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Cloud identification methods of passive sensors are usually on the basis of different thresholds at different wavelengths. However,
the high pollution levels may contribute to the misidentification of cloud mask of Advanced Himawari Imager (AHI) carried on
Himawari-8. ,is study comprehensively analyses and demonstrates this possibility by comparing the AHI cloud-masks and
space-based lidar observations based on surface observations of air-polluted loadings from January 1, 2016, to December 31, 2019.
,erefore, this study comprehensively explores this impact by comparing the AHI cloud-masks and space-based lidar obser-
vations by using surface observations of air-polluted loadings from January 1, 2016, to December 31, 2019. Case studies that
compare the two sensors indicate that the performance of AHI cloud detection is degenerative during aerosol events. Long-term
statistical analysis demonstrates that the average hit ratio of clear (cloud) between the two sensors during the period is 79% (63%)
and the consistency (hit rate) of cloud-mask between AHI and CALIOP decreases with increasing pollution levels. On the
contrary, the low uncertainty ratios with 15% of cloud and 3% of clear exist in low PM2.5 levels (lower than 40 μg/m3), while the
high uncertainty ratios with 47% of cloud and 15% of clear exist in high PM2.5 levels (higher than 130 μg/m3). ,erefore, results
demonstrate that the reliability of AHI cloud-mask is weakened by high air-polluted levels. Further improvement of AHI cloud-
mask algorithm is desired because AHI products with high temporal resolution are vital in several related fields, such as climate
change, aerosol-cloud interaction, and air-polluted mapping.

1. Introduction

Clouds not only have a significant influence on the radiation
balance of the Earth by reflecting the short-wave radiation
from the sun, absorbing and emitting infrared radiation, but
also mainly affect regional precipitation and other envi-
ronmental conditions [1, 2].,erefore, developing advanced
tools to monitor spatiotemporal evolution of cloud accu-
rately and effectively around the Earth is important [3–5].

Satellite-based sensors break through the spatial limi-
tations of site-based observation; they can derive the cloud
parameters on a large spatial scale, such as MODIS
(Moderate Resolution Imaging Spectroradiometer) [2, 6]. In
recent years, owing to the development of geostationary
satellites, cloud layers are monitored with high temporal

resolution for a large-scale region. Advanced Himawari
Image (AHI), a new generation of high-performance sensor
carried by meteorological satellite Himawari-8 launched by
Japan in October 2014 [7], can detect cloud parameters with
10-minute resolutions in East Asia [8, 9]. Himawari-8 cloud
product is important to the research on weather forecast and
environmental monitoring [10, 11]; it also provides a key
parameter for aerosol retrievals [1, 12, 13]. However, some
studies point out that the performances of AHI aerosol
retrievals from cloud edge are lower than those from clear
pixels. ,is result implies that the AHI cloud-mask product
should be evaluated prior to application in scientific research
and be improved as quickly as possible.

Investigating possible factors that mislead AHI cloud
identification is crucial to improve current algorithms for
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recognizing cloud pixel on a satellite-derived image [14, 15].
For example, a recent research has pointed out that high
aerosol loading, such as haze, reduces the ability of MODIS
cloud detection [2]. ,erefore, the AHI cloud-mask product
algorithm developed by the Japan Meteorological Satellite
Center may inaccurately identify aerosols and clouds under
extreme conditions. To clarify the issue, this study aims to
explore the impact of aerosol on the reliability of its
Himawari-8/AHI cloud-mask by an active sensor with an
excellent cloud identification ability, namely, Cloud-Aerosol
Lidar with Orthogonal Polarization (CALIOP) carried by
Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Ob-
servation (CALIPSO) [16, 17]. As active sensor, lidar can not
only retrieve aerosol layers [18, 19], wind fields [20], and leaf
biochemical properties [21] but also locate cloud height and
retrieve cloud optical properties. ,e space-based lidar has
been applied to evaluate the reliability of the cloud detection
algorithm of different sensors [2, 14].

