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ABSTRACT

Cloud detection is an essential preprocessing step for retrieving carbon dioxide from satellite observations of reflected
sunlight. During the pre-launch study of the Chinese Carbon Dioxide Observation Satellite (TANSAT), a cloud-screening
scheme was presented for the Cloud and Aerosol Polarization Imager (CAPI), which only performs measurements in five
channels located in the visible to near-infrared regions of the spectrum. The scheme for CAPI, based on previous cloud-
screening algorithms, defines a method to regroup individual threshold tests for each pixel in a scene according to the derived
clear confidence level. This scheme is proven to be more effective for sensors with few channels. The work relies upon the
radiance data from the Visible and Infrared Radiometer (VIRR) onboard the Chinese FengYun-3A Polar-orbiting Meteoro-
logical Satellite (FY-3A), which uses four wavebands similar to that of CAPI and can serve as a proxy for its measurements.
The scheme has been applied to a number of the VIRR scenes over four target areas (desert, snow, ocean, forest) for all
seasons. To assess the screening results, comparisons against the cloud-screening product from MODIS are made. The eval-
uation suggests that the proposed scheme inherits the advantages of schemes described in previous publications and shows
improved cloud-screening results. A seasonal analysis reveals that this scheme provides better performance during warmer
seasons, except for observations over oceans, where results are much better in colder seasons.
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1. Introduction

Carbon dioxide (CO2) is one of the primary greenhouse
gases, which has raised concern due to the rapid increase in
its atmospheric concentrations. The global observation of
CO2 has been a crucial issue for the investigation of the car-
bon cycle mechanism and the prediction of global climate
change (Farquhar, 1997; Cox et al., 2000; Le Quéré et al.,
2009; Solomon et al., 2009). Satellite remote sensing pro-
vides a new technique for the global monitoring of the col-
umn averaged CO2 dry air mole fraction (XCO2) in the at-
mosphere (Bovensmann et al., 1999; Chahine et al., 2005;
Barkley et al., 2006; Chahine et al., 2006; Crisp et al., 2008;
Yokota et al., 2009; Reuter et al., 2010; Butz et al., 2011;
Yoshida et al., 2013).

The Chinese Carbon Dioxide Observation Satellite
(TANSAT) project is one of the National High-tech Research
and Development Programs funded by the Ministry of Sci-
ence and Technology of the People’s Republic of China
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and the Chinese Academy of Sciences (Liu et al., 2013; Bi
et al., 2014). TANSAT was designed to focus on the global
observation of CO2. It is scheduled to be a sun-synchronous
polar-orbiting environmental satellite operating at an altitude
of about 700 km. There will be two key instruments onboard
the spacecraft; namely, the Carbon Dioxide Sensor (CDS)
and the Cloud and Aerosol Polarization Imager (CAPI) (Cai
et al., 2014). CAPI was designed to retrieve cloud and aerosol
characteristics, allowing for more accurate CO2 retrievals. It
measures in a wide swath, encompassing the narrow swath
of the CDS, in order to provide a sufficiently large region
for the detection of aerosol spatial distribution, cloud cover-
age, and surface conditions. CAPI has five visible and near-
infrared channels (0.38 μm, 0.67 μm, 0.87 μm, 1.375 μm
and 1.64 μm), similar to that of the Cloud and Aerosol Im-
ager of the Thermal And Near-infrared Sensor for Carbon
Observation (TANSO-CAI) onboard the Greenhouse Gases
Observing Satellite (GOSAT) (Kuze et al., 2009). Addi-
tionally, there is a 1.375 μm band for detecting cirrus, and
two polarization channels at 0.67 μm and 1.64 μm for CAPI
(Shi et al., 2014).

Discrepancies (uncertainties) can be introduced by
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clouds, aerosols and water vapor, which need to be reduced
to a minimum in the preprocessing process in order to im-
prove the precision of the XCO2 retrieval. Cloud detection
plays a crucial role in the preprocessing process. Since the
advent of the satellite era, many cloud-screening algorithms
have been developed. Here, we briefly present those that are
most relevant to TANSAT.

