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ABSTRACT14

Accurately characterizing clouds and their shadows is a long-standing problem in the Earth Observation community. Recent
works showcase the necessity to improve cloud detection methods for imagery acquired by the Sentinel-2 satellites. However,
the lack of consensus and transparency in existing reference datasets hampers the benchmarking of current cloud detection
methods. Exploiting the analysis-ready data offered by the Copernicus program, we created CloudSEN12, a new multi-temporal
global dataset to foster research in cloud and cloud shadow detection. CloudSEN12 has 49,400 image patches, including (1)
Sentinel-2 level-1C and level-2A multi-spectral data, (2) Sentinel-1 synthetic aperture radar data, (3) auxiliary remote sensing
products, (4) different hand-crafted annotations to label the presence of thick and thin clouds and cloud shadows, and (5) the
results from eight state-of-the-art cloud detection algorithms. At present, CloudSEN12 exceeds all previous efforts in terms of
annotation richness, scene variability, geographic distribution, metadata complexity, quality control, and number of samples.
The dataset is made publicly available at https://cloudsen12.github.io/.

15

Background & Summary16

We are in the midst of an exciting new era of Earth observation (EO), wherein Analysis Ready Data (ARD)1–3 products derived17

from big optical satellite imagery catalogs permit direct analyses without laborious pre-processing. Unfortunately, much18

of these products are contaminated by clouds4 and their corresponding shadows, altering the surface reflectance values and19

hampering their operational exploitation at large scales. For most of the applications exploiting ARD, cloud and cloud-shadow20

pixels need to be removed prior to further analyses, i.e. masked out, to avoid distortions in the results.21

Improving the accuracy of existing cloud detection (CD) algorithms used in current ARD products is a pressing need for the22

EO community regarding optical sensors such as Sentinel-2. Ideally, CD algorithms would classify pixels into clear, cloud23

shadow, thin cloud, and thick cloud. Splitting clouds into two subclasses allows downstream applications to design different24

strategies to treat cloud contamination. On the one hand, thick clouds entirely block the surface’s view, reflecting most of the25

light coming from the sun and generating gaps impossible to retrieve using optical sensors data5. On the other hand, thin clouds26

do not reflect all the sunlight allowing to observe a distorted view of the surface6, 7. For some applications, such as object27

detection or disaster response8, images contaminated with thin clouds are still helpful. Therefore, distinguishing between thick28

and thin clouds is also a critical first step toward optical data exploitation. Nevertheless, it is worth noting that there is no29

overall consensus on quantitative approaches delimiting when one class begins and the other ends; thus, it is so far inherently30

subjective to the image interpreter9, 10.31

Methodologies for CD can be classified into two main categories: knowledge-driven (KD) and data-driven (DD). KD32

category emphasizes the logical sense connected with physical foundations. For instance, the Function of mask (Fmask)11
33

and Sen2Cor12 use a set of physical rules formulated on spectral and contextual features to distinguish clouds against water or34

land. Overall, KD algorithms achieve accurate results, and good generalization13–15. However, it is well-known that they have35

problems associated with thin cloud omission and non-cloud object commission, frequently at cloud edges and under surfaces36

with a smooth texture or high reflectance16, 17.37
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In recent years, supervised data-driven strategies, trained in large manually annotated datasets, have grown notoriety in38

remote sensing thanks to the success of classical machine learning (ML) and deep learning (DL) techniques18. Among multiple39

noteworthy ML precedents19–21 in cloud detection, Sentinel Hub’s s2cloudless22 is the most extensively used due to its low40

computational requirements and lightweight design. Nonetheless, when evaluated in certain particular regions, such as tropical41

forests, s2cloudless falls short of state-of-the-art KD cloud detectors13, 23, 24. Meanwhile, DL has proven to be more effective42

on CD compared to more classical ML25, 26, although it is subjected to the exigency of pixel-level annotation.43

The recent progress in DL-based cloud semantic segmentation in Sentinel-2 can be attributed to the proliferation of public44

CD datasets such as SPARCS27, S2-Hollstein28, Biome 810, 38-cloud29, CESBIO30, 95-Cloud31, and CloudCatalogue32.45

Nonetheless, these datasets have some well-known shortcomings, including the absence of a temporal component, a lack of thin46

clouds or cloud shadows labels, a high degree of class imbalance, and a relatively small size joined with geographical bias (see47

Table 1 for the current characteristics/limitations of each of those datasets). Furthermore, their quality control process is not48

always properly described and their development remains somehow unclear. These flaws hinder the natural transition to global49

DL cloud classifiers and the application of new-fashioned geographically-aware algorithms13.50

Inspired by the CityScapes dataset33, we created and released CloudSEN12, a large and globally distributed dataset (Fig. 1)51

for cloud semantic understanding based mainly on Sentinel 2 imagery. CloudSEN12 surpasses all previous efforts in size and52

variability (see Table 1) offering 49,250 image patches (IPs) with different annotation types: (i) 10,000 IPs with high-quality53

pixel-level annotation, (ii) 10,000 IPs with scribble annotation, and (iii) 29,250 unlabeled IPs. The labeling phase was conducted54

by 14 domain experts using a supervised active learning system. We designed a rigorous four-step quality control protocol55

based on Zhu et al.34 to guarantee high quality in the manual annotation phase. Furthermore, CloudSEN12 ensures that for56

the same geographical location, users can obtain multiple IPs with different cloud coverage: cloud-free (0%), almost-clear57

(0-25%), low-cloudy (25-45%), mid-cloudy (45-65%), and cloudy (>65%), which ensures scene variability in the temporal58

domain. Finally, to support multi-modal cloud removal35 and data fusion36 approaches, each CloudSEN12 IP includes data59

from various remote sensing sources that have already shown their usefulness in cloud and cloud shadow masking, such as60

Sentinel-1 and elevation data. See Table 2 for a full list of assets available for each image patch.61

Methods62

This study collects and combines several public data sources that may potentially help us to annotate cloud and cloud shadows63

better. Based on this information, semantic classes (Table 3) are created using an active system that blends human photo64

interpretation and machine learning. Finally, a strict quality control protocol is carried out to ensure the highest quality on the65

manual labels and to establish human-level performance. Figure 2 depicts the workflow followed to create the dataset.66

Data preparation67

CloudSEN12 comprises different free and open datasets provided by several public institutions and made accessible by the68

Google Earth Engine (GEE) platform37. These include Sentinel-2A/B (SEN2), Sentinel-1A/B (SEN1), Multi-Error-Removed69

Improved-Terrain (MERIT) DEM38, Global Surface Water39 (GSW), and Global Land Cover maps40 at 10 and 100 meters.70

The SEN1 and SEN2 multi-spectral image data corresponds to the 2018–2020 period. We included all the bands from both71

SEN2 top-of-atmosphere (TOA) reflectance (Level-1C) and SEN2 surface reflectance (SR) values (Level-2A) derived from the72

Sen2Cor processor, which can be useful to analyze the impact of CD algorithms on atmospherically corrected derived products.73

See S2L1C and S2L2A in Table 2 for band description. On the other hand, SEN1 acquires data with a revisit cycle between 6-1274

days according to four standard operational modes: Stripmap (SM), Extra Wide Swath (EW), Wave (WV), and Interferometric75

Wide Swath (IW). In CloudSEN12, we collect IW data with two polarization channels (VV and VH) from the high-resolution76

Level-1 Ground Range Detected (GRD) product. Furthermore, we saved the approximate angle between the incident SAR77

beam and the reference ellipsoid (see S1 in Table 2). Lastly, our dataset also includes previously proposed features for cloud78

semantic segmentation such as (1) Cloud Displacement Index41, (2) the azimuth (0 - 360°) calculated using the solar azimuth79

and zenith angles42 from SEN2 metadata, (3) elevation from MERIT dataset, (4) land cover maps from the Copernicus Global80

Land Service (CGLS) version 3, and the ESA WorldCover 10m v100, and (5) water occurrence from the GSW dataset (see81

extra/ in Table 2). All the previous features constitute the raw CloudSEN12 imagery dataset (Fig. 2a). All the image scenes in82

raw CloudSEN12 were resampled to 10 meters using local SEN2 UTM coordinates.83

Image patches selection84

We sampled 20,000 random regions of interest (ROIs) dispersed globally in order to retrieve raw CloudSEN12 data. Each ROI85

has a dimension of 5,090×5,090 meters. Besides, we carefully added 5,000 manual selected ROIs to guarantee high scene86

diversity on complicated surfaces such as snow and built-up areas. Afterwards, a ROI is retained in the dataset if all three of87

the following requirements are met: (1) SEN2 Level-1C IP does not include saturated or no-data pixel values, (2) the time88

difference between SEN1 and SEN2 acquisitions is not higher than 2.5 days, and (3) there are more than 15 SEN2 Level-1C89
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image scenes for the given ROI after applying (2). The total number of ROIs decreased from 25,000 to 12,121 as a result of this90

filtering. Despite this reduction, CloudSEN12 still manages to reach a full global representation. However, a high number of91

