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Cloud discrimination Verification
Greenhouse Gases Observing SATellite (GOSAT) was launched in 2009 to determine Accuracy: 86.9 %
global atmospheric CO2 and CH4 concentrations. GOSAT is equipped with two (84.8 %)
Earth-observing instruments: the Thermal And Near-infrared Sensor for carbon gggtﬂgggggggggﬁy

B Determined as clear despite cloudy
. Determmed as cloudy despite clear

Observation-Fourier Transform Spectrometer (TANSO-FTS)and TANSO-Cloud and
Aerosol Imager (CAl). The presence of clouds in the instantaneous field-of-view
(IFOV) of the FTS leads to incorrect estimates of the concentrations’.

Input ig

Thus, an important role of CAl is to perform cloud discrimination to identify and reject
cloud-contaminated FTS data. Conversely, overestimating clouds reduces the U =
amount of FTS data that can be used to estimate greenhouse gases concentrations. 1) Cut 400 x 400 pixels around the center of CA 1B images

This is a serious problem in the region of tropical rainforest regions, such as Borneo, 2) Perform visual inspection of the pixels cut from the CAl L1B images

: 2) 3) Perform cloud discrimination by using CLAUDIA1 and CLAUDIAS
where the amount of useable FTS data is small because of cloud cover?. For CLAUDIA1, we producted output images setting the integrated-CCL threshold to 0.33.

For CLAUDIA3, we produced output images setting the integrated-CCL threshold to 0.5.
4) Compare output with visual inspection

Comparison

Preparations are continuing for the launch of GOSAT-2 in fiscal year 2017°. To improve We colored the images by comparing the visual inspection images with the output images pixel-by-pixel.
the accuracy of the estimates of greenhouse gases concentrations, we need to
refine the existing CAl cloud discrimination algorithm (CLAUDIA1). A new cloud CAILIB data
discrimination algorithm using support vector machines (CLAUDIA3) was developed?. pOSAT dawa
.
: : : . <Surface Albedo> Several pre-processing
Visual inspections can use the locally optimized thresholds, although CLAUDIA1 and ' | Latitude| = 66.6°
CLAUDIA3 use common thresholds all over the world. Thus, the accuracy of visual (Polar region)
iInspections is better than that of these algorithms in the limited regions without areas i

such as ice and snow, where it is difficult to distinguish cloud and ground surfaces?.
In this study we evaluated the accuracy of CLAUDIA3 by comparing it with
CLAUDIA1 and visual inspections of the same CAl images in Borneo.
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The orbits of the GOSAT platform repeat themselves every 44 revolutions (44 paths) A0 NDVI test
. . . . NDVI test
around the Earth. Each path is divided into 60 frames. We used 1) CAl L1B products . Rostum 1o
on Path 7, Frame 30-31 in Borneo, 2010, 2) Surface Albedo data generated from :
CAIl L3 global reflectance distribution products. Flow chart for CLAUDIA1 @tegmed_cu of each PiX@D Used GOSAT CAI L1B product
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CLAUDIA1 comprises the calculation of clear-sky confidence level (CCL) for every Training images generated (_léining images” ) L0704/02 -
: : : : by using MODIS data i 10/01/02 7 31
threshold test and their comprehensive integration. Integrated-CCL of 0 means that Supervised learning using SVM 10/04/01 7 31
the pixel is cloudy and 1 means that the pixel is cloud-free. Ambiguous pixels between SNTET Y o U1 S| ™10/07/01 7 31
cloudy and cloud-free are described by numerical values from 0 to 1°. The threshold GOSATdata | _ . 18;8;;(1’; ;—gi
below which the integrated-CCL counts the pixel as cloud-free for GOSAT FTS L2 is (Surface Albedo ) SOt ) [ Decision function 00710 Ty
0.33, otherwise the pixel regarded as cloudy®. Several pre_pmcessmg | Support vectors 10/07/28 7 31
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CLAUDIA1 performs cloud discrimination by using thresholds set based on experience. ILemmdyisen ekl s so
CLAUDIA3 uses SVM to decide the thresholds objectively by using multivariate analysis. [ T o
. . . an €a MasK 1S 1an
CLAUDIA3 applies the Kernel Trick” to soft-margin SVM?®. The kernel uses a Cloud-discrimination using SVM
second-order pOIynOm ial: in a high dimensional feature space of the training samples
2 . . . e Sea areas - o L
_(xex+ 1)  where Kis the kernel function, x. is the support | | and areas |
K(X" X) - ’ . / Ro.87um test
/ 2 vectors, and x is input data. | Rosium Ro.67m test NDVI test
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For CLAUDIAZ, the integrated-CCL of 0.5 corresponds to the separating hyperplane Used features ﬁgvf; Rogrm (050 Rl tost
of clear support vectors and cloudy support vectors. ot ]

Flow chart for CLAUDIA3 \Integrated-CCL of each pixeD Study area
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13 July, 2010 in CAI Path 7, Frame 31 Small scattered clouds (32 %) — Average of “Accuracy” = Standard-deviation of “Accuracy”
— Average of “Overlook™
2 T I T 3 Average of “Overestimate” Average accuracy, overlook, and overestimate for all data for Borneo.
~ B ~-=<% The most suitable integrated-CCL thresholds are 0.85 for CLAUDIA1

and 0.35 for CLAUDIAS3 in Borneo.
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CLAUDIA3 may be able to detect optically thin clouds
that cannot be detected by visual inspection.

comparison with MODIS cloud mask product and
satellite LIDAR data, such as CALIOP
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