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ABSTRACT
Clouds are well established as a major source of uncertainty in climate and are the dominant
modulators of radiation both at the surface and at the top of the atmosphere. Their impact on the
Earth’s radiation budget mainly depends on the bulk cloud properties, such as cloud amount,
height, and microphysical/optical characteristics. Large-scale satellite data are needed to both
verify and improve general circulation model (GCM) parameterizations of clouds and radiation
for climate prediction. For reliable application of satellite datasets in cloud processes and climate
models, it is important to have a reasonable estimate of the bias and uncertainty in the derived
cloud properties. Ideally, the calibration and evaluation of passive radiometric-based cloud
products should be done via in-situ aircraft. This is often impractical; thus, satellite retrievals are
often validated with long-term ground-based or space-borne active remote sensing instruments.
This dissertation makes use of both types of platforms for validating passive radiometricbased cloud products. In the first study, the daytime single-layered low-level cloud properties
retrieved by instruments onboard GOES are compared with ground-based observations and
retrievals over the DOE ARM SCF from June 1998 through December 2006. Comparisons are
made for monthly means, diurnal means, and one-to-one GOES and ARM collocated pairs. GOES
cloud effective temperature (Teff) is highly correlated with ARM cloud-top temperature (Ttop),
having an R2 value of 0.75, though GOES exhibits a cold bias. GOES retrieved cloud optical depth
(τ) and liquid water path (LWP) have very good agreement with ARM retrievals with R2s of 0.45
and 0.47, while GOES retrieved cloud-droplet effective radius (re), on average, is about 2 µm
greater than ARM re. An examination of solar and viewing geometry has shown that GOES
retrieved mean re and τ values are impacted by solar zenith angle (SZA) and especially scattering
angle (SCA).

17

In the second study, a quantitative evaluation of maritime transparent cirrus cloud
detection, which is based on GOES-16 data and developed with collocated CALIOP profiling, is
performed. First, the relationships between the clear-sky 1.378 µm radiance, viewing/solar
geometry, and precipitable water vapor (PWV) are characterized. Next, detection thresholds are
computed using the Ch. 4 radiance (λ= 1.378 µm) as a function of viewing/solar geometry. In
addition to bulk statistics, an example application and case study are shown for validation. The
algorithm detects nearly 50% of sub-visual cirrus (COD or τ < 0.03), 80% of transparent cirrus
(0.03 < COD < 0.3), and 90% of opaque cirrus (COD > 0.3). This study lays the groundwork for
a more complex, operational algorithm to detect GOES transparent cirrus clouds.
In the third and final study, this algorithm is modified and applied for detecting transparent
cirrus clouds over land for removing some potential false-alarm pixels. Clear-sky false alarm rates
over land are examined as a function of PWV, and a threshold for pixel-rejection is determined.
Then, thresholds for removing pixels with low- and mid-level clouds underneath are devised by
integrating the water vapor mixing ratio between the top-of-the-atmosphere (TOA) and a specific
altitude. The total-column and layer PWV thresholds are applied to the full over-land sample to
determine their effectiveness in reducing the number of false alarms. This study suggests that for
cirrus applications, lower-tropospheric clouds are a much more significant source of contamination
than the land surface, due to the difficulty of removing them without the addition of downstream
or level-2 products.
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CHAPTER 1: INTRODUCTION
1.1 IMPORTANCE OF CLOUD DETECTION AND PROPERTY RETRIEVAL
Clouds are well established as a major source of uncertainty in climate prediction [Wielicki
et al., 1995; IPCC, 2014] and modeling [Randall et al., 2003]. They are the dominant modulators
of radiation both at the surface and at the top of the atmosphere (TOA), and their impact on the
Earth’s radiation budget mainly depends on the bulk properties of clouds such as cloud amount,
height, and microphysical/optical characteristics [Curry et al., 2000; Houghton et al., 2001].
Characterizing cloud radiative effects at the surface and TOA is a critical component in
understanding the current climate and an important step towards simulating potential climate
change. Large-scale satellite data can be applied to help verify and improve general circulation
model (GCM) parameterizations of clouds and radiation for climate prediction. For reliable
application of satellite datasets in cloud processes and climate models, it is important to have a
reasonable estimate of the bias and uncertainty in the derived cloud properties.
Improving the accuracy of satellite-based cloud detection is an important factor in
downstream applications such as cloud microphysical property retrieval and model evaluation.
Historical estimates of global cirrus cloudiness, for instance, were first estimated to be around 20%
using passive radiometric instruments [Rossow and Schiffer, 1999]. However, with the launch of
the Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) aboard the Cloud-Aerosol Lidar
and Infrared Pathfinder Satellite Observation (CALIPSO) satellite in 2006, cirrus occurrence could
be more readily identified through direct active laser profiling. Mace and Zhang [2014] used this
space-borne lidar to show that cirrus clouds actually cover roughly 40% of the Earth
instantaneously, while other studies have shown this value can approach 70% regionally (e.g., Lolli
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et al., [2017]). The reason for the discrepancy between passive- and active-based cirrus cloudiness
has been shown to be due to an inherent limitation for distinguishing translucent clouds with
optical depths (COD) of less than approximately 0.3 [Ackerman et al., 2008, Stubenrauch et al.,
2013]. Sassen and Cho [1992] refer to this sub-genre of cirrus clouds as “optically-thin”. Campbell
et al. [2015] elaborated further by characterizing the cirrus cloud distribution as being weighted
towards optically thin and even “sub-visual” clouds (COD < 0.03; Sassen and Cho, [1992]). They
further conclude that, again based on CALIOP, roughly 50% of all cirrus exhibit COD less than
0.3.
Passive radiometric datasets and subsequent Level 2 retrievals based upon cloud detection
are widely used in both operational and research applications. Because of the prevalence of
optically-thin cirrus clouds and the limited fidelity demonstrated by passive radiometric
instruments in distinguishing them, cirrus cloud contamination is increasingly being recognized as
a problem in Level 2 meteorological, oceanographic, and cryospheric retrievals (i.e., dependent
measureables existing below potential cirrus cloud layers relative to the satellite sensor), which
can subsequently bias operation forms of predictive models through data assimilation applications.
For example, Marquis et al. [2017] showed that optically thin cirrus (cloud optical depths less than
0.3; Sassen and Cho, [1992]) contaminate 25% of Infrared (IR) sea-surface temperature (SST)
retrievals with average per-pixel biases of up to 0.5 K. Chew et al. [2011] found that Version 2
Level 1.5 and 2 aerosol optical depth measurements collected by the NASA AERONET sun
photometer network were similarly contaminated at a near 25% rate, with a positive bias near 0.03
per observation. Contamination in other Level 2 products such as cloud property retrievals is likely
just as ubiquitous. Due to spatial coverage and return-time limitations, CALIOP alone is not
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capable of solving this problem. However, it can be used to calibrate an optically-thin cirrus
detection algorithm based on a platform with much larger coverage.
Ideally, the calibration and evaluation of passive radiometric-based cloud products should
be done via in-situ aircraft measurements [e.g., Dong et al., 1998, 2002; and Mace, 2003; Min et
al., 2003; Painemal et al., 2012]. However, multiple issues make this difficult. First, flight hours
are expensive and limited. Second, flights typically last for a relatively small time period (hours)
and have limited spatial coverage. Therefore, evaluating satellite products, with fields-of-view
covering thousands of square kilometers, for the variety of scenes that is required for robust
validation, is impractical. Thus, satellite retrievals are often validated with long-term ground-based
instruments [e.g., Dong et al., 2008 and 2016; Min et al., 2004; Smith et al., 2008; Xi et al., 2010
and 2014; Yan et al., 2015; Zhang et al., 2015] or space-borne active remote sensing instruments
[e.g., Holz et al., 2008; Liu et al., 2018; Marchant et al., 2016; Marchant et al., 2020; Redemann
et al., 2012]. This dissertation makes use of both types of platforms for validating passive
radiometric-based cloud products.
1.2 OBJECTIVES
There are two primary objectives for this dissertation. The first is to study how viewing
and solar geometry conditions affect the passive retrieval of stratiform cloud microphysical
properties using GOES legacy instruments with long-term ground-based and retrieval data. The
second objective is to devise a method for detecting optically-thin cirrus clouds with the new
GOES-16 ABI 1.378 µm channel by calibrating the 1.378 µm radiance as a function of viewing
zenith angle (VZA) and solar zenith angle (SZA) for clear sky and cloudy scenes using CALIOP.
Three studies were performed to carry out the two objectives of this dissertation.
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In the first study, daytime single-layered low-level cloud properties retrieved by
instruments onboard GOES are compared with ground-based observations and retrievals over the
DOE ARM SCF from June 1998 through December 2006. The GOES retrievals are made via the
Visible-Infrared Solar-infrared Split-window technique (VISST). They are spatially-averaged
within a 0.15º x 0.15º box centered on the ARM SGP site and the ARM surface observations are
temporally averaged ± 15 minutes around the GOES scans to produce collocated pairs. An
examination of solar and viewing geometry for GOES-retrieved mean re and τ values is performed
to determine how these parameters introduce bias into the GOES retrievals.
In the second study, a quantitative evaluation of maritime transparent cirrus cloud
detection, which is based on GOES-16 data and developed with collocated CALIOP profiling, is
performed. The detection algorithm is developed using one month of collocated GOES-16
Advanced Baseline Imager (ABI) Channel 4 (1.378 µm) radiance and CALIOP 0.532 µm columnintegrated cloud optical depth (COD). First, the relationships between the clear-sky 1.378 µm
radiance, viewing/solar geometry, and precipitable water vapor (PWV) are characterized. Next,
detection thresholds are computed using the Ch. 4 radiance as a function of viewing/solar
geometry. In addition to bulk statistics, an example application and case study are shown for
validation.
In the third and final study, this algorithm is modified and applied for detecting transparent
cirrus clouds over land and for removing potential false-alarm pixels. Clear sky false alarm rates
over land are examined as a function of PWV, and a threshold for pixel-rejection is determined.
Then, thresholds for removing pixels with low- and mid-level cloud cases are devised by
integrating the water vapor mixing ratio between the top-of-the-atmosphere (TOA) and a specific
altitude. The total-column and layer-based PWV thresholds are applied to the full over-land sample
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to determine their effectiveness in reducing the number of false alarms or misattributed cloud
detections.
1.3 DATASETS
The primary datasets used in this dissertation and their applications are shown in Table 1.
Further information on how the data are created, their temporal and spatial resolutions, etc., is
discussed in the following sections. Additional datasets that are used in an auxiliary manner are
also discussed briefly.
1.3.1 DOE ARM Data
The pinnacle of ground-based instrument facilities is the Atmospheric Radiation
Measurement (ARM) program Southern Great Plains (SGP) site, in Oklahoma. The ARM SGP
Central Facility (SCF) was established by the Department of Energy (DOE) in 1993 [Stokes and
Schwartz, 1994] to improve the understanding of clouds and radiation and developing model
parameterizations using surface observations over climate temporal scales. The following
parameters are obtained from ARM measurements and are used in this dissertation. Cloud base
height (Hbase) and cloud top height (Htop) are from the Active Remote Sensing of Clouds (ARSCL)
[Clothiaux et al., 2001] product, and the cloud-base and -top temperatures (Tbase and Ttop) are
retrieved by matching the Hbase and Htop to the Merged Sounding Value-Added Product. Cloud
LWP is retrieved based on brightness temperatures measured with a microwave radiometer
[Liljegren et al., 2001]. Daytime microphysical properties are retrieved based on the method
described in Dong et al. [1997], Dong et al. [1998] parameterized this method to retrieve re based
on LWP, solar transmission, and the cosine of the SZA. These data are available at various
temporal resolutions and are averaged within ± 15 of GOES scans.
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Table 1. A list of primary datasets used in this dissertation, their applications and which
study they are used in, and appropriate references.

Dataset

Application

References

ARM Merged Sounding

Validation of GOES cloud
temperature and height
retrievals (study 1)

Troyan [2012 ]

ARM Stratus cloud
microphysical retrieval

Validation of GOES cloud
microphysical property
retrievals (study 1)

Dong et al. [1997, 1998,
2002]

ARM Liquid Water Path

Validation of GOES liquid
water path (study 1)

Liljegren et al. [2001]

ARM SatCORPS

GOES-8, -10, and -11 cloud
property retrievals (study 1)

Minnis et al. [2016]

GOES-16 ABI Ch. 4

Cirrus detection (study 2/3)

Schmit et al. [2017]

CALIOP v4.20 Level 2
5-km cloud profile
product

Cloud detection, COD and
cloud height retrieval,
validation (study 2/3)

Vaughan et al. [2020];
Winker et al. [2009]

MERRA-2

Relative humidity profiles
(study 2/3)

Gelaro et al. [2017]

