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Timor Island in East Nusa Tenggara possesses abundant solar energy resources, yet the technical feasibility of solar
power plant (PLTS) development in the region has rarely been assessed using data-driven quantitative methods. This
study aims to develop and validate a hybrid GRU-BILSTM deep learning model for short-term solar radiation
forecasting, to assess whether this model can be reliably extended into long-horizon autoregressive projection, to
estimate the solar radiation potential and photovoltaic energy production across five locations in Timor Island, and to
characterize the radiation variability relevant to PLTS design. A hybrid GRU-BIiLSTM deep learning model was
developed and evaluated for short-term hourly solar radiation forecasting using ERA5 reanalysis data (2015-2025),
achieving RZ of 0.9507-0.9584 across five locations. Because chained autoregressive projection using this model was
found to be unreliable for annual-horizon estimation (R? = -0.53, +46% overestimation), a climatological approach
based on 2015-2025 historical averages was applied instead for potential assessment. The results show that the five
locations possess high and relatively uniform solar potential, with annual totals ranging from 2,023 to 2,109 kWh/m?2
(5.54-5.78 kWh/m?/day), corresponding to estimated photovoltaic energy production of 273.1-284.8 kWh/m2 per
year. Coefficient of variation values (69.6-71.0%) indicate substantial short-term fluctuation despite the locations'
consistent seasonal pattern, with the lowest production occurring in June and the highest in October. These findings
provide a quantitative basis for PLTS capacity planning and energy storage design in Timor Island, demonstrating that
a validated short-term forecasting model can be meaningfully extended into practical renewable energy resource
assessment.
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1. Introduction

Indonesia's eastern regions, particularly East Nusa Tenggara (NTT) including Timor Island, face persistent
electricity supply limitations despite being situated in an area with high year-round solar irradiance due to
its position south of the equator and its pronounced dry season. The regional electricity grid in NTT relies
heavily on diesel-based generation in several districts, and the contribution of renewable energy, including
solar photovoltaic (PV), remains limited relative to the region's natural potential [1].

Expanding solar power plant (Pembangkit Listrik Tenaga Surya, PLTS) capacity in NTT is increasingly
urgent given the province's dependence on costly fuel-based generation and its vulnerability to supply
disruption in remote and border areas such as Kupang, Soe, Kefamenanu, Atambua, and Betun. However,
PLTS planning decisions require more than qualitative statements about high solar potential; they require
quantitative, location-specific estimates of radiation resources and expected energy yield to support
capacity and storage design decisions.
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This study focuses specifically on four aspects: (1) developing and validating a hybrid GRU-BIiLSTM model
for short-term solar radiation forecasting, (2) evaluating whether this short-term model can be reliably
extended into long-horizon autoregressive projection, (3) estimating solar radiation potential and
photovoltaic energy production at five locations across Timor Island using a climatological approach, and
(4) characterizing radiation variability as a consideration for PLTS storage design. A broader comparative
evaluation against alternative forecasting architectures (e.g., gradient boosting or single-branch recurrent
models) falls outside the scope of this study and is addressed elsewhere.

The objectives of this study are to: (1) develop and validate a hybrid GRU-BiLSTM model for short-term
solar radiation forecasting at five locations in Timor Island; (2) evaluate the reliability of autoregressive
projection for annual-horizon radiation estimation; (3) estimate the solar radiation potential and
photovoltaic energy production of five locations using a climatological approach; and (4) characterize the
radiation variability of each location and discuss its implications for PLTS system design.

2. Literature Review And Problem Statement

Deep learning architectures combining Gated Recurrent Unit (GRU) and Bidirectional Long Short-Term
Memory (BiLSTM) have been widely applied to solar irradiance forecasting due to their ability to capture
nonlinear temporal dependencies (2], [3]. Techniques such as attention mechanisms have further improved
photovoltaic-related prediction performance [4], while hyperparameter optimization strategies, including
topology-search and tuning-impact studies, have been shown to meaningfully affect deep learning
forecasting accuracy [5], [6]. Beyond forecasting accuracy, translating radiation predictions into usable
energy estimates requires established photovoltaic yield formulas relating radiation intensity, module
efficiency, and system performance ratio [7], [8]. Provincial-level assessments have reported average solar
irradiation of approximately 5.1 kWh/m2/day for Indonesia's eastern regions [9], providing a broad empirical
benchmark against which location-specific estimates such as those derived in this study can be evaluated.
The tropical, markedly seasonal climate of the region [10], combined with cloud and aerosol effects on
surface radiation [11], further shapes the variability that any resource assessment must account for.