ROIs does not necessarily imply a consistent distribution among cloud types and coverage. Unfortunately, image selection92

based on automatic cloud masking or cloud cover metadata tends to produce misleading results, especially under high-altitude93

areas43, intricate backgrounds44, and mixed cloud types scenes. Hence, to guarantee unbiased distribution between clear, cloud94

and cloud shadow pixels, 14 cloud detection experts manually selected the IPs (hereafter referred to as CDE group, Fig. 2b).95

For each ROI, we pick five IPs with different cloud coverage: cloud-free (0%), almost-clear (0-25%), low-cloudy (25-65%),96

mid-cloudy (45-65%), and cloudy image (>65%). Atypical clouds such as contrails, ice clouds, and haze/fog had a higher97

priority than common clouds (i.e., cumulus and stratus). After eliminating ROIs that did not count with at least one IP for each98

cloud coverage class, the total number of ROIs was reduced from 12,121 to 9,880, resulting in the final CloudSEN12 spatial99

coverage (Fig. 1).100

Annotation strategy101

New trends in computer vision shows that reformulating the standard supervised learning scheme can alleviate the huge demands102

of hand-crafted labeled data. For instance, semi-supervised learning can produce more detailed and uniform predictions45, while103

weakly-supervised learning suggests a more cost-effective option to pixel-wise annotation in semantic segmentation. Users104

might utilize scribble labels to train a model for coarse-to-fine enrichment46. Aware of these manual labeling requirements,105

CloudSEN12 includes three types of labeling data: high-quality, scribble, and no-annotation. Consequently, each ROI is106

randomly assigned to a different annotation group (Fig. 2c):107

• 2,000 ROIs with pixel level annotation, where the average annotation time is 150 minutes (high-quality group, Fig. 3a).108

• 2,000 ROIs with scribble level annotation, where the annotation time is 16 minutes (scribble group, Fig. 3b).109

• 5,880 ROIs with annotation only in the cloud-free (0%) image (no annotation group, Fig. 3c).110

Human calibration phase111

Human photo interpretation is not a faultless procedure. It might easily be skewed by an individual’s basis, overconfidence,112

tiredness, or ostrich-effect47 proclivity. Hence, to lessen this effect, the CDE group refined their criteria using a “calibration”113

dataset composed of 35 manually selected challenging IPs. In this stage, all the labelers can consult each other. As a result, they114

reached an agreement about the SEN2 band compositions to be used and how to deal with complicated scenarios such as cloud115

boundaries, thin cloud shadows, and high-reflectance background. A labeler is considered fully trained if its overall accuracy in116

the calibration dataset surpasses 90%. Then, a “validation” dataset formed of ten IPs is used to assess individual performance;117

labelers are not permitted to confer with one another during this step. If the labeler’s overall accuracy drops below 90%, it will118

return to the calibration phase (Fig. 4).119

Labeling phase120

The Intelligence foR Image Segmentation (IRIS) active learning software48 was used in the manual labeling annotation process121

(Supplementary Fig. S2). IRIS allowed CDE members to train a model (learner) with a small set of labeled samples that122

is iteratively reinforced by acquiring new samples provided by a labeler (oracle). As a result, it dramatically decreases the123

time spent creating hand-crafted labels but maintains the labeler’s capacity to make final manual revisions if necessary. For124

high-quality labeling generation (Fig. 5a), IRIS starts training a gradient boosting decision tree (GBDT) with s2cloudless cloud125

probability values greater than 0.7 as thick cloud and less than 0.3 as clear. Next, the labelers make adjustments to the prior126

results and, if necessary, add other cloud semantic classes such as cloud shadow and thin cloud. Using this new sample set, the127

GBDT model is re-trained. The two previous steps are repeated several times until the pixel-wise annotation passes the labeler’s128

visual inspection filter. The final high-quality annotation results are then obtained by applying extra manual fine-tuning. Since129

there are no quantitative criteria to distinguish between boundaries in semantic classes, the labelers always attempt to maximize130

the sensitivity score under ambiguous edges.131

On the other hand, for scribble labeling (Fig. 5b), the CDE group also used IRIS but without ML assistance. First, labelers132

spend one-minute adding annotation around centroids of the semantic classes. Usually, pixels adjacent to the centroids are133

more straightforward to classify automatically. Then, to produce balanced annotations, the CDE group added more samples at134

cloud and cloud shadow edges for three more minutes.135

Quality control phase136

Despite the human calibration phase, errors are still common in hand-operated labels. Therefore, statistic and visual inspections137

were implemented before admitting a manual annotation in CloudSEN12 (Fig. 6). First, an automatic check is set only for138

high-quality labels. It proposes that the GBDT accuracy during training must be higher than 0.95. This simple threshold pushes139
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the CDE group to set more samples and care more about labeling correctness. Later, two sequential visual inspection rounds140

are carried out for scribble and high-quality labels. The evaluators are two other CDE members than the one who labeled the IP.141

If a mistake is found, it is notified using GitHub Discussions (https://github.com/cloudsen12/models/discussions). Finally, we142

discern the most challenging IPs (difficulty level greater than 4, see Table 4) and consult all CDE members to reaffirm or change143

a semantic class. The deliberations were supported by using cloudApp (https://csaybar.users.earthengine.app/view/cloudapp),144

which is a GEE web application that displays SEN2 image time series from any location on the earth (Fig. S1).145

Comparing the manual annotation before and after quality control can provide insight into the correctness of annotations146

made by humans. Based on this, CloudSEN12 set, for the first time, the human-level performance at 95.7 % confidence when147

considering all semantic cloud classes (described in Table 3) and 98.3 % if thin clouds are discarded. The clear and thick cloud148

classes presented the largest PA agreement with 99.1% and 96.6%, respectively (Fig. 7). The variance concerning the thick149

cloud class ( 3.4 %) was produced by efforts to limit the formation of false positives around cloud borders in the first round of150

quality control. In contrast, thin cloud and cloud shadow classes present the largest disparities, with a PA of 78 and 91.8 %,151

respectively. Despite using IRIS and CloudApp, which permits labelers to contrast both spectral and temporal SEN2 data, the152

detection of semi-transparent clouds remained unclear (21 %). This was especially noticeable when all CDE members discussed153

the most complicated IPs (Fig. 6); thin clouds were always the source of the most contention. Considering the assimilation154

of atmospheric reanalysis data and radiative transfer model outputs could help to reduce the cirrus detection uncertainty9, 49.155

Nonetheless, our manual labeling approach did not consider this additional data. Finally, cloud shadow disagreement is156

explained by a reinterpretation of the semantic classes after the first quality control round. At first, we assumed that only thick157

clouds could project shadows. However, this was ruled out as many thin low-altitude clouds project their shadows on the158

surface, significantly affecting surface reflectance values.159

Benchmarking cloud detection models160

The large number of user requirements make it challenging to compare CD algorithms fairly24. In crop detection, for instance,161

examining the performance of CD models during specific seasons rather than on an interannual scale may be more meaningful.162

Another example is that some data users may want to compare CD model performance geographically across different biomes163

or land-cover classes. In EO, it has become rather common to benchmark models as classic computer vision algorithms,164

generating global metric values for each validation dataset. However, this convenient approach is more likely to result in165

biased conclusions, especially using poorly distributed datasets. We argue that an appropriate model in EO must be capable166

of obtaining adequate global metrics while being consistent in space across multiple timescales, i.e., at the local domain.167

Furthermore, in cloud detection, the observed patterns must be aligned with our physical understanding of the phenomena. All168

of the above is hard to express in a single global metric value. Therefore, in order to cover all the possible EO benchmarking169

user requirements, we added to each IP the results of eight of the most popular CD algorithms (see labels/ in Table 2). This170

simple step provides CloudSEN12 users more flexibility to choose a better comparison strategy tailored to their requirements.171

Next, we detail the CD algorithms available for each IP in CloudSEN12:172

• Fmask4: Function of Mask cloud detection algorithm for Landsat and Sentinel-211. We use the authors’ MATLAB173

implementation code via Linux Docker containers (https://github.com/cloudsen12/models). We set the dilatation174

parameter for cloud, cloud shadow, and snow to 3, 3, and 0 pixels, respectively. The erosion radius (dilation) is set to 0175

