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ARTICLE INFO ABSTRACT

We developed an algorithm called Cmask (Cirrus cloud mask) for cirrus cloud detection in Landsat 8 imagery
using time series of Cirrus Band (1.36-1.39 pum) observations. For each pixel, a harmonic model, which includes
a water vapor regressor, based on all available Cirrus Band observations is estimated using the Robust Iteratively
Reweighted Least Squares (RIRLS) regression approach, and pixels affected by cirrus cloud are identified by
comparing model predictions and actual satellite observations of the Cirrus Band Top-Of-Atmosphere (TOA)
reflectance. Furthermore, we analyzed the effect of increasing Cirrus Band TOA reflectance on the surface re-
flectance of the Blue, Green, Red, Near Infrared (NIR), and two Shortwave Infrared (SWIR) (SWIR 1 and SWIR 2)
Bands based on a set of globally distributed random samples. The goal of this study is to answer the question of
what are cirrus clouds in the context of a Landsat observation, or more specifically, when should we identify a
pixel as cirrus cloud such that we know the reflectance in the other spectral bands has been seriously affected by
cirrus clouds. The challenge is to then develop a simple and operational algorithm for accurate detection of
cirrus clouds in Landsat 8 images. The Cmask algorithm reduced almost by half the errors found in the U.S.
Geological Survey (USGS) Quality Assessment (QA) Band for distinguishing cirrus cloud and clear observations
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(8% versus 15% error).

1. Introduction

As one of the most successful Earth Observation (EO) programs, the
Landsat Program has made an enormous contribution to the science and
applications of satellite remote sensing (Wulder et al., 2019), and its
open and free data policy has benefited many aspects of the science
community and beyond (Woodcock et al., 2008; Zhu et al., 2019). For
example, the use of dense Landsat Time Series (LTS) for applications
such as land cover change and land cover mapping at 30-m spatial
resolution has been made possible for the first time (Brown et al., 2019;
Hansen et al., 2013; Huang et al., 2010a; Kennedy et al., 2010; Pekel
et al., 2016; Zhu and Woodcock, 2014a). Nevertheless, LTS contains a
variety of sources of noise, which reduce the data consistency and make
time series analysis difficult (Qiu et al., 2019a). Clouds are the major
source of noise in LTS, and accurate detection of them is considered
essential for time series analysis (Zhu et al., 2018).

Generally, clouds can be divided into three major categories: cu-
mulus, stratus, and cirrus. Cumulus and stratus clouds are relatively
easy to detect in Landsat imagery because of their high reflectance,
white color, and cold temperature (Chai et al., 2019; Huang et al.,
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2010b; Irish et al., 2006; Zhu and Woodcock, 2012, 2014b). On the
other hand, cirrus clouds, defined as “detached clouds in the form of
white, delicate filaments, or white or mostly white patches, that are
composed of ice crystals” (Huschke, 1970), are much more difficult to
detect in remote sensing imagery. We are unaware of an algorithm that
can provide accurate masks of cirrus clouds. It is also important to note
that cirrus clouds have multiple types, which include cirrus, cirros-
tratus, and cirrocumulus (Heymsfield et al., 2016), as well as contrails
(aircraft wake) (Burkhardt and Kércher, 2011).

Cirrus clouds are hard to detect mainly because they are sometimes
transparent or semi-transparent in the optical bands (Fig. 1a), even
though they can actually have a substantial impact on the satellite
observations, and have serious implications for their use in time-series
applications such as change detection (Holden and Woodcock, 2016;
Huang et al., 2010b). To help identifying cirrus clouds with high ac-
curacy, Landsat 8 included a new Cirrus Band (Band 9) on the Opera-
tional Land Imager (OLI). This Cirrus Band is in the 1.36-1.39 pm
wavelengths, which has a strong water vapor absorption feature (Gao
et al., 1993, 2003). Normally, the water vapor in the atmosphere is
sufficient to absorb most of the solar radiation at these wavelengths on
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Fig. 1. An example illustrating that cirrus clouds are hard to identify in Landsat 8 images. (a) False color image (NIR, Red, and Green Bands). (b) Brightness
Temperature. (c) Cirrus Band TOA reflectance. (d) Density slice of the same Cirrus Band. The image is located at Path 233/Row 61 acquired on October 5, 2013. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

the path from the sun to the surface to the sensor, making areas without
cirrus clouds appear dark in the Cirrus Band (see black areas in Fig. 1c).
However, cirrus clouds occur at high levels in the atmosphere, and
reflected radiation from the top of cirrus clouds has a very short path
through the atmosphere and hence the normal effect of water vapor
absorption is greatly reduced. As a result, cirrus clouds appear bright in
the Landsat 8 Cirrus Band (see white areas in Fig. 1c¢), making it par-
ticularly helpful for identifying cirrus clouds.

The atmospheric water absorption wavelengths (1.36-1.39 um)
have been used in Band 26 of the Moderate Resolution Imaging
Spectroradiometer (MODIS) to detect cirrus clouds for decades. Gao
et al. (2003) suggested that this special band is useful for identifying
cirrus clouds even over polar regions where the atmosphere is ex-
tremely dry. They found that a threshold of 0.02 in MODIS Band 26
Top-Of-Atmosphere (TOA) reflectance can identify thick cirrus clouds,
even over the polar regions. However, the use of this threshold may
miss some thin cirrus clouds. The algorithm for generating the MODIS
cloud mask product (MOD35) also has a cirrus cloud detection com-
ponent (Ackerman et al., 1998; King et al., 2003; Platnick et al., 2003),
in which cirrus clouds are detected based on different rules for snow
covered and non-snow covered places separately. Three confident levels
are provided for the cirrus cloud quality assessment bits, in which a
threshold of 0.04 in MODIS Band 26 indicates high confidence of de-
tection, 0.035 for middle confidence, and 0.03 for low confidence over
places without snow; and 0.06 for high, 0.0525 for middle, and 0.045
for low confident cirrus clouds over snow (Frey et al., 2008). Note that
the relatively high thresholds used in the MOD35 product are partially
because of the electronic “cross-talk” problem in MODIS Band 26,
which creates noise that might be confused with cirrus clouds at lower
thresholds (Guenther et al., 2002). Fortunately, the Landsat 8 Cirrus
Band does not have this artifact, and a lower threshold is possible to
better capture thin cirrus clouds without committing large commission