1.3.2 Legacy GOES Data
The GOES cloud products used in this study were retrieved using algorithms originally
developed for the NASA Clouds and Radiant Energy Systems (CERES) project [Minnis et al.,
2008a; 2011] and adapted for application to other imagers on geostationary platforms [Minnis et
al., 2008b]. The retrievals in this study are available every 30 minutes (at 15 and 45 min past the
hour) at a 4-km horizontal resolution and were produced using the ARM SatCORPS Versions 2.1
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and 3.0 for GOES-8, GOES-10, and GOES-11. The GOES cloud microphysical properties are
retrieved based on the Visible Infrared Solar-Infrared Split-window Technique (VISST), which is
a version of bi-spectral method which uses an iterative look-up-table approach [Minnis et al. 2011].
The overall study period using GOES-8, GOES-10, and GOES-11 data is June 1998 through
December 2006. In this dissertation, these data are validated using surface measurements from the
ARM SGP site, therefore pixels within a 30° x 30° box centered over the site are averaged.
1.3.3 GOES-16 ABI Data
The primary GOES-16 dataset used in this dissertation is the ABI channel 4 (1.378 µm;
Ch.4) radiance. The 1.378 µm channel has a nominal nadir spatial resolution of 2 km and a
bandwidth (50% full-width at half maximum) from 1.366 µm-1.38 µm. One month of GOES ABI
data, August 2018, is used here. Only one month of data are used here in order to limit
computational demands. Full disk scans are used in this dissertation, which were available every
15 minutes during the study period. This channel is located within a strong water vapor absorption
band, which is why it is advantageous for thin cirrus detection. In addition to the Ch. 4 data,
brightness temperatures from channels 14 and 15 (~11 and 12 µm, respectively) are used as part
of a case study to test a traditional cirrus cloud detection method.
1.3.4 CALIOP Data
This dissertation employs 0.532 µm column-integrated COD data from the CALIOP v4.20
Level 2 5-km cloud profile data product [Vaughan et al., 2020; Winker et al., 2009]. The profile
products are reported at a uniform spatial resolution of 60 m vertically and 5 km horizontally.
CALIOP is used here to distinguish clear sky from cloudy scenes and provide cloud-top height
(CTH) and cirrus COD. The cloud type categorization follows ISCCP definitions [Rossow and
Schiffer, 1999], which is based on cloud phase and cloud top pressure. Cloud phase is determined
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from relations between depolarization ratio, backscatter intensity, temperature, and attenuated
backscatter color ratio.
Precipitable water vapor (PWV) is also a major component of this study because it has a
direct impact on the ABI radiance in channel 1.38 μm. Here, we compute PWV from relative
humidity profiles provided in the CALIOP cloud product, which are derived from the Modern-Era
Retrospective analysis for Research and Applications, Version 2 (MERRA-2; Gelaro et al.,
[2017]) output, by converting the layer relative humidity into mixing ratio and integrating through
the column or a specific layer.
1.3.5 Auxiliary Data
A few other datasets are used in minor roles in this study. First, the land/sea mask from the
Global Multi-resolution Terrain Elevation Data (GMTED2010; Danielson and Gesh, [2011])
product is used to determine whether the GOES-16 pixels are over the ocean or over land and
provide the surface elevation. Aerosols are detected using the GOES-16 ABI L2+ Aerosol
Detection Product (ADP; ”ABI aerosol detection…” 2018). The ADP relies on the ABI Cloud
Mask (ACM; Heidinger, [2010]) to remove errors induced by cloud cover. Finally, GOES-16 CTH
[Heidinger, 2012] and COD [Walther et al., 2013] operational products are included as part of a
case study for further validation.
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CHAPTER 2: PRESENT STUDY
2.1 COMPARISON OF DAYTIME LOW-LEVEL CLOUD PROPERTIES DERIVED
FROM GOES AND ARM MEASUREMENTS
Clouds significantly impact the Earth’s radiation budget at the TOA and in the lower
troposphere. How this impact is realized is dependent on their properties, such as COD, CTH, and
cloud fraction [Curry et al., 2000]. Therefore, climate prediction and modelling applications are
highly dependent on the accurate characterization of clouds and their properties [Randall et al.,
2003]. Due to the variability in properties and scales, cloud processes must be parameterized to
varying degrees with models. These parameterizations are often developed with and validated by
large-scale satellite datasets. In turn, these satellite datasets must also be validated, and have their
biases and errors accurately characterized. When available, this is done with in-situ aircraft
measurements [e.g., Dong et al., 1998, 2002]. However, due to expense, ground-based data are
often used in place of aircraft measurements.
GOES provides the unique combination of large areal coverage and relatively high spatial
and temporal resolutions and has been used to provide cloud property retrievals for over three
decades. Even for data used as extensively as those from GOES, it is important to continuously
work at evaluation as new product versions and techniques are implemented. Numerous studies
have focused on validating GOES cloud property retrievals for tropical high clouds and marine
stratocumulus clouds, however stratocumulus clouds over land cover 12% of the surface but are
relatively understudied. The statistical results of low-level stratus cloud microphysical properties
over the SGP have been investigated by a quite few studies [e.g., Sengupta et al., 2004; Dong et
al., 2005; Chiu et al., 2010] however, there is not yet a statistical comparison in low-level stratus
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cloud microphysical properties between ARM and GOES. This study is primarily an evaluation of
GOES-retrieved terrestrial stratocumulus micro- and macro-physical properties using cloud
microphysical property retrievals at the ARM SGP site from June 1998 through December 2006,
with an additional emphasis on biases related to viewing/solar geometry.
In this study, daytime single-layered low-level cloud properties retrieved by the GOES are
compared with ground-based observations and retrievals over the SCF from June 1998 through
December 2006. The GOES retrievals are made via the VISST algorithm. They are spatially
averaged within a 0.15º x 0.15º box centered on the ARM SGP site and the ARM surface
observations are temporally averaged ± 15 minutes around the GOES scans to produce collocated
pairs. Comparisons are made for monthly means, diurnal means, and one-to-one GOES and ARM
collocated pairs. GOES Teff is highly correlated with ARM Ttop cloud temperature, having an R2
value of 0.75, though GOES exhibits a cold bias. GOES retrieved τ and LWP have very good
agreement with ARM retrievals with R2s of 0.45 and 0.47, while re (GOES), on average, is about
2 µm greater than ARM re. An examination of solar and viewing geometry has shown that GOES
retrieved mean re and τ values are impacted by SZA and especially scattering angle (SCA). These
problems regarding viewing/solar geometry and passive satellite cloud property retrievals stem
mostly from the plane-parallel-cloud assumption required for bi-spectral retrieval methods.
This portion of the dissertation has been published in the Journal of Geophysical Research
– Atmospheres and can be found in its entirety in APPENDIX A: McHardy, T. M., Dong, X., Xi,
B., Thieman, M. M., Minnis, P., & Palikonda, R. (2018). Comparison of Daytime Low‐Level
Cloud Properties Derived From GOES and ARM SGP Measurements. Journal of Geophysical
Research: Atmospheres, 123(15), 8221-8237.
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2.2 ADVANCING MARITIME TRANSPARENT CIRRUS DETECTION USING THE
ADVANCED BASELINE IMAGER “CIRRUS” BAND
Passive radiometric instruments generally struggle to detect clouds with CODs of less than
0.3 [Ackerman et al., 2008]. This is because these clouds are semi-transparent so radiation from
targets below, such as liquid water clouds or the land surface, is also detected by the instrument,
making them difficult to distinguish. Because passive radiometric datasets and subsequent Level
2 retrievals are widely used in both operational and research applications, the failure to accurately
discriminate transparent clouds therefore has significant ramifications for meteorological and
oceanographic interests. For example, sea-surface temperature [Marquis et al., 2017] and aerosol
optical depth (AOD; Chew et al., 2011) retrievals have both been shown to be susceptible to
radiance contamination caused by unscreened optically-thin cirrus.
The launch of the CALIOP instrument in 2006 had a significant impact on the ability to
detect optically-thin cirrus. For example, cloud climatologies based on passive radiometric
estimated that the global cirrus cloudiness was approximately 20%, but studies using CALIOP
showed that this value was more like 40% [Mace and Zhang, 2014]. The usefulness of satellite
lidar for suppressing potential radiance contamination is extremely restricted due to their limited
spatial swath and coverage. However, given the proper spectral coverage and spatial resolutions,
passive radiometric imagers can be effective in distinguishing optically-thin cirrus clouds. This
was first recognized in the early 1990s [Gao et al., 1993]. They show that a channel near 1.38 µm
can be used. A strong water vapor absorption band at this wavelength attenuates signals from the
lower troposphere while leaving the solar radiation reflected by cirrus clouds, which are typically
located above most water vapor in the column, generally unaffected. The launch of the newest
GOES provided a new and exciting opportunity because the Advanced Baseline Imagers (ABI)
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aboard GOES-16 and -17 contain a 1.378 µm band intended for daytime cirrus cloud applications.
This study will quantitatively evaluate maritime optically-thin transparent cirrus (COD < ~0.3)
cloud detection from GOES-16 based on collocated vertical profiles from CALIOP.
The detection algorithm is developed using one month, August 2018, of collocated GOES16 ABI Channel 4 (1.378 µm) radiance and CALIOP 0.532 µm column-integrated COD. First, the
relationships between the clear-sky 1.378 µm radiance, viewing/solar geometry, and precipitable
water vapor PWV are characterized. Using machine learning techniques, it is shown that the total
atmospheric pathlength, proxied by airmass factor (AMF), is a suitable replacement for viewing
zenith and solar zenith angles alone, and PWV is not a significant problem over ocean. Detection
thresholds are computed using the Ch. 4 radiance as a function of AMF. The cirrus detection
algorithm is evaluated based on CALIOP cloud/clear sky discrimination. Validation is performed
in terms of pure detection rates and as a function of CALIOP COD in order how the algorithm
performs for clouds of different CODs. Also, a semi-quantitative COD retrieval is developed for
GOES ABI based on the observed relationship between CALIOP COD and 1.378 µm radiance.
This study lays the groundwork for a more complex, operational GOES transparent cirrus detection
algorithm. Future expansion includes an over-land algorithm, a more robust COD retrieval that is
suitable for assimilation purposes, and downstream GOES products such as cirrus cloud
microphysical property retrieval based on ABI infrared channels.
This portion of the dissertation has been accepted for publication in the Journal of
Atmospheric and Oceanic Technology and can be found in its entirety in APPENDIX B: McHardy,
T. M., Campbell, J. R., Peterson, D. A., Lolli, S., Bankert, R. L., Garnier, A., Kuciauskas, A. P.,
Surratt, M. L., Marquis, J. W., Miller, S. D., Dolinar, E. K., & Dong, X. (2021). Advancing
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Maritime Transparent Cirrus Detection Using the Advanced Baseline Imager “Cirrus” Band,
Journal of Atmospheric and Oceanic Technology (published online ahead of print 2021).
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2.3 APPLICATION OF A PASSIVE RADIOMETRIC OPTICALLY-THIN CIRRUS
DETECTION ALGORITHM OVER LAND
Section 2.2 of this dissertation represents a test of the ability of the new GOES-16 1.378
µm channel to be applied for detecting thin cirrus clouds. It develops and demonstrates a simple
1.378 µm radiance-threshold based algorithm for discriminating between clear sky and cirrus
clouds over ocean. This algorithm was calibrated using collocated CALIOP data to distinguish
between clear and cloudy scenes, as well as optically-thin and relatively opaque cirrus. Cirrus
clouds exhibiting an optical depth less than 0.3 were detected at a rate of 84% and 96% of clear
sky pixels were correctly identified, which is impressive given the relatively straight-forward
design of the algorithm. Further, they report that column precipitable water vapor (PWV) was not
a factor in over 95% of their case sample size studied over water in impacting cirrus cloud retrieval.
The present study seeks to take the results from Section 2.2 a step further by applying the
algorithm to scenes over land, which is significantly more complicated due to the inhomogeneous
nature of PWV over land compared with ocean, as well as widely varying surface reflectances and
surface terrain heights. The data and methodologies used here as similar to those in Section 2.2 in
terms of collocation of ABI pixels with the CALIOP lidar to provide contextual column profile
information. Section 2.2 prioritized discrimination between clear sky and thin cirrus clouds,
whereas this study focuses on identifying pixels where it is instead apt to reject them. That is, a
full-factor recalibration of the radiance thresholds in Section 2.2 is redundant. Any relaxation of
these values will come at the expense of detecting thinner clouds, which drives against the point
of the whole exercise. Rather, the focus is to work only with ABI pixels where these thresholds
can be applied confidently.
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The same study region and period as Section 2.2 is used presently. Also the same are the
datasets used and the procedures for selecting data samples, except here over-land cases are the
focus. The cirrus detection algorithm produces a binary result. Therefore, how this binary result is
interpreted depends on whether clouds are present or not, and the cloud type within the pixel. A
value of 1 (hereafter, a “positive”) is considered a “false alarm” detection for clear sky and
low/mid-level clouds and a positive detection for cirrus clouds. A value of 0 is considered a false
negative for cirrus clouds (hereafter, a “negative”). First, clear-sky cases are investigated by
showing the false-alarm rate as a function of total-column PWV. Then, a total-column PWV
threshold that removes a significant number of false alarms is selected. The resulting statistics on
the full data sample after applying the PWV threshold are examined. Next, cases containing lowand mid-level clouds (with no cirrus) are investigated by showing the false-alarm rates as a
function of above-cloud PWV. Because computing above-cloud PWV requires the use of level 2
cloud products, a method for avoiding this is described. Here, a layer PWV between the TOA and
a specified altitude is computed. Then, a layer PWV threshold that removes a significant number
of false alarms is selected. The resulting statistics on the full data sample after applying the layer
PWV threshold are examined, showing that though a large portion of pixels over land result in
cirrus-detection false alarms, they can be removed relatively easily such that cirrus-detection
remains accurate.
This portion of the dissertation is currently in preparation for submission to the Journal of
Atmospheric and Oceanic Technology and can be found in its entirety in APPENDIX B: McHardy,
T. M., Campbell, J. R., Peterson, D. A., Lolli, S., Bankert, R. L., Garnier, A., Kuciauskas, A. P.,
Surratt, M. L., Marquis, J. W., Miller, S. D., Dolinar, E. K., & Dong, X. (2021). Application of a
Passive Radiometric Optically-Thin Cirrus Detection Algorithm Over Land.
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CHAPTER 3: FUTURE RESEARCH DIRECTIONS
The work presented in this dissertation covers the study of passive radiometric methods for
characterizing clouds using synergistic collocation methods with active remote sensing platforms
and surface-based measurements. The first part of this dissertation elaborates on a problem that is
well-known and has been extensively studied in the past decade – the effects of sub-pixel
variability in cloud properties on the retrieval of these properties. The second and third parts of
this dissertation investigate the abilities of a new sensor to detect thin cirrus clouds. Through this
investigation, the GOES-16 ABI is shown to be able to reliably detect thin cirrus clouds, especially
over ocean. In addition, an algorithm was developed for use in thin-cirrus-detection applications.
The possible applications of the contributions put forth in this dissertation going forward are
numerous and multi-disciplinary.
The most direct future work related to this dissertation is the calibration and
implementation of the cirrus detection methods described in sections 2.2 and 2.3 to other platforms.
As mentioned in Appendix B, two Visible-Infrared Imaging Radiometer Suite (VIIRS) instruments
aboard the Suomi National Polar-orbiting Partnership (NPP) and NOAA-20 satellites contain a
1.375 µm channel. The simplicity of the cirrus detection algorithm developed in this dissertation
allow it to be ported to other platforms with relatively ease. For the VIIRS instruments, collocation
with CALIOP for calibration is possible, as their orbits do overlap occasionally. However, this
does not occur frequently. The use of GOES-16 in addition to CALIOP will provide robust
comparisons with which to calibrate the VIIRS 1.375 µm channel for cirrus detection. In addition
to VIIRS, the cirrus detection algorithm can also be readily ported to GOES-17. This should
require comparisons of the 1.378 µm channels in terms of radiance calibration. Validation can be
performed using CALIOP, though much less extensively than was done for GOES-16.
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Further development and improvement of the cirrus detection methods described in
sections 2.2 and 2.3 can also be explored. Even within this relatively straightforward direction,
there are multiple paths to take. The first is implementing additional tests to improve the cirrusdetection itself. Many operational cloud masks use tests based on spatial heterogeneity to “callback” cloudy pixels labelled as clear-sky, and vice-versa. These tests work because the variation
in spectral characteristics for a cloudy layer is often significantly less than the spectral differences
between clouds and an underlying target. For thin-cirrus specifically, this would have to be
investigated carefully as they are semi-transparent to upwelling radiation from below.
Additionally, tests using other spectral channels can be implemented into the cirrus-detection
algorithm without significantly increasing the latency. While other spectral channels may be
relatively ineffective at cirrus-detection, they may be useful in reducing false-alarms due to lowand mid-level liquid water clouds. Again, because of the semi-transparent nature of optically-thin
cirrus, these will have to be investigated carefully.
Additional improvements to the cirrus-detection algorithm can be made by investigating
phenomena other than clouds themselves. For example, the effects of aerosol presence on the
cirrus-detection algorithm remain uninvestigated, as aerosol cases were screened out in this
dissertation. This was in part due the undesirability of using downstream and level 2 products in
an algorithm designed for operational use. Therefore, dust aerosols, which are the primary concern
for cirrus-detection, must be fully characterized with respect to the 1.378 µm channel, similar to
how cirrus clouds themselves were characterized in Section 2.2. For example, Miller et al. [2003]
describe a dust detection method using spectral tests. However, this algorithm makes use of a
channel near 1.378 µm, therefore how it performs for cirrus cases must be investigated.
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Additions can be made to the cirrus-detection algorithm that prepare it for research, as
opposed to operational, applications. For example, based on the examination of false-alarm rates
for low- and mid-level clouds as a function of above-cloud PWV in section 2.3, many of these
cases were removed from the sample. In this dissertation, methodology was devised to achieve
this without significantly increasing the algorithm latency by relying on Level 2 cloud top height
retrievals. However, for research applications, this is not an issue. Therefore, a more accurate
method for removing false alarms due to low- and mid-level clouds can be implemented, leaving
cases where low- and mid-level clouds were not identified by the cirrus detection algorithm. These
cases, along with cases of cirrus clouds above low- and mid-level clouds, can then be examined to
determine if the detection of cirrus above lower cloud layers is achievable. This is important, as
cirrus clouds often exist above water clouds in the lower troposphere.
Downstream applications of the cirrus-detection algorithm presented in this dissertation
are extensive. Starting with direct applications, the cirrus algorithm was shown to accurately
distinguish between clear-sky and optically-thin cirrus clouds, especially over ocean. Therefore,
this algorithm can be immediately applied where other cloud masks are already used, and clearsky scenes are the desired target. Examples of this are sea-surface temperature retrievals, surface
albedo products, and clear-sky radiance assimilation. For applications such as aerosol or sea-ice
detection, more investigation is required, as these cases are likely problematic for the cirrus
detection algorithm as it currently stands.
Looking even further downstream, Section 2.2 of this dissertation showed that the 1.378
µm radiance alone has significant skill in estimation the COD of transparent cirrus. Methods for
retrieving the optically-thin cirrus COD similar to operational cloud property retrieval have already
been tested based on the 1.375 µm channel on the MOderate Resolution Imaging
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Spectroradiometer (MODIS) instrument [Meyer et al., 2014; Meyer and Platnick, 2010]. Now that
the GOES ABI 1.378 µm channel has been characterized in terms of cirrus detection, its
implementation in these microphysical property retrieval methods can be investigated and
eventually implemented.
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ABSTRACT
Large-scale satellite data are critical for both verifying and improving general circulation
model (GCM) parameterizations of clouds and radiation for climate prediction. For reliable
application of satellite datasets in cloud processes and climate models, it is important to have a
reasonable estimate of the errors in the derived cloud properties. The daytime single-layered lowlevel cloud properties retrieved by the Geostationary Operational Environmental Satellite system
(GOES) are compared with ground-based observations and retrievals over the Department of
Energy (DOE) Atmospheric Radiation Measurement (ARM) Southern Great Plains (SGP) Central
Facility (SCF) from June 1998 through December 2006. The GOES retrievals are made via the
Visible-Infrared Solar-infrared Split-window technique (VISST). They are spatially averaged
within a 0.15º x 0.15º box centered on the ARM SGP site and the ARM surface observations are
temporally averaged ± 15 minutes around the GOES scans to produce collocated pairs.
Comparisons are made for monthly means, diurnal means, and one-to-one GOES and ARM
collocated pairs. GOES Teff is highly correlated with ARM Ttop cloud temperature, having an R2
value of 0.75, though GOES exhibits a cold bias. GOES retrieved cloud optical depth (COD) and
LWP have very good agreement with ARM retrievals with R2s of 0.45 and 0.47, while re (GOES),
on average, is about 2 µm greater than ARM re. An examination of solar and viewing geometry
has shown that GOES retrieved mean re and COD values are impacted by solar zenith angle (SZA)
and especially scattering angle (SCA), which is not unexpected and needs to be accounted for by
users.
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1. INTRODUCTION
Clouds are well established as a major source of uncertainty in climate prediction [Wielicki
et al., 1995; IPCC, 2014] and modeling [Randall et al., 2003]. They are also the dominant
modulators of radiation both at the surface and at the top of the atmosphere (TOA), and their
impact on the Earth’s radiation budget mainly depends on the bulk properties of clouds such as
cloud amount, height, and microphysical/optical characteristics [Curry et al., 2000; Houghton et
al., 2001]. Characterizing cloud radiative effects at the surface and TOA is a critical component in
understanding the current climate and an important step towards simulating potential climate
change. Large-scale satellite data are needed to both verify and improve general circulation model
(GCM) parameterizations of clouds and radiation for climate prediction. For reliable application
of satellite datasets in cloud processes and climate models, it is important to have a reasonable
estimate of the bias and uncertainty in the derived cloud properties. Ideally, this should be done
via in-situ aircraft measurements [e.g., Dong et al., 1998, 2002; and Mace, 2003; Min et al., 2003;
Painemal et al., 2012]. However, flight hours are expensive and limited, thus satellite retrievals
are often validated with long-term ground-based instruments [e.g., Dong et al., 2008 and 2016;
Min et al., 2004; Smith et al., 2008; Xi et al., 2010 and 2014; Yan et al., 2015; Zhang et al., 2015].
Comparisons between the ground- and satellite-based observations must be conducted carefully
because of significant spatial and temporal differences between the two observing platforms. Also,
because clouds are so variable, a statistically reliable comparison requires many cloud events
observed by both satellite and surface.
The Geostationary Operational Environmental Satellite system (GOES) provides the unique
combination of large areal coverage and relatively high spatial and temporal resolutions and has
been used to provide cloud property retrievals for over three decades [e.g., Minnis and Harrison,
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1984; Rossow and Schiffer, 1991; Minnis et al., 1995; Minnis and Smith, 1998]. Even for data used
as extensively as those from GOES, it is important to continuously work at evaluation as new
product versions and techniques are implemented. Studies during the past decade have focused on
validating GOES cloud property retrievals for tropical high clouds during the Tropical
Composition, Cloud and Climate Coupling (TC4) field campaign [Chang et al., 2010; Yost et al.,
2010] and warm marine boundary layer clouds during the Variability of the American Monsoon
Systems (VAMOS) Ocean-Cloud-Atmosphere-Land Study Regional Experiment (VOCALS-REX)
campaign [Wood et al., 2011; Painemal et al., 2012]. Because of their large areal coverage, marine
stratocumulus clouds have been examined extensively [Dong et al., 2014a&b, 2015, Wu et al.,
2015 and 2017; Wood et al. 2015], and satellite cloud retrievals have been validated using ARM
Azores observations [Xi et al., 2014]. In comparison, stratocumulus clouds over land cover 12%
of the surface, on average [Wood, 2012], but are relatively understudied [Dong et al., 2005; Kollias
et al., 2007].
Low-level stratus cloud microphysical properties derived from surface-based and GOES data
during the March 2000 cloud intensive observational period (IOP) at the Atmospheric Radiation
Measurement (ARM) program Southern Great Plains (SGP) site were compared with aircraft in
situ measurements [Dong et al., 2002]. During the IOP, four low-level stratus cases were observed
by the ground- and satellite-based remote sensors and aircraft in-situ instruments resulting in a
total of 10 h of simultaneous data from the three platforms. Both ground- and satellite-based
retrieved cloud microphysical properties agree with aircraft in situ measurements within 10%
except for GOES-retrieved cloud-droplet effective radius re, which averaged 23% or 1.8 µm
greater than the aircraft results. Xi et al. [2010] analyzed one decade of ARM radar-lidar and
GOES observations at the ARM SGP Central Facility (SCF, 36.60º N, 97.49º W), and concluded
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that there is excellent agreement in the long-term mean cloud fractions (CFs). The statistical results
of low-level stratus cloud microphysical properties over the SGP have been investigated by a quite
few studies [e.g., Sengupta et al., 2004; Dong et al., 2005; Chiu et al., 2010] however, there is not
yet a statistical comparison in low-level stratus cloud microphysical properties between ARM and
GOES.
The ARM SCF was established by the Department of Energy (DOE) in 1993 [Stokes and
Schwartz, 1994; Ackerman and Stokes, 2003; Mather and Voyles, 2013; Sisterson et al., 2016] to
improve the understanding of clouds and radiation and developing model parameterizations using
surface observations over climate temporal scales. With an expansive suite of instruments, this site
provides one of the best facilities in the world for satellite-based cloud property retrieval validation.
This study is primarily an evaluation of GOES-retrieved terrestrial stratocumulus micro- and
macro-physical properties using cloud microphysical property retrievals at the ARM SGP from
June 1998 through December 2006. The purpose is to characterize and improve the use of these
GOES data. Comparisons are made based on monthly means, diurnal (hourly) means, as well as
one-to-one for spatiotemporally collocated pairs in order to provide long- and short-term context.
Section 2 of this paper contains information on the GOES and ARM datasets used in this study as
well as collocation and filtering. Section 3 provides the results of various comparisons made
between the GOES and ARM cloud property retrievals on multiple temporal scales. Section 4
concludes and summarizes the salient findings of this study.
2. DATA AND METHODOLOGY
2.1 GOES Data
The GOES cloud products used in this study were retrieved using algorithms originally
developed for the NASA Clouds and Radiant Energy Systems (CERES) project [Minnis et al.,
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2008a; 2011] and adapted for application to other imagers on geostationary [Minnis et al., 2008b]
and low Earth-orbit satellites under the umbrella of the Satellite ClOud and Radiation Property
retrieval System (SatCORPS, Minnis et al. 2016). Retrievals from GOES are used for CERES time
and space averaging and have been provided in support of the ARM program for over two decades
[e.g., Ayers et al., 2006]. The retrievals in this study are available every 30 minutes (at 15 and 45
min past the hour) at a 4-km horizontal resolution and were produced using the ARM SatCORPS
Versions 2.1 and 3.0 for GOES-8, GOES-10, and GOES-11. Table A1 lists details concerning the
satellites, data versions, and time periods. The results were taken from the ARM Climate Research
Facility Data Archive (https://archive.arm.gov).
GOES-8, -10, and -11 were launched on 13 April 1994, 25 April 1997, and 3 May 2000,
respectively. The former was located at 75°W, while the latter two were at 135°W. The GOES
visible channels were calibrated against the Collection 5 Aqua MODerate-resolution Imaging
Spectroradiometer (MODIS) 0.64-µm channel as in Minnis et al. [2002]. For GOES satellites, the
visible channel radiance is
𝐿 = (𝑔0 + 𝑔1 𝑑 + 𝑔2 𝑑 2 )(𝐶 − 𝐶0 ), (1)
where L is the visible radiance (0.65 μm), d is number of days since launch, C is the 10-bit
brightness count, C0 is the visible channel offset, and g0, g1, and g2 are calibration coefficients
[Nguyen et al., 2004]. The values of the parameters for each satellite and time period can be found
in Table A1 and are included in the data files available on the ARM data archive. Reflectance for
each satellite was computed as the ratio of the radiance to the Earth-Sun and solar zenith angle
corrected solar constant. A common value of 526.9 W m-2 sr-1 was used for the solar constant.
Pixels are first classified as cloudy or clear and retrievals are performed using cloudy pixel
radiances. Cloudy pixel identification techniques are different for daytime (solar zenith angle, SZA
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< 82º), twilight (82º ≤ SZA ≤ 88.5º), and nighttime (SZA > 88.5º), and for polar [Trepte et al.,
2002] and non-polar [Minnis et al., 2008a] regions, resulting in six cloud masks. The cloud
effective radiating temperature (Teff) is retrieved by correcting the observed radiance at 10.8 μm
for atmospheric and surface emission and absorption. It is the radiating temperature at the level
corresponding to a cloud optical depth (COD) of 1.0 – 1.5 below the cloud physical top for clouds
having COD > 5 [Minnis et al. 2008c]. The level rises and the corresponding optical depth
decreases as the viewing zenith angle increases. For low-level water clouds, this level typically
corresponds to an altitude ~100 m below the cloud top [Dong et al., 2008], depending on the COD
and viewing geometry. Although cloud height retrievals from GOES are used here as a data filter
(section 2.3), they are not examined in this study as the retrieval algorithm used in the currently
available product is outdated and has been revised in newer versions [Sun-Mack et al., 2014]. The
cloud effective height (Heff) is estimated by matching Teff to a vertical temperature profile. For
ARM SatCORPS Versions 2.1 and 3.0, Rapid Update Cycle (RUC) [Benjamin et al., 2004]
temperature profiles are used for pressure, p ≤ 500 hPa. For the boundary layer (p > 700 hPa), a
lapse rate (Γ) of -7.1 K km-1 anchored to the RUC surface temperature is used for the temperature
profile [Minnis et al., 1992; 2003; 2011]. For 500 hPa < p ≤ 700 hPa, Γ is adjusted linearly such
that the resulting temperature at 500 hPa matches that of the RUC profile. Smith et al. [2008] show
that while this algorithm produces cloud heights that are well correlated with ground-based
observed cloud heights overall, it appears to perform worse for low clouds.
This study is daytime-only because the passive satellite retrievals of cloud microphysical
properties are more robust when visible channels are available. The GOES cloud microphysical
properties are retrieved based on the Visible Infrared Solar-Infrared Split-window Technique
(VISST), which is a version of bi-spectral method which uses an iterative look-up-table approach
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[Minnis et al. 2011]. Look-up-tables are constructed for water droplet and ice crystal clouds based
on viewing geometry and atmospheric and surface corrections for a range of cloud optical depths
(τ) from 0.25 to 128 and a range of cloud-droplet effective radii (re) from 2 to 32 μm [Minnis et
al., 1998]. The COD and re retrievals primarily utilize the visible channel and 3.9-μm band,
respectively. The cloud liquid water path (LWP) is computed from the retrieved τ and re values
2

