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Abstract 12 
 13 
 The WorldView-110 imager on board the WorldView-3 spacecraft has spatial resolution 14 
that is an order of magnitude higher than Landsat or Sentinel platforms. This imager instrument has 15 
been in extensive use by the land applications community. It presents a unique opportunity to 16 
atmospheric scientists as well. However, cloud masking remains a challenge. Currently available 17 
cloud products from Vantor Holdings Inc. are limited in detail and quality, and cloud coverage is 18 
represented as a percentage for the entire satellite image scene. Additionally, Vantor does not make 19 
its cloud masking product public and does not disclose the methodology behind it. The limited 20 
spectral channel complement of WorldView-3 also presents a challenge in detecting clouds.  21 
 We have developed a unique method for detecting clouds in WorldView-3 scenes using only 22 
visible and near-infrared (VNIR) spectral channels. VNIR-only acquisitions dominate the available 23 
WorldView-3 data record. Unlike traditional algorithms, this pixel-level algorithm, Cloud Mask for 24 
Ultra-high Resolution Spaceborne Imagers (CM-URSI), does not rely on any sources of a priori 25 
surface classification. The algorithm detects clouds and clear sky correctly, including in challenging 26 
scenes, such as reflectively varied snow/ice present underneath thin cloud cover. Validation proved 27 
challenging due to the scarcity of reference datasets that match the high image resolution. In the 28 
limited situations where in-situ or lidar data existed for validation, CM-URSI results agreed with in-29 
situ data 100% of the time. Though this result is extremely encouraging, additional validation is 30 
necessary prior to any large-scale application. 31 

In this paper, we show CM-URSI cloud masking results for a variety of scenes and initial 32 
validation. We describe WorldView data preparation and give some background on previous 33 
attempts at solving the WorldView cloud masking problem. We also discuss future directions such 34 
as extensions to commercial spacecraft with fewer channels than WorldView-3 and use in 35 
conjunction with computer vision machine learning methodologies.  36 
 37 
Popular summary 38 
 39 
 Commercial satellite platforms such as Vantor's WorldView-3 present a unique source of 40 
data for a wide variety of applications due to their extremely high resolution (sub-meter). To make 41 
the data usable for land feature detections, researchers need to screen clouds from scenes in an 42 
automated fashion. Although Vantor does have a proprietary cloud mask product, it is presented as 43 
a single percent cloudy number, which is sometimes inaccurate. Also, the methodology is not made 44 
public. In this paper, we present a new general-purpose cloud masking algorithm for WorldView-3 45 
that is free for the community to use and develop further. We show cloud masking results for a 46 
variety of scenes and initial validation. We discuss future directions such as extensions to 47 
commercial spacecraft with fewer channels than WorldView-3 and possible use in conjunction with 48 
computer vision machine learning methodologies.  49 
 50 
1. Introduction 51 
 52 
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 Traditional atmospheric research has always been performed using moderate-resolution 53 
imagers such as MODIS (Barnes et al., 1998) or VIIRS (Cao et al., 2017) with resolution on the 54 
order of hundreds of meters per pixel. Research-level cloud property retrieval algorithms have been 55 
successfully adapted for higher-resolution sensors traditionally used for land applications such as 56 
Landsat OLI (Operational Land Imager) (Knight et al., 2014) and Sentinel-2A and -2B MSI (Multi-57 
Spectral Imager) (Spoto et al., 2012) through the Cross-platform HIgh-resolution Multi-instrument 58 
AtmosphEric Retrieval Algorithms (CHIMAERA) system (Wind et al., 2019).  59 
 OLI and MSI have resolutions of their narrowband channels on the order of tens of meters. 60 
There is a whole other class of sensors that has resolution on the order of 1-3m. The imager on 61 
board the WorldView-3 spacecraft managed by Vantor Holdings Inc., formerly Maxar 62 
Technologies (WorldView-3 datasheet), is one such sensor. We will refer to the entire class as 63 
Ultra-high Resolution Spaceborne Imagers (URSI). Due to their extremely high resolution and 64 
limitations on optics and data transmission rates, these sensors have a very limited spectral range.  65 
 WorldView-3 arguably has one of the widest spectral ranges among URSI. It carries 8 66 
Visible and Near Infrared (VNIR) bands and a set of Shortwave Infrared (SWIR) channels. This 67 
configuration makes the main imager, the WorldView-110 camera, suitable not just for land 68 
applications, but also as a source of cloud microphysics data. WorldView-3 also carries the Cloud, 69 
Aerosol, water Vapor, Ice Snow (CAVIS) instrument (WorldView-3 datasheet), which has 30m 70 
spatial resolution. CAVIS spectral range is in some ways more convenient for cloud retrievals, but 71 
it has a very low number of acquisitions compared to the amount of data from the main imager, 72 
especially VNIR-only WorldView-3 acquisitions.  73 

