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Estimate of daytime single-layer cloud base height from Advanced Baseline Im-

ager measurements

Han Lin, Zhenglong Li, Jun Li, Feng Zhang, Min Min, W. Paul Menzel
e Daytime cloud base height (CBH) is estimated from ABI level 1b data.
e Cloud phase information has high impact on CBH estimate.

e A quality flag model is built to classify CBH retrievals with high/low confidence.
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Abstract

Cloud base height (CBH) is an important parameter to describe cloud state and is highly
related to the vertical motions in the atmosphere. CBH information is critical for both
aviation safety and synoptic analysis. In this study, daytime CBH is estimated directly from
Geostationary Operational Environmental Satellite-R Series (GOES-16) Advanced Baseline
Imager (ABI) level 1b data and the European Centre for Medium-Range Weather Forecasts’
(ECMWF) fifth generation reanalysis (ERAB) data using the Gradient Boosted Regression
Trees (GBRT) machine learning technique. The CBH estimate algorithm, which is named
as GETCBH, covers the same areal extent as the full disk of the ABI/GOES-16 and only for
single-layer clouds. The 2-years of CBH measurements from the Cloud-Aerosol Lidar with
Orthogonal Polarization (CALIOP) aboard Cloud-Aerosol Lidar and Infrared Pathfinder
Satellite Observations (CALIPSO) satellite is used as the label (which is the true value/class
of the model output for regression/classification problem in machine learning terminology).
A quality flag algorithm using another machine learning technique, the Gradient Boosted
Decision Trees machine learning technique is developed to provide a confidence level for the

CBH estimate. The evaluations show an overall root mean square error (RMSE) of 1.87 km
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and Pearson’s correlation coefficient (Pearson’s r) of 0.92 before any quality control. After
excluding CBH estimates with low confidence (19.2% of all samples), the RMSE is reduced
to 1.14 km, Pearson’s r increases to 0.97, and 96% of the estimates are within 2 km of the
CALIOP results. By analyzing model bias and feature importance, cloud phase information
has the biggest impact on the CBH estimate, although all input features have positive impact
on the estimate accuracy. Limited by the penetrability of CALIOP, GETCBH is valid for
clouds with COD < 8.5. The CBH estimates have reduced accuracy (Pearson’s r of 0.88)
for optically thin clouds (clouds with cloud optical depth [COD] < 0.1) where little cloud
information is contained in the ABI measurements, as well as for optically thick clouds (clouds
with COD > 3) where a larger proportion of opaque clouds is excluded. Furthermore, for the
GBTCBH model using 9 months of CloudSat measurements as label, the CBH estimates are
improved with an RMSE of 1.41 km and Pearson’s r of 0.92. In a case study of Hurricane
Dorian, CBHs for most of the single-layer clouds are successfully estimated with small errors
and flagged with high confidence, for both high and low clouds. Deep convective clouds and
multi-layer clouds, both of which are not included in the training, are reasonably flagged as
low confidence with large CBH estimate errors. In this particular case, 65% of cloudy pixels
have CBH estimate with high confidence in the scene. Daytime CBH with high spatial (2
km) and temporal (10 min) resolution can be derived from ABI measurements using this

methodology.
Keywords: Cloud base height, GOES-16 ABI, CALIPSO CALIOP, Hurricane Dorian,

Machine learning

1. Introduction

A commonly occurring atmospheric phenomenon, clouds often are described by their op-
tical, microphysical, and macrophysical properties (e.g., cloud optical depth or COD, droplet
number concentration, or cloud top/base height). Among them, cloud base height (CBH) is
sparsely observed; yet it is an important parameter in determining the cloud radiative effect
(Garrett et al., 2010; |Yeo et al., 2018), the energy balance in climate simulations (Wether-
ald and Manabe, |1988), and the local thermal adjustment in numerical weather prediction

(NWP) models (Ruppert et al., [2020)). In addition, changing cloud vertical structures in-
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fluence atmospheric circulation by directly altering the radiative heating/cooling rate and
atmospheric static stability and by indirectly affecting the latent heating profile of deep con-
vection (Wang and Rossow, |1998). Lastly, aviation guidance can also benefit from accurate
CBH information (Mecikalski et al., [2007)).

In routine observations, CBH retrieved from ground-based lidar ceilometer data offers the
highest accuracy and is thus widely utilized in the field of aviation. However, the limited
spatial coverage is a significant disadvantage for ground-based observations, which prevents
broader utilization.

CBH estimates using space-borne observations have much improved spatial coverage over
that from ground-based observations. But they are also more challenging, in part because
of the larger distance from the cloud base than the cloud top to the satellite. Additional
absorption and scattering by the clouds obscure some of the cloud base signal reaching space-
borne sensors and make it more difficult to determine than the cloud top height (CTH).
Despite the added complexity associated with estimating CBH, several estimation methods
have been developed for different types of space-borne sensors.

For active sensors, accurate CBHs can be estimated from the Cloud Aerosol Lidar with Or-
thogonal Polarization (CALIOP) on the Cloud Aerosol Lidar and Infrared Pathfinder Satellite
Observations (CALIPSO) satellite, including CBHs for optically thin clouds (Winker et al.|
2010)). The measurements from CALIPSO/CALIOP have been used to retrieve cloud profiles
accurately, but the horizontal coverage is limited by its narrow scanning swath. |Mulmenstadt
et al.| (2018)) expanded the CBH coverage by extrapolating the CALIPSO/CALIOP CBH to
nearby optically thin clouds. Another method extrapolating the CBH from active sensors to
a broader spatial coverage was developed for CloudSat’s Cloud Profiling Radar (CPR) mea-
surements combined with the Moderate Resolution Imaging Spectroradiometer (MODIS)
data on board the NASA Earth Observing System (EOS) Aqua platform (Miller et al.| 2014}
Sun et al., 2016]).

Compared with active space-borne sensors, passive space-borne sensors, such as visible
(VIS) /near infrared (NIR) /infrared (IR) imagers, have larger horizontal coverage, although
the profile information from those passive sensor measurements is not nearly as extensive as

that of the active sensors. Hence, the CBH estimates from passive airborne sensors often
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depend on ancillary cloud products. For example, a method relating CBH to CTH and
cloud water path (CWP) is operationally applied to data from the Visible Infrared Imaging
Radiometer Suite (VIIRS) onboard the Suomi-National Polar-Orbiting Partnership (SNPP)
platform (Seaman et al., [2017; |[Noh et al., [2017)). Similarly, Bohm et al.| (2019) derived CBH
from CTH products using data from the Multi-angle Imaging SpectroRadiometer (MISR)
onboard the EOS Terra platform when some preconditions, such as a cloud cluster with
broken clouds, are met. This method assumes that the lowest CTH within a cloud cluster
could correspond to the CBH seen from its side. Recently, [Tan et al| (2019, [2021) took
advantage of a random forest algorithm to estimate CBH from upstream cloud products of
the Advanced Geostationary Radiation Imager (AGRI) onboard Fengyun-4A (FY-4A) and
the Advanced Himawari Imager (AHI) on Himawari-8.

Even though the methods for CBH estimate from different sensors have been reported
in recent decades, CBH is not one of the ABI baseline products (Schmit et al., 2005} 2009}
2017; Noh et al.| 2017)). ABI offers high spatio-temporal resolution data with a fixed nadir
field of view, making it possible to continuously infer cloud base and provide input for avia-
tion applications and weather analysis. Most existing CBH estimate methods using passive
airborne sensors, that provide similar spatio-temporal resolutions, are based on level 2 cloud
products. Our study examines whether a machine learning (ML) algorithm is capable of ex-
tracting CBH information directly from satellite level 1 measurements. This work introduces
an ML based daytime CBH estimate algorithm that directly uses ABI level 1 measured ra-
diances and reflectances, as well as European Centre for Medium-Range Weather Forecasts’
(ECMWF) newly released fifth generation reanalysis (ERA5) (|dataset| European Centre for
Medium-Range Weather Forecasts, 2017) temperature and relative humidity (RH) profiles,
as input. The CBH estimate algorithm covers the same areal extent as the full disk of the
ABI/GOES-16.

In recent years, ML in the field of remote sensing and meteorology has been proven to be
effective for many non-linear problems such as estimating precipitation or CTH (Kiihnlein
et al., 2014; Hakansson et al., 2018; Min et al., 2017, 2020, and others).Unlike CTH, which
has a rather clear physical relation with radiances or brightness temperatures (BTs) from IR

bands, CBH is complicated by the clouds’ strong absorption in the IR and scattering in the
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VIS spectral bands. The ML technique could be useful for solving such a problem. In this
study, the Gradient Boosted Regression Trees (GBRT) ML technique is used. The objective
is to determine if an ML technique can be used to estimate CBH from ABI observations.
The ERA5 dataset provides supplementary information regarding atmospheric profiles.

The data and ML-based CBH estimate models are described in Section 2] ABI, ERA5S
and CALIOP data are briefly introduced in Subsection 2.1 Subsection [2.2] presents the data
processing before model training. The settings for the models are noted in Subsection [2.3]
and methods for model evaluation are detailed in Subsection [2.4] Results are analyzed in
Section . Subsection presents the general model errors (error in this study refers to
the discrepancy between the estimated results and labels). Label is the true value/class of
the model output for regression/classification problem in ML terminology. Feature impor-
tance and variables affecting CBH accuracy are analyzed in Subsection 3.2l A quality flag
(QF) method is described in Subsection . Subsection presents the results of an exper-
iment using CloudSat CBH as label. The case studies comprising this work are discussed in

Subsection (3.5l Finally, discussion and conclusions are found in Section

2. Data and Methods

2.1. Data Source

ABIl is a 16-band passive imaging radiometer designed to observe the Western Hemisphere
and provide variable area imagery and radiometric information on the Earth’s surface, atmo-
sphere, and clouds. Located at 75.2°W, the ABI/GOES-16 full disk scanning has a temporal
resolution of 5-15 minutes (depending on scan modes with a 10-minute flex mode becoming
the default operating mode since April 2019), and a spatial resolution of 0.5 to 2 km at nadir.
The 16 bands consist of 2 VIS, 4 NIR and 10 IR bands with central wavelengths ranging
from 0.47 to 13.3 um. More information can be found in [Schmit et al.| (2005|2009, 2017)). To
maximize the use of ABI observations, Level 1b (L1b) data from all 16 bands at their finest
resolution are used in the ML model (Table [I), including reflectance from VIS/NIR bands
and radiances from IR bands.