In summary, this study attempts to investigate whether
the aerosol misguides AHI cloud recognition based on
CALIOP cloud observations. ,e materials and methods are
described in Section 2. Section 3 presents the case and long-
term analysis. Some conclusions are given in Section 4.

2. Materials and Methodology

,e present study uses datasets, mainly including hourly
AHI cloud-mask, CALIPSO vertical feature mask (VFM),
and site-based PM2.5 observation from January 1, 2016, to
December 31, 2019. Beijing-Tianjin-Hebei region, the most
polluted region in East Asia, was selected as the study area
due to its high pollution levels [22]. Moreover, abundant
surface observations of air-polluted loadings over the study
region have been established to monitor air quality. ,e red
line in Figure 1 refers to CALIPSO trajectories in daytime.
,ese trajectories repeat every 16 days.

2.1. Materials

2.1.1. Himawari-8 Level 1 Data. ,e meteorological satellite
Himawari-8 was launched and operated by the Japan Me-
teorological Agency on October 7, 2014, and since July 7,
2015, respectively. ,e AHI spatiotemporal resolutions are
0.5 km and 10min. Himawari-8/AHI sensor has 10 infrared
channels, three near-infrared channels, and three visible
lights (red, green, and blue) to capture atmospheric infor-
mation. AHI is widely used in cloud retrievals [13] and
aerosol data assimilation [7, 23].

,e Japan Meteorological Satellite Center has developed
the cloud-mask product algorithm of Himawari-8 on the
basis of the AHI data. ,e cloud-mask algorithm benefits
cloud detection after comparing the clear sky hold data,
which are calculated using the numerical weather prediction
(NWP) data, with the observed data. If the observed data
differ from the clear sky data, then the pixel is determined to
be a cloud pixel point. ,e clear sky threshold value in the
cloud-mask algorithm is estimated using a radiation
transfer. ,e threshold is obtained from the NWP atmo-
spheric profile data. However, the threshold data calculated

by this method are seldom reliable. ,erefore, certain offsets
should be added as thresholds [24]. In this algorithm, in
addition to the large number of cloud detection tests, aerosol
detection tests and other tests are included. AHI sensors may
inaccurately identify aerosols and clouds under extreme
weather conditions.,e cloud detection of Himawari-8/AHI
may be misjudged under heavy aerosol conditions.

2.1.2. CALIPSO Cloud and Aerosol Products. CALIPSO,
which carries CALIOP (a lidar with polarized light for cloud
and aerosol detection), was launched in 2006 [25]. CALIPSO
has a frequency of 20.16 Hz at 532 and 1064 nm. CALIPSO
has various vertical resolutions for different altitudes, i.e., the
resolution is lower at the higher altitudes. In areas covering
the ground to the altitude of 8.2 km, the vertical resolution is
30m, and the horizontal resolution is 33m. ,e horizontal
and the vertical resolutions are 5 km and 300m at altitudes
of 30–40 km, respectively. ,e VFM3.01 data of CALIPSO
provide feature classifications, including vertical profiles,
clouds, aerosols, and other features [25, 26]. ,e data on
color ratio and backscatter intensity can be used to identify
clouds and aerosols because the backscatter intensity of
clouds is higher than that of aerosols. However, optically
thick aerosols may be mistakenly recognized as cloud layers;
this problem can be attributed to the color ratio and
backscatter intensity of optically thick aerosols that are
highly similar to those characteristics of clouds under heavy
aerosol [27]. Generally, CALIOP has a significant cloud
detection ability and is usually considered to have stronger
capabilities than a passive sensor [28, 29].

2.1.3. Surface Polluted Levels. Figure 1 displays approxi-
mately 1500 PM2.5 observed sites in China. ,ese sites have
been managed and operated by the China National Envi-
ronmental Monitoring Center (CNEMC).,e observed data
are real-time updated and released in the website of CNEMC
(http://www.cnemc.cn). Hourly PM2.5 measurements from
January 1, 2016, to December 31, 2019, derived from the
sharing website were used in this study. ,is traditionally
measured technique near the ground offers reliable PM2.5
observations [30].