errors from the “cross-talk” noise. Wilson and Oreopoulos (2013) pro-
posed an enhanced algorithm for detecting clouds in Landsat 8 imagery
by following the several spectral tests designed for MODIS data pro-
posed by Luo et al. (2008), and added a threshold of 0.0113 in the
Cirrus Band to identify cirrus clouds. Similarly, the U.S. Geological
Survey (USGS) generates a cirrus cloud Quality Assessment (QA) in
Landsat 8 imagery based on a fixed global threshold of 0.02 (Kovalskyy
and Roy, 2015). The threshold can identify most of the cirrus clouds,
but will also persistently misclassify land surfaces in dry environments
or at high altitudes that reflect strongly in these wavelengths similar to
cirrus clouds. Zhu et al. (2015a) expanded the Function of mask
(Fmask) algorithm originally designed for Landsats 4-7 images (Zhu
and Woodcock, 2012) to improve cloud detection in Landsat 8 imagery
by adding a new cirrus cloud probability based on the Cirrus Band. The
Fmask results have been significantly improved for thin cirrus clouds,
but they may misidentify high elevation sites as clouds where the Cirrus
Band is also very bright. To reduce the effect of high elevation surfaces
on Cirrus Band, Qiu et al. (2019b) recently proposed Version 4.0 of
Fmask to enhance the cloud detection for Landsat data by integrating a
Digital Elevation Model (DEM) to normalize the Cirrus Band. However,
omission and commission errors of cirrus clouds were still observed.
Cirrus clouds are abundant in the atmosphere (Sassen et al., 2008).
Kovalskyy and Roy (2015) estimated that approximately 28% of
Landsat 8 data across the conterminous United States (CONUS) are
contaminated by cirrus clouds. It is obvious that a good cirrus cloud
detection algorithm is of high interest, but in the remote sensing
community there is no unanimous agreement on what constitutes a
cirrus cloud in remotely sensed imagery, or a quantitative definition of
what the effect of a cirrus cloud has to be such that it merits removal
from future analyses. For example, in Fig. 1d, it is difficult to find an
optimal threshold for creating a cirrus cloud mask (especially for the
ranges between the green and yellow colors), and this creates major
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challenges for efforts to evaluate the performance of cirrus cloud de-
tection algorithms because each interpreter may have their own visual
thresholds for identifying cirrus clouds (which may even change when
the image is stretched differently). Therefore, in this study, we quan-
titatively defined a “cirrus cloud” in Landsat 8 imagery by analyzing
their effect on the surface reflectance products of other spectral bands,
and at the same time developed a new algorithm for providing Cirrus
cloud mask (Cmask) based on a time series of values in the Landsat 8
Cirrus Band.

2. Data

The basis for Cmask is to predict what the reflectance would be for
individual pixels in a Landsat 8 image if cirrus clouds were not present
at the time the observations were collected. The basis for those pre-
dictions is past observations and the atmospheric conditions, i.e. the
water vapor content, at the time of image acquisition. Therefore, two
major inputs were included in this analysis: Integrated Water Vapor
(IWV) provided by the second Modern-Era Retrospective analysis for
Research and Applications (MERRA-2) and cirrus band time series
provided by Landsat 8.

2.1. Integrated water vapor

The IWV data are derived from MERRA-2 by the National
Aeronautics and Space Administration (NASA) Global Modeling and
Assimilation Office (GMAO) (GMAO, 2015). The MERRA-2 product is
generated using Version 5.12.4 of Goddard Earth Observing System
(GEOS) atmospheric model, that combines surface and satellite ob-
servations, such as Advanced Very High Resolution Radiometer
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(AVHRR), Special Sensor Microwave Imager/Sounder (SSMIS), and
MetOp-A Advanced Scatterometer (ASCAT), to generate products such
as atmospheric IWV (Gelaro et al., 2017). The IWV product is provided
hourly at a resolution of 0.625° x 0.5° globally. The Cmask algorithm
acquires the hourly water vapor data corresponding to the acquisition
time of each Landsat 8 image (derived from Landsat metadata) and
resamples it to match Landsat pixels at 30-m resolution using a nearest
resampling approach. The IWV data help Cmask to capture the varia-
bility caused by sudden changes of the atmospheric water vapor con-
tent, especially for places with dry air such as high mountains and polar
ice/snow sheets (see Section 4.1 for details). Note that as atmosphere
change often occurs at a large scale, the disagreement of the spatial
resolutions between Landsat 8 data and IWV data will have limited
effect on the final results.

2.2. Landsat 8 data

To quantify the effects of cirrus cloud on surface reflectance and
develop the Cmask algorithm, a total of 24 Landsat 8 scenes in
Worldwide Reference System two (WRS-2) were collected around the
world by following the sites of “L8 Biome”. The “L8 Biome” is a cloud
cover assessment dataset designed for Landsat 8 that is stratified by
biome (Foga et al., 2017). It covers eight different land cover types,
such as urban, barren, forest, shrubland, grass/cropland, snow/ice,
wetlands, and water; and within each cover type, there are a total of 12
different Landsat WRS-2 scenes. In this study, we selected a total of 24
scenes covering different land cover types from different parts of the
world from the “L8 Biome” datasets, with three sites randomly selected
from each cover type (Fig. 2; Table S1). In each scene, we downloaded
all available Landsat 8 Collection 1 Level-2 data (USGS, 2014) between
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Fig. 2. Distribution of Landsat 8 data used in this study. The red points indicate the locations of Landsat 8 scenes used for quantifying effects of cirrus clouds and
training the Cmask algorithm (500 pixels x 500 pixels), and the black points are the reference samples (pixels) used for accuracy assessment. The background land
cover map is derived from the Global Land Cover Characterization (GLCC) product (Loveland et al., 2000). (For interpretation of the references to color in this figure

