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1.  ,  430072 

2.  ,  430072; 

3.  ,  430068; 

  :  ᴰ ӟ ₮ԅѿ ׆ FY-3D MERSI II ᴰ ᾣ ἝҬ ≢ԐἝᾝ

̔CRMC (Combine Reflectance simulation and Machine learning for Cloud detection)Ȃ

ῤ ᾣ ̂Inherent Optical Properties̆IOPs̃ ̆ ⌠ Ҋ ԋ Ҍ ᴆ

Ҋ Ԑ ȂCRMC Һ ҈ҩ ̔1̃ № ׆ MODISԋ ֟ Ҭ№

₮ 11 ῖ Ҋ 2̃̕ Ԑ ץ ̂ IOPs̃ ῀ SBDART

ᴰ ̆ ⌠ ṿ ̆ ץ ̕3̃≠ Ἕᾝ

Ԑ ̆ №ԐἝᾝ ԐἝᾝ Ԑ ṿȂ ҍ CALIPSO ֟ ̂VFM̃

Ἕᾝ ̆CRMC ҹ 79.6%̆ ғ ҉№≢ҹ 78.5% 81.2%Ȃ ҍ MODIS

Ԑ ֟ ̂MYD35̃ ̆ Ԑ ṿ ҹ 0.2 ̆CRMC ̆Һ ȁ῾ ȁ

҉ Ԑ ≢ ̆ᵖ Ԑ ≢ ׅ ѿ Ȃ 

 

Ὧ :  Ԑ ≢̆ ᴰ , ̆FY- 3D̆ MERSI II  

 

ѐ ‍ :  TP751       :  A  

 

1     

Ԑ Ἕ ῏ ӊѿȂ ᾣ Ἕ ̆ ԍԐ ̆

ԐἝᾝ ҹ ᴰ ᴋⱵ̆ ̆ ≠ ȁ № ̆

῾ᵬ ̆֟ (Zhu and Woodcock 2012)Ȃ ̆ Ԑ ȁ

—‟ ῏ Ȃ 

≠ Ԑ ᾣ ΐ ̆ ѿ ἝҬ̆ԐἝᾝ ץ ֲ

≢ Ȃᵖ ԍ ֲ̆ Ҍ⌠ Ȃ ̆ ѿ ̆

ԍ ṿ ᴰ Ԑ ≢ ₮ ̆ᶛ ԍ Landsat ETM+D

ꜚԐ ᵀ(Automated Cloud Cover Assessment) (Irish et al. 2006)̆ ԍ MODIS Ҭ№ Ἕת

MxD35Ԑ (Ackerman et al. 1998) ԍ AVHRR ת CLAVR-x (Stowe et al. 1999)

Ȃ ֓ᴰ ᶭ ԍ Ḥ ṿ ↕̆ ȁԐ

Ғ ̆ Ҍ ᴰ Ȃᵖ ֓ ῒזҌ ᴰ Ҭᶏ ΐ

└̆ ғ ԍ ṿ ↕ ̆ ȁ ṿӞ ҹ Ȃ

ѿ֓ ̆ᶛ ȁ ᵣҬ̆ᴰ ᴪ֟ (Hughes and Hayes 



  

 

 

 

  

2014)Ȃ 

ҹԅ ἝҬ ҊԐ ≢ ̆ ₮ ȂῒҬѿ֓ᶏ ԅꜚ

ṿ ̆ Zhu and Woodcock (2012) Sun et al. (2016), ╠ Ҍ ꜚ ṿ̆ Ԑץ ҹ ᾝ

≢ Landsat Sentinel ἝҬ Ԑ̕ ↕ ᶏ ꜚ ṿ ԅ ̆

ԅѿҩᾢ Ȃ ̆ ѿ֓ ᾟ№≠ ԅ ӊ ↓ Ἕ

̆ ῤ Ҍᴪ Ẋ ׆̆ Ḥ Ҭ ѿ № ₮ԐἝᾝ(Li et al. 2014; 

Lin et al. 2015)Ȃ ̆ ӟ ӟ № ҉ ᴨ ̆ ῏ Ӟ

≠ ױ ‗Ԑ ≢ Ȃᶛ F̆an et al. (2017)ᶏ ԍ Ҁḱ ῖ ӟ ԅ Ԑ

̕Li et al. (2019) ԅѿ ԍ № ᴰ Ԑ ≢ ӟ ̕Wei et al. 

(2020) Ἕ ԅ Landsat Ἕ Ԑ ≢ ̕Segal-Rozenhaimer et al. (2020) ᶏ

ԅ ᾣ Ἕ ԐἝ № Ȃ ֓ ꜚԐ ≢

ԅ ‗ Ȃ 

Ԑ 3D (FY-3D) ԋף ӊѿ(Yang et al. 2019)̆ ῒ҉ ᾢ Ҭ№ ᾣ

Ἕת(advanced Medium Resolution Spectral Imager, MERSI II) ҍMODIS ᵌ ᾣ №

̆ Ԑ̆ ̆ ̆ Ȃ ∆̆ ῏ױ ԍ MERSI II

ⱬ̆ ԍת ᾣ Ҍ ̆ ԍ MODIS Ԑ ≢ MERSI II

҉ᴪ֟ ̆ ᵞԅ ᶏ (Jin et al. 2021)Ȃ ̆ ױ ԅѿ ԍ ӟ

ĺĺCRMC (Combine Reflectance simulation and Machine learning for Cloud detectioñȂ

≠ ᴰ Ԑ Ҍ ᵬҹ ӟ Ȃ ׆ ἝҬ

≢ԐἝᾝ̆ ≠ CALIOP/CALIPSO ȂCRMC ᴨ ԍᶏ ᴰ

ᵬҹ ̔ ᾧֲҹҺ ⌠ Ҋ ᴆҊҌ ’ ԐḤ

̆ ᾟ№ ԅԐ ᾣ Ȃ 

2   

2.1  MERSI II/FY- 3D  

FY-3D ԍ 2017 11 ῒ̆҉ MERSI II Һ ᴰ ӊѿȂ ᴰ ץ 45°

ᶫ 2900 km ἝȂ ╠̆ MERSI II ԅ ץ‰

ᾣ ⱬ ץ̆ Ḡ ֟ (Xu et al. 2018)Ȃ (reflectance) ֦ (brightness 

temperature) Ҍ №≢ ҹ 3 % 0.3 KȂ ᶏ 2018 7-12 MERSI II ̆ Ԑ

(www.fysai.com/) ᶫȂ Ӟױ Ҭ׆ץ Ҭ Ȃ ᶏ ԅ MERSI II

ᴰ ╠ 7ҩ ̆ΐᵣ ῒ 1 Ȃ 

 

1  FY-3D MERSI  II ּ 1-7  

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

 1 2 3 4 5 6 7 

Ҭ /nm 470 550 650 865 1380 1640 2130 

/nm 50 50 50 50 20/30 50 50 

№ /m 250 250 250 250 1000 1000 1000 

 

2. 2 MODISӊ  

Һ ᶏ MODIS ҈ ֟ ̔MCD43C1ȁMCD12C1 MYD35ȂῒҬ MCD43CI

Terra Aquaң ҉ MODIS ᴰ ԋ ₱ (Bidirectional Reflectance 

Distribution Function, BRDF)ȂMCD12C1 ԍ - ⅞(IGBP) ̆ ԍ Ҍ

Ҋ ’ Ȃ MYD35 ↕ Aqua ҉ MODISԐ ‰֟ ̆ ԍ Ȃ

ԍ FY-3D Aqua ҹҊ ̆ ҌῬ ҉ Terra Ԑ ֟ Ȃ 

2. 3 CALIOP/CALIPSOӊ  

ⱳԍҺꜚ ᴨ̆לCALIOP Ḥ ҹ‰ Ҍ׆ Ҭ №₮Ԑȁ



  

 

 

 

  

‪ Ȃ ᶏ 4.0 ȁ № ҹ 5 km (Vertical Feature Mask, VFM)֟

ᵬҹԐ Ȃ ԍ CALIPSO Aqua ԍ A-Train (The Afternoon Train) ⅞̆

ױ ᵌ̆ң Ȃ FY-3D CALIPSO ≢ ̆ ױ └

30 № ӊῤ ҹ Ȃ ≢№ױ ⌠ԅ 500 ҆ ԍ MODIS Ԑ ֟

CRMC Ȃ 

2.4   

Ross-Li ꜚ BRDF (Roujean et al. 1992)̆ 1: 

 

),,,()(),,,()()(),,,(s ljqqlljqqllljqqr vigeogeovivolvolisovi KfKff Ö+Ö+=    ̂1̃ 

 

ῒҬ̆ iq̆ vq̆ l№≢ ̆ ̆ ᵝ Ȃ volK geoK ҹᵣ

₃ᵥᾣ Ȃ isof ̆ volf geof ף≢№ ᾣ ̆ᵣ ₃ᵥᾣ ̆

”ץ Ȃҹԅ Ҍ Ҋ ᴆҊ ̆ ױ ᾢ 2018 ῃ MODIS

֟ (MCD43C1) ԅ ץ̆ ῃ ῤ № Ȃῒ ̆ ֓

ԅ ѿ ץ̆ ₮ᾣ ȁᵣ ₃ᵥᾣ (  et al. 2011)Ȃ ̆

ױ ֓ ѿ ӊ ԅ № ̆ ԅ 11 Ҍ Ҋ BRDF ̆

1 ȂῒҬ̆ 1-4 Һ ̆ᶛ ̆ ̕

5-6↕ ץ ҹҺ̕ 7-8 ↕ ᵞ̆Һ ȁ ̕

9↕ῃҹ Ȃ ̆ 10 11№≢ ̆ ԍ Ҋ Ȃ 

 

 
1≠ MODIS ֟ ⌠ 11 Ҍ Ҋ Ҭ Ross- Li BRDF :̂ a ᾣ̃  Ὢ ̂̕b̃

ᵣ  Ὢ ̂̕ c̃₃ᵥᾣ  Ὢ  
Fig. 1 Ross-Li core BRDF weight parameters in 11 different underlying surface types calculated from MODIS product by 

using clustering method: (a) spectral scattering Ὢ ; (b) volume scattering Ὢ ; (c) geometrical optical scattering Ὢ  



  

 

 

 

  

2. 5  

SBDART (Santa Barbara DISORT Atmospheric Radiative Transfer) ⱴ №

ѿ ᴰ ᴆ̆ ץ Ԑ ᴆҊ ̆Һ ԍ№

Ҭ ⌠ ᴰ (Ricchiazzi et al. 1998)Ȃ Ҭ̆

ᴰ ץ ᴰ ⌠(Stamnes et al. 2011)̔ 

),,(),,()(cos
4

),,(
),,( *
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1
fmtmfmtf
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w
fmt

t

fmt
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¡¡-¡¡¡Q³¡-= ñ ñ- SdIpdI

d

dI
   ̂2̃ 

   ῒҬ̆ ),,( fmtI ҹ № ̆wҹ ̆ )(cos Qp ҹ ₱ ̆Qҹ ̆m

m¡№≢ҹ῀ ᾣ ᾣ ᵩ ̆f f¡№≢ҹ῀ ᾣ ᾣ ᵝ ̆tҹᾣ ̆

),,(* fmt ¡¡S ↕ҹ Ȃ Ҭ̆ ױ ῀ Ҍ ῤ ᾣ (Inherent Optical 

Properties̆ IOPs)̆≠ SBDART ₮ ’Ҋ ⌠ ̆ ᵬҹ

ӟ Ȃ 

IOPs Һ Ҍ ᵣȁ ԐȂῒҬ̆ ᵣ ԅ 3

6S (Second Simulation of the Satellite Signal in the Solar Spectrum) ף ӈ ‰ ̔ ȁ

Ҭ ‏ Ҭ Ȃ ֓ ԍ Ҭ̆ ᶫԅ ȁ ȁ

‰ (McClatchey et al, 1972)Ȃ ↕ ԅ ȁ῾ ȁ

(Vermote et al. 1997)Ȃ ѿ ӈԅѿ ῖ ᾣ ̆ ԍ Ҍ ’Ҋ

Ḥ