2.2. Methodology

2.2.1. Matching Criteria. ,e criteria for matching the AHI,
CALIOP, and ground measurements are as follows: (1) the
CALIOP and AHI are within a 10-minute time interval and a
5 km radius space interval and (2) the in situ measurements
matched the satellite-based retrievals (AHI-CALIOP
matchups) by a matching time window of 1 hour and space
window of 5 km.

2.2.2. Hit and Uncertainty Ratios. ,e AHI cloud-mask
product has four confidence levels as follows: “cloudy,”
“probably cloudy”, “probably clear,” and “clear.” ,e two
flags of “probably cloudy” and “probably clear” can be
regarded as the uncertainty for “cloudy” and “clear.” If two
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satellite-based sensors (AHI and CALIOP) judge a pixel for
the same grid as cloudy or clear at the same time, then the
pixel point is considered in agreement; otherwise, it is
regarded to be an inconsistent point. In the research of Mao
et al. [2], hit ratio (HR) has been designed and defined to
quantify the consistency of cloud-mask between AHI and
CALIOP at a pixel level, as follows:

HRcloudy �
Ncloudy

Nall
× 100%,

HRclear �
Nclear

Nall
× 100%,

⎧⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

(1)

where Ncloudy refers to the consistent cloud pixel number,
Nclear indicates the consistent clear pixel number, and Nall
refers to the total sample numbers of matched pixels derived
from AHI and CALIOP in a grid.,en, the uncertainty ratio
(UR) for “cloudy” and “clear” can be calculated by

URcloudy �
N

uncertainty
cloud
Nall

× 100%,

URclear �
N

uncertainty
clear
Nall

× 100%,

⎧⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

(2)

where N
uncertainty
cloud (Nuncertainty

clear ) refers to the number of cloud
(clear) pixel with a confidence level of “probably cloudy
(clear)” and “probably clear” in a grid and Nall refers to the
total sample numbers of matched pixels derived from AHI
and CALIOP in a grid.

3. Results and Discussion

,e cloud-mask retrieved by AHI and CALIOP was com-
pared from January 1, 2016, to December 31, 2019. ,e
comparisons were implemented by three typical cases to
investigate the performance of the AHI cloud-mask under
various pollution levels. ,en, a long-term statistical com-
parison was executed between AHI and CALIOP.

3.1. Case Analysis. ,ree typical cases under different pol-
lution levels, namely, “slight,” “moderate,” and “heavy,” are
used to analyze the impact of polluted loadings on the AHI
cloud-mask detection.

3.1.1. Low Pollution Level. A case with low aerosol levels
(average AOD is approximately 0.17) was selected to
compare the cloud-masks retrieved from AHI and CALIOP
on May16, 2017. Figure 2(a) shows the AHI cloud-mask
(background) and CALIPSO trajectory (red-green solid line)
over East Asia at 05:33 UTC. ,e different colors of the red-
green solid line manifest the cloud-mask consistency be-
tween AHI and CALIOP, with red for consistency and green
for inconsistency. Figure 2(b) presents the vertical distri-
bution of clouds and aerosols derived from CALIOP VFM
(vertical feature mask). Figure 2(c) displays the aerosol types,
including sea water, smoke, dust, and other types, retrieved
by CALIOP. In addition, Figure 2(d) displays the cloud-
mask of AHI and CALIOP AOD along the CALIPSO tra-
jectory. Same as Figure 2(a), this figure displays the cloud-
mask consistency between AHI and CALIOP, with red for
consistency and green for inconsistency.
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Figure 1: Observed zones of Himawari-8/AHI over Beijing-Tianjin-Hebei and the typical CALIPSO trajectories at daytime. PM2.5 (black
dots) observed sites are managed and operated by the China National Environmental Monitoring Center (CNEMC).
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,e average PM2.5 loading and CALIOP AOD along the
CALIPSO trajectory at 05:30 UTC, 16 May 2017, was 34 μg/
m3 and 0.21, respectively, indicating low aerosol loading in
this case. ,e CALIOP signals were fully attenuated by thick
cloud layers, and the cloud bases were undetected from 0°N
to 30°N. Meanwhile, AHI can detect the thick cloud layers
consistently with CALIOP along this same track range.
Evidently, the disagreements of cloud-mask determined by
AHI and CALIOP are relatively higher at 30°N to 35°N than
in other regions, which are consistent with the high aerosol
loadings (AOD> 1) retrieved by CALIOP for this zone. In
this region, although CALIOP and AHI detected cloud
layers, the identified cloud pixels from CALIOP and AHI are
different. ,e polluted dust (Figure 2(c)) below these broken
clouds (Figure 2(b)) negatively influences the AHI cloud
detection. Similar reflection characteristics of the aerosol