( ∗ 𝜌𝑙 ∗ 𝜏 ∗ 𝑟𝑒 , where 𝜌𝑙 is the density of water). This equation assumes that the clouds are
3

vertically homogenous, although studies have shown an overestimation of LWP due to the
retrieved re in upper level of boundary layer clouds [Dong et al., 2008; Xi et al., 2014; Miller et
al., 2016]. A discussion on uncertainty in the microphysical property retrieval algorithm can be
found in Dong et al. [2008], though it is written regarding the CERES-MODIS version of the
algorithm.
2.2 ARM Surface Data
Table A2 lists the cloud properties from the ARM SGP site utilized in this study, the
instruments used to retrieve them, their approximate uncertainties, and sources. These data were
obtained as 5-minute averages; additional processing will be discussed in section 2.3. Cloud base
height (Hbase) and cloud top height (Htop) are from the Active Remote Sensing of Clouds (ARSCL)
[Clothiaux et al., 2001] product, which incorporates three ground-based active remote sensing
instruments. This product has vertical and temporal resolutions of 45 m and 10 s, respectively.
Also provided are cloud classifications which delineate clouds based on height (low, middle, high)
for multiple layers based on reflectivities from the Millimeter wavelength Cloud Radar (MMCR)
[Moran et al., 1998]. Clouds within an inversion layer, labelled as “overturning” clouds, are also
identified. Having a wavelength of 8 mm, the MMCR is able to penetrate multiple cloud layers
and is used to derive Htop. Because the MMCR can be sensitive to drizzle or ground clutter, such
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as insects below the cloud base (but not necessarily above it, Dong et al., 2008), a ceilometer and
micropulse lidar are also used in the retrieval of Hbase. Further details on the cloud height retrieval
algorithms can be found in Clothiaux et al. [2000]. The cloud-base and -top temperatures (Tbase
and Ttop) are retrieved by matching the Hbase and Htop to the Merged Sounding Value-Added
Product [Troyan, 2012], which is available at 1-minute temporal and 20 m (below 3 km above
ground level; 50 m above 3 km) vertical resolution.
The LWP is derived based on brightness temperatures at 23.8 and 31.4 GHz, which are
measured with a microwave radiometer [Liljegren et al., 2001]. Daytime microphysical properties
are retrieved based on the method described in Dong et al. [1997], which utilizes a δ2-stream
radiative transfer model and ground-based measurements. Dong et al. [1998] parameterized this
method to retrieve re based on LWP, solar transmission, and the cosine of the SZA. Once cloud re
is obtained, it is used in conjunction with the microwave radiometer retrieved LWP to compute
COD [Min and Harrison, 1996]. It is important to note that for ARM surface data, LWP and re are
retrieved and then used to compute COD, while for GOES, τ and re are retrieved and then used to
compute LWP. The Dong et al. [1998] parameterization is only performed when these five criteria,
which are discussed in detail by Dong et al. [2000], are met: (1) Cloud radar determines only
single-layered overcast clouds are present, (2) Htop is lower than 4 km, (3) 20 g m-2 ˂ LWP < 700
g m-2, (4) cos(SZA) > 0.2 (which corresponds to a SZA of < 78.5°), and (5) solar transmission is
between 0.1 and 0.7. GOES and ARM retrieved COD and re are only compared when the ARM
retrievals are available, while LWP, height, and temperature are compared whenever those values
are available.
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2.3 Collocation and Filtering
Because a direct comparison between GOES and ARM retrieved cloud properties is desired,
the results from the two different platforms must be temporally collocated. Additional averaging
is required because the data retrieved at the ARM SGP site essentially represent conditions
continuously at a point, while GOES pixels cover an area of approximately 4 km x 4 km at a
specific point in time. The surface data are averaged every 5 min while GOES images are half
hourly snapshots. Dong et al. [2002, 2008] demonstrated that temporally averaging ARM surface
data and spatially averaging GOES data to account for cloud movement over the ARM site
produces robust comparisons. The methodology used in collocating these two datasets is as follows.
GOES cloud properties are averaged within a 0.15º x 0.15º box centered over the ARM SGP site.
Then, ARM surface data taken within ± 15 minutes (6 data points, avoiding duplicate use of the
ARM data) of each GOES image are averaged, and the ARM-GOES pairs are made.
Daytime single-layered overcast, low-level water clouds are the focus of this study;
therefore, the collocated data were filtered to remove results from clear skies and other cloud types.
Because the Dong et al. [1998] cloud microphysical property retrieval parameterization is only
available during the daytime, twilight and nighttime data are removed by limiting the SZA to 82°.
Next, all data points not identified by the MMCR as single-layered low clouds, low with multiple
layers, or overturning clouds are removed in this study. Then, data with an ARM-retrieved Tbase
less than 250 K or a mean (for the 0.15º x 0.15º box) GOES effective height greater than 4 km are
also removed in order to limit high cloud contamination from either source.] The cloud fraction
within the GOES average box must be 1.0, that is, all GOES pixels within the 0.15º x 0.15º box
centered on the ARM SGP site must be identified as cloudy. Finally, any times with a surface
MWR retrieved LWP greater than 500 g m-2 are excluded in order to limit cases coinciding with
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the occurrence of precipitation. Saavedra et al. [2012] show that non-precipitating clouds can have
LWP values up to 550 g m-2. However, Löhnhert and Crewell [2003] suggest that cloud LWP
retrievals deteriorate approaching 700 g m-2. Although precipitation can occur in marine stratus
clouds with LWP below 200 g m-2 [Saavedra et al., 2012], only 20% of the data used in this study
have surface retrieved LWP greater than that (Fig. A6) and less than 10% of the data have LWP
greater than 300 g m-2. Because this study is terrestrial it is even more unlikely that the results from
this study are impacted by the occurrence of precipitation. Following these filters, outliers were
identified by cloud optical depth (based on Fig. A6b). MMCR vertical profiles, GOES imagery,
and snow cover maps were visually inspected, and data taken when high clouds or snow cover
were present were removed (~60 data points). The remaining data points are used in the analysis
presented below.
3. RESULTS AND DISCUSSION
The temporal variation of daytime low-level liquid clouds over the ARM SGP site is
examined in two ways. First, Fig. A1a shows the number of hours of data binned by month from
June 1998 through December 2006 and colored by the GOES satellite used. Note that 1 hour of
data is equivalent to two pairs of collocated data points, because GOES data are available every
half hour. In other words, the total number of hours of data is equal to the number of data points
divided by two. Low-level liquid clouds occur most frequently during spring (MAM), moderately
frequently in fall (SON) and winter (DJF), and least frequently during summer (JJA). The total
number of hours of data is 964 (1928 data points). For context, Xi et al. [2010] found that lowlevel clouds (defined as having a cloud top height < 3km) with no other clouds above occur roughly
10% of the time over SGP. This distribution is similar to the results in Kennedy et al. [2013]. It is
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important to point out that the amount of data for July and August is low (< 20 hours) so the results
presented for these two months should be interpreted with caution.
Next, the diurnal cycle (daytime only) is shown in Fig. A1b with UTC time. Note that local
noon at the ARM SGP is ~ 18 UTC. The labels indicate the time at the start of the bin; that is, the
first bin includes data points occurring between 12 and 13 UTC. The cloud samples have a roughly
normal distribution with the maximum occurring around local noon (16-20 UTC) and minimum
occurring at sunrise (12 UTC) and before sunset (24 UTC). The minimum frequency occurrences
during early morning and late evening are likely due to the SZA filter (SZA<82o) in this study.
This is because days that meet this solar geometry criterion before 13 UTC and after 24 UTC only
occur during a limited part of the summer season. Thus, the results at 12 and 24 UTC should be
used with caution. At the winter solstice, a SZA of 82º occurs just before 15:00 and after 22:00
UTC. Therefore, bins containing hours from 15 to 22 UTC are unaffected by the solar zenith angle
filter. In other words, the decline in low-level cloud frequency seen from 15 UTC through the rest
of the day is genuine and not due to sampling bias.
3.1 Cloud Temperature
To compare GOES and ARM surface retrievals, monthly mean cloud temperatures (Top
and Base from ARM, Effective from GOES), based on all matched samples shown in Fig. A1,
were computed and are presented in Fig. A2a. The seasonal and monthly means of cloud
temperature and microphysical properties are listed in Tables A3 and A4. The means and standard
deviations for the seasonal and monthly differences between the ARM and GOES values are also
reported. Note that these means were computed using all points having valid data for GOES and
ARM individually, while means and standard deviations shown on scatter-density plots (for
example, Fig. A3) are computed using all collocated GOES and ARM results. For clarity, Teff will
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always refer to GOES retrieved cloud effective temperature and Tbase/Ttop will refer to the ARM
retrievals in the following discussion, unless specifically stated as otherwise. The monthly mean
cloud temperature follows an intuitive pattern, with the highest average temperature (~290 K)
occurring in July and the lowest mean temperature (~270 K) occurring in February. The
differences between Tbase and Ttop increase from -0.5 K in winter to +2.9 K in summer, and then
decrease towards the winter months, indicating that there are thicker clouds and/or greater lapse
rates within the clouds during late spring and summer months. The monthly mean Teff generally
follow the seasonal variations of the Tbase and Ttop but are ~3 K colder than both Tbase and Ttop
throughout the course of a year as listed in Tables A3 and A4. Nevertheless all monthly mean Tbase
and Ttop values fall within one standard deviation of the Teff.
In addition to the monthly mean comparisons, the hourly mean cloud temperatures derived
from both ARM and GOES observations are presented in Fig. A2b. The Tbase and Ttop means are
at a maximum (~287 K) in the morning and decrease throughout the day until the mid-afternoon
hours (275 K at 21 UTC), after which they begin increasing again. Teff values follow the same
pattern, though less noticeably. This variation is partially due to a sampling bias; that is, the earliest
and latest UTC hours only contain data from summer months due to the SZA filter, however data
taken between 15 and 22 UTC include all months and have no sampling bias. On average, there is
a small decrease of cloud temperature with local time for those hours. The Ttop (ARM) - Teff (GOES)
mean temperature difference is greatest early in the morning and relatively constant between 15
and 22 UTC. This behavior may, in part, be the result of underestimating cloud optical depth in
the limited summer sampling (see next section). Minnis et al. [2011a] the retrieval of Teff in detail
and how
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To compare GOES and ARM retrievals directly, scatter-density plots of Ttop versus collocated
Teff are plotted and shown in Fig. A3. Also shown on the plots are the total number of data pairs
(N), the coefficient of determination (R2), and the means and standard deviations of GOES and
ARM retrievals (mean/standard deviation). As demonstrated in Fig. A3a, although their mean
difference is 2.0 K, most of collocated Teff and Ttop values are located just below the 1:1 line with
an R2 value of 0.75. The consistent cold bias of Teff versus the Tbase and Ttop values seen in Fig. A2
is also evident in Fig. A3a. Fig. A3b shows the probability density functions (PDF) and cumulative
distribution functions (CDF) for Ttop and Teff. The Teff values are fairly evenly distributed, which
can be seen in the lack of peak in the PDF and the quasi-linear CDF. The distribution of Ttop is
negatively skewed (to the left), due to the substantial peak in frequency at higher values. The
consistent cold bias of Teff with respect to Ttop can again be seen in the CDFs.
Because this study utilizes GOES Teff instead of GOES Ttop, a warm bias would be expected
given a monotonically decreasing temperature profile and the nature of Teff and Ttop. The cold bias
found here is consistent with, but greater in magnitude than seen in previous comparisons of
satellite Teff with Ttop from in-situ [Painemal and Zuidema, 2011], and surface radar/rawinsonde
[Xi et al., 2014] over ocean, which showed values ranging from -0.9 K during daytime to -2.0 K
at night. Similar magnitudes were observed by Dong et al. [2008] in their comparison of MODIS
and ARM SGP retrievals that varied from -1.1 K in early afternoon to -2.9 K after midnight. The
results in Fig. A3a and also indicate that the magnitude of the differences between Teff and Ttop
bottoms out during the early afternoon and tends to increase toward sunset. To be sure that this is
not due to the merged sounding products interpolation, GOES Teff – ARM Ttop was plotted as a
function of the time from the closest actual balloon launch (not shown). There was no significant
relationship between the time distance and the magnitude of the bias or error. Painemal et al.
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[2013a] compared GOES Ttop with aircraft in-situ data for marine boundary layer clouds and found
a similar cold bias and discuss this cold bias in some detail regarding the sign and magnitude of
possible sources of uncertainty. They hypothesized that the Teff - Ttop difference could be due to
evaporative and/or longwave cooling of droplets at the cloud top. These processes would tend to
cool the cloud droplets, which are the primary emission source contributing to Teff. Because
longwave cooling and entrainment should be the greatest at night and the early morning
[Bretherton et al., 2010; Caldwell and Bretherton, 2009], they could be the main driving force of
the negative temperature differences. Fig. A2 shows that Teff - Ttop does indeed peak in the early
morning and decrease throughout the day, suggesting that longwave cooling of the cloud droplets
may be the dominant process here. Yet, several studies have demonstrated that the surface of an
evaporating droplet can be significantly cooler than the surrounding air and the temperature
difference depends on the evaporation rate (e.g., Johnson [1950], McGaughey and Ward [2002]).
Evaporation rates are inversely proportional to the relative humidity of the ambient air and, hence,
to the entrainment rate of dry air. As inversions at the cloud top deepen, they increase the
entrainment rate. This deepening typically occurs at night as the result of the longwave cooling.
Thus, the longwave cooling could impact Teff in two ways: directly through radiative loss and
indirectly by through increased evaporation due to the resulting rise in entrainment. As this cold
bias is found in multiple studies which utilize both surface-based and aircraft data, it is unlikely
that is due solely to instrumentation/retrieval error. Additional insight into this phenomenon would
require some detailed microphysical process modeling and analysis, which are beyond the scope
of this study.
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3.2 Cloud Microphysical Properties
Cloud microphysical properties are examined in the same way as cloud temperature. Fig.
A4 shows the monthly means of cloud-droplet effective radius (re), COD, and liquid water path
(LWP) retrieved from both ARM and GOES observations. As mentioned before, July and August
have less than 20 hours of samples as illustrated in Fig. A1a, thus the results in July and August
should be used with caution. The yearly, seasonal and monthly mean values of re, COD, and LWP
are listed in Tables A3 and A4, respectively.
The monthly means for GOES and ARM re retrievals, differing by ~20%, yield annual
means of 10.9 and 8.9 µm, respectively. GOES values are consistently higher than ARM values,
with a minimum and maximum differences of 1.7 µm in spring and 2.3 µm in winter, respectively.
However, the standard deviations of the differences are highest in spring and summer. There do
not appear to be seasonal patterns in the mean or standard deviation for either GOES or ARM,
though the GOES standard deviation is lower from August through February (excepting November)
and higher from March through June.
The monthly mean τ values are shown in Fig. A4b with annual means of 24.5 and 26.7 for
ARM and GOES, respectively. Overall, the GOES and ARM means track fairly well. ARM
monthly mean τ increases from February through June, is smallest in August, and tops out in
September. The GOES monthly mean COD peaks in September and generally decreases after
November to summer. The ARM τ values during spring and summer are slightly greater than their
GOES counterparts, and a bit smaller during fall and winter. The GOES monthly standard
deviations are noticeably higher for fall and winter months than during spring and summer. They
also exceed the corresponding ARM monthly standard deviations for most months. The monthly
mean variations of cloud LWPs from both ARM and GOES in Fig. A4c are very similar to their
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cloud optical depths due to the small seasonal variation in the re averages. As expected, the largest
difference in LWP occurs in winter (ARM=120.3 vs GOES=229.6 gm-2), and the spring and
summer differences around10 gm-2, with annual means of 137.0 and 187.3 gm-2 for ARM and
GOES, respectively.
Fig. A5 shows the diurnal variations of re, τ and LWP from both ARM and GOES. Note
that the following discussion will generally disregard the results at 12 UTC and 24 UTC as these
bins have very small data counts and the values shown may not be robust. As demonstrated in Fig.
A5a, there is no strong diurnal variation in re (ARM) ranging from 8.6 µm around local noon (1719 UTC) to ~9.5 µm. Therefore, the ARM retrieved re values appear to be nearly independent of
solar geometry. In general, re (GOES) exceeds re (ARM) and the differences between GOES and
ARM become large towards early morning and late afternoon. This pattern is evident even when
neglecting 12 and 24 UTC and indicates that re (GOES) is highly dependent on solar geometry.
The same pattern (increasing away from local noon) is seen in the standard deviations of both
ARM and GOES. Overall, at times with the lowest SZAs, re (GOES) means and standard
deviations are very close to their ARM counterparts when binned by time. The effects of solar
geometry on re (GOES) will be further discussed later.
The hourly mean values of ARM COD and LWP are shown in Figs. A5b and A5c,
respectively. Their diurnal variations mimic their re counterparts, having little variation. The τ and
LWP comparisons between ARM and GOES are similar to the re comparison, that is, the
differences are minimal around local noon, and increase towards sunrise and sunset. The GOES
standard deviations are also much higher than the ARM standard deviations for most times and
appear to increase from local noon to sunset. Since GOES LWP is computed based on re and COD,
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any biases found in these properties, such as with solar geometry, would propagate through to the
LWP.
Scatter-density plots between ARM and GOES cloud microphysical property retrievals, as
well as their PDFs and CDFs are shown in Fig. A6. Based on Fig. A6a, it is clear that GOES and
ARM retrieved re values are not well correlated. The shape of the density pattern is roughly circular
and the R2 value is 0.028. The re (GOES) mean is ~2 µm higher than the average for ARM and has
a higher standard deviation The PDF distributions of re (ARM) and re (GOES) values basically
follow normal distributions with a right skew, though the GOES values are shifted upward by
approximately 2 µm. There are two groups of outliers: the first one is for re (GOES) values around
12 µm while re (ARM) values range from 15 to 25 µm, the second one is re (ARM) values are
around 8 µm while re (GOES) values range from 15 to 25 µm. Points where re (ARM) is much
higher than re (GOES) are distributed similarly (not shown) to the monthly and hourly distributions
of the full data sample as seen in Fig. A1. However, points where re (GOES) is much higher than
re (ARM) preferentially occur in the morning (~66% before 15 UTC) when the solar zenith angle
is high and during the spring (~50% during April and May). Also of note is that these outliers
occur during the period when GOES-10 (GOES West) was used to produce these data, which will
be discussed further in section 4.
Fig. A6b shows the scatter-density plot for τ. In contrast to re, ARM and GOES retrieved
COD values are fairly well correlated, with an R2 of 0.45. The data density shows this as well,
though the amount of scatter in the data is very high, especially for high COD values. The GOES
values are on average higher than ARM with a mean difference of 2.2. Mean LWPs are 187.3 and
137.0 g m-2 for GOES and ARM, respectively, with an R2 of 0.47. The optical depth PDFs and
CDFs for GOES and ARM are very similar to each other as seen in Fig. A6e.
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3.3 Sensitivities of the GOES Retrievals to Viewing and Solar Geometry
It has been mentioned that the GOES-retrieved cloud properties, especially microphysical
properties, may depend on viewing and/or solar geometry. This may be a product of a seasonal
sampling bias due to the SZA filter used in this study. However, this sampling bias cannot be
entirely responsible for the increase in GOES retrievals with increasing SZA as demonstrated in
Fig. A5 because the relationship is still seen from 15 UTC through 22 UTC, which are in daylight
year-round at the ARM SGP site. Also, because the data were produced using both GOES East
and West satellites (not simultaneously), satellite viewing geometry is not constant through the
data record. To examine the effects of both on GOES microphysical property retrievals, the mean
and 10th-90th percentile values for bins of scattering angle (SCA, a-c) and SZA (d-f) are plotted in
Fig. A7. Table A3 shows the data counts by bin for reference. Here, the scattering angle is defined
as
𝑆𝐶𝐴 = 𝑐𝑜𝑠 −1 (−𝜇𝜇0 + 𝜇1 √1 − 𝜇02 √1 − 𝜇2 ), (2)
where μ is the cosine of the viewing zenith angle, μ0 is the cosine of the SZA, and μ1 is the cosine
of the relative azimuth angle. Viewing zenith angles are constant at 47° and 57° for GOES East
and West, respectively. Low scattering angles indicate that the radiation scattered by cloud
particles towards the satellite has a forward component (i.e., evening for GOES East and morning
for GOES West).
From the results shown in Fig. A7, it is clear that the GOES-retrieved re, COD, and therefore
LWP values all increase with increased SZA, which appears to be due higher values being retrieved
almost exclusively at extreme angles. Fig. A7a shows that when binned by SCA, the 10th percentile
of GOES re is higher than the mean value from ARM under forward-scattering geometry
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conditions. Figure A8 shows the re as in Fig. A6, except the data are segregated by GOES satellite.
From this figure it is clear, based on the mean value (Fig. A8b) and on the distributions (Figs. A8c
and A8d) that higher re values are more frequent for GOES 10. This makes physical sense – GOES
10 was in the GOES West position (135˚W) for the data used in this study. Since it was further
away from the SGP site, the viewing geometry is more extreme, and overestimates are more likely.
Figure A9 further illustrates that the re bias is found only under forward-scattering conditions,
while muddying any conclusions that could be drawn about COD. As expected, the GOES-8 and
-10 mean re values increase and diverge greatly from ARM mean re when SCA is < 90. This is
especially true for GOES-10, which has lower mean SCAs. Figures A7 and A9 have demonstrated
that a substantial portion of the re bias is due to measurements taken at SCA < 90° and SZA > 65°.
However, the expected relationship between SCA and τ is not readily evident. The GOES-10 mean
optical depths are underestimated in the morning when SCA < 90°, while the GOES-8 τ means
tend to be slightly overestimated at the same time, when SCA > 130°, as expected. During the
afternoon, the GOES-10 means are fairly close to their ARM counterparts when SCA > 130°, and
the GOES-8 values are overestimated when SCA <90°, contrary to expectations. Thus, the 3-D
effects are much more complex than can be explained simply with scattering angle. Other factors,
such as cloud structure orientation along a particular azimuth angle, could alter the relationship.
These problems regarding viewing/solar geometry and passive satellite cloud property
retrievals stem mostly from the plane-parallel-cloud assumption required for bi-spectral methods.
These issues have been studied for a long time, with little to show for in the way of solutions.
Zhang et al. [2012, 2016] discussed in detail the natures of the problems and provided a
comprehensive and relatively up-to-date summary of the research in this area. The biggest hurdle
here is decoupling the various potential sources of error and uncertainty due to 3D effects, sub-
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pixel level cloud inhomogeneity, and the non-linear relationships between the reflectances and the
physical parameters.
Regarding COD, Loeb and Davies [1996] showed that for stratocumulus clouds, cloud optical
depths retrieved using a plane-parallel radiative transfer model increase with SZA. Loeb et al.
[1998] demonstrated that this effect is primarily due to the 3D structure of actual stratus clouds,
which typically have texture of varying degrees on their tops, resulting in departures from the
plane-parallel cloud assumption used for most retrieval systems. These departures include
brightening in the back-scattering directions and shadowing in the forward scattering directions
and, therefore, respective over- and underestimates of retrieved COD [Loeb and Coakley, 1998;
Horvath et al., 2014]. This effect is clearer in Fig. A7, which shows that COD is underestimated
when SCA < 75°. Note that this is in contrast with Varnai and Marshak [2007], which found COD
to be overestimated even in the forward scattering direction. Liang and Di Girolamo [2013]
attributed this discrepancy between studies to the effects of the satellite-sun relative azimuth angle,
which is likely a factor in the results here and could explain the mixed results for COD seen in Fig.
A9.
Vant-Hull et al. [2007] described, similar to above, how illumination and shadowing can also
affect retrievals of re. For re, the brightening and shadowing result in under- and overestimates,
respectively. This is likely reflected in the variation of re with SCA seen in Fig. A7. Note again
that the expected bias under back-scattering conditions is not seen in Figs. A7 or A9, which could
be related to the specific viewing geometry of the GOES satellites. The reflected component of the
3.9-µm radiance, the primary source for estimating re from GOES, is inversely proportional to re
in a non-linear fashion. When that radiance is greater than expected (e.g., backscatter from
textured cloud), the retrieval will yield an underestimate of the effective radius, up to a point.

