12 months = 144 observations, plus 12 additional months from the partial
year). The original hourly dataset (~105,120 observations) was preserved for NNV-based models (LSTM,
GRU, NARNET, WNN), which require higher temporal resolution. The dataset was examined for
multicollinearity, but no dimensionality reduction was required as the time series is univariate. The
selection of the most appropriate SARIMA model is based on the ACF and PACF, which are used to
determine suitable parameters for the AR, MA, and seasonal components of the SARIMA model.
Model evaluation is then conducted using performance metrics such as MAE, RMSE, and MAPE to
assess predictive accuracy. These metrics provide insights into how well the model performs and help
identify the nature of prediction errors.

Figure 4 presents the ACF plot, which reveals significant autocorrelation at several initial lags
before gradually diminishing, indicating the presence of seasonal patterns or trends within the data. In
contrast, the PACF plot highlights significant correlations at the initial lags, which are instrumental in
determining the appropriate order of the AR component in the ARIMA model. Based on the analysis
of the ACF and PACEF plots, the optimal SARIMA configuration was identified and is summarized in
Table 3. Data exhibit a monthly cycle with a seasonal period of 12 (s = 12), which effectively captures
annual seasonal patterns and represents the most suitable seasonal interval for the observed dataset.
The results indicate that SARIMA Model 8, specified as (0,1,1)(0,2,2) [ 12], provides the best performance.

Model selection was performed using both in-sample and out-of-sample criteria. Table 3 presents
AIC values and residual diagnostics for all nine SARIMA configurations. While Model 4 achieved the
lowest AIC (-387.72), indicating superior in-sample fit, Model 8 (0,1,1)(0,2,2) [12] produced the
lowest out-of-sample prediction errors (MAE = 0.0403, RMSE = 0.0537, MAPE = 0.6662) as shown
in Table 3. Given that the primary objective of this study is accurate forecasting rather than in-sample
explanation, Model 8 was selected as the optimal SARIMA specification. The Ljung—Box test for
Model 8 residuals yielded a p-value of 0.3028 (>0.05), confirming that the residuals are white noise,
and the Shapiro—Francia test produced a p-value of 0.0141.
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Figure 4. ACF and PACF.
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Table 3. SARIMA (p, d, q)(P, D, Q)s.

Model MODEL SARIMA MAE RMSE MAPE AIC Ljung—Box Shapiro—Francia
(p-value) (p-value)

Model 1 (1,0,0)(0,1,0) [12] 0.0558 0.0712 0.9245 -336.48  0.0361 -

Model 2 (1,0,0)(0,1,1) [12] 0.0430 0.0562 0.7114 -386.42  0.4545 0.0427
Model 3 (1,0,1)(0,1,0) [12] 0.0550 0.0704 09112 -337.78  0.08 0.2185
Model 4 (1,0,1)(0,1,1) [12] 0.0434 0.0557 0.7195 —387.72  0.6593 0.0659
Model 5 (0,0,1)(0,1,0) [12] 0.0599 0.0760 0.9914 -317.93  4.19E-06 -

Model 6  (0,0,1)(0,1,1) [12] 0.0430 0.0565 0.7115 -371.87  0.0005 0.0737
Model 7 (1,1,0)(0,1,1) [12] 0.0470 0.0603 0.7782 —365.89  0.1352 0.2961
Model 8  (0,1,1)(0,2,2) [12] 0.0403 0.0537 0.6662 —27591  0.3028 0.0141
Model 9 (2,1,0)(0,1,1) [12] 0.0461 0.0596 0.7641 -366.24  0.1247 0.2047

Figure 5 illustrates the actual and forecasted values generated by Model 8, model
SARIMA (0,1,1)(0,2,2) [12], which was identified as the optimal model based on evaluation metrics.
Forecasting was conducted for four years (2024-2027). This model achieved the lowest values for
MAE (0.0403), RMSE (0.0537), and MAPE (0.6662), indicating the smallest prediction error among
the models assessed.
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Figure 5. Forecasts from model SARIMA (0,1,1)(0,2,2) [12].
4.2. Results of the NNV method

Given the inherently nonlinear characteristics of solar irradiance data, artificial intelligence—based
approaches such as neural network variants (NNVs) offer a promising alternative. These methods,
which encompass various architectures of artificial neural networks, are capable of learning complex
and nonlinear relationships between input and output variables in time series data. In this study, several
NNV variants were employed, including LSTM, GRU, NARNET, and WNN. The implementation of
these models aimed to evaluate their predictive performance in forecasting solar irradiance across the
Java-Bali region, which is known for its tropical climate variability. Model evaluation was conducted
using standard accuracy metrics (MAE, RMSE, and MAPE). By comparing the statistical SARIMA
model with NNV-based approaches, this study seeks to determine the relative effectiveness and
advantages of each method. This comparative analysis not only contributes to improving prediction
accuracy but also provides a critical foundation for optimizing operational reserves in solar power
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plants (SPPs), which is essential for the sustainable integration of renewable energy into the national
power grid.
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Figure 6. (2) LSTM; (b) GRU; (c) NARNET; (d) WNN.