The ISCCP adopted the radiance from visible (0.6 μm)
and infrared window (11 μm) bands to discriminate clouds
from clear-sky areas based on statistical threshold tests on the
geostationary platform (Rossow et al., 1989; Rossow et al.,
1989; Sèze and Rossow, 1991; Rossow and Garder, 1993).
For AVHRR, there are two major schemes for cloud screen-
ing: the AVHRR Processing scheme Over Clouds, Land and
Ocean (APOLLO) and the Clouds from AVHRR (CLAVR)
scheme. Using the threshold tests from two visible and three
infrared bands of AVHRR, APOLLO defines a pixel as cloud-
contaminated if it fails any single test (Saunders and Kriebel,
1988; Gesell, 1989; Kriebel et al., 1989, 2003). In addition
to the threshold concept, CLAVR introduces spatial tests that
rely on the fact that uniform scenes are less likely to contain
partial or sub-pixel clouds using 2× 2 pixel arrays (Stowe et
al., 1991, 1994).

The cloud-mask algorithm for MODIS, which can be re-
ferred to as “MOD35”, benefited from previous research and
proposed the concept of the clear confidence level (CCL) to
evaluate the cloud detection results. The threshold tests are
divided into five groups, and the final cloud mask is deter-
mined by the minimum confidence of each group (Ackerman
et al., 1998, 2008; Platnick et al., 2003). Ishida and Nakajima
(2009) proposed an unbiased concept to composite the re-
sults of each single threshold test for MODIS. The Cloud and
Aerosol Unbiased Decision Intellectual Algorithm (CLAU-
DIA) defines the final cloud mask by the outcomes of two
groups that employ different methods to calculate the CCL
(Nakajima et al., 2011). A daytime cloud detection algorithm
has been developed for the Visible and Infrared Radiometer
(VIRR) onboard the Chinese FengYun-3A satellite (FY-3A),
which shows good performance over the oceans by adding
the test of the reflectance difference between the 1.38 and 1.6
μm bands (He, 2011).

For cloud-mask algorithms that employ multispectral
threshold tests, the prevalent schemes can be generally clas-
sified into three categories: the clear-conservative (APOLLO
and MOD35), the cloud-conservative (ISCCP), and the un-
biased (CLAUDIA) schemes. Before the application of the
CCL, a pixel was identified as cloudy if it failed any sin-
gle test for clear-sky conditions, which could be classified
as a clear-conservative scheme. It was similar for the cloud-
conservative schemes. The CCL provides a reasonable tech-
nique to evaluate the contamination of clouds for each pixel.
Based on the concept of the CCL, the clear-conservative,
cloud-conservative, and unbiased schemes (Nakajima et al.,
2011) could be determined by:

Q =
N

√∏N

i=1
Fi (clear conservative) , (1)

Q = 1− N

√∏N

i=1
(1−Fi) (cloud conservative) , (2)

Q =
√

Q1Q2,
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Q2 = 1− N2
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(unbiased) .

(3)

The final CCL is denoted as Q. Fi represents the CCL
value for an individual threshold test. N represents the num-
bers of tests. For the unbiased scheme, Q1 and Q2 represent
the CCL values for the clear and cloud conservative types,
respectively. N1 and N2 represent the numbers of individual
clear and cloud conservative tests, respectively.

The cloud-mask algorithms, such as MOD35 and CLAU-
DIA, classify the multispectral threshold tests into different
groups, and the final cloud mask is defined by the CCL values
from groups. However, the grouping rules for the tests of the
previous algorithms may not work well for sensors with few
channels or frequencies available for cloud screening. More-
over, the direct grouping techniques could lead to a single
scheme for calculating the final CCL, which could be either
a cloud-conservative or a clear-conservative method. In or-
der to make full use of the information from the channels
and tests, a scheme is presented here to realize the reasonable
combination of the few threshold tests. Instead of predefin-
ing spectral tests as clear- or cloud-conservative, the tests are
classified on a pixel-by-pixel basis according to the resultant
CCL value. In this paper, the scheme is applied for pre-
launch testing of the CAPI cloud-screening algorithm. Ob-
servations from similar bands of FY-3A/VIRR are used as
proxies for real CAPI measurements. Section 2 details the
algorithm and the scheme for CAPI. Section 3 provides the
results and validation of the proposed scheme. A summary is
given in section 4.