(90) meters, while the cloud probability threshold is fixed to 20%.176

• Sen2Cor: Software that performs atmospheric, terrain, and cirrus correction to SEN2 Level-1C input data12. We store the177

Scene Classification (SC), which provides a semantic pixel-level classification map. The SC maps are obtained from the178

“COPERNICUS/S2_SR” GEE dataset.179

• s2cloudless: Single-scene CD algorithm created by Sentinel-Hub using a LightGBM decision tree model50. The cloud180

probability values are collected without applying neither a threshold nor dilation. This resource is available in the181

“COPERNICUS/S2_CLOUD_PROBABILITY” GEE dataset.182

• CD-FCNN: U-Net with two different SEN2 band combinations23: RGBI (B2, B3, B4, and B8) and RGBISWIR (B2, B3,183

B4, B8, B11, and B12) trained on the Landsat Biome-8 dataset (transfer learning51, 52 from Landsat 8 to Sentinel-2).184

• KappaMask: U-Net with two distinct settings53: all Sentinel-2 L1C bands and all Sentinel-2 L2A bands except the Red185

Edge 3 band. It was trained using both Sentinel-2 KappaZeta Cloud and Cloud Shadow Masks and the Sentinel-2 Cloud186

Mask Catalogue (see Table 1).187

• QA60: Cloud mask embedded in the quality assurance band of SEN2 Level-1C products.188

Table 5 shows the cloud semantic categories for the different CD techniques available in CloudSEN12. It should be noted189

that only four CD algorithms provide the cloud shadow category.190
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Preparing CloudSEN12 for machine learning191

Splitting our densely annotated dataset into train and test sets is critical to ensure that ML practitioners always use the same192

samples when providing results. Since cloud formation tends to fluctuate smoothly throughout space, a simple random split is193

suspicious to violate the assumption of test independence, especially under highly clustered labeled areas, such as the green and194

yellow regions shown in Figure 1. Therefore, we carry out a spatially stratified block split strategy54, based on Roberts et al.55,195

to limit the risk of overfitting induced by spatial autocorrelation. First, we divided the Earth’s surface into regular hexagons196

of 50,000 km2. Then, the initial hexagons are filtered, retaining only those intersecting with the high-quality dataset. Finally,197

using the difficulty IP property (see Table 3), we randomly stratified the remained hexagon blocks using 90% (1827 ROIs) and198

10% (173 ROIs) for training and testing, respectively (Figure 8). Notice that on each ROI, we have five IPs hence the total199

amount of training and testing data is five times these numbers. The unlabeled and scribble datasets might be used as additional200

inputs for the training phase.201

Data Records202

The dataset is available online via Zenodo at https://zenodo.org/record/7034410. We defined an IP as the primary atomic unit,203

representing a single spatio-temporal component. Each IP has 49 assets (see Table 2) and 31 properties (see Table 4). All the204

assets are delivered in the form of LZW-compressed COG (Cloud Optimized GeoTIFF) files. COG is an imagery format for205

web-optimized access to raster data. It has a specific internal pixel structure that allows clients to request just specified areas of206

a large image by submitting HTTP range requests56. The IP properties are shared using the SpatioTemporal Asset Catalog207

(STAC) specification. STAC provides a straightforward architecture for reading metadata and assets in JSON format, providing208

users with a sophisticated browsing experience seamlessly integrating with modern scripting languages and front-end web209

technologies.210

CloudSEN12 assets, as seen in Figure 10, are organized into four levels. The top level includes three folders: high, scribble,211

and no-label. These folders correspond to the annotation categories high-quality (2000 ROIs), scribble (2000 ROIs), and no212

annotation (5880 ROIs), respectively. In the second level, the folders included data pertaining to a specific geographic location213

(ROI). The folder name is the ROI ID (Figure 10b). Since an ROI consists of five IPs at different cloud covers, each ROI folder214

is subdivided into five folders whose names match the GEE Sentinel-2 product ID of the specific IP (Figure 10c). Finally, each215

IP folder stores the information detailed in Table 2 (Fig. 10d).216

Technical Validation217

Neural network architecture218

In order to demonstrate cloudSEN12’s effectiveness in developing DD models, we trained a U-Net57 network with a Mo-219

bileNetV258 backbone (UNetMobV2) using only the high-quality pixel-level annotation set. U-Net models often have220

considerable memory requirements since the encoder and decoder components include skip connections of large tensors.221

However, the MobileNetV2 encoder significantly decreases memory utilization due to the use of depthwise separable con-222

volutions and inverted residuals. The entire memory requirements of our model, considering a batch with a single image223

(1×13×512×512), the forward/backward pass, and model parameters, is less than 1 GB using the PyTorch deep learning224

library59. The implementation of the proposed model can be found at https://github.com/cloudsen12/models.225

The high-quality set is split into training, validation, and test sets. First, we obtain the test and no-test set using the previous226

geographical blocks. Then, the no-test set is randomly divided into training and validation sets according to the ratio of 90/10 %.227

The U-Net network is trained considering all the SEN2 L1C bands with a batch size of 32, Adam optimizer with a learning rate228

of 10−3, and the standard cross-entropy as loss function. During the training phase, the learning rate is lowered by a factor of229

0.10 if the cross-entropy measured in the validation set does not improve in four epochs. Lastly, if the model does not improve230

after ten epochs, the model with the lowest cross-entropy value in the validation set is chosen.231

Benckmarking strategy232

CloudSEN12’s suitability for benchmarking cloud and cloud shadow is discussed in this section. In order to maintain fairness,233

we only consider the 975 IPs available in the test set. We assessed the similarity between the semantic categories (Table 3)234

from CD models (automatic) and manual annotations through three experiments. First, we created the "cloud" and "non-cloud"235

superclasses (Table 3) that aggregate thick and thin cloud and clear and cloud shadows classes, respectively. In the second236

experiment, cloud shadows are validated by considering four algorithms: UNetMobV2, KappaMask, Fmask, and Sen2Cor,237

as not all algorithms are capable of detecting cloud shadows (Table 5). Finally, in the third experiment, "valid" and "invalid"238

superclasses (Table 3) are also analyzed just for algorithms with cloud shadow detection. In all the experiments, human-level239

performance is included by comparing manual annotations before and after the quality control procedure (see section quality240
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control phase). We report producer’s accuracy (PA), user’s accuracy (UA), and balanced overall accuracy (BOA) as metrics to241

assess the disparities between predicted and expected pixels:242

PA =
T P

T P+FN
UA =

T P
T P+FP

BOA = 0.5
(

PA+
T N

T N +FP

)
(1)

Where T P, T N, FP, and FN denote true positive, true negative, false positive, and false negative. High PA values show243

that cloud pixels have been effectively masked out (clear-sky conservative approaches). In contrast, high UA values indicate244

that the algorithm is cautious in excluding non-cloud pixels (conservative cloud approaches). High BOA values are related to a245

good balance of false positives and false negatives. We generate a unique set of PA, UA, and BOA values for each test IP. Since246

the PA and UA values are always zero in cloudless IPs, they were replaced by NaN to prevent negative bias in the results. Then247

to report the summarized PA and UA metrics (Table 6), we consider the following three scenarios: i) low values group (PAlow%248

and UAlow%), which represents the percentage of IPs with PA/UA values lower than 0.1; ii) middle values group (PAmiddle%249

and UAmiddle%) which represents the percentage of IPs between 0.1 and 0.9; iii) high values group (PAhigh% and UAhigh%)250

which represents the percentage of total IPs higher than 0.9. In contrast to UA and PA, we calculate the median of all IPs for251

BOA estimates.252

Cloud vs non-cloud253

Figure 9 and Table 6a show BOA, PA, and UA density error curves and summary statistics for the first experiment. Excluding254

UNetMobV2 results, BOA and PA values exhibited a well-defined binomial error distribution with peak modes of different255

intensities. We found that the mode of the secondary peak is close to 0.5 and 0 for BOA and PA, respectively. Considering256

the three algorithms with the highest BOA, we found that this secondary distribution contains at least 3.86 % of the total IPs257

(see PAlow in Table 6a) and 38.83 % of the IPs fall between the transition of these two distributions (see PAmiddle in Table258

6a). A simple visual examination reveals that the omission of small and thin clouds is the primary cause of PAlow values,259

whereas PAmiddle is mainly attributable to cloud borders misinterpretation. Low-thickness clouds, such as cirrus and haze, tend260

to produce more omission errors independent of the cloud detection algorithm. In KD algorithms, this can be explained by the261

simplicity of semitransparent cloud modules, which are just a conservative threshold in the cirrus band (B10). Additionally,262

thin clouds are often overlooked or unfairly reported in most CD datasets60. In the primary distribution, the peak’s mode is263

close to 0.90 and 0.95 for BOA and PA values, holding the 57.31 % of the IPs (see PAhigh in Table 6a). These results suggest264

that more than half of the IPs in CloudSEN12 are easily recognizable by automatic cloud masking algorithms.265