65

Because the droplets absorb radiation, the reflected component is generally constant for COD > 8
[Minnis et al. 1998]. Thus, the reflected radiance will be unchanged by additional scattering from
cloud sides and re will not be underestimated. Since few of the clouds observed here have COD <
8 (8.3% based on ARM COD), it is not surprising that re shows minimal dependence on SCA when
SCA > 90° (Fig. A7a). The opposite is true, however, for the forward scatter directions where
shadowing is likely to occur. In Fig. A7a, re rises rapidly as SCA drops from 90° to 45°. The
portion of the cloud shadowed by cloud bumps increases with rising SZA and decreasing SCA.
Thus, the reflected 3.9-µm radiance decreases from that expected for a plane-parallel cloud and re
can be overestimated, even for optically thick clouds. Thus, as SZA increases, the overestimate in
re rises in the forward-scattering direction if there is any texture in the cloud top. Liang et al. [2015]
showed that 3-D effects are not the only source of bias. Errors in the cloud optical depth also
influence the retrieved re directly, if COD < 8 or so, depending on the particular SCAs in the
retrieval. The comparisons here are taken over only one location, so the combinations of viewing
and illumination angles and, hence, the range of SCAs are limited. Different dependencies may be
found over other regions having different satellite-scene angular perspectives.
The discussion here is limited to possible explanations for the observed biases in COD and re
as relating to the satellite-solar geometry specific to this study and there are many caveats. First,
keep in mind that the biases in COD and re are very different for different combinations of satellitesolar geometry, such as near-nadir viewing with a small SZA. Second, the studies cited have
focused on numerous different cloud regimes. For example, the theoretical discussion in Vant-Hull
et al. [2007] specifically relates to broken cumulus clouds, which should have more 3D cloud-top
structure than overcast stratocumulus. However, studies [e.g., Painemal et al., 2012] have shown
that sub-pixel variation in cloud top height impacts microphysics retrievals in marine
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stratocumulus clouds, though open-celled marine stratocumulus would still likely have larger
biases due to 3D effects than continental overcast stratocumulus. Third, besides the cloud-top
structure, sub-pixel level variations of the cloud properties in both the horizontal and vertical have
been shown to induce significant biases [Zhang and Platnick, 2011; Zhang et al., 2012; Shang et
al., 2015; Painemal et al., 2013b]. Because COD and re are correlated, it is difficult to examine
them independently. Zhang et al., [2016] described a method for a quantified examination of these
parameters that accounts for the relationship between them, which was put to the test in a more
recent study [Werner et al., 2017].
These factors make it difficult to make a quantitative comparison between the results found in
this study with those found in other studies. Vant-Hull et al. [2007] found a difference of 5 μm
between shadowed and brightened clouds after removing cloud-edge pixels, but as mentioned their
focus was cumulus clouds. The present study found a mean bias of from 5 μm to over 10 μm for
SCA < 90. Using model simulations with a constant SZA of 60⁰ and simulated retrievals, Marshak
et al., [2006] found biases as high as 20 μm in broken stratocumulus and attributed this bias to
shadowing due to variations in cloud-top height. Note that here there was no attempt to quantify
the re bias as a function of sub-pixel inhomogeneity as other studies have done and the use of
geostationary satellites and a surface site limited the viewing-solar geometry. Because the
methodologies and targeted microphysical properties of the studies mentioned in this section vary
widely, it is difficult to directly compare to them.
4. SUMMARY AND CONCLUSIONS
The GOES-retrieved daytime single-layered low-level cloud properties have been
compared with the ground-based observations and retrievals at the ARM SGP site from June 1998
through December 2006. During the 8.5-year period, a total of 964 hours of single-layered overcast
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clouds were selected from collocated ARM and GOES observations over the ARM SGP site.
Based on the monthly and hourly means, as well as scatter-density plots of ARM and GOES cloud
macrophysical and microphysical properties, the following conclusions are drawn.
1. The monthly mean GOES Teff values basically follow the seasonal variations of the ARM
Tbase and Ttop but are ~3 K colder than both Tbase and Ttop through the course of a year. This cold
bias, which has been found in other studies, peaks in the early morning. While the diurnal variation
shown here could be due to sampling bias, it fits with the hypothesis of Painemal et al. [2013a]
that longwave cooling and droplet evaporation may be responsible. This is still only a possible
explanation, and the cloud-air temperature difference should be addressed by the cloud modeling
community to ensure stratocumulus cloud energetics are properly simulated.
2.

Overall, GOES and ARM retrieved COD and LWP agree fairly well, while re is not

correlated at all.

The ARM retrieved re, τ and LWP values have no strong diurnal variation;

therefore, the ARM microphysical properties are nearly independent of solar zenith angles (SZAs).
This is not true for GOES-retrieved microphysical properties.
3. Viewing and solar geometry are important. When binned by SCA, re (GOES) increases with
decreasing SCA, while COD is underestimated (overestimated) in forward scatter (backscatter)
conditions. This is likely a result of 3-D cloud effects, such as shadowing created by variations in
cloud-top structure. Enhanced backscatter reflectance is more important for the COD retrieval,
while shadowing (forward scatter) impacts both optical depth and effective radius at extreme SZA
values. This is also confirmed by the difference in re (GOES) for GOES-8 and GOES-10. These
conclusions on viewing and solar geometry are not unexpected and confirm what have been found
in previous studies on passive remote sensing-retrieved cloud microphysical properties. Expected
biases in the forward scattering direction were not found, which may be due the viewing geometry
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specific to the GOES satellites and the location of interest. Because the focus of this study was an
overall evaluation and characterization of the GOES data, further investigation of these issues was
left for future work.
GOES-retrieved terrestrial stratocumulus micro- and macro-physical properties were
evaluated against surface-based retrievals and characterizations of the uncertainties and biases on
multiple time scales are presented for users of this GOES product. This study also illustrated the
known effects of viewing and illumination geometry on passive satellite microphysical property
retrievals by providing long-term characterization of biases. Subjects such as the cold bias in
passively retrieved Teff and the effects of viewing/solar geometry in combination with sub-pixel
inhomogeneity should be the focus of upcoming studies, as there are major issues in remote sensing
of cloud properties.
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TABLES AND FIGURES
Table A1. The Satellite, position, time period, and SatCORPS version for the GOES data used in
this study. GOES East is at 75° W and GOES West is at 135° W. Here, C0 is the visible channel
offset, and g0, g1, and g2 are calibration coefficients.
Satellite

Position

Period

Version

g0

g1

g2

C0

GOES-8

East

05/01/1998 –
12/31/1998

2.1

0.6497

1.34E-04

0

31

01/01/1999 –
12/31/1999

2.1

0.562

2.22E-04

-2.43E-08

29

01/01/2000 –
03/30/2003

3

0.562

2.22E-04

-2.43E-08

29

04/01/2003 –
08/31/2005

3

0.478

2.22E-04

-3.13E-08

29

09/01/2005 –
06/20/2006

2.1

0.478

2.22E-04

-3.13E-08

29

06/21/2006 –
12/31/2006

3

0.518

7.32E-05

0

29

GOES-10

GOES-11

1

West

West
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Table A2. A List of cloud properties obtained from the ARM SGP site, their approximate
uncertainty, and sources for any algorithms used in their retrievals.

1

Cloud Property

Full Name

Uncertainty

Instrument and
Retrieval Algorithm

ARM Tbase and
Ttop

Cloud base and top
temperature (K)

0.2°C

Merged Sounding
[Troyan, 2012]

ARM re

Cloud droplet effective
radius (µm)

~10% for daytime

Dong et al. [1997,
1998, 2002]

ARM τ

Cloud optical depth

~5-10% for daytime

Dong et al. [1997,
1998, 2002]

ARM LWP

Cloud liquid water path (g
m-2)

~10%

Microwave radiometer
[Liljegren et al., 2001]
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Table A3. Bin values and data counts for figures 7 and 10.
Scattering Angle
Bin (˚)

50 ≤ x <
65

Count

38

70

103

202

Bin (˚)

12.5 ≤ x
< 22.5

22.5 ≤ x
< 32.5

32.5 ≤ x
< 42.5

42.5 ≤ x
< 52.5

Count

103

188

275

325

65 ≤ x < 80 ≤ x < 95 ≤ x <
80
95
110

110 ≤ x
< 125

125 ≤ x
< 140

140 ≤ x
< 155

155 ≤ x
< 170

170 ≤ x
< 185

244

269

493

435

74

Solar Zenith
Angle

1

52.5 ≤ x 62.5 ≤ x 72.5 ≤ x
< 62.5
< 72.5
< 82.5
491

308

238
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Table A4. Seasonal and annual means and standard deviations for cloud temperature and microphysical properties (re, τ, LWP) from
GOES and ARM data.

Winter
Mean
Std.

Spring
Mean
Std.

Summer
Mean
Std.

Fall
Mean
Std.

Annual
Mean
Std.

Cloud Base Temp. (K)
Cloud Top Temp. (K)
Cloud Eff. Temp. (K)

ARM
ARM
GOES

270.8
271.3
268.4

6.5
6.7
5.8

280.7
279.3
278.0

7.0
6.5
7.0

289.1
286.2
284.7

3.1
2.9
5.4

282.2
281.2
278.7

7.8
7.0
6.9

280.0
278.9
276.9

8.5
7.7
7.9

Effective Radius (μm)

ARM

8.7

3.9

9.0

2.6

8.8

2.8

9.1

3.4

8.9

3.1

GOES

11.0

3.9

10.7

4.6

11.1

5.1

11.0

4.3

10.9

3.6

Cloud Optical Depth

ARM
GOES

21.9
31.7

14.6
30.8

24.5
22.9

17.6
23.2

24.1
19.0

18.6
19.9

26.5
32.6

17.1
32.7

24.5
26.7

17.1
23.7

LWP (g m-2 )

ARM
GOES

120.3
229.6

103.3
253.1

136.3
150.5

106.1
169.4

126.3
136.3

99.3
194.2

154.9
237.8

117.2
273.4

137.0
187.3

108.5
194.3
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Table A5. Same as in Table A4, except for monthly means and standard deviations.

Cloud Base Temp. (K)
Cloud Top Temp. (K)
Cloud Eff. Temp. (K)

ARM
ARM
GOES

January
Mean
Std.
271.3
5.5
272.1
5.8
269.0
5.2

Effective Radius (μm)

ARM
GOES

8.6
11.6

3.4
2.8

8.8
10.5

4.3
2.5

8.6
10.4

2.6
3.5

9.2
10.6

2.4
3.9

9.1
11.2

2.7
6.2

9.2
10.9

3.0
4.3

Cloud Optical Depth

ARM
GOES

25.8
33.5

15.3
29.6

18.3
28.9

13.4
28.1

23.8
24.4

15.4
24.6

24.7
23.9

18.1
25.4

25.4
19.8

19.9
18.2

26.3
20.4

20.7
21.4

ARM
GOES

143.8
264.0

108.5
271.2

96.5
204.1

86.7
226.6

131.1
162.1

102.4
184.4

142.1
152.0

108.8
173.0

138.2
132.2

108.6
139.3

141.8
150.1

106.7
224.4

-2

LWP (g m )

July

February
Mean
Std.
270.3
5.6
270.3
6.3
267.8
5.2

March
Mean
Std.
276.4
6.3
275.8
6.3
274.2
6.0

April
Mean
Std.
281.9
6.0
280.0
5.6
279.0
6.5

May
Mean
Std.
285.6
4.7
283.4
4.3
282.5
5.7

Mean
288.6
285.8
283.8

Std.
2.9
2.7
5.3

Std.
2.4
2.8
3.9

August
Mean
Std.
287.9
4.2
284.4
2.2
284.4
6.5

June

September
Mean
Std.
287.7
8.6
286.5
6.0
283.3
5.6

October
Mean
Std.
281.6
6.0
281.0
5.7
278.9
5.6

November
Mean
Std.
278.6
6.8
277.4
6.5
274.8
6.9

December
Mean
Std.
271.0
8.3
271.8
7.8
268.8
7.1

Cloud Base Temp. (K)
Cloud Top Temp. (K)
Cloud Eff. Temp. (K)

ARM
ARM
GOES

Mean
290.9
288.0
287.2

Effective Radius (μm)

ARM
GOES

7.7
11.1

2.1
4.9

9.1
12.0

2.8
8.0

9.5
10.5

2.6
3.6

8.7
10.8

3.7
3.4

9.4
11.8

3.4
5.6

8.8
10.9

3.7
6.0

Cloud Optical Depth

ARM
GOES

23.6
18.5

16.0
18.9

15.1
12.5

6.4
10.5

29.9
32.5

21.0
32.0

23.6
28.2

13.7
29.0

27.8
38.4

17.1
36.8

23.0
34.2

14.5
35.5

ARM
GOES

110.8
127.1

90.6
141.7

84.5
84.8

56.0
70.7

173.1
213.2

126.9
217.2

133.0
206.8

101.3
248.9

169.4
299.3

124.8
329.7

130.5
231.9

113.3
266.7

-2

LWP (g m )
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Table A6. Same as in Table S2, except for hourly means and standard deviations.

18

17

16

15

14

13

12
Std.
3.4

Mean
284.9

Std.
4.4

Mean
283.2

Std.
6.9

Mean
280.7

Std.
8.5

Mean
278.6

Std.
8.8

Mean
280.1

Std.
8.5

Mean
280.1

Std.
8.4

Cloud Base Temp. (K)

ARM

Mean
287.4

Cloud Top Temp. (K)
Cloud Eff. Temp. (K)

ARM
GOES

284.7
284

3
5.1

283.4
278.3

3.5
5.3

282.1
278.6

5.8
7.1

279.9
276.7

7.5
8

278.6
275.5

7.8
7.9

279.1
277.1

7.6
8.4

279.1
277.6

7.6
8.1

Effective Radius (μm)

