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Table 1 Spectral and spatial characteristics of FY-3D
MERSI II 1—7 channels

Ve Bt 5 1 2 3 4 5 6 7
LI K/mm 470 550 650 865 1380 1640 2130
BT E/mm 50 50 50 50 20/30 50 50

2 PR /m 250 250 250 250 1000 1000 1000
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LIS S R 177 N 1 R TR = S o S ]
MYD35 & H Aqua TR | MODIS 2 8 JI5 1 A5 v
e, HFXHEUE. T FY-3D il Aqua Rl T
FAE, X B ER A LA A Terra 1 =



2138 National Remote Sensing Bulletin #2454k 2022, 26(11)

JBE = i o
2.3 CALIOP/CALIPSO F= &

IH D) F E s A, CALIOP 345 i B £k
15 230 BB T Sk A 1 AN [R] KA ER B v X
=L RIS R XA 4.0 A, 25
I HER L) RS km ()T B AR PEHE I VEM (Vertical
Feature Mask) = 5 AE Ry 2 oz 0 580 72 1) 065 1E K5 B
T CALIPSO Fil Aqua [7]J& F A-Train (The Afternoon
Train) 151, FEUSCEATAHGEEARRL, W8T A
T [R5 T FY—-3D A1 CALIPSO 3l X B4 K,
DAL I AT BIR ] ek 455 5] 1] 75 30 min 2Z PN Y 50805 2 [+
AN . BReAFRAT IR B T 29 500 J7 SFAEA
FHT % MODIS z #8157 il A CRMC SR AT 50 0iE
24 RERSFENTHE
i 4 31 % Jz SR H Ross—Li 4% 9K 3l 19 2 42 16
BRDF #AIHf5E (Roujean 55, 1992), izl (1):
p(0, 0., @, A)=f.(A)+
Fua(A)K (60, 6, 0, A)+ (1)
[l A)K, (0, 0, ¢, A)

K, 6, 0, @ INHFRKHRTA, LAXR
TR . AR TR s K R K, R AR %
JURDE WA s £, fa B, 3 RGBS
PRHLC RN LA G2 B AR, T Je 28 b 36 S 5
RPhp Fom o AT HEANE R O &0 45 Rk
SHARE S, AT E X 2018 4F 4 4F A MODIS
iR S H07 5 (MCD43C1) -7 T RS eE,
DA 35 4 BRI L P R (] R 2 () 249 50 00 A B REAR
Hk, XX E SH T TIH— b B, DA%
OGRS . AU R LADG A HUN P RIE (R
T8, 2011); fieJa, FRAODFXLEIH L1
BCEE ST T R, G T 11 APAS [F] 2 78
T ARH (4 b 3R BRDF SUBHACEE 2880, anlEl 1R .
Horpr, 8 1—4 RS P A AE R A AL, BN E
e LN NN = 3 Y o N2 e 7 O g
Jits TS 16 MR L O AR R B o 5 T
ST T 8 (AF B A B R A, FEERRER . B
HRIRR - IR A s 259 M4 gk H AR Ik Ah,
KRN0 11 A HIFRRBRE RS, HTRRAS
T T T T S S RRAE

& 10 & 025 £ 010
@ @ 08 ﬁi @ 0.20 @ @ 0.08
=206 E20.15 = 2 0.06
ﬁ§0.4 ﬁ%o_lo ﬁ§0.04

= ()2 0.05 = ().02

(a) JCIEHI S,

(a) Spectral scattering parameter f,

KA -] -2 3

4 5

(b) REUH S,

(b) Volume scattering parameter .,

-6 ——7

(o) SRR B2
(¢) Geometrical optical scattering
parameter [,

co

—+8 =9 <10 11

Pl 1 FLHI MODIS 38 S 857 i B ISAF EU A 11 FIAS IR T 4818725 8 P Ross—Li #% BRDF AU
Fig. 1  Ross—Li core BRDF weight parameters in 11 different underlying surface types calculated from MODIS product by using

clustering method
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R, HEMAE LR 2 R IR A

KA 10Ps ZEL R I 8 F 2% A R FFPE R
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Mo 3 3 S SRR Ross—Li A% 9K 30 A9 BRDF 457 e
S, W24 TR, A5 MODIS M2 H0™ i &l
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Table 2 IOPs and their setting range

SRR F{E e
KRIFHRTU/(7) 0—80
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AR 5L/ (7) 0—180
RO R 0—3