To improve CBH estimates, the temperature and humidity profile information, especially

in the troposphere, from the ERA5 reanalysis ([dataset| European Centre for Medium-Range
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Weather Forecasts, [2017) are also used as input to the ML model. ERA5 hourly reanalysis
data are 0.25° x 0.25° gridded global data at 37 fixed vertical pressure levels from 1000 to 1
hPa. RH is chosen over the mixing ratio because it results to lower RMSE (about 0.07 km
lower) of the CBH estimates in the tuning experiment. Only the lowest 27 fixed levels from
1000 to 100 hPa are used because most CBHs are found in this range. Since the pressures
at the 27 levels are fixed, there is no need to use them as input. The surface pressure and
surface skin temperature are also used (Table . ERADS is chosen for its overall high accuracy
and high spatio-temporal resolutions, which allows better understanding of the importance
of temperature and RH profiles. These variables are chosen for their importance in forward
radiative transfer calculations (Clough et al., 2005). Their importance in the CBH estimates
will be quantitatively evaluated. It is important to point out that other NWP output (forecast
or analysis) could be used instead of ERAD5, i.e., GF'S forecast data. However, one must make
sure that the same feature data be used in both the training and the application.

CBH from CALIOP was obtained as the lowest height with a cloud fraction larger than
0, and provide the label for the ML model. CALIOP is a two-wavelength (532 and 1064
nm) polarization-sensitive lidar that provides high-resolution vertical profiles of aerosols and
clouds (Winker et al., 2004, 2007). The latest Version 4 (V4) CALIOP cloud level 2 product
(CAL_LID_L2_05kmCPro) has been generated based on its 532 nm laser. The information
about cloud fraction at each level is provided at a horizontal resolution of 5 km and verti-
cal resolution of 60 m over an altitude range from -0.5 to 30 km, where -0.5 km refers to
the regions lower than sea level; also included are cloud column optical depth and quality
control (QC) flags, e.g., extinction QC flags (Young et al.;|2018]) and cloud-aerosol discrimina-

tion score (Liu et al., [2019)). This product is described online (https://www-calipso.larc.

nasa.gov/resources/calipso_users_guide/data_summaries/profile_data_v420.php#headingl3)

and data can be downloaded through the Open-source Project for a Network Data Access
Protocol (OPeNDAP, URL: https://opendap.larc.nasa.gov/opendap/hyrax/CALIPS0/
LID_L2_05kmCPro-Standard-V4-20/)

CALIOP has a complete data record since the ABI/GOES-16 became operational on
December 18, 2017. However, it is worth noting CALIOP’s limited horizontal coverage and
reduced signal-to-noise ratio (SNR) when the cloud optical depth (COD) is larger than 3


https://www-calipso.larc.nasa.gov/resources/calipso_users_guide/data_summaries/profile_data_v420.php#heading13
https://www-calipso.larc.nasa.gov/resources/calipso_users_guide/data_summaries/profile_data_v420.php#heading13
https://www-calipso.larc.nasa.gov/resources/calipso_users_guide/data_summaries/profile_data_v420.php#heading13
https://opendap.larc.nasa.gov/opendap/hyrax/CALIPSO/LID_L2_05kmCPro-Standard-V4-20/
https://opendap.larc.nasa.gov/opendap/hyrax/CALIPSO/LID_L2_05kmCPro-Standard-V4-20/
https://opendap.larc.nasa.gov/opendap/hyrax/CALIPSO/LID_L2_05kmCPro-Standard-V4-20/
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or less than 0.1 (Dupont et al., 2010)). In comparison, the CloudSat 2B-GEOPROF-LIDAR
product (Mace and Zhang), 2014) combining radar data from CPR onboard CloudSat and
CALIOP lidar data is valid for a broader COD range. The spatial resolution of this product
is about 2 km along track and 1 km across track. The vertical resolution is 240 m. However,
this product has only 9 months overlap with ABI/GOES-16: October 10, 2018 through July
10, 2019. As a result, this study primarily uses CALIOP CBH products to develop the ML-
based CBH estimate model. The potential advantage of CloudSat is also shown with the
limited data. The CloudSat 2B-GEOPROF-LIDAR product can be accessed via direct FTP
access (ftp://ftp.cloudsat.cira.colostate.edu/2B-GEOPROF-LIDAR.P2_R05/)

2.2. ML Models

Min et al. (2020) compared four decision-tree-based algorithms for CTH estimates for
Himawari-8 AHI, and found the GBRT (Friedman, [2001)) algorithm outperforms others with
a minimum mean absolute error (MAE) down to 1.54 km with small fluctuations in the tuning
experiments. Following their findings, this study uses GBRT for estimating CBH. Another
ML technique, the deep neural network (DNN), was also tested, but the results were not
as good. The RMSE and the absolute value of the mean bias error (MBE) are higher than
those from this study (about 0.5 and 0.3 km respectively; further results and discussion not
provided in this study).

GBRT is a non-parametric statistical ML regression algorithm comprised of a series of
weak decision trees. GBRT builds an additive model in a forward stage-wise fashion. In
each stage a regression tree is fit on the negative gradient of the given loss function (mean
squared error is used). Each regression tree is a flowchart-like structure composed of nodes
and the terminate nodes also known as leaves. A Python package, scikit-learn (Pedregosa
et al. [2011), was utilized to establish the GBRT based CBH estimate models, named the
GBRT model to EstimaTe Cloud Base Height (GETCBH). It uses ABI+ERAS as features,
and CALIOP as the label unless otherwise specified. If CloudSat is used as label, it is referred
to as the CloudSat-based GETCBH. If pre-determined phase information is used to enhance
GETCBH, it is referred to as the phase-enhanced GETCBH.

In addition, a Gradient Boosted Decision Trees (GBDT) based model to generate the QF
to show the confidence level of the CBH is developed and named as the GBDT model to
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EstimaTe Quality Flag for cloud base height (GETQF). It uses the same ABI+ERAS5, along
with the estimated CBH, as features and estimates confidence levels in two categories (low
and high) for the CBH estimate.

GBRT has many applications, such as CTH (Min et al., 2020)), solar power (Persson
et al [2017)), and terrestrial latent heat flux (Wang et al., 2021), etc. That also means the
optimization of parameters used by GBRT is necessary. Most tuning processes of the ML
model rely on the minimization of both bias error and variance. The bias error refers to the
difference between the estimated value and the expected value. Large bias means the model
under-explains the relationship between features and label (underfitting). The variance refers
to the error from the sensitivity to changes in the training dataset. A large variance means
the model learned the random noise in the training data (overfitting). However, these two
properties are often conflicted when trying to minimize them simultaneously. GBRT is a
highly non-linear ML algorithm. Given enough input features and certain hyperparameters,
it can fit the training dataset to the point where the bias error is close to 0. However, the
model learns the noises at the same time, which increases variance and decreases general-
ization of the model. The bias-variance tradeoff, which can be accomplished by tuning the
hyperparameters, is necessary in such cases.

As part of the tuning process for GETCBH, our goal is to minimize the discrepancy
between the labels and CBH estimates of the validation dataset. By approaching that, the
model can acquire a general best accuracy. The hyperparameters used in |Min et al.| (2020])
are taken as an initial setting. Then each hyperparameter is tuned by cycle training the
model with different values. The settings with the lowest RMSE for the validation dataset
are chosen. For example, the number of regression trees to be performed is set to 500. The
increase in this value tends to make the model have lower biases and higher variances. The
fraction of samples (randomly selected for each regression tree) to be used for fitting the
regression trees is 0.3. The decrease in this value leads to a reduction in both variance and
the sensitivity of the model to different training datasets, yet with an increase in bias. The
minimum number of samples required to split an internal node is 50. The model tends to
have higher biases and lower variances when this value is increased. The minimum number

of samples required to be at a leaf node is 25. It exhibits a behavior similar to the previous
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parameter when this value is increased. The maximum depth of the individual regression
trees is 9. The model tends to have lower biases and higher variances with deeper trees.
The contribution weight of each tree (learning rate), which has a tradeoff with the number
of boosting stages, is 0.02. Other hyperparameters are set to default (e.g., loss function is
mean squared error).

The GBDT, with a core and a structure similar to GBRT but for classification problems, is
also used in this study, but only for the QF of the CBH estimates. Again, the hyperparameter
optimization was performed. And the hyperparameters are set as follows. The number of
boosting stages to perform is set to 400; the fraction of samples to be used for fitting the
individual base learners is 0.4; the minimum number of samples required to split an internal
node is 275; the minimum number of samples required to be at a leaf node is 100; the
maximum depth of the individual regression estimators is 14; and the contribution weight
of each tree is 0.02. Other hyperparameters were set to default (e.g., loss function is the
deviance for classification with probabilistic outputs).

It is worth noting that, for the consideration of reproducibility, the random states (seeds)

of the models and other shuffling processes are set to a fixed number (42 in this investigation).