WorldView-2 (WorldView-2 datasheet) is a predecessor to WorldView-3 and only carries 74 
the WorldView-110 camera, which is the same main imaging instrument on board WorldView-3 75 
but without any SWIR capability. WorldView-2 does acquire enough spectral information to enable 76 
cloud detection with the methodology we describe.   77 
 An initial investigation into the suitability of the WorldView-3 main imager for cloud 78 
physics research found it to have great potential (Wind et al., 2024). The first step in performing 79 
any sort of satellite-based work, whether it is studying cloud physics or land features, is 80 
distinguishing between clear sky and clouds. Landsat and Sentinel-2x provide a cloud mask 81 
variable. These sensors are also selective in scene acquisition and limit storage of cloudy scenes. 82 
The provided cloud mask variable has proven to be problematic in the past and needed regional 83 
correction (Supplemental figure S1). The cloud mask fails to identify some of the brighter parts of 84 
clouds, which leads to missing cloud property retrieval values at a significant enough scale that a 85 
correction needs to be applied. The spectral range of Landsat and Sentinel-2x is broad enough to 86 
permit application of MODIS-like spectral cloud masking tests without significant difficulty (Irons 87 
et al., 2012; Xi et al., 2019). Regionality of the selected subset of scenes allowed for manual 88 
selection of MODIS cloud mask spectral test regimes as needed (Ackerman et. al., 2010). 89 

Vantor has a proprietary cloud masking algorithm that is not made available to the public. 90 
The company releases a public cloudiness percentage for each scene. Using a single metric per 91 
scene obscures the variability of within-scene cloud dynamics and can be ambiguous, especially in 92 
polar regions with snow and ice. For example, Figure 1 shows two scenes with a 0% cloudiness 93 
rating despite obvious cloud contamination. Inaccurate cloud coverage estimates may be expected 94 
over snow or ice, the most challenging land cover classes for cloud detection using VNIR-only 95 
imagers. But neither of these scenes contains snow or ice. Cloud mask data can be purchased from 96 
Vantor, but the cost is such that the community at large opts out.  97 
 Some environments are more conducive to cloud masking than others. Well-vegetated 98 
surfaces and dark ocean scenes do not present a significant challenge in identifying most clouds; 99 
simple spectral thresholds perform admirably (Ackerman et al., 2010). Thin cirrus detection 100 
presents a challenge for all spectroradiometers in any environment, no matter what spectral channel 101 
set an instrument may have (Nguen et al., 2025). Any cloud-masking approach that relies on land 102 
and ocean surface conditions requires users to preclassify scenes, adding complexity. This process 103 
becomes especially cumbersome and error-prone if vegetation or ice cover is variable.  104 
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 Even instruments with a wide spectral range, such as MODIS or VIIRS, experience 105 
difficulties with cloud masking in the Arctic due to inherent difficulties with ancillary data, which is 106 
required to perform scene preclassification for their cloud mask algorithms (Ackerman et al., 2010). 107 
These ancillary datasets are low resolution both temporally and spatially, on the order of tens of 108 
kilometers to 1 degree per grid point, and are not instantaneous, but rather temporal aggregates of as 109 
much as five days (Derber et al., 1991; Robinson et al., 2014). There are other options such as 110 
forecast models like GEOS-IT (Rienecker et al., 2008). While those models are initialized with 111 
observations, they are still models, adding uncertainty to the existing spatial and temporal resolution 112 
issues. Such datasets may be used by instruments such as MODIS or VIIRS with only minor 113 
impacts (Platnick et al., 2017), but they are unsuitable for an instrument like WorldView-3, where 114 
the entire complex scene would be described by a couple of points in the ancillary datasets. 115 
Temporal information cannot be used since geostationary platforms such as GOES-R or Meteosat 116 
do not provide usable coverage in the Arctic. Traditional spectral tests, such as those used by the 117 
MODIS cloud mask (Ackerman et al., 1998, 2010; Frey et al., 2008), rely on absorption by 118 
atmospheric water vapor.  This does not work well in the Arctic, with well under 1cm of column 119 
precipitable water on average (Rinke et al., 2019). Arctic landscapes present exceptionally dynamic 120 
background environments where ice, snow, and vegetation coverage all change dramatically with 121 
the seasons. A significant built environment is also present (Manos et al 2026).  122 
 Even though the atmospheric water vapor amount is low, the Arctic is quite cloudy, with a 123 
monthly zonal cloud fraction at or above 60% (Figure 2, Achert et al., 2026). This high cloudiness, 124 
combined with seasonal lack of solar illumination, presents a challenge for URSI data utilization. 125 
High cloud cover and uncertain weather forecasts result in frequent cloud contamination in Arctic 126 
URSI imagery. Cloud cover is often falsely identified as snow/ice and vice-versa, thus confounding 127 
estimates of ground snow cover. Most areas of the Arctic have low population density and 128 
correspondingly limited opportunities for in-situ monitoring. Aircraft operations are challenging 129 
due to both weather and cost. Thus, URSI data is one of the best sources of high-resolution data for 130 
monitoring changes in the Arctic environment and a critical risk mitigation resource for local 131 
stakeholders as they adapt to changes in the Arctic ocean and landscape.  132 
 On average, 163 Arctic Worldview-3 scenes (a.k.a. catalog IDs) are collected each day 133 
during the Arctic summer. Manual examination is painstaking and exceptionally slow. An 134 
automated method of clearing clouds is essential for such continental-scale high-resolution 135 
monitoring of the Earth's surface. Conversely, automated cloud identification at high-resolution 136 
would be invaluable to the atmospheric research community. Having access to URSI-derived cloud 137 
microphysics gives us the ability to observe clouds at the earliest stages of their formation and 138 
inform our understanding of the processes that drive cloud evolution.  139 
 In this paper, we present a general-purpose cloud masking algorithm for use with the 140 
WorldView-3 and WorldView-2 main imagers, freely available to the community. This algorithm is 141 
fully automated and runs without user involvement or a priori information about scene content or 142 
atmospheric conditions. We present our algorithm results here, focusing on the most challenging of 143 
environments for cloud masking: the Arctic. 144 
  145 
2. Data preparation 146 
 147 
 WorldView-3 separates the VNIR and SWIR acquisitions, which are recorded using 148 
different telescopes. There is a lag of a few seconds between acquisitions, resulting in slightly 149 
different observation angles. The VNIR channels are captured at 1.24m, and SWIR channels are 150 
recorded at 3.7m. This allows the satellite to optimize its data flow and acquire additional (SWIR) 151 
information on command. The SWIR data are delivered to the end-user in one continuous long 152 
swath, 15 km across and up to 100 km long. Due to the higher resolution, the VNIR data are 153 
delivered in a set of multiple smaller scenes to avoid large file sizes. Thus, multiple VNIR scenes fit 154 
into a single SWIR data record.  155 