ZOLFIREE 1—50
THARCE R um 5—40
RIS R km 0—5

3 SRS
3.1 =R

B3R T 4 Fh AL #2508 T R SHAL
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ToUff AL TL R R T A R 30°, MY IR ff 9 60° . MK
B3I, 7Kz Al DG T 21 AN B 25 7 e —
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BRUCZ AN, K A5 58 B FOK = —FF, #EiE
TR TR o AR50 FIWT, o 75 B HL A
SO BRI AR ) X B SRR . BRILZ AN, FEARTH
W B GRS R B, 1.38 wm A SRR R VK =
HA BRI, A Bk S RS X
Tk BR TRk, K MR GES EX A3
BT 0085 o 302 R iz i B ik F — A i i
AW (Gao %5, 1993), FEk [ # A
259K 2= 1 S HE 5 K R T TE vk B8 TR
FHIC, UKzl b TR TR = B, m koK
RE AL, AKRBBERIR, 78 T AR 2™
A — AR FN RS o R, FRATTRI e A% A
RIS 25 5 28 I R AS , Y2549 EE fY SNN,

kAT =R
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Fig. 3 Spectral reflectance of water and ice clouds under different underlying surface type
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P L RAE NI RIS o =5 SR, ARXT T 75 i L 7y
=RAIEE S, CRMC TR AR 22, R 446
3461 (20180829_0455) fra~, 1T A &MY
SR, G AE 9 T TR X (Sunglint)
CRMC SRR A =8I0 74, FERITARA
(32°N, 122°E), HF#EMMAFKICA TR,
KRG R FEOCHERE & A T BRI 24 ;
1117 YA o 47 S 50 40 ) 2 DX SR TH R T, PRI
XA e Vb T 3500 S T AR Ak Al 25 5 (i i K A5 0T B R
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Fig. 4 Four cases of cloud recognition in FY=3D satellite MERSI II optical image by using CRMC method ((b) The straight line
in the true color image represents the CALIPSO transit line, the red is the cloud area identified by CALIPSO, and the green is

the cloud—free area. In the last example, the yellow dashed box indicates the possible haze area)

3.3 %4 MODIS 71 CALIOP #5894 bk 16 1iF Wi TIEE B, AUREHA N IZIE TN =
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Fig. 5 Relationship between hit rate of CRMC method and threshold selection
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Table 3 Comparison of the hit rate of cloud recognition
between CRMC (threshold of 0.2) and MYD35 under
different underlying surfaces based on MCD12C1
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Cloud detection for FY-3D MERSI II images combine radiative transfer
simulation and shallow neural network
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Abstract: Cloud pixel detection is a crucial pre-process in numerous remote sensing applications, such as the aerosol parameter retrieval,

land use change, anomaly detection/classification, crop monitoring, and marine ecological survey. On the one hand, cloud pixel

misidentification (mistaken as surface or aerosol) in optical images has substantial negative effects on the above-mentioned traditional

applications, due to the significant influence of cloud layers on shortwave radiation. On the other hand, traditional threshold methods are
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largely constrained in applicability by the high spatiotemporal heterogeneity of aerosols and clouds as well as the diversification of satellite
sensors and spectral channels. Therefore, a reliable cloud detection method with wide applicability is in demand, especially for studies over
multiple surfaces (i.e., land, ocean, and cryosphere). Thus, this study proposed an innovative method based on the radiative transfer
simulation and machine learning, namely CRMC (Combine Reflectance simulation and Machine learning for Cloud detection), to detect
cloud pixels in optical images produced from the MERSI II sensor onboard the FY-3D satellite. The biggest advantage of this method is its
compatibility with different sensors, generating cloud pixel samples through the physical process simulation, and applying the machine
learning technique to learn sample features, thereby excluding the influence of anthropogenic factors. Specifically, to address the mismatch
between the MODIS cloud detection algorithm and MERSI-based aerosol inversion, the CRMC method sets different Inherent Optical
Properties (IOPs) of surface and atmospheric objects, considering binomial reflection characteristics of underlying surfaces and various
parameters of aerosols and clouds. In addition, the method outputs cloud probabilities in pixels and allows custom thresholds to control the
strictness level of cloud pixel detection. The CRMC method mainly includes three steps: (1) Defining 11 typical underlying reflectance
parameters from MODIS binomial reflection products using a cluster analysis approach; (2) Inputting the typical underlying reflectance and
aerosol and cloud parameters with random inherent optical properties into the SBDART radiation transmission model to obtain a simulated
reflectance dataset for training the shallow neural network; (3) Calculating the cloud probability of the target image with the trained shallow
neural network and selecting a suitable threshold according to the actual need to complete the cloud detection. Compared with the CALIPSO
Vertical Feature Mask (VFM), results of the CRMC method show a maximum total accuracy of 79.6% (78.5% and 81.2% on land and sea,
respectively). Under the condition of cloud probability threshold=0.2 (hit rates for cloud and cloud-free pixels are the same in these cases),
the CRMC outperforms MODIS cloud mask products (MYD35) over land, especially on broad-leaved forest, farmland, urban and bare soil.
However, the accuracy of the CRMC over sea is lower than that of MYD35. In the view of the surface uniformity, the cloud detection over
sea can enrich the brightness temperature information to optimize the corresponding performance. To sum up, while greatly improving the
applicability to different optical sensors by not relying on special spectral range, the CRMC method can achieve a good cloud pixel
identification effect for FY-3D MERSI II images, with a similar hit rate compared with MODIS products. Also, the CRMC has certain anti-
disturbance ability to haze.

Key words: cloud detection, radiative transfer simulation, neural network, FY-3D, MERSI 11
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