Figure 9 demonstrates furthermore that not all algorithms exhibit the same behavior. Based on the PA and UA metrics,266

we may differentiate between three types of algorithms: quite balanced (UNetMobV2, Fmask, and KappaMask L1C), cloud267

conservative (CD-FCNN, QA60, s2cloudless, and Sen2Cor), and non-cloud conservative (KappaMask L2A). The first group268

reports similar values between PAhigh and UAhigh percentages. In contrast, the second group exhibits high UA values at the269

expense of worsening PA. As observed in the PA heatline plot, these algorithms show a pronounced bimodal distribution and270

a wide interquartile range, with more than half of the IPs exhibiting PA values below 0.5. Considering the high temporal271

resolution of SEN2 imagery, it seems unsuitable to use cloud-conservative algorithms for CD, except maybe for extremely272

cloudy regions where each clear pixel is critical60. On the other hand, in non-cloud conservative algorithms, over half of all IPs273

have PA values greater than 0.9 (see column PAhigh in Table 6a), but as a result, the UAhigh metric decrease significantly.274

Based on BOA estimates (see column BOA in Table 6a), we may conclude that QA60 is the most unreliable algorithm,275

failing to distinguish both cloud and non-cloud pixels. Whereas UNetMobV2 is clearly the best at detecting clouds, even276

semitransparent and small clouds, that other algorithms usually overlook. Although the UNetMobV2 and KappaMask are277

based on a similar network, we observe that KappaMask (in particular version 2A) tends to overestimate clouds under specific278

land cover types, such as mountains, open/enclosed water bodies, and coastal environments. Considering that the L1C and279

L2A versions of KappaMask are fine-tuned on a relatively small dataset from Northern Europe, it is expected that fine-tuning280

in CloudSEN12 should lead to better results on a global evaluation. Finally, we can conclude that UNetMobV2, Fmask, and281

KappaMask level 1C provide the most stable solution for cloud masking, with inaccuracies evenly distributed across different282

cloud types and land covers.283

Cloud shadows284

Quantitative evaluations of cloud shadow detection on CloudSEN12 are presented in Table 6b. The percentage of IPs with285

PA values < 0.1 (PAlow) ranges from 64.50 % for Sen2Cor to 8.88 % for UNetMobV2, indicating that a large number of286

cloud shadow pixels are omitted in all the algorithms. In contrast to the cloud/no-cloud experiment, the vast majority of IPs287

belong to the PAmiddle and UAmiddle groups, except for Sen2Cor, which belongs to the PAlow group. The PAhigh percentage288

value was unexpectedly low, suggesting that the ground truth and predicted values rarely collocate perfectly over the same289
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area. Comparing the results of the first and second experiments reveals that correctly detecting thick and thin clouds is not290

guaranteed for achieving a high PA score in cloud shadows. Besides, our results suggest that DL-based approaches (KappaMask291

and UNetMobV2) outperform KD algorithms (Sen2Cor and Fmask). This seems reasonable, given that KappaMask and292

UNetMobV2 are built on a multi-resolution model. Hence, it is probable that the model learns to identify the spatial coherence293

between clouds and cloud shadows classes.294

Valid vs invalid295

In this section, we examine the combined detection of cloud and cloud shadows of five automatic CD algorithms (see Table 6c).296

The reported metrics show a slight decrease in the PAhigh values of Fmask, Sen2Cor, and KappaMask L1C models compared297

to the first experiment. Consequently, the KappaMask L2A model significantly lowers its PAhigh value from 65.25 to 57.66298

%, indicating that this model tends to confuse cloud shadow with clear pixels. In contrast, UNetMobV2 slightly increased its299

reported PAhigh value from 68.60 to 70.66 %. This is explained by the fact that UNetMobV2 tends to err thin cloud pixels300

with cloud shadows and vice versa, and since both belong to the same superclass in this experiment, these inconsistencies are301

considered true positives. Finally, further studies are required to identify the circumstances in which CD algorithms depart most302

from human-level performance to deliver superior automatic CD algorithms.303

Discussion of experimental results304

In the three experiments, UNetMobV2 delivers the best balance between false negative and false positive errors. These305

outcomes are expected due to the more extensive and diverse image patches utilized during training. However, because deep306

learning models are prone to handle target shift poorly, the use of other datasets (e.g., PixBox61 or Hollstein28) might aid in307

corroborating these findings. Furthermore, the Sen2Cor results are estimated without considering changes between different308

versions (Figure S3). Therefore, the values reported here could vary from those obtained using only the latest version (version309

2.10, accessed on 9 July 2022). In addition, it is important to note that, in contrast to FMask and Sen2Cor, KappaMask and310

UNetMobV2 results are produced without image boundary data. Therefore, expanding the IP size might improve the reported311

metrics, particularly for the cloud shadows experiment.312

Usage Notes313

This paper introduces CloudSEN12, a new large dataset for cloud semantic understanding, comprising 49,400 image patches314

distributed across all continents except Antarctica. The dataset has a total size of up to 1 TB. Nevertheless, we assume most315

user experiments need only a fraction of CloudSEN12. Therefore, to simplify its use, we developed a Python package called316

cloudsen12 (https://github.com/cloudsen12/cloudsen12). This Python package aims to help machine learning and remote317

sensing practitioners to:318

• Query and download cloudSEN12 using a user-friendly interface.319

• Predict cloud semantics using the trained UNetMobV2 model.320

The CloudSEN12 website https://cloudsen12.github.io/ includes tutorials for querying and downloading the dataset using321

the cloudsen12 package. Besides, there are examples of how to train DL models using PyTorch. Finally, although CloudSEN12322

was initially designed for cloud semantic segmentation, it can be easily adapted to tackle other remote sensing problems like323

SAR-sharpening62, colorizing SAR images63, and SAR-optical image matching64. Furthermore, by combining CloudSEN12324

with ESA WorldCover 10m v100, users may train land cover models to be aware of cloud contamination.325

Code availability326

The code to (1) create the raw CloudSEN12 imagery dataset, (2) download assets associated to each ROI, (3) create the manual327

annotations, (4) build and deploy cloudApp, (5) generate automatic cloud masking, (6) reproduce all the figures, (7) replicate328

the technical validation, (8) modify cloudsen12 Python package, and (9) train DL models is available in our Github organization329

https://github.com/cloudsen12/.330

References331

1. Mahecha, M. D. et al. Earth system data cubes unravel global multivariate dynamics. Earth Syst. Dyn. 11, 201–234,332

10.5194/esd-11-201-2020 (2020).333

2. Giuliani, G., Camara, G., Killough, B. & Minchin, S. Earth observation open science: enhancing reproducible science334

using data cubes. Data 4, 4–9, 10.3390/data4040147 (2019).335

7/24

https://github.com/cloudsen12/cloudsen12
https://cloudsen12.github.io/
https://github.com/cloudsen12/
10.5194/esd-11-201-2020
10.3390/data4040147


3. Gomes, V. C., Queiroz, G. R. & Ferreira, K. R. An overview of platforms for big earth observation data management and336

analysis. Remote. Sens. 12, 1–25, 10.3390/RS12081253 (2020).337

4. Wilson, A. M. & Jetz, W. Remotely Sensed High-Resolution Global Cloud Dynamics for Predicting Ecosystem and338

Biodiversity Distributions. PLoS Biol. 14, 1–20, 10.1371/journal.pbio.1002415 (2016).339

5. Ebel, P., Meraner, A., Schmitt, M. & Zhu, X. X. Multi-sensor data fusion for cloud removal in global and all-season340

sentinel-2 imagery. arXiv 1–13, 10.1109/tgrs.2020.3024744 (2020). 2009.07683.341

6. Lynch, D. K., Sassen, K., Starr, D. O. & Stephens, G. Cirrus (Oxford University Press, 2002).342

7. Chen, B., Huang, B., Chen, L. & Xu, B. Spatially and Temporally Weighted Regression: A Novel Method to Produce343

Continuous Cloud-Free Landsat Imagery. IEEE Transactions on Geosci. Remote. Sens. 55, 27–37, 10.1109/TGRS.2016.344

2580576 (2017).345

8. Mateo-Garcia, G. et al. Towards global flood mapping onboard low cost satellites with machine learning. Sci. Reports 11,346