https://doi.org/10.5194/egusphere-2026-5750
Preprint. Discussion started: 20 October 2026
c© Author(s) 2026. CC BY 4.0 License.



 4 

To harmonize the two products, the VNIR and SWIR images are projected to a common 156 
spatial grid and corrected for terrain-induced pixel displacement. The results are converted to top-157 
of-atmosphere reflectance (Kuester, 2016) according to Vantor’s documentation (Vantor, Inc., 158 
2025) at the Polar Geospatial Center using the imagery-utils package 159 
(https://github.com/PolarGeospatialCenter/imagery_utils). Where possible, the data are then stacked 160 
into a 16-band integrated product in NetCDF-4 format. Image-level metadata (e.g., solar and view 161 
geometry) are converted to pixel-level grids and included in the NetCDF data stack. NetCDF-4 162 
format is more appropriate for atmospheric science tools than the binary formats used in land 163 
surface remote sensing. This data unification was of utmost importance to the first version of our 164 
cloud identification algorithms, as it used a MODIS-like spectral thresholding paradigm, which 165 
involved combinations of VNIR and SWIR channels. The second version of the algorithm, called 166 
CM-URSI, operates only on VNIR channels and thus does not require the SWIR channels. 167 
However, when SWIR is available, unification makes the data ready for later use by CHIMAERA 168 
for retrievals of cloud optical and microphysical properties. We initially attempted to run CM-URSI 169 
on full 1.24m data. However, pixel value heterogeneity at native resolution presented excessive 170 
noise. Reducing VNIR resolution to 3.7m eliminated scene noise in CM-URSI retrievals.    171 
 Even though CM-URSI only requires VNIR reflectance without the need for a priori data 172 
from other instruments, we still produce this georeferenced unified product for further downstream 173 
processing to create derived physical variables (Level 2) and, eventually, to pan-Arctic statistical 174 
gridded products (Level 3).  175 
 176 
3. Description of Current Algorithm 177 
 178 