2. Methodology

2.1. Data
The TANSAT/CAPI instrument was designed to be a five-

band imager, with bands centered at 0.38 μm, 0.67 μm, 0.87
μm, 1.375 μm and 1.64 μm. It also has two polarization
channels at 0.67 μm and 1.64 μm. Here, in the pre-launch
period of TANSAT, proxy measurements from FY-3A/VIRR
are used. As a new generation of polar-orbiting meteorolog-
ical satellite, FY-3A is capable of a wide range of spectral
detection—from ultraviolet, visible and infrared, to the mi-
crowave spectrum. It descends across the equator at about
1005 LST (Local Standard Time) and operates at an altitude
of 831 km. VIRR, which is a key instrument onboard FY-3A,
has 10 observation bands located in the wavelength range of
0.44–12.5 μm, a scanning range of ±55.4◦, and a resolution
of 1.1 km (Dong et al., 2009). Considering the similar bands,
the data from channels 1, 2, 6 and 10 of VIRR are used as pre-
launch proxy measurements for CAPI. The specifications of
the channels are listed in Table 1.
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Table 1. Specifications for the channels of TANSAT/CAPI and FY-3A/VIRR.

TANSAT/CAPI FY-3A/VIRR

Channel Wavelength (μm) Spectral range (μm) Channel Wavelength (μm) Spectral range (μm)

1 0.38 0.365–0.408 – – –
2 0.67 0.66–0.685 1 0.63 0.58–0.68
3 0.87 0.862–0.877 2 0.865 0.84–0.89
4 1.375 1.36–1.39 10 1.36 1.325–1.395
5 1.64 1.628–1.654 6 1.595 1.55–1.64

2.2. Calculation of the CCL
For the traditional cloud detection algorithms, which

employed the threshold concept, there are mainly three
methods for combining the results derived from the
multispectral-threshold tests: the clear-conservative, the
cloud-conservative, and the unbiased schemes (refer to sec-
tion 1). The previous schemes were basically designed to
provide comprehensive utilization for sensors that contain
multiple channels over a wide spectral range. For CAPI, the
channels available for cloud screening cover only five spec-
tral bands, which is why such sensors need a more effective
method to regroup results from few threshold tests.

The scheme for CAPI focuses on each single pixel in the
field of view. It classifies individual tests into two groups. If
the CCL value for a single test on a given pixel is less than
0.5, which means the pixel is probably going to be cloudy,
the scheme for calculating the final CCL is preferred to be
the cloud-conservative type in order to avoid the overestima-
tion of cloudy regions. Similarly, when the CCL value for a
single test on a particular pixel is higher than 0.5, the spectral
test is assigned to the clear-conservative type. The final CCL,
denoted as Q, is described as follows:

Q =
√

Q1Q2,

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩
Q1 =

N1

√∏N1

i=1
Fi, Fi � 0.5

Q2 = 1− N2

√∏N2

i=1
(1−Fi), Fi � 0.5

.

(4)

Here, Q1 and Q2 represent the CCL values for the clear- and
cloud-conservative types, respectively; Fi represents the CCL
value from each single threshold test; and N1 and N2 repre-
sent the numbers of individual clear- and cloud-conservative
tests, respectively.

The final CCL of the proposed scheme is determined by
the result of each single threshold test. This approach is more
efficient for sensors with few channels or frequencies avail-
able for cloud screening, which could only be classified into
one group according to the traditional grouping rules, and
therefore limited to one conservative scheme for calculating
the final CCL.

2.3. Threshold tests for CAPI
Based on the concept of the CCL proposed by MOD35

(Fig. 1a) and CLAUDIA (Fig. 1b), two main categories of
threshold tests are applied to the CAPI cloud detection algo-
rithm.

Single band reflectance tests: Single band reflectance
tests for discriminating clouds from clear-sky areas have been
well studied (Ackerman et al., 1998; Hutchison et al., 2005;
Frey et al., 2008; He, 2011; Nakajima et al., 2011; Wang et
al., 2012). In the non-absorption visible and near-infrared
bands, the reflectance of clouds typically shows a higher
value than that of clear-sky surfaces. Based on this fact, the
reflectance of 0.67 μm and 0.87 μm can be used for cloud
screening of CAPI. In order to provide more accurate thresh-
olds adapted to various surfaces, the minimum albedo map

Fig. 1. The concept of the CCL for (a) one threshold and (b) two thresholds (L, T and H represent the lower
limit, threshold and higher limit, respectively).
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proposed by Ishida and Nakajima (2009) is applied here in-
stead of the traditional static thresholds. Here, the minimum
albedo map, with a spatial resolution of 0.05◦ × 0.05◦, is de-
termined by the monthly minimum reflectance of VIRR.