7249, 10.1038/s41598-021-86650-z (2021).347

9. Qiu, S., Zhu, Z. & Woodcock, C. E. Cirrus clouds that adversely affect Landsat 8 images: What are they and how to detect348

them? Remote. Sens. Environ. 246, 111884, 10.1016/j.rse.2020.111884 (2020).349

10. Foga, S. et al. Cloud detection algorithm comparison and validation for operational Landsat data products. Remote. Sens.350

Environ. 194, 379–390, 10.1016/j.rse.2017.03.026 (2017).351

11. Qiu, S., Zhu, Z. & He, B. Remote Sensing of Environment Fmask 4 . 0 : Improved cloud and cloud shadow detection in352

Landsats 4 – 8 and Sentinel-2 imagery. Remote. Sens. Environ. 231, 111205, 10.1016/j.rse.2019.05.024 (2019).353

12. Louis, J. et al. Sentinel-2 SEN2COR: L2A processor for users. Eur. Space Agency, (Special Publ. ESA SP SP-740, 9–13354

(2016).355

13. Sanchez, A. H. et al. Comparison of Cloud Cover Detection Algorithms on Sentinel–2 Images of the Amazon Tropical356

Forest. Remote. Sens. 12, 1284, 10.3390/rs12081284 (2020).357

14. Zekoll, V. et al. Comparison of masking algorithms for sentinel-2 imagery. Remote. Sens. 13, 1–21, 10.3390/rs13010137358

(2021).359

15. Cilli, R. et al. Machine Learning for Cloud Detection of Globally Distributed Sentinel-2 Images. Remote. Sens. 12, 2355,360

10.3390/rs12152355 (2020).361

16. Melchiorre, A., Boschetti, L. & Roy, D. P. Global evaluation of the suitability of MODIS-Terra detected cloud cover as a362

proxy for Landsat 7 cloud conditions. Remote. Sens. 12, 1–16, 10.3390/rs12020202 (2020).363

17. Stillinger, T., Roberts, D. A., Collar, N. M. & Dozier, J. Cloud Masking for Landsat 8 and MODIS Terra Over Snow-364

Covered Terrain: Error Analysis and Spectral Similarity Between Snow and Cloud. Water Resour. Res. 55, 6169–6184,365

10.1029/2019WR024932 (2019).366

18. Zhu, X. X. et al. Deep Learning in Remote Sensing: A Comprehensive Review and List of Resources. IEEE Geosci.367

Remote. Sens. Mag. 5, 8–36, 10.1109/MGRS.2017.2762307 (2017).368

19. Wei, J. et al. Cloud detection for Landsat imagery by combining the random forest and superpixels extracted via369

energy-driven sampling segmentation approaches. Remote. Sens. Environ. 248, 112005, 10.1016/j.rse.2020.112005 (2020).370

20. Bai, T., Li, D., Sun, K., Chen, Y. & Li, W. Cloud detection for high-resolution satellite imagery using machine learning371

and multi-feature fusion. Remote. Sens. 8, 1–21, 10.3390/rs8090715 (2016).372

21. Ghasemian, N. & Akhoondzadeh, M. Introducing two Random Forest based methods for cloud detection in remote sensing373

images. Adv. Space Res. 62, 288–303, 10.1016/j.asr.2018.04.030 (2018).374

22. Zupanc, A. Improving Cloud Detection with Machine Learning (2017).375

23. López-Puigdollers, D., Mateo-García, G. & Gómez-Chova, L. Benchmarking deep learning models for cloud detection in376

landsat-8 and sentinel-2 images. Remote. Sens. 13, 1–20, 10.3390/rs13050992 (2021).377

24. Skakun, S. et al. Cloud Mask Intercomparison eXercise (CMIX): An evaluation of cloud masking algorithms for Landsat 8378

and Sentinel-2. Remote. Sens. Environ. 274, 112990, 10.1016/j.rse.2022.112990 (2022).379

25. Li, L., Li, X., Jiang, L., Su, X. & Chen, F. A review on deep learning techniques for cloud detection methodologies and380

challenges. Signal, Image Video Process. 10.1007/s11760-021-01885-7 (2021).381

26. Mahajan, S. & Fataniya, B. Cloud detection methodologies: variants and development—a review. Complex & Intell. Syst.382

6, 251–261, 10.1007/s40747-019-00128-0 (2020).383

8/24

10.3390/RS12081253
10.1371/journal.pbio.1002415
10.1109/tgrs.2020.3024744
2009.07683
10.1109/TGRS.2016.2580576
10.1109/TGRS.2016.2580576
10.1109/TGRS.2016.2580576
10.1038/s41598-021-86650-z
10.1016/j.rse.2020.111884
10.1016/j.rse.2017.03.026
10.1016/j.rse.2019.05.024
10.3390/rs12081284
10.3390/rs13010137
10.3390/rs12152355
10.3390/rs12020202
10.1029/2019WR024932
10.1109/MGRS.2017.2762307
10.1016/j.rse.2020.112005
10.3390/rs8090715
10.1016/j.asr.2018.04.030
10.3390/rs13050992
10.1016/j.rse.2022.112990
10.1007/s11760-021-01885-7
10.1007/s40747-019-00128-0


27. Hughes, M. J. & Kennedy, R. High-quality cloud masking of landsat 8 imagery using convolutional neural networks.384

Remote. Sens. 11, 10.3390/rs11212591 (2019).385

28. Hollstein, A., Segl, K., Guanter, L., Brell, M. & Enesco, M. Ready-to-use methods for the detection of clouds, cirrus, snow,386

shadow, water and clear sky pixels in Sentinel-2 MSI images. Remote. Sens. 8, 1–18, 10.3390/rs8080666 (2016).387

29. Mohajerani, S. & Saeedi, P. Cloud-Net: An End-To-End Cloud Detection Algorithm for Landsat 8 Imagery. Int. Geosci.388

Remote. Sens. Symp. (IGARSS) 1029–1032, 10.1109/IGARSS.2019.8898776 (2019). 1901.10077.389

30. Baetens, L., Desjardins, C. & Hagolle, O. Validation of copernicus Sentinel-2 cloud masks obtained from MAJA, Sen2Cor,390

and FMask processors using reference cloud masks generated with a supervised active learning procedure. Remote. Sens.391

11, 1–25, 10.3390/rs11040433 (2019).392

31. Mohajerani, S. & Saeedi, P. Cloud-Net+: A cloud segmentation CNN for landsat 8 remote sensing imagery optimized with393

filtered jaccard loss function. arXiv 1–12 (2020). 2001.08768.394

32. Francis, A., Mrziglod, J., Sidiropoulos, P. & Muller, J.-P. Sentinel-2 Cloud Mask Catalogue, 10.5281/zenodo.4172871395

(2020).396

33. Cordts, M. et al. The Cityscapes Dataset for Semantic Urban Scene Understanding. Proc. IEEE Comput. Soc. Conf. on397

Comput. Vis. Pattern Recognit. 2016-Decem, 3213–3223, 10.1109/CVPR.2016.350 (2016). 1604.01685.398

34. Zhu, X. X. et al. So2Sat LCZ42: A Benchmark Dataset for Global Local Climate Zones Classification. arXiv 14, 2–13399

(2019). 1912.12171.400

35. Meraner, A., Ebel, P., Zhu, X. X. & Schmitt, M. Cloud removal in Sentinel-2 imagery using a deep residual neural network401

and SAR-optical data fusion. ISPRS J. Photogramm. Remote. Sens. 166, 333–346, 10.1016/j.isprsjprs.2020.05.013 (2020).402

36. Singh, P. & Komodakis, N. Cloud-GAN: Cloud removal for sentinel-2 imagery using a cyclic consistent generative403

adversarial networks. Int. Geosci. Remote. Sens. Symp. (IGARSS) 2018-July, 1772–1775, 10.1109/IGARSS.2018.8519033404

(2018).405

37. Gorelick, N. et al. Google Earth Engine: Planetary-scale geospatial analysis for everyone. Remote. Sens. Environ. 202,406

18–27, 10.1016/j.rse.2017.06.031 (2017).407

38. Yamazaki, D. et al. MERIT Hydro: A High-Resolution Global Hydrography Map Based on Latest Topography Dataset.408

Water Resour. Res. 55, 5053–5073, 10.1029/2019WR024873 (2019).409

39. Pekel, J. F., Cottam, A., Gorelick, N. & Belward, A. S. High-resolution mapping of global surface water and its long-term410

changes. Nature 540, 418–422, 10.1038/nature20584 (2016).411

40. Buchhorn, M. et al. Copernicus Global Land Service: Land Cover 100m: Collection 3: epoch 2015: Globe (Version412

V3.0.1). Zenodo 1–14 (2020).413

41. Frantz, D., Haß, E., Uhl, A., Stoffels, J. & Hill, J. Improvement of the Fmask algorithm for Sentinel-2 images: Separating414

clouds from bright surfaces based on parallax effects. Remote. Sens. Environ. 215, 471–481, 10.1016/j.rse.2018.04.046415