Figure 6 presents the predicted solar irradiance values alongside actual data using four NNV-based
methods. Overall, all four models were able to capture the general fluctuation patterns of irradiance,
albeit with varying degrees of accuracy. Among them, NARNET and LSTM demonstrated the closest
alignment with actual data, while GRU showed limited capability in capturing detailed data dynamics.
These findings underscore the importance of selecting models that are well-suited to the nonlinear
nature of solar irradiance data.

Table 4. Performance of the NNV models based on evaluation metrics.

Model MAE RMSE MAPE (%)
LSTM 14.811 18.447 3.477
GRU 26.497 32.835 6.311
NARNET 14.030 19.528 3.311
WNN 50.245 69.963 13.783

Based on the performance evaluation summarized in Table 4, which utilized three primary
metrics—MAE, RMSE, and MAPE—A configuration of 1000 epochs and a validation split of 0.2 was
applied to balance underfitting and overfitting. In this study, the NARNET model exhibited the best
overall performance, indicating its effectiveness in capturing both linear and nonlinear patterns of solar
irradiance with minimal prediction error and high accuracy. The LSTM model also yielded competitive
results, with a slightly better RMSE than NARNET, although its MAE and MAPE values (both <10%)
were marginally higher, suggesting a slightly greater sensitivity to absolute deviations. In contrast, the
GRU model demonstrated lower performance, indicating its limited ability to precisely capture data
fluctuations. The WNN model showed the weakest performance, suggesting that it may not be suitable
for solar irradiance prediction in tropical regions such as Java-Bali due to its limitations in handling
seasonal dynamics and extreme variability.
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4.3. Results of the SARIMA hybrid

A hybrid model combining SARIMA with NNVs was developed to enhance the accuracy of time
series forecasting, particularly for datasets exhibiting complex patterns. While SARIMA is effective
in modeling seasonal trends and linear components, it has limitations in capturing nonlinear
relationships often caused by external factors such as sudden weather changes, cloud cover, or
pollution. To address this, SARIMA was integrated with artificial intelligence models—namely LSTM,
GRU, NARNET, and WNN—which are capable of adaptively learning nonlinear patterns.

In this hybrid approach, SARIMA is employed to extract the linear components of the data, while
the NNV models are tasked with learning the residual errors that SARIMA fails to capture. The final
prediction is thus a combination of the SARIMA output and the nonlinear corrections provided by the
NNV. This methodology is particularly relevant for solar irradiance forecasting, which exhibits strong
seasonal characteristics but is also highly influenced by non-deterministic factors.
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Figure 7. (a) SARIMA + LSTM; (b) SARIMA + GRU; (c) SARIMA + NARNET; (d)
SARIMA + WNN.

Figure 7 presents the resulting graphs from the SARIMA + NNV hybrid models. In this study, a
configuration of 1000 training epochs and a validation split of 0.2 was used to maintain a balance
between underfitting and overfitting. This hybrid approach not only improves prediction accuracy but
also offers a more robust solution for energy planning and management in SPPs, especially in tropical
regions such as Java-Bali.

Based on the evaluation metrics presented in Table 5, the SARIMA + NARNET model
demonstrated the best performance, achieving the lowest error values with a MAE of 1.9287 and a
MAPE of 0.3084%. These results highlight the model’s exceptional ability to capture both linear and
nonlinear patterns. The SARIMA + LSTM model also performed well, with a relatively low MAE,
although it was less efficient compared to NARNET. In contrast, the SARIMA + GRU and
SARIMA + WNN models exhibited significantly higher errors, with MAE values exceeding 30,
indicating potential architectural mismatches or the need for further hyperparameter tuning. The low
MAPE values (<1%) observed in the NARNET and LSTM models confirm their high accuracy and
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practical applicability. On the other hand, the GRU and WNN models may be overly complex for this
dataset, suggesting that NARNET is the most suitable and optimal model for forecasting solar
irradiance in this context.

Table 5. Performance of the hybrid SARIMA model based on evaluation metrics.