Our first attempt at automating cloud masking from WorldView-3 (Wind et al., 2024) 179 
followed in the general vein of a traditional cloud masking algorithm based on spectral thresholds. 180 
We adapted CHIMAERA to perform retrievals of cloud top properties and MODIS-like cloud 181 
microphysics (Platnick et al., 2017) from WorldView-3. This initial approach performed reasonably 182 
well on the set of test scenes it was presented with. We quickly found that it had limits. It could 183 
only execute on WorldView-3 scenes that had all 16 spectral channels present. Furthermore, we 184 
found that the algorithm was confused by high SWIR reflectance over barren terrain. An altogether 185 
different approach was needed. 186 
 Changing tactics, we decided to improve the initial algorithm by adding additional spectral 187 
threshold conditions, again staying with the tried-and-true MODIS-like approach (Ackerman et al., 188 
2010, Frey et al., 2008). However, all those approaches depended heavily on having a variety of a 189 
priori knowledge of surface properties. Meter-scale surface classification maps may exist for certain 190 
areas, but not globally. Moreover, seasonal changes in snow and ice cover, common in the Arctic, 191 
change the working conditions dramatically. The MODIS cloud mask algorithm becomes confused 192 
in the presence of snow and ice when ancillary data does not accurately capture it (Ackerman et al., 193 
2010). Figure 3 shows a portion of a clear-sky Terra MODIS scene from January 28, 2025, 194 
16:45UTC, with snow cover over a section of the Midwestern US. In this false-color RGB 195 
composite, any clouds, if present, would appear in shades of either yellow or pink depending on 196 
cloud thermodynamic phase. Because the snow was not well captured by one of the "state of the 197 
surface" ancillary datasets used by the MODIS cloud mask, some of that snow was identified as 198 
"cloud".  199 
 Given the very high spatial resolution of the WorldView imager, an effective cloud 200 
identification algorithm must be able to operate without any a priori knowledge about a pixel to be 201 
classified, especially in the Arctic. No data product could pre-identify floating sea ice, which 202 
changes by the hour at WorldView resolution. Depending on their size, individual sections of sea 203 
ice may be on the level of scene noise for an instrument like MODIS or be entirely subpixel. But 204 
they become major scene features at 3.7m resolution.  205 
 We observed that clouds tend to be spectrally flat in the VNIR range, especially between 206 
550 and 900nm (Platnick et al., 2017), unlike more complex surfaces. Based on that observation, we 207 
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set out to examine sections of a set of 29 WorldView-2 and WorldView-3 scenes. 17 of those had 208 
all 16 spectral channels available. We used a variety of spectral-based criteria to create custom pixel 209 
groups for the scenes, selecting pixel populations of known classes for analysis. For example, for 210 
many scenes WorldView-3 channel 2 reflectance being less than 0.4 could be used to select barren 211 
land. A combination of WorldView-3 reflectance in channel 8 being less than 0.6, WorldView-3 212 
reflectance in channel 3 being greater than 0.5 and WorldView-3 channel 2 reflectance greater than 213 
0.6 was indicative of clear sky bright ice surface. Supplemental Table S1 shows the list of 214 
WorldView-2 and -3 scene IDs used in this study, though not every scene contributed to model 215 
creation. About half of the scenes are from Alaska, in the Utqiagvik area. Others are on or near 216 
Greenland during the Arctic Radiation-Cloud-Aerosol-Surface Interaction Experiment (ARCSIX) 217 
field campaign timeframe (ESPO ARCSIX, 2026, Schmidt et al., 2020).  218 
 The custom pixel groups were used to tease out any characteristic shapes in all-channel 219 
reflectance curves of clouds and various surfaces, according to our hypothesis. Figure 4 shows an 220 
example of the custom pixel groups selected from the WorldView-3 scenes. In this case, we 221 
designed our selections to identify only pixels containing a cumuliform cloud and pixels that 222 
contain only snow-free land surface. We aggregated pixel groups of the same feature class from 223 
different scenes to create combined feature class spectral profiles.  224 
 We focused on the 8 VNIR channels of WorldView-3, as those are the ones acquired for 225 
every scene. We then used a Python script to create histograms of measured reflectance in each 226 
band, normalized within the sample set, as a function of wavelength. We then fit quadratic functions 227 
to maximum counts for select sections of spectral channels. Figure 5 shows some examples of such 228 
plots. Panel a shows one of the models for a clear-sky snow-covered surface. With some minor 229 
variations, snow cover displays a generally convex curvature in the reflectance function. Panel b 230 
shows a typical spectral profile of a clear-sky land surface. A clear-sky non-snow profile is 231 
generally quite concave. Panel c shows a reflectance profile typical of a cloudy model with its 232 
characteristic flatness in the 550 and 900nm range. Each panel, in addition to a histogram of counts, 233 
shows the peak normalized reflectance plot (solid red line) and the three sectional fits in black, 234 
green, and blue, respectively. The number of samples used to generate each model is listed in the 235 
colorbar for each model plot.  236 
 Linear regression was insufficient to capture the behavior. Quadratic functions fit very well 237 
in addition to being computationally inexpensive. We did attempt higher-order polynomials as a 238 
single curve over the entire available spectral range. We found that this approach not only resulted 239 
in a poorer fit (RMS > 0.3, as opposed to RMS < 0.1 for piecewise quadratic), but also added 240 
significant computational requirements. After selecting the fit functions, we altered the initial 241 
sample sets and iterated on fitting to minimize histogram spread as much as possible, so as to 242 
improve the models' representation of measurements.  243 
 We created a set of nine such statistical models. These models were then added as a static 244 
lookup table to a Fortran program that performed the actual encoding of incoming pixels as 245 
"cloudy" or "clear". Table 1 shows the full listing of coefficients of these models in the current 246 
version of CM-URSI. The coding is performed by a variety of tests. Figures 6 and 7 show the full 247 
algorithm execution flow chart. The algorithm uses a sieve-style processing flow where pixels that 248 
exit a series of tests are not examined again. 249 
 The resulting raster includes individual model matches for the three sections of the spectral 250 
range (Table 1). There is also the net cloud mask score that shows the path taken through the flow 251 
chart. Additionally, dispersion in channels 5 and 8 is included. Dispersion measures may be useful 252 
for overall scene analysis, as discussed near the end of section 4. Finally, we provide the cloud 253 
detection confidence value, an integer between zero and five that indicates how confident we are in 254 
the detection result. A value of zero indicates no confidence at all, and five indicates the highest 255 
confidence. Figures 6 and 7 show how the confidence settings are derived as a function of the 256 
spectral tests applied in the algorithm. The same information is summarized in supplemental Table 257 
S2. 258 

https://doi.org/10.5194/egusphere-2026-5750
Preprint. Discussion started: 20 October 2026
c© Author(s) 2026. CC BY 4.0 License.



 6 

 The CM-URSI code has a computational complexity of O(n), where n is the number of 259 
pixels under consideration, and does not require significant computational resources to execute.  260 
 261 
4. Results and discussion 262 
 263 
 In this section, we show some selected example results from running CM-URSI over a 264 
variety of complex scenes that can be challenging even for instrumentation with more spectral 265 
diversity. The complexity stems from scene backgrounds being snow/ice or a combination of land 266 
surface types that normally would require a priori scene classification before attempting any cloud 267 
detection.   268 