legend, the reader is referred to the web version of this article.)
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March 2013 to June 2018 over a central subset of 500 pixels x 500
pixels from Earth Resources Observation and Science (EROS) Center
Science Processing Architecture (ESPA; https://espa.cr.usgs.gov; Last
access on January 10, 2020), including surface reflectance, TOA re-
flectance, and QA. This gave us a total of 2169 Landsat 8 subset images.
The surface reflectance is generated using the Landsat 8 Surface Re-
flectance Code (LaSRC) developed by Vermote et al. (2016). Note that
some images were excluded from our analysis because when their solar
zenith angles are larger than 76 degrees, they were not processed to
surface reflectance. The QA Band has a cirrus cloud mask indicator
using a simple 0.02 threshold in the Cirrus Band TOA reflectance
(Kovalskyy and Roy, 2015). It also includes a cloud mask made using
Fmask (including all kinds of clouds), which is created based on Version
3.3 of the Fmask algorithm (Zhu et al., 2015a; Zhu and Woodcock,
2012).

From the 2169 Landsat 8 subset images, we selected 303 with al-
most no cloud cover (fully clear images) and 122 that are almost
completely covered by cirrus clouds (fully covered by cirrus clouds) to
provide a sufficient number of observations to help determine the key
parameters in Cmask (Table S2 and S3). We interpreted the entire
images (fully clear or fully covered by cirrus clouds) rather than single
pixels, as cirrus clouds often occur over large areas and a one-time
large-scale interpretation can provide lots of samples.

To evaluate the accuracy of the Cmask algorithm, we carefully in-
terpreted another 1800 reference samples based on a simple random
strategy, in which 5 pixels were randomly selected from each of the
remaining 72 Landsat 8 sites of the “Biome” dataset, and for each pixel,
5 observations were randomly selected from the entire Landsat 8 time
series (Fig. 2). Three categories, ‘cirrus cloud’, ‘non-cirrus cloud’ (i.e.
another kind of cloud), and ‘clear’, were carefully determined by the
spectral, shape, and texture characteristics from the Landsat 8 imagery.
If a pixel is bright in the Cirrus Band and presents any of the cirrus
cloud shape/texture properties in Table 1, it will be interpreted as
‘cirrus cloud’; otherwise, it is labeled as either ‘non-cirrus cloud’ or
‘clear’. Sometimes it is hard to determine the category for some samples
(e.g., cirrus or non-cirrus cloud). We excluded a small proportion of
samples that are difficult to interpret, and a total of 1722 reference
samples were collected (Table 1). The reference samples can be found at
www.github.com/gersl/cmask.
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3. Effect of cirrus cloud on optical spectral bands

To identify the optimum threshold for cirrus cloud detection using
the Cirrus Band, we analyzed the effect of increments of the Cirrus Band
TOA reflectance on the surface reflectance of six optical bands (Band 2 -
Blue, Band 3 - Green, Band 4 - Red, Band 5 - NIR, Band 6 - SWIR1, and
Band 7 - SWIR2) in Landsat 8. We define an observation to have been
affected by a cirrus cloud if the cloud's presence has caused the change
of any of the six optical bands larger than two times the estimated
overall uncertainty from the LaSRC atmospheric correction algorithm
(Vermote et al., 2016). Assuming the uncertainty from the LaSRC at-
mospheric correction algorithm follows a normal distribution, the use
of two times the uncertainty for defining observations affected by cirrus
clouds maintains similar uncertainty as Landsat 8 surface reflectance
(within 95% confidence interval).

To estimate the increment of the Cirrus Band TOA reflectance
caused by cirrus cloud, we need to predict Cirrus Band TOA reflectance
for observations not affected by cirrus cloud. This step is necessary, as
in some locations and situations, surface reflectance contributes to the
observed TOA reflectance in the Cirrus Band, and unless we account for
this contribution by the surface, we won't be able to separate it from the
effect of the clouds. We developed a time series model to perform this
task (see Section 4 for details), and by differencing the predicted TOA
reflectance with the observed TOA reflectance in the Cirrus Band, we
can estimate how much the Cirrus Band TOA reflectance increases. The
larger the difference, the more likely the observation is adversely af-
fected by a cirrus cloud.

We also estimated the surface reflectance of the six optical bands for
clear observations. We used the Continuous Change Detection and
Classification (CCDC) algorithm to predict the surface reflectance of
each optical band for the corresponding observations (Zhu et al.,
2015b). The CCDC algorithm uses clear observations, derived from the
Fmask and Tmask (multiTemporal mask) algorithms (Zhu et al., 2015a;
Zhu and Woodcock, 2012, 2014b), to predict the surface reflectance at
any given date. Meanwhile, it also detects land cover changes by con-
tinually differencing the CCDC predictions and the actual observations
in the optical bands. In this study, we only used stable pixels (no land
cover change) for our analysis because the change detection results are
not 100% accurate and errors may affect prediction of surface

Table 1
Cloud categories and the number of samples collected within each category.
Types Number of Definitions
Samples
Cirrus cloud  Cirrus 460 Detached clouds in the form of white, delicate filaments, mostly white patches or narrow bands. They may have a fibrous
(hair-like) and/or silky sheen appearance.

Cirrostratus Transparent, whitish veil clouds with a fibrous (hair-like) or smooth appearance. A sheet of cirrostratus which is very
extensive, nearly always ends by covering the whole sky.

Cirrocumulus Thin, white patch, sheet, or layered of clouds without shading. They are composed of very small elements in the form of
more or less regularly arranged grains or ripples. There will be a connection with cirrus or cirrostratus and will show some
characteristics of ice crystal clouds.

Contrails Narrow, elongated cloud formed as jet aircraft exhaust condenses in cold air at high altitudes, indicative of upper level
humidity and wind drift.

Non-cirrus Non-cirrus cloud 386 Any cloud type, except for cirrus clouds.

Clear 876

Observations without any kinds of clouds.

