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ABSTRACT

Cloud-top height (CTH) and cloud-top temperature (CTT) retrieved from the Himawari-8 observations

are evaluated using the active shipborne radar–lidar observations derived from the 31-day Clouds, Aerosols,

Precipitation Radiation and Atmospheric Composition over the Southern Ocean (CAPRICORN) experi-

ment in 2016 and 1-yr observations from the spaceborne Cloud–Aerosol Lidar with Orthogonal Polarization

(CALIOP) cloud product over a large sector of the Southern Ocean. The results show that the Himawari-8

CTH (CTT) retrievals agree reasonably well with both the shipborne estimates, with a correlation coefficient

of 0.837 (0.820), a mean bias error of 0.226 km (22.5268C), and an RMSE of 1.684 km (10.0698C). In the

comparison with CALIOP, the corresponding quantities are found to be 0.786 (0.480),20.570 km (1.3438C),
and 2.297 km (25.1768C). TheHimawari-8CTH (CTT) generally falls between the physical CTHs observed by

CALIOP and the shipborne radar–lidar estimates. However, major systematic biases are also identified.

These errors include (i) a low (warm) bias in CTH (CTT) for warm liquid cloud type, (ii) a cold bias in CTT for

supercooled liquid water cloud type, (iii) a lack of CTH at ;3 km that does not have a corresponding gap in

CTT, (iv) a tendency of misclassifying some low-/mid-top clouds as cirrus and overlap cloud types, and (v) a

saturation of CTH (CTT) around 10 km (2408C), particularly for cirrus and overlap cloud types. Various

challenges that underpin these biases are also explored, including the potential of parallax bias, low-level

inversion, and cloud heterogeneity.

1. Introduction

Large biases in the radiation budget over the Southern

Ocean (SO) continue to exist in both climatemodels and

reanalysis products, which are attributed to a poor un-

derstanding of clouds and precipitation in this region

(Trenberth and Fasullo 2010; Grise et al. 2015). Due to

the remote nature of the SO, satellite-derived products

are crucial for understanding of the SO climate system,

and for the evaluation and continued improvement of

global models. The polar-orbiting A-Train constellation

(Stephens et al. 2002), in particular, has underpinned

much of our current understanding of cloud, aerosol,

precipitation, and radiation research over this region

(e.g., Bennartz 2007; Hu et al. 2010; Huang et al. 2012a,b,

2015, 2016), not only due to their global coverage but also

to the vertical profiling capacity of CloudSat and the

Cloud–Aerosol Lidar and Infrared Pathfinder Satellite

Observation (CALIPSO). Despite these advances, a

known limitation of polar-orbiting satellites is that they

can only scan the same area twice a day (except for polar

regions) and usually at the same local times. Thus, they

are unable to monitor the temporal evolution and con-

tribute to nowcasting of fast developing severe weather

events and rapidly evolving convective storms.

The advent of the Himawari-8 geostationary satellite

represented a major revolution in spaceborne weather

monitoring capacities over the Asia–Oceania region,Corresponding author: Yi Huang, yi.huang4@unimelb.edu.au
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including a large portion of the SO. Launched by the

Japanese Meteorological Agency and becoming op-

erational in July 2015, this next-generation satellite

provides a significant increase in the spatial (2–5 km)

and temporal (10min) resolution of imagery. With the

Advanced Himawari Imager (AHI) aboard, the unprec-

edented number of channels of Himawari allows for

aerosol and cloud retrievals that are in principle more

accurate than those from other geostationary satellite.

The essentially continuous nature of Himawari-8 ob-

servations makes the data ideal for investigating the

temporal and spatial variability of evolving weather

systems within its field of view (FOV). These observa-

tions also present significant benefits for process-oriented

model evaluation and climate studies.

Among the retrieved cloud properties, an accurate

representation of cloud-top height (CTH) and cloud-top

temperature (CTT) is critical for determining the

impact of clouds on Earth’s radiation budget. From a

passive remote sensing perspective, three basic ap-

proaches have commonly been used to retrieve

CTH/CTT (Hamann et al. 2014, and references therein).

The first approach is the so-called ‘‘radiance fitting’’

method. This method utilizes a radiative transfer model

to calculate the radiance at the top of the atmosphere,

given an atmospheric temperature and humidity pro-

file as well as the assumed (or explicitly derived) cloud

cover and spectral cloud emissivity (e. g., Roebeling

et al. 2006). This method is known to overestimate

(underestimate) CTT (CTH) if the FOV is partially cloud

filled or contains optically thin clouds. The second

method is the optimal estimation (OE) method (e.g.,

Rodgers 2000). The basic principle of the OE method is

to maximize the probability of the retrieved state,

conditional on the value of the measurements and

any a priori knowledge. Essential outputs of the OE

method are a measure of the model fit to the obser-

vations via a cost function. The third approach is

named the ‘‘radiance ratioing’’ (also named split

window or CO2 slicing) method (e.g., Chahine 1974).

The method relies on the strong temperature sensi-

tivity of the channels within the broad 15-mmCO2

absorption band. The technique is based on the at-

mosphere becoming more opaque resulting from CO2

absorption as the wavelength increases from 13.3 to

15mm, thereby causing radiances obtained from these

spectral bands to be sensitive to a different layer in the

atmosphere. This algorithm is found to overcome some

deficiencies of the radiance fitting method in partially

cloudy and semitransparent cloud regimes (e.g., Menzel

et al. 2008).

Despite the significant progress that has been achieved

over the past decades, some challenges remain in

the interpretation of the measured radiance. Major

bottleneck issues most relevant to CTH/CTT include

(but are not limited to) 1) the retrieval problem is not

fully constrained by observations—dominant informa-

tion originates from the cloud top thus it may not rep-

resent the complex structure of entire cloud layer/layers;

2) temperature inversions—the monotonic relationship

between temperature and height/pressure is no longer

valid so the conversion can be ambiguous; 3) limited

vertical resolution of the assumed atmospheric tem-

perature profiles that is needed to accurately represent

the temperature inversion. As a result, large uncer-

tainties remain in the retrievals for broken clouds, thin

cirrus layers and multilayer clouds (e.g., Hamann et al.

2014). Comparison and validation studies are much

needed to appreciate the strengths and limitations of

algorithms and their retrieval products over different

geographical regions.

In addition to the abovementioned issues, specific

challenges are presented by the SO region itself. Op-

erational networks and in situ reference measurements

that can be used to evaluate satellite retrievals are ex-

tremely sparse over this region. The SO features some of

the most extreme conditions in the world (e.g., pristine

air mass, strong winds, higher frequency of sea spray),

making the accuracy of many retrieval products poten-

tially questionable.

In recent years, several observational programs have

been taking place over the SO in response to the need

to better understand processes and interaction be-

tween clouds, aerosols, and radiation over this region.

The Clouds, Aerosols, Precipitation, Radiation and

Atmospheric Composition over the Southern Ocean

(CAPRICORN) experiment, led by the Australian

Bureau of Meteorology (BoM), is one of these efforts

(Mace and Protat 2018a). The CAPRICORN-2016

(Phase I) experiment was conducted with the Australian

Marine National Facility (MNF) Research Vessel

(R/V) Investigator from 14 March to 16 April 2016. The

Investigator was equipped with a suite of state-of-the-

art active and passive instruments, making a compre-

hensive set of measurements including the first-ever

concurrent observations on cloud and precipitation with

a 95-GHz stabilized cloud radar, a cloud and aerosol

backscatter lidar, a micro rain radar, and a microwave ra-

diometer, over the lower latitudes of the Australian

sector of the Southern Ocean (428–538S, 1408–1528E).
Despite the relatively short sampling period, the ob-

servations collected during the cruise provide a unique

opportunity to evaluate cloud retrieval products from

Himawari-8 and other spaceborne platforms. These

shipborne observations are particularly skillful in de-

tecting low clouds, especially those lying within the
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lowest 1 km, which is challenging for active spaceborne

sensors.

