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Challenges of Intra-hour Solar Forecasting

= Motivation

= Solar irradiance exhibits strong minute-scale variability due to local cloud
dynamics

» Rapid irradiance changes (ramps) can lead to sudden drops of PV power
—> Potential violation of grid codes

= Intra-hour forecasting can increase awareness, improving
» Grid balancing & reserves
= Storage dispatch
= Market decisions

= Challenges

= NWP and satellite-based models often still too coarse
- Local observations with sky imagery

= Cloud evolution is highly nonlinear and chaaotic, limiting predictability
—> Data-driven approaches

= Deterministic models without uncertainty representation
- Generative models

= Error-minimizing objectives favor smooth, averaged forecasts
- Modelling of cloud dynamics in image space

Goal: Multi-step GHI forecast up to 30 minutes ahead in 1 minute resolution
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Overview of ASI-based Forecasting Approaches
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Decoupled Generative Solar Forecasting

= Model 1: Video Prediction (VP)

= |mage latents learned via
autoencoding:
Deep Compression AutoEncoder
(DCAE [9])

= Diffusion-based video prediction in
latent space:
Frame AutoRegressive
architecture (FAR [1])

= Multiple trajectories by sampling
from gaussian noise

= Model 2: Irradiance Estimation

» Predict GHI for a given sky image
using a Convolutional Neural Network
(CNN)

» Trained separately on real ASI data

= Applied on synthetic ASI data from VP
model in inference
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Latent-Coupling Generative Forecasting — FarSky

FarSky Framework

Integration of irradiance representations in autoencoding by
additional irradiance decoder

Same generative diffusion pipeline (FAR)

Irradiance information is maintained in latent space throughout
generative pipeline

Irradiance forecast is obtained directly from latent space via
irradiance decoder
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—> No error propagation from image decoding

—> No domain shift problems

—> Increased robustness and generalization due
to combined optimization on image and
irradiance errors
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Datasets for Model Development and Testing
DLR

Measurement Site A Data Selection
e R e » Excluded days dominated by clear-sky conditions
» Full calendar days used as indivisible samples for splitting
= No overlap of days between training, validation, and test
sets

Meteo Stations Dat aS et S

= St Station(s)

: g Training Multi-station PSA data HP, KONTAS, 2019-2024 1219
» Plataforma Solar de Almeria (PSA)?!, Spain METAS, PVOT

= Cold desert climate (BWK) Validation ~ SolarVision Almeria [7]2 PVOT 2023 12
» Challenging cloud conditions due to four :

surrounding mountain ranges Test 1 ASI Nowcasting METAS 2019 28

. . _ n di Benchmark 2019 [2] 3
= Four meteo stations each providin . .
: P 9 Test 2 SolarVision Almeria [7]? PVOT 2022-2024 60

= 1-min All-Sky Imagery

(fixed exposure of 160ps) Results presented here
» 1-min averages of solar irradiance

(GHI, DNI, DHI)

1 Owned and operated by CIEMAT
2 Data available at: https://doi.org/10.1594/PANGAEA.980067
Yann Fabel, DLR Institute of Solar Research, 17/09/2026 3 Data available at: https://doi.org/10.5281/zenodo.21682387
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FarSky — Qualitative Results
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Effect of Latent-Coupling on Generative Solar Forecasting
FarSky vs Decoupled baseline (FAR + CNN) DLR

» Ensemble forecast: 4 trajectories per forecast issue
= Deterministic forecast: ensemble mean
= Probabilistic forecast: student’s t-distribution fitted to the ensemble

= Ramp event prediction: event predicted if detected in 225% of ensemble trajectories
(ramp event definition according to [3])

= Evaluation: metrics averaged over all lead times of the 30-min forecast horizon

Probabilistic Ramp Events

Model RMSE | | MAE | | MBE CRPS | | IS (a=0.32) | Calib. Precision 1 | Recall 1 |F1 1
[W/m2] | [W/m?] |[W/m?] |[W/m?] |[WIm?] | Error |
FAR+CNN 754 51.3 -31.0 44.3 247.0 0.33 0.42 0.76 0.54

FarSky 62.7 33.4 5.0 26.7 141.8 0.17 0.46 0.75 0.57
Calib. Error = ¥, |PICP; — PIy|

—> Significant improvements forecast accuracy, primarily through bias reduction

- Improved probabilistic performance in accuracy (CRPS), reliability (calib. error) and sharpness (1S)
- Ramp-event prediction largely unaffected, with a slight improvement in F1-score
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Comparison to State-of-the-Art Models ‘#7
DLR

