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Abstract—Accurate solar power forecasting is essential for
efficient power system planning and operations. This study
develops a framework for multi-horizon short-term solar power
forecasting that integrates spatiotemporal irradiance prediction
and probabilistic modeling. Within this framework, a generative
adversarial network (GAN) synthetically generates future global
horizontal irradiance maps from past observations, capturing
spatiotemporal patterns that influence solar generation. The
generated irradiance features are then combined with historical
generation and meteorological data to produce quantile-based
forecasts using different neural networks. The framework is
validated through a case study in California using high-resolution
NSRDB and PVOutput datasets for 10-, 30-, and 60-minute
horizons. The results show that incorporating GAN-generated
irradiance features improves both deterministic and probabilistic
forecasts, with notable gains at 30- and 60-minute horizons.
The proposed framework offers a practical approach for multi-
horizon solar power forecasting and can be extended to other
data-driven renewable energy applications.

Index Terms—Short-term solar power forecasting, Time series
analysis, Generative adversarial network (GAN), Transformer

I. INTRODUCTION

Accurate solar power forecasting is critical for grid reli-
ability when managing the supply-demand balance in mod-
ern power grids [1]. As solar photovoltaic (PV) penetration
increases, better short-term forecasts help operators mitigate
variability, optimize reserves, and improve market participa-
tion. In the short-term horizon, typically from 30 to 360
minutes, solar PV power prediction is particularly challenging
because of rapid fluctuations in solar irradiance, local cloud
movements, and spatial variability across distributed installa-
tions [2]. Recent reviews classify solar PV forecasting methods
into three main categories: physical, statistical, and machine-
learning approaches [3]. Among these, machine-learning mod-
els have demonstrated remarkable capability in capturing com-
plex nonlinear temporal and spatial patterns from diverse data
sources, and they represent the most prominent and rapidly
advancing direction in the literature.

More recently, generative adversarial networks (GANs) have
shown potential in capturing spatial and temporal patterns of
irradiance fields. For instance, [4] used a GAN to predict future
solar irradiance maps and converted them into power estimates
using irradiance-to-power relationships that depend on system
parameters such as tilt angle, azimuth, and capacity. However,
such detailed information is rarely available for large numbers
of small distributed systems. Motivated by this limitation, the
present study proposes a GAN-assisted short-term forecasting

framework that generates future global horizontal irradiance
(GHI) maps and integrates them as auxiliary features within
neural-network-based power forecasters. The framework is
evaluated at 10-, 30-, and 60-minute horizons to assess how
GAN-generated GHI features improve both deterministic and
probabilistic forecasts.

II. METHODOLOGY

The study develops a short-term forecasting framework as
illustrated in Fig. 1. The proposed framework consists of two
main components: (1) data preprocessing, which constructs
regional GHI maps and integrates spatiotemporal informa-
tion from multiple PV systems; and (2) forecasting, which
combines historical observations with predicted features to
generate quantile-based forecasts. The following subsections
describe each stage of the methodology in detail.

A. Data Preprocessing

1) Regional GHI Map Construction: The regional GHI
maps were constructed using GHI data obtained from the
National Solar Radiation Database (NSRDB) [5]. The NSRDB
provides regularly gridded data with a spatial resolution of
2 km and a temporal resolution of 10 minutes.

To capture finer spatial variations in solar irradiance and
better represent the spatial distribution of irradiance intensity,
Kriging interpolation was applied to the original 9×9 NSRDB
grids. It exploits spatial correlation in nearby observations to
estimate irradiance on a finer grid.

Fig. 2 compares interpolation results at different spatial
resolutions. Resolutions finer than 250 m yield only marginal
visual gains while substantially increasing computational cost,
whereas coarser settings such as 500 m over-smooth irradiance
gradients, which may hinder learning. Considering both image
quality and efficiency, a target resolution of 250 m was
selected. The interpolated 65×65 maps were subsequently
cropped to 64×64 as inputs to the GAN model.