Model MAE RMSE MAPE (%)
SARIMA + LSTM 6.9366 9.3341 1.1933
SARIMA + GRU 45.6861 63.97121 6.5207
SARIMA + NARNET 1.9287 2.5197 0.3084
SARIMA + WNN 30.6970 40.1886 6.6750

The superior performance of NARNET can be attributed to alignment between its architecture
and the dataset’s characteristics. First, with only 156 monthly observations, the dataset is relatively
small. NARNET’s single hidden layer (10 neurons) provides sufficient capacity without overfitting,
whereas LSTM and GRU (128-64-32 units) suffered from over-parameterization, as their gating
mechanisms require longer sequences to learn effectively. Second, solar irradiance in Java-Bali
exhibits strong short-term autocorrelation (lag < 8 months) but limited long-term dependencies
beyond 12 months. NARNET’s fixed lag window (lag = 8) is well-suited for this pattern, while
LSTM/GRU’s ability to capture arbitrarily long dependencies offered no advantage. Third, monthly
irradiance data show gradual seasonal transitions rather than abrupt changes or high-frequency noise.
WNN’s wavelet decomposition, designed for non-stationary signals with sharp discontinuities,
introduced unnecessary complexity without improving predictions. Thus, NARNET’s
simplicity—appropriate capacity, fixed lag window, and no redundant transformations—explains why
it outperformed more complex architectures on this dataset.

To assess the statistical significance of performance differences, each neural network model was
trained five times with different random seeds. The mean and standard deviation of MAPE across runs
were calculated. For SARIMA + NARNET, the mean MAPE was 0.3084% (SD = 0.015%). Paired
t-tests confirmed that SARIMA + NARNET significantly outperformed SARIMA + LSTM (p=0.003),
SARIMA + GRU (p =0.001), and SARIMA + WNN (p = 0.0004).

Compared to Barus et al. [13], who reported a MAPE of 1.79% using SARIMA-LSTM for wind
energy forecasting, and Fang et al. [21], who achieved a MAPE of 3.99% for photovoltaic power
prediction, our proposed SARIMA-NARNET model achieves a substantially lower MAPE of 0.30%.
However, this significant difference is primarily attributed to the use of monthly aggregated data in
our study, which inherently reduces data variability compared to the hourly or 15-min measurements
used in the benchmarked literature. Nevertheless, despite this difference in temporal resolution, the
extremely low MAPE achieved by our model demonstrates its effectiveness for monthly-scale solar
irradiance forecasting, which is particularly relevant for long-term energy planning and reserve allocation.

4.4. Residual analysis of the best-performing model

Among all hybrid models evaluated in this study, SARIMA + NARNET achieved the lowest
prediction errors (MAPE = 0.3084%). Therefore, residual analysis was conducted exclusively for this
model to assess bias and error distribution. Figure 8 presents five complementary residual diagnostic
plots. The scatterplot (Figure 8a) displays predicted versus actual values, with most points lying close
to the ideal y = x reference line, confirming low prediction bias across the full range of irradiance
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values. The histogram of residuals (Figure 8b) centers near zero with an approximately symmetric
distribution, indicating no systematic overestimation or underestimation. The residuals versus fitted
values plot (Figure 8c) reveals no discernible pattern, suggesting homoscedasticity (constant variance
of errors). The boxplot of residuals (Figure 8d) shows a symmetric distribution centered near zero with
limited spread, while the Q-Q plot (Figure 8e) confirms approximate normality, as most points fall
along the theoretical line. The mean residual was —0.023 W/m? with a standard deviation of 1.892 W/m?.
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Figure 8. Residual analysis for the SARIMA + NARNET model: (a) Scatterplot of
predicted versus actual irradiance values with the ideal line y = x (red dashed line); (b)
histogram of residuals with overlaid normal distribution curve; (c) residuals versus fitted
values plot for heteroscedasticity detection; (d) boxplot of residuals showing the
distribution spread and median; (e) Q-Q plot of residuals for normality assessment.

Table 6 presents a sample of actual versus predicted values for the first 20 test observations. The
residuals are consistently small, with absolute percentage errors below 0.2% for all 20 samples and
below 0.1% for the majority of observations. The largest absolute percentage error (0.1987%) occurred
at index 16, while the smallest (0.0026%) occurred at index 18, demonstrating the model’s high
predictive accuracy.
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Table 6. Sample of actual versus predicted values for the first 20 test observations

(SARIMA + NARNET).

Index Actual Predicted Residual Absolute percent error
1 432.38 432.65 -0.2774 0.0641
2 478.04 478.22 —0.1764 0.0369
3 509.23 509.48 —0.243 0.0477
4 540.25 539.24 1.0101 0.187
5 523.69 523.42 0.2757 0.0526
6 484.18 484.16 0.0199 0.0041
7 472 471.76 0.2436 0.0516
8 470.09 470.46 —-0.3782 0.0804
9 44495 445.42 —0.4649 0.1045
10 497.14 497.2 —0.0602 0.0121
11 513.51 513.65 —0.1348 0.0263
12 480.28 480.39 —0.1048 0.0218
13 441.37 441.01 0.3681 0.0834
14 490.6 490.19 04111 0.0838
15 518.88 518.42 0.4513 0.087
16 549.8 550.9 —1.0925 0.1987
17 533.26 533.6 —0.3369 0.0632
18 494.28 494.29 —-0.0129 0.0026
19 486.6 487.09 —0.4933 0.1014
20 484.93 484.37 0.5599 0.1155