ARM

9.7

4.2

7.8

2.1

8.8

3.4

9.4

4

8.9

3

8.6

2.7

8.8

2.7

GOES

17.9

6.6

21.2

10.6

14.8

6

12.3

4

10.5

2.3

10.8

3

10.2

3.8

Cloud Optical Depth

ARM
GOES

27.9
36.3

14.9
41.7

152
15

12.2
21.9

159.7
31.1

16.4
36.6

156.5
32.5

14.2
33.5

134.9
28.3

15
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Figure A1. The number of hours of daytime (solar zenith angle < 82°) single-layered low-level
clouds over the ARM Southern Great Plains (SGP) site from May 1998 through 2006, binned by
month (a) and colored by GOES satellite. Due to temporal averaging, each hour represents two
half-hour data points in this study. Note that July and August have low data counts, which limits
the robustness of conclusions drawn about daytime low cloud properties during these two months.
(b) Same as Figure A1a except the data are binned by UTC time (local noon ~ 18 UTC). The time
indicated by the x-axis is the bin start time.
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Figure A2. (a) Monthly mean cloud top (Ttop, blue solid line) and base (Tbase, blue dashed line)
temperatures from ARM observations, and cloud effective temperature (Teff, red circles) retrieved
from GOES observations over the ARM SGP site. The monthy standard deviations of GOES
effective temperature are indicated by the error bars. (b) Same as (a) except for hourly means.
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Figure A3. (a) A scatter-density plots of cloud top temperature (Ttop) from ARM versus GOES
cloud effective temperature (Teff). Each data point represents the GOES and ARM values of a
spatiotemporally collocated pair. Data point density values are indicated by the color bar on the
left. The One-to-one line is shown. The Total number of data points (N), Coefficient of
determination (R2), and mean and standard deviation (mean/standard deviation) for GOES and
ARM data are presented in each plot. (b) Probability density functions (PDF, solid lines) and
cumulative distribution functions (CDF, dotted lines) for Teff (red) and Ttop (blue). The bin size for
both figures is 1 K.
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Figure A4. Same as Fig. A2b except for (a) monthly mean cloud-droplet effective radius (re), (b)
cloud optical depth, and (c) liquid water path (LWP). ARM retrieved properties are indicated blue
circles and GOES retrieved properties are shown as red asterisks. Monthly standard deviations are
indicated by the error bars.
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Figure A5. Same as Fig. A4 except for hourly mean values.
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Figure A6. Same as Fig. A3 except for (a and d) cloud-droplet effective radius, (b and e) cloud
optical depth, and (c and f) liquid water path. Note that the CDFs do not reach one for LWP or
cloud optical depth because the results are highly skewed. The bin sizes are 0.5 μm, 1, and 5 g m2
for effective radius, optical depth, and liquid water path, respectively.
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Figure A7. GOES (red) and ARM (blue) retrieved microphysical properties binned by scattering
angle ((a) – (c)) and solar zenith angle ((d) – (f)). Mean values for each bin are indicated by the
dashed lines and the shading shows the 10th-90th percentiles. The bin size for scattering angle is
15˚ and the bin size for solar zenith angle is 10˚. The number of data points in each bin are listed
in Table A3.
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Figure A8. The same as in Figs. A6a and A6d but segregated by GOES satellite. GOES 11 is not
included because the data record is too short.
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Figure A9. Mean Effective Radius (a), Optical Depth (b), and Scattering Angle (c) as a function
of time and separated by satellite. GOES data are shown in red (squares) and ARM data are shown
in blue (circles). Solid lines and filled symbols represent GOES-8 samples, and dashed lines and
unfilled symbols represent GOES-10 retrievals.
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ABSTRACT
We describe a quantitative evaluation of maritime transparent cirrus cloud detection, which
is based on Geostationary Operational Environmental Satellite – 16 (GOES-16) and developed
with collocated Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) profiling. The
detection algorithm is developed using one month of collocated GOES-16 Advanced Baseline
Imager (ABI) Channel 4 (1.378 µm) radiance and CALIOP 0.532 µm column-integrated cloud
optical depth (COD). First, the relationships between the clear-sky 1.378 µm radiance,
viewing/solar geometry, and precipitable water vapor (PWV) are characterized. Using machine
learning techniques, it is shown that the total atmospheric pathlength, proxied by airmass factor
(AMF), is a suitable replacement for viewing zenith and solar zenith angles alone, and that PWV
is not a significant problem over ocean. Detection thresholds are computed using the Ch. 4 radiance
as a function of AMF. The algorithm detects nearly 50% of sub-visual cirrus (COD < 0.03), 80%
of transparent cirrus (0.03 < COD < 0.3), and 90% of opaque cirrus (COD > 0.3). Using a
conservative radiance threshold results in 84% of cloudy pixels being correctly identified and 4%
of clear-sky pixels being misidentified as cirrus. A semi-quantitative COD retrieval is developed
for GOES ABI based on the observed relationship between CALIOP COD and 1.378 µm radiance.
This study lays the groundwork for a more complex, operational GOES transparent cirrus detection
algorithm. Future expansion includes an over-land algorithm, a more robust COD retrieval that is
suitable for assimilation purposes, and downstream GOES products such as cirrus cloud
microphysical property retrieval based on ABI infrared channels.
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1. INTRODUCTION
In 1999, the International Satellite Cloud Climatology Project (ISCCP; Rossow and
Schiffer, 1999), using a composite dataset comprised of numerous passive radiometric sensors,
estimated that the global instantaneous frequency of cirrus clouds was approximately 20%. The
launch of the Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) aboard the CloudAerosol Lidar and Infrared Pathfinder Satellite Observation (CALIPSO) satellite in 2006,
however, drastically changed cloud detection. Studies using data from this active sensor have
suggested that cirrus clouds actually cover roughly 40% of the Earth at any given time [Mace and
Zhang, 2014] and is as high as 70% for some tropical regions [Lolli et al., 2017]. This discrepancy
comes from the difficulty of passive radiometric instruments to detect thin transparent clouds with
optical depths of less than 0.3 [Ackerman et al., 2008; Stubenrauch et al., 2013]. Campbell et al.
[2015], among others, further showed that the distribution of cirrus clouds in terms of optical depth
is exponentially skewed towards optically-thinner clouds, meaning that passive sensors were
failing to detect roughly half of cirrus in the atmosphere, a result predicted presciently by Sassen
and Cho 1992 [Stubenrauch et al., 2013]. An example of transparent cirrus is shown in Fig. B1a.
Passive radiometric datasets and subsequent Level 2 retrievals based upon them are widely
used in both operational and research applications. The failure to accurately discriminate
transparent clouds in satellite-based radiometric pixels therefore has significant ramifications for
meteorological and oceanographic interests. For example, Marquis et al. [2017] showed that
optically thin cirrus (cloud optical depths less than 0.3; Sassen and Cho, [1992]) contaminate 25%
of Infrared (IR) sea-surface temperature (SST) retrievals with average per-pixel biases of up to 0.5
K. Chew et al. [2011] found that Version 2 Level 1.5 and 2 aerosol optical depth measurements
collected by the NASA AERONET sun photometer network were similarly contaminated at a near
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25% rate, with a positive bias near 0.03 per observation. Lidar profilers are the obvious solution
to correcting for thin cloudy pixel under-sampling in passive radiometric composites. However,
satellite-based instruments, such as CALIOP, have a very small ground footprint (~70 m) with a
long revisit period (16 days; Winker et al., [2007]) and ground-based lidars are difficult and
expensive to deploy and are generally limited to landmasses. Therefore, removal of thin cirrus
contamination from global observations for downstream retrieval and assimilation purposes has
been very challenging.
The potential for passive detection of transparent cirrus using a 1.38 µm channel was first
proposed over 25 years ago by Gao et al. [1993]. The reasoning behind was two-fold. There is a
strong water absorption band centered at this wavelength that absorbs nearly all signal from the
Earth’s surface, given sufficient water vapor in the column. Also, cirrus clouds are typically
located above most of the atmosphere’s water vapor, thus solar radiation scattered by these clouds
stands out against a relatively dry upper troposphere. Therefore, these cirrus clouds could be
detected by satellites with sufficient underlying contrast from which to specifically discriminate
thin and transparent cloud filaments.
Early success in detecting cirrus using data from the Airborne Visible Infrared Imaging
Spectrometer (AVIRIS) during field campaigns resulted in the selection of a channel near 1.38 µm
for the Moderate Resolution Imaging Spectroradiometer (MODIS) Instruments (Gao and Kaufman
1995). Methods for detecting transparent cirrus and even retrieving the cloud optical depth (COD;
Meyer et al., [2004]; Meyer and Platnick [2010)] and ice cloud particle size and shape [Wang et
al., 2014] followed. For example, of pixels deemed clear sky by the MODIS cloud mask, Dessler
and Yang [2003] found that one third contained transparent cirrus and Lee et al. [2009] found that
over 40% were contaminated. However, operational use of such algorithms was never fully
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implemented due to technical issues with the MODIS 1.375 µm channel leading to more
uncertainty than was considered acceptable [Dessler and Yang, 2003]. These issues include
contamination due to light leakage at 5.2 µm, detector cross-talk among bands between 1.24 µm
and 4.5 µm, and a bandwidth of the 1.375 µm channel that, with hindsight, proved perhaps too
large with respect to the background solar contamination (1.36-1.39 µm).
A 1.375 µm channel was implemented in both Visible-Infrared Imaging Radiometer Suite
(VIIRS) instruments aboard the Suomi National Polar-orbiting Partnership (NPP) and NOAA-20
satellites, which launched 28 October 2011 and 18 November 2017, respectively. Some overlap
between these satellites and the A-Train occurs every few days. However, the calibration and
evaluation of a transparent cirrus detection algorithm with the use of reasonably well collocated
CALIOP profiling is impractical due to the limited number of samples. Geostationary satellite
sensors, such as the Advanced Himawari Imager (AHI) aboard the Himawari-8 and -9 satellites,
provide an opportunity for collocation with CALIOP. However, a channel near 1.38 µm was
omitted from AHI in favor of a green (0.51 µm) visible channel. The Advanced Baseline Imager
(ABI; Schmit et al., [2017]) aboard the next-generation Geostationary Operational Environmental
Satellites (GOES) currently observing the Western Hemisphere (GOES-16 and GOES-17)
therefore provide the only opportunity to take advantage of CALIOP to provide robust algorithm
calibration and evaluation. To develop a transparent cirrus detection algorithm and more accurately
understand detection efficiencies for transparent cirrus clouds using CALIOP, the GOES ABI must
be used.
This study will quantitatively evaluate maritime optically thin transparent cirrus (COD <
~0.3) cloud detection from GOES-16 based on collocated vertical profiles from CALIOP.
CALIOP provides the opportunity to estimate a baseline for thin cirrus detection in terms of COD
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and develop a semi-quantitative retrieval for COD. We will show that the algorithm can detect
cirrus clouds identified by CALIOP at rates greater than 80% for most CODs down to 0.1 and
nearly 80% for CODs down to 0.05, while preserving over 96% of clear sky pixels. Caveats, such
as collocation error and the presence of aerosols, likely have a small impact on these results, but
are discussed in detail. This research sets a foundation for a future comprehensive cirrus detection
algorithm, including application over land and a more robust COD retrieval that is suitable for
operational and research applications (Level 2).
2. DATA
2.1 Study Region and Period
Because use of the 1.378 µm channel will become more complicated over landmasses due
to ice/snow cover and reflectance of elevated terrain, we limit the focus here to maritime analysis
only. August 2018 is the study period, which was chosen for lacking any significant uppertropospheric contamination (i.e., volcanic and pyroconvective activity; e.g., Peterson et al.,
[2018]). A month occurring during the Northern Hemisphere summer was selected to limit the
presence of sea ice. Only one month of GOES ABI data are used here in order to limit
computational demands. This sample still provides a wide range of viewing situations that we
believe ire sufficient for proof-of-concept. As this study relies on radiance and solar scattering at
1.378 µm, only data collected during daytime are used, which is broadly determined as when the
solar zenith angle (SZA) is < 80°, which is near the 82° threshold commonly used to discriminate
between daytime and twilight (e.g. Minnis et al., [2008]; this is close to a more stringent definition
applied by, for instance, Campbell et al., [2012]).
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2.2 GOES-16 ABI Data
The primary dataset used in this study is the GOES-16 ABI channel 4 (1.378 µm; Ch.4)
radiance. GOES-R was launched on 19 November 2016 and became GOES-16 when it was placed
into the GOES-East operational position on 17 November 2017 at 75.2° W, providing a view
centered between North and South America. It was declared fully operational on 18 December
2017. GOES-16 was chosen over GOES-17 because it is centered over the Atlantic basin and using
both would double the computing resources needed while providing little additional value. The
ABI is significantly more advanced than GOES legacy instruments. Only full disk scans are used
in this study, which were available every 15 minutes during the study period but are now available
every 10 minutes. With 16 channels ranging from 0.47 µm-13.28 µm and nadir-viewing spatial
resolutions from 0.5 to 2 km [Schmit et al., 2017], this instrument is closer to MODIS than it is to
the previous GOES-15 imager. To date, ABI Ch. 4 is performing within specifications (±4%;
Bartlett et al., [2018]; Yu et al., [2017]). Readers are directed to the GOES R Product Users Guide
for more information. The 1.378 µm channel has a nominal nadir spatial resolution of 2 km and a
bandwidth (50% full-width at half maximum) from 1.366 µm-1.38 µm, which is narrower than its
cousin on MODIS, reducing susceptibility to noise from the surface and lower troposphere. In
addition to the Ch. 4 data, brightness temperatures from channels 14 and 15 (~11 and 12 µm,
respectively) are used as part of a case study to test a traditional cirrus cloud detection method.
An example image from Ch. 4 is shown in Fig. B1c along with a simulated true color image
(Fig. B1b) for comparison. Because the ABI lacks a green channel, a green channel is estimated
from the blue, red, and near-infrared adjacent bands via a look-up-table approach that has been
trained on Himawari-8 Advanced Himawari Imager (AHI) data. A further correction to this band
to increase sensitivity to green vegetation involved a blend of ~7% of the vegetation band
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reflectance to the estimated green band. Atmospheric corrections for suppression of the Rayleigh
scattering molecular atmosphere have also been applied. The background and application of this
approach are described in Miller et al. [2012] and Miller et al., [2016].
2.3 CALIOP Data
This study employs 0.532 µm column-integrated COD data from the CALIOP v4.20 Level
2 5-km cloud profile data product [Vaughan et al., 2020; Winker et al., 2009]. Extinction
coefficients are derived using the Hybrid Extinction Retrieval Algorithm (HERA; Young and
Vaughan, [2009]; Young et al., [2018]). The profile products are reported at a uniform spatial
resolution of 60 m vertically and 5 km horizontally, over a nominal altitude range from 30 km to
-0.5 km. For this study, we select profiles that contain single-layered “Transparent Cirrus” as
reported in the Atmospheric Volume Descriptor (bits 10 to 12 must be equal to 6). The cloud type
categorization follows ISCCP definitions [Rossow and Schiffer, 1999] and indicates in particular
that the ice cloud is transparent to CALIOP and has a top pressure lower than 440 hPa.
Furthermore, we require the CAD score, which indicates the confidence in the cloud classification
by the Cloud Aerosol Discrimination algorithm [Liu et al., 2019], is between 20 and 100 or equal
to 106 in order to discard clouds classified with no confidence. “Deep Convective” clouds are not
included in this study because these clouds are opaque to CALIOP and have COD > ~3 [Young et
al., 2018] and will thus be detected by standard cloud masks, which makes them redundant to the
goals of this study. Cases with transparent cirrus above another cloud layer are also not included,
as detectability of transparent cirrus is the focus here. Finally, the cloud extinction coefficient
values and COD are considered of high-quality if they were retrieved with Extinction QC flags
equal to 0, 1 or 2.
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Precipitable water vapor (PWV) is also a major component of this study because it has a
direct impact on the ABI radiance in channel 1.38 μm. Here, we compute PWV from relative
humidity profiles provided in the CALIOP cloud product, which are derived from the Modern-Era
Retrospective analysis for Research and Applications, Version 2 (MERRA-2; Gelaro et al.,
[2017]) output, by converting the layer relative humidity into mixing ratio and integrating through
the column.
2.4 Auxiliary Data
Two other datasets are used in minor roles in this study. First, the land/sea mask from the
Global Multi-resolution Terrain Elevation Data (GMTED2010; Danielson and Gesh, [2011])
product is used to determine which GOES-16 pixels are over the ocean. Aerosols are detected
using the GOES-16 ABI L2+ Aerosol Detection Product (ADP; ”ABI aerosol detection…” 2018).
This product is comprised of various band ratio and reflectance thresholds that produce a binary
aerosol mask (0= definitively no aerosol, 1=definitively aerosol), utilizing bands primarily in the
visible and thermal infrared range, with the addition of the 1.378 µm (over land only) and 3.9 µm
channels. The ADP relies on the ABI Cloud Mask (ACM; Heidinger, [2010]) to remove errors
induced by cloud cover. With respect to optically thin cirrus detection, the ACM algorithm has a
simple threshold of 5% reflectance in the 1.378 µm channel. For a solar zenith angle of 0°, 5%
reflectance corresponds to a radiance value of approximately 5.5 W m-2 um-1 sr-1. It will be shown
later that this value is an order of magnitude larger than the thresholds developed and tested in this
study.
The ADP provides a supplemental screening that likely removes highly aerosolcontaminated pixels. Though CALIOP could have been used to screen samples for the presence of
aerosols, this would only serve to complicate this study more than was deemed acceptable. The
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ADP was chosen as the lone aerosol screening dataset because collocation between CALIOP and
GOES is imperfect and likely causes some sampling error, especially at large viewing zenith angles
(VZA). CALIOP is also not available for near-real-time operational use and therefore cannot be
implemented as a core component of the final detection algorithm. Even using CALIOP to merely
screen for aerosols would lead to an algorithm that produces different results in this study versus
operationally. Finally, screening for aerosols in this case warrants more than simply removing
cases based on aerosol optical depth (AOD). A thorough quantification of the effects of aerosol
loading on the Ch. 4 radiance would be required to determine any AOD-based threshold. This is
outside of the scope of this study and is therefore left for future work.
Finally, GOES 16 cloud-top height (CTH) and COD are included as part of a case study
for further validation. These data are not a major component of this study, therefore readers are
directed to the algorithm theoretical basis documents for more information (Heidinger, [2012] and
Walther et al., [2013], respectively). Note that the GOES COD and CTH products have stricter
viewing/solar geometry constraints than are used in this study, but the case study shown is within
these constraints. Also, the GOES COD is retrieved at 640 nm, while CALIOP COD is retrieved
at 532 nm.
3 METHODS
3.1 Collocation
In order to calibrate and evaluate the algorithm produced in this study, ABI and CALIOP
data must be spatio-temporally collocated. This process is not straightforward because GOES-16
is geostationary and not part of the A-Train. One day of daytime CALIOP overpasses are shown
in Fig. B2a superimposed over the VZA of GOES pixels in the full disk scan. Figure B2b shows
the estimated GOES pixel size as a function of the VZA. The pixel size is estimated by
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interpolating the GOES pixel corners from the GOES pixel centers and then computing the twodimensional area. GOES-16 pixels increase in size as VZA increases, growing from 2 km at nadir
to over 10 km at the scan edge. The CALIOP L2 Cloud profiles product footprint is essentially a
1-dimensional curtain (~70 m width; Winker et al., [2007]) broken down into 5 km “pixels” along
track.
A collocated observation is defined as the intersection of a CALIOP orbit with a GOES
pixel within 7.5 min of a GOES full disk scan. CALIOP 5 km “pixels” that intersect multiple
GOES pixels are paired with each GOES pixel independently. Examples of this collocation near
GOES nadir-viewing and near the edge of the GOES disk are shown in Fig. B3. GOES pixels are
shaded in gray as a visual aid. In Fig. B3b, the “missing” GOES pixels (i.e. non-shaded area that
is underneath the CALIOP track) are due to a first-pass filter in the collocation that removes GOES
pixels with centers that are more than 0.2° away from the CALIOP “pixel” center. Information
from CALIOP therefore becomes less representative of what GOES sees as distance from nadirviewing increases. We adopt a VZA limit of < 80° throughout this study to limit the effects of the
increasing size of the GOES pixels on the results.
3.2 Filtering
As this study relies on radiance and solar scattering at 1.378 µm, only data collected during
daytime are used, which is broadly determined as when the SZA is < 80°. In addition to the full
collocated sample, the temporal collocation range (dt) is also constrained to less than 1 minute in
order to limit cirrus cloud advection and detrainment between the GOES scan and the CALIOP
overpass (hereafter, high-quality [HQ] sample).
Two subsamples of collocated data are compiled and analyzed – cloudy and clear-sky samples.
Therefore, we have four samples in total – cloudy and clear-sky with full observations (dt < 7.5
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min) and the HQ subset (dt < 1 min). Single-layered cirrus samples are determined as when the
CALIOP 0.532 µm column-total COD is equal to the CALIOP 0.532 µm column transparent cirrus
COD, the CALIOP 0.532 µm column-total COD is greater than 0, and when the ADP does not
positively flag the pixel as containing aerosol (i.e. ADP ≠ 1). We do not use ADP=0 (thus including
pixels with fill values) as the criteria here due to the possibility that cirrus clouds are misidentified
as dust. In the end, the ADP filter only removes roughly 1.5% of those samples that would
otherwise be included in the transparent cirrus sample. For the clear-sky sample, the ocean-only,
VZA, and SZA criteria are the same as in the transparent cirrus sample. The CALIOP 0.532 µm
column total COD must be equal to 0, indicating cloud-free samples, and the ADP must positively
identify clear-sky (i.e. no aerosols, ADP = 0). Here, the ADP filter removes over roughly 15%
pixels that would otherwise be included in this subsample. Table B1 shows the total number of
collocated samples, as well as the clear-sky and transparent-cirrus-only sample sizes for the full
and HQ samples.
3.3 Parallax Correction
Parallax must be accounted for because this study relies on the collocation of data from
two space-borne sensors with very different viewing geometries. This issue occurs when a highaltitude feature (e.g., a cirrus cloud) is observed by two different sensors with different (and nonnadir) viewing angles and becomes increasingly prominent as VZA and cloud altitude increase.
Miller et al. [2018] suggest that the geolocation displacement due to parallax for a cloud with an
altitude of 10 km and viewed with a modest angle of 50° is greater than 10 km. A large portion of
the GOES disk has VZAs greater than 50° (Fig. B2a), therefore parallax likely has a significant
impact on the data samples in this study.
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For a cirrus cloud observed by both CALIOP and the GOES-16 ABI, the geolocation of
the cloud according to CALIOP will be the location on the Earth directly beneath the cloud because
CALIOP is approximately nadir viewing. However, the geolocation of the cloud according to
GOES will be the location on the Earth at the tip of a ray originating at the GOES-16 position and
travelling through the cloud to the surface. In other words, a basic spatial collocation at the pixel
level will result in cases where CALIOP observes a cloud within a column that is not within the
solid angle of the GOES pixel and therefore the GOES geolocation must be corrected. The
methodology for correct the GOES-16 geolocation for parallax is described in detail in Wang and
Huang [2013]. Correcting for parallax requires a cloud top height, therefore it is only applied to
the cases in the transparent cirrus sample.
4. RESULTS
4.1 A Clear-sky “Correction”
The first step in developing a calibrated threshold response capable of detecting transparent
cirrus clouds is isolating the signal specifically from these clouds. This is especially critical here
because the signal from thin cirrus is relatively small, approaching the background noise levels.
We achieve this by characterizing the contribution to the 1.378 µm radiance from the clear
atmosphere. Figure B4 shows the distributions of Ch.4 radiances from the clear-sky samples
described in Sec. 2.3.2. These radiance values are, generally, very low, with approximately 90%
of them begin below 1 W m-2 sr-1. In fact, they are so low that the radiometric resolution, or
dynamic range, of the ABI shows up as discrete stratifications in the distribution. As the signal
here only comes from diffuse radiation in the clear atmosphere, it is likely that viewing and solar
geometry, which dictate the path length of the solar radiation, strongly modify the clear-sky
radiance.
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Figure B5 shows the distributions of VZA (Fig. B5a), SZA (Fig. B5b), PWV (Fig. B5c),
and Airmass Factor (AMF; Fig. B5d) for the full clear-sky sample. The values of these parameters
will vary slightly with the study period and the location of landmasses within the chosen study
region. The AMF is computed as
𝐴𝑀𝐹 = (

1
cos(𝑉𝑍𝐴)

+

1
)
cos(𝑆𝑍𝐴)

(1)

[Palmer et al., 2001] and is analogous to a normalized pathlength of the solar radiation between a
scattering event in the atmosphere and ABI. To understand the significance of relationships
between the clear-sky Ch.4 radiance and these four parameters, the radiances are first binned by
VZA, SZA, and PWV, and the means and standard deviations are computed for each bin. This is
shown as bar plots in Fig. B6, where the solid line indicates the mean and the error bars indicate
the standard deviation. Clear-sky radiance increases with VZA for values greater than ≈35° (Fig.
B6a). While radiance does appear to increase with SZA (Fig. B6b), the relationship is not as
pronounced. As expected, radiance is higher for PWV values less than 2 cm (Fig. B5c). Otherwise,
a clear signal between PWV and radiance is not discernible. Figure B6 suggests that the path length
of the solar radiation (e.g., AMF dependent on VZA and SZA) largely determines the clear-sky
radiance and PWV only becomes significant when it is less than 2 cm, which is in line with the
results from Gao and Kaufman [1995].
Similar to Fig. B6, Fig. B7 shows the mean and standard deviation of the clear-sky radiance
when binned by AMF, with the full clear-sky sample shown in panel (a) and the HQ (dt < 1 min)
clear-sky sample shown in panel (b). Additional red error bars indicate two standard deviations
and the dotted lines represent linear regression lines computed from the values one and two
standard deviations above the mean. These lines represent the basis for our transparent cirrus
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detection thresholds and will be discussed further in Sec. 3ba1. The relationship between clear-sky
radiance and AMF is the clearest yet, with radiance linearly increasing as a function of AMF. This
is intuitive because AMF is a proxy for the normalized path length of radiation travelling through
the atmosphere. So, a larger AMF means more contribution from the clear atmosphere to the Ch.
4 radiance. However, a simple linear regression cannot be used without first examining the
contributions of VZA, SZA, AMF, and PWV independently.
4.1.1 Precipitable Water Vapor
The detection of transparent cirrus using ABI Ch.4 depends on strong water vapor
absorption around 1.38 µm. Therefore, the column water vapor content must be considered when
evaluating potential detection thresholds. While describing the process behind selecting a 1.375
µm channel for placement on the MODIS instrument, Gao and Kaufman [1995] examined the
potential effects of column PWV on such a band in detail. Specifically, they computed the twoway transmittance in a 30 nm-width band centered on 1.375 µm as a function of altitude (Z) for
five different atmospheric profiles approximating five different PWV conditions. These
calculations were performed with a VZA of 0° and a SZA of 45°. A list of the 5 profiles they chose,
and their corresponding PWV values, is shown in Table B2.
For Z=0 km (surface), they found that all profiles except the subarctic winter profile had
two-way transmissions of 0%, which means that a satellite would not measure a signal from the
surface under these conditions. For the subarctic winter profile, which has a PWV value of 0.42
cm, the two-way transmittance is 3% for Z=0 km. This means that a satellite would receive some
limited signal from the surface. For Z=3 km, the two-way transmittance for the subarctic winter
profile is around 20%. In this case, the two-way transmittances for the midlatitude winter and SubArctic Summer profiles are slightly greater than 10% and just less than 5%, respectively.
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Therefore, we should expect significant signal from an altitude of 3 km when the PWV value is
between that of the midlatitude winter and subarctic summer profiles and contribution from the
surface will become increasingly unlikely as PWV increases from there.
One factor working in our favor is that these calculations were performed with a SZA of
45° and nadir satellite viewing. Because GOES-16 is geostationary, such low VZAs only occur in
the tropics (Fig. B2a), where the PWV over the ocean is often much higher than 1cm. Higher VZAs
and SZAs, like those seen in the midlatitudes and sub-arctic, increase the path length of the solar
radiation and decrease the chance that scattering from the surface, or any significant low
cloudiness, reaches the satellite. Of course, high surface elevation and highly reflective surfaces
such as snow and ice can increase the likelihood of background contamination. It is partially for
that reason that we chose to restrict this study to exclusively ocean pixels and the northern midlatitude summer.
While this discussion focused on the importance of PWV below the transparent cirrus, the
PWV above the cloud must also be discussed. Meyer and Platnick [2010] point out that up to 10%
of the column PWV can be above the cirrus layer. This is non-trivial due to the nature of the 1.378
µm channel. They present a method for correcting the MODIS 1.38 µm reflectance for attenuation
due to above-cloud water vapor. Full implementation of this methodology is outside of the scope
of the current study. Attenuation due to above-cloud water vapor will be explored during future
development of an operational transparent cirrus detection algorithm.
4.1.2 Untangling VZA, SZA, AMF, and PWV
In order to investigate the dependence of the 1.378 µm radiance on VZA, SZA, AMF, and
PWV independently, a methodology similar to that in Lolli and Di Girolamo [2015] is adopted
here. This is required because viewing/solar geometry and PWV are likely correlated in space.
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First, principle component analysis is performed to determine which of the four variables
mentioned above have the largest impact on 1.378 µm radiance. The results show that AMF and
PWV account for 94% of the variability in the clear-sky radiance, which confirms that AMF is a
suitable replacement for VZA and SZA individually. However, because of the interdependence of
AMF and PWV, typical mathematical methods may not be able to delineate their individual impact
of 1.378 µm radiance. For this reason, the random forest (RF) “bagged ensemble tree” Machine
Learning (ML) method was applied [Breiman, 1996].
ML is a platform that is used to “teach” algorithms to learn from experience without relying
on a particular analytical (i.e., mathematical) model. The implemented ML technique
(commercially available in MATLAB) is based on bootstrap-aggregated (bagged) decision trees
to avoid overfitting. The bagged tree method, using bootstrap samples of the data, grows an
ensemble of decision trees. Also, the algorithm selects a random subset of predictors (SZA, VZA,
AMF, and PWV) to use at each decision split as in the RF algorithm. Before training the model,
it is critical to choose a strategy to evaluate its performance once the model is trained. It is common
to “holdout” a portion of the whole dataset to evaluate the final model. Nevertheless, there is not
a well-established rule stating the percentage of the whole database that should be withheld for
training and for validation. As a rule of thumb, at least 50% of the database should be used for
training the model [Breiman, 2001]. Considering that we deal with a very large dataset, we find it
reasonable to holdout 40% of the dataset for validation. In this application, we use a supervised
RF regression technique using a minimum leaf size of 8 and 30 learners. The model was trained
using 60% of the full (i.e., not restricted to HQ) clear-sky sample, while the remaining 40% of the
data were reserved for validation. A detailed description of the RF model is beyond the scope of