Definitions are from U.S. National Weather Service (NWS) (https://www.weather.gov; Last access on January 10, 2020).
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Fig. 3. Scatter plots of the increment of the surface reflectance of Blue, Green, Red, NIR, SWIR1, and SWIR2 Bands versus the increment of the Cirrus Band TOA
reflectance based on the dark surface samples (CCDC predicted surface reflectance less than 0.1) derived from 2169 Landsat 8 images globally distributed over 24
sites (Fig. 2). A Cirrus Band TOA reflectance is the difference in Cirrus Band TOA reflectance between the real observation and the Cmask prediction, and A surface
reflectance is the difference of surface reflectance between the real observation and the CCDC prediction for each of the spectral bands. The white line is the estimated
Cirrus Line (CL). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

reflectance. Moreover, considering that the bright land surfaces already
have a high reflectance in each optical band and their surface re-
flectance may not change much even when cirrus clouds are present, we
used all the stable observations where the predicted surface reflectance
of all bands is less than 0.1 for our analysis (dark surface samples).
From the 2169 Landsat 8 subset images (Fig. 2), we randomly se-
lected 0.1% (for reducing computation) of the dark surface pixel sam-
ples (with CCDC predicted surface reflectance less than 0.1) and plotted
the increment (real observation — Cmask prediction) of Cirrus Band
TOA reflectance versus the increment (real observation — CCDC pre-
diction) of surface reflectance for Blue, Green, Red, NIR, SWIR1, and
SWIR2 Bands, respectively (Fig. 3). In each plot, a bimodal pattern can
be observed, that presents non-cirrus cloud and cirrus cloud char-
acterization (as the example for the Blue Band in Fig. 3). Non-cirrus
clouds (e.g., cumulus and stratus) are usually at low altitudes and op-
tically thick, and subsequently they hardly vary in Cirrus Band TOA
reflectance (which is always dark) but often increase the reflectance
surface of optical bands substantially. Therefore, they often are piled-up
near the y-axis (little or no difference in Cirrus Band but large differ-
ence in other bands). On the other hand, cirrus clouds are often at high
altitudes (most likely in 8.5- 10 km range) and most cirrus clouds are
optically transparent or semi-transparent with different optical depths
(Mace et al., 2001). It is well understood that the thinner the cirrus
cloud, the less its impact on observations in optical bands. Therefore,
the bottom line of the scatter plot shows the impact of cirrus clouds
with the least optical thickness, which is also the kind of “invisible”
cirrus clouds that are most difficult to detect. To better capture this
bottom line within each scatter plot, we used Ordinarily Least Squares
(OLS) regression to generate a straight line against the low statistical
value (two percentile) of surface reflectance difference within each

0.002 interval of the Cirrus Band TOA reflectance difference (see white
lines in Fig. 3). This straight line is considered as the “Cirrus Line” (CL),
which quantifies the impacts of most thin cirrus clouds on surface re-
flectance of different optical bands. It is worth noting that the use of the
low statistical value (two percentile) can exclude potential outliers from
the band-to-band misalignments of clouds caused by the parallax effect
of the OLI focal plane (Gao and Li, 2017), as cloud displacement pixels
will mainly locate in the areas close to the x-axis (large difference in
Cirrus Band but less difference in other bands) or y-axis (little or no
difference in Cirrus Band but large difference in other bands) in Fig. 3.

Based on the CLs and the allowed uncertainty of surface reflectance,
we can estimate a threshold for cirrus cloud detection based on the

Table 2
Selection of cirrus cloud thresholds according to the uncertainty of the Landsat
8 OLI surface reflectance from the LaSRC algorithm (Vermote et al., 2016).

OLI band Wavelength (um)  Slope Surface reflectance Cirrus cloud

uncertainty threshold
Blue 0.452-0.512 1.1543  0.0085 (0.0170) 0.0147
Green 0.533-0.590 1.0101 0.0054 (0.0108) 0.0107
Red 0.636-0.673 1.1338  0.0040 (0.0080) 0.0071
NIR 0.851-0.879 1.2521  0.0026 (0.0052) 0.0042
SWIR 1 1.566-1.651 0.7210 0.0011 (0.0022) 0.0031
SWIR 2 2.107-2.294 0.7175 0.0036 (0.0072) 0.0100

Note the cirrus cloud thresholds are calculated based on two-times surface re-
flectance uncertainty of each band (the number in bracket). The minimum
value of 0.0031 (highlighted in the bold and italic letter) is chosen as the op-
timum threshold to define cirrus cloud, which ensures all optical bands are
within the threshold of twice the uncertainty of the surface reflectance pro-
ducts.
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difference between observed and predicted cirrus band TOA re-
flectance. The results suggest that the cirrus cloud threshold is band-
dependent and when the presence of cirrus clouds increases the Cirrus
Band TOA reflectance between 0.0031 and 0.0147, they will affect at
least one of the optical bands by more than double the uncertainty of
the surface reflectance products (within 95% confidence interval)
(Table 2). Therefore, a threshold of 0.0031 increase in Cirrus Band TOA
reflectance is suggested for cirrus cloud detection to ensure all optical
bands are within the threshold of twice the uncertainty of the surface
reflectance products. Note that the threshold of 0.0031 is used for the
Cirrus Band TOA difference between model prediction and actual ob-
servation, instead of applied directly on the Cirrus Band as other studies
did (Kovalskyy and Roy, 2015; Wilson and Oreopoulos, 2013). The
proposed cirrus cloud threshold is also much lower than has been
proposed in other previous studies (usually between 0.02 and 0.04),
which is mostly due to the better prediction of Cirrus Band TOA re-
flectance.

4. Detection of cirrus clouds — Cmask algorithm

Unlike most of the multitemporal cloud detection algorithms that
use the optical bands acquired at a different time to identify clouds
(Frantz et al., 2015; Goodwin et al., 2013; Hagolle et al., 2010; Zhu and
Helmer, 2018; Zhu and Woodcock, 2014b), the Cmask algorithm uses
only the Cirrus Band time series to identify cirrus clouds. The basic idea
is that we can predict the Cirrus Band TOA reflectance of “non-cirrus”
(or “good”) observations at any date using a time series model. When
the observed TOA reflectance of the Cirrus Band is higher than the
model prediction, it is labeled as a cirrus cloud. The flowchart of the
Cmask algorithm is illustrated in Fig. 4.