2.3. Data Processing

Two collocated datasets were generated for this study. The first dataset is for the model
training and validation using CALIOP as the label for GETCBH. Two years of data (2018
and 2019) were used — 20% of which are randomly sampled for the validation dataset and
the remaining 80% are used in the training dataset. The other dataset is for the model using
CloudSat as the label for the CloudSat-based GETCBH. It contains 9 months of observations
and the split between training and validation datasets is also 80% and 20%, respectively.

Accurate labels are essential for ML-based algorithms. Multiple measures were used to
filter out failed /bad retrievals or suspicious samples. CALIOP samples were considered only
if the solar zenith angle was smaller than 90° (daytime, for use of VIS and NIR bands); the
extinction QC flag was equal to 0, 1 or 2 (unconstrained, constrained or initial lidar ratio
reduced retrievals); the absolute value of cloud-aerosol discrimination score ranges from 50 to
100 (medium to high confidence); and the cloud column optical depth is successfully retrieved

(cloud is detected and the retrieval of low-to-no confidence is excluded). Among them, solar
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zenith angle is an important parameter in the radiative transfer equation. The cosine of it is
used as an input to the model (Table . It is worth noting that, for the ABI cloud optical and
microphysical properties product, daytime is defined as observations with a solar zenith angle
of 65° or below (see http://cimss.ssec.wisc.edu/clavr/dncomp/ATBD_DCOMP_v2.6.pdf).
However, in this study, only using samples with solar zenith angles less than 65° is not
beneficial for the CBH estimates (the RMSE decrease is less than 0.1 km). For a more
comprehensive temporal coverage, all samples with solar zenith angles smaller than 90° are
included in this work.

After filtering, the remaining samples are classified as single-layer or multi-layer clouds.
A multi-layer cloud is classified if any clear sky layer appears between cloudy layers. Note
that only single-layer clouds are used for training and validation. Multi-layer clouds and
opaque clouds (extinction QC flags equaling to 16, 17 or 18) are only used for demonstration
for the case study in Section [3.5] After filtering and classifying, each sample was matched up
with the nearest ABI pixel (2 km x 2 km at sub-satellite point) with a time difference less
than 7.5 minutes and an ERA5 grid within + 30 min period. After the collocation, there are
779,795 training and 194,949 validation samples.

For CloudSat samples, only those with good quality and average horizontal distances of
less than 4 km between the lidar and CloudSat are used. After a similar process of collocation
and screening for multi-layer clouds, there are 2,367,556 training and 591,889 validation sam-
ples from CloudSat. The sample size is much larger than that of CALIOP for two reasons:
1) the CloudSat product uses pulses averaged over about 1.1 km along-track distance versus
5 km for the CAL_LID_L2_05kmCPro product from CALIOP; 2) clouds that are opaque to
CALIOP could be fully observed by CPR. To analyze the performance of the CloudSat-based
GETCBH in different COD ranges, the CODs from CALIOP’s CAL_LID_L2_05kmCPro prod-
uct were collocated to the samples from CloudSat’s 2B-GEOPROF-LIDAR product with the
closest distance and time differences less than 2 minutes. The COD from CALIOP is chosen
because CloudSat’s COD product is not available for the corresponding period. The COD
retrievals of low-to-no confidence are excluded. When comparing the GETCBH with the
CloudSat-based GETCBH, using the COD from the same source can eliminate the influence
from different COD retrieval methods.
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Table 1: Label and Features for ML model. The parameters in parentheses following ABI features mean:
(central wavelength, nadir spatial resolution, number of features within each IR pixel of 2 km resolution at
nadir). The unit following ABI features is for radiance. And the parameters following the other features are:

(number of features within each IR pixel of 2 km resolution at nadir).

Label Cloud base height [unit: km)]

ABI features Reflectance (0.47 pm, 1 km, 4), Reflectance (0.64 pum, 0.5 km, 16),
Reflectance (0.86 pm, 1 km, 4), Reflectance (1.37 pum, 2 km, 1),
Reflectance (1.6 pm, 1 km, 4), Reflectance (2.2 pm, 1 km, 4),
Radiance (3.9 pm, 2 km, 1), Radiance (6.2 gm, 2 km, 1),
Radiance (6.9 pum, 2 km, 1), Radiance (7.3 pym, 2 km, 1),
Radiance (8.4 pm, 2 km, 1), Radiance (9.6 gm, 2 km, 1),
Radiance (10.3 gm, 2 km, 1), Radiance (11.2 pum, 2 km, 1),
Radiance (12.3 pum, 2 km, 1), Radiance (13.3 pm, 2 km, 1)
[unit: mW/m?sr'cm™!]

ERAS features on Relative humidity (27) [unit: %], Temperature (27) [unit: K]

pressure layers

ERAD5 surface features Surface pressure (1) [unit: hPa], Surface skin temperature (1) [unit: K],

and others Cosine of solar zenith angle (1), Cosine of GOES-16 zenith angle (1)

11
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Table 1 shows the complete list of features used for GETCBH. They are chosen based
on their potential importance in cloud, radiative transfer processes (reflectance/radiance,
temperature, RH and angle information), and boundary conditions (surface information).
Specifically, temperature contributes to IR radiance emission. RH contains the water vapor
information relating to optical absorption. Compared to mixing ratio, RH is directly related
to lifting condensation level (LCL) or convective condensation level (CCL), and thus is more
connected to the cloud genesis (van Heerwaarden and de Arellano| 2008; |Costa-Surés et al.)
2016). Solar and satellite angles affect the optical path of radiation. The choice of reflectance
instead of radiance for the VIS/NIR bands (0.47 — 2.2 pum) is because the influence of solar
irradiance can be excluded in reflectance. Note that the various number of features for VIS
and NIR bands arises from the different spatial resolutions. For example, bands 0.47 and
0.64 pm have 4 and 16 pixels respectively within 1 pixel of band 3.9 um. Using all pixels for
VIS/NIR bands within an IR pixel enables sub-pixel information (refer to the information
with a scale finer than 2 km at nadir) in the estimation model. This leads to slightly but
robustly more accurate results (about 0.01 km lower in both MBE and RMSE than using
average values in contrast experiments). Last but not the least, surface pressure and surface
skin temperature provide the information on the lowest boundary that is sometimes useful
for IR bands measuring clouds which are not opaque enough to prevent ABI from seeing the

surface.

2.4. Model Evaluation

A few intuitive error indicators, namely mean bias error (MBE), mean absolute error
(MAE), and root mean square error (RMSE), were used to evaluate the CBH estimates.

They are calculated as follows:

1 n
MBE = = (Yo — Ypi); 1
2 2 oi ~ ) (1)

1 n
MAE = —% |oi = tpil. 2)

i=1

1 n

RMSE = — 0 — Ypii)?s 3
= > (Yo = Upd) (3)

i=1
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in which n is the sample size, and (y,) is the " CALIOP CBH observation, and (y,;) is the
i" CBH estimate (prediction). A unitless index, Pearson correlation coefficient (Pearson’s
r) is also used. Note that all two-tailed p-values of Pearson’s r calculated in this study are
smaller than 0.0001 and not presented. The comparisons of Pearson’s r between datasets are
verified by Zou’s 99% confidence interval (Diedenhofen and Musch) 2015)

To help understand the importance of features, the permutation importance (PI) is in-
troduced. PI is measured by calculating how much RMSE accuracy deteriorates after per-
mutating (randomly shuffling) a feature. Taking the surface skin temperature feature as an
example, its PI is defined to be the decrease in the model score (negative RMSE, whose
decrease means the increase in errors) when its positions are permutated between samples.
The purpose of permutation is to disable the feature’s contribution. To minimize the random
uncertainties in calculating PI, 10 permutations are applied. PI can be negative if the per-
mutation improves the accuracy. A negative PI means the feature’s contribution is negative.
Removing it from the feature list actually improves the model performance.

It is worth noting that, the PI calculation code in the scikit-learn package was partially
revised to enable a more robust analysis. The original code was designed to calculate the PI
of each feature, such as every single reflectance of the pixels with resolution finer than 2 km
at nadir, independently. After revision, multiple features can be permutated simultaneously
to achieve an overall PI of those features. This revision is needed because the PI of multiple

features is not necessarily the sum of all PIs of individual features (Gregorutti et al., [2015)).

3. Results

The analysis of the accuracy of GETCBH is presented in this Section. Feature importance
is analyzed and they are ranked based on their PI values. In addition, GETQF is constructed

to refine the accuracy and estimate quality. Finally, one case study is presented.

3.1. Overall Evaluation

GETCBH is trained using the GBRT algorithm. The hyperparameters are determined
by tuning the model (see Section . Subsequently, the model is trained with the CALIOP
training dataset, and evaluated with the CALIOP validation dataset.
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Table 2 shows the evaluation results of the validation set. GETCBH has an MBE of -0.01
km and an RMSE of 1.87 km. These numbers are slightly larger than or comparable to the
VIIRS CBH estimate (MBE of about 0.4 km and RMSE of 1.7 km) by Noh et al.| (2017).
Currently there is no operational CBH product generated from GEO satellites and therefore
no product requirements are available. However, 84% of CBH estimates in the validation
dataset using GETCBH have discrepancies within + 2 km of CALIOP CBHs (the VIIRS
CBH product requirement; Baker, |2011). Note that there is no procedure to quality control
the CBH estimates. So, there could be CBH estimates with low confidence degrading MAE
and RMSE.

Another way to understand the performance of GETCBH is through comparison with
CTH estimate statistics. Min et al.| (2020) used the same source of label (CALIOP) in their
study for CTH estimates along with observations from AHI, which is similar to ABI. Their
results show an MAE of 1.53 km and a standard deviation of 2.57 km for CTH. When the
MAESs of CTH and CBH are scaled by their own standard deviations (5.61 km for CTH and
4.75 km for CBH), they are actually comparable to each other (0.27 for CTH and 0.25 for
CBH).

