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1. Introduction 

Automated computational evaluation of cloud cover using machine learning (ML) 
is an important postprocessing tool for the analysis of satellite weather imagery1 
and ground-based whole sky imager (WSI) imaging.2 One benefit of WSI imagery 
over satellite imagery is it can ascertain local sky conditions in remote locations. 
This extracted knowledge can be leveraged by hybrid energy optimization 
algorithms, where solar and wind power are part of the power resources. 

The original ML algorithms developed for satellite imagery combined manually 
designed feature/texture detectors with low-parameter classification schemes such 
as support vector machines and logistical regression.1,3-7 Recent advances in ML, 
specifically, convolutional neural networks (CNNs), popularized by the success of 
AlexNet,8 allow for automated learning of relevant textural features to help 
maximize classification accuracy, albeit at the expense of higher computational 
cost, more trainable parameters, and subsequently more required training data. 

Different types of ML-based analysis can be applied to WSI images,2,9‒10 starting 
with a simple image classification of an entire image. For a detailed classification 
of features in an image at a pixel-by-pixel level, a semantic segmentation (SS) 
model can be used.11 SS has become practical thanks to the development of CNNs, 
and the technique was simplified using skip connections that link encoder and 
decoder layers of equal size, as established in U-net autoencoders (UAEs). Note: 
UAEs were first invented to segment biomedical images.12 SS is also proving to be 
useful in the field of driver-assistance and self-driving vehicles, as it can identify 
the key features of the visuals ahead (e.g., road, road lines, cars, pedestrians, 
trees).13 

For this study, the investigation began by applying the SS technique to WSI images, 
as described in Section 2. In addition, a simpler ML problem of evaluating 
percentage cloud cover in a WSI Image was pursued. The goal was to determine 
what percentage of the sky was thick clouds, thin clouds, and clear sky without 
detailed segmentation. The softmax activation function provided a natural final 
layer for compositional estimation as its output, which by definition, added up to 
unity. However, for training the model, instead of using a categorical cross-entropy 
loss term, a continuous output was sought using a mean-squared error metric. 

Finally, a direct estimation of solar radiation (SR) from standard camera  
images14‒16 that were generally sensitive only to the visual spectrum (0.3–0.7 μm 
wavelength) was explored. The pyranometers used to accurately determine total SR 
sample from a wider spectrum, between 0.3 and 3 μm; therefore, from a narrow 
visual spectrum image, the ML algorithm needed to infer the radiative energy 
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beyond the visual spectrum. An elaboration of these techniques and their 
application is provided in the next section. 

2. Methods 

This work investigated three different WSI analysis tasks and applications: 
semantic segmentation of cloud types, the evaluation of cloud percentage, and 
estimation of SR. Underlying all three model applications was the CNN, which was 
used to learn and identify features of WSIs at multiple length scales, which then 
yielded activation values that were mathematically combined to form a desired 
output. In comparison, early ML methods required researchers to handcraft texture 
classifiers.1,3 Despite the CNN advancements, consulting these original studies 
serves to expand the types of textural classifiers that could be adopted into a neural 
network topology. 

2.1 Semantic Segmentation 

The first model explored was very ambitious given the lack of hand-labeled data. 
The WSI image was segmented, block by block, into seven sky categories: 
cumulus, stratocumulus, cirrus, cirrocumulus, stratocirrus, stratus, and clear sky. 
Since manually labeling images was labor intensive, we searched the Internet for 
example pictures of each class. The approximately 20 reference images were 
carefully cropped or masked, removing irrelevant regions. Each masked reference 
image was sliced into 32 × 32-pixel images and used as input to train the neural 
network classifier, as seen in Fig. 1. A dropout layer with a fraction of 0.05 was 
placed between each convolutional layer to improve generalization accuracy. 
During inference, we generated sliding square windows of the input to achieve 
higher-resolution segmentation. 

By far, the most challenging aspects of this model were the unique nature of the 
camera specification, camera settings and ambient lighting conditions between the 
reference training images, and the actual WSI images being analyzed. Therefore, 
even with some simple brightness and contrast adjustments, the model (trained on 
Internet cloud examples) was challenged by the test images. 

In addition to the neural network model, a non-ML sun locator was introduced to 
moderately improve the segmentations, especially blanking out the sun. The locator 
function began by converting pixel values to the range [0, 1], applying the strong 
contrast operator, 𝑓𝑓(𝑥𝑥)  =  𝑥𝑥12, and then computing the image’s center of mass, 
which was the first candidate center point of a circle enclosing the sun. The center 
of mass was then recalculated within a 100-pixel radius of the first computed center. 
The radius of the sun circle was computed as the average of the x- and y-axis 
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standard deviations of the image at the second center. The resulting circle was filled 
to create a sun mask and applied to the final ML output image to remove the pixels 
associated with the sun. This algorithm did not account for lens glare and other 
artifacts caused by direct sunlight impinging on the lens and camera sensor. 