4.1. Cmask time series model

For every pixel, a harmonic time series model with a water vapor
regressor will be estimated based on all Landsat 8 Cirrus Band ob-
servations. The Cirrus Band is a water vapor absorption band, which is
sensitive to water vapor concentration in the atmosphere when no
cirrus clouds are present. Water vapor can change dramatically from
day to day, or even from hour to hour based on patterns of temperature
and precipitation (Nilsson and Elgered, 2008). For most atmosphere
conditions, there is sufficient water vapor to make the Cirrus Band
extremely dark. Nevertheless, for areas with very dry atmospheres, the
seasonal variation of water vapor (Mastenbrook, 1971) will ultimately
affect the Cirrus Band, and sometimes make the land surface visible in
the Cirrus Band. Therefore, we used a harmonic model (Davis, 1986;
Rayner, 1971) to model the intra-annual change in the Cirrus Band TOA
reflectance (Eq. (1)) for each pixel. However, the harmonic model alone
cannot capture the sudden change of Cirrus Band TOA reflectance
caused by the fluctuation of water vapor (e.g., dry air). Thus, we added

Time Series

Cirrus Band Obeived
TOA. Cirrus Band (p)
Reflectance
Fitting
> Time Series Differing
Model

Time Series
Water Vapor
Content

Model Estimated
Cirrus Band (p)

Fig. 4. Flowchart of Cmask algorithm.
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Fig. 5. Selection of n for the water vapor regressor using 303 absolutely clear
images. Note that when n equals to 1, the model shows the lowest average Root
Mean Square Error (RMSE). wy means integrated water vapor.

a water vapor regressor (provided from IWV) to account for the times
when atmospheric water vapor differs from normal. According to the
Beer-Lambert law, the water vapor absorption process in atmosphere
can be described as an exponential function of the integrated water
vapor content (wv), therefore, we added the water vapor regressor as
shown in Eq. (1). To determine the optimum value of n, we changed n
from O to 5 with an interval of 0.5, and evaluated model performance
by calculating the average Root Mean Square Error (RMSE) between
model estimates and real observations of the 303 clear images. When n
equals to 1, the water vapor regressor (e~ "") resulted in the highest
accuracy (lowest RMSE) (Fig. 5). Note that exclusion of the water vapor
regressor (when the power is 0) increases the RMSE substantially.

~ .2 2
() = ay + asin ?ﬂt + b, cos Tﬂt + crew®

@

where,

p is predicted Cirrus Band TOA reflectance,

t is Julian date,

T is the number of days per year (T = 365.25),

ay is coefficient for overall Cirrus Band TOA reflectance,

a;, b; are coefficients for inter-annual change in the Cirrus Band
(particularly useful in dry air environments),

¢, is the coefficient for the water vapor deviation from what is
normal,

wv is integrated water vapor (unit: kg/m?),

nis equal to 1.

Fig. 6 shows two examples of the Cmask time series model. For the
location with moist air (Fig. 6a), there is sufficient water vapor in the
atmosphere and the Cirrus Band is dark consistently unless cirrus clouds
(e.g., P2, P3, and P4) are present. The constant coefficient (ap) is the
most important factor for this simple environment and at the same time
the remaining three coefficients (a;, b;, and c,) are very close to zero.
For the location with dry air (Fig. 6b), however, the atmospheric water
vapor is less sufficient, and the Cirrus Band shows a seasonal pattern.
The single constant coefficient (ap) does not work, and the harmonic
coefficients (a;, b;) are able to capture the intra-annual change, but
cannot model the abnormal deviations in the Cirrus Band caused by
rapid changes of the atmospheric water vapor content such as P4 and
P5 in Fig. 6b. Fortunately, this kind of change can be captured by the
water vapor variable (cy), and the full model with all three coefficients
(agp, aj, by, and c,) achieves the best results (Fig. 6b). The benefits from
the inclusion of the water vapor are also evidenced from Fig. 5, in
which exclusion of water vapor would result in less accurate prediction
of the Cirrus Band (larger RMSE). At the same time, by comparing the
detected results using the model with water vapor and without water
vapor, we observed a decrease in overall accuracy when the water
vapor component is not included, and for places with dramatic water
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Fig. 6. Illustration of the different components of the Cmask time series model. (a) An example in a location characterized by moist air conditions. Observations P1
and P5 are clear while P2, P3, and P4 are affected by cirrus cloud. (b) An example in a location with dry air conditions. P1, P4, and P5 are clear observations while P2
and P3 are affected by cirrus cloud. Note all Landsat 8 Cirrus Band TOA reflectance data between March 2013 to June 2018 were used to generate the time series
models using the Robust Iteratively Reweighted Least Squares (RIRLS) regression method (see Section 4.2 for details). The three time series plots in the upper panel
illustrate the importance of the different components of the time series model, and the two rows of images in the lower panel show the Landsat 8 subset images
collected at different points of time (first row — false color images with SWIR1, NIR, and Red Bands composited; second row — Cirrus Band TOA reflectance). The blue

circles indicate the observations selected from the central pixel of the subset images in the lower panel. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)
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(b) Dry Air Point (42° 46' 10" W, 70° 54’ 41" N)
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Fig. 7. Prediction accuracy of Cirrus Band TOA reflectance at different intervals
of the observed Landsat Cirrus Band TOA reflectance based on 303 fully clear
images. Prediction accuracy decreases along with the increments of the ob-
served Cirrus Band. RMSE: Root Mean Square Error.

vapor changes, large commission of cirrus clouds were observed (see
Section 5 for details).

4.2. Time series model estimation

For each pixel, Cmask estimates the coefficients of the time series
model (Eq. (1)) based on all Landsat 8 Cirrus Band TOA reflectance data
using the Robust Iteratively Reweighted Least Squares (RIRLS) regres-
sion approach (see Supplementary Materials for details). In each
iteration, RIRLS can adjust the weights of each data point, which can
greatly reduce and even remove the influence of outliers in the re-
gression (Dumouchel and O'Brien, 1992; Heiberger and Becker, 1992;
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Fig. 9. Histogram of the normalized difference between observed and predicted
Cirrus Band TOA reflectance for clear and cirrus cloud observations derived
from the 303 clear images and 122 cirrus images. The value of 0.5 is optimal for
distinguishing cirrus clouds from clear observations.