While useful as ‘‘ground truth,’’ it is important to note

that potential biases can be caused by the different

sensitivities of the shipborne sensors and viewing ge-

ometry (from ground up). The received power by the

cloud radar or lidar is affected by the particle size ob-

served such that the radar is sensitive to large particles

and the lidar is sensitive to small particles. Also, ex-

tinction due to clouds at lidar wavelengths is greater

than extinction for the radar. Therefore, these shipborne

sensors have difficulties in detecting thin ice clouds in

multilayer situations with low clouds (lidar fully at-

tenuated and cloud radar not sensitive enough due to

thin cirrus optical depth, distance from ground, and

attenuation through the low clouds) and cloud tops

heights in precipitating profiles (lidar extinguished and

cloud radar attenuated, therefore underestimating

cloud-top height). To mitigate potential biases of the

shipborne measurements in the comparisons, a space-

borne reference dataset is also used in our study. The

Cloud–Aerosol Lidar with Orthogonal Polarization

(CALIOP) on CALIPSO is arguably the spaceborne

sensor most sensitive to the presence of clouds in the

atmosphere, thus having the potential for establish-

ing a firm understanding of the cloud detection limit

for cloud retrieval methods based on other space-

borne platforms.

The aim of this study is to evaluate cloud-top

height and cloud-top temperature retrievals from

Himawari-8 satellite using shipborne measurements

from CAPRICORN and other spaceborne products.

Microphysical and optical properties will be exam-

ined in a second paper.

2. Data and methodology

a. Himawari-8 cloud products

The Himawari-8 cloud-top height and cloud-top

temperature (hereafter CTH and CTT) retrievals eval-

uated in this study are provided by the BoM using

the Advanced Baseline Imager (ABI) Cloud Height

Algorithm (ACHA; Heidinger 2011)—an algorithm

originally developed at the National Oceanic and

Atmospheric Administration (NOAA) for the ABI

aboard the Geostationary Operational Environmen-

tal Satellite-R series (now named GOES-16). The

ACHA represents a merger of current operational

CTH algorithms run by the National Environmental

Satellite, Data, and Information Service on the Polar

Orbiting Environmental Satellite (POES) and GOES

imagers. Unlike the GOES-NOP imager or the POES

imager that have fewer channels, theAHI onHimawari-8

provides the 13.3-mm CO2 absorption channel coupled

with multiple longwave infrared (IR) windows (10.4,

11.2, and 12.4mm), allowing an opportunity to combine

the sensitivity to CTH from the CO2 channel with the

sensitivity to cloud microphysics from the window

channels. Taking advantage of the multichannel in-

formation provided by the AHI (as for the ABI on

GOES-16), the ACHA applies a CO2/split-window

approach to derive CTH information simultaneously

with cloud microphysics information, which avoids

making assumptions on cloud microphysics for re-

trieving CTH. For Himawari-8, CTH and CTT are re-

trieved at a spatial resolution of 2 km and a temporal

resolution of 10min. The retrieval of CTH also re-

quires interpolated environmental variables, such as

temperature and water vapor profiles, which are de-

rived from a limited area model of the Australian

Community Climate and Earth-System Simulator

(ACCESS) operational numerical weather pre-

diction (NWP) system used by the BoM (Puri et al.

2013). Other required variables that are not available

from ACCESS (ozone, total precipitable water, etc.)

are derived from the Global Forecast System (GFS)

produced by the National Centers for Environmental

Prediction (NCEP).

In addition to evaluating CTH and CTT, theHimawari-8

cloud type product (Pavolonis 2010) derived from

four AHI infrared channels (7.3, 8.6, 11.2, and

12.4mm) is also employed to help understand the or-

igin of retrieval biases. In lieu of brightness temper-

ature differences, the cloud type algorithm makes

use of the effective absorption optical depth ratios to

perform the spectral tests and make classifications

of nine cloud types: FOG, warm liquid water cloud

(WL), supercooled liquid water (SLW), mixed phase

(MIXED), opaque ice (ICE), CIRRUS (e.g., semi-

transparent ice clouds), OVERLAP (with semi-

transparent upper layer), OVERSHOOTING, and

uncertain (UN).

As a general rule, the radiances observed by a

passive imager such as AHI are linearly weighted

averages of the layers within the vertical temperature

profile of the atmosphere. Therefore, the contribu-

tion of each layer of the atmosphere to the observed

radiance can be described by a weighting function for

each channel, which varies with the viewing angle and

atmospheric state. As such, the CTH retrievals from

these radiances are expected to be generally lower

and warmer than the physical CTH that is measured

by active spaceborne sensors, such as CALIPSO

(e.g., Sherwood et al. 2004; Minnis et al. 2008;

Stubenrauch et al. 2010; Taylor et al. 2017). In addi-

tion, passive imagers are known to be less sensitive to
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FIG. 1. An example ofHimawari-8 cloud property retrievals with shipborne radar–lidar retrieved cloud properties for 22

Mar 2016 duringCAPRICORN. (a)Himawari-8 cloud-top height at 1200UTC 22Mar 2016; (b) as in (a), but for cloud-top

temperature; (c) as in (a), but for cloud phase; (d) as in (a), but for cloud type; (e) 24-h time series of shipborne radar–lidar

vertical cloud mask overlaid with ERA-Interim temperature and collocated Himawari-8 cloud top heights shown by

the asterisks; (f) as in (e) but for cloud cover type; and (g) 24-h time series of collocatedHimawari-8 cloud optical depth.

The magenta dots in (a)–(d) indicate the ship location at the time of the observations. Black asterisks in (e) and (f) indicate the

collocated Himawari-8 cloud-top heights that are filtered out by the criteria.
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optically thin clouds or cloud layers, such as cirrus

clouds.

b. The CAPRICORN dataset

The CAPRICORN-2016 experiment was conducted

over the SO from 14 March to 15 April 2016. The ship

traversed a large area of the SO, making observations

between 1408 and 1528E and between 428 and 538S.
During the 31-day cruise, a wide variety of meteoro-

logical conditions were met, including 10 cold or warm

fronts and extratropical cyclones.

Detailed information and instrumentation deployed

for the ship experiment is available in Mace and Protat

(2018a,b). The shipborne cloud radar is a 95-GHz low-

cost Frequency Modulation-Continuous Wave Doppler

cloud radar (Delanoë et al. 2016), which was operated

at a temporal resolution of 12 s and four vertical res-

olutions (12.5, 25, 100, and 200m). The maximum al-

titude of the observation was 12 km and the minimum

detectable radar reflectivity factor (dBZe) was

;255 dBZe at 1 km (Delanoë et al. 2016). The lidar

is a cloud–aerosol Leosphere RMAN-511 mini-

Raman lidar operating at 355 nm, which has a vertical

resolution of 15m and temporal resolution of 35 s

(Royer et al. 2014). A radar–lidar merged product is

also produced where spatiotemporal averaged hy-

drometeor features detected by the radar and lidar

are combined in a common grid. This merged product

outputs the retrievals at 480 vertical layers with a

vertical resolution of 25m. The minimum and maxi-

mum heights are 50m and 12 km, respectively, and the

time resolution is 1min. To optimize cloud detection,

any pixel in which a hydrometeor feature is detected

by either of the instruments is recognized to be a

cloudy pixel. At least two consecutive cloudy pixels

are required to define a cloud layer, and a gap of at

least 200m is required to identify distinct layers. A

cloud cover type (an example is shown in Fig. 1f) has

been assigned to each profile from CAPRICORN

using the lidar–radar merged cloud mask, Doppler

velocity from the cloud radar, ship disdrometer pre-

cipitation, and ERA-Interim (Dee et al. 2011) tem-

perature profiles interpolated to the cloud mask

resolution. The first step is to detect the cloud tops

and cloud bases for each layer of the cloud pro-

file using the cloud mask. The heights of the

08, 2208, and 2388C isotherms (H08C, H2208C, and

H2388C, respectively) are determined using the ERA-

Interim temperature profiles. Six cloud cover types

are defined: (i) Precipitation, (ii) Low, (iii) Low1Mid,

(iv) Low1Mid1High, (v) Mid1High, and (vi) Mul-

tilayer. The following rules are used for each type of

cloud cover:

1) If the Doppler velocity averaged between the first

cloud radar range bin and H08C is lower than

22.5m s21, or if precipitation is detected by the

disdrometer, the profile is classified as ‘‘Precipita-

tion’’; this classification supersedes the others.