 

Fig. 1 Neural network topology for the cloud segmentation model used in this work. The 
“//” symbol means strided downsampling. The preceding Nx refers to the number of kernels, 
N, in the convolutional layer. 

2.2 Percentage Sky Composition 

Given that the semantic segmentation model lacked consistent and labeled training 
data, a model was developed with more modest goals and manually labeled data. 
First, the problem was reduced to simply estimating the percentage of three classes: 
thick clouds, thin clouds, and clear sky. Second, a subset of images (N = 200) was 
hand-labeled. These images used the same camera, protocol, and location of the 
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images to which the model would later be applied. For this study, the data set was 
from the Atmospheric Intelligence for Hybrid Power Grid (AIHPG) WSI (detailed 
in Section 2.4). The neural network used is shown in Fig. 2. The model was very 
compact for a CNN, as it contained only 73,803 trainable weights. The model was 
trained on 160 images, validated on 20 images, and tested on 20 images. 
Preprocessing strategies of these particular images were explored and a simple 
brightening/gamma correction formula was devised: 

𝑦𝑦𝑟𝑟𝑟𝑟𝑟𝑟 = 𝑥𝑥𝑟𝑟𝑟𝑟𝑟𝑟0.7 ,
𝑦𝑦𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 = 𝑥𝑥𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔0.63 ,
𝑦𝑦𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 = 𝑥𝑥𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏0.6125.

 

 

Fig. 2 Neural network topology for percent cloud composition model. “(3 × 3) d2, (3 × 3)//2” 
means a 3 × 3 kernel layer with a dilation rate = 2 followed by a 3 × 3 kernel layer with  
stride = 2 downsampling. 

2.3 Estimation of Solar Radiation 

Finally, using data from the National Renewable Energy Laboratory (NREL),17 
WSI images were paired to simultaneous SR outputs from their CM22 pyranometer 
to develop a model that estimates the SR from the WSI image. Multiple research 
groups have already looked at this problem for both WSI15‒16 and satellite images.14 
The largest issue beyond achieving small error bars was generalizability, that is, 
training a model that could perform well on images collected over a different test 
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site. We are unaware of any studies where solar output was regressed against WSI 
images for more than one site. Indeed, to build a truly generalized model would 
require uniform data collection over many locations throughout the globe, 
reflecting variations in locations, skies, and climates.  

Within the field of neural-network-based computer vision, supervised regression 
problems (e.g., comparing images against continuous variables) are not as common 
as classification. Deep regression is used for applications such as counting 
objects,18 human pose estimation, depth estimation, and age estimation.19 Like 
previous efforts, we assumed that we could take a general CNN classifier 
architecture and simply remove the softmax layer, as seen in Fig. 3, which is 
normally used to perform multiclass logistical regression. In addition, the output 
activations were scaled to match the expected output values, such that the pre-
output values ranged from [‒0.5, 0.5]. In this way, the learned weights remained 
centered around a mean of 0 and the variance was close to 1. This scaling was not 
entirely necessary but helped with model initialization prior to training.  

Many advanced topologies have been developed with CNNs since the original 
formulation and breakthrough model AlexNet;8 however, for simplicity, a similar 
topology consisting of a sequence of 5 × 5 kernel layers was used.  
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Fig. 3 SR estimation model used in this work 

2.4 AIHPG Whole Sky Imager 

The AIHPG WSI data were acquired using a Raspberry Pi 4 Model B computer 
connected to a Raspberry Pi HQ camera (Raspberry Pi Foundation, UK), which 
contained a Sony IMX477 sensor. The camera had a CS-mount lens with an f1.5 
aperture and 1.55-mm focal length. The camera was enclosed in a Tadashi dome 
with a 0.9 neutral density filter. The exposure time varied between 500 µs to  
100 ms such that each recorded image had just above an average pixel value of 75 
(out of a maximum value of 255). Snapshots were recorded every 3 min during the 
day over a period of several months. 
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3. Results 

The first model attempted to segment cloud type, pixel by pixel, in the WSI images. 
Random exemplary results are presented in Fig. 4. The most prominent issue as 
seen in the first two sets of images from the left is the over-identification of clouds 
under a clear sky. In the first image, the reflection of the sun in the lens is interpreted 
as cloud cover. Furthermore, the white horizons, which reflect lens and natural 
geometric/atmospheric distortions, are mostly characterized as clouds. The sun 
locator model performed satisfactorily, as it picked up the correct location and 
masked out some of the segmentation for the clear and, in examples 3 and 4, partly 
cloudy cases. 