and cloud may result in AHI misinformation of some
specific clouds between 32°N and 24°N. In summary, the
high hit ratio (0.89) signifies the cloud-mask consistency
detected by comparing the two different sensors under clear
conditions.

3.1.2. Moderate Pollution Level. Figure 3(a) displays a case
with intermediate aerosol levels with average PM2.5 level
(65 μg/m3) and AOD (0.46) on 28 February 2018. Figure 3(b)
shows consecutive low broken clouds from 26°N to 34°N and
consecutive aerosol layers from 34°N to 43°N (the blue circle
in Figure 3(b)).,e consecutive aerosol layers consist of dust
(high), polluted dust (middle), and smoke (low), as shown in
Figure 3(c). CALIOP cloud-mask marked the pixels mixing
the aerosol layers and broken cloud layers as cloud, by
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Figure 2: Comparison at 05:30 UTC, 16 May 2017. (a) AHI cloud-mask and the consistency line between AHI and CALIOP, with red
for consistency and green for inconsistency; the black pentagrams refer to the in situ PM2.5 measurements. (b) VFM retrieved by
CALIOP. (c) Aerosol types detected by CALIOP. (d) Cloud-mask of AHI and CALIOP AOD along the CALIPSO trajectory.
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comparing Figure 3(b) (blue circle) and Figure 3(d) (blue
rectangle). Nevertheless, most broken clouds detected by
CALIOP were missed by AHI, as shown in Figure 3(d). ,e
difference between AHI and CALIOP mostly existed in the
region with high pollution loadings from 35°N to 40°N.
,erefore, the high pollution loadings may result in the poor
performance of AHI on identifying broken clouds to some
extent. Comparatively, the region with low polluted loadings
ranges from 10°N to 240°N, and the consistency of AHI and
CALIOP on identifying low broken cloud was higher than
that in the regions from 35°N to 40°N. In summary, the
medium hit rate (76%) between AHI and CALIOP indicates
high consistency of the two types of cloud and aerosol
detection results under moderate pollution level.

3.1.3. Heavy Pollution Level. ,e heavy pollution case on 14
December 2016 was selected to further investigate the
possible influence of high polluted levels on AHI cloud
identification, as shown in Figure 4(a). ,e average PM2.5
loading and CALIOP AOD along the CALIPSO trajectory
were 120 μg/m3 and 0.28, respectively. ,e low mean AOD
may be influenced by the clear region from 0°N to 25°N. ,e
purple ellipse in Figure 4(b) marked a region from 30°N to
36°N, displaying inconsistent pixels of cloud and aerosol
from AHI and CALIOP. Correspondingly, high aerosol
loadings with AOD >2.0 existed in this region (Figure 4(b)).
Various types of aerosol types, such as polluted dust, smoke,
and polluted continental, contribute to these high pollution
levels (Figure 4(c)). Interestingly, the AHI flagged the pixels
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Figure 3: Comparison at 05:30 UTC, 28 February 2018. (a) AHI cloud-mask and the consistency line between AHI and CALIOP, with red
for consistency and green for inconsistency; the black pentagrams refer to the in situ PM2.5 measurements. (b) VFM retrieved by
CALIOP. (c) Aerosol types detected by CALIOP. (d) Cloud-mask of AHI and CALIOP AOD along the CALIPSO trajectory.
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with heavy pollution levels from 32°N to 33°N as cloudy. On
the contrary, CALIOP identified the corresponding pixels as
clear (Figure 4(d)). Reasonably, the extremely high aerosol
loading is a possible reason for the weak AHI sensitivity on
broken clouds and reduction in the cloud-mask agreements
(hit rate of 67%) between AHI and CALIOP.