However, most prior deep learning solar forecasting studies, including comparative evaluations of multiple
architectures based on anomaly-based accuracy metrics, focus exclusively on identifying the best-
performing model for short-term prediction [12], [13]. Critically, prior work rarely addresses whether
models validated for one-step-ahead forecasting can be reliably extended, through chained autoregressive
projection, to estimate annual-scale radiation potential, which is a question directly relevant to PLTS
planning that requires long-horizon resource assessment rather than short-term operational forecasts. This
concern is consistent with broader findings on the limited validity of autoregressive time-series projection
as the prediction horizon grows [14], a concern also echoed in comparative studies of statistical and deep
learning forecasting approaches across different horizons [15]. Furthermore, few studies translate validated
forecasting outputs into concrete photovoltaic energy vield estimates and variability characterizations
suitable for system design decisions.

Based on this gap, the present study formulates the following problem statements: (1) can a hybrid GRU-
BiLSTM model developed for short-term forecasting be reliably extended, through autoregressive
projection, to estimate annual-scale solar radiation potential; (2) what is the quantitative solar radiation
potential and corresponding photovoltaic energy production at five locations across Timor Island; and (3)
how does radiation variability differ across these locations, and what are its implications for PLTS energy
storage design.

A Hybrid GRU-BILSTM Deep Learning Framework for Solar Radiation Forecasting and Photovoltaic Energy Yield
Assessment in Timor Island, Indonesia. Yobel Eliezer Mahardika et.al



Jurnal Info Sains : Informatika dan Sains ISSN 2797-7889
Vol. 16, No. 02, 2026, pp. 462-470 464

3. Method

This study developed a hybrid GRU-BILSTM deep learning model for short-term (hourly) solar radiation
forecasting at five locations in Timor Island: Kupang, Soe, Kefamenanu, Atambua, and Betun. Input data
were obtained from ERAS reanalysis (Copernicus Climate Data Store) [16], covering hourly atmospheric
and radiation variables from January 2015 to December 2025, comprising 11 years of continuous data for
each location.

Multivariate atmospheric input variables were first preprocessed and transformed into fixed-length input
sequences using a sliding-window scheme, in which each input sample is represented as a sequence of
lagged multivariate features (e.g., x1(t-7), x2(t-7), x3(t-7), ..., x1(t), x2(t), x3(t)) rather than a single time
step, allowing the model to learn temporal dependencies across a fixed historical window. The resulting
sequences were then passed through the architecture illustrated in Fig. 1: (1) a GRU network, consisting of
stacked Gated Recurrent Unit layers with dropout regularization, which processes the input sequence and
extracts short-term temporal features into a GRU output representation; (2) a multi-head self-attention
layer, which re-weights the GRU output across time steps to emphasize the most informative segments of
the input sequence; and (3) a Bidirectional Long Short-Term Memory network, consisting of stacked
bidirectional LSTM layers followed by dense and dropout layers, which processes the attention-weighted
sequence in both forward and backward directions before producing the final radiation forecast output.
This GRU-then-BiLSTM configuration allows the model to first compress short-term sequential patterns
through GRU before capturing longer-range bidirectional context through BiLSTM.
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Fig. 1. GRU-BILSTM model architecture: sequence generation via sliding window, GRU network, and
BiLSTM network with dense and dropout layers [17].