113

this manuscript. Further information on RF methods can be found in Baker and Ellison [2008] and
Hamad et al. [2019].
Two different metrics are used to quantify the RF model performance in predicting Ch. 4
radiance values - the Mean Absolute Error (MAE, W m-2 um-1 sr-1) and the Root Mean Square
Error (RMSE, W m-2 sr -1). The model has a MAE of 0.048 W m-2 um-1 sr-1 and a RMSE of 0.078
W m-2 sr -1, and the total variability of Ch. 4 radiance explained by the model is 71% (r2 = 0.71).
We consider these values to be sufficient to consider the model a capable predictor of Ch. 4
radiance values as function of PWV and AMF.
Now that a model predicting the Ch. 4 radiance based on PWV and AMF has been created,
we can examine their impacts independently. This is done varying PWV while holding AMF
constant (we chose AMF=5) and vice-versa (choosing PWV=3). Figure B8 shows the results of
this exercise. It is clear that PWV, even at low values, does not contribute to the Ch. 4 radiance
with any consistent relationship (Fig. B8a), while Ch. 4 radiance increases with increasing AMF
(Fig. B8b). This suggests that, at least over the ocean, a PWV threshold is not required in the
GOES detection algorithm. We recognize however, that additional analysis will be required to
facilitate thin cirrus detection over land.
4.2 Transparent Cirrus Detection Algorithm
4.2.1 Differentiating Clear-sky and Transparent Cirrus
Having shown that PWV does not systematically modify the Ch. 4 radiance over ocean on
the same order of magnitude as viewing/solar geometry, a threshold for differentiating clear-sky
from transparent cirrus based solely on AMF can be determined. Returning to Fig. B7, the dotted
lines representing the regressions of the one- and two-standard deviation values above the mean
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radiance as a function of AMF are chosen as the radiance thresholds. The equations for the oneand two-standard deviation regressions for the full clear-sky sample (Fig. B7a) are, respectively,
𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.116537 + (0.038114 × 𝐴𝑀𝐹) (2) and
𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.221887 + (0.040561 × 𝐴𝑀𝐹) , (3)
and the equations for the one- and two-standard deviation regressions for the HQ clear-sky sample
(Fig. B7b) are, respectively,
𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.150679 + (0.0258 × 𝐴𝑀𝐹) (4) and
𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.266235 + (0.022984 × 𝐴𝑀𝐹) . (5)
The process for using these thresholds to detect cloud is displayed as a flow chart in Fig.
B9. First, AMFs are computed at the pixel level. A threshold for each pixel is then determined
using one of Eqns. (2-5). Finally, the Ch. 4 radiance is compared against the threshold. Pixels with
a radiance greater than the threshold are identified as transparent cirrus. Note that, for the purposes
of this manuscript, we maintain that the overwhelming majority of such detections represent cirrus
clouds, though we acknowledge that these layers could very well be lofted aerosol particles.
However, as we will show, the sensitivity of the baseline detection is very high in optical depth
space. The likelihood that lofted aerosols would be present in high enough densities to represent
such optical depths over water, in the absence of any significant volcanic or pyro-convective
events, is sufficiently low for this 2018 sample, and thus our analysis. Future application of the
technique will require subsequent study, and likely additional spectral analysis of available ABI
bands, to best distinguish ice from aerosol particulate matter.
Naturally, any cloud at an altitude higher than the apparent Ch. 4 floor (dependent on AMF)
will pass the radiance threshold and thus the clouds detected using this technique alone may not
be cirrus clouds. Operational users will need to pair this technique with traditional cloud masking
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methods to create a full composite of the scene. Subsequent analysis in this study is performed
using Eqs. (4) and (5), which were determined using the HQ samples, to limit the possibility of
error due to collocation. Algorithm performance in terms of detection capability and COD is
discussed in sec. 3c1. First, the ability to estimate transparent cirrus COD using the 1.378 µm
channel must be investigated.
4.2.2 Channel 4 Radiance and Cloud Optical Depth
With a calibrated method for detecting transparent cirrus established, we can develop a
capability to derive COD. Figure B10 shows the scatter density of the CALIOP-identified singlelayer “Transparent Cirrus” COD as a function of Ch. 4 radiance (Figs. B10a and B10b) and Ch. 4
radiance with the parallax correction (Figs. B10c and B10d) for the full sample (Figs. B10a and
B10c) and the HQ cirrus sample (Figs. B10b and B10d). The sample size of the parallax-corrected
sample is smaller because initially multiple GOES pixels were collocated to each CALIOP pixel.
After parallax correction, these pixels were parallax corrected to the same GOES pixel, resulting
in duplicates. The scatter density, which is indicated by the point coloring, is computed as the
normalized number of points within ± 20% of the points COD and radiance values. This density
should be treated as an estimate to be used as a visual aid. The dotted regression lines are computed
using a linear least squares regression and the solid regression lines in Fig. B10 are computed using
the Theil-Sen (Theil, [1950]; Sen, [1968]) slope estimator. This method, which selects the median
of the slopes of the lines through each pair of points in the sample as the regression, is more robust
with respect to outliers than a more widely used parametric regression such as least-squares.
However, the root-mean-squared-errors (RMSEs) for the regression lines are not significantly
different (not shown; between ~0.615-0.65 in log-log space). The coefficient of determination (r2)
values are higher for the parallax-corrected Ch. 4 radiance-COD relationships and the r2 for the
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HQ transparent cirrus sample is the highest of the four relationships. Therefore, we recommend
using this linear regression relationship for the HQ parallax-corrected when estimating COD;
however, equations for both the full cirrus sample (Fig. B10c) and the HQ cirrus sample (Fig.
B10d) are provided. As a first order estimate, the r2 value of 0.44, which indicates that 44% of the
variability in COD can be attributed to Ch. 4 radiance, suggests that there is a reasonable amount
of skill in very simply using only the Ch. 4 radiance to predict the transparent cirrus COD.
However, the complexity of this estimation method will need to be increased before being used
quantitatively in downstream operational applications. Therefore, these COD estimates should be
treated as semi-quantitative in nature. A more advanced estimation method with a robust
quantification of the estimate uncertainty will be developed in future work. The equations for the
linear regressions in Figs. B10c and B10d are, respectively,
𝐶𝑂𝐷 = 10^(−0.83048 + (𝑙𝑜𝑔10 (𝑟𝑎𝑑𝑖𝑎𝑛𝑐𝑒) × 0.710454)) , (6) and
𝐶𝑂𝐷 = 10^(−0.85082 + (𝑙𝑜𝑔10 (𝑟𝑎𝑑𝑖𝑎𝑛𝑐𝑒) × 0.709307)) . (7)
These relationships can be used to estimate the COD of detected transparent cirrus and they
are also useful to further estimate the detectability of transparent cirrus in terms of their COD. This
is important because of the aforementioned cloud detection inefficiencies for thin cirrus clouds
using passive radiometric sensors at CODs < 0.3 (or roughly half of all cirrus clouds according to
Campbell et al. 2015). It should be stressed again that there is a large amount of uncertainty in
these COD estimations. This is not surprising, as the estimates are made using the Ch. 4 radiance
as the only predictor.
The process for estimating the transparent cirrus COD following detection is shown in Fig.
B9. To estimate the minimum detectable COD, we first take Eqns. (4) and (5), which represent the
radiance thresholds, to get the lowest detectable cloud radiance values. Then, these radiance values
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are input into Eqns. (6) and (7) to convert the radiance values into COD. These CODs then
represent the theoretical detection floor in COD space as a function of AMF. The results of this
are shown in Fig. B11. The minimum detectable COD increases with AMF. While this is counterintuitive because a longer path length means more signal from the media (e.g. cirrus clouds) that
the solar radiation is incident upon, in this case the path radiance, which should increase with the
path length, is built into the threshold. Figure B11 suggests that using the COD regression from
Fig. B10d (Eqn. 7) as opposed to the COD regression from Fig. B10c (Eqn. 6) has a larger impact
on the minimum detectable COD than whether the one- or two- standard deviation radiance
thresholds (Eqns. (4) and (5), respectively) are used. Therefore, it is suggested to use the twostandard deviation radiance threshold, in order to conservatively preserve the most clear-sky
pixels, paired with the HQ COD regression.
In order to make sure that the distributions of estimated COD are representative of a real
sample (e.g., from CALIOP used as the reference) we perform the following exercise. Using real
data from the full transparent cirrus sample (Fig. B10a), detection thresholds are computed on the
pixel level using AMF and Eqns. (4) and (5). Then, each radiance value is checked against its
respective threshold value to determine if transparent cirrus is detected. Finally, CODs are
estimated using the radiance values and Eqn. (7). The probability density functions (PDFs) of the
CALIOP CODs, the estimated CODs using Eqn. (4), and the estimated CODs using Eqn. (5) are
shown in Fig. B12. The dark and light gray shading indicate the COD ranges for sub-visual (COD
< 0.03; Sassen et al. 1989) and transparent (what they term “translucent” or “optically-thin”, 0.03
< COD < 0.3) cirrus, respectively. The distribution of the estimated CODs (Figs. B12b and B12c)
are indeed representative of the CALIOP COD distribution (Fig. B12a).

118

These PDFs are consistent with Fig. B11, which showed that the theoretical minimum
detectable COD is between 0.055 and 0.06 for both the one- and two-standard deviation thresholds,
depending on AMF. Also note that the PDF for the one-standard deviation threshold has a larger
percentage of lower COD values (e.g., 0.6-0.7), which is also consistent with Fig. B11. Now that
this quantified model for estimating transparent COD from the Ch. 4 radiance has been established,
the performance of the detection algorithm as a whole can be evaluated.
The method for estimating transparent cirrus COD presented here is simple in comparison
to those presented in Meyer et al. [2004] and Meyer and Platnick [2010]. Those studies utilize
multiple channels and look-up-tables built with radiative transfer model calculations. Even with
the increased complexity, Meyer and Platnick [2010] still found COD retrieval uncertainties for
thin cirrus clouds (COD < 1) to be as high as 90%. However, with the amount of skill the Ch. 4
radiance alone has in estimating the COD, it seems likely that improvements can be made.
4.3 Algorithm Performance
4.3.1 Bulk Validation
A means for evaluating transparent cirrus detection and determining its efficacy for being
implemented operationally in the future is with a confusion matrix. Table B3 shows the total
number of pixels identified by CALIOP as clear-sky (full sample) and transparent cirrus (full
samples, Figs. B4a and B10c, respectively), after filtering the samples as outlined in section 2c1,
and the number of pixels in each that the GOES algorithm correctly (hit) and incorrectly (miss)
labelled using both Eqns. (4) and (5). The values shown in Table B3 were computed independently
(i.e., clear-sky pixels mis-labelled by the GOES algorithm were not counted as hits for transparent
cirrus and vice-versa). The goal here is for the transparent cirrus detection algorithm to correctly
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identify as many cloudy pixels as possible while minimizing the number of clear-sky pixels
misidentified as cloudy.
It can be seen that when using eq. (4; HQ sample, 1 standard deviation regression) to
compute the radiance thresholds, over 90% of pixels determined by CALOP to contain transparent
cirrus were correctly identified by the GOES algorithm. However, 8% of clear-sky pixels were
mislabeled. Meanwhile, using Eqn. (5; HQ sample, 2 standard deviations regression) to compute
the radiance thresholds results in 84% of cloudy pixels being correctly identified and less than 4%
of clear-sky pixels being mislabeled. This suggests that the choice of Eqn. (4) or (5) depends on
the application. Users interested in reliable cloud detection may want to use the more aggressive
radiance threshold achieved by using eq. (4), while users wanting to avoid contaminated clear-sky
pixels may want to use eq. (5) to compute the radiance thresholds.
The detectability of transparent cirrus in terms of COD is explored in Fig. B13 which
provides the PDFs of CALIOP COD for the clouds detected by the GOES algorithm using Eqns.
(4; Fig. B13a) and (5; Fig. B13b). The red lines indicate the fraction of clouds detected by the
GOES algorithm as a function of CALIOP COD, which correspond to the right-side y-axes.
Overall, even when using the more conservative two-standard deviation radiance threshold (Fig.
B13b), the GOES algorithm detects nearly 45% of sub-visual cirrus (COD < 0.03), over 80% of
transparent cirrus (0.03 < COD < 0.3), and 90% of opaque cirrus (COD > 0.3). We do not limit
the discussion of results here to cirrus strictly having a COD of less than 0.3 and instead use the
CALIOP-based definition of transparent cirrus, which includes some clouds with higher CODs.
It is also apparent that the GOES algorithm detects cirrus clouds down to CODs of 0.01
(and likely even lower) at a rate of over 40%, even when using the more conservative radiance
threshold, despite the theoretical detection floor being around 0.06. This is due to two factors. The
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first is that the COD regressions used to compute the theoretical detection floors for the algorithm
presented here overestimate COD at the low end of the spectrum, resulting in a theoretical floor
that is higher than in reality. The second is that, as seen in Fig. B10c, there are many transparent
cirrus that have CODs less than 0.01 according to CALIOP but have relatively high Ch. 4 radiance
values, which allows for them to be detected by the GOES algorithm. Whether these high radiance
values are due to issues with collocation, the presence of dust in addition to cirrus, increased
pathlength due to oblique geometry, or something else is presently unknown. Fig. B10 suggests
that the number of these pixels is reduced in the HQ transparent cirrus sample (Fig. B10d), which
limits collocation to within 1 minute of a GOES scan. However, this could also be due to the
overall reduction in sample size.
4.3.2 Example Application
GOES-16 ABI simulated true color, Ch. 4 radiance, transparent cirrus mask, and estimated
COD images are shown for a sector encompassing the Western Atlantic for 16 August 2018
18:30:49 UTC in Fig. B14. This region often contains cirrus clouds that originate from convective
anvil blow off, synoptic scale forcing, and processes in the tropical tropopause transition layer
(TTL; Virts et al., [2010]). Figures B14a and B14b indicate a variety of meteorological features,
cloud types, and the general presence of overlying cirrus clouds in portions of the region. The
quantitative cirrus detection algorithm in Fig. B14c, however, reveals that expansive areas of
transparent cirrus are actually present, especially in the central Gulf of Mexico and the southern
Caribbean Sea near the coasts of Panama and Colombia. This “cirrus mask” identifies the cirrus
type based on the COD estimates displayed in Fig. B14d. The clouds marked as “thin cirrus” have
a COD below 0.3 and are not immediately evident in the standard true color or raw 1.378 µm
imagery over the region (Figs. B14a and B14b). These cirrus clouds may otherwise be undetected
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by traditional cloud masks that rely on other channels and significantly contaminate operational
applications, such as MODIS SST retrievals [Marquis et al., 2017].
Fig. B15 shows the CALIOP 532 nm backscatter curtain, GOES and CALIOP CTH and
COD, GOES Ch. 4 radiance, and the GOES 11 µm – 12 µm brightness temperature difference
(BTD) for the corresponding CALIOP ground track in Fig. B14 (over-ocean only). The BTD is a
traditional cloud detection test and is shown for comparison with the Ch. 4 radiance. The magenta
lines in the middle panel indicate where the transparent cirrus detection algorithm, using the 2standard-deviation threshold, indicates the presence of cloud. A couple areas of interest will be
discussed. First, between 12.5- and 13-degrees latitude (highlighted in cyan), the operational
GOES products fail to detect the high clouds and incorrectly places the CTH near the surface.
While the transparent cirrus algorithm also misses a large portion of this cloud, it does detect some.
According to CALIOP, these clouds have COD around 0.2 Between 13.5- and 15-degrees latitude
(highlighted in yellow), the operational GOES algorithm indicates the presence of high clouds,
while CALIOP does not. The transparent cirrus algorithm does not detect high clouds, except in
two instances around 14 degrees latitude where the CALIOP attenuated backscatter is enhanced
locally. A tenuous layer is detected by CALIOP, but it is classified as aerosol with little confidence
and therefore not shown in Fig. B15. Between 22- and 22.7-degrees latitude, the operational GOES
algorithm detects high clouds, while no features are detected by CALIOP and no high clouds are
detected by our algorithm. Generally, CALIOP, the GOES operational products, and the
transparent cirrus detection algorithm agree well on the presence of high clouds, and there is no an
instance of the transparent cirrus detection algorithm failing in this specific case. In the example,
most of the transparent clouds detected by the algorithm are high cirrus clouds according to
CALIOP. The only exception is that the fairly high cloud with a top altitude of ~ 9.7 km at 15
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degrees latitude is a supercooled water cloud according to CALIOP. In instances where the
atmosphere is relatively dry and mid-level clouds are present this may not be the case.
The bottom panel in Fig. B15 suggests that, compared to the Ch. 4 radiance, the BTD is
not very sensitive to the presence of thin high clouds. BTD values are generally around 3 K
regardless of whether there is high cloud, low cloud, or clear sky. When thicker clouds are present,
the BTD either increases (between 15- and 16-degrees latitude) or decreases (between 29 and 32
degrees latitude) sharply. In contrast, the Ch. 4 radiance generally remains below 0.2 W m-2 um-1
sr-1 unless high clouds are present.
4.3.3 Limitations
This algorithm is not a replacement for traditional passive-radiometric based cloud mask
algorithms that utilize numerous bands that span the visible-thermal IR spectrum. While it is likely
that most, if not all, opaque clouds (COD > 0.3) in the mid- and upper-troposphere would be
detected by this algorithm, it cannot be forgotten that, depending on the amount of water vapor in
the atmospheric column, the 1.378 µm channel often does not receive signal from below 3 km in
altitude. This means that, unless there is also a layer of high clouds over it, a low-altitude cloud
layer often will not be detected, especially given the locations of semi-permanent stratocumulus
layers.
Cases of a transparent cirrus layer over another low-altitude cloud layer were not explored
here. While largely outside the objectives of establishing a simple transparent cirrus detection for
the GOES-16 ABI using collocated CALIOP data and exploring potential COD estimation, these
cases are still important as they are relatively common in the atmosphere. We chose to leave more
complex situations such as these for future work in part due to the complexities introduced by
accounting for PWV in the algorithm, such as selecting an additional PWV dataset that is readily
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available for operational use and covers the entire GOES disk. This is also why we limited this
study to over-ocean only. Over a dark surface such as the ocean, contamination via radiation
reflected by the surface under low PWV conditions is likely relatively unimportant. However, over
land masses where it is more likely that PWV values are lower, surfaces are brighter, and elevations
are higher, PWV must be accounted for.
As mentioned in Section 2b3, it was decided to leave more detailed study of the impacts of
aerosol contamination on this algorithm to future work. The study period for this study was chosen
specifically to avoid volcanic activity or large pyrocumulonimbus events. These phenomena
produce thick, high-altitude aerosol plumes that would undoubtedly impact the GOES transparent
cirrus detection algorithm. Therefore, most aerosol contamination is likely confined to the lower
troposphere where, depending on atmospheric PWV, the signal does not reach the satellite.
5. SUMMARY AND CONCLUSIONS
This study developed and evaluated a maritime transparent cirrus cloud detection algorithm
using the Geostationary Operational Environmental Satellite 16 (GOES-16) Advanced Baseline
Imager (ABI) channel 4 (Ch. 4) radiance (1.378 µm) based on collocated Cloud-Aerosol Lidar
with Orthogonal Polarization (CALIOP) profiling. Using a random-forest machine-learning
model, we showed that the clear-sky radiance is primarily a function of airmass factor (AMF).
While the atmospheric precipitable water vapor (PWV) content undoubtedly has an effect on the
Ch. 4 radiance, this model suggested that it does not play a large role over the ocean. This is
because the surface elevation is low and the ocean is a relatively unreflective surface.
A Ch. 4 radiance threshold to differentiate between clear sky and transparent cirrus was
developed based on the relationship between clear-sky radiance and AMF. This formed the basis
of the transparent cirrus detection algorithm. The relationship between the Ch. 4 radiance and
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CALIOP cloud optical depth (COD) was then used to estimate the COD. Finally, a baseline for
thin cirrus detection in terms of COD and a semi-quantitative retrieval COD were developed, and
the algorithms performance was examined. It was shown that the algorithm presented here can
detect cirrus clouds identified by CALIOP at rates greater than 80% for most CODs down to 0.05,
while preserving over 96% of clear sky pixels.
The focus of this study was a proof-of-concept for simple transparent cirrus detection;
therefore, many complications were left to be dealt with in the future. This algorithm is not a
replacement for traditional passive-radiometric based cloud mask algorithms. Because the 1.378
µm channel is located within a water vapor absorption band, low-altitude cloud layers often will
not be detected and cases of a transparent cirrus layer over another low-altitude cloud layer were
not explored here. Though a simple GOES ABI-based aerosol screening was performed, an indepth quantification of the effects of aerosols on the Ch. 4 radiance and this algorithm was not.
Finally, PWV was not accounted for after we showed its impact was limited over the ocean. All
of these limitations will be the focus of future work.
The simple algorithm presented here shows that passive detection of transparent cirrus is
possible and can be easily improved by adding additional steps. When using the more conservative
radiance threshold equation 84% of transparent cirrus identified by CALIOP are detected at the
expense of less than 4% of clear-sky pixels. Studies such as Marquis et al. (2017) and Chew et al.
(2011) found significant transparent cirrus contaminations in sea-surface temperature and aerosol
optical depth retrievals, respectively. The algorithm presented here can be implemented to remove
a large amount of transparent cirrus contamination in these and other operational applications.
This study lays the groundwork for a wide array of research opportunities. For example,
future expansion of the GOES transparent cirrus detection algorithm to over land begins with the
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development of a more complex algorithm for over-land use, accounting for surface reflectivity
elevation and atmospheric PWV. This requires a more in-depth look at the effects of PWV, land
surface type, and surface elevation on the GOES-16 ABI Ch. 4 radiance. A more robust transparent
COD retrieval that is suitable for assimilation purposes will be extremely useful to the community,
which means that the uncertainty in the COD retrieval presented needs to be carefully quantified.
Following these tasks, cirrus cloud climatology can be revisited from a passive perspective and
global radiation studies can begin.
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TABLES AND FIGURES
Table B1. Sample sizes of the full collocated dataset and the transparent cirrus and clear-sky cases
broken down based on the collocation time rage.
Sample
Size

Sample Name
Collocated
Pairs

1112581
dt < 7.5

dt < 1

Transparent Cirrus Only

37469

5007

Clear-sky

152778

21431

133

Table B2. A list of the atmospheric profiles and corresponding PWV (cm) values used in Gao and
Kaufman (1995).
Profile
Tropical

PWV value
(cm)
4.12

Midlatitude Summer

2.93

Midlatitude Winter

0.85

Sub-Arctic Summer

2.1

Sub-Arctic Winter

0.42
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Table B3. Confusion matrix for transparent cirrus and clear-sky pixels (full sample) as determined
by CALIOP for the GOES transparent cirrus detection algorithm. Counts based on radiance
thresholds holds from both eqs. (4) and (5) are shown. Note that clear-sky pixels misidentified as
transparent cirrus are not included in transparent cirrus hit counts and vice-versa.
GOES
1 Std.

GOES
2 Std.

Hit

Miss

Hit

Miss

Total

Transparent cirrus

33135 (90.6%)

3452 (9.4%)

30719 (84.0%)

5868 (16.0%)

36587

Clear-sky

172093 (91.9%)

15254 (8.1%)

180851 (96.4%)

6670 (3.6%)

187521

CALIOP
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Figure B1. A photo of transparent cirrus clouds taken in Monterey, California on 11 June 2020
(a), GOES-16 ABI “True Color” image for a sector over the Caribbean on 19 August 2020 at
18:00z (b), and the GOES-16 ABI 1.378 µm channel reflectance on 19 August 2020 at 18:00 UTC
(c).
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Figure B2. (a) One day of daytime CALIOP ground tracks (black lines) superimposed over
viewing zenith angle for the GOES-16 disk (shading). (b) Estimated GOES-16 pixel size as a
function of viewing zenith. Pixel sized is estimated by interpolating GOES pixel centers to find
the pixel corners, and then computing the 2-Dimensional area. The blue lines in (b) and (a)
represent the VZA=80° threshold used in this study and its location in the GOES-16 disk,
respectively.
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Figure B3. Examples of the collocation process for near-nadir viewing (a) and near the GOES-16
disk edge (b). The black line indicates the CALIOP ground track with CALIOP 5km pixel centers
indicated by the circles. GOES pixels are shaded in gray as a visual aid.