 

Fig. 4 Two clear, two partly cloudy, and two overcast sky cases evaluated by the 
segmentation model (left to right). Legend for segmented outputs: sky (blue), cumulus 
(white), stratus (gray), sun (yellow), other (black). 

The second model was also supervised. For this model, about 200 images were 
manually labeled in terms of percentages of thick, thin, and clear sky. The model 
converged in about 400 epochs, as seen in Fig. 5. While it was less descriptive than 
the first model, it appeared to be more accurate and useful for application purposes. 
In Table 1, many of the results are qualitatively correct; however, some issues are 
seen in the fourth and fifth images. In the fourth image, the model mildly 
overpredicts clear sky before the sun completely comes into view in the morning. 
In the fifth image, the model also misses the faded cirrus background and 
incorrectly predicts a mostly clear sky. Since this image already has the sun over 
the horizon for the evening, this particular result would not be problematic for SR 
prediction purposes. 
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Fig. 5 Training and validation loss during training of the cloud percent composition 
model 

Table 1 Prediction vs. manual labeling of a representative test set of WSI images 
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The third model computed SR directly from visual images. In Fig. 6, the validation 
loss converged after about 100 epochs, even as the training error continued to slope 
downward. Figure 7 compares estimated and actual SR for four distinct days in 
2021. The top-right graph demonstrates that the SR model can infer the time of day 
from the sun position in the sky. The general agreement in all four graphs was 
satisfactory, with only a few minor issues. For example, in the top-left graph, the 
lower SR values after midday were not estimated, indicating perhaps that the SR 
was overpredicted when clouds were covering the sun. In the bottom-left graph, the 
model may shoot for an average SR value rather than pinpoint precise estimates 
during an overcast sky. Figure 8 compares estimated and actual values on a scatter 
plot. Here, larger actual SR values are more likely to have significant 
overestimation or consistent but smaller underestimation.  

 

Fig. 6 Training loss progress for SR model 
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Fig. 7 ML-estimated vs. actual SR over four different days in 2021 

 

Fig. 8 Estimated vs. actual SR for test set using SR model in this work 

  



 

11 

4. Discussion 

This work explored three distinct supervised learning tasks for analyzing WSI 
images. The semantic segmentation method fell short most likely due to the lack of 
manually labeled segmentations that are normally used for these applications. For 
example, in autonomous-car driving and unmanned aerial systems applications, 
hand-labeled segmentation masks are an integral component of the research effort. 
One automated solution is to synthetically generate large amounts of 3-D scenes 
with realistic graphic engines where the viewing perspective is set to the expected 
field of view of the attached cameras. In our work, the manual segmentation was 
replaced with a data set of sizeable real examples of each cloud type. This proved 
to be inadequate because of discrepancies among the camera properties, 
perspective, and lighting conditions compared to the actual data tested (WSI 
images). One possible method to try in the future would be to augment the training 
data with random variations of brightness, contrast, and color to increase the 
sensitivity of the model to out-of-distribution data. 

The second model diagnosed thick and thin cloud composition proved more reliable 
as it was trained on hand-labeled WSI images. Furthermore, the training images 
were obtained from the same camera and exposure settings as those used in testing. 
In addition, the complexity of the required analysis was significantly reduced, in 
that only the total fraction of two cloud types and clear sky was expected as output. 
The results of this model can be used as input into a solar radiation prediction 
component of a broader energy management system.20‒21 

Finally, a CNN model was developed to estimate SR from WSI images. Results for 
the extreme conditions of low light and maximum light were accurate; however, 
medium bright conditions had a small percentage of overpredicted “outliers” and a 
consistent but small underprediction. 

5. Conclusion 

This work began with the optimistic goal of classifying multiple cloud types at a 
pixel-by-pixel level. While this objective could still be possible, it would require a 
significant amount of hand-labeled photos to ensure accurate and consistent ground 
truths are utilized. With only a limited amount of ground-truth data taken from 
different cameras, lenses, exposure speed, and aperture size, the semantic 
segmentation problem was significantly more challenging. General success will 
likely only come with an accumulation of hand-labeled data from multiple different 
systems imaging multiple different climates at all times of year. 
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A subset problem of estimating the total composition of thick/thin clouds and clear 
sky for an image required only a small hand-labeled data set, presuming the 
imaging system and environment remained constant. The ML percent cloud cover 
model was moderately successful and is now being incorporated into a 
comprehensive energy optimization system. 

A direct estimation of SR from WSI images was demonstrated. To do this required 
collocated data collected over a single year. Correspondence with ground-truth SR 
measurements was good but not perfect. However, the model’s implicit ability to 
estimate solar position/time of day was encouraging. 
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