Multi-frame cloud prediction from all-sky images:
RGB vs. Segmented masks
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* Many cloud nowcasting methods rely on all-sky imagery
* Most deep learning approaches operate on raw RGB frames
« Semantic structure is not explicitly exploited

Does input representation (RGB vs. semantic masks) affect short-term cloud prediction stability?

OBSERVATIONS AND LABELS:
Data: SKIPP'D dataset
o 57,803 all-sky videos - 31 frames - 64x64 - 1-minute resolution
Semantic Representation: GOA-UVa All-Sky segmentation U-Net model
o Pixel-wise sky segmentation \
o 5 classes: * '
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Fig. 1. An RGB all-sky image from the SKIPP'D dataset and ,
L . 5 :
SU n its semantically segmented mask obtained with the GOA- Fig. 2. Architecture of the GOA-UVa All-Sky segmentatfion U-Net model

UVa All-Sky segmentation U-Net model
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WHAT IS COMPARED?: Two configs of the same ConvLSTM PREDICTION BACKBONE:H1

backbone. They differ in input & output representation: I —
« RGBConvLSTM: Operates on RGB frames (64x64x3) f |
 MaskConvLSTM: Operates on semantic maps (64x64x5) o~
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ConvLSTM2D| |ConvLSTM2D| |ConvLSTM2D Conv2D Fig. 4: Workflow of the ConvLSTM networks used in this work
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e e198 e e198 St ity « First 16 frames are used as input context | Frame

o Extracting their information into its hidden states
Fig. 3: RGBConvLSTM model structure | 646t  Model predicts 15 future frames
« Autoregressive: Each predicted frame is fed back as input

EVALUATION: In a shared semantic label space
. RGB and masks are not directly comparable QUALITATIVE COMPARISON EXAMPLE:
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« Enables fair, representation-focused comparison
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Evaluation Evaluation

the semantic label space. RGB images 4 Fig. 6: Models' predictions for two sample cases. The first two rows show the last observed frames from t = —15 to t = —1 minutes,
are processed by RGBConvLSTM and segmented at the output stage, while sampled every 2 minutes. The following two rows present the ground truth future frames from t = +1 to t = +15 minutes, also
operates on segmented inputs. Target RGB images are segmented to obtain sampled every 2 minutes. The last three rows display the models’ predictions for the same forecast horizon.
reference masks.
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MAIN FINDINGS: 1 B | ¢ R | |
« Semantic masks improve short-term prediction stability oo o o o o c :
o loU: +0.49% s - O A -
o Dice Score: +0.94% E @«
Strongest gains in early forecast horizons
Trade-off: Less recall - More precision B S IS B R

e Fig. 7: Row-normalized confusion matrices averaged across all fime Fig. 8: Mean Dice coef:‘iciet;wir across all fest
CONCLUSIONS:.

steps. Each matrix shows the distribution of predicted classes given sequences for a given timestep. Error bars indicate
. the ground truth labels, corresponding to per-class recall. the 95% confidence interval of the mean.

« |nput representation aff

« Semantic m leld more

« Improvements are class-depende ,
' S — d I ages from RGB images and segmented masks. Solar Energy, 311, 114515
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