To test the sensitivity of GETCBH on the training-validation sampling, the training-
validation (with a split of 80% - 20%) dataset was resampled and re-trained with the same
hyperparameters four additional times. Note that for more representative samplings, five
validation datasets are set to be complementary subsets. Consistent results were obtained
with the largest RMSE difference being 0.02 km and Pearson’s r difference of 0.002. These
small differences indicate the chosen hyperparameters are not sensitive to the sampling of
the validation set.

Table [2 shows the estimated CBH has a small bias of 0.01 km. Detailed analysis shows
the bias has vertical variation. Figure [I(B) shows the CALIOP measured and estimated
CBHs both have histograms with two peaks, representing the low liquid water clouds and
the high ice clouds, respectively. The CALIOP measured low clouds peak near the surface
with a value about 1.7e4 samples, while the GETCBH estimates peak around 1.25 km with a
value about 1.35e4 samples. For high clouds, the CALIOP measurements have a longer tail
with CBH reaching 17.5 km; the GETCBH estimates in general are all less than 16.5 km.
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Table 2: Errors (unit of km) in the CBH estimates using the training and validation set from GETCBH, the
phase-enhanced GETCBH, and the CloudSat-based GETCBH. The phase-enhanced GETCBH is the same
as GETCBH but with CALIOP phase information as an extra feature. Confidence level (£ 2 km) is the

percentage of CBH estimates with errors within +2 km.

Experiment MAE MBE RMSE Pearson’sr Confidence Level (£ 2 km)
Training set

GETCBH 1.11  0.00 1.76 0.93 85%
Phase-enhanced GETCBH 0.67  0.00 1.01 0.98 95%
CloudSat-based GETCBH  0.71  0.00  1.27 0.94 92%
Validation set

GETCBH 1.17  -0.01 1.87 0.92 84%
Phase-enhanced GETCBH 0.70  0.00 1.05 0.98 94%
CloudSat-based GETCBH  0.77  0.00  1.41 0.92 91%

These results indicate that the GETCBH estimates are underestimated for high clouds and
overestimated for low clouds. The low clouds are defined with CBH lower than 7 km and high
clouds higher than 7 km. The low clouds have a percentage of 72% with CBH lower than 4
km. That means occurrence of mid-level clouds in the training/validation data set is limited.
For simplification, they are added in with the low clouds. The density plot in Figure [I[A)
also shows a similar pattern. Around the high cloud peak, the CBHs from GETCBH are
clearly underestimated; and around the low cloud peak, they are clearly overestimated. To
further understand the GETCBH bias, Figure [I{C) presents the bias distribution vertically.
It is clear that the bias of the GETCBH estimates has a vertical variation. The bias decreases
from positive to negative with increased CBH. A similar bias pattern was observed in CTH
estimates as well (Min et al., [2020)).

Figure [ A) also shows that most CBH errors are confined within a range of + 2 km
(about 84% of all samples). For CBH estimates with uncertainties larger than 2 km, 31.5%
(or 5.0% of all samples) have uncertainties larger than 4 km. Removing those samples (whose
uncertainties are larger than 4 km), would reduce the RMSE to 1.24 km. These are mostly
high ice clouds badly estimated with low CBHs or low water clouds badly estimated with
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high CBHs. The CBHs of these clouds could be improved if phase information is known.

It is not immediately clear what causes the vertical variation in the bias shown in Figure
[(C). One limitation in the above estimate is that the GETCBH does not discriminate ice
clouds from liquid ones. The ice and liquid clouds are different in both their physical and
optical properties, while ice clouds are typically located higher than liquid water clouds. Fig-
ure [1f C) shows that ice and water clouds exhibit different bias behavior. Not discriminating
them in the GETCBH might lead to underestimates of CBH for ice clouds and overestimates

for water clouds.

3.2. Feature Analysis

Figure |1| shows that the bias of GETCBH has height variation, where low clouds have a
positive bias, and high clouds have a negative bias. In addition, the lower (higher) the low
(high) CBHs are, the larger the absolute MBE values they have (Figure [I|C). Cloud phase
information could possibly help to reduce the CBH errors. To understand the potency of
phase information in the CBH estimate, cloud phase index is used as a feature alongside those
in Table 2 to establish the phase-enhanced GETCBH with the same settings as GETCBH
(see Section . The cloud phase index is obtained from CALIOP by classifying cloud
phase as 0 for unknown, 1 for liquid cloud and 2 for ice cloud. The water (ice) cloud phase
is determined if the cloud phase of the column profile is all water (ice) clouds. Profiles
with mixed or unknown phase are categorized as unknown; these are 6.6% of all samples.
Table 2 shows that the addition of the cloud phase as a feature significantly improves the
CBH estimates. The results of the phase-enhanced GETCBH have their RMSE significantly
reduced from 1.87 km to 1.05 km, or a reduction of 44% (0.82 km reduction in RMSE). The
MAE, the Pearson’s r, and the confidence level are all significantly improved.

To better understand how features like phase information can affect the CBH estimate,
Figure [2(A) presents the statistical PIs for all features listed in Table 1 for GETCBH and
in Figure [2(B) for the phase-enhanced GETCBH. All features for each VIS/NIR band are
permutated simultaneously to calculate an overall PI for that band. The 27 levels of RH or
temperature are split into two groups: lower layer (1000 — 650 hPa, 13 levels) and upper layer
(600 — 100 hPa, 14 levels). These two layers are dominated by liquid and ice clouds, and PI
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Figure 1: (A): Probability density scatter plot of CBH from CALIOP and GETCBH with the CALIOP CBH
validation set. The color-bar shows the probability density, and three green dash lines illustrate an error of
-2, 0 and 2 km. (B): The CBH histograms binned at 0.5 km from CALIOP (red) and the GETCBH (blue).
(C): The MBE of the CBH estimate from GETCBH (green solid line), the phase-enhanced GETCBH (orange
dashed line) and high confidence samples (black dotted line) of the GETCBH experiment as a function of
CALIOP CBH (binned at 0.5 km interval). Only intervals with sample sizes larger than 50 are shown. (D):
Similar to (B), but for the distribution of the CloudSat CBH validation set. Figures are plotted using the

validation datasets.
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Figure 2: Permutation importance for (A) GETCBH and (B) the phase-enhanced GETCBH with the
CALIOP CBH validation dataset. Whiskers represent the minimum and maximum of 10 times permuta-

tion, while the boxes (may be too narrow to be discerned) and orange line mean 25% and 75% quantiles and

medium.

for each layer is calculated. And for both GETCBH and the phase-enhanced GETCBH, all
Pls are positive, indicating every feature has a positive contribution to the CBH estimate.
In Figure[(B), the cloud phase has an overwhelmingly large PI of 3.71 km, which explains
the great improvement in the phase-enhanced GETCBH compared to GETCBH. The phase
information greatly mitigates the estimate errors where high ice clouds are estimated with low
CBHs and low water clouds are estimated with high CBHs. The percentage of samples with
uncertainties larger than 4 km is greatly reduced to 0.7% in the phase-enhanced GETCBH
from 5.0% in the GETCBH. In addition, the vertical variation of the bias is reduced as well.
On average, the bias measured by the absolute MBE is reduced by 62%. It is calculated by the
following two steps: 1) summing up the absolute value of MBEs in different height intervals
for GETCBH and the phase-enhanced GETCBH, and 2) calculating the reduced percentage
of the sum. It is interesting that the phase PI of 3.71 km is even larger than the GETCBH
RMSE at 1.87 km. The permutation of the phase information degrades the accuracy of
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the phase feature in the phase-enhanced GETCBH. This in turn leads to degraded CBH
estimates, which are even worse than those from GETCBH where no direct phase information
is used as a feature. This analysis indicates that a) accurate phase information is very useful
in improving the CBH estimates, and b) incorrect or inaccurate phase information may
degrade the CBH estimates. Therefore, if the phase information is not accurate enough, it
should not be used as a feature.

The ABI reflectance at 1.37 pm has the largest PI for GETCBH at 1.79 km (Figure [2]A),
but has less significance in the phase-enhanced GETCBH with a PI of 0.37 km (Figure )
This likely indicates there exists information overlap between the 1.37 pym band and the
CALIOP phase. This is consistent with the fact that the ABI 1.37 um band is a strong water
vapor absorption band widely used for cirrus detection. In other words, the contribution
of the 1.37 pm band reflectance to the CBH estimates resides in its information about the
cloud phase. The contribution is significantly reduced when better phase information from
CALIOP is added. Figure [3|shows the distribution of the 1.37 versus 2.2 ym band reflectance
for liquid and ice clouds. The 1.37 um band reflectance of liquid clouds tends to be small,
because of strong moisture absorption above the low cloud top. Conversely, the ice clouds
tend to have a larger 1.37 um band reflectance because of less moisture absorption above
the high cloud top. The different responses of the 1.37 um band reflectance to liquid and ice
clouds provide useful phase information to the CBH estimate. Such information should be
useful for CTH estimation as well. Similarly, another possible phase related feature is the 2.2
pm band reflectance used for cloud particle size estimates. The liquid and ice clouds show
different peaks for their distributions of the 2.2 ym band reflectance (Figure[3). This feature
has the second highest PI value in GETCBH. After the phase information from CALIOP is
introduced, the 2.2 ym band reflectance PI decreases from 0.82 km to 0.14 km. This analysis
identifies two phase-sensitive features and verifies the importance of phase information in the
CBH estimate.