Holland and Welsch, 1977; O'Leary, 1990; Street et al., 1988). Con-
sidering the relatively infrequent occurrence of cirrus clouds (~20%
globally) (Heymsfield et al., 2016; Kovalskyy and Roy, 2015), RIRLS
can automatically exclude the limited number of outliers due to cirrus
clouds, and use the remaining “good” observations to create the Cmask
time series model.

We compared model predictions with real observations for the
previously selected 303 clear images, and found that most of the pre-
dictions (more than 90%) are accurate (an average RMSE of 0.0034)
(Fig. 7). On the other hand, we found the prediction accuracy decreases
as Cirrus Band TOA reflectance increases (Fig. 7). The visual compar-
isons in Fig. 8a indicates that the predicted Cirrus Band is very similar
to the observed Cirrus Band when the atmosphere is moist and the
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Fig. 8. Examples of Cmask predicted Cirrus Band TOA reflectance. (a) Results for the Landsat 8 image (Path 166/Row 43; May 28, 2014) where the air is moist and
the Cirrus Band is relatively dark. (b) Results for the Landsat 8 image (Path 63/Row 15; March 7, 2014) where the air is relatively dry in the mountains. The images
are central subset images of 500 pixels X 500 pixels from the original Landsat images. A false color image is shown with NIR, Red, and Green Bands composited. The
difference image is calculated based on the observed Cirrus Band TOA reflectance minus the predicted Cirrus Band TOA reflectance. Note that the observed and
predicted Cirrus bands are displayed using the same stretch, so they are directly comparable. (For interpretation of the references to color in this figure legend, the

reader is referred to the web version of this article.)
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Cirrus Band is dark. However, when the air is dry and the Cirrus Band
includes a bright surface signal, the Cmask prediction is less accurate
(see the high mountain areas in Fig. 8b).

4.3. Cirrus cloud detection

The main idea of cirrus cloud detection algorithm is based on the
difference between the observed Cirrus Band TOA reflectance (p) and
the predicted Cirrus Band TOA reflectance (7). Ideally, the larger the
difference (o — p), the more likely it is a cirrus cloud observation.
However, for places with high Cirrus Band TOA reflectance (e.g., high
mountain and polar regions) this hypothesis may be no longer valid, as
it is more difficult to predict the values of Cirrus Band TOA reflectance,
and this problem is more severe when the observation value (p) in-
creases (Fig. 7). Therefore, we used p to normalize the difference
(p — p) in Eq. (2), which magnifies the threshold to remove or suffi-
ciently reduce the potential commission errors. For real cirrus clouds,
this normalized difference will be close to 1, as p will be much larger
than p. For non-cirrus observations (including non-cirrus cloud and
clear observations), the normalized difference will be close to zero or

Path180/Row66 24-Oct-2015
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40

-30
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negative. To determine a threshold to detect cirrus clouds, we calcu-
lated the normalized difference distribution of many clear and cirrus
cloud pixels (from 303 clear images and 122 cirrus images in Section
2.2) and found that 0.5 is the optimal threshold with the least overlap
between the two distributions (Fig. 9). Moreover, according to the
impact of thin cirrus clouds in Table 2, a simple difference test
(o —p) > 0.0031 (inherited from SWIR1 Band) is added as another
criterion for cirrus cloud detection (Eq. (2)).

PO =PO  15and PD=PDO _

o(t) 0.0031 (2

5. Visual and accuracy assessment

We compared the Cmask result with the cirrus cloud mask from the
USGS QA Band visually and then assessed its accuracy.

5.1. Visual assessment
Compared with USGS QA, Cmask performs better in cirrus cloud

Path20/Row46 19-Jul-2015

Fig. 10. Comparisons of Cmask and the USGS QA flag results (white color) for different Landsat images (subset images with 500 pixels x 500 pixels). The upper left
image is a false color image. The upper right image is the Cirrus Band TOA reflectance (Unit: x 10*). The lower left image is the USGS QA flag results. The lower right
image is the Cmask results. The false color images in d, h, i, and j are shown with the SWIR1, NIR, and Red Bands composited, and the others are shown with the NIR,
Red, and Green Bands composited. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

10



S. Qiu, et al.

%10

Path166/Row43 06-Sep-2016
-300

- 200

100

Path41/Row37 23-Oct-2014

Remote Sensing of Environment 246 (2020) 111884

4

Path139/Row29 01-Dec-2017 x10

&)

<500

400

- 300

200

100

0

Fig. 10. (continued)

detection in different parts of the world (Fig. 10). Fig. 10a shows the
results of a Landsat 8 image over a complex surface area of forest,
barren, and water located in South-Central Africa, in which there are
lots of thin cirrus clouds. Most of them are found by both Cmask and
USGS QA, but the USGS QA data omits some cirrus clouds, especially at
the boundaries of cirrus clouds. Fig. 10b shows a Landsat 8 image ac-
quired from South American in tropical climates. There are lots of cu-
mulus clouds and some cirrus clouds in this image. Compared to USGS
QA, Cmask better detects the optically thin clouds. Fig. 10c and d show
images characterized by agriculture from the same location in North
American. In Fig. 10c, there are a few small cumulus clouds and a large
area free of clouds. Both Cmask and USGS QA generated good cirrus
cloud masks. For a different date (Fig. 10d), however, this area is
covered by snow/ice and has high Cirrus Band TOA reflectance caused
by the low water vapor in the atmosphere. For this special case, the
USGS QA detected almost all of the clear surfaces as cirrus cloud, but
Cmask did not have this problem. Fig. 10e shows an image in the
Arabian Desert, characterized by some human activities (e.g., urban
and agriculture). The USGS QA omitted thin cirrus clouds, but Cmask
found them successfully. Fig. 10f illustrates the results of the image
located in the Gobi Desert near Tibet. Comparing to the USGS QA,
Cmask detected thin cirrus clouds more accurately. Fig. 10g shows a
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water image where Cmask successfully captured the thin cirrus clouds
omitted in the USGS QA. Fig. 10h shows a mountainous image where
snow/ice are present on the mountain tops. In the Cirrus Band, the high
mountains (high reflectance) are apparent. The USGS QA flags show
many commission errors in the high mountains, and Cmask works
better in these situations. Fig. 10i and j share similar snow/ice cov-
erage. The image in Fig. 10i is located in Greenland, when no cirrus
clouds are present (there are some small cumulus clouds). The USGS QA
flag misidentified the surface and the cumulus clouds as cirrus cloud. At
the same time, it also omitted some cirrus clouds when snow/ice are
present (Fig. 10j). Cmask showed better cirrus cloud detection results
for the two images. More examples can be found in the Supplementary
Materials (Pages 10-30).