The 1.38 μm band, which is influenced by the strong ab-
sorption of water vapor, has been widely used in cirrus de-
tection (Gao et al., 1993). For high clouds and cirrus, which
are mainly composed of ice crystals, the radiance reflected by
the surface or low clouds will be almost completely absorbed
by the abundant water vapor below. When high clouds exist,
the radiance in the 1.38 μm band increases, which can be an
effective method for cirrus detection. However, the technique
is not suitable for high altitude areas due to the reduced ab-
sorption of less air mass and the increased radiance reflected
by the surface.

Reflectance ratio tests: The reflectance at 0.87 μm and
0.67 μm is similar for clouds but different for various clear-
sky surfaces. Thus, the reflectance ratio of these two bands
can be used for detecting clouds. This test is adapted for
cloud screening over oceans, but is unreliable over bright sur-
faces such as desert. The reflectance ratio of 0.87 μm and
1.64 μm could be more effective to resolve the problem for
cloud discrimination over desert. For desert, the reflectance
increases with increasing wavelength, while for clouds the
variation is not so sensitive. Another prevalent reflectance-
ratio threshold test is based on the NDVI, which can be ap-
plied to identify clouds over vegetated surfaces.

In order to produce optimized cloud-mask results in the
pre-launch period of TANSAT, the thresholds in the algorithm
need to be examined and adjusted, which relies extensively
on the use of the synthetic data of CAPI. The modification
of thresholds is necessary due to the differences in sensors,
spectra, and some unique design characterizations (Hutchi-
son et al., 2012). The relevant work is still under research.
Here, the threshold of 1.38 μm refers to the value employed

in MOD35. The thresholds of the remaining tests are taken
directly from the CLAUDIA algorithm, considering the sim-
ilar spectral bands between CAPI and TANSO-CAI (Naka-
jima et al., 2011).

Before applying the threshold tests, there are two neces-
sary steps to prepare the CAPI image. The first step is to
apply the sea/land pixel mask, which can be obtained by the
geo-location data from CAPI. Here, it relies on the prepro-
cessing data-block provided by the level-1 data of VIRR. An-
other preprocessing step is the identification of snow-covered
pixels. The Normalized Difference Snow Index (NDSI) is
applied here to discriminate snow-covered areas (Hall et al.,
1995, 2002; Hall and Riggs, 2011). The NDSI is deter-
mined by the reflectance in bands 2 (0.66–0.685 μm) and 5
(1.628–1.654 μm) of CAPI. Here, the reflectance from bands
1 (0.58–0.68 μm) and 6 (1.55–1.64 μm) of VIRR is used. Re-
cent work has suggested that the optimum threshold for the
NDSI varies seasonally, with 0.48 in July and 0.6 in Septem-
ber (Vogel, 2002). In this work, we label a pixel as snow
when the NDSI is higher than 0.48 in warmer seasons (April
and July) and 0.6 in colder seasons (January and October),
but with two additional requirements: the reflectance of 0.87
μm and 0.67 μm are above 0.11 and 0.10, respectively (Riggs
and Hall, 2004).

Additionally, the detection of cloud shadows is also in-
cluded, based on the reflectance of 0.87 μm, and is refined by
using a ratio test between 0.87 μm and 0.67 μm (Hulley and
Hook, 2008). The specific values of thresholds are listed in
Table 2.

3. Experiments and validation

The cloud-screening results and validation of CAPI for
typical surface types are discussed in this section. MODIS,

Table 2. Thresholds of individual tests for different surface conditions used for cloud screening of TANSAT/CAPI. The tests include the
reflectance of 0.67 μm, 0.87 μm and 1.38 μm (R0.67, R0.87 and R1.38), the reflectance ratio of 0.87 μm and 0.67 μm (R0.87/R0.67),
the reflectance ratio of 0.87 μm and 1.64 μm (R0.87/R1.64), and NDVI. Two additional tests are applied for snow and cloud shadow
identification.