In Figure 2(B), apart from CALIOP Phase, the ERA5 upper layer temperature and RH
information have the second and the third largest Pls, along with the lower layer temperature
in fifth. In Figure 2(A), ERA5 has 5 features with PI values in the top 10. However,
this does not mean that ERA5 fields contribute more CBH related information than ABI
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measurements. Comparing to GETCBH in Figure 2(A), the main reason that the two largest
PIs of ABI features are degraded is that the more accurate phase information from CALIOP
is included in Phase-enhanced GETCBH. To better understand the values of the ERAS
fields and the ABI measurements in GETCBH, two experiments are conducted: 1) only ABI
features are used as input and 2) only ERA5 features are used as input. The RMSE and
Pearson’s r of validation set are 2.14 km and 0.89, respectively, for the first model, while
they are 2.60 km and 0.83, respectively, for the second model. These results indicate that
the satellite measurements from ABI provide more useful information to CBH estimates than
the ERAS data.

When working with ABI observations, CALIPSO/CALIOP phase information is not al-
ways available. And given the importance of accurate phase information in improving the
accuracy of the CBH estimate, two further tests are conducted. In the first test, the cloud
top phase information from ABI L2 products was used as a feature to replace the CALIOP
cloud phase information in the phase-enhanced GETCBH model. The validation shows re-
duced accuracy for the CBH estimate. The RMSE increased by about 0.03 km compared to
GETCBH. This is probably due to two reasons: a) most of the information used for the ABI
L2 phase retrieval is already included in the GETCBH features; and b) the ABI L2 cloud
phase product is for the cloud top while phase information for the whole cloud layer is needed
for a reliable CBH estimate. These results indicate that the ABI L2 cloud phase product as
a proxy for all cloud layer phase information might not be accurate enough. Using it causes
more degradation to the CBH estimate than not using it. This is consistent with previous
findings that inaccurate phase information may degrade the quality of the CBH estimates.

Furthermore, Figure 3| shows there is substantial information about cloud phase in the
ABI L1b measurements, especially the 1.37 and 2.2 um reflectance. It is therefore possible to
estimate cloud phase from ABI L1b measurements using a machine learning technique. In the
second test, CALIOP phase index is used as a label, and cloud phase indices are estimated
by the GBDT algorithm using the same input features and dataset as used by GETCBH (see
Table [I] and Section [2.3)). After a similar tuning process for GETCBH (see Section [2.2), the
result of the phase estimate shows a total correct classification rate of 84.4%. Unfortunately,

when adding this phase estimate as an additional feature to GETCBH, the improvements are
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Table 3: CBH errors (in km for MAE, MBE and RMSE) using GETCBH with the validation set in different
COD ranges.

COD range Sample Size  MAE MBE RMSE Pearson’s r

0.0, 0.1) 48978 1.62  0.29 2.57 0.88
(0.1, 0.5) 68736 1.17  0.05 1.80 0.92
(0.5, 1.0) 31022 0.96 -0.02 1.40 0.92
(1.0, 2.0) 24442 087 -0.31 1.29 0.94
2.0, 3.0) 11900 0.80 -0.50  1.28 0.94
3.0, 8.5) 9869 0.78 -0.55 1.30 0.88

subtle (RMSE decreases by less than 0.01 km in the best case). A similar test was carried
out for CTH, and no obvious improvements were seen as well. The outcome indicates that
GETCBH has already taken good advantage of the cloud phase and CTH information from
the input data (e.g., ABI reflectance and radiance) and successfully used such information
to improve the estimates. The CBH estimates can be further improved if additional cloud
phase information with higher accuracy is available.

Apart from the phase information, background information also demonstrates substantial
importance in Figure 2] The RH profile of the upper layer in GETCBH with a PI of 0.72 km
exhibits the third highest PI, followed by the temperature of the same layer with a PI of 0.55
km. The temperature and RH profiles of the lower layer have the fifth and seventh highest
PIs. The upper layer having higher Pls than the lower layer can be attributed to the larger
sample size of ice clouds versus liquid clouds. The temperature profile is important because
of its close connections to cloud radiative emission and cloud phase. The temperature profile
is also proven to have great importance for CTH estimate by exhibiting the second highest
importance in Min et al.| (2020)). In addition, RH is highly related to the formation of clouds
(van Heerwaarden and de Arellano|, 2008)). These results indicate that both atmospheric
temperature and RH background data are helpful for CBH estimates, in addition to ABI
L1b measurements.

Beyond the impact of cloud phase, it is also important to understand how the GETCBH
model performs under different cloud optical depths (COD). As mentioned in [Dupont et al.
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(2010), the CALIOP data for clouds with optical depths ranging from 0.1 to 3 have a relatively
high signal-to-noise ratio (SNR). Based on CALIOP penetrating power, in this study, clouds
with CALIOP measured COD smaller than 0.1 are defined as optically thin clouds, and
clouds with COD larger than 3.0 are defined as optically thick clouds. It is important to
point out that the opaque clouds in this study are not defined based on COD, but as those
identified by CALIOP. A layer is considered opaque if 1) it is the lowest feature detected in a
column, and 2) it is not classified as a surface return. In general, opaque clouds are optically
thick, but not all thick clouds are opaque.

In Table [3] the statistics from the GETCBH are presented for different CODs. The
CALIOP COD product is used as the classifier to categorize the samples into six groups.
Comparing the results, samples with 1.0 < COD < 3.0 have smaller RMSE and larger
Pearson’s r. Clouds optically thinner or thicker have larger RMSE and smaller Pearson’s
r. Specifically, CBH estimates for optically thin clouds have the largest RMSE of 2.57 km
and a relatively low Pearson’s r of 0.88. ABI measurements have reduced information for
optically thin clouds. Estimating CBH in such cases is difficult, simply because not enough
cloud information is in the input. For optically thick clouds, due to increased absorption
by cloud particles, there is less information about the cloud base in ABI measurements, and
the CALIOP CBH as the label has reduced accuracy as well. As a result, there is a slight
degradation in the RMSE of the CBH estimate and a substantial reduction in Pearson’s r
comparing to clouds with 1.0 < COD < 3.0. This analysis indicates that GETCBH can be
applied to clouds with 0.0 < COD < 8.5 and is more accurate for clouds with 0.1 < COD <
3.0.

Note that the sample size for clouds with 3.0 < COD < 8.5 is much smaller than clouds
with COD < 0.1. That is because most optically thick clouds do not pass the CALIOP QC
and are not included in the training and validation datasets. When applying GETCBH for
those clouds that would have not passed the CALIOP QC, the CBH estimates may not be as
accurate as shown in Table [3] Note that the upper limit of the COD of 8.5 is the maximum
CALIOP COD in the CALIOP training and validation datasets.

From Table [3] it appears that COD can be used for generating the QF for the estimated
CBH. For example, the COD can be estimated simultaneously along with the CBH. Then
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the estimated COD can be used to remove optically thin clouds to improve the overall
estimate quality. However, evaluations show that such COD estimates are not accurate
enough (Pearson’s r of 0.57) to warrant a meaningful QF for two reasons: 1) the COD
mentioned above is referenced to the CALIOP 532 nm wavelength, which does not overlap
with any ABI band and 2) there is not enough information about thin clouds with COD <
0.1.

3.3. Quality Flag for CBH Estimate

Table [2| shows the overall quality of the CBH estimates. However, for users, a CBH
QF before using the product is indispensable. Previous analysis has revealed that the CBH
estimate quality is associated with several factors, such as the CBH itself, cloud phase, and
COD. Directly combining the information from these sources to generate a QF is difficult.
However, the GETQF model is built to estimate the quality of each CBH estimate using the
GBDT algorithm.

The label of the GETQF is designed as a 2-class flag, which are classified based on the
absolute error of the CBH estimates. A threshold of 1.6 km is explicitly set in our study.
Low confidence is defined as having errors greater than the threshold, with high confidence
defined as having errors smaller than the threshold. This threshold is configurable. The
threshold determination for the GETQF model is based on the balance between the yield
for the class of high confidence and its confidence level. A large threshold results in more
CBH estimates with errors larger than 2 km mis-classified as high confidence. Therefore,
the confidence level for the class of high confidence is small, although the yield is large. On
the other hand, a small threshold may result in more CBH estimates with errors smaller
than 2.0 km mis-classified as low confidence. Thus, the yield for the class of high confidence
is small, although the confidence level is large. Besides, the threshold of 1.6 km is found
effective in classifying CBH estimates for deep convective clouds as low confidence. In the
training, weights of low confidence samples are set to increase linearly with the increase of
absolute errors (absolute error / threshold for each sample) in sample, while high confidence
samples are all weighted as 1. The samples with large errors are emphasized since the larger
error for a given sample the more weight it is given. In addition to the features shown in

Table[T], the CBH estimated by GETCBH is added as one more input feature due to its close
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Table 4: CBH error (unit of km for MAE, MBE and RMSE) and confidence level of GETCBH with high /low

confidence.
Sample Set Sample Size  MAE MBE RMSE Pearson’sr Confidence Level (+ 2 km)
High Confidence 157482 0.74 0.01 1.14 0.97 96%
Low Confidence 37467 295 -0.10  3.58 0.69 36%

relationship to the estimate error and its ability to boost the classification accuracy (which
is measured by the number of correctly classified samples / total samples, from 0.86 to 0.89)
of the GETQF model. The setting of hyperparameters was introduced in Section 2.2 The
CALIOP training and validation sets were used for GETQF.