CM-URSI can detect thin clouds over sea ice. Figure 8 displays an example of CM-URSI 269 
cloud detection results for a WorldView-3 scene from August 8, 2024, at 21:37:40 UTC. Panel a 270 
shows the true color image of the scene with thin stratocumulus clouds over a sea ice surface. Panel 271 
b shows the CM-URSI cloud detection result. The scene is almost completely cloudy and so would 272 
not be of much use to the land community, but very much of interest to the atmospheric science and 273 
radiation community. Thin clouds like these tend to be radiatively active and produce a net warming 274 
effect on the atmospheric column due to being generally colder than the surface. They allow solar 275 
radiation to penetrate down to the surface yet prevent some of the thermal radiation from leaving 276 
(Bennartz et al., 2013). These thin clouds are challenging to detect with traditional algorithms from 277 
moderate-resolution instruments, and their true extent across the Arctic is not well characterized. 278 
Now that we can detect this type of cloud, we may be able to study their extent and then quantify 279 
their radiative effects and impact on the Arctic environment.  280 
 One obvious challenge with cloud masking using only VNIR channels and without any 281 
water vapor channels is that thin cirrus clouds over non-ocean surfaces are very difficult to detect. 282 
That is an inherent drawback of any VNIR-only algorithm. However, thin cirrus clouds present a 283 
challenge to all cloud masking algorithms for passive sensors due to their signal being weak in 284 
every spectral channel. 285 
 While CM-URSI detects clouds when they are present, it must also properly deal with 286 
complex scenes where there are no clouds at all. CM-URSI generates a very small percentage of 287 
false positives in a control scene. Figure 9 shows the result. The WorldView-3 scene from June 16, 288 
2021, at 22:38:38 UTC was selected because SWIR channel examination confirmed the scene did 289 
not contain any clouds. The scene background is complex, with both ocean and land surface 290 
present. Additionally, there is extensive snow/ice throughout. This scene would require 291 
preclassification of land cover types to use a traditional spectral cloud mask such as MODIS 292 
(Ackerman et al., 2010). CM-URSI does not require knowledge of scene background. The cloud 293 
mask result shows a very small percentage of false positives concentrated in a small coastal 294 
snow/ice area. Given the severe constraints under which CM-URSI operates, we consider this a 295 
very good result, again with the consideration that far more well-resourced cloud masking 296 
algorithms that have a priori scene classification and much more spectral information also give false 297 
positives. Land applications users would prefer to discard some clear pixels rather than risk 298 
retaining cloudy pixels. For atmospheric applications, clear pixels that were falsely identified as 299 
clouds fail attempts to retrieve their cloud optical and microphysical properties, and so are 300 
eliminated from any consideration that way. We provide multiple confidence levels to give users 301 
flexible options as to how to make their mask selections for various types of processing.  302 

Another type of complex scene is one where bare ground, snow/ice, and clouds are present 303 
all together. CM-URSI successfully separates clouds from such a background. In Figure 10, we 304 
return to the WorldView-3 scene from May 26, 2015, at 22:16:39 UTC. Panel a shows the true-305 
color scene. This scene has the SWIR channels present, so we can create a false-color RGB 306 
composite in panel b that allows us to distinguish between clouds (white) and snow/ice (red). The 307 
CM-URSI cloud mask, using only the VNIR channels, successfully distinguishes between clouds, 308 
land, and ground snow/ice. This kind of scene is a good example of data that would previously have 309 
been discarded for use in land applications due to a significant cloudiness percentage. Utilizing this 310 
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cloud mask, researchers can proceed with the usable pixels, as the clouds are all focused in one 311 
area. Moreover, by subtracting the cloud mask and focusing on the cloud-free area, it would be 312 
possible to use a simple VNIR reflectance thresholding technique to estimate snow cover. For 313 
atmospheric science, use of this scene would result in successful retrievals of cloud optical 314 
thickness and cloud effective radius. CM-URSI makes a scene valuable that would have been 315 
previously discarded. Additional CM-URSI cloud masking examples with complex scene 316 
backgrounds can be found in supplemental figures S3 and S4.   317 
 CM-URSI is constrained by being based on VNIR channels and thus is a daytime-only 318 
algorithm, having a requirement of sufficient solar illumination. We found that a sufficient solar 319 
zenith angle constraint to be 75o (a 15o solar elevation angle). This is a more severe constraint than 320 
is used by moderate-resolution spectroradiometers such as MODIS and VIIRS (Platnick et al., 321 
2017). It may be possible to extend the CM-URSI application to larger zenith angles. Computer 322 
vision machine learning techniques, combined with using a large dataset of WorldView-2 and 323 
WorldView-3 data processed through CM-URSI as training data, may be able to aid detection in 324 
lower illumination conditions or with reduced spectral channels for certain types of clouds. 325 

Additionally, during our analysis, we found that very high dispersion values that show 326 
through in the presence of clouds are associated with sea ice fields, and so the information may be 327 
useful for sea ice studies (Supplemental, Figure S2). More extended analysis and study of the 328 
associated research possibilities are outside the scope of this paper.  329 
 330 
5. Validation 331 
 332 
 Validating the CM-URSI algorithm presents several unique challenges. Traditionally, cloud 333 
detection algorithms are best validated using lidar or radar. But the footprint of spaceborne lidar or 334 
radar is such that one of those footprints would cover a large portion, if not the entirety, of a 335 
WorldView-3 scene. This leaves in-situ instruments for attempting direct validation, and 336 
opportunistic aircraft observations or statistical studies for looking at area effects.  337 

Ground-based zenith-pointing ceilometers are a common instrument used to measure 338 
instantaneous cloud cover at a station. We were able to use one such site located in Alaska. 339 
Airborne lidar is an instrument that can obtain cloud cover information along an aircraft flight line. 340 
There was no coordination between existing aircraft operations and WorldView-2/WorldView-3 341 
since they were not the target of these airborne campaigns. Nevertheless, we were able to obtain an 342 
observation of opportunity during a recent aircraft field campaign in the Arctic.  343 
 We used the concurrent data from a ceilometer present at the Department of Energy North 344 
Slope of Alaska Atmospheric Research Measurements (DOE NSA ARM) site C1 located near 345 
Utqiagvik, AK (DOE website, 2026). The ceilometer is a zenith-pointing instrument that returns a 346 
measurement of cloud base height as a function of time (ARM, 1997). It returns whether clouds 347 
were detected and cloud base height if applicable. Unfortunately, the ceilometer data gives us only 348 
an instantaneous single sample for a single point in a scene. The ceilometer takes measurements 349 
every 17 seconds. Normally, that would be considered very high frequency, but 17 seconds is 350 
roughly equal to the amount of data acquired by WorldView-3 in a single scene. It is a point sample 351 
that can be compared instantaneously against a specific point in a WorldView-3 scene that 352 
corresponds to the coordinates of the site location. 353 