2) If the profile is not a Precipitation profile and only

has a single cloud layer, it is classified as
d ‘‘Low’’ if the cloud base is below H08C and the

cloud top is below H2208C,
d ‘‘Low1Mid’’ if the cloud base is below H08C and

the cloud top is between H2208C and H2388C,
d ‘‘Low1Mid1High’’ if the cloud base is belowH08C
and the cloud top is above H2388C, or

d ‘‘Mid1High’’ if the cloud base is above H08C
(note that this category includes profiles with high

clouds only).

3) If the profile is not a Precipitation profile and has

more than one cloud layer, it is classified as
d ‘‘Low’’ if the lowest cloud base is below H08C and

the highest cloud top is below H2208C, or
d ‘‘Mid1High’’ if the lowest cloud base is above

H08C (note that this category includes rare occa-

sions of profiles with multiple high cloud layers).

4) ‘‘Multilayer’’ for all other multilayer situations. The

largest contributor in this category over the Southern

Ocean is when there is a low cloud layerand a detached

midtropospheric or upper-tropospheric cloud layer.

These situations were identified as very challenging

in terms of cloud–radiation interactions in models

(Protat et al. 2017).

In this study, the CTH is defined as the altitude of the

highest pixel that is characterized as cloud in the merged

radar–lidar mask. Accordingly, the interpolated ERA-

Interim temperature at that cloud top is considered as

the ship-based estimate of CTT.

c. CALIPSO cloud products

CALIPSO (Winker et al. 2006) carries CALIOP,

a nadir-viewing two-wavelength (532 and 1064 nm)

polarization-sensitive lidar (Liu et al. 2009). CTH is

observed by CALIOP with a vertical resolution of be-

tween 30m (between the surface and 8.2 km) and 60m

(from 8.2 to 20.2 km). The CALIOP dataset used in this

study is the level-2, 1-km cloud layer, validated stage

1 version 3 product. Due to the high sensitivity of the

lidar to optically thin clouds, CALIOP is capable of

detecting cloud layers with an optical thickness of 0.01

(McGill et al. 2007; Vaughan et al. 2009), hence it is able

to provide accurate estimates of the physical bound-

ary of CTH, even for subvisible clouds. Once the CTH

is determined, CTT is estimated using the Goddard

Earth Observing System Model version 5 (GEOS-5)
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product provided to the CALIPSO project by the

Global Modeling and Assimilation Office Data Assimi-

lation System (Rienecker et al. 2008). The GEOS-5

model only has a 0.6258 longitude 3 0.58 latitude grid

resolution, and 42 vertical levels, which are much

coarser than the spatial resolution of CALIOP itself.

As such, the conversion from CTH to CTT may in-

troduce potential uncertainties in the CALIOP CTT

estimates.

One year (2016) of CALIOP observations over a large

domain of the south Indian Ocean and South Pacific

Ocean (438–608S, 1358–1608E) are employed for com-

parison with the Himawari-8 products. This domain—

rather than an extensive SO sector—was chosen be-

cause the selected region covers the area sampled by

the CAPRICORN experiment, hence representing the

typical meteorology and cloud regimes within this re-

gion. The 1-yr CALIOP data collected over this region

also provide sufficient samples to allow for a better

appreciation of the representativeness of the 31-day

CAPRICORN observations, which now start to be used

for characterizing the nature of the SO clouds (e.g.,

Mace and Protat 2018a,b).

3. Data collocation, averaging, and filtering

a. Data collocation for Himawari-8 and
CAPRICORN observations

Given that the shipborne andHimawari-8 observations

have different spatiotemporal resolutions, appropriate

averaging is needed to account for sampling differences

between the two datasets. In addition, being known as

the ‘‘Roaring Forties,’’ the strong westerly winds of the

SO storm track can lead to the fast propagation of the

cloud systems eastward, thus any ‘‘downwind effect’’

needs be properly accounted for. Tominimize the errors

caused by these issues, a number of spatiotemporal av-

eraging methods have been recommended in the liter-

ature, involving the use of various space–time windows

that depend on the nature of the satellites and products

used and the meteorology over the studied regions (e.g.,

Roebeling et al. 2008; Wolters et al. 2008; Protat et al.

2017). Following the literature, a space–time averaging

method is also used in this study, with the assumption

that the space–time conversion is sufficient to repre-

sent the cloud properties from the corresponding sat-

ellite pixel(s).

To take advantage of the high spatiotemporal res-

olution of Himawari-8 and to minimize the effects of

broken cloud fields or mismatch in cloud detection be-

tween the satellite and ship-based observations, collo-

cation is performed by taking the satellite data from

9 (3 3 3) pixels nearest to the averaged ship location,

corresponding to a square sample area of ;36 km2

(6 km3 6 km). The 10-m airflow during the cruise was

dominated by westerlies with an average wind speed

of;10m s21, which corresponds to a distance (period)

of ;6 km (10min). Thus, a 10-min track length of the

westerly flow is comparable to the length of the nomi-

nated satellite sample area. Based upon this, we averaged

the ship observations over a 10-min temporal collocation

window. In so doing, the downwind effect is implicitly

accounted for. To test the sensitivity of the results to the

space–time window size, a few other collocation criteria

have also been examined, including changing the num-

ber of collocated pixels (i.e.,Himawari-8 sample area) to

1 (1 3 1) and 25 (5 3 5). It is found that the results with

the alternative sampling areas (not shown) are qualita-

tively similar to that from the chosen sampling area. The

multipixel criteria also produce robust statistics with a

desirable sample size. If only one single nearest pixel is

used, the sample size for the matched Himawari-8 CTH

is reduced by 43.8% due to a large number of clear or

partly cloudy pixels being retrieved. This becomes prob-

lematic when cloud optical properties are examined,

which are only available for daytime observations in

the current products.

We note that a parallax correction is currently not

performed on the operational version of theHimawari-8

cloud products disseminated by the BoM. An attempt to

assess the impact of any potential parallax bias on the

error statistics is made in section 5, along with discus-

sions on implications.

b. Data collocation for Himawari-8 and CALIPSO
observations

Compared to the space–time collocation between the

shipborne andHimawari-8 observations, the collocation

betweenHimawari-8 and CALIOP datasets is relatively

more straightforward. Given their comparable spatial

resolutions, the coincident observations are identified

simply by searching for the nearestHimawari-8 pixel for

each CALIOP data point along the CALIOP ground

track with a maximum time difference of 5min. Like

other passive sensors, AHI’s detection efficiency is ex-

pected to decrease at low optical thickness. Some pre-

vious studies on evaluating passive spaceborne sensors

with CALIOP excluded clouds with small cloud optical

thickness (COT) in the range of 0.1–1 as retrieved by

CALIOP (e.g., Stubenrauch et al. 2010; Benas et al.

2017; Kniffka et al. 2013; Taylor et al. 2017), while others

have not (e.g., Reuter et al. 2009). This is due, in part,

to the nature of different products produced at various

resolutions, different time–space collocation criteria,

and different application needs, although in theory,

the detection limit for passive imagers is estimated to
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be 0.1–0.3 depending on the algorithm (Hamann et al.