The validation results are present in Table 4l The £+ 2 km interval used to define the
confidence level is chosen by referencing the VIIRS CBH product requirement (Baker, |2011).
The two classes reasonably split the samples into two groups of different accuracies. The
class of high confidence has a sample size about 81% of total samples. It has a confidence
level of 96%, meaning 96% of errors within are + 2 km, an MAE of 0.74 km, an RMSE of
1.14 km, and Pearson’s r of 0.97. All these error indicators are comparable to those from the
phase-enhanced GETCBH in Table 2. In addition, the bias is reduced (Figure [I|C) by 60%
on average compared to GETCBH results, which are also comparable to the phase-enhanced
GETCBH results. The class of low confidence has a much lower estimate quality with an
RMSE of 3.58 km, while the confidence level is only 36%. These results indicate that a) the
estimates with low confidence are the main reason for the overall large RMSE of 1.87 km in
Table 2, and b) the threshold of 1.6 km successfully separates good CBH estimates from bad
ones.

To better illustrate the capability of GETQF, GETCBH is compared to the climatological
guess for low /high clouds. The most frequent CBH values, which are about 1.00 km for low
clouds and 10.75 km for high clouds, are taken as the climatological guess. For low clouds, the
RMSE of GETCBH is 1.96 km (0.65 km or 25% smaller than the climatological guess). For
high clouds, the RMSE of GETCBH is 1.79 km (0.5 km or 22% lower than the climatological
guess). The quality control with GETQF further improves the CBH estimate accuracy.

For low clouds with high confidence, the RMSE of GETCBH is 1.18 km (1.43 km or 55%
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smaller than the climatological guess). For high clouds with high confidence, the RMSE of
GETCBH is 1.09 km (1.20 km or 52% smaller than the climatological guess). This analysis
shows the improvement of the GETCBH over the simple climatological guess for both high
and low clouds. The improvement becomes more significant after QC by GETQF.

Table 3 shows that optically thin clouds have the largest RMSE (2.57 km). It is larger
than the general RMSE (1.87 km) of GETCBH. The large RMSE is caused by the lack of
cloud information in the ABI L1b measurements. Fortunately, such samples can be identified
by the GETQF. After filtering by GETQF, the optically thin clouds have 70.7% samples with
high confidence. The high confidence samples have an RMSE of 1.44 km and Pearson’s r of
0.96, respectively. These results indicate that, with the help of GETQF, GETCBH can be
applied to clouds with COD < 8.5.

3.4. CBH Estimate with CloudSat Dataset

As analyzed in Section [3.3] no samples with COD larger than 8.5 are included in the
CALIOP training and validation datasets for GETCBH. The CBH estimates for those clouds
are expected not to be as accurate, and they are expected to be flagged with low confidence
by the GETQF. The RMSE and Pearson’s r of CBH estimates are also slightly degraded
for clouds with 3.0 < COD < 8.5 compared with those for clouds with 1.0 < COD < 3.0.
So, it appears that GETCBH is less reliable for optically thick clouds. Two factors may
cause these results. First, the CALIOP CBH is not accurate enough due to strong cloud
attenuation. And second, the ABI measurements have limited CBH information. In either
case, the GETCBH model is not optimally trained, and the CBH estimate is going to have
reduced accuracy.

To better understand these two reasons, the CloudSat-based GETCBH is built based
on the 2B-GEOPROF-LIDAR product from CloudSat with higher penetrability (see Sec-
tion 2.2). The CloudSat data are only available for a 9-month overlap with ABI/GOES-16
(October 10, 2018 through July 10, 2019). The majority of cloud samples in the northern
hemisphere summer are not available. So, it is difficult to carry out a comprehensive anal-
ysis of the performance of the CloudSat-based GETCBH. However, it should provide some
insights as to whether the GBRT algorithm can better estimate the CBH for optically thick
clouds using information from the ABI and ERAS.
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Table 5: CloudSat-based GETCBH errors (in km) using the CloudSat validation dataset in different COD

ranges.

COD range Sample Size  MAE MBE RMSE Pearson’s r

0.0, 0.1) 34367 1.34 -0.19 235 0.83
(0.1, 0.5) 66963 1.37  0.50 2.22 0.89
(0.5, 1.0) 34760 1.14 044 1.84 0.90
(1.0, 2.0) 30425 0.84 0.11 1.38 0.94
2.0, 3.0) 25986 0.75 -0.04 1.25 0.94
(3.0, 8.5] 251027 0.61 -0.04 1.05 0.93
(8.5, 45.6) 61537 0.33 -0.09 0.64 0.81

The CloudSat based CBHs have a different distribution to CALIOP based CBHs. As
shown in Figure 1(D), the sample size of CloudSat based CBHs within 0.5-1.0 km is around
1.79¢5, much larger than that of the high cloud peak (CBHs within 10-10.5 km) around
0.10e5. It is attributed to the higher penetrability of CPR to clouds. CPR could observe low
CBHs of optically thick clouds. This will have substantial impact on the validation statistics.
This will have substantial impact on the validation statistics.

Table |2 shows the overall accuracy of the CloudSat-based GETCBH. For Pearson’s 1, the
CloudSat-based GETCBH is comparable to GETCBH, both of which are 0.92. The CloudSat-
based GETCBH does show a reduced RMSE of 1.42 km, substantially smaller than 1.87 km
of GETCBH. This RMSE reduction is mostly due to the different CBH distributions of these
two datasets (Figure 1B, D). The low CBHs (CBH < 7 km) account for 82% of the total
samples in the CloudSat dataset and 49% in the CALIOP dataset. The two datasets are also
different in many other aspects, such as the sample size, period, high/low cloud ratio, etc.
Therefore, the comparison between them based on RMSE, MAE, and MBE is not objective.
The Pearson’s r will be used as the primary parameter for the comparison.

Table [5| presents the performance of the CloudSat-based GETCBH in different COD
ranges. Similar to GETCBH in Table [3] the CloudSat-based GETCBH has the best perfor-
mance for 1.0 < COD < 3.0 with a Pearson’s r of 0.94, equal to that of GETCBH. For clouds
with COD < 1.0, the CloudSat-based GETCBH has a lower Pearson’s r than GETCBH. This
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could be caused by the influence of the surface. For clouds with COD < 1.0, near-surface
clouds are dominant in CloudSat-based samples, accounting for about 57% of samples versus
21% for CALIOP samples. For those clouds, the IR radiances are found to have relatively
large PI scores for the CBH estimate, yet they have limited information about clouds. As a
result, the CloudSat-based GETCBH algorithm could be confused by those radiances, leading
to reduced performance. For clouds with 3.0 < COD < 8.5, the CloudSat-based GETCBH
has a larger Pearson’s r of 0.93. It is substantially larger than the 0.88 for GETCBH. These
results indicate that the CloudSat-based GETCBH can handle optically thicker clouds better
than GETCBH. It also suggests that ABI measurements may have more CBH information
for optically thick clouds than those extracted by the GETCBH model. However, as pointed
out earlier, the CloudSat only has 9 months of data. The limited sample does not warrant
a mature CBH estimate model. Hence the case demonstration in the next section still uses
the GETCBH model. Again, note that the much-reduced RMSE of 1.41 km from 1.87 km
for GETCBH is mostly due to the dominance of low clouds.

For optically thick clouds with COD > 8.5 (Pearson’s r of 0.81), there is increased ab-
sorption by cloud particles. In addition, there is less information about the cloud base in
the ABI measurements, making the CBH estimate difficult. This becomes more difficult for
optically very thick clouds, such as deep convective clouds, which also have a large vertical
extent. Nevertheless, for these clouds, the CloudSat-based GETCBH may learn that they
are optically thick clouds. Even with little information about CBH in the ABI measure-
ments, however, the model may assign the CBHs with information from the temperature and
moisture profiles. The model may learn such information from either ERA5 profiles or the
ABI measurements. Further analysis reveals that clouds with CBH < 2 km (sample size of
55,617) have an RMSE of 0.45 km, which is much smaller than the RMSE of 1.23 km for the
clouds with CBH > 2 km (sample size of 5,920). Overall, the relatively small RMSE of 0.64
km indicates that the CloudSat-based GETCBH may provide reasonable CBH estimates for
some optically thick clouds, i.e. low clouds.

It is important to point out that the CODs shown in Table [5{are CALIOP measurements.
They are not fully quality controlled, i.e., by extinction QC flags or cloud-aerosol discrimina-

tion score. Therefore, the accuracy of those CODs is not as reliable. The larger the CODs,
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the less reliable they are. There are two major uncertainties: 1) for opaque clouds, the re-
trieved CODs are the CODs between CALIOP and the lowest feature it observed; 2) for water
clouds, the multiply-scattered component of the signal may not be fully represented. Con-
sequently, it is possible the actual COD is larger than those reported by CALIOP. However,
the conclusion that the CloudSat-based GETCBH is more accurate in charactering CBH for
optically thick clouds should stand.

In table[2] the Pearson’s r of GETCBH, the phase-enhanced GETCBH, and the CloudSat-
based GETCBH for the corresponding training dataset are 0.93, 0.98, and 0.94, respectively.
All three of them are comparable to or slightly larger than the evaluation statistics (in Table
for the corresponding validation set. Other statistics from the training, such as MAE, MBE,
and RMSE, are also comparable to or slightly smaller than the validation results. These
slight degradations from the training to validation suggest that overfitting in the training is

not severe.

3.5. Case Demonstration

GETCBH is applied to Hurricane Dorian on 5 September 2019. Specifically, in Figure
[], there are three regions that we will give special attention to: the high clouds over the
Caribbean region (domain B), the hurricane (domain C), and the low clouds over the Pacific
Ocean off the coast of South America (domain D). This case is chosen for its coverage of
different types of clouds, such as high, low, single-layer, multi-layer, and deep convective
clouds. This allows better understanding of the performance of GETCBH for different cloud
types.