Threshold

Test Ocean Land Desert Snow

R0.67 – Rmina +0.18±0.075 Rmina +0.18±0.075 Rmina +0.18±0.075
R0.87 Rmina +0.12±0.075 – – –
R1.38 0.0125–0.0075 – – –

0.0125+0.0225
NDVI −0.16±0.06 −0.16±0.06 – −0.16±0.06

0.34±0.12 0.34±0.12 0.34±0.12
R0.87/R0.67 0.78±0.12 0.78±0.12 – 0.78±0.12

1.25±0.1 1.4±0.3 1.4±0.3
R0.87/R1.64 – – 0.96±0.1 –
Snow identification NDSI > 0.48 (April and July) or NDSI > 0.6 (January and October) with R0.87 > 0.11 and R0.67 > 0.1
Cloud shadow R0.87 < 0.05 and R0.87/R0.67 > 1.1

aRmin represents the minimum reflectance map;
x+ y and x− y represent the higher limit and the lower limit, respectively.
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which has 36 channels that cover wavelengths from the vis-
ible to thermal infrared regions, allows for a more pre-
cise cloud-screening result. Thus, MODIS data are com-
monly used to evaluate cloud-screening results of other sen-
sors (Ishida et al., 2011; Wang et al., 2012). To investi-
gate the cloud-screening ability of GOSAT/TANSO-CAI, an
inter-satellite comparison with Aqua/MODIS, which uses the
same algorithm (CLAUDIA), has been performed by Ishida
et al. (2011). Here, we focus on the assessment of the cloud-
screening scheme for the CAPI. Instead of employing the
same cloud-screening algorithm to both sensor data, the op-
erational cloud-mask product from Terra/MODIS, is applied
as “truth” for comparison in this work.

Figure 2 illustrates the four target areas in China se-
lected for comparison. The land classification data in Fig.
2 were generated from the GlobCover 2009 products, which
are based on ENVISAT’s Medium Resolution Imaging Spec-
trometer Level 1B data acquired in Full Resolution mode,
with a spatial resolution of 300 m (Arino et al., 2010).
The surfaces of the target areas are mainly covered by
desert (Area-1: 37◦–42◦N, 80◦–85◦E), snow (Area-2: 27◦–
32◦N, 93◦–98◦E), ocean (Area-3: 26◦–31◦N, 122◦–127◦E),
and forest (Area-4: 49◦–54◦N, 121◦–126◦E). The compar-
isons are based on three cloud-screening schemes: the clear-
conservative (scheme I), the cloud-conservative (scheme II),
and the proposed (scheme III) schemes.

The cloud-screening cases over the four target areas are
shown in Fig. 3. The first column represents the composite
true-color images of the VIRR channels at 0.63 μm (red),

0.555 μm (green), and 0.455 μm (blue). The images of
columns 2–5 are the cloud-screening results obtained by
schemes I, II and III, and the images of the Terra/MODIS op-
erational cloud-mask product, respectively. In order to com-
pare with MODIS, the final CCL of the three schemes is di-
vided into four categories: above 0.75 (confident clear), be-
tween 0.5 and 0.75 (probably clear), between 0.25 and 0.5
(probably cloudy), and less than 0.25 (cloudy). It is appar-
ent that the result obtained by the clear-conservative scheme
shows fewer clear-sky areas than that obtained by the cloud-
conservative scheme. Combining the advantages of these
two traditional algorithms, the proposed scheme provides rel-
atively good agreement with the composite true-color im-
ages. Compared with the operational cloud-mask products of
MODIS, the proposed scheme also shows better performance
than the two traditional regrouping methods. However, for
the target areas over desert and forest, some brighter cloudy
pixels are identified as snow. The similar reflectance of these
brighter cloudy pixels makes it difficult to separate from snow
pixels.