(2018).416

42. Fernandez-Moran, R., Gómez-Chova, L., Alonso, L., Mateo-García, G. & López-Puigdollers, D. Towards a novel approach417

for Sentinel-3 synergistic OLCI/SLSTR cloud and cloud shadow detection based on stereo cloud-top height estimation.418

ISPRS J. Photogramm. Remote. Sens. 181, 238–253, 10.1016/j.isprsjprs.2021.09.013 (2021).419

43. Tiede, D., Sudmanns, M., Augustin, H. & Baraldi, A. Investigating ESA Sentinel-2 products’ systematic cloud cover420

overestimation in very high altitude areas. Remote. Sens. Environ. 252, 112163, 10.1016/j.rse.2020.112163 (2021).421

44. Rittger, K. et al. Canopy Adjustment and Improved Cloud Detection for Remotely Sensed Snow Cover Mapping. Water422

Resour. Res. 56, 1–20, 10.1029/2019WR024914 (2020).423

45. Castillo-Navarro, J., Saux, B. L., Boulch, A., Audebert, N. & Lefèvre, S. Semi-Supervised Semantic Segmentation in424

Earth Observation: The MiniFrance Suite, Dataset Analysis and Multi-task Network Study. arxiv (2020). 2010.07830.425

46. Li, Y. et al. Accurate cloud detection in high-resolution remote sensing imagery by weakly supervised deep learning.426

Remote. Sens. Environ. 250, 112045, 10.1016/j.rse.2020.112045 (2020).427

47. Valdez, C., Ziefle, M. & Sedlmair, M. A Framework for Studying Biases in Visualization Research. VIS 2017: Deal. with428

Cogn. Biases Vis. (2017).429

48. Mrziglod, J. IRIS - Intelligence foR Image Segmentation (2019).430

49. Mejia, F. A. et al. Coupling sky images with radiative transfer models: a new method to estimate cloud optical depth.431

Atmospheric Meas. Tech. 9, 4151–4165 (2016).432

9/24

10.3390/rs11212591
10.3390/rs8080666
10.1109/IGARSS.2019.8898776
1901.10077
10.3390/rs11040433
2001.08768
10.5281/zenodo.4172871
10.1109/CVPR.2016.350
1604.01685
1912.12171
10.1016/j.isprsjprs.2020.05.013
10.1109/IGARSS.2018.8519033
10.1016/j.rse.2017.06.031
10.1029/2019WR024873
10.1038/nature20584
10.1016/j.rse.2018.04.046
10.1016/j.isprsjprs.2021.09.013
10.1016/j.rse.2020.112163
10.1029/2019WR024914
2010.07830
10.1016/j.rse.2020.112045


50. Ke, G. et al. LightGBM: A Highly Efficient Gradient Boosting Decision Tree. In Guyon, I. et al. (eds.) Advances in Neural433

Information Processing Systems, vol. 30 (2017).434

51. Mateo-García, G., Laparra, V., López-Puigdollers, D. & Gómez-Chova, L. Transferring deep learning models for435

cloud detection between Landsat-8 and Proba-V. ISPRS Journal of Photogrammetry and Remote Sensing 160, 1–17,436

10.1016/j.isprsjprs.2019.11.024 (2020).437

52. Mateo-García, G., Laparra, V., López-Puigdollers, D. & Gómez-Chova, L. Cross-Sensor Adversarial Domain Adaptation438

of Landsat-8 and Proba-V Images for Cloud Detection. IEEE J. Sel. Top. Appl. Earth Obs. Remote. Sens. 14, 747–761,439

10.1109/JSTARS.2020.3031741 (2021).440

53. Domnich, M. et al. KappaMask: Ai-based cloudmask processor for sentinel-2. Remote. Sens. 13, 10.3390/rs13204100441

(2021).442

54. Valavi, R., Elith, J., Lahoz-Monfort, J. J. & Guillera-Arroita, G. blockCV: An r package for generating spatially or443

environmentally separated folds for k-fold cross-validation of species distribution models. Methods Ecol. Evol. 10,444

225–232, 10.1111/2041-210X.13107 (2019).445

55. Roberts, D. R. et al. Cross-validation strategies for data with temporal, spatial, hierarchical, or phylogenetic structure.446

Ecography 40, 913–929, 10.1111/ecog.02881 (2017).447

56. Iosifescu Enescu, I. et al. Cloud optimized raster encoding (core): A web-native streamable format for large environmental448

time series. Geomatics 1, 369–382 (2021).449

57. Ronneberger, O., Fischer, P. & Brox, T. U-net: Convolutional networks for biomedical image segmentation. In International450

Conference on Medical image computing and computer-assisted intervention, 234–241 (Springer, 2015).451

58. Sandler, M., Howard, A., Zhu, M., Zhmoginov, A. & Chen, L.-C. Mobilenetv2: Inverted residuals and linear bottlenecks.452

In Proceedings of the IEEE conference on computer vision and pattern recognition, 4510–4520 (2018).453

59. Paszke, A. et al. Pytorch: An imperative style, high-performance deep learning library. In Wallach, H. et al. (eds.) Advances454

in Neural Information Processing Systems 32, 8024–8035 (Curran Associates, Inc., 2019).455

60. European Space Agency. CEOS-WGCV ACIX II CMIX Atmospheric Correction Inter-comparison Exercise Cloud456

Masking Inter-comparison Exercise 2nd workshop (2019). Online; accessed 14 October 2021.457

61. Paperin, M., Wevers, J., Stelzer, K. & Brockmann, C. PixBox Sentinel-2 pixel collection for CMIX, 10.5281/zenodo.458

5036991 (2021).459

62. Schmitt, A. & Wendleder, A. SAR-sharpening in the Kennaugh framework applied to the fusion of multi-modal SAR and op-460

tical images. ISPRS Annals Photogramm. Remote. Sens. Spatial Inf. Sci. 4, 133–140, 10.5194/isprs-annals-IV-1-133-2018461

(2018).462

63. Schmitt, M., Hughes, L. H., Körner, M. & Zhu, X. X. Colorizing sentinel-1 SAR images using a variational autoencoder463

conditioned on Sentinel-2 imagery. Int. Arch. Photogramm. Remote. Sens. Spatial Inf. Sci. - ISPRS Arch. 42, 1045–1051,464

10.5194/isprs-archives-XLII-2-1045-2018 (2018).465

64. Hughes, L. H., Schmitt, M., Mou, L., Wang, Y. & Zhu, X. X. Identifying Corresponding Patches in SAR and Optical466

Images with a Pseudo-Siamese CNN. IEEE Geosci. Remote. Sens. Lett. 15, 784–788, 10.1109/LGRS.2018.2799232 (2018).467

1801.08467.468

65. Aybar, C., Wu, Q., Bautista, L., Yali, R. & Barja, A. rgee: An R package for interacting with Google Earth Engine. J.469

Open Source Softw. 5, 2272, 10.21105/joss.02272 (2020).470

66. Pebesma, E. Simple features for R: Standardized support for spatial vector data. R J. 10, 439–446, 10.32614/rj-2018-009471

(2018).472

67. Hijmans, R. J. et al. Package ‘raster’. R package 734 (2015).473

68. Pebesma, E. stars: Spatiotemporal arrays, raster and vector data cubes. R package version 0.4–1 ed2020 https://CRAN.474

R-project. org/package= stars (2020).475

69. Harris, C. R. et al. Array programming with numpy. Nature 585, 357–362 (2020).476

70. Grolemund, G. & Wickham, H. Dates and times made easy with lubridate. J. statistical software 40, 1–25 (2011).477

71. Ushey, K. et al. reticulate: Interface to python. R package version 1, 16 (2020).478

72. Wickham, H., Francios, R., Henry, L. & Muller, K. Dplyr: A fast, consistent tool for working with data frame like objects,479

both in memory and out of memory. R package version 0.7 6 (2014).480

10/24

10.1016/j.isprsjprs.2019.11.024
10.1109/JSTARS.2020.3031741
10.3390/rs13204100
10.1111/2041-210X.13107
10.1111/ecog.02881
10.5281/zenodo.5036991
10.5281/zenodo.5036991
10.5281/zenodo.5036991
10.5194/isprs-annals-IV-1-133-2018
10.5194/isprs-archives-XLII-2-1045-2018
10.1109/LGRS.2018.2799232
1801.08467
10.21105/joss.02272
10.32614/rj-2018-009