CBH estimates with low confidence (black shadow in Figure B, C and D) mainly occur
in two scenarios: 1) the edges between low clouds and high clouds and 2) the clouds within
and around Hurricane Dorian. For the boundaries between low and high clouds, such as
the area around (90°W, 24°S) in Figure [4[D) and the area to the south of 13°N in Figure
M(B), the low confidence is due to the presence of multi-layer clouds. For clouds around the
storm center (79°W, 33°N) in Figure [dC), they are known as deep convective clouds and
are optically very thick. There is very little information on the cloud base remaining after
attenuation by the cloud layer. These two types of clouds are not included in the training.

GETQF successfully identifies those CBH estimates as having low confidence.

29



110°W  100°W  90°W 80°W 70°W  60°W 80°W 70°W  100°W 90°W

CBH [km]

CALIOP
Scanning
Direction

= 18:10:35 UTC
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Figure 4: Hurricane Dorian and low/high cloud case study on Sep. 5th, 2019. A: ABI Natural True Color
imagery at 18:40:12 UTC. The blue and orange lines show the CALIOP scanning tracks with the start time
and direction in the right-side legends. Panels B, C and D show the CBH estimated by the GETCBH
corresponding to regions 1, 2 and 3 in panel A. The ABI observation start-time of panels B and C is 18:40:12
UTC and that of panel D is 20:00:12 UTC. The clear sky regions are determined by the ABI L2 Clear Sky
Mask product and shown in white color. The regions shadowed with black dots show CBH estimates with
low confidence. The blue and orange dot lines show the CALIOP track. The red and brown lines indicate
the extent of Hurricane Dorian in panel C as determined by the CALIOP CBH products and quality flags.
It is worth noting that cloud patterns in panel D are slightly different from those in panel A due to the time

difference.
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Figure 5: The cross-sections along CALIOP scanning tracks for Hurricane Dorian and low/high cloud case
study. B, C and D: The cross-sections refer to the blue and orange dot lines in Figure 4(B), (C) and (D),
respectively. The red and brown lines representing convective region in panel C are also marked in Figure
4(A) and (C). The purple line represents CTH estimates and the grey cross, cyan plus and red Y markers are
opaque CBH (the lowest cloud feature detected from the cloud opaque to CALIOP), multi-layer CBH, and
single-layer CBH from CALIOP observation respectively. Note that the opaque cloud can be either single-
or multi-layer cloud. The black (lime green) triangle marker is the GETCBH estimated CBH with high
confidence (low confidence). The brown bar marker is the valid CBH (invalid VIIRS CBHs are excluded)

estimated from VIIRS observations.

Note that in ABI measurements, the samples with low confidence will have a larger
percentage than those shown in Table 4] because some samples, i.e., thick or multi-layer
clouds, are expected to have low confidence (as in Figure |4 and . However, those samples
are excluded from the training and validation datasets (see Section [2.3). For the cases
demonstrated here, the full disk has 35% of the cloudy pixels identified as low confidence
compared to 19% in Table

In the cross-section view shown in Figure , the CBH estimates (GETCBH) of single-layer
clouds agree with the CALIOP observation (red Y) reasonably well for all cloud types (Figure

5B, C and D). Most of those CBH estimates have errors less than 1 km. In fact, those CBH
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estimates are successfully characterized as high confidence (black triangles), for both high
and low clouds. Most of the CBH estimates with low confidence (lime green triangles) occur
in two types of clouds: opaque clouds (clouds which are opaque to CALIOP) and multi-layer
clouds. These estimates have low confidence because the problem for multi-layer clouds is
complex and GETCBH is not optimal for opaque clouds. The CBH estimate errors for those
clouds are larger than 2 km with some as large as 12 km for multi-layer clouds.

For opaque clouds with low confidence, for example those over Hurricane Dorian (2019)
in Figure 5(C), the ABI CBH estimates from GETCBH are clustered around 10 km. The
CALIOP CBHs are around 13 km for opaque clouds; these incorrect results are caused by the
opaqueness. These are within the hurricane in a region with strong convection and thus deep
convective clouds. The CBHs are typically within 1 km of the surface (Hence and Houze|
2011). The ABI CBH estimates with large estimate errors are successfully characterized with
low confidence. Outside Hurricane Dorian’s convective zone, CALIOP detects many opaque
high clouds as well. These are mostly outflow cirrus with much higher CBHs than within the
convective zone. The CBH estimates for these high opaque clouds appear to be reasonable
for two reasons: 1) the estimates are comparable to the CALIOP CBHs for some of the
multi-layer clouds around 31°N in Figure [f|C) (to the left of the red vertical line), and 2)
the estimates are lower than the CALIOP opaque CBHs. To the right of the brown vertical
line in Figure[5C), around 38.6°N, there are some opaque/multi-layer clouds estimated with
low confidence. These correspond to the clouds in the outer band of the hurricane to the
west and north of the storm. In Figure (C), to the west of 80°W, between the black dotted
regions of the storm and the clouds in the outer band to west of the storm, there is a half-
ring-shaped region, where the estimated CBH exhibits high confidence, which corresponds
to the hurricane outflow cirrus.

For opaque low clouds with low confidence at 35°S in Figure[5(D), GETCBH overestimates
the CBH by 1-2 km when compared with the CALIOP measurements. However, for the
majority of the CALIOP opaque low clouds in Figure (D), the estimates are characterized
with high confidence, and the estimated CBHs are close to the CALIOP CBHs. Of those
CBH estimates, 71.4% have errors smaller than 0.3 km. This is better seen from the zoom-in

in Figure 6(D). These results show that the CBHs from GETCBH are highly accurate for
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low clouds over oceans with quality flags of high confidence.

In addition, most of the samples marked as CALIOP multi-layer CBH (cyan plus) exhibit
significant overestimates (Figure [fB, C and D). This result is expected because 1) there are
multiple cloud bases and 2) the extinction of signal over a large range. In one of the tests
during the development of the GETCBH model, the RMSE of the CBH model is increased
by 61.0% (from 1.87 km to 3.01 km) after including multi-layer cloud samples (20.6% of
total samples) in both the training and validation datasets. This indicates that the ABI
measurements have limited resolving power of the cloud base information for multi-layer
clouds. Based on these results, multi-layer clouds were excluded in the collocation datasets.

The above analysis indicates that the GETCBH estimated CBHs are reliable with high
confidence for most of the single-layer clouds. Since the training dataset contains only single-
layer clouds with COD < 8.5 that passed the CALIOP QC tests, the estimate becomes less
reliable when applied to single-layer clouds that are optically thick or to multi-layer clouds.

To further study the quality of CBH estimates from ABI observations, the CBH prod-
uct from VIIRS (Seaman et al., 2017; Noh et al., 2017) temporally and spatially collocated
with CALIOP samples is included in Figure [5] and [l Note that both the Joint Polar Satel-
lite System (JPSS)-1 spacecraft and the Suomi National Polar-orbiting Partnership (SNPP)
spacecraft have a VIIRS instrument on board. Only the observations from JPSS-1 are used
in this study because they are closer in time to the CALIOP observations (within 24 minutes
compared to 33 minutes for SNPP).

In Figure [ and [6] the CBH estimates from ABI and VIIRS both appear to have good
accuracy for the high and low non-deep convective single-layer clouds. There are 185 non-
opaque single-layer cloud samples in Figure 5. The RMSE of ABI CBH estimates for those
single-layer clouds is 0.77 km, while the same statistic for VIIRS CBH estimates is 1.82 km.
ABI CBH estimates from GETCBH show higher accuracy for non-opaque single-layer clouds
in this case. This is not surprising since GETCBH is specially trained for such clouds. For
clouds in the deep convective zone in Figure (C), VIIRS CBH estimates are significantly
lower than ABI CBHs. Some are close to the ocean surface, which is reasonable for hurricanes.
VIIRS CBH estimates take direct advantage of the CCL, which is estimated from a NWP

analysis data in regions of deep convection, circumventing their lack of cloud base information
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Figure 6: The zoom-in of the cross-sections along CALIPSO scanning tracks for the low/high cloud case
study. B: High clouds with CBH between 9 and 15 km in Figure 5(B). D: Low clouds with CBH between 0
and 2 km in Figure 5(D).

in deep convective clouds. For multi-layer clouds, both ABI and VIIRS CBH estimates tend
to have overestimates, as in the clouds to the north of 2°N in Figure [5[D). However, the ABI
estimates successfully characterize those with low confidence.

It is interesting that samples around 35°S in Figure (D) have discrepancies between
GETCBH and CALIOP CBHs around 1.5 km. It is likely due to the extremely dry air above
those clouds which is verified by the total column water vapor from the ERA5 dataset (not
shown). The 1.37 ym band is a water vapor absorption band. The reflectance of this band
provides critical cloud phase information. It has the highest PI in GETCBH. The dry air
above those clouds leads to high reflectance of this band, confusing the GETCBH to treat
them as ice clouds and introducing large uncertainty in the CBH estimate. Fortunately, most
of these samples are successfully marked as low confidence by GETQF.

In general, the ABI CBH estimates from GETCBH have high accuracy for single-layer
non-opaque clouds in this case study, whether they are low or high clouds. While opaque and

multi-layer clouds are challenging, GETQF successfully characterizes those CBH estimates
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as low confidence.

4. Conclusions and Discussions

This study introduces ML algorithms to estimate daytime CBH from GOES-16 ABI
Level 1b data, with help from the ERAS reanalysis of temperature and moisture profiles. The
CALIOP measured CBH is used as the label in the training process. A matchup file containing
ABI reflectance and radiances, ERA5 profiles of temperature and relative humidity, as well as
CALIOP cloud base height and cloud phase, is generated, covering 2 years (2018 and 2019).
The split between training and validation datasets is 80% and 20% respectively.