0.4
/\\_— FarSky
w 02 — FAR+CNN
= State-of-the-art models: 2 00 o i
= Decoupled diffusion model (FAR+CNN) [10] £ o, Me,
= End-to-end transformer model (E2E-TF) [4] 04 . o . o s -
= 20 min forecast horizon Lead Time [min]
» Probabilistic forecasts of via post-processing 0.8
using quantile-based error distributions [6] e \
= Physics-based model [5] g T
= Optimized on ramp events C ol ~—— —
= SkyGPT [11] 0-2
. . ; 0 5 10 15 20 25 30
= Adapted version trained on GHI with PSA data Lead time [min]

06 = om———

- FarSky model outperforms all models in the evaluated

deterministic, probabilistic and ramp event metrics

0 5 10 15 20 25 30
Lead Time [min]

Note: no error distributions of physics-based model available
required for probabilistic post-processing
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Summary & Conclusion
DLR

Problems with existing paradigms
» Deterministic end-to-end ML models
= Strong average accuracy
» Temporal smoothing = no information on variability within forecast
= Decoupled generative approaches
= Better capturing of variability
= Domain shift > Degraded irradiance estimates on synthetic image data

Core contribution: Latent-coupled generative framework FarSky
= Joint representation of sky imagery and irradiance

= Direct irradiance prediction from latent space (without prior image decoding)
- no domain shift problems

= Implicit regularization
-> increased robustness

Thank you for your attention!

= Qutcomes Questions?
» Increased forecast skill (>30% on benchmark dataset) vann.fabel@dlr.de
= Significant improvement over state-of-the-art in ramp event prediction
= Qutlook Preprint:
= Improve generalization (multi-site datasets, multi-modal/multi-task training) https://arxiv.org/abs/2608.11254

» Explore potential and direction of ASI foundation models

Forecast quality depends on the modeling paradigm — latent coupling resolves the trade-off

between accuracy and variability.
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Comparison of Decoupled and Latent-Coupling Approaches #
Video Prediction DLR

» | ead time-specific evaluation on 8-bit RGB images = /—

: 2 7
u Met”CS 0 5 10 15. 20 25 30
= MAE: mean absolute pixel error per image e
» MSE: mean squared pixel error per image 40 \
» PSNR: Peak-signal-to-noise-ratio 7 s |
= Measures quality of reconstructed image by ratio of signal power to \
noise power * 0 5 10 15 20 25 30
» SSIM: Structural-similarity-index lead_time

» Measures perceived image quality by comparing luminance,
contrast and structure between original and reconstructed image

= Mean (solid line) and standard deviation (shaded area)
over all predicted samples per lead time

MSE
N
o
o

0 5 10 15 20 25 30
lead_time

\

results of FarSky at higher LTs, indicating better representations from \/
latent-coupling 0.90

0 5 10 15 20 25 30
lead_time

—>Very similar performance of video prediction with slightly better

SSIM
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Effect of Latent-Coupling on Generative Solar Forecasting ‘#7
DLR

= Deterministic Forecasts

» |ead time specific mean of GHI Ensemble
Forecast

= Metrics: RMSE, MAE, MBE, Forecast Skill
(based on persistence)

o]
o

RMSE [W/m?]
o)
o

B
o

-> Significant improvements in all metrics,
particularly due to bias reduction

MBE [W/m?]

=20

- FS almost consistently over 20%

= Probabilistic Forecasts

= |ead time specific students t-distribution from
Ensemble (4 samples)

= PICP over PI: Indicator for reliability (how often an
observed value falls in PI)

= CRPSS: Skill of difference between forecasted
cumulative distribution and observed value

—Increased reliability and better accuracy
—~>Ensemble size limited (further analysis required)
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Comparison of Decoupled and Latent-Coupling Approaches ‘#7
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Ramp Event Prediction

* Ramp Event [3]:

» Change in irradiance surpassing a predefined threshold
within a short time window

- t=110 V?A
450 1
= 400 1 y

Tolerance Window (tw) at time t

A

% 350 )
» Evaluation via 300
= Confusion Matrix per lead time >0 M | |
. . . . : 09:16 09:17 09:18 09:19 .
= Classification scores (accuracy, precision, recall, fl-score) time .
Confusion matrix for lead time 15min Average ramp scores over lead times

FAR (IRR) 100 FarSky

80

no ramp
no ramp

60

Actual
Actual

FarSky

- 40

ramp
ramp

-20

no ramp ramp no ramp ramp

FAR (IRR) 0.86 0.42 0.76 0.54

0.88 0.46 0.75 0.57

—> Both approaches are capable of predicting ramp

-0 events (no negative impact of bias)

Predicted Predicted - FarSky shows slightly better performance
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