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Motivation
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ÁWhy ASI-based nowcasting?
ÁHighest variabilities of irradiance on local scale

in space and time due to cloud passing

ÁLocal observations enable irradiance forecasts
in high temporal and spatial resolutions

Á Improved situational awareness helps solar 
power plant and local grid operators to
minimize costs and risks (e.g. power plant/solar 
field control, less curtailment, cheaper 
balancing, extended battery life,é) [1,2]

ÁWhy using ML for nowcasting?
ÁDeep learning has proven to outperform

previous state-of-the-art techniques in many
computer vision problems [3]

ÁML techniques are widely used in various
forecasting problems [4]
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Introduction to all sky imager-based
nowcasting



Introduction to all sky imager-based nowcasting
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Cloud shadow projection & 

analyze radiative effect [7]
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Machine learning methods for
improving ASI nowcastsïPart 1



Machine learning methods for improving ASI nowcasts
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ÁOption 1: Apply ML to solve individual steps in 

processing pipeline

ÁE.g. Cloud detection using a Convolutional Neural Network 

(CNN) for semantic segmentation (pixelwise classification)

Encoder Decoder

Cloud detection 

Cloud modelling

Shadow projection

Cloud tracking

Irradiance nowcast

Sky images

Allocation of cloud transmittance

Convolutional Neural Network

Latent features



ML-based image segmentation for cloud detection
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ÁCloud detection in all-sky images

poses a challenging task:

ÁVariable spatial distribution and size

ÁAtmospheric conditions and 

oversaturation of pixels in vicinity of

the sun influence visual appearance

ÁDistortion effects of fish-eye lens

and decreasing resolution towards

horizon

ÁMulti-layer conditions with high 

visual similarity of individual layers

Deep learning-based methods

proven to handle these challenges

best [17], but how to train these

models?

Low-layer

Low-layer Mid-layer Low- & Mid-layer



ML-based image segmentation for cloud detection
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ÁQuality of a ML model strongly depends on the amount and quality of data used for training

ÁManual creation of segmentation masks is time consuming (770 images from PSA1 manually annotated)

Ÿ More data could help to increase performance but is infeasible on large scale (>10000)

ÁAlternative: Apply self-supervised learning to enable the model to extract relevant information (latent 

features) for segmentation

Ÿ Model solves pretext task based on pseudolabels generated from the data itself, e.g.:

1 Plataforma Solar de Almería, southern Spain, owned and administrated by CIEMAT

InpaintingïSuperresolution (IP-SR) [8,9]

Ÿ Image reconstruction

Deep Cluster [10]

Alternation of clustering/classification

Clustering Classification

Images are clustered based

on extracted feature vectors

CNN

Cluster assignments are

used as pseudolabels

Training on pseudolabels

CNN



ML-based image segmentation for cloud detection
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Evaluation of semantic segmentation by

comparing 4 different model initializations [5]

Á4 classes: sky, low-/mid-/high-layer cloud

ÁTraining on 616 images

ÁValidation on 154 images

ÁImplemented in pythonósfastai

library [11]

Initialization

Random Pretrained

ImageNet Self-supervised

Deep Cluster

Inpainting-
Superresolution

Random ImageNet IP-SR DC

Accuracy [%] 78.3 82.1 85.8 85.2

Pixel Accuracy =
ρ
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ML-based image segmentation for cloud detection
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Classwise accuracy of Inpainting-Superresolution 

initialization [%]

Examples of cloud-layer detection

Å Confusions mostly between adjacent cloud layers

Å 95.2% accuracy on binary segmentation outperforming

previous non-ML segmentation approach by over 7% points

Sky

Low-layer

Mid-layer

High-layer