73. Tennekes, M. tmap: Thematic maps in r. J. Stat. Softw. 84, 1–39 (2018).481

74. Ooms, J. magick: Advanced graphics and image-processing in r. R package version 2 (2020).482

75. Wilke, C. O. ggridges: ridgeline plots in ‘ggplot2’. R package version 0.5 1 (2018).483

76. Wickham, H. ggplot2. Wiley interdisciplinary reviews: computational statistics 3, 180–185 (2011).484

77. Hughes, M. J. & Hayes, D. J. Automated detection of cloud and cloud shadow in single-date Landsat imagery using neural485

networks and spatial post-processing. Remote. Sens. 6, 4907–4926, 10.3390/rs6064907 (2014).486

78. Wu, Z., Li, J., Wang, Y., Hu, Z. & Molinier, M. Self-attentive generative adversarial network for cloud detection in high487

resolution remote sensing images. IEEE Geosci. Remote. Sens. Lett. 17, 1792–1796 (2019).488

Acknowledgements489

This research was conducted during the master thesis of the first author, supported by the European scholarship to engage490

in the Master Copernicus in Digital Earth, an Erasmus Mundus Joint Master Degree (EMJMD, project reference: 599182-491

EPP-1-2018-1-AT-EPPKA1-JMD-MOB). The computational cost was partially covered by the Google Cloud Credits Research492

Grant Program with the award GCP19980904. This work was also partially supported by the Spanish Ministry of Science and493

Innovation (project PID2019-109026RB-I00, ERDF) and the Austrian Space Applications Programme within the SemantiX494

project (#878939, ASAP 16). The following R and Python packages were used in the course of this investigation and the495

authors wish to acknowledge their developers: “rgee”65, “sf”66, “raster”67, “stars”68, “numpy”69, “lubridate”70, “reticulate”71,496

“dplyr”72, “tmap”73, “magick”74, ggridges75,and “ggplot2”76. The authors also thank to B.S. Joselyn Inga for their work497

reporting manual labeling errors in the quality control phase. Finally, the authors would like to thank Justin Braaten for498

developing “ee-rgb-timeseries” Earth Engine JavasScript module that served as the basis for creating Cloudapp.499

Author contributions statement500

C.A. led the publication, wrote the article, co-developed the CloudSEN12 methodology, designed the worldwide data processing501

system, participated in the quality control phase, and co-created the website and figures. R.Y., F.H., J.L., K.G., and L.Y. led the502

quality control and calibration phase, co-created the figures, and performed the manual labeling generation. D.M. reported503

manual labeling errors, contributed to the methodology, co-created CloudSEN12 Python package, and participated in the504

technical validation. L.B. created the GEE cloudApp, performed the manual labeling generation, co-created the CloudSEN12505

website, and participated in the quality control phase. G.M.G., L.G.C., D.T., and M.S. supervised the CloudSEN12 project,506

contributed to the methodology, and provided specialized advice. Besides, they reviewed the manuscript and participated in the507

quality control phase. L.D., A.F., W.E. and N.C. performed the manual labeling generation, participated in the quality control508

phase, and performed the statistical analysis. F.P. co-created the figures and participated in the quality control phase. V.LL509

report manual labeling errors and generate the metadata.510

Figures & Tables511

Table 1. Summary of publicly available CD datasets in comparison to CloudSEN12. An asterisk represents that the dataset
does not distinguish the specific class.

Name Main region Labels # of Scenes Temporal # of Pixels
(109)

Thick
Clouds %

Thin
Clouds %

Cloud
Shadows % Clear %

L8-SPARCS77 worldwide full-scene 80 No 0.080 19.37 * 7.37 73.26
S2-Hollstein28 Europe polygons 59 No 0.003 16.06 16.49 4.53 62.92
L8-Biome810 worldwide full-scene 96 No 3.964 33.19 14.71 1.55 50.55
L8-38Cloud29 USA full-scene 38 No 1.494 52.36 * * 47.64
S2-CESBIO30 Europe full-scene 38 No 0.109 22.77+ * 2.71 74.52
L8-95Cloud31 USA full-scene 95 No 3.737 49.27 * * 50.73
S2-cloudCatalog32 worldwide partial scene 513 No 0.535 52.58 * 1.47 45.95
WHUS2-CD78 China full-scene 32 No 4.273 13.50 * * 86.50
KappaZeta53 Northern Europe partial scene 155 No 1.064 34.37 19.21 8.36 38.05
CloudSEN12 worldwide partial scene 46697 Yes 4.697 15.50 5.52 5.24 73.73

+ Low and high cloud classes were aggregated.
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Figure 1. CloudSEN12 spatial coverage, purple-to-yellow color gradient represents the amount of manually annotated pixels
per hexagon. The annotated pixels were collocated in an equal-area hexagonal discrete grid with a facet size of 140 km.
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Table 2. List of assets available for each image patch.

File / Folder Name Scale Wavelength Description
S2L1C &
S2L2A B1 0.0001 443.9nm (S2A) / 442.3nm (S2B) Aerosols.

B2 0.0001 496.6nm (S2A) / 492.1nm (S2B) Blue.
B3 0.0001 560nm (S2A) / 559nm (S2B) Green.
B4 0.0001 664.5nm (S2A) / 665nm (S2B) Red.
B5 0.0001 703.9nm (S2A) / 703.8nm (S2B) Red Edge 1.
B6 0.0001 740.2nm (S2A) / 739.1nm (S2B) Red Edge 2.
B7 0.0001 782.5nm (S2A) / 779.7nm (S2B) Red Edge 3.
B8 0.0001 835.1nm (S2A) / 833nm (S2B) NIR.
B8A 0.0001 864.8nm (S2A) / 864nm (S2B) Red Edge 4.
B9 0.0001 945nm (S2A) / 943.2nm (S2B) Water vapor.
B11 0.0001 1613.7nm (S2A) / 1610.4nm (S2B) SWIR 1.
B12 0.0001 2202.4nm (S2A) / 2185.7nm (S2B) SWIR 2.

S2L1C B10 0.0001 1373.5nm (S2A) / 1376.9nm (S2B) Cirrus.
S2L2A AOT 0.001 - Aerosol Optical Thickness.

WVP 0.001 - Water Vapor Pressure.
TCI_R 1 - True Color Image, Red.
TCI_G 1 - True Color Image, Green.
TCI_B 1 - True Color Image, Blue.

S1 VV 1 5.405GHz
Dual-band cross-polarization,
vertical transmit/horizontal receive.

VH 1 5.405GHz
Single co-polarization, vertical
transmit/vertical receive.

angle 1 -
Incidence angle generated by interpolating
the ‘incidenceAngle’ property.

extra/ CDI 0.0001 - Cloud Displacement Index41.

Shwdirection 0.01 -
Azimuth. Values range
from 0°- 360°.

elevation 1 -
Elevation in meters. Obtained from
MERIT Hydro datasets38.

ocurrence 1 - JRC Global Surface Water39. The frequency
with which water was present.

LC100 1 -
Copernicus land cover product.
CGLS-LC100 Collection 340.

LC10 1 -
ESA WorldCover 10m v100
product.

labels/ fmask11 1 - Fmask4.0 cloud masking.
QA60 1 - SEN2 Level-1C cloud mask.
s2cloudless22 1 - sen2cloudless results.

sen2cor 1 -
Scene Classification band. Obtained from
SEN2 level 2A.

CD-FCNN-RGBI 1 - López-Puigdollers et al.23 results
based on RGBI bands.

CD-FCNN-RGBISWIR 1 - López-Puigdollers et al.23 results
based on RGBISWIR bands.

kappamask_L1C 1 - KappaMask53 results using SEN2
level L1C as input.

kappamask_L2A 1 - KappaMask53 results using SEN2
level L2A as input.

manual_hq 1 High-quality pixel-wise manual annotation.
manual_sc 1 Scribble manual annotation.
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Table 3. Cloud semantic categories considered in CloudSEN12. Lower priority levels indicate greater relevance.

Code Class Superclass 1 Superclass 2 Description Priority
0 Clear non-cloud valid Pixels without cloud and cloud shadow contamination. 4

1 Thick Cloud cloud invalid
Opaque clouds that block all the reflectance from
the Earth’s surface. 1

2 Thin Cloud cloud invalid
Semitransparent cloud that alters the surface spectral
signal but still allows to recognize the background. 3

3 Cloud Shadow non-cloud invalid Dark pixels thrown by a thick or thin cloud. 2

Table 4. Metadata associated to each image patch.