2) Feature Integration for Each PV System: PV generation
data were collected from PVOutput.org [6], and site-level me-
teorological variables were sourced from the nearest NSRDB
grid points. The Pearson correlation coefficient (PCC) was
computed to quantify the relationships between each candidate
temporal or meteorological variable and PV output. Based on
the approach in [7], variables with an absolute correlation of
at least 0.3 were kept as candidates for subsequent selection.
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Fig. 1: (a) Overview of the proposed multi-horizon short-term forecasting framework. (b) Structure of the forecasting model.
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Fig. 2: Effect of spatial resolution on interpolated GHI maps

B. Neural Network Models

1) GAN for Spatiotemporal GHI Prediction: A hierarchical
multi-scale GAN was developed to model the spatiotemporal
evolution of GHI maps. The model takes a sequence of five
past irradiance frames as input and predicts one, three, or
six future frames corresponding to 10-, 30-, and 60-minute
forecasting horizons.

The generator comprises five sub-modules (G1–G5) op-
erating at spatial resolutions of 4×4, 8×8, 16×16, 32×32,
and 64×64 pixels. Each sub-generator receives the upsampled
output from the previous scale together with interpolated
historical inputs, enabling the network to learn irradiance
evolution patterns from large-scale contextual motion to fine-
grained spatial detail. To mitigate boundary artifacts, reflective
padding is applied before convolution, and each generator
block explicitly accounts for the total spatial reduction in-
troduced by its convolutional layers. This approach preserves
input–output alignment and reduces edge distortions, mit-
igating padding artifacts commonly seen in convolutional
networks [8]. The discriminator adopts a matching multi-scale
design that evaluates realism at corresponding resolutions and
provides adversarial feedback that promotes spatial coherence
and temporal consistency across scales.

Training employs a composite objective function. The gen-
erator combines an adversarial term that encourages realism,
an L1 reconstruction term that preserves numerical fidelity, and

TABLE I: Network configurations of the Generator (G) and
Discriminator (D)

Block Input #Conv / Channels Kernel Sizes
G1 4× 4 3 / [128, 256, 128] [3, 3, 3]
G2 8× 8 3 / [128, 256, 128] [5, 3, 5]
G3 16× 16 5 / [128, 256, 512, 256, 128] [5, 3, 3, 3, 5]
G4 32× 32 5 / [128, 256, 512, 256, 128] [7, 3, 3, 3, 7]
G5 64× 64 6 / [128, 256, 512, 512, 256, 128] [7, 5, 5, 3, 3, 3]
D1 4× 4 1 / [64] [3]
D2 8× 8 3 / [64, 128, 128] [3, 3, 3]
D3 16× 16 3 / [128, 256, 256] [5, 5, 5]
D4 32× 32 4 / [128, 256, 512, 128] [7, 7, 5, 5]
D5 64× 64 5 / [128, 256, 512, 512, 256] [7, 5, 5, 3, 3]

(a) Input Sequence

(b) GAN predictions

(c) Ground truth

Fig. 3: Illustration of GHI Map forecasting using the proposed
multi-scale GAN. (a) Input sequence of five consecutive
irradiance maps. (b) Predicted maps generated by the GAN
for the next three time steps. (c) Corresponding ground truth
maps for comparison.

a gradient consistency term that promotes smooth transitions
while preserving edges. The discriminator is optimized with
binary cross-entropy loss.

This design captures multiscale irradiance dynamics and
reduces edge artifacts, producing high-resolution GHI maps
that serve as future covariates for power forecasting. A detailed
configuration of each generator block is summarized in Table I.
An illustrative example of the GAN-generated irradiance pre-
dictions is shown in Fig. 3.
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2) Quantile Forecasting Models with Historical and Pre-
dicted Features: A quantile-based formulation was adopted to
represent predictive uncertainty in PV generation, consistent
with recent probabilistic forecasting studies [9], [10]. This
enables interval-oriented evaluation and supports operational
decisions beyond point estimates.

Historical inputs, including past power generation and site-
level meteorological variables, were encoded using one of
several neural forecasting backbones, including Gated Recur-
rent Unit (GRU), Long Short-Term Memory (LSTM), Bidirec-
tional Long Short-Term Memory (Bi-LSTM), or a Transformer
model. These architectures have demonstrated strong capabil-
ity in capturing nonlinear relationships and complex temporal
dynamics in energy time series [11].