The model was trained using data from 2015 to 2024 and tested on 2025, with hyperparameter tuning
performed via random search [18]. Table 1 presents the model's performance on the 2025 test set.
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Table 1. Model performance on hourly solar radiation forecasting (2025 test data)

Location R2 RMSE (kWh/m2) MAE (kWh/m?) SMAPE (%)
Kupang 0.9553 0.0630 0.0402 21.99
Soe 0.9584 0.0606 0.0391 21.99
Kefamenanu 0.9507 0.0659 0.0428 22.11
Atambua 0.9526 0.0659 0.0408 20.38
Betun 0.9554 0.0634 0.0407 2031

The model demonstrated strong and consistent performance across all five locations, with R2 ranging from
0.9507 to 0.9584. These results are confirming that the model developed in this study achieved reliable
short-term forecasting accuracy sufficient to serve as the basis for the subsequent long-horizon reliability
assessment and photovoltaic resource assessment presented below.

Autoregressive projection validation

To determine whether the validated hourly forecasting model could be used for long-horizon estimation, a
chained autoregressive projection was performed for the year 2025 (the period with available ground truth
for comparison), where each predicted output was fed back into the model as the lagged input for the
subsequent time step. The resulting year-long projection was compared against actual 2025 values using
the coefficient of determination (R2) and the total annual bias.

Climatological approach

Because reliable long-horizon projection could not be assumed a priori, this study additionally applied a
climatological approach for potential estimation, based on historical averages of solar radiation intensity for
each month-hour combination over the 2015-2025 period at each location. This method does not depend
on the model's projection but reflects the long-term, stable radiation characteristics of each site, which is
appropriate for potential assessment rather than year-specific forecasting.

Photovoltaic energy yield estimation

Radiation potential was converted into estimated photovoltaic energy production per unit panel area using
Eq. (1):
E=HxnxPR (1)

where E is the electrical energy produced per unit panel area (kWh/m?2), H is the solar radiation intensity
(kWh/m?), 1 is the photovoltaic module efficiency, and PR is the system performance ratio. A module
efficiency of 18%, representative of commercial silicon modules [7], and a performance ratio of 0.75, a
conservative value accounting for thermal, inverter conversion, and other environmental losses under
tropical conditions [8], were applied. Estimates were computed at daily, monthly, and annual scales for each
location.

Variability characterization

To characterize radiation variability relevant to PLTS design, the coefficient of variation (CV), defined as the
ratio of the standard deviation to the mean radiation intensity, and the standard deviation of the anomaly
component (residual radiation after removing the mean diurnal pattern) were computed for each location
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Fig. 2. Research methodology and energy potential assessment workflow.

4. Results And Discussion
Reliability of Autoregressive Projection

The chained autoregressive projection for 2025 showed poor agreement with actual observations (R2 = -
0.53), with the model overestimating the total annual radiation by approximately 46% (2,915 kWh/m?2
projected vs. 1,993 kWh/m2 actual, Kupang station). As shown in Fig. 3, the projection systematically
overestimated both the monthly averages and the diurnal midday peak (projected approximately 1.2
kWh/m2 vs. actual approximately 0.78 kWh/m2 around solar noon), indicating that prediction errors

compounded across the recursive feedback loop rather than remaining stable.
Proyeksi Autoregresif vs Aktual 2025 — Kupang (R*=-0.53, bias=+46%)
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Fig. 3. Autoregressive Projection vs. Actual 2025, Kupang

This result is consistent with established concerns regarding the limited validity of autoregressive time-
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series projection as prediction horizon increases [14], and reinforces that short-term forecasting accuracy
does not guarantee reliability for long-horizon extrapolation [15]). Based on this finding, annual-scale
potential estimation in this study was conducted using the climatological approach rather than model-based
projection, while the GRU-BIiLSTM model developed in this study is retained strictly as a short-term
operational forecasting tool.