138

Figure B4. PDFs of clear-sky Ch. 4 radiance (W m-2 sr-1) for the full sample (dt < 7.5 min; a) and
the HQ sample (dt < 1 min; b).
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Figure B5. PDFs of VZA (a), SZA (b), PWV (c), and AMF (d) for the full (dt <7.5 min) clear-sky
samples.
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Figure B6. Mean Ch. 4 radiance (W m-2 sr-1) as a function of VZA (a), SZA (b), PWV (c). Bin
sizes are 10,10, and 1 for VZA, SZA, and PWV, respectively. Error bars indicate ± one standard
deviation.
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Figure B7. Mean Ch. 4 radiance (W m-2 sr-1) as a function of AMF for the full clear-sky sample
(dt < 7.5 min; a) and the HQ clear-sky sample (dt < 1 min; b). Black and red error bars indicate
one- and two-standard deviations, respectively. Black and red dotted lines indicate the respective
linear regression lines. The AMF bin size is 1. Note that the last AMF bin is for all values greater
than 7 due to sample sizes.
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Figure B8. Modeled Ch. 4 Radiance (W m-2 sr-1) to PWV (with AMF = 5; a) and AMF (with PWV
= 3 cm; b). Note that there are no AMF values less than ~ 0.2 in the full clear-sky sample used to
create the model.
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Figure B9. A process flow chart of the GOES transparent cirrus detection algorithm and Cloud
Optical Depth estimation presented in this study.
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Figure B10. Scatter-density of CALIOP 0.532µm COD as a function of Ch. 4 Radiance (W m-2
sr-1; a,b) and the parallax corrected Ch. 4 Radiance (W m-2 sr-1; c,d) for the full transparent cirrus
sample (a,c) and the HQ cirrus sample (b,d). Point density is computed as the normalized number
of pixels within 20% of (x,y) for each point and should be treated as a visual aid only. The solid
regression line is computed using the Theil-Sen slope estimation method and the dotted regression
line is computed using a least squares multiple linear regression.
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Figure B11. The theoretical transparent cirrus detection floor in COD space as a function of AMF.
These values are computed by converting AMF values to radiance space using the regressions
shown in Fig. B7 and then converting the radiance values to COD space using the linear
regressions shown in Fig. B10. Red lines indicate that the two-standard deviation threshold was
used in converting the AMFs to radiances. Black lines indicate that the one-standard deviation
threshold was used in converting the AMFs to radiances. Solid lines indicate that the full
transparent cirrus sample regression was used to convert radiances to CODs. Dotted lines indicate
that the HQ transparent cirrus sample regression was used to convert radiances to CODs.
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Figure B12. PDFs of CALIOP 0.532µm column-integrated COD (a), estimated COD using the
one-standard-deviation radiance threshold, and the HQ COD regression (b), and estimated COD
using the two-standard-deviation radiance threshold (c). COD ranges for sub-visual and
transparent cirrus are shaded in dark gray and light gray, respectively.
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Figure B13. PDFs of collocated CALIOP 0.532µm column-integrated COD for GOES pixels with
detected cirrus using the one-standard-deviation radiance threshold (a) and two-standard-deviation
radiance threshold (b). COD ranges for sub-visual and transparent cirrus are shaded in dark gray
and light gray, respectively. The red line indicates the fraction of transparent cirrus detected by the
GOES algorithm with respect to CALIOP as a function of CALIOP COD.
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Figure B14. GOES-16 simulated true color (a), 1.378µm reflectance (b), cirrus mask (c), and
estimated cloud optical depth (d) based on the GOES transparent cirrus detection algorithm using
the two-standard-deviation radiance threshold for the scan performed on 08/16/2018 at 18:30:49Z.
The path of the CALIOP overpass is shown in red.
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Figure B15. CALIOP 2D 532 nm attenuated backscatter curtain corresponding to the CALIOP
ground track shown in fig. B14 (top). The CALIOP cloud-top height (CTH; blue stars), CALIOP
cloud optical depth (COD; green stars), GOES CTH (black dots), and GOES COD (red dots) for
the same CALIOP track (middle). The GOES Ch. 4 radiance (red dots) and the GOES 11 µm - 12
µm brightness temperature difference (black dots; bottom). The magenta lines in the middle panel
show where the transparent cirrus algorithm indicates the presence of cloud. Areas of interest are
highlighted by the cyan and yellow boxes. Note that white areas in the top panel are over land and
data are therefore not shown in any of the panels.
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ABSTRACT
This study developed a methodology for applying the thin cirrus detection algorithm
presented in McHardy et al. (2021) over land. The algorithm makes use of the Geostationary
Operational Environmental Satellite 16 (GOES-16) Advanced Baseline Imager (ABI) channel 4
(Ch. 4) radiance (1.378 µm) which was calibrated based on collocated Cloud-Aerosol Lidar with
Orthogonal Polarization (CALIOP) cloud profiles. The focus of this study is the rejection of
problematic pixels, which is in contrast to McHardy et al. (2021). Clear sky false alarm rates over
land were examined as a function of Precipitable Water Vapor (PWV), showing that nearly all
pixels having a PWV of < 0.4 cm produced false alarms. When looking at false alarms due to
low/mid-level cloud cases as a function of above-cloud PWV, a similar relationship to clear sky
false alarms is seen, suggesting that an above-cloud PWV of approximately 1 cm is sufficient to
ensure that most low/mid-level clouds are not detected by the 1.378 µm. Thresholds for pixelremoval using the total column PWV and the PWV for a layer between the top of the atmosphere
(TOA) and a pre-determined altitude H were shown to remove significant numbers of clear sky
and low/mid-level cloud cases from the overall sample, while preserving nearly 90% of cirrus
cases. This study suggests that for cirrus applications, lower-tropospheric clouds are a much more
significant source of contamination than the land surface, due to the difficulty of removing them
without the addition of downstream or level-2 products.
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1. INTRODUCTION
Historical estimates of global cirrus cloudiness were first estimated to be around
20% using passive radiometric instruments (Rossow and Schiffer 1999). However, with the launch
of the Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) aboard the Cloud-Aerosol
Lidar and Infrared Pathfinder Satellite Observation (CALIPSO) satellite in 2006, cirrus occurrence
could be more readily identified through direct active laser profiling (REF). Mace and Zhang
(2014), for instance, used this space-borne lidar to show that cirrus clouds actually cover roughly
40% of the Earth instantaneously, while other studies have shown this value can approach 70%
regionally (e.g., Lolli et al. 2017). The reason for the discrepancy between passive- and activebased cirrus cloudiness has been shown to be due to an inherent limitation in distinguishing clouds
with optical depths (COD) of less than approximately 0.3 (Ackerman et al. 2008, Stubenrauch et
al. 2013). Sassen and Cho (1992) refer to this sub-genre of cirrus clouds as “optically-thin”.
Campbell et al. (2015) elaborated further by characterizing the cirrus cloud distribution as being
weighted towards optically-thin and even “sub-visual” clouds (COD < 0.03; Sassen and Cho
1992). They further conclude, again based on CALIOP, that roughly 50% of all cirrus exhibit
COD less than 0.3.
Because of the prevalence of optically-thin cirrus clouds and the limited fidelity
demonstrated by passive radiometric instruments in distinguishing them, cirrus cloud
contamination is increasingly being recognized as a problem in Level 2 meteorological,
oceanographic, and cryospheric retrievals (i.e., dependent measureables existing below potential
cirrus cloud layers relative to the satellite sensor), which can subsequently bias operational forms
of predictive models through data assimilation applications. For example, sea-surface temperature
(Marquis et al. 2017) and aerosol optical depth (AOD; Chew et al. 2011) retrievals have both been
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shown to be susceptible to radiance contamination caused by unscreened optically-thin cirrus.
Radiance contamination induced by cold and relatively large cirrus cloud ice crystals (10 – 100
µm on average) presumably takes form over a host of complementary parameter retrievals.
While lidars have proven useful for compiling climatological information of cirrus clouds
(a ground-breaking series of climatological cirrus cloud properties from ground-based lidar over
the eastern Great Basin in North America, for instance, began with Sassen and Campbell, 2001),
the usefulness for satellite lidar in distinguishing cloud presence relative to co-aligned passive
radiometric sensors, and subsequently suppressing potential radiance contamination, is extremely
restricted. This is because of their limited spatial swath and coverage compared with relatively
wide field-of-view imagers A space-borne lidar, such as CALIOP, has a small ground footprint
(~70m) and a long return period (16 days, Winker et al. 2007). Similarly, ground based lidars can
be used to detect cirrus locally. However, their signals are frequently attenuated by lower cloud
layers, limiting how frequently they profile the upper troposphere and cirrus cloud heights, and
they are generally only deployed at land-based sites, which limits global coverage. For either case,
the instruments are expensive enough that a network of instruments providing sufficient coverage
for widespread and robust global cirrus monitoring is not practical.
Given the proper spectral coverage and spatial resolutions, passive radiometric imagers can
be effective in distinguishing increasingly thin cirrus clouds. This was first recognized in the early
1990s (Gao et al. 1993). They show that a channel near 1.38 µm can be used. A strong water vapor
absorption band at this wavelength attenuates signals from the lower troposphere while leaving the
solar radiation reflected by cirrus clouds, which are typically located above most water vapor in
the column, generally unaffected. This study lead to the proposal of placing such a channel on the
MOderate Resolution Sectroradiometer (MODIS) instruments (Gao and Kaufman 1995), which
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was eventually accomplished (Justice et al. 1998). Unfortunately, the channel exhibited multiple
technical issues, including stray light contamination and detector cross-talk (Dessler and Yang
2003). Subsequent analysis showed that MODIS Level 2 sensitivities to thin cirrus were consistent
with historical datasets, running up close to the 0.30 optically-thin lower effective threshold
(Ackerman et al. 2008).
Though the MODIS cirrus channels proved limited, scientific progress was still made in
the way of passive thin cirrus detection and property retrieval. Dessler and Yang (2003) use the
MODIS Terra 1.375 µm reflectance to retrieve the cloud optical depth (COD) of optically-thin
cirrus clouds based on phase function calculations in pixels labelled as clear sky by the MODIS
cloud mask. They also suggest that optically-thin cirrus clouds are much more common than
previously thought, which proved correct. Applying the methodology from Dessler and Yang
(2003), Lee et al. (2009) compute COD and radiative forcing of cirrus clouds in the tropics during
a one-year period. Taking a slightly different approach, Meyer et al. (2004) retrieve cirrus COD
via a bi-spectral method similar to the operational MODIS cloud microphysics algorithm. This
study in particular was limited by computational expense at the time. This study was expanded on
by Meyer and Platnick (2010), where methods to account for surface reflectance and attenuation
of the 1.375 µm signal by above-cloud precipitable water vapor (ACPWV) are described, along
with COD uncertainty estimates. More recently, Wang et al. (2014) use the 1.375 µm channel to
derive the phase function of ice clouds. All of these studies focus on the retrieval of cloud
properties, rather than on calibrated detection of cirrus clouds.
The launch of newest generation of Geostationary Operational Environmental Satellites
(GOES) provided a new and exciting opportunity. The Advanced Baseline Imagers (ABI, Schmit
et al. 2017) aboard GOES-16 and -17 contain a 1.378 µm band intended for daytime cirrus cloud
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applications. These instruments represent a significant improvement over MODIS for a few
reasons. First and foremost, the sensor is functioning within specifications (Yu et al. 2017, Barlett
et al. 2018). As discussed, relative to MODIS, design specifications were critical for demonstrating
sensitivities to the very low radiances attributable to optically-thin cirrus solar scattering. Also,
while data from AQUA MODIS can be collocated with CALIOP, the sun-synchronous orbit has
limitations. Variation in viewing and solar geometry is required for a full understanding of any
cloud remote sensing application, and collocation between AQUA MODIS and CALIOP can only
be done at near-nadir viewing. Operationally, AQUA MODIS is hindered by its relatively long
return period of one day (twice daily including TERRA). These issues also inhibit the VisibleInfrared Imaging Radiometer Suite (VIIRS) instruments which, while containing cirrus bands of
their own, additionally lack the ability to be easily collocated with CALIOP for calibration.
McHardy et al. (2021, hereafter M21) represents a test of the ability of the new GOES-16
1.378 µm channel to be applied for detecting thin cirrus clouds. They develop and demonstrate a
1.378 µm simple radiance-threshold based algorithm for discriminating between clear sky and
cirrus clouds over ocean. This algorithm was calibrated using collocated CALIOP data to
distinguish between clear and cloudy scenes, as well as optically-thin and relatively opaque cirrus.
Cirrus clouds exhibiting an optical depth less than 0.3 were detected at a rate of 84% and 96% of
clear sky pixels were correctly identified, which is impressive given the relatively straight-forward
design of the algorithm. Further, they report that column precipitable water vapor (PWV) was not
a factor in over 95% of their case sample size studied over water in impacting cirrus cloud retrieval.
The present study seeks to take the results from M21 a step further by applying the algorithm to
scenes over land, which is significantly more complicated due to the inhomogeneous nature of
PWV over land compared with ocean, as well as widely varying surface reflectances and surface
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terrain heights. The data and methodologies used here as similar to those in M21 in terms of
collocation of ABI pixels with the CALIOP lidar to provide contextual column profile information.
However, whereas M21 prioritize discrimination between clear sky and thin cirrus clouds, this
study focuses on identifying pixels where it is instead apt to reject them. That is, a full-factor
recalibration of the radiance thresholds in M21 is redundant. Any relaxation of these values will
come at the expense of detecting thinner clouds, which drives against the point of the whole
exercise. Rather, we seek to work only with ABI pixels where these thresholds can be applied
confidently. However, as we will show, we are more problematically concerned over land with
pixels corresponding with low-level liquid water clouds that, due to effective water vapor
absorption through the column, may in fact coincide with measured radiance by the satellite that
render them “thin” according to the M21 methodology. Again, and as we will show, climatological
cloud occurrence rates and profile heights are different over land than water, which impacts the
retrievals in a manner not considered significant in the prior study. Overall, thin cirrus detection
rates remain largely the same for those “quality assured” pixels rendered by the new working
paradigm. We describe these new working constraints, however, and outline what we conclude to
be the effective operating limits to where 1.378 µm channel can be applied effectively.
2. DATA
2.1 GOES-16 Data
As with M21, one month of GOES-16 (East) data, August 2018, was selected for this study.
Pixel data are limited to daytime by restricting the solar zenith angle (SZA) to < 80°. To limit the
effects of pixel expansion (section 2.c.1), the viewing zenith angle must also be < 80°. Only one
month is used here to limit computational expense – using the full disk images provides adequate
variation in viewing/solar geometry and seasonality. The GOES-16 ABI 1.378 µm channel
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radiance is the subject of this study. Launched on 19 November 2016, GOES-R became GOES-16
on 17 November 2017 when it was placed into the GOES-East operational position. GOES-16 full
disk images were available every 15 minutes during the study period used here. The 1.378 µm
channel features a spatial resolution of 2 km at nadir, though pixels expand as viewing zenith angle
(VZA) increases (figs. C2 and C3, M21). The specific bandwidth of the channel is from 1.366 µm1.38 µm 50% full-width at half max. This is narrower than the corresponding channel on MODIS,
which reduces the signal detected from the lower troposphere and the potential for background
solar contamination. More information on GOES-16 and the 1.378 µm channel can be found in
M21 and subsequent references.
Downstream GOES-16 products are used in an auxiliary role in this study. GOES 16 cloudtop height (CTH) and COD products are used as additional validation for case studies. Readers are
directed to the algorithm theoretical basis documents for more information (Heidinger 2012 and
Walther et al. 2013, respectively), as the goal of this study is neither validation of nor comparison
with these products. The GOES-16 ABI L2+ Aerosol Detection Product (ADP; ”ABI aerosol
detection…” 2018) is used to screen cases with significant aerosol loading present. The ADP uses
the ABI Cloud Mask (ACM; Heidinger 2010) to ensure that aerosol detection is only performed
for cloud-free pixels. The ACM does include a 1.378 µm reflectance threshold for cirrus detection.
While this threshold value is uncalibrated and believed likely too high to detect most thin cirrus
(M21), care must still be taken to ensure that thin cirrus cases are not screened out when using the
ADP. In M21, clear sky cases were screened for the presence of aerosol by requiring the ADP to
have attempted a retrieval but detected no aerosol (i.e. ADP = 0). This was done to ensure the best
calibration of the cirrus detection algorithm. Here, pixels having an ADP value of 1 are removed
from all sub-samples (clear and cloudy). This will be discussed further in Sec. 3a.
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2.1 CALIOP Data
Data from the CALIOP v4.20 Level 2 5-km cloud profile product (Vaughan et al.
2020; Winker et al. 2009) are used to classify clear sky and cloudy cases in this study. The Hybrid
Extinction Retrieval Algorithm (HERA; Young and Vaughan 2009; Young et al. 2018) is used to
derive 532 nm extinction coefficients. The profile products are reported at a uniform spatial
resolution of 60 m vertically below altitudes of 20.2 km and 180 m vertically above altitudes of
20.2 km, and 5 km horizontally, over a nominal altitude range from 30 km to -0.5 km. As opposed
to M21, COD and cloud classification values for individual layers are used in this study. Cloud
classifications are contained in the feature classification portion of the Atmospheric Volume
Descriptor (AVD). The cloud type categorization follows ISCCP definitions (Rossow and Schiffer
1999). Readers are directed to M21 and the V4.20 cloud profile product User’s Guide for more
information on the CALIOP data.
Cloudy cases are broken down into three categories based on layer COD and cloud type
classification from CALIOP for analysis. For each CALIOP layer, a feature classification and
layer-based 532 nm extinction coefficient are provided. Therefore, the 532 nm COD attributable
to each cloud type within the full column can be obtained from integrating column depthnormalized profile values. This information is used to collate the cloudy cases into three categories
based on the top-most cloud layer distinguished through feature classification: low/mid-altitude
water clouds, high-altitude ice clouds (transparent or opaque), and thin-cirrus-only. Cases with
additional cloud layers beneath cirrus clouds are not addressed individually because they are nearly
certain to be positively identified by the cirrus detection algorithm and operationally it would not
be possible to distinguish between them and cirrus-only cases without the use of additional
products. The CALIOP-derived CTH is considered the altitude of the highest layer that contains
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cloud within the column. Because CALIOP vertical profile information is provided in terms of
altitude above mean sea level (MSL), it must be corrected to above ground level (AGL) when
collocated with ABI. This is done by subtracting the surface elevation from the CALIOP layer
heights, which is obtained from the Global Multi-resolution Terrain Elevation Data
(GMTED2010; Danielson and Gesh 2011) product. This product also contains the land/sea mask
used to distinguish between land and ocean pixels.
While column-integrated total precipitable water vapor (PWV) was shown to be a
negligible influence on the calibraton of the 1.378 µm channel radiance for stable cirrus cloud
detection in M21, this study is predicated on the presumption that this will not be the case for cirrus
detection algorithm over land. PWV is therefore computed from relative humidity profiles
provided in the CALIOP cloud product, which are derived from the Modern-Era Retrospective
analysis for Research and Applications, Version 2 (MERRA-2; Gelaro et al. 2017) output. The
layer-relative humidity is converted into mixing ratio, which is then integrated from the top-ofthe-atmosphere (TOA) down to either the surface, the CTH, or a specific altitude, all of which are
considered later in this study.
3. METHODS
3.1. Collocation
Spatio-temporal collocation of CALIOP and GOES ABI data is complicated, because the
CALIOP L2 Cloud profiles product footprint is essentially a small 1-dimensional curtain (~70 m
width; Winker et al. 2007) broken down into 5 km “pixels” along track. In contrast, GOES-16 is
geostationary, and therefore the imager pixels expand as viewing zenith angle (VZA) increases
(i.e. fig. C2, M21). This means that as VZA increases, CALIOP-retrieved cloud properties may
become less representative of the clouds within the collocated GOES pixels. Collocation is
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achieved when a CALIOP orbit intersects a GOES pixel within 7.5 min of a GOES full disk scan.
Results from sub-samples with a collocation time of ±1 minute are shown through this study as a
means of reducing collocation error (they can be off by as much as 7.5 min relative to the 15 min
ABI data sampling resolution). Because CALIOP “pixels” are 5 km in length, it is possible that
multiple GOES pixels are paired with one CALIOP “pixel”. These cases are considered
independent data pairs. Examples of this collocation methodology under different viewing
geometries can be found in M21.
In M21, parallax correction of GOES data was vital. This was because that study focused
exclusively on differentiating between optically-thin cirrus, which occur at high altitudes, and clear
sky. Radiance detection threshold were then derived from this over-water sample. Parallax
correction is absent from this study, as the fundamental goal is different, and it is deemed
unnecessary. This study focuses on characterizing the 1.378 µm channels response to clear sky
and low/mid-level clouds under varying moisture conditions. Error due to parallax effect decreases
as a target’s altitude decreases, and therefore its impact is small for clear sky and low-level cloud
scenes. While it is possible under oblique viewing conditions for GOES to “see” a cloud from a
neighboring pixel while CALIOP sees clear sky, this is impractical to correct for on a large-scale
basis. The lack of parallax correction in this study will result in slightly decreased positive cirrus
cloud detection rates compared with M21, however the overall impact on this study is considered
minimal.
3.2. Cirrus Detection
The cirrus detection algorithm used in this study is unchanged from M21. The data
described in the previous section were used to develop the algorithm. First, the relationships
between the clear sky 1.378 µm radiance and viewing/solar geometry were characterized. The
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detection thresholds were computed using the 1.378 µm radiance as a function of Airmass factor
(AMF; eq. 1, M21), which replaced VZA and SZA to remove one degree of freedom. Regression
lines were computed for one and two-standard deviations above the mean radiance as a function
of AMF. Any pixel with a 1.378 µm radiance greater than the regressed radiance value for its AMF
value is deemed to be cloudy. The algorithm was shown to detect over 80% of optically-thin cirrus
(0.03 < COD < 0.3) and nearly 50% of sub-visual cirrus (COD < 0.03). Multiple cirrus thresholds
were presented in M21 – this study uses
𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.266235 + (0.022984 × 𝐴𝑀𝐹)

(1),

where Threshold is the radiance above which a pixel was flagged as cloudy and AMF is the pixellevel AMF. This equation was computed as two-standard deviations above the mean 1.378 µm
radiance as a function of AMF for collocated GOES-CALIOP pixels within 1 min of each other.
M21 also presented equations for estimating COD from the 1.378 µm radiance, which are
intended to be used for quantitative purposes only. The following equation is used in that capacity
here:
𝐶𝑂𝐷 = 10^(−0.85082 + (𝑙𝑜𝑔10 (𝑟𝑎𝑑𝑖𝑎𝑛𝑐𝑒) × 0.709307))