The results show that GETCBH has an RMSE of 1.87 km for the CALIOP validation
dataset. Analyzing the distribution of CBH bias reveals a vertical variation, i.e., under-
estimate for high ice clouds and overestimate for low water clouds. To reduce the vertical
variation of the bias, the CALIOP cloud phase is added as one additional feature in GETCBH.
The RMSE is reduced from 1.87 km to 1.05 km, a significant reduction of 43.9%. The Pear-
son’s r increases from 0.92 to 0.98, while the vertical variation for the bias is reduced by 62%.
These results indicate that the accurate cloud phase information is critically important to
enhance the CBH estimates and significantly mitigates the vertically varied bias.

Feature impacts are analyzed using the permutation importance technique. The results
confirm that accurate cloud phase information has the highest importance for CBH estimates.
In addition, inaccurate or incorrect phase information may significantly degrade the CBH
estimate as well. Such that if the phase information is not accurate enough, it should not be
used as a feature. When there is no accurate cloud phase information, as in GETCBH, the
reflectance of the ABI 1.37 um band radiance becomes the most important feature, because
this band contains significant information about cloud phase. When accurate cloud phase
information is used as a feature, the importance of the 1.37 pm band is significantly reduced.
This is also true for the 2.2 ym band. The background information (RH and temperature
profiles) also plays an important role for CBH estimate.

Both ERA5 and CALIOP phase information are shown to be useful for improving the
CBH estimate. It appears to be reasonable to include ABI L2 products as features to improve

the CBH estimate. Experiments have been carried out to test several ABI L2 products as
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additional features, such as cloud phase, COD, and CTH. And none of the three products
improves the CBH estimate significantly. The RMSE is only reduced by less than 0.01 km
in the best case. This is likely due to the fact that most of the information used for the
ABI L2 phase retrieval is already included in the GETCBH features, especially the ABI L1b
measurements. Adding them as additional features does not add additional useful information
about CBH.

The CBH estimates using GETCBH are evaluated for different CODs. For clouds with
COD from 0.1 to 8.5, the RMSE ranges from 1.28 to 1.80 km, lower than the overall RMSE
of 1.87 km. The CBH estimates of clouds with COD from 1.0 to 3.0 have the smallest RMSE,
likely due to the best balance between cloud signal from the base in ABI measurements and
cloud attenuation in CALIOP CBH. Thinner clouds with reduced cloud signals, or thicker
clouds with strong attenuation, have reduced CBH accuracy.

While the CBH bias/errors are found to be related to COD, cloud phase, and the CBH,
it is difficult to use such information for quality control. GETQF is developed to provide
the confidence level of the CBH estimates for each sample. For the validation dataset, the
high confidence samples (81% of total samples) have a small RMSE of 1.14 km, and CBH
estimates are 96% likely to have errors within + 2 km. The samples with low confidence
(19% of total sample) have an RMSE of 3.58 km, and only 36% of the CBH errors are within
+ 2 km. These results indicate that estimates with low confidence are the main reason for
the overall large RMSE of 1.87 km. For ABI measurements, about 65% of cloudy pixels can
be characterized as high confidence CBH estimates.

The CloudSat-based GETCBH is experimentally built using the 9-month CloudSat 2B-
GEOPROEF-LIDAR product as the label. Compared with GETCBH, the CloudSat-based
GETCBH can be better applied to optically thick clouds with 3.0 < COD < 8.5, and has
larger Pearson’s r than for GETCBH. Like GETCBH, the CBHs of the CloudSat-based
GETCBH have reduced accuracy for both optically thin clouds with COD <0.1 (Pearson’s
r of 0.83) and optically thick clouds with COD > 8.5 (Pearson’s r of 0.81). When there
are enough CloudSat data, the CloudSat-based GETCBH should be used instead of the
GETCBH to provide more accurate CBH estimates for optically thick clouds.

The GETCBH algorithm is applied to Hurricane Dorian (2019). The CBH estimates
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are in line with CALIOP CBHs for most single-layer clouds with discrepancies less than 1
km. Those estimates are successfully characterized as high confidence by GETQF. Even
though some clouds are opaque to CALIOP, the CBH estimates appear to be reasonable
when compared with nearby non-opaque clouds or the surface. The CBH estimates for
deep convective clouds and multi-layer clouds are characterized as low confidence, and are
therefore not included in the training; in addition, the CBH estimates show much larger
estimate errors. In the comparisons between ABI and VIIRS CBHs, the ABI CBH estimates
show a better overall agreement with CALIOP for non-opaque single-layer clouds with an
RMSE of 0.77 km versus 1.82 km for VIIRS.

There are three limitations of the GETCBH algorithms. First, the low confidence CBH
estimates for deep convective clouds and multi-layer clouds have errors that can be more
than 10 km and should be considered failed CBH estimations. For a multi-layer cloud, the
problem is complex with multiple cloud bases and the extinction of signal over a large range.
For deep convective clouds, there is simply little or no information from the cloud base. Both
multi-layer and deep convective clouds are not included in the training dataset. Second, given
the high importance of the 1.37 ym band reflectance, the CBH estimate can be problematic
in some unusual scenarios. The reflectance of the 1.37 ym band is a water vapor absorption
band, which makes it useful for phase determination of ice clouds. The water vapor content
above low water cloud tops, if too little, may cause GETCBH to treat them incorrectly as ice
clouds and introduce large uncertainties to the CBH estimate. Fortunately, GETQF appears
to be able to recognize the confusion and assign low confidence to the CBH estimation in
the Hurricane Dorian case demonstration. Third, the ERA5 data is useful in improving the
CBH estimate accuracy, but they are not available in real-time or near real-time (NRT). If
the GBRT based CBH estimation algorithm is to be run in NRT, the ERA5 data must be
replaced with other NWP short-range forecast data that is available in real-time. A new
NRT GBRT CBH model needs to be trained. That will likely result in a decrease in the
performance of the CBH estimate because of reduced accuracy of NWP data.

In summary, the methodology developed in this study can be applied to geostationary
advanced imager measurements for deriving a daytime CBH product with high spatial and

temporal resolution. It is limited to single-layer clouds with optical thickness not too thick.

37



832

833

834

835

836

837

838

839

840

841

842

843

844

845

846

847

848

849

850

851

852

853

854

855

856

857

For Climate Data Record (CDR) generation, ERA5 and imager radiances can be used to-
gether as input; while for NRT CBH generation, the NWP short-range forecast data and the
imager radiances can be used together as features to build an NRT GETCBH. More represen-

tative training sets are beneficial to estimate CBH product in NRT for various applications.
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Figure 1. (A): Probability density scatter plot of CBH from CALIOP and GETCBH
ws with the CALIOP CBH validation set. The color-bar shows the probability density, and

9

©
«

s three green dash lines illustrate an error of -2, 0 and 2 km. (B): The CBH histograms binned
ws at 0.5 km from CALIOP (red) and GETCBH (blue). (C): The MBE of the CBH estimate
o7 from GETCBH (green solid line), the phase-enhanced GETCBH (orange dashed line) and
s high confidence samples (black dotted line) of the GETCBH experiment as a function of
w0 CALIOP CBH (binned at 0.5 km interval). Only intervals with sample sizes larger than 50
oo are shown. (D): Similar to (B), but for the distribution of the CloudSat CBH validation set.
wa  Figures are plotted using the validation datasets.

1002 Figure 2. Permutation importance for (A) GETCBH and (B) the phase-enhanced GETCBH
w3 with the CALIOP CBH validation dataset. Whiskers represent the minimum and maximum
wi  of 10 times permutation, while the boxes (may be too narrow to be discerned) and orange
wos  line mean 25% and 75% quantiles and medium.

1006 Figure 3. Sample density on reflectance of 1.37 and 2.2 ym bands. The red solid contour
wor  lines are for liquid phase samples and blue ones for ice phase. The black dashed contour lines
wos  stand for the samples with unknown phase.

1000 Figure 4. Hurricane Dorian and low/high cloud case study on Sep. 5th, 2019. A: ABI
wio  Natural True Color imagery at 18:40:12 UTC. The blue and orange lines show the CALIOP
w1 scanning tracks with the start time and direction in the right-side legends. Panels B, C and
w2 D show the CBH estimated by the GETCBH corresponding to regions 1, 2 and 3 in panel A.
w3 The ABI observation start-time of panels B and C is 18:40:12 UTC and that of panel D is
w4 20:00:12 UTC. The clear sky regions are determined by the ABI L2 Clear Sky Mask product
s and shown in white color. The regions shadowed with black dots show CBH estimates with
w6 low confidence. The blue and orange dot lines show the CALIOP track. The red and brown
w17 lines indicate the extent of Hurricane Dorian in panel C as determined by the CALIOP CBH
s products and quality flags. It is worth noting that cloud patterns in panel D are slightly
w0 different from those in panel A due to the time difference.

1020 Figure 5. The cross-sections along CALIOP scanning tracks for Hurricane Dorian and
w2 low/high cloud case study. B, C and D: The cross-sections refer to the blue and orange

102 dot lines in Figure 4(B), (C) and (D), respectively. The red and brown lines representing
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convective region in panel C are also marked in Figure 4(A) and (C). The purple line rep-
resents CTH estimates and the grey cross, cyan plus and red Y markers are opaque CBH
(the lowest cloud feature detected from the cloud opaque to CALIOP), multi-layer CBH, and
single-layer CBH from CALIOP observations, respectively. Note that the opaque cloud can
be either single- or multi-layer cloud. The black (lime green) triangle marker is the GETCBH
estimated CBH with high confidence (low confidence). The brown bar marker is the valid
CBH (invalid VIIRS CBHs are excluded) estimated from VIIRS observations.

Figure 6. The zoom-in of the cross-sections along CALIPSO scanning tracks for the
low /high cloud case study. B: High clouds with CBH between 9 and 15 km in Figure 5(B).
D: Low clouds with CBH between 0 and 2 km in Figure 5(D).
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