Solar Radiation Potential

The climatological estimation of solar radiation potential across the five locations is presented in Table 2.
Table 2. Estimated solar radiation potential per location
Location Annual Total (kWh/m2) Daily Average (kWh/m?#/day)

Kupang 2,106 577
Soe 2,106 5.77
Kefamenanu 2,106 577
Atambua 2,106 5.77
Betun 2,106 5.77

All five locations show high and relatively uniform annual potential (2,023-2,109 kWh/m?2), somewhat
higher than, but broadly consistent with, the 5.1 kWh/m?2/day average reported at the provincial level for
Indonesia's eastern regions [9], reflecting Timor Island's favorable local climate within that broader region.
As shown in Fig. 4, radiation follows a clear seasonal pattern across all locations, peaking in October
(@approximately 200-221 kWh/m2/month) and reaching a minimum in June (approximately 136-151

kWh/m2/month), consistent with the region's monsoon-influenced dry-wet seasonal cycle [10].
Estimasi Potensi Radiasi Matahari untuk PLTS — Pulau Timor (Klimatologi 2015-2025)
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Fig. 4. Estimated Solar Radiation Potential for PLTS, Timor Island (Climatology 2015-2025)
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Photovoltaic Energy Production Estimation

Applying Eq. (1) to the climatological radiation potential yields the estimated photovoltaic energy production
shown in Table 3.
Table 3. Estimated photovoltaic energy production per location (n = 18%, PR = 0.75)

Location Annual Production (kWh/m?2/year)
Kupang 284.3
Soe 283.0

Kefamenanu 280.8
Atambua 273.1
Betun 284.8
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Estimated production follows the same seasonal pattern as radiation potential, with monthly production
ranging from approximately 18.5-20.5 kWh/m2 in June to 27.5-29.6 kWh/m2 in October (Fig. 5),

representing a seasonal difference of roughly 35% between the lowest- and highest-producing months.
Estimasi Produksi Listrik PLIS — Pulau Timor (n=18%, PR=0.75)
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Fig. 5. Estimated PLTS Electricity Production, Timor Island (n=18%, PR=0.75)
Radiation Variability and Design Implications

follows a pronounced and predictable seasonal cycle, considerable day-to-day fluctuations remain at every
site. Interestingly, Atambua showed the lowest anomaly standard deviation among the five locations while
simultaneously recording the lowest anomaly-based forecasting RZ during model validation. This pattern
may be explained by Atambua's relatively higher humidity and less consistent cloud formation, in
agreement with previous studies identifying atmospheric moisture and stability as major determinants of
solar radiation predictability in tropical island environments [19], These conditions tend to reduce not only
the magnitude of radiation anomalies but also their short-term predictability. Consequently, Atambua's
solar radiation regime appears to be less variable in terms of anomaly magnitude, yet more challenging to
forecast over short time horizons. This distinction is particularly important when differentiating between
forecasting-assisted operational control strategies and static energy storage sizing.

Practical Implications

Taken together, these results indicate that Timor Island possesses substantial and geographically
consistent PLTS potential, allowing capacity planning approaches developed for one location to be
reasonably transferable to the other four. However, the marked seasonal difference between June (lowest)
and October (highest) implies that storage or backup capacity should be specifically sized to accommodate
the June trough rather than the annual average, particularly for standalone or micro-grid PLTS installations
in border areas without strong grid backup.

5. Conclusion

This study developed a short-term hybrid GRU-BILSTM solar radiation forecasting model for five locations
in Timor Island and evaluated the reliability of extending it into long-horizon estimation for photovoltaic
resource assessment. The model achieved strong and consistent short-term forecasting performance (R? =
0.9507-0.9584), but chained autoregressive projection was found unreliable for annual-scale estimation
(R? =-0.53, +46% bias), confirming that short-term forecasting accuracy does not extend automatically to
long-horizon projection. Using a climatological approach instead, the five locations were found to possess
high and relatively uniform solar radiation potential (2,023-2,109 kWh/m?/year) and corresponding
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photovoltaic energy production (273.1-284.8 kWh/m?/year), consistent with provincial-level estimates for
Indonesia's eastern regions. Radiation variability (CV approximately 70%) was consistently high across
locations despite their predictable seasonal pattern, with Atambua showing a distinct combination of lower
anomaly variability but lower short-term predictability. These findings provide a quantitative, location-
specific basis for PLTS capacity and storage design in Timor Island. A key limitation of this study is that the
climatological approach assumes historical radiation patterns remain representative of future conditions;
future work may examine hybrid approaches that combine short-term model-based forecasting for
operational control with climatological estimation for long-term capacity planning.
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