Results of the comparison for WorldView-3 scenes over Utqiagvik, AK, are shown in Table 354 
2. CM-URSI matched the ceilometer cloud detection very well (95% accurate). Of course, this is a 355 
very limited dataset, and more validation is needed, but initial results are encouraging. WorldView 356 
spacecraft do not acquire data in a predictable swath pattern, but the Utqiagvik Central ARM site is 357 
a long-running permanent facility in a town that is a frequent target for satellite acquisitions. 358 
Accordingly, we expect to see many more acquisitions of opportunity in the extended data record 359 
that will be useful for validation.  360 
 The High Altitude Lidar Observatory (HALO) (Nehrir et al., 2018) was deployed during the 361 
ARCSIX field campaign in Greenland on board the NASA DC-8 aircraft. There was no explicit 362 
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coordination with any WorldView spacecraft, as they were not the subject of any ARCSIX 363 
investigation. However, upon examination of both HALO flights and available WorldView scenes 364 
acquired during the ARCSIX campaign, WorldView-3 spacecraft intersected with HALO flight 365 
lines twice. We examined both of those scenes. Unfortunately, the technically more interesting 366 
transit across the WorldView-3 scene, ID 10400100991D5A00, was not useful.  The time difference 367 
between WorldView-3 and HALO was too great, and HALO did not observe the same cloud field 368 
as WorldView-3. The second transit of opportunity happened on Jun 7, 2024, when the DC-8 369 
passed across WorldView-2 scene ID 10300100FC0CA000. The overall scene is a clear-sky scene 370 
with a complex snow and ice surface. Because of the clear sky, the acquisition time difference of 371 
over an hour was not as important. HALO has a 100m footprint that covers many 3.7m WorldView 372 
pixels. We averaged the relevant WorldView pixels that fit HALO footprints and show the result in 373 
Figure 11.  374 
 These results are very limited and present only an initial attempt at validation of the CM-375 
URSI algorithm. WorldView-3 and WorldView-2 data are not easily accessible due to licensing 376 
restrictions. The sheer data volume is such that it is not possible to process the dataset outside a 377 
large-scale facility. All analysis for this paper was performed on a single core of a Titan Vulcan 378 
X170 mobile workstation. Whereas the CM-URSI algorithm itself can be executed on as little as a 379 
K-12 classroom Chromebook computer, the storage requirements for WorldView series data are 380 
significant enough that coordination with larger storage and computing resources is necessary for 381 
processing more than a few dozen scenes.  382 
 Certain challenges remain. Cirrus detection, possible in quite a few situations, is far from 383 
perfect, especially over snow/ice surfaces. The already weak signal from cirrus clouds becomes 384 
completely drowned out by the strong signal that snow/ice surfaces present in the VNIR range. The 385 
cirrus challenge is not unique to CM-URSI and is a well-known issue even for instruments that 386 
carry water vapor absorption and longwave infrared channels (Nguen, et al., 2025). The Arctic 387 
atmosphere has very low water vapor levels (Rinke et al., 2019), conditions that make water vapor 388 
absorption channels far less effective at differentiating cirrus from the ground.  389 
 The resolution of URSI instruments presents an additional challenge that is unique to URSI. 390 
We found that bare cliff sides, wet with meltwater and thus quite reflective, when observed from 391 
certain angles, can have a reflectance profile indistinguishable from that of a cloud. As we process 392 
more data and expand the cloud mask dataset both spatially and temporally, we can fine-tune the 393 
models to resolve some of the challenges presented by land surface structures. 394 
 395 
6. Conclusions and Future Directions 396 
 397 

Data from commercial ultra-high-resolution spaceborne imagers (URSI) present unique 398 
research opportunities for a wide variety of research communities. But differentiating between 399 
clouds and surface using these imagers presents a challenge due to their limited spectral range and 400 
lack of ancillary surface classification data at appropriate resolution. We developed an open-source 401 
community cloud masking algorithm for use with ultra-high-resolution spaceborne imagers, CM-402 
URSI, that successfully overcomes the above challenges. Both initial validation against in-situ 403 
observations of opportunity and visual inspection indicate that the CM-URSI algorithm performs 404 
well in detecting clouds and clear sky.  405 

The combination of CM-URSI processing path ID and cloudiness confidence levels gives 406 
users flexibility on how to interpret the cloud mask results to best suit their application. For 407 
example, one CM-URSI processing path, ID -15, combined with a land/sea mask appears to be able 408 
to detect broken sea ice even when the scene has very large amounts of thin-to-moderate cloud 409 
cover. And certain types of snow/ice and clouds can look spectrally ambiguous in the range covered 410 
by processing path ID -3. Thus, it could be beneficial to treat those pixels as “cloudy” for cloud 411 
applications because pixels that are truly not clouds will fail cloud effective radius retrievals, thus 412 
disambiguating the pixel set. Several other processing paths appear to uniquely identify certain 413 
scene features and may be useful in deriving further data products based on CM-URSI results.  414 
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This new cloud masking algorithm could support the development of an extensive ultra-high 415 
resolution cloud mask dataset from the commercial spacecraft data holdings at the Polar Geospatial 416 
Center. This holding is extensive in both temporal scale and spatial coverage, rivaling MODIS and 417 
VIIRS data records in length. The existence of such a dataset would allow for large-scale validation 418 
of CM-URSI results and lead to improvement in moderate-resolution imager cloud detection using 419 
methodologies similar to work described in Werner et al. (2018).   420 