2014). In our study, no filtering is applied to the COT

when the broad statistics are calculated (we further

note that COT is not available in the 1-km CALIOP

product). We will revisit this issue when the compar-

ison is performed as a function of Himawari-8 COT

(section 5d), using daytime observations only.

c. Filtering aspects

Complicated cloud fields (e.g., large cloud inhomo-

geneity, multilayer clouds, and broken cloudiness) are

common over the SO storm-track region (Mace et al.

2009). These cloud fields are characterized by high

spatiotemporal variability and sharp physical bound-

aries, whichmake the evaluation difficult when the point

measurements from the ship are compared against the

spaceborne observations over an area (e.g., Illingworth

et al. 2007; Bouniol et al. 2010). To minimize the sam-

pling biases caused by the nature of the cloud field, a

further step is undertaken where some filtering is per-

formed prior to the analysis. By doing so, it is expected

that only cloud fields with relatively high homogeneity

(except for subpixel heterogeneity) are used for the com-

parison so that only systematic differences (if any) be-

tween the datasets will stand out. These filtering criteria

include the following:

1) A 40-min moving window is run through the ship-

borne 10-min average CTH time series to remove

cloud edges from the analysis. If a sharp step change

is present, which is determined by the maximum

difference between the center data point and the two

consecutive points on either side of the center data

point exceeding 2 km, the center data point is then

considered to be too close to cloud edges and is not

used for further analysis. The same rule is also ap-

plied to the CTT time series except that 128C is used

as the threshold value. Additional analysis has also

been performed to test the sensitivity of the results

to the size of the moving window (e.g., 60min with

seven data points) and the threshold values (e.g.,

4 km for CTH and 188C for CTT). The findings are

qualitatively similar and do not change the overall

conclusions of this study.

2) A cloud type consistency check is required for the

collocated nine pixels of the Himawari-8 field. If the

maximum number of pixels of the same ‘‘cloud type’’

is less than five (i.e., an area fraction of the same

cloud type is less than 55%), then the observed cloud

field is considered to be highly inhomogeneous and

the corresponding average CTH/CTT value is not

used for further analysis. As a further check, statistics

have been performed with and without this criterion.

Results suggest that using the homogeneity constraint

is necessary for mitigating the impact resulting

from the complexity of the observed cloud field

(i.e., nonsystematic biases). Note, however, that un-

certainties introduced by surface contamination that

originates from any clear sky pixels within the nine-

pixel area cannot be completely ruled out.

3) For the 10-min average CTH/CTT time series, if either

of the datasets records clear sky or missing values,

then the paired data point is also discarded for

further analysis.

After the filtering, the total valid (not clear ormissing)

sample size is reduced by ;19% (Tables 1 and 2). The

performance of theHimawari-8CTH and CTT retrievals

ismore stable than the nonfiltered results, asmeasured by

various statistics in Tables 1 and 2. Therefore, the rest of

this paper will focus on the analysis using the filtered data

only, noting, however, that results from the nonfiltered

data are qualitatively similar.

4. Results

An example showing a 24-h time series of the cloud-

mask and cloud cover type from the shipborne radar–

lidar merged product and the collocated Himawari-8

CTHs are shown in Figs. 1e and 1f. This example

TABLE 1. CAPRICORN vsHimawari-8 CTH. Note that in the filtered results the percentages of individual cloud types do not sum up to

100% due to the removal of additional pixels as a result of individual filtering.

Nonfiltered Filtered

Counts (%) r Bias RMSE s Counts (%) r Bias RMSE s

All 3697 (100%) 0.751 0.257 2.118 4.486 3003 (100%) 0.837 0.226 1.684 2.835

All-Cirrus-Overlap 2650 (71.9%) 0.826 0.127 1.575 2.482 2248 (77.0%) 0.912 0.006 1.095 1.200

WL 997 (27.8%) 0.181 20.683 1.736 3.016 790 (31.2%) 0.111 20.324 1.050 1.103

SLW 869 (23.2%) 0.426 0.056 1.252 1.570 721 (25.4%) 0.665 0.205 0.860 0.741

Mixed 374 (10.0%) 0.745 0.204 1.569 2.469 215 (9.7%) 0.933 0.599 0.839 0.708

Ice 410 (10.9%) 0.742 0.535 1.332 1.777 303 (10.7%) 0.833 0.302 0.898 0.809

Cirrus 504 (13.4%) 0.349 0.847 2.803 7.872 249 (10.3%) 0.433 0.252 2.627 6.933

Overlap 478 (14.7%) 0.077 1.913 2.694 7.274 252 (10.9%) 20.003 1.778 2.660 7.106

DECEMBER 2019 HUANG ET AL . 2333

D
ow

nloaded from
 http://journals.am

etsoc.org/jtech/article-pdf/36/12/2327/4872009/jtech-d-18-0231_1.pdf by guest on 27 July 2020



captures a variety of clouds including a passage of a

frontal cloud band that can be seen in theHimawari-8

CTH (Fig. 1a) and CTT (Fig. 1b) images as well as the

cloud-top thermodynamic phase (Fig. 1c) and cloud type

(Fig. 1d) at 1200 UTC 22 March. Prior to the frontal

passage, the observations recorded an extensive field of

high-level clouds (ice and/or mixed phase) occasionally

lying over some warm boundary layer clouds. Overall,

the collocated Himawari-8 CTHs are in a good agree-

ment with the CTHs determined by the shipborne cloud-

mask profiles (Fig. 1e), especially on some of the uniform

boundary layer clouds (0000–0200 UTC) and nonfrontal

clouds with moderate geometric thickness. Discrepancies

are noted for the frontal precipitating clouds (around

1700–2000 UTC), where the Himawari-8 CTHs are 1–

2 km higher than the shipborne counterparts. Given the

good agreement in the surrounding areas, these discrep-

ancies may largely be attributed to the strong attenuation

of the radar signals through heavy precipitation and the

full attenuation of the lidar signal through low-level liquid

clouds, resulting in a low bias in the shipborne CTHs

estimates. Large discrepancies are also noted in the

vicinity of the prefrontal high cloud anvil that was ob-

served by Himawari-8 but not the shipborne measure-

ments (around 0200–0400 UTC). The Himawari-8 cloud

type retrievals also suggest an overlapping scenario for

these clouds (not shown), which is not identified by the

shipborne sensors. Unlike the frontal cloud scene, only

shallow low clouds are detected by the ship in this in-

stance. Given that similar shallow low clouds with

overlying clouds are also observed by the ship around

0400–0600, it is unlikely that the lack of overlying

clouds around 0200–0400 UTC is due to the limitation

of the shipborne active sensors (i.e., lidar extinction

and radar attenuation). Another discrepancy is noted

in the period 0600–0700 UTC, where the radar-only

CTHs are much higher than theHimawari-8 counterpart.

Last, some discrepancy is noticed for some thin layers of

supercooled liquid water clouds that were only picked

up by the lidar (around 0800–0900 UTC). Instead, the

Himawari-8 cloud type indicates cirrus clouds and

features a high bias in CTHs.

a. Evaluation of all clouds

Figure 2a shows the scatterplots of the frequency

distribution of CTHs derived from the shipborne and

Himawari-8 datasets. The diagram also reveals the

general statistics of the CTHs sampled during the cruise.

Overall, the results suggest a good consistency between

the radar–lidar and Himawari-8 CTHs, with a correla-

tion coefficient of 0.837, a mean bias error of 0.226 km,

and a root-mean-square error (RMSE) of 1.684 km

(Table 1). According to the ship observations, low

clouds with CTHs less than 3km dominate the statistics,

presenting 65% of the time. Mid-top clouds with CTHs

in the range of 3–6 km are less frequent (14%), whereas

high-top clouds (CTHs . 6 km) were observed 21% of

the time.Despite the overall good agreement,Himawari-8

observed a fraction of mid- to high-top clouds (;9%)

that are categorized as low clouds by the ship mea-

surements. Also, there appears to be a lack of CTHs at

;3 km in the Himawari-8 product.