5.2. Accuracy assessment

Compared with ‘cirrus cloud’ and ‘non-cirrus’ types from our vali-
dation samples (Table 1), Cmask achieved an overall accuracy of
86.41% at the pixel level, which is higher than USGS QA (83.28%)
(Table 3). For identifying the cirrus clouds, the producer's accuracy of
Cmask is 10% higher than that of USGS QA and the user's accuracy of
Cmask is also higher than that of USGS QA (71.73% versus 67.77%).
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Table 3
Confusion matrix of comparison between Cmask and USGS QA for ‘cirrus cloud’
and ‘non-cirrus’.

Visual User's (%)
Cirrus cloud Non-cirrus
Cmask
Cirrus cloud 373 147 71.73
Non-cirrus 87 1115 92.76
Producer's (%) 81.09 88.35 Overall (%) 86.41
USGS QA
Cirrus cloud 328 156 67.77
Non-cirrus 132 1106 89.34
Producer's (%) 71.30 87.64 Overall (%) 83.28

Note ‘non-cirrus’ includes clear and any clouds type but not cirrus cloud.

Compared to USGS QA, Cmask also has higher producer's and user's
accuracy for determining ‘non-cirrus’.

Though Cmask is designed for detecting cirrus clouds solely, other
non-cirrus clouds at high altitudes (e.g., top of cumulus cloud) are
consistently labeled as cirrus clouds and are the major source of com-
mission errors (Fig. 11). Considering that any kind of clouds need to be
excluded for further applications, this kind of commission error is not

Table 4
Confusion matrix of the comparison between Cmask and USGS QA for ‘cirrus
cloud’ and ‘clear’.

Visual User's (%)
Cirrus cloud Clear
Cmask
Cirrus cloud 373 23 94.19
Clear 87 853 90.74
Producer's (%) 81.09 97.37 Overall (%) 91.77
USGS QA
Cirrus cloud 328 62 84.10
Clear 132 814 86.05
Producer's (%) 71.30 92.92 Overall (%) 85.48

particularly harmful. Therefore, we performed another accuracy as-
sessment by excluding the reference samples for non-cirrus clouds and
only considering the performance for distinguishing ‘cirrus cloud’ and
‘clear’ (Table 4). This adjusted accuracy assessment shows that the
Cmask algorithm achieved a much higher overall accuracy than the
USGA QA (91.77% versus 85.48%). For both producer's and user's ac-
curacy for ‘cirrus cloud’, Cmask achieved approximately 10% higher
accuracies than USGS QA in cirrus cloud detection and 5% ~ 6%

x10*
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Fig. 11. An example of commission of cirrus clouds from non-cirrus clouds in Cmask for a Landsat 8 image with 500 pixels x 500 pixels located at Path 1/Row 73
acquired on March 13, 2017. Non-cirrus clouds located at high altitudes (e.g., top of cumulus cloud) were incorrectly masked as cirrus. The left image is the false
color image shown with NIR, Red, and Green Bands composited. The middle image is the Cmask cirrus cloud mask (white color). The right image is the Cirrus Band
TOA reflectance (Unit: x 10%). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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improvements in producer's and user's accuracies than USGS QA for
‘clear’. This means Cmask can reduce almost half errors compared to
USGS QA (8% versus 15% of the total existing error).

6. Discussion and conclusions

In this study, we focused on the question ‘what is a cirrus cloud in
Landsat 8 imagery?’ by quantitively comparing the increment of Cirrus
Band TOA reflectance and the increment of optical band surface re-
flectance. We found that the impact of cirrus cloud is band-dependent
and the surface reflectance of Blue Band is affected by cirrus cloud most
seriously while the SWIR2 Band is the least influenced (Fig. 3 and
Table 2). This is also similar to the findings in the studies made by
DeSlover et al. (1999) and Gao and Li (2017). Based on the Landsat 8
surface reflectance product created by the LaSRC algorithm (Vermote
et al., 2016), we empirically made a cirrus cloud definition that a pixel
should be labeled as cirrus cloud when its Cirrus Band TOA reflectance
increases 0.0031. This threshold is derived from atmospheric correction
uncertainty in the SWIR1 Band, and users can also select another
threshold from Table 2 to define how ‘cirrus’ a pixel should be identi-
fied, dependent on other optical band(s). It should be also noted that
the cirrus cloud definition may change if another atmospheric correc-
tion method is used.

To answer the question ‘how to accurately detect cirrus clouds in
Landsat 8 images?’, we proposed the Cmask algorithm by using the time
series of the Cirrus Band and an external water vapor regressor.
Benefiting from many observations in the Cirrus Band, Cmask is almost
unaffected by surface reflectance, particularly in moist air conditions
(sufficient water vapor). For example, there is a pixel changed from
‘forest’ to ‘developed’. Although we can see the change from the optical
bands such as Blue and SWIR1 (Fig. 12a and b), the Cirrus Band is still
stable at low values due to water vapor absorption (Fig. 12c).