For quantitative validation, the operational cloud-mask
product of Terra/MODIS is applied here. Terra is a polar-
orbiting satellite, passing the equator at 1030 LST. The orbit
of Terra overlaps with that of FY-3A only intermittently. To
collocate Terra/MODIS with FY3A/VIRR data, the time dif-
ference is limited within 10 minutes. The data are both pro-
jected onto grids with a spatial resolution of 0.01◦ × 0.01◦.
The operational cloud-mask product of MODIS contains four
levels of “confidence”: cloudy, probably cloudy, probably

Fig. 2. Specific target areas in China for evaluating the proposed scheme: Area-1 (desert: 37◦–
42◦N, 80◦–85◦E); Area-2 (snow: 27◦–32◦N, 93◦–98◦E); Area-3 (ocean: 26◦–31◦N, 122◦–
127◦E); Area-4 (forest: 49◦–54◦N, 121◦–126◦E).
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Fig. 3. Column 1: Composite true-color images of FY-3A/VIRR channels at 0.63 μm (red), 0.555 μm (green), and
0.455 μm (blue). Columns 2–4: Cloud-screening results obtained by schemes I, II and III. Column 5: Operational
cloud-masking products from MODIS. Line 1: Case over desert at 0555 UTC 15 July 2011 for VIRR and at 0555 UTC
15 July 2011 for MODIS. Line 2: Case over snow at 0425 UTC 26 April 2011 for VIRR and at 0420 UTC 26 April
2011 for MODIS. Line 3: Case over ocean at 0210 UTC 1 January 2011 for VIRR and at 0210 UTC 1 January 2011 for
MODIS. Line 4: Case over forest at 0230 UTC 15 July 2011 for VIRR and at 0235 UTC 15 July 2011 for MODIS. The
pixels represent cloudy (white), probably cloudy (gray), probably clear (light green), confidently clear (dark green), and
snow (yellow).

clear, and confidently clear. For the comparisons here, cloudy
pixels are defined as MODIS cloudy, while the MODIS con-
fidently clear pixels are defined to be clear. For the results
from the proposed and traditional schemes, the pixels with a
CCL between 0 and 0.25 are defined as cloudy ones, while
clear ones are defined as pixels with a CCL above 0.75. Four
validation scores are used here: the probability of detection
(POD), the false-alarm ratio (FAR), the hit rate (HR), and
Kuiper’s skill score (KSS). The definitions are

PODclear = d/(c+d) , (5)
PODcloud = a/(a+b) , (6)
FARclear = b/(b+d) , (7)
FARcloud = c/(a+ c) , (8)

HR =
a+d

a+b+ c+d
, where 0 � HR � 1 , (9)

KSS =
ad− cb

(a+b)(c+d)
, where−1 � KSS � 1 , (10)

where a and d respectively represent the number of pixels

that were determined as cloudy or clear by both the pro-
posed scheme and MODIS; b represents the number of pixels
identified as clear by the proposed scheme but as cloudy by
MODIS; and c represents the number of pixels identified as
cloudy by the proposed scheme but as clear by MODIS. The
POD and FAR scores estimate the efficiency of the cloud-
screening algorithm in determining either cloudy or cloud-
free conditions (Karlsson and Dybbroe, 2010). The POD val-
ues are supposed to be as high as possible. Conversely, the
FAR values are supposed to be minimized. The HR value
is the measurement of the overall efficiency of the cloud-
masking algorithm. Moreover, the KSS index is a comple-
mentary measurement that to some extent punishes misclassi-
fications even if they are in a small minority of all the studied
cases. It is applied here to evaluate how well the scheme per-
forms in separating cloudy events from cloud-free events. A
value of 1.0 represents a perfect discrimination, while a value
of −1.0 describes a complete discrimination failure. For more
detailed information, refer to Karlsson and Dybbroe (2010).

Table 3 lists the number of matchup pixels for the four
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target areas in January, April, July and October of 2011. The
scores of POD, FAR, HR and KSS for schemes I, II and III,
based on the total matchup dataset of all seasons, are illus-
trated in Fig. 4. Using the proposed scheme, the POD scores
for the cloudy and cloud-free pixels attain a comparable level,
as it inherits the advantages of the two traditional schemes.
The HR scores by the proposed scheme attain values greater
than 80%, except for the target area over forest, where the
HR is approximately 71%. The KSS of the proposed scheme
maintains a relatively high value for all target areas. For the
total matchup dataset, the KSS is close to 0.7. Overall, the

Table 3. Number of matchup pixels for the target areas.