Figure 2c shows the scatterplots for CTHs derived

from the CALIOP and Himawari-8 datasets. Despite

the wider spread of the frequency distributions, the 1-yr

CALIOP-Himawari-8 comparison shows that low-top

clouds (CTHs, 3km) dominate the climatology (;42%),

qualitatively similar to Fig. 2a. Mid-top clouds between

3 and 6 km becomemore common, presenting;20% of

the time, whereas high-top clouds (CTHs. 6 km) were

observed ;38% of the time. The difference between

these statistics suggests that CAPRICORN may have

under sampled the mid- and high-top clouds compared

to the CALIOP observations over a longer period and a

more extended geographical region of the SO. Another

possibility is the sensitivity issue between two viewing

geometries. Once again, the lack of CTHs at ;3 km in

the Himawari-8 product, as noted in Fig. 2a, is present

in the comparison with CALIOP, confirming the ro-

bustness of this error. Overall, there appears to be a

TABLE 2. CAPRICORN vs Himawari-8 CTT.

Nonfiltered Filtered

Counts (%) r Bias RMSE s Counts (%) r Bias RMSE s

All 3697 (100%) 0.731 22.472 12.616 159.211 2974 (100%) 0.820 22.526 10.069 101.413

All-Cirrus-Overlap 2650 (71.9%) 0.816 20.718 9.497 90.230 2249 (77.2%) 0.903 21.611 6.544 42.845

WL 997 (27.8%) 0.200 3.294 10.601 112.502 789 (30.9%) 0.171 1.029 6.301 39.751

SLW 869 (23.2%) 0.506 23.402 6.522 42.582 735 (25.9%) 0.802 24.446 3.351 11.247

Mixed 374 (10.0%) 0.642 22.120 9.039 81.921 225 (10.1%) 0.834 24.209 5.311 28.332

Ice 410 (10.9%) 0.361 23.504 9.002 81.230 289 (10.3%) 0.507 21.650 6.266 39.396

Cirrus 504 (13.4%) 0.201 24.017 17.075 292.129 238 (10.6%) 0.212 21.092 16.723 280.84

Overlap 478 (14.7%) 0.116 211.295 16.595 275.973 253 (10.5%) 0.142 211.173 16.466 272.29
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mean low bias of 20.570km (Table 3, most obvious for

CTH . 6 km), meaning that the Himawari-8 CTHs are

on average falling between the physical CTHs observed

by CALIOP and the shipborne radar–lidar estimates

(Table 1), which is somewhat expected from the high cloud

detection issues from the ship in multilayer situations.

The same analysis is also performed for CTTs, as shown

in Figs. 2b and 2d for the comparisons with CAPRICORN

andCALIOP, respectively.Once again, theCAPRICORN

and Himawari-8 CTTs compare reasonably well, with

a correlation coefficient of 0.820, a mean bias error

of 22.5268C, and an RMSE of 10.0698C (Table 2).

Warm cloud tops (CTT. 08C) account for 35% of the

total samples whereas 30% of the CTTs fall in the

range of 2108–08C. The CTTs of the 9% misallocated

low clouds identified in Fig. 2a are generally warmer

than 2208C according to the ship measurements but

colder than2208Caccording toHimawari-8. Interestingly,

however, the lack of CTH at ;3 km as seen in Fig. 2a

does not have a corresponding gap in the CTT statis-

tics. The CALIOP–Himawari-8 CTT comparison

(Fig. 2d), on the other hand, shows some unique charac-

teristics. Despite the total mean bias of 1.3438C (Table 4),

a slight cold bias is found for themajority of warmer clouds

(2308C, CTT, 08C) whereas a warm bias is evident for

the colder clouds (CTT,2308C).Overall, theHimawari-8

FIG. 2. Frequency density plots for Himawari-8 CTHs and CTTs evaluated using the shipborne and CALIOP

retrievals. (a) Himawari-8 CTHs vs shipborne CTHs; (b) Himawari-8 CTTs vs shipborne CTTs; (c) Himawari-8

CTHs vs CALIOP CTHs; and (d) Himawari-8 CTTs vs CALIOP CTTs. All collocated cloud samples are con-

sidered in the comparisons. The densities sum to 100% for each plot.

TABLE 3. CALIOP vs Himawari-8 CTH.

Counts (%) r Bias RMSE s

All 800 528 (100%) 0.786 20.570 2.297 5.274

All-Cirrus-

Overlap

497 355 (62.1%) 0.822 20.737 1.992 3.970

WL 76 739 (9.6%) 0.106 20.992 2.102 4.421

SLW 195 645 (24.8%) 0.346 20.595 1.831 3.354

Mixed 107 955 (13.5%) 0.515 20.793 2.394 5.729

Ice 117 016 (14.6%) 0.685 20.754 1.732 2.999

Cirrus 148 936 (18.6%) 0.519 20.001 2.782 7.741

Overlap 153 509 (19.2%) 0.502 20.578 2.588 6.699
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product places too much cloud around 2408C. The
lack of CTHs at ;3 km in the Himawari-8 product,

once again, does not seem to correspond to any gap in

the CTT comparison with CALIOP.

b. Evaluation of individual cloud types

To better understand the origin of the identified bia-

ses, we also evaluate the CTH grouped by cloud type,

as defined by the Heidinger classification (Heidinger

2011) applied to Himawari-8. Looking first at the

CAPRICORN–Himawari-8 comparisons, the results for

CTH (Fig. 3 and Table 1) show that strong correlations

are found for MIXED and ICE cloud types (r . 0.8)

and, to a lesser extent, SLW (r . 0.6), whereas the

correlations for WL and CIRRUS are relatively poor

(r ; 0.1 and 0.4, respectively). The absence of CTHs at

;3 km, as discussed in section 4a, is most evident in the

SLW and MIXED types. No ICE is diagnosed below

3km. The CIRRUS andOVERLAP cloud types feature

the largest mean biases and RMSEs (almost no corre-

lation is found for the OVERLAP type). An interesting

feature noted for these two cloud types is that the

Himawari-8 CTHs reach saturation around 10 km,

while the ship-based CTHs commonly extend to

12 km. Also, Himawari-8 diagnoses some CIRRUS

type around 2 km, which is not possible at this lati-

tude range for that time of year. No explanation can

readily be found for this discrepancy. Nevertheless, if

the CIRRUS and OVERLAP types are not included

in the statistics, the two CTH datasets are much more

consistent, with an r of 0.912, a mean bias of 0.006 km,

and an RMSE of 1.095 km. The linear regression is

also much closer to the one-to-one line.

The overall characteristics of the CTT comparisons

(Fig. 4 and Table 2) are comparable to that of the CTHs

(Fig. 3). Despite the mean cold bias in the Himawari-8

CTTs when all clouds are considered, the warm bias in

Himawari-8 WL type (Fig. 4a) corresponds well to the

low bias in the WL CTHs (Fig. 3a). Interestingly, how-

ever, the CTT bias distribution for SLW clouds (Fig. 4b)

is not as scattered as the corresponding CTH bias,

although a cold bias is evident. Also, no gaps are iden-

tified in the CTTs for SLW and MIXED types that

correspond to the absence of CTHs at ;3 km (Figs.