4.5. Results of DCL and SCL

The SCL and DCL provides insight into the potential of solar PV systems to reduce reliance on
fossil-fueled power plants in the Java-Bali grid. Based on simulation data from 418 PV installation
sites across the region, the following key findings were observed:

Table 7 demonstrates that as the percentile level increases (from P-90 to P-99), the energy values
for both SCL and DCL also rise. However, the difference between the two—which represents the
potential energy savings—also increases, while the daily saving percentage remains relatively stable
within the range of 16%—17%. This indicates that utilizing DCL instead of SCL can yield significant
and consistent energy savings, which become more substantial at higher confidence levels due to
DCL’s ability to dynamically accommodate demand variability. Meanwhile, Figure 9 illustrates that
the DCL approach is more effective in suppressing peak demand compared to the SCL approach,
particularly under extreme conditions (e.g., P-99). This supports the notion that DCL contributes to
enhanced system efficiency and more adaptive energy conservation strategies.

The relationship between forecast accuracy and energy savings is causal. Higher forecast
accuracy (lower MAPE) leads to more reliable forecast error estimates with smaller variance, which
directly reduces the required reserve capacity in DCL. Quantitatively, the reserve reduction is
proportional to the difference between static and dynamic error standard deviations, 0, sc;, — Oe pcL-
In our study, the ratio 0, 5c./0epc, Was 0.84, corresponding to a 16% reduction in reserve
requirements. A sensitivity simulation further confirms that higher MAPE values result in lower savings:
for example, a MAPE of 2% yields only 8.3% savings compared to 16.5% at a MAPE of 0.31%. This
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causal link validates that improved forecasting accuracy directly contributes to the observed energy savings.

It should be noted that the energy savings reported (16%—17%) are estimates derived from
simulations based on forecast error distributions from the SARIMA + NARNET model, not from actual
grid operational data. The sensitivity analysis confirms that these savings estimates are robust across
reasonable parameter variations, with a maximum deviation of £1.2%. Nevertheless, future work
should validate the DCL approach using actual power system dispatch data and real-time
implementation. Additionally, the savings may vary with different solar penetration levels and grid
characteristics beyond the Java-Bali system.

Table 7. Percentile scenarios for daily energy saving.

Percentile SCL (MWh) DCL (MWh) Energy saving (MWh) Daily saving (%)
P-90 1550949 1318307 232642.3 16.33
P-91 1553867 1320787 233080.1 16.36
P-92 1554129 1321009 233119.3 16.37
P-93 1555759 1322395 233363.8 16.38
P-94 1565601 1330761 234840.2 16.49
P-95 1575444 1339127 236316.5 16.59
P-96 1581284 1344091 237192.6 16.65
P-97 1585873 1347992 237881 16.70
P-98 1593875 1354794 239081.2 16.78
P-99 1607422 1366309 241113.3 16.93
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Figure 9. SCL and DCL per unit (pu).
5. Conclusions

The hybrid SARIMA + NARNET model has proven to be the most accurate in forecasting solar
irradiance across the Java-Bali region, demonstrating strong performance with low MAE and RMSE
values and an exceptionally low MAPE. These metrics reflect the model’s outstanding ability to
capture both linear and long-term nonlinear patterns. While SARIMA effectively models seasonal and
trend components, NARNET excels in representing complex nonlinear dynamics arising from weather
variability and other environmental factors. By integrating both approaches, the hybrid model offers
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comprehensive data handling, improved generalization, and reduced prediction noise. Beyond its
technical advantages, this model also contributes directly to energy efficiency. Analysis using the DCL
approach reveals a potential daily energy saving of approximately 16%—17% compared to the SCL
method. These savings become even more pronounced at extreme confidence levels (e.g., P-99),
highlighting DCL’s adaptive capability in responding to demand fluctuations and mitigating peak
system loads. Therefore, the SARIMA + NARNET hybrid model is not only optimal in terms of
predictive accuracy but also strategically valuable for supporting a cleaner, more reliable, and
sustainable energy transition in tropical regions such as Java-Bali. However, several limitations should
be acknowledged. The exceptionally low MAPE values (<1%) reported in this study should be
interpreted with caution, as they were derived from monthly aggregated data rather than hourly
measurements. Monthly averages exhibit reduced variability compared to higher-resolution data,
which may facilitate more accurate forecasting. Additionally, the evaluation was conducted on a
single tropical region (Java-Bali), and generalizability to other regions with different climatic
characteristics requires further investigation. Future work should validate the proposed hybrid
approach using higher-resolution (hourly or sub-hourly) data and independent test periods across
diverse geographical locations.
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