Future work should utilize concurrent acquisition pairs of WorldView-110 and CAVIS 421 
instruments as a source of validation data. CAVIS has additional spectral channels that would be 422 
helpful in verifying cloud detection, albeit at a lower resolution. It has the distinct advantage of 423 
being on the same spacecraft as the WorldView-110 camera. Observation timing and geometry 424 
issues are a major challenge to any validation and verification efforts. WorldView-110 and CAVIS 425 
concurrencies would have that challenge removed.  426 

These results also show promise as a way to create a large training dataset for machine 427 
learning computer vision models that could key off the observed textures as well as the explicit 428 
spectral information. This would allow us to extend the cloud masking back in time to older 429 
commercial imagers that had fewer VNIR spectral channels than the WorldView series. The same 430 
type of machine learning approach could allow us to extend the WorldView cloud mask dataset to 431 
solar zenith angles greater than the current 75o limit.  432 

It is our sincere hope that having the CM-URSI algorithm available will bring greater 433 
utilization of data from commercial spaceborne imagers by all research communities and the wide 434 
variety of stakeholders who could benefit from such use. Having this community cloud mask 435 
product will allow for studies that have not been attempted before due to the challenges presented 436 
by ground/cloud differentiation. As always, as more data is processed, there will be room for 437 
improvement, but with CM-URSI considered community software, such work is encouraged. 438 
 439 
Data and software availability 440 
 441 
 All derived data products associated with this manuscript are freely available. Original 442 
Level 1 WorldView-2 and WorldView-3 data were acquired through the US Government Plus 443 
license of the Electro-Optical Commercial Layer contract between the National Reconnaissance 444 
Office and Vantor Holdings, Inc. The data are available to US federal employees and contractors 445 
and federally funded investigators through several avenues, including the Polar Geospatial Center, 446 
the NASA Commercial Satellite Acquisition Program, Vantor’s G-EGD platform, USGS’s Earth 447 
Explorer, and others. They can also be purchased directly from Vantor or via a reseller.  The image 448 
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 589 
 WorldView -3 Channels 
 1, 2, 3, 4 3, 4, 5, 6 4, 5, 6, 7, 8 

Model Name Model Coefficients 
Land 1 73.1, -88.1, 25.4 -9.0, 22.5, -11.7 68.0, -82.2, 23.6 
Land 2 124.6, -145.6, 41.5 -18.4, 35.4, -16.1 116.6, -146.0, 44.4 
Ice dark -32.0, 27.0, -4.5 0.3, -6.3, 3.9 1.9, -9.5, 5.3 

Ice middle -32.0, 28.2, -5.2 -13.9, 14.1, -3.2 -10.0, 7.7, -0.7 
Ice bright -46.8, 44.0, -9.5 -39.0, 52.1, -17.2 -11.3, 11.3, -2.4 

Cloud dark 32.4, -45.9, 15.6 1.4, -5.0, 2.3 18.9, -27.2, 9.3 
Cloud middle 4.5, -22.0, 10.5 -47.8, 71.0, -26.4 51.6, -62.5, 18.2 
Cloud bright -49.0, 35.6, -4.6 -39.9, 59.5, -22.2 92.7, -119.2, 37.7 

Table 1: Listing of CM-URSI quadratic spectral fit model coefficients and channel regions where 590 
each model is used.  591 
 592 
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Observation 
Date/Time 

NAS ARM ceilometer 
cloudy CM-URSI cloud detected 

2015-04-11 Yes 100% cloudy (CM confidence = 5) 
2016-05-11 No 0% cloudy (CM confidence = 0) 
2021-06-16 No 0% cloudy (CM confidence = 0)  
2024-08-26 No 95% clear (CM confidence=1) 
2024-09-04 Yes 100% cloudy (CM confidence = 5) 
2024-09-09 Yes 100% cloudy (CM confidence = 5) 

 593 
Table 2: Comparison of CM-URSI cloud detection results with the North Slope Alaska DOE ARM 594 
site ceilometer at Utqiagvik, AK (Site C1). The ceilometer is a ground-based instrument that 595 
captures a zenith-pointed measurement of cloud cover every 17 seconds. 17 seconds is roughly the 596 
size of a single WorldView-3 VNIR scene. Thus, unfortunately, only a single measurement is 597 
captured per scene.  598 
 599 
 600 
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 601 
 602 
 603 

 604 
Figure 1: Example WorldView-3 scenes illustrating Vantor’s proprietary cloud mask’s drawbacks. 605 
Panel a) shows a mosaicked set of scenes acquired between State College, PA, and Martinsburg, 606 
WV, on 03.10.2026 at 16:15:15 UTC. Panel b) is a scene acquired just south of Martinsburg, WV, 607 
on 07.13.2026 at 16:10:48 UTC. The Vantor metadata lists both of these scenes as having 0% cloud 608 
cover.  609 
 610 
 611 
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 612 