3b,c), while ICE is only diagnosed below ;2208C.
Given that the Himawari-8 CTT retrievals are not di-

rectly affected by potential errors in the NWP inputs,

they are expected to be more accurate than the CTH

retrievals. That said, the ship-based CTT estimates

are derived from the interpolated ERA-Interim re-

analysis data (not direct measurements), making an er-

ror estimate for the ship-based CTTsmore difficult. This

may introduce another source of biases. Once again, a

saturation issue is noted in Himawari-8 CTTs for

CIRRUS and OVERLAP types (Figs. 4e,f), which cor-

responds to theCTHs saturated around 10km (Figs. 3e,f):

the Himawari-8 CTTs mostly reside in the range from

2258 to 2508C for these two cloud types whereas the

ship-based CTTs span from 108 to2608C. If the CIRRUS

and OVERLAP types are not included in the compari-

sons, the two CTT datasets compare better, with an r of

0.903, amean bias of21.6118C, and anRMSEof 6.5448C.
Turning to the CTH and CTT comparisons with

CALIOP for the individual cloud types (Figs. 5 and 6,

Tables 3 and 4), WL shows the lowest correlation co-

efficients (r , 0.11), with a low (warm) bias of 0.992km

(0.8288C), consistent with that from the CAPRICORN–

Himawari-8 comparisons. Despite the similar pattern

compared to Figs. 3 and 4, a notable feature is that there

is always a fraction of higher (colder) cloud tops that is

detected by CALIOP but missed byHimawari-8. This is

very likely a result of the higher sensitivity of CALIOP

in detecting optically thin clouds at higher altitudes

(colder temperatures). The lack of CTHs at;3 km, once

again, is most pronounced in the SLW and MIXED

CTH comparisons, with no corresponding gaps in the

CTT comparisons. ICE is only diagnosed above ;3km

(colder than ;2208C). The lack of ICE at lower CTHs

(warmer CTTs) may be an artifact resulting from the

operational decision made on the b thresholds in favor

of the diagnostics of SLW or MIXED types at relatively

cold CTTs, as suggested by other observational evidence

(Pavolonis 2010, and references therein), coupled with

the longstanding biases in the boundary layer height and

inversion. Another noted feature is that the MIXED

cloud type (Figs. 5c and 6c), which was primarily de-

tected in the altitudes of 4–9km during CAPRICORN

(;50% relative frequency), has a tendency toward lower

altitudes (;55%within the lowest 3km) in theCALIOP–

Himawari-8 comparison. This discrepancy is also evident

in the CTT scatterplot (Fig. 6c versus Fig. 4c), suggest-

ing that the MIXED cloud type in the lower altitudes

(warmer temperatures) might be undersampled during

CAPRICORN due, possibly, to geographical and/or

TABLE 4. CALIOP vs Himawari-8 CTT.

Counts (%) r Bias RMSE s

All 805 457 (100%) 0.480 1.343 25.176 634.536

All-Cirrus-

Overlap

499 573 (62.0%) 0.571 1.542 21.588 466.356

WL 77 720 (9.6%) 0.040 0.828 32.958 1086.41

SLW 196 436 (24.8%) 0.151 21.186 19.642 385.891

Mixed 108 315 (13.4%) 0.210 2.631 21.008 441.357

Ice 117 102 (14.5%) 0.437 5.586 13.516 182.675

Cirrus 149 582 (18.6%) 0.147 0.285 24.471 598.865

Overlap 154 043 (19.1%) 0.197 4.329 22.686 514.662
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seasonal sampling biases. Using A-Train observations,

Huang et al. (2012b, 2016) show that SLW and MIXED

cloud tops are more frequently observed over the higher

latitudes of the SO. The CTHs and CTTs of the

CIRRUS and OVERLAP types, once again, compare

poorly with the CALIOP counterparts. The satura-

tion issue is evident for Himawari-8 with CTTs pri-

marily residing in the range from 2258 to 2508C,
whereas the CALIOP CTTs spread from 108 to2608C
for these two cloud types. More interestingly, there

appears to be a fraction of cloud being identified by

CALIOP with CTH (CTT) less than 2 km (greater

than 2108C). This discrepancy, once again, is con-

sistent with the comparison with the limited ship-

based estimates (Figs. 3e,f and 4e,f). Compared to

Himawari-8, it is less likely for CALIOP to miss the

optically thin clouds at higher altitudes. As such, it is

likely that this fraction of the CIRRUS and OVERLAP

types are a misclassification by the ACHA algorithm.

Pavolonis and Heidinger (2004) reported that this

algorithm is slightly more prone to false cloud overlap

detection.

FIG. 3. Frequency density plots for Himawari-8 CTHs evaluated using the

shipborne retrievals. Analysis is decomposed into (a)–(g) different cloud types

using the Himawari-8 cloud type product. The densities sum to 100% for

each plot.
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To put this scenario into perspective, a typical ex-

ample is shown in Fig. 7, where collocated CTHs

derived from a CALIPSO–CloudSat merged product

(DARDAR-MASK; Delanoë and Hogan 2010), a

CloudSat-only cloud classification product (Sassen and

Wang 2008), and Himawari-8 are compared. In the

areas of 518–51.58S and 53.68–548S, some CIRRUS

clouds are identified by Himawari-8 with CTHs re-

siding at ;5–7 and 4 km, respectively. The corre-

sponding CTHs retrieved by the merged product (most

of which are only detected by CALIPSO), however,

are primarily below 4 and 0.5 km. These discrepancies,

consistent with the presented climatology, suggest that

these ‘‘CIRRUS clouds’’ diagnosed by the ACHA algo-

rithm, are very likely a misclassification.

A more detailed characterization of the Himawari-8

CTH biases are shown in the probability density

function (PDF) plots in Fig. 8. Overall, the CTH bias

with respect to the ship-based measurements is con-

strained within 61 km, although the bias distribu-

tions for various cloud types differ considerably. Most

of the distributions are right-skewed (except for the

MIXED type), with a larger spread and longer tail in

the positive bias. On the other hand, the CTH bias

distributions with respect to CALIOP feature a much

longer tail in the negative bias for all cloud types,

FIG. 4. As in Fig. 3, but for CTTs.

2338 JOURNAL OF ATMOSPHER IC AND OCEAN IC TECHNOLOGY VOLUME 36

D
ow

nloaded from
 http://journals.am

etsoc.org/jtech/article-pdf/36/12/2327/4872009/jtech-d-18-0231_1.pdf by guest on 27 July 2020



whichmay be due to the higher sensitivity of the CALIOP

lidar to optically thin upper-level clouds (e.g., sub-

visible cirrus clouds) that are undetected byHimawari-8.

In particular, a general large negative bias is evident for

the opaque ICE cloud type, which could be related to the

differences of the radiatively effective cloud tops de-

tected by the AHI and visible cloud tops detected by

CALIOP. The ACHA algorithm treats optically thick

clouds as opaque bodies. As the measured radiance

is emitted from within the upper parts of the cloud,

the retrieved CTH detected by the AHI is the radia-

tively effective altitude; hence, the radiatively

effective CTH is expected to be lower than the CTH

detected by CALIOP. For ALL and ALL-CIRRUS-

OVERLAP (i.e., all clouds with CIRRUS and

OVERLAP excluded) clouds, a mode is present

around 0 km. A mode is also evident for WL and SLW,

but less identifiable for other cloud types. CIRRUS

and OVERLAP types feature the most widespread

bias distributions, with notable tails on the positive

(negative) side when compared with CAPRICORN

(CALIOP) observations. The PDFs for the CTT

biases (not shown) confirm the results for CTH.

Most of the biases are constrained within6108C, with

FIG. 5. As in Fig. 3, but evaluated using CALIOP CTH retrievals.
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the SLW and MIXED cloud types being best con-

strained. In addition, both the comparisons with

CAPRICORN and CALIOP indicate a cold bias for

SLW type (as measured by the quartiles and mean

biases), suggesting that the Himawari-8 CTT has a

systematic cold bias for SLW cloud type.