3.2. Long-TermAnalysis. A preliminary conclusion based on
these three cases can be derived, namely, increasing aerosol
loading negatively influences the capability of AHI cloud
detection. ,is conclusion should be further confirmed by a
long-term statistical analysis. ,e relationship between
surface pollution levels (PM2.5 concentrations) and HR
(UR) of AHI cloud-mask in comparison with CALIOP for
each PM2.5 bin is plotted in Figure 5. Overall, the average

HR and UR of clear (cloud) between the two sensors during
the period are 79% (63%) and 5% (20%), respectively. A
legible negative relationship between polluted loading and
cloud (clear) HR is shown in the figure. On average, surface
PM2.5 concentrations lower than 40 μg/m3 correspond to
cloud (clear) HRs greater than 75% (88%), and PM2.5
loadings greater than 120 μg/m3 correspond to the cloud
(clear) HRs lower than 30% (68%). On the contrary, the low
URs with 15% of cloud and 3% of clear exist in low PM2.5
levels (lower than 40 μg/m3), while the high URs with 47% of
cloud and 15% of clear exist in high PM2.5 levels (higher than
130 μg/m3). HRs (URs) of cloud and clean pixel demonstrate
that the current algorithm has a higher ability on identifying
clear pixels than cloud pixels. ,erefore, the scenario in-
dicates that the performance of AHI cloud-mask (clear-
mask) gradually decreases with the increasing surface
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Figure 4: Comparison at 05:30 UTC, 14 December 2016. (a) AHI cloud-mask and the consistency line between AHI and CALIOP, with
red for consistency and green for inconsistency; the black pentagrams refer to the in situ PM2.5 measurements. (b) VFM retrieved by
CALIOP. (c) Aerosol types detected by CALIOP. (d) Cloud-mask of AHI and CALIOP AOD along the CALIPSO trajectory.
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polluted loadings. ,e evidently positive relationship be-
tween URs and surface PM2.5 loadings indicates that the
high pollution levels have a negative influence on AHI cloud
identification over the study region.

4. Conclusions

,e impact of pollution loadings on the performance of
Himawari-8/AHI cloud-mask was explored by corre-
sponding CALIOP cloud product with three typical cases
and long-term analyses from January 1, 2016, to December
31, 2019.,ree typical cases with different pollution loadings
were selected to show the discrepancy of cloud-mask be-
tween AHI and CALIOP in detail. ,en, the influence of
pollution levels on the consistency (hit rate) of cloud-mask
between AHI and CALIOP was analyzed based on a long-
term statistical analysis. ,ree typical case analyses dem-
onstrate that the disagreement of cloud-mask from AHI and
CALIOP usually occurs in a track with high aerosol loading.
Overall, the average HR and UR of clear (cloud) between the
two sensors during the period are 79% (63%) and 5% (20%).
A legible negative relationship between polluted loading and
cloud (clear) HR is demonstrated by the long-term analysis.
On average, surface PM2.5 concentrations lower than 40 μg/
m3 correspond to cloud (clear) HRs greater than 75% (88%),
and PM2.5 loadings greater than 120 μg/m3 correspond to the
cloud (clear) HRs lower than 30% (68%). On the contrary,
the low URs with 15% of cloud and 3% of clear exist in low
PM2.5 levels (lower than 40 μg/m3), while the high URs with
47% of cloud and 15% of clear exist in high PM2.5 levels
(higher than 130 μg/m3). ,e cloud-mask disagreements
between AHI and CALIOP may be attributed to the AHI’s
poor ability to detect broken-low clouds.

,is study has demonstrated that aerosol loading po-
tentially affects the ability of AHI cloud detection. ,is

finding suggests cautious use of the cloud-mask products
from Himawari-8/AHI, especially in a region with high
pollution loadings. Some thresholds applied in cloud de-
tection algorithm of Himawari-8/AHI should be updated or
revised.
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