 613 
Figure 2: 10o zonal 1ox1o spatially aggregated mean daytime cloud fraction from Terra MODIS for 614 
the operational period of WorldView-3 spacecraft. Black areas correspond to periods of polar 615 
darkness. This high cloudiness, combined with seasonal lack of solar illumination, presents a 616 
challenge for URSI data utilization.  617 
 618 
 619 
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 620 
Figure 3: An example of Terra MODIS Data Collection 6.1 cloud mask confusion from 2025, day 621 
028,16:45 UTC in the SE section of the granule. Panel a) shows the true-color RGB image of a 622 
clear sky scene with snow on the ground. Panel b) shows the SWIR composite image using the 0.47, 623 
1.6, and 2.1 μm bands. In this composite, bright red indicates snow/ice. Clouds would appear either 624 
pink or pale yellow. Panel c) shows the 5km resolution MODIS cloud fraction. Because ancillary 625 
scene pre-classification does not capture this snow, the spectral cloud mask algorithm treats the 626 
scene as being snow-free, becomes confused, and maps the snow as clouds, though there are no 627 
actual clouds present.  628 
 629 
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 630 
Figure 4: A WorldView-3 scene from May 26, 2015, at 22:16:39 UTC. Panel a) shows the true-631 
color RGB image. Panel b) shows the MODIS-style (470, 1600, 2100nm) false-color SWIR 632 
composite that clearly differentiates the snow/ice from clouds. Panel c) shows the scene with 633 
custom pixel screening groups identified. The identification areas were defined with the end goal of 634 
avoiding cross-contamination as much as possible. It is difficult to make a spectrally-based mask 635 
for the cloud in this scene. Doing the same for the snow-free land proved to be a challenge, so a 636 
purely geometric form was used. The contents of these pixel class groups inform the reflectance 637 
profile models for the CM-URSI algorithm.  638 
 639 
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 640 
Figure 5: Normalized reflectance histograms (oriented along the Y axis) and fit curves (oriented 641 
along the X axis) as a function of WorldView-3 central wavelength for three models used by CM-642 
URSI. Panel a) shows the "snow/ice high" model. Panel b) shows the "snow-free land low" model. 643 
Panel c) shows the "low reflectance cloud" model. Black curves are the fit for channels 1-4, green 644 
curves are the fit for channels 3-6, and blue curves are the fit for channels 4-8. The red curve shows 645 
the maximum-count reflectance of each reflectance histogram.  646 
 647 
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 648 
 649 
Figure 6: The first section of the CM-URSI algorithm flowchart. This chart shows the initial 650 
reflectance bypass tests that may decide a pixel’s class before any of the more complex spectral 651 
profile fitting occurs. The first two of the spectral profile chain test sets are also present. If a 652 
decision is not made at any of these stages, the processing path then follows to part 2, shown in 653 
Figure 8. Red arrows indicate a positive test result, and blue indicates a negative result. Black 654 
means the transition is unconditional.  655 
 656 
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 657 
 658 
Figure 7: The second section of the CM-URSI algorithm execution flow chart, showing the final 659 
pixel tests. Notice that the algorithm avoids explicit spectral tests whenever possible. Traditional 660 
spectral tests do not work well in a VNIR-only environment and thus cannot contribute in a reliable 661 
way. “Range” in this case is the difference between the lowest and the highest reflectance in the 662 
profile, divided by reflectance in WorldView-3 channel 8. Red arrows indicate a positive test result, 663 
and blue indicates a negative result. Black means the transition is unconditional.  664 
 665 
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 666 

Figure 8: A cloud detection example from WorldView-3 with the CM-URSI algorithm. Panel a) 667 
shows the true-color RGB scene from the WorldView-3 imager acquired on Aug 08, 2024, at 668 
21:37:40 UTC. Panel b) shows the CM-URSI cloud masking result for this scene, distinguishing 669 
cloud pixels from sea ice pixels. 670 
 671 
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 672 
Figure 9: A CM-URSI cloud masking control case showing a  WorldView-3 scene near Utqiagvik, 673 
AK, from Jun 16, 2021, 22:38:38 UTC, centered on 71.35oN, 156.73oW. Panel a) shows the true-674 
color RGB scene. Panel b) shows the CM-URSI cloud masking result. There are no actual clouds 675 
present in this scene, and CM-URSI results include very few false positives. Everything that 676 
appears white in this particular scene is lake/sea ice.  677 
 678 
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 679 
Figure 10: CM-URSI cloud masking example. WorldView-3 2015-05-26 22:16:39 UTC, centered at 680 
64.57oN, 164.50oW off the southern coast of Alaska. Panel a) shows the true-color image. Panel b) 681 
shows the SWIR composite. There is a significant amount of snow/ice in the scene, visible as bright 682 
red in the SWIR. Panel c) shows the CM-URSI cloud mask. CM-URSI allows us to confidently 683 
separate clouds from the ground snow and ice.   684 
 685 
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 686 
Figure 11: Validation that CM-URSI does not mistake snow/ice surfaces as clouds. Panel a) shows 687 
the DC-8 flight path overlaid on top of the WorldView-2 scene acquired on Jun 7, 2024 19:33:31 688 
UTC, centered at 81oN, 61.5oW, over the sea ice directly east of Ft. Conger, Nunavut. Panel b) 689 
shows the comparison of concurrent CM-URSI and HALO observations for the flight path. The X-690 
axis shows UTC of HALO observations. The scene is clear sky, so the 90-minute time difference 691 
between observations is not a factor. The scene background is complex, with snow/ice throughout. 692 
CM-URSI agrees with HALO that the scene is cloud-free within the flight path.  693 
 694 
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