To summarize, the major systematic biases identified

for the Himawari-8 CTH and CTT retrievals in compar-

ison with the shipborne (CAPRICORN) and spaceborne

(CALIOP) retrievals are as below:

d a low (warm) bias in CTH (CTT) for WL cloud type,
d a cold bias in CTT for SLW cloud type,

d a lack of CTH at ;3 km that does not have a corre-

sponding gap in CTT,
d a tendency of misclassifying some low- and mid-top

clouds as CIRRUS and OVERLAP types, and
d a saturation of CTH (CTT) around 10km (2408C),
primarily for CIRRUS and OVERLAP cloud types.

5. Discussion

a. Parallax issue

As briefly noted in section 3, a common issue that

complicates the analysis of geostationary satellite

FIG. 6. As in Fig. 4, but evaluated using CALIOP CTT retrievals.
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observations is the parallax displacement. While this

is a problem of little importance on the synoptic scale,

it may play a major role for the mesoscale and storm

scale systems away from the subsatellite point

(north–south and west–east), and is larger for higher

clouds. Therefore, although the operational Himawari-8

production does not take this factor into account, we

performed an independent postcorrection to the

total number of the 10-min Himawari-8 samples to

assess any impact that parallax displacement may

have on the biases identified with the ship-based

observations. To do this we employ the method

proposed in Vicente et al. (2002) where the correc-

tion is determined by the derived CTH, the apparent

position of the observed cloud, and the position of

the satellite. The correction was performed to all the

Himawari-8 cloud samples during CAPRICORN.

The PDFs of the shifts in latitudes and longitudes

for the evaluated cloud samples are presented in

Fig. 9. Overall, the changes in longitude are negligi-

ble, with all the samples shifted within 0.0458. The
changes in latitude are larger, with 95% of the sam-

ples shifted within 0.1928. Using the ‘‘corrected’’ po-

sitions of the Himawari-8 CTHs and CTTs, the

comparisons with the ship-based counterparts are

repeated (Table 5). In general, however, little im-

provement is found, as shown by the correlation co-

efficient of 0.831 (0.810), mean bias error of 0.193 km

(22.2508C), and an RMSE of 1.726 km (10.4238C)
for CTH (CTT). Some slight improvements are found

for the OVERLAP type, while the results for the

other types are somewhat degraded. Overall, the

general error characteristics remain largely unchanged.

This result suggests that the parallax issue cannot

explain the large biases identified for the multilayer,

high-top cloud types. The correction can, how-

ever, potentially mask important features that are

occurring at the low levels, where the parallax error

is minimal.

b. Low clouds

The poor consistencies in the CTH and CTT for the

WL and SLW cloud types are worrisome, as these

cloud types are ubiquitous and have a strong cooling

effect to the planet. Given that these clouds generally

feature the lowest CTHs that primarily reside in the

lowest 3 km, the biases may lie in the inherent diffi-

culties for the infrared-based spaceborne measurements

FIG. 7. An example of cloud property retrievals from A-Train satellites and Himawari-8 at approximately 0500 UTC 2 Jul 2016.

(a) Cross-section of the cloud and aerosol mask from the DARDAR-MASK, overlaid with ECMWF temperatures and collocated

Himawari-8CTHs; (b) as in (a) but forCloudSat-only cloud classification; (c)Himawari-8 cloud top heights overlaid with A-Train ground

track; and (d)Himawari-8 cloud type with A-Train ground track. The red asterisks in (a) and (b) indicate the correspondingHimawari-8

cloud top heights.
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in detecting low clouds due to the uncertainties in the

assumed temperature and water vapor profiles in the

lower atmosphere, especially within the boundary

layer. Another potential source of errors may trace to

the ACCESS NWP temperature profiles that have

difficulties in accurately representing any low-level

inversion, which subsequently affect the Himawari-8

CTH retrievals. The latter issue may be even more

pertinent for the SLW CTH retrievals, as shown by a

larger spread in the frequency diagram. Currently

two separate methods are applied in the ACHA

(Heidinger 2011), as similarly handled by the

MODIS algorithms, depending on whether the cloud

is across an inversion (as determined by the NWP

temperature profiles). When a cloud temperature is

found to reside outside of an inversion, a simple lin-

ear interpolation is used to estimate CTH. Alterna-

tively, if any layer (water-phase clouds over the water

FIG. 8. Probability density function (PDF) plots for theHimawari-8CTH biases for different cloud types evaluated

by the shipborne estimates. Results from CAPRICORN-2016 (CALIOP) are shown in red (black).
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only) between 700 and 50hPa above the surface is found

to be warmer than the layer below it, the clouds are

assumed to reside across an inversion in which case the

CTH is estimated by dividing the difference between the

cloud temperature and the surface temperature by a

predefined lapse rate (29.8Kkm21 is used in the current

scheme). Despite theHimawari-8 cloud product itself, it

should be noted that different models with various res-

olutions are used to produce the temperature profiles

needed for the different products. Therefore, uncer-

tainties associated with the spread among the modeled

temperature profiles cannot be completely ruled out.

The CTT comparison presented in this study is between

Himawari-8 CTT retrievals and model temperatures at

cloud-top levels. Thus, the CTT differences should not

be equated to retrieval errors, particularly for low

clouds where model representations of the tempera-

ture profiles are prone to large biases. In addition to

NWP models, it is possible to get more accurate

boundary layer heights using the lapse rate technique

by assuming a lapse rate that accounts for the cloud

temperature change with height. Some recent studies

have demonstrated the usefulness of this technique

using CALIOP and MODIS observations (Sun-Mack

et al. 2014) as well as aircraft data and GOES-10 re-

trievals (Painemal et al. 2013).

c. Overlap scenario

The OVERLAP cloud type, which is characterized by

the largest inconsistencies in the intercomparisons, is

challenging. These clouds feature some of the most in-

homogeneous conditions, posing challenges to both the

passive and active sensors. To examine this scenario, a

contingency table (Table 6) is produced where the 1-min

ship-based cloud cover type within each 10-min aver-

aging window is examined against the corresponding

Himawari-8 cloud type. Overall, only ;22% of the

Himawari-8 OVERLAP scenes have 100% 1-min

multilayer profiles according to the ship measurements;

153/60% (100/40%) of the Himawari-8 OVERLAP

scenes have at least 1min (5min) of the ship-based

multilayer type within the 10-min window. On the other

hand, 2448/93% of the Himawari-8 non-OVERLAP

scenes have 100% nonmultilayer profiles according to

the shipbornemeasurements. Approximately 807/30%

(377/14%) of the Himawari-8 non-OVERLAP scenes

have at least 1min (5min) of the ship-based multi-

layer type within the 10-min window. These results

indicate that the ship-based and Himawari-8 non-

OVERLAP scenarios agree reasonably well, while

the OVERLAP type assigned by the Himawari-8 al-

gorithm is complicated by large heterogeneity of the

actual cloud field, making a direct comparison and

hence a quantitative estimate of the CTH/CTT biases

much more difficult.

FIG. 9. PDF plots of Himawari-8 cloud position shifts after a

parallax correction. (a) Cloud position shifts in latitude; (b) cloud

position shifts in longitude.

TABLE 5. Parallax-corrected CTHs and CTTs.