Matchup Pixels

Target Area January April July October

Area-1 (desert) 257129 739875 363660 503467
Area-2 (snow) 403128 485133 512724 266039
Area-3 (ocean) 464033 750941 511496 600715
Area-4 (forest) 267594 374900 339001 202888

results are encouraging. For inter-satellite comparisons, a
number of reasons can result in disagreements (Taylor et al.,
2016). The fundamental reason is the spatial and temporal
differences in matchups. The time difference here is defined
as 10 minutes. Furthermore, the comparisons are based on
the resampling grids with a spatial resolution of 0.01◦×0.01◦.
The differences in matchups between two sensors could pre-
sumably be reasons for some of the disagreements. In addi-
tion, the differences in instrumentation and satellite sensors
could also lead to discrepancies in cloud-screening compar-
isons, since the sensors are not viewing the exact same scene
with the same viewing geometry at the same time (Taylor et
al., 2016).

In order to evaluate the proposed scheme during different
seasons, the cloud-screening results of the four target areas
are selected from January, April, July and October in 2011.
The CCL values for the operational cloud-mask product of
MODIS are set as the median values of the ranges that we de-
fined for the four categories derived from scheme III in Fig. 3,
which are 0.875 (clear), 0.625 (probably clear), 0.375 (prob-

Fig. 4. POD, FAR, HR and KSS scores for the clear-conservative (scheme I), cloud-conservative (scheme II),
and the proposed (scheme III) cloud-screening algorithms.
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Fig. 5. The distributions of Qd during different seasons over the target areas.

ably cloudy), and 0.125 (cloudy). We define Qd as below,

Qd = QschemeIII−QMODIS , (11)

where QschemeIII and QMODIS represent the CCL values de-
rived from the proposed scheme and MODIS, respectively.
According to the definition, Qd ranges from −1.0 to 1.0. The
distributions of Qd are illustrated in Fig. 5. The colder sea-
sons include the scenes in January and October. The scenes
in April and July belong to warmer seasons. The histogram
value for a given bin in Fig. 5 represents the frequency of
occurrence of pixels with Qd bracketed by that bin. For the
ocean area, the frequency of occurrence of pixels peaks at
the bins with Qd around −0.1. For the remaining target ar-
eas, the pixels are mainly distributed across the bins with Qd
between −0.1 to 0.1, implying very little difference between
MODIS and scheme III. According to the histogram, there
are approximately 10% of pixels with a Qd around 0.9, for
the target areas over desert, snow and forest. This is prob-
ably due to the erroneous identification of brighter clouds as
snow-covered. The results also reveal relatively better perfor-
mance during warmer seasons, except over the ocean, which
is probably due to the poor performance over the sun-glint
regions.

4. Summary

A cloud-screening scheme for CAPI is presented for the
pre-launch period of TANSAT. The work relies upon the use
of proxy measurements taken by FY-3A/VIRR. Instead of the
traditional regrouping method for threshold tests, the scheme
for CAPI classifies each spectral test as either clear- or cloud-
conservative according to the CCL value derived from the in-
dividual test for each pixel. The final CCL of each pixel is
determined by combining the results from these two groups.

For sensors with few channels, such as CAPI, this cloud-
screening scheme effectively avoids the limitation of the tra-
ditional regrouping rules.

The proposed scheme is evaluated over four target ar-
eas with typical surface conditions (desert, snow, ocean, for-
est) in China. It yields good cloud-screening results in all
cases, which are highly consistent with the visible images
from FY-3A/VIRR. In addition, the performance of the pro-
posed scheme is quantified against the operational cloud-
mask products from MODIS. The comparison is based on
the matchup scenes over the target areas during four stud-
ied months (January, April, July and October). The quanti-
tative analysis suggests that the scheme for CAPI has inher-
ited the advantages of the two traditional schemes and shows
improvements in cloud screening. The evaluation for sea-
sons reveals that the difference values of the final CCL de-
rived from the proposed scheme and MODIS are mainly dis-
tributed between −0.1 to 0.1. The scheme performs better
during warmer seasons, except for areas over ocean.

The thresholds of some tests applied here are directly
taken from the CLAUDIA algorithm, in consideration of
the similar spectral bands between CAPI and TANSO-CAI.
However, the thresholds need to be examined and adjusted
to optimize cloud-mask results in the pre-launch period of
TANSAT. It relies extensively on the use of the synthetic data
of CAPI. The present work does not include the modifica-
tions of thresholds, which need further investigation once real
CAPI data are available from space.
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