The inclusion of water vapor in the regression is important for
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Fig. 13. Histogram of disagreements between Cmask with and without water
vapor regressor for all 2169 images. The y-axis is at a log-10 scale.

improving cirrus cloud detection, particularly over areas with dry air,
such as high mountains and polar ice/snow regions. By comparing
Cmask results generated with and without water vapor regressor (Eq.
(1)), we observed an overall 3.63% disagreement for all 2169 images, in
which most of the images presented relatively small differences but
some of them show large differences (Fig. 13). To evaluate the benefit
of using water vapor regressor, we randomly created and manually
interpreted 69 samples (including ‘cirrus’ and ‘clear’) at these places of
disagreement. We found that Cmask using the water vapor regressor
achieved much higher overall accuracy than when the water vapor
regressor is omitted (75% versus 25%) (Table S4). This is mainly be-
cause the commission errors of ‘cirrus cloud’ from ‘clear’ substantially
increase over the places with dramatic water vapor changes once the
water vapor regressor is excluded (Fig. 14; Table S4). Therefore, we
generally recommend including the water vapor regressor in the Cmask
model, as it does no harm to the algorithm, and for places with dry
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Fig. 12. Combination of Cmask and Fmask results for screening out clouds and cloud shadows for creating better Landsat 8 time series for a pixel located at 107° 20’
58” W, 24° 50" 46” N. (a) Time series of Blue Band surface reflectance. (b) Time series of SWIR1 Band surface reflectance. (c) Time series of Cirrus Band TOA
reflectance. This pixel is changed from forest to developed. (For interpretation of the references to color in this figure legend, the reader is referred to the web version

of this article.)
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Fig. 14. Comparisons of Cmask result with and without water vapor regressor over high mountain (a) and snow/ice sheet (b). Almost all clear pixels are misidentified
as cirrus cloud if water vapor regressor is excluded (Eq. (1)). Note that the upper left image is a false color image (a) shown with NIR, Red, and Green Bands
composited, and (b) is shown with SWIR1, NIR, and Red Bands composited. The upper right image is the Cirrus Band TOA reflectance (Unit: X 10%). The lower left
image is the Cmask results with water vapor regressor. The lower right image is the Cmask results without water vapor regressor. White color indicates the presence
of cirrus clouds. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 15. Scatter plot of disagreement versus water vapor content for 2169
images. The disagreement generally increases as the water vapor content de-
creases. The mean disagreement will be larger than 2% with a maximum value
(at 95th percentile) of 20% when the water vapor content is less than 10 kg/m?.
Disagreement indicates the places where Cmask with and Cmask without water
vapor regressor do not agree. The 95th percentile and the mean lines are cal-
culated based on the data in each water vapor bin with an interval of 2 kg/m?.

atmospheric conditions this extra component will greatly improve
Cmask algorithm by reducing commission errors. The water vapor data
we used are from global MERRA-2 reanalysis data with coarser spatial
resolution, and outliers are sometimes present, particularly in high la-
titudes (Gelaro et al., 2017). If a better global water vapor product free
of clouds can be acquired, the Cmask algorithm will work better.

To evaluate the impacts of water vapor on Cmask, we plot the
percent of disagreement (Cmask results with versus without using water
vapor regressor) against the water vapor content for all the 2169
images (Fig. 15). It is clear that the lower the water vapor content the
larger the percent of disagreement. It is worth noting that when the
water vapor content is larger than 10 kg/m?, the mean disagreement is
less than 2%, and majority of the disagreements (95th percentile) are
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less than 20%, which indicates water vapor regressor has very limited
effect on Cmask with water vapor content at this level. Therefore, we
can create a global mask of places where water vapor regressor should
be included in Cmask if their historical lowest water vapor content is
less than 10 kg/m?, and in the other places water vapor regressor is
optional (Fig. 16).

Additionally, Cmask detects some non-cirrus clouds located at high
altitudes (e.g., cumulus overshooting top) as well (Fig. 11). This is not a
problem for a cloud detection algorithm because any kind of cloud
should be screened out for further applications (e.g., land cover change
detection) (Bullock et al., 2019; Huang et al., 2009; Zhu et al., 2012). At
the same time, considering that Cmask is not designed for detecting
non-cirrus clouds, we recommend combining Cmask and another cloud
detection algorithm (e.g., Fmask) to detect all kinds of clouds in LTS. In
Fig. 12, an observation is labeled as clear if both Fmask and Cmask
detect them as clear (black dots). Although Cmask is designed for
Landsat 8, it can be easily transferred to any sensor with a cirrus band
(e.g., Sentinel-2).

Cmask also has some limitations. First, it may misidentify some
clear surfaces as cirrus cloud, such as in high mountain areas (Fig. 17a).
This occurs because Cmask may underestimate the Cirrus Band. Though
some commission errors may occur in high reflectance areas, we ob-
served that only very few images have this problem. Second, Cmask had
some omission errors of cirrus cloud, especially in high cirrus TOA re-
flectance areas such as polar regions (Fig. 17b). The omission errors are
mainly from very thin cirrus clouds, because the observation-corrected
difference makes Cmask require a higher threshold to detect cirrus
cloud (Eq. (2)), but the thin cirrus clouds only brighten the Cirrus Band
by a small amount especially for very bright surfaces (e.g., snow/ice).
Considering very few cirrus clouds are over those places (Sassen et al.,
2008) this is not a serious issue. The users can also increase or decrease
the detection threshold to reduce the commission or the omission errors
for their study areas and research purposes (Eq. (2); Fig. 9).

In conclusion, we provided a quantitive definition of when a pixel
should be labeled as ‘cirrus cloud’ and proposed a new cloud detection
algorithm called Cmask for operational and automated detection of
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Fig. 16. Global mask of places where water vapor regressor should be included in Cmask (red mask). Minimum water vapor content is the background. The minimum
values of global water vapor content are calculated based on historical daily water vapor products from MERRA-2 data between 2013 and 2017 at 5th percentile to
exclude possible data errors. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 17. Examples of Cmask commission (a) and omission (b) errors. The upper left image is the false color image shown with SWIR1, NIR, and Red Bands
composited. The upper right image is the Cirrus Band TOA reflectance (Unit: x 10%). The lower left image is the cirrus cloud mask of USGS QA (white color). The
lower right image is the cirrus cloud mask generated by Cmask (white color). (For interpretation of the references to color in this figure legend, the reader is referred
to the web version of this article.)
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