(2),

where radiance is the 1.378 µm radiance and COD is the estimated COD. The estimated COD is
only used in this study to determine if cirrus detection false alarms due to clear sky or low/midlevel water clouds would appear thin (COD < 0.3) to the cirrus detection algorithm. This will be
discussed further in Sec. 3b.
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4. RESULTS
4.1 Reducing Clear Sky Contamination
The results from applying the thin cirrus detection algorithm to pixels over land are shown
in Table C1. Over-ocean results are shown as well for comparison. Note that due to lack of parallax
correction and ADP filtering, these values will differ slightly from those in M21. Results are
broken down into clear-sky samples, and the three cloudy sub-samples described above. The cirrus
detection algorithm produces a binary result. Therefore, a value of 1 (hereafter, a “positive”) is
considered a “false alarm” detection for clear sky and low/mid-level clouds, and a positive one for
cirrus clouds and a value of 0 is considered a false negative for cirrus clouds (hereafter, a
“negative”). A “thin rate” is solved by taking the number of pixels that are false alarms and have
an estimated COD of < 0.3 divided by the number of false alarms, for each respective category.
The impact of this will be discussed further in Sec. 3b. It is immediately noticeable that the false
alarm rate is higher for over-land cases than over-ocean for both clear sky and low/mid-level cloud
samples. First, we will address clear-sky contamination by looking at how column PWV affects
the cirrus detection algorithm.
Thin cirrus detection using the 1.378 µm channel is uniquely possible because of water
vapor absorption around 1.38 µm. Given sufficient column PWV, solar radiation reflected by the
surface and low/mid-level clouds is fully attenuated. Solar reflection by cirrus clouds situated
almost exclusively above the most significant depths of water vapor presence, in contrast, are
imaged by the sensor over a dark, highly-contrasting lower-level layer. To demonstrate how PWV
impacts the transmission of radiation through the atmosphere, the Santa Barbara DISORT Atmospheric Radiative Transfer (SBDART; Ricchiazzi et al. 1998) model was used to compute the
two-way transmission for five standard atmospheric profiles. Similar to Gao and Kaufman (1995),
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VZAs of 0° and SZAs of 45° were used for these calculations. However, here, the spectral
response function for the GOES-16 1.378 µm channel is used. The two-way transmission is
computed as a function of height H by assuming a perfectly reflective surface was present at each
height and then using the equation
𝑇=(

𝐹⬇,𝐻
𝐹⬇,𝑇𝑂𝐴

2

)

(3),

where T is the two-way transmission, F⬇,H is the total downward flux at height H and F⬇,TOA is the
total downward flux at the top of the atmosphere (TOA). The results from these simulations are
shown in fig. C1a. All heights are above mean sea level.
It is clear that profiles with more water vapor (i.e. tropical and mid-latitude summer) have
smaller two-way transmissions than drier profiles (i.e. sub-arctic winter). To explicitly
demonstrate how PWV attenuates radiation within the bandwidth of the GOES 1.378 µm, twoway transmissions were also computed for the standard tropical profile, though with scaled PWVs,
which can be seen in Fig. C1b. Most important to note from these data is the propensity for lower
PWV cases to approach zero transmission at heights near and below 3 km MSL. This implies a
non-negligible potential for surface radiance contamination at 1.378 µm that must be reconciled,
and possibly accounted for.
To investigate how PWV impacts cirrus detection for clear sky pixels, and explicitly seek
out the potential for surface contamination, the false alarm rate as a function of surface elevation
and PWV is investigated. This is done, for collocation times of both ±1 minute and ±7.5 minutes
(top and bottom of Fig. C2, respectively), by binning all clear sky pixels by their PWV and
elevation values and computing false alarm rates (Figs. C2a and C2d) and negative rates (Figs.
C2b and C2e) for each bin. The sample densities (log-scale) are shown in Figs. C2c and C2f. From
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Fig. C2d, nearly all clear sky pixels corresponding with a total column PWV of less than
approximately 0.5 cm are false alarms. We characterize this effect as being mostly due to surface
contamination. This suggests that a PWV value of around 0.5 cm is enough to ensure atmospheric
opacity with respect to the 1.378 µm channel for typical surface reflectance. To refine this
threshold more definitively, we estimate a false alarm rate as a function of of hypothetical lowend PWV threshold value (Figs. C3a (dt < 7.5) and C3b (dt < 1)), where all pixels exhibiting a
PWV value less than the corresponding hypothetical threshold are removed from the sample. The
sample size remaining after applying the thresholds is also shown in Fig. C3. By simultaneously
minimizing the false alarm rate and maximizing the sample size, we can resolve the most
appropriate PWV threshold value for application. The false alarm rate does not decrease
significantly between PWV threshold values of 0.4 and 1 cm. Therefore, all pixels having a PWV
value < 0.4 cm are recommended for removal from all samples. The results of applying this
threshold are shown in Table C2. The clear-sky false alarm rate over land drops by over 2%, while
cloudy samples are relatively unaffected. Ocean cases are also not strongly impacted by a PWV
threshold, as the PWV over the ocean is very rarely below 0.4 cm, as discussed in M21.
Even after applying this initial PWV threshold, the clear-sky false alarm rate over land is
still significantly higher than over ocean. This can in-part be explained with the GOES ADP and
ACM. As mentioned earlier, we elected not to require clear-sky pixels to correspond with an ADP
value of 0. This is because, after inspecting the ADP values of removed clear sky pixels over land,
it was revealed that most did not have a valid ADP retrieval as opposed to having positivelyidentified aerosol. Table C3 shows how using the ADP to filter clear-sky samples changes the
overall statistics. It can be seen that, when pixels without an ADP retrieval are removed, the clearsky false alarm rate decreases to nearly 5%, which is similar to that in M21. For nearly all of these
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pixels, the ADP did not reflect a successful a retrieval because the ACM detected cloud. Remember
that for all clear-sky cases, no clouds were seen in the CALIOP profiles.
In addition to over 7000 positives being removed from the sample, almost 4000 negatives
were also removed. For these pixels, CALIOP and the optically-thin cirrus portion of the broader
cloud algorithm both detected no clouds, while the GOES ACM did. This significant discrepancy
between CALIOP and the ACM is ultimately due to how the CALIOP 5-km products are
aggregated from finer-resolution observations.
Returning to Table C2, something else that stands out is the difference in low/mid-level
false alarm rate between land and ocean. The issue of false alarms due to lower-tropospheric water
clouds was not discussed in M21, as the focus was on discriminating between clear sky and cirrus
clouds while maximizing cirrus detection. Aside from surface reflectance considerations, however,
the sensitivity of the zero-transmission heights across the simulations in Fig. C1 reflect the
susceptibility of low-level atmospheric opacity to low-level liquid water presence. As it turns out,
cloud top heights for CALIOP-designated low-level liquid water cloudiness are fundamentally
different over water and over land. This is shown in Figs. C4c and C5c. as function of sample
densities of CTH vs. ACPWV. The relatively high fidelity in over-water algorithm performance
demonstrated by M21 is a function of these two mechanisms at play. That is, low-to-mid level
liquid water cloudiness is dominated by a singular mode confined mostly below 3 km (i.e.,
presumably marine stratocumulus; Fig. C6c). Above-cloud PWV values are relatively high, as
well, meaning that most low-level cloudiness is suppressed, and the cirrus retrieval performs in a
relatively stable manner.
This single-mode cloud frequency profile distribution breaks down over land, however,
presumably driven by convection and mid-level cloudiness associated with baroclinic mid-latitude
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weather disturbances (Rossow and Schiffer, 1999; Fig. C5c). Combined, again, with what is now
a propensity for highly heterogeneous total-column PWV values, the potential for low-level liquid
water cloudiness discrimination in the 1.378 µm channel is high. Ultimately, and this distinction
is critical, we are not concerned with this as long as their measured radiance of significant
magnitude so as to not be mistaken for an optically-thin cloud. It is entirely plausible that
brightness temperature measurements taken from other channels could be integrated to make any
such positive identification benign. But, for the purposes of 1.378 µm attribution alone, and thus
in the absence of any other information, our goal is to suppress as much of this cloud possible that
could be confused or misattributed as optically-thin cirrus.
Similar to clear sky, we seek applying a means for filtering these low/mid-level clouds
using only ACPWV or that present between the clouds and the instrument. Because water vapor
below clouds will not attenuate radiation between the cloud-top and the satellite, using the total
column PWV, as before, is inappropriate here. This is especially true given the fact that in most
cases, most of the water vapor in a column is located near the surface. Therefore, the ACPWV is
the more coherent choice.
4.2 Reducing Low/mid-level Cloud Contamination
Similar to Fig. C2, Fig. C4 features false alarm and negative rates, as well as the
aforementioned sample density, for cases containing low/mid-level clouds over land. In this case,
the height is the CTH (from CALIOP) and the PWV is for the above-cloud portion of the column
only. The false alarm rate decreases as the ACPWV increases. This is in contrast to clear sky,
which exhibited a hard cut-off between false alarms and negatives at PWV values of near
approximately 0.4 cm. This distinction is likely due to the differences in scattering properties
between clouds and the land surface. Fig. C5 is the same as Fig. C4 but for over-ocean cases as
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context. Comparing land with ocean, the false alarm rates due to low/mid-level clouds over ocean
are more consistent with respect to ACPWV. In other words, the false alarm rates are less “noisy”.
However, this is likely a second order contributor to the difference in false alarm rates between
land and ocean compared to the difference in cloud climatology between land and ocean.
Computing ACPWV requires cloud-top height information from a source other than level1 GOES data, in this case CALIOP. Because using level-2 products such as cloud-top height
retrievals can significantly increase latency, computing ACPWV is undesirable. Instead, the PWV
integrated from the TOA down to a designated height H is used (PWVH). While PWV was used
in Sec. 3a, both PWV and water vapor mixing ratio profiles can be obtained from operational
model analysis in near-real time. We consider employing these data as an acceptable amount of
additional complication, as the cirrus detection algorithm’s latency will not be significantly
increased using in-house model data, which the Navy keeps via its Navy Global Enviromental
Model (NAVGEM; Metzger et al. 2013). That said, and as stated earlier, MERRA2 relative
humidity profiles are used here in the analysis, as these data are included with the CALIOP profiles
product.
Selecting a PWVH threshold (THPWV,H) is achieved in a manner consistent with how the
total-column PWV threshold was selected – by iterating through each potential THPWV,H value and
simultaneously minimizing the contamination rate and maximizing the remaining sample size.
However, this is slightly more complicated here, as the optimal height H must also be determined.
To test each THPWV,H, false alarm rates, thin rates, and the remaining sample size are computed for
PWV values ranging from 0 to 3 cm and H values ranging from 1 to 7 km, with 0.01 cm and 0.1
km increments, respectively, after removing all pixels having a PWV integrated between the TOA
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and height H less than THPWV,H removed from the sample. The false alarm and thin rates are
computed slightly different here than previously. The false alarm rate is now computed as
𝐹𝐴𝑃𝑊𝑉,𝐻 =

𝑁𝐹𝐴,𝐶𝐿𝑅 + 𝑁𝐹𝐴,𝐶𝐿𝐷
𝑁𝑇𝑂𝑇𝐴𝐿

(4),

where FAPWV,H is the false alarm rate as a function of the PWV integrated from the TOA to height
H, NFA,CLR is the number of clear sky false alarms after applying THPWV,H, NFA,CLD is the number of
low/mid-level cloud false alarms after applying THPWV,H, and NTOTAL is the total number of samples
after applying THPWV,H. The thin rate is now computed as
𝑇𝐻𝐼𝑁𝑃𝑊𝑉,𝐻 =

𝑁𝑇𝐻𝐼𝑁,𝐶𝐿𝑅 + 𝑁𝑇𝐻𝐼𝑁,𝐶𝐿𝐷
𝑁𝑇𝑂𝑇𝐴𝐿

(5),

where THINPWV,H is the thin rate as a function of the PWV integrated from the TOA to height H,
NTHIN,CLR is the number of clear sky false alarms that have a COD estimated by Eqn. (2) < 0.3 after
applying THPWV,H, NTHIN,CLD is the number of low/mid-level cloud false alarms that have a COD
estimated by Eqn. (2) < 0.3 after applying THPWV,H, and NTOTAL is the total number of samples after
applying THPWV,H.
The FAPWV,H, THINPWV,H, and NTOTAL values for each THPWV,H are shown in Fig. C6. This
is done by showing the PWVH value on the x-axis with respective H value lines colored. The
FAPWV,H (Fig. C6a) and THPWV,H (Fig. C6b) values both decrease as PWVH and H increase.
Instabilities can be seen as the sample size (Fig. C6c) becomes relatively small. The minimum
FAPWV,H and THPWV,H values both occur for THPWV,H with high H values. The range of PWVH values
at altitudes above 6 km is very small, therefore the sample size decreases very sharply as PWVH
increases at these heights. The optimal choice for THPWV,H will balance the false alarm and thin
rates while maintaining a reasonable sample size. However, because these thresholds may be
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removing clear sky, low/mid-level cloud, and cirrus cases at different rates, their effect on the
number off cirrus cases specifically necessitates further inquiry.
Figure C7 depicts THINPWV,H plotted as a function of the percentage of the total sample that
is made up of cirrus cloud samples (Fig. C7a) and the percentage of cirrus cloud cases that are
retained after applying THPWV,H (Fig. C7b). Because the false alarm and thin rates change
approximately in tandem, only one needs to be shown. From Fig. C7a, it is clear that stricter
thresholds preferentially remove clear sky and low/mid-level cloud cases over cirrus cases,
because, for smaller thin rates, the percentage of that total sample that is made up of cirrus cases
increases. However, this quantity is not an accurate indicator of how many cirrus cases are
removed after applying THPWV,H. Fig. C7b helps show that the thin rate decreases sharply from
approximately 13.5% to 12% while removing roughly 10% of the cirrus cases and then does not
significantly decreases until 70% of all cirrus cases are removed from the sample. Therefore,
choosing a THPWV,H that reduces the thin rate to below 12% is outweighed by the removal of too
many pixels. Based on fig. C7b, a PWV value of 0.12 cm at an altitude of 5.1 km is chosen as
THPWV,H. This threshold produces a thin rate of 12.1% and retains 88.3% of the original cirrus
cases.
The results after applying this first proposed threshold are shown in Table C4. After
applying TH.12cm,5.1km over land, the fraction of the sample that is made up of clear sky and low/midlevel cloud cases decreases. The false alarm rates for these sub samples also decreases slightly.
The same is true for over-ocean cases. However, clear sky cases change more significantly over
land, while low/mid-level cloud cases change more significantly over ocean. This is likely due to
the differences in the cloud sample density between land and ocean that were shown in Figs. C4
and 5.
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For comparison, the results of applying a threshold using a H value of 6.1 km and a PWVH value
of 0.47 cm are shown in Table C5. This second proposed threshold THPWV,H produces a FAPWV,H
of 9.1%,a THINPWV,H of 8.2% and removes nearly 90% of all cirrus cases from the overall sample.
This threshold does not improve false alarm rates respective of each sample, but significantly
decreases the fraction of clear sky and low/mid-level cloud cases from the overall sample.
5. SUMMARY AND CONCLUSIONS
This study develops an over-land methodology for pixel rejection in applying the thin cirrus
detection algorithm McHardy et al. (2021; M21) designed for Geostationary Operational
Environmental Satellite 16 (GOES-16) Advanced Baseline Imager (ABI) channel 4 (Ch. 4)
radiance (1.378 µm) over water. Consistent with M21, the new algorithm is calibrated based on
collocated Cloud-Aerosol Lidar with Orthogonal Polarization (CALIOP) cloud profiles. M21
show that precipitable water vapor (PWV) did not significantly impact cirrus detection over ocean
due to the dark, given a relatively homogenous distribution over open ocean waters. However,
over land, PWV becomes a prime consideration in tuning response due to brighter and elevated
surface terrain and relatively drier columns.
Clear sky false alarm rates over land were examined as a function of total-column
integrated PWV to investigate the impact of surface contamination of the 1.378 µm band. We
demonstrate that nearly all pixels having a value less than 0.4 cm produced false alarms. This
suggests that an initial over-land threshold of total-column integrated PWV of approximately 0.4
cm is sufficient to ensure atmospheric opacity with respect to the land surface over most surface
altitudes and brightness conditions. Applying this threshold suitably reduces the clear-sky false
alarm rate and sample fraction of clear-sky cases. However, we caution with regards to
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complications encountered with collocation between CALIOP and GOES and representativeness
bias between the CALIOP 5-km profile products and clouds present within GOES pixels.
Something not addressed, or ultimately considered noteworthy, in McHardy et al. (2021)
was false alarms due to low-/mid-level cloud cases. This impact is more thoroughly reconciled
here. The number of these false alarms is much greater over land than over ocean due to inherent
differences in cloud top height occurrence frequency and total-column PWV. When looking at
false alarms due to low/mid-level cloud cases as a function of above-cloud PWV, a similar
relationship to clear-sky false alarms is seen. However, the decrease in false alarm rate with PWV
for cloudy cases is more gradual than for clear-sky cases, which is likely due to variance in
reflectivity of clouds. It appears that an above-cloud PWV of approximately 1 cm is sufficient to
ensure that most low/mid-level clouds are not detected by the 1.378 µm. Because the use of
additional level-2 products such as cloud top height is undesirable due to a significant increase in
latency, a PWV threshold (THPWV,H) designed to remove false alarms due to low/mid-level clouds
was developed by computing the PWV for a layer between the top of the atmosphere (TOA) and
a pre-determined altitude H. After testing THPWV,H for all reasonable combinations of PWV and H
values, it was shown that using a PWV of 0.12 cm integrated between the TOA and an altitude of
5.1 km was optimal for reducing the number of clear sky and low/mid-level cloud false alarms
while also preserving the largest percentage of cirrus cases.
Applying this threshold to the data, after also applying the total column PWV threshold of
0.4 cm, false alarm rates due to clear sky and low/mid-level clouds were further reduced. However,
the more significant change was the removal of clear sky and low/mid-level cloud cases from the
overall sample. An additional, more aggressive, threshold was also applied, which removed a large
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number of clear sky and low/mid-level cloud cases and significantly reduced the overall false alarm
rate, however the reduction to the overall sample size was extreme.
This study has shown that handling clear sky contamination in the 1.378 µm is relatively
simple, as the atmosphere becomes opaque to surface reflectance at relatively small PWV values.
However, low- and mid-level clouds are a significant issue, especially over land. These may be
handled with level-2 products such as cloud masks, though the methodology for collocating
CALIOP and GOES made investigation of this difficult for this study. Now that the GOES ABI
1.378 µm channel has been calibrated for thin cirrus and clear sky cases over ocean and land, more
complex methods for handling contamination due to aerosols and lower-tropospheric clouds can
be explored. Given enough data, the stricter thresholds presented here and in McHardy et al. (2021)
can be used to detect cirrus clouds with high accuracy. Applications that make use of cirrus
detection, such a large-scale cirrus microphysical property retrieval are currently being explored.
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TABLES AND FIGURES
Table C1. Results from applying the thin cirrus detection algorithm to over-land pixels. Samples
are divided into four sub-samples – clear sky, low/mid-level cloud, cirrus, and thin-cirrus-only,
which are described in Sec. 2. Included values are the total number of samples with the percentage
of the total sample size that each sub-sample comprises in parentheses, the false alarm (for clear
sky and low/mid-level cloud cases) or the detection rate (for cirrus cases), which is computed as
the number of positive detections by the cirrus detection algorithm divided by the number of
samples, for each sub-sample, and the thin rate, which is the number of false alarms with a COD
estimated by using Eqn. 2 of < 0.3 divided by the number of false alarms, for each sub-sample.
Values are shown for both over-land and over-water, and for collocation time limits of ±7.5
minutes and ±1 minute, for comparison.
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Table C2. The same as in table C1, but after the removal of all pixels having a PWV value of <
0.4 cm.
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Table C3. The number of cirrus detection algorithm negatives and positives for clear sky pixels
after applying various filters based on the GOES Aerosol Detection Product (ADP). For a filter
requiring that ADP ≠ 1, the number of pixels where the ADP did not make a retrieval are shown.
For pixels where the ADP did not make a retrieval, the number of pixels where the non-retrieval
was due to cloud detection by the GOES Advanced Baseline Imager (ABI) Cloud Mask, are also
shown.
Negatives Positives
Clear sky, no ADP

42030

9200

Clear sky, ADP ne 1
No retrieval
ACM=1

40879
3931
3558

9129
7065
6878

Clear sky, ADP eq 0

36948

2064
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Table C4. The same as in table C2, but after the removal of pixels having a PWV5.1km of less than
0.12 cm.
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Table C5. The same as in table C2, but after the removal of pixels having a PWV6.1km of less than
0.47 cm.
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Figure C1. (a) The simulated 2-way transmittance as a function of height for 5 standard
atmospheric profiles and (b) the simulated 2-way transmittance as a function of height for the
standard tropical profile with total column PWV values scaled from 1 to 7. Simulations were run
with VZAs of 0° and SZAs of 45° were used for these calculations and the spectral response
function for the GOES-16 1.378 µm channel was used. The 2-way transmittance was computed
using eq. 3.
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Figure C2. False alarm rate (a,d), Negative rate (b,e) and sample density (c,f) for clear sky samples
binned by total column PWV and surface elevation, with bin sizes of 0.1 respectively. The top and
bottom are for collocation time limits of ±1 minute and ±7.5 minutes, respectively.
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Figure C3. The false alarm rate (black lines, left y-axes) and total number of samples (red lines,
right y-axes) remaining after removing pixels having a PWV less than the PWV threshold (x-axes)
for clear sky samples. Collocation time limits of ±1 minute and ±7.5 minutes are shown in (a) and
(b).
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Figure C4. False alarm rate (a), Negative rate (b) and sample density (c) for low/mid-level cloud
samples over land binned by above cloud PWV and CALIOP cloud-top height (CTH), with bin
sizes of 0.1 respectively.
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Figure C5. Same as in Fig. C4, except for over ocean samples.
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Figure C6. False alarm rate (a), thin rate (b), and sample size (c) after removing pixels having
PWVH less than the PWVH threshold indicated by the x-axis and the line coloring. The false alarm
rate is computed using eq. 4 and the thin rate is computed using eq. 5. Samples from clear sky,
low/mid-level cloud, and cirrus cases are included.
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Figure C7. The thin rate from Fig. C7 as a function of the percentage of the sample that is
comprised of cirrus cases (a) and the percentage of cirrus pixels remaining (b) after applying each
PWVH in Fig. C6.