Building on these backbones, a fusion-based quantile fore-
casting framework was developed to jointly utilize histori-
cal inputs and predicted future features derived from GAN-
generated GHI maps. As illustrated in Fig. 1(b), the encoded
historical representation is integrated with projected future
covariates and merged through a fusion layer, followed by
a fully connected head that outputs three quantile forecasts at
the 0.1, 0.5, and 0.9 levels. This design takes advantage of
previous dependencies and anticipated conditions to improve
short-term accuracy and uncertainty quantification.

C. Evaluation Metrics

Deterministic metrics, including MAE, RMSE, and R2, were
used to evaluate point forecast accuracy [12]. Probabilistic
performance was assessed using the average pinball loss (APL)
over the 0.1, 0.5, and 0.9 quantiles, and PICP and MPIW.
Relative improvement was quantified by a skill score for
RMSE and APL [13]

Skill Score =
(
1− Errormodel/Errorbaseline

)
× 100%.

III. CASE STUDY

A. Data Description

The study area in California was selected from PVOutput
for its density of distributed PV systems. Three representative
systems were analyzed as shown in Fig. 4, each providing
five-minute PV generation records from 2020 to 2023. Re-
gional GHI maps and site-level meteorological variables were
obtained from the NSRDB. Data from 2018–2019 were used
exclusively to train the GAN, which was then applied to
generate inputs for 2020–2023, while the forecasting models
were trained and validated on 2020–2022 and tested on 2023.

B. Data Preparation

A fixed daytime window of 07:20–16:30 was used for
all days to ensure temporal consistency, with daylight-saving
shifts corrected to maintain continuity. In line with [12],
the dataset was split chronologically, with 2023 reserved
for testing and 2020–2022 used for training and validation.
Two input configurations were considered for each forecast
horizon: historical inputs only, and historical inputs augmented
with GAN-generated GHI. PV generation was scaled using

Observed pt

   Interpolated pt

       PV system
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Fig. 4: Overview of study area

TABLE II: Average inference latency of each component in
the proposed forecasting pipeline (excluding training). K, G,
and F denote Kriging interpolation, GAN inference, and the
forecasting model, respectively.

Component Latency Notes
Kriging interpolation (per map) 140 ms CPU
GAN inference (per map) ∼ 2 ms GPU, bs = 32
Forecasting model (per sample) < 1 ms GPU, bs = 16
End-to-end (first prediction of the day) 703 ms 5K+G+F
End-to-end (subsequent predictions) 143 ms K+G+F

Min–Max normalization and meteorological variables were
standardized. Building on [14], the candidate features filtered
by PCC were added iteratively and MAE was monitored to
select season-specific inputs.

C. Experimental Settings

All models were implemented in PyTorch and trained on an
NVIDIA RTX A6000. The multi-scale GAN was trained using
stochastic gradient descent with a momentum of 0.9, cosine
annealing for learning-rate scheduling, and gradient clipping.
The generator and discriminator losses followed the definitions
provided in Section 2. Forecasting models were trained using
the Adam optimizer. A grid search was conducted to determine
the optimal network architecture and training hyperparameters,
and early stopping was applied based on validation perfor-
mance. Each model used an input sequence of five consecutive
10-minute intervals, and the testing coverage differed slightly
across horizons due to the fixed daytime window. Component-
wise and end-to-end inference latency for online forecasting
is also reported in Table II.

D. Experimental results

The experimental analysis evaluates the effectiveness of
incorporating GAN-generated GHI maps as auxiliary pre-
dictive information for short-term solar power forecasting
across three PV systems at 10-, 30-, and 60-minute horizons.
Models trained without GAN-generated GHI maps are treated
as baselines, enabling a direct assessment of the proposed
framework. In addition to recurrent neural network baselines,
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TABLE III: Comparison of forecasting model performance for
10-min ahead