CTH CTT

Counts (%) r Bias RMSE s Counts (%) r Bias RMSE s

All 3 083 (100%) 0.831 0.193 1.726 2.981 3 056 (100%) 0.810 22.250 10.423 108.666

All-Cirrus-Overlap 2 288 (77.5%) 0.903 0.013 1.142 1.305 2 288 (77.2%) 0.894 21.544 6.854 47.004

WL 812 (31.7%) 0.064 20.382 1.180 1.395 815 (31.4%) 0.146 1.203 7.160 51.327

SLW 731 (25.3%) 0.658 0.218 0.870 0.758 743 (25.5%) 0.798 24.446 3.348 11.227

Mixed 215 (9.7%) 0.937 0.574 0.829 0.690 221 (10.0%) 0.857 24.274 4.869 23.816

Ice 304 (10.8%) 0.836 0.267 0.917 0.845 289 (10.3%) 0.537 21.606 6.477 42.096

Cirrus 223 (9.4%) 0.414 0.177 2.736 7.519 212 (9.6%) 0.154 0.144 17.106 294.006

Overlap 268 (11.3%) 0.038 1.698 2.612 6.850 258 (11.1%) 0.190 210.914 15.932 254.828
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d. Sensitivity to optical thickness

Similar to other passive spaceborne sensors, AHI’s

detection efficiency is expected to decrease at lower

optical depths, therefore it is useful to examine the CTH

and CTT biases against CALIOP as a function of COT

retrieved by Himawari-8. Figure 10 shows the statistics

of theHimawari-8CTHbias compared against CALIOP,

which are calculated for bins containing comparable sizes

of coincident observations (i.e., 15000 6 3000 per bin).

Overall, the results show a discernible reduction in the

error spread (as seen in the 5th and 95th percentiles and

quartiles) as COT increases, but becomes more constant

when COT exceeds 10. The median CTH bias is also

generally reduced with increasing COT. For CTT, how-

ever, the sign of the median bias changes from positive

to negative when COT exceeds 7, showing a consistent

pattern as seen in Fig. 1d. In general, the differences be-

tween the CALIOP andHimawari-8CTH and CTT tend

to reduce as the COT becomes sufficiently large.

6. Conclusions

Cloud-top height (CTH) and cloud-top temperature

(CTT) retrieved from the Himawari-8 observations

using the ABI Cloud Height Algorithm (ACHA) are

evaluated using the active shipborne radar–lidar ob-

servations derived from the Clouds, Aerosols, Precipi-

tation Radiation and Atmospheric Composition over the

Southern Ocean (CAPRICORN) Phase I experiment in

2016 and 1-yr observations from the spaceborne Cloud–

Aerosol Lidar with Orthogonal Polarization (CALIOP)

cloud product over the Southern Ocean region (438–608S,
1358–1608E). The Himawari-8 cloud type product, which

is based on four AHI infrared channels, is also used to

help identify the origin of the retrieval biases.

The basic statistics from the shipborne observations

show that low clouds (CTH , 3 km) dominated the

sampled population, occurring 65% of the time. Mid-

top clouds (3 km#CTH# 6 km) presented 14% of the

time while high-top clouds (CTH. 6km) were observed

21% of the time over the SO. The statistics using 1-yr

CALIOP observations suggest an overall consistent

picture, but higher frequencies of both the mid-top and

high-top clouds were recorded. These differences are

likely a result of sampling bias, primarily on the mixed-

phase and supercooled clouds, presumably due to the

different sampling periods and geographical regions.

Results of the comparisons show that the Himawari-8

CTH (CTT) retrievals agree reasonably well with the

TABLE 6. Contingency table where the CAPRICORN ship-based cloud cover type within each 10-min averaging window is compared

against the corresponding Himawari-8 cloud type.

Himawari-8 (yes) Himawari-8 (no)

Ship (yes) 153, 137, 125, 115, 100, 89, 79, 75, 64, 56 807, 627, 500, 424, 377, 290, 257, 237, 216,

184

Ship (no) 99, 115, 127, 137, 152, 163, 173, 177, 188,

196

1825, 2005, 2132, 2208, 2255, 2342, 2375,

2395, 2416, 2448

Minimum number of

ship-based 1-min profiles considered

within the 10-min window

1, 2, 3, 4, 5, 6, 7, 8, 9, 10

FIG. 10. Statistics of theHimawari-8 (a) CTH and (b) CTT biases evaluated by CALIOP retrievals as a function of

COT retrieved by Himawari-8. Red asterisks indicate the mean values.
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shipborne estimates, with a correlation coefficient of

0.837 (0.820), a mean bias error of 0.226km (22.5268C),
and an RMSE of 1.684 km (10.0698C), respectively.
When compared with CALIOP CTH (CTT), the cor-

responding correlation coefficient, mean bias error, and

RMSE are found to be 0.786 (0.480), 20.570 (1.3438C),
and 2.297 km (25.1768C). These differences suggest

that the Himawari-8 CTH and CTT retrievals pri-

marily fall between the estimates using surface-based

and spaceborne active remote sensors, as would be

expected.

Despite the general agreement, the major systematic

biases identified in this study are

d a low (warm) bias in CTH (CTT) for WL cloud type,
d a cold bias in CTT for SLW cloud type,
d a lack of CTH at ;3 km that does not have a corre-

sponding gap in CTT,
d a tendency of misclassifying some low-/mid-top clouds

as CIRRUS and OVERLAP types, and
d a saturation of CTH (CTT) around 10km (2408C),
particularly for CIRRUS and OVERLAP cloud type.

In general, the retrieval accuracy is increased for

single-layer, optically thick clouds, but it deteriorates for

warm (boundary layer) clouds, cirrus, and multilayer

clouds. The low accuracy for boundary layer cloud re-

trievals can be due, in part, to the limited vertical reso-

lution of the assumed temperature profiles from the

NWP model in combination with the presence of tem-

perature inversions, as discussed in other studies with

different passive satellite products (e.g., Baum et al.

2012; Holz et al. 2008). Moreover, some low cloud re-

gimes, such as cumulus, are broken in nature. As such,

the measured signal is also influenced by both the cloud

fraction and the surface, which further contribute to the

uncertainties. Other sources of uncertainties, including

the potential influence of undetected aerosols and thin

cloud above the boundary layer on the small clear–

cloudy radiance differences, are discussed in Hamann

et al. (2014). Note that although some of these issues

are known and many research groups have developed

methods tackling these challenges, all of the approaches

must be individually calibrated to provide optimal re-

sults for the CTH retrievals. As such, this issue remains a

subject of ongoing investigations.

Retrieving the CTH and CTT are particularly chal-

lenging for CIRRUS andOVERLAP cloud types. These

large biases cannot simply be explained by any parallax

displacement (which is not corrected in the operational

product).Although errors in the ship-based andCALIOP

estimates due to interpolations from the relatively coarse

vertical resolutions of ERA-Interim and GEOS-5 tem-

perature profiles may be a contributing factor, it seems

that the ACHA algorithm has a tendency of misclassify-

ing some lower cloud signals (or perhaps even clear sky

conditions) as CIRRUS or OVERLAP types. The exact

causes of these errors remain elusive, but the misclassi-

ficationmay exacerbate the uncertainties of cloud remote

sensing even more, particularly for deep convective and

corresponding deep outflow (anvil and cirrus) clouds,

with a lack of information related to their longwave

cloud forcing that is strongly dependent on CTT. The

radiative effect of these uncertainties can be significant

compared to the cloud effect itself and, therefore, other

retrieved cloud properties may also be uncertain.

A better understanding of this issue is a subject for

future work.

Finally, the retrieval uncertainty for optically thin clouds

is generally greater than for optically thick clouds, al-

though the error characteristics of CTH and CTTs behave

differently. Uncertainties in the retrievals of optically thin

clouds arise not only from the assumed water vapor pro-

files, surface temperature and emissivity, but also from

instrument noise, spectral response function and errors in

the radiative model approximations (Menzel et al. 2008).

This study targets a large sector of the remote SO

where field observations that can be used to validate

satellite products are sparse, and challenging conditions

(e.g., mixed-phase/supercooled clouds and high solar

zenith angle) are commonly encountered. However, the

findings of this study may be relevant to broader geo-

graphical regions where similar meteorology and cloud

regimes occur. Although only one retrieval product is

evaluated, this study contributes to the continuing effort

to improve the understanding of passive satellite re-

trieval biases and to facilitate the effective use of re-

trieval datasets for the validation of weather and climate

models. Our results also provide guidance for future studies

where Himawari cloud retrievals produced by other groups

using independent algorithms may also be assessed.
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