Metadata name Description
annotator_name The labeler’s name.
roi_id The region of interest ID.
s2_id_gee Sentinel-2 GEE ID.
s2_id Sentinel-2 product ID.
s2_date Sentinel-2 acquisition date in ISO format.

s2_sen2cor_version
Sen2Cor configuration baseline used at the time of the product
generation.

s2_fmask_version Fmask version.
s2_s2cloudless_version s2cloudless version.
s2_reflectance_conversion_correction Earth-Sun distance correction factor.
s2_aot_retrieval_accuracy Accuracy of aerosol optical thickness model.
s2_water_vapour_retrieval_accuracy Declared accuracy of the Water Vapor model.

s2_view_off_nadir
The angle from the SEN2 sensor between nadir (straight down) and
the scene center.

s2_view_sun_azimuth SEN2 sun azimuth angle.
s2_view_sun_elevation SEN2 sun elevation angle.
s1_id SEN1 product ID.
s1_date SEN1 acquisition date in ISO format.
s1_grd_post_processing_software_name Name of the software to pre-processing SEN1.
s1_grd_post_processing_software_version SEN1 software pre-processing version.
s1_slc_processing_facility_name Name of the facility where the processing step was performed.
s1_slc_processing_software_version Software version identification.
s1_radar_coverage percentage of valid SEN1 pixels contained in this IP.
land_cover Predominant land use.
label_type Manual labeling type (i.e., scribble, high-quality or no-annotation).

cloud_coverage
Cloud coverage estimated using photo-interpretation.
(see section: Image patches selection).

test Whether the IP is part of training (train) or testing (test) dataset.

difficulty
Labeler’s confidence (from 1 to 5) of the manual annotation.Where
one indicates near-perfect and five denotes potentially significant mistakes.

proj:epsg EPSG code.
proj:geometry Footprint of this IP.
proj:shape Number of pixels for the default IP.
proj:centroid Centroid coordinates of the IP in latitude and longitude.
proj:transform The affine transformation coefficients.
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Table 5. Output correspondence for the available CD algorithms. KappaMask, Sen2Cor, Fmask, S2cloudless, CD-FCNN and
QA60 are mapped respectively to CloudSEN12 semantic categories. Adapted from Sanchez et al.13

CloudSEN12 KappaMask Sen2Cor Fmask s2cloudless CD-FCNN QA60
0 Clear 1 Clear 4 Vegetation 0 Clear land 0 Clear 0 Clear 0 Clear

2 Dark area pixels 1 Clear water
5 Bare Soils 3 Snow
6 Water
11 Snow

1 Thick cloud 4 Cloud 8 Cloud medium probability 4 Cloud 1 Cloud 1 Cloud 1024 Opaque cloud
9 Cloud high probability

2 Thin cloud 3 Semi-transparent cloud 10 Thin cirrus 2048 Cirrus cloud
3 Cloud shadow 2 Cloud shadow 3 Cloud shadows 2 Cloud shadow

Table 6. Metrics of the three different experiments for all the annotation algorithms. The BOA value is computed as the
median BOA across all IPs. PA/UA values show the percentage of IPs with that metric below 0.1 (low), between 0.1 to 0.9
(middle), and higher than 0.9 (high). Values closest to one hundred in the "high" group are better, whereas values close to zero
in the other two groups are the ideal. The best values considering the PA/UA high group have been highlighted in bold
(excluding human annotation).

Experiment CD algorithm BOA PAlow% PAmiddle % PAhigh % UAlow % UAmiddle % UAhigh %

a. cloud/no cloud

Human level 0.99 1.03 14.03 84.94 0.13 4.39 95.48
UNetMobV2 0.92 0.77 30.63 68.6 0.26 25.03 74.71
KappaMask L2A 0.77 2.83 31.92 65.25 1.56 63.04 35.41
KappaMask L1C 0.82 4.89 45.3 49.81 0.65 38.38 60.97
Fmask 0.84 5.92 40.54 53.54 0.26 52.65 47.09
s2cloudless 0.79 7.08 52.38 40.54 0.65 31.5 67.84
Sen2Cor 0.71 13.13 64.86 22.01 1.58 20.05 78.36
QA60 0.58 24.84 49.94 25.23 1.39 37.62 60.99
CD-FCNN-RGBI 0.72 17.50 74.00 8.49 1.62 12.58 85.79
CD-FCNN-RGBISWIR 0.72 18.40 71.43 10.17 0.82 9.43 89.75

b. cloud shadow

Human level 0.99 3.11 22.04 74.85 0.60 9.97 89.43
UNetMobV2 0.89 8.88 67.16 23.96 7.99 46.65 45.36
KappaMask L2A 0.64 37.28 59.76 2.96 12.24 36.9 50.85
KappaMask L1C 0.74 30.03 60.95 9.02 20.67 59.36 19.97
Fmask 0.72 22.34 76.04 1.63 14.53 77.06 8.41
Sen2Cor 0.51 64.5 35.21 0.30 6.90 18.10 75.00

c. valid/invalid

Human level 0.99 1.03 14.8 84.17 0.13 2.33 97.55
UNetMobV2 0.91 0.77 28.57 70.66 0.00 17.14 82.86
KappaMask L2A 0.75 2.96 39.38 57.66 1.29 44.32 54.39
KappaMask L1C 0.81 3.99 47.62 48.39 0.65 32.64 66.71
Fmask 0.81 4.89 45.43 49.68 0.26 44.34 55.39
Sen2Cor 0.67 13.77 69.63 16.6 1.05 18.58 80.37
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Figure 2. A high-level summary of our workflow to generate IPs. a) Satellite imagery datasets that comprises CloudSEN12
assets. b) IP selection by the CDE group. c) Generation of manual and automatic cloud masking. KappasMask and CD-FCNN
have two distinct configurations.
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Figure 3. The three primary types of hand-crafted labeling data available in CloudSEN12. The first row in high-quality (a),
scribble (b), and no annotation (c) subgroups shows a SEN2 level 1C RGB band combination.
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Figure 4. Human calibration workflow diagram. The overall accuracy (OA) is calculated by comparing individual labeler
results against expert group results.
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Figure 5. a) High-quality labeling phase diagram. The model is set up using s2cloudless priors (blue). Annotations made by
labelers with and without ML assistance are saved (green). b) Scribble labeling phase diagram. The labelers starts by adding
samples at the centroids (blue), and then into the borders; if the results pass a simple visual inspection, the annotation is send to
inspection (see quality control phase).
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Figure 6. Flowchart overview of the entire QC process.

Figure 7. Confusion matrix between high-quality manual labels cast by the CDE group before and after the quality control
procedure. In the middle of each tile, we show the number of pixels and their ratios with respect to the total number of pixels.
The true positive class agreement is expressed by the UA and PA at the right and bottom of the diagonal tiles.
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Figure 8. Location of the training (grey) and testing (black) regions. The IPs were collocated in a equal-area hexagonal
discrete grid with a facet size of 140 km.
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Figure 9. BOA, PA, and UA comparison for the CloudSEN12 dataset. The upper figure depicts BOA density estimations for
all CloudSEN12 IPs high-quality. The colors reflect the tail probability estimated by 0.5−abs(0.5− ecd f ), where ecd f is the
empirical cumulative distribution function. The vertical black lines drawn represent the first, second, and third quartiles,
respectively. The heatlines in the lower figure shows the PA and UA value distribution. The red stars shows the median and the
gray lines the 25th and 75th percentiles.
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Figure 10. Scheme of the CloudSEN12 dataset.

Figure S1. IRIS (Intelligently Reinforced Image Segmentation) graphical user interface48. There are seven feature bars. A)
Edit and navigation bar. B) Select drawing semantic classes. C) Draw bar; the last bottom of this group executes the GBDT
algorithm that filling out the mask using prior manual annotations. D) Testing bar, it helps to compare human and AI
annotations. E) Image contrast bar, that change image brightness and saturation. F) Image metadata, that display image
thumbnail and IP location using Google maps. G) Machine learning summary support, that shows GBDT performance metrics.
The IRIS interface is displaying the Cirrus band, Red-Green-Blue and Blue-SWIR1-SWIR2.
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Figure S2. Three main cloudApp panels. A) Display time series for the Blue, SWIR1 bands, and NDVI for all images in a
one-year moving window with less than 5% cloud coverage. B) Inspect image thumbnails; the white circle’s values are
averaged and displayed in panel A. C) Map display for showing the image patch’s centroid.

Figure S3. Different versions of Sen2Cor in the test set.
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