System Model MAE RMSE R2 SkillRMSE

1
BiLSTM 14.71 29.83 0.9731 –
CNN-LSTM 15.08 29.86 0.9731 -0.10%
BiLSTM(GAN) 14.69 29.68 0.9734 0.50%

2
GRU 18.24 38.69 0.8944 –
CNN-LSTM 18.41 39.00 0.8927 -0.80%
GRU(GAN) 18.60 38.61 0.8948 0.21%

3
BiLSTM 17.03 38.05 0.9678 –
CNN-LSTM 17.30 38.69 0.9667 -1.68%
BiLSTM(GAN) 17.16 38.46 0.9671 -1.11%

System Model APL PICP MPIW SkillAPL

1
BiLSTM 4.98 0.8284 44.62 –
CNN-LSTM 5.07 0.8407 48.61 -1.81%
BiLSTM(GAN) 4.98 0.7946 43.05 -0.05%

2
GRU 6.11 0.8028 53.12 –
CNN-LSTM 6.15 0.8453 57.78 -0.65%
GRU(GAN) 6.24 0.7885 54.54 -2.08%

3
BiLSTM 5.75 0.8201 51.49 –
CNN-LSTM 5.82 0.8330 52.41 -1.22%
BiLSTM(GAN) 5.83 0.8175 50.43 -1.39%

TABLE IV: Comparison of forecasting model performance for
30-min ahead

System Model MAE RMSE R2 SkillRMSE

1
LSTM 31.58 58.37 0.8955 –
CNN-LSTM 32.52 59.71 0.8907 -2.30%
LSTM(GAN) 31.05 56.12 0.9034 3.85%

2
GRU 26.60 51.59 0.8106 –
CNN-LSTM 26.60 51.88 0.8083 -0.56%
GRU(GAN) 26.08 49.25 0.8273 4.54%

3
LSTM 36.44 66.78 0.9015 –
CNN-LSTM 35.89 65.32 0.9058 2.19%
LSTM(GAN) 36.34 65.36 0.9057 2.13%

System Model APL PICP MPIW SkillAPL

1
LSTM 10.38 0.7820 91.41 –
CNN-LSTM 10.76 0.8079 97.71 -3.66%
LSTM(GAN) 10.34 0.7593 87.39 0.39%

2
GRU 8.79 0.8032 76.36 –
CNN-LSTM 8.78 0.7935 78.64 0.11%
GRU(GAN) 8.66 0.8119 79.96 1.48%

3
LSTM 12.09 0.7373 103.38 –
CNN-LSTM 11.80 0.7445 105.54 2.40%
LSTM(GAN) 12.02 0.7341 100.16 0.58%

a convolutional neural network (CNN)–LSTM hybrid model,
which has been recently adopted for capturing spatiotemporal
information through convolutional processing and subsequent
sequence modeling in solar forecasting studies [15], is in-
cluded for comparison. Here, interpolated GHI maps are first
processed by the CNN module, and the resulting representa-
tions are fused with other historical inputs before being passed
to the LSTM for forecasting. For each horizon and system, the
best-performing baseline model is compared with its GAN-
assisted counterpart, and the results are summarized using both
deterministic and probabilistic metrics. Specifically, RMSE-
based skill scores and APL-based skill scores are reported to
quantify improvements in point and quantile forecasts, respec-
tively. A qualitative comparison across different horizons and
seasons is further illustrated in Fig. 5.

1) 10-Minute-Ahead Forecasting Performance: Table III
summarizes the 10-minute-ahead results, showing that incor-

TABLE V: Comparison of forecasting model performance for
60-min ahead

System Model MAE RMSE R2 SkillRMSE

1
BiLSTM 44.37 80.21 0.8014 –
CNN-LSTM 44.73 79.68 0.8040 0.66%
BiLSTM(GAN) 41.46 73.18 0.8347 8.76%

2
GRU 32.78 60.65 0.7391 –
CNN-LSTM 32.90 61.66 0.7303 -1.67%
GRU(GAN) 31.70 57.63 0.7644 4.98%

3
LSTM 47.33 83.25 0.8498 –
CNN-LSTM 46.28 78.84 0.8653 5.30%
LSTM(GAN) 45.75 79.11 0.8644 4.97%

System Model APL PICP MPIW SkillAPL

1
BiLSTM 14.65 0.7438 111.78 –
CNN-LSTM 14.39 0.8301 131.04 1.77%
BiLSTM(GAN) 13.88 0.7305 111.17 5.26%

2
GRU 10.72 0.7411 93.34 –
CNN-LSTM 10.60 0.7899 92.13 1.12%
GRU(GAN) 10.49 0.7401 91.79 2.15%

3
LSTM 15.92 0.6968 123.21 –
CNN-LSTM 15.05 0.7939 136.68 5.47%
LSTM(GAN) 15.58 0.6952 122.60 2.14%

porating GAN-generated GHI maps leads to only marginal
changes in forecasting performance. Across the three systems,
the CNN-LSTM model does not exhibit clear advantages
over the best-performing recurrent baseline, indicating that at
very short lead times the recent temporal continuity already
dominates the predictive signal. For System 1, BiLSTM(GAN)
achieves a slight reduction in MAE and RMSE (skill score of
0.50%), while Systems 2 and 3 show only negligible changes
with mixed gains depending on the system. The probabilis-
tic metrics (APL, PICP, and MPIW) exhibit similarly small
variations, suggesting that neither convolutional processing
nor GAN-derived spatial information substantially alters the
predictive distribution at this horizon.

2) 30-Minute-Ahead Forecasting Performance: Table IV
reports consistent improvements at the 30-minute horizon,
where the benefit of incorporating GAN-generated GHI fea-
tures becomes more evident. Across the three systems, GAN-
assisted models reduce RMSE with skill gains of approxi-
mately 2–5%, indicating that the predicted irradiance maps
provide useful spatial context as the horizon extends. Com-
pared with the CNN-LSTM model, which yields mixed results
depending on the system, the GAN-assisted framework pro-
vides more consistent improvements overall, particularly in the
probabilistic metrics where lower APL is often achieved with-
out widening the prediction intervals. The probabilistic results
further confirm this trend, where the GAN-assisted models
generally exhibit lower APL and comparable or slightly re-
duced MPIW, reflecting more confident yet accurate interval
predictions.

3) 60-Minute-Ahead Forecasting Performance: At the 60-
minute horizon, Table V shows that the performance gap
widens further. While the CNN-LSTM model provides moder-
ate gains for some systems, the GAN-assisted models achieve
substantially larger improvements, with RMSE-based skill
gains reaching 4–9%. Both deterministic (MAE, RMSE, R2)
and probabilistic (APL) metrics show consistent enhancement,
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Fig. 5: Qualitative examples of forecasting performance across horizons and seasons for three PV systems. (a) 30-min ahead
on 2023-01-06; (b) 30-min ahead on 2023-08-18; (c) 60-min ahead on 2023-01-06; (d) 60-min ahead on 2023-08-18. Each
panel shows predicted (solid) and observed (dashed) power for three systems; all panels share the same vertical scale.

especially for System 1, where the RMSE decreased by nearly
9%. These results suggest that as the horizon increases, it
becomes increasingly valuable to incorporate forward-looking
spatial irradiance information. Unlike CNN-LSTM, which
extracts representations from historical interpolated maps, the
proposed framework leverages GAN-predicted future GHI
maps that encode evolving cloud-driven irradiance transitions,
leading to more accurate and better-calibrated forecasts at
longer lead times.

Overall, the results indicate a clear relationship between
forecasting horizon and the effectiveness of incorporating
GAN-generated GHI maps. While the improvement is neg-
ligible at 10 minutes ahead, the benefit becomes increasingly
apparent at 30 and 60 minutes. Although CNN-LSTM provides
a competitive hybrid baseline by exploiting historical spa-
tiotemporal patterns, the proposed GAN-assisted framework
yields more consistent and larger gains at longer horizons
by integrating forward-looking irradiance information derived
from predicted GHI maps. This suggests that the spatially
enhanced irradiance information produced by the GAN model
provides a valuable context for longer-term forecasts, where
temporal features alone become less informative. The findings
highlight the potential of combining generative spatial features
with sequential models to enhance the robustness of short-term
solar forecasting.

IV. CONCLUSION

This study developed and evaluated a hybrid forecasting
framework that integrates generative irradiance features with
deep learning models for solar power prediction. Experimental
results across three systems and multiple forecasting horizons
demonstrate that the proposed approach improves accuracy,
particularly for the 30-minute and 60-minute horizons, by
leveraging the spatiotemporal patterns captured by the GAN-
generated GHI maps. The findings highlight the importance
of spatial information for extending predictive lead times
and provide practical guidance for the deployment of data-
driven forecasting systems in distributed PV networks. While

this framework was validated in California’s high-irradiance
climate, its integration of GAN-based spatial features offers
a scalable foundation for capturing cloud dynamics across
different micro-climates. Future work will focus on adapting
the GAN component with region-specific irradiance data to
evaluate the framework’s generalizability and robustness under
more variable and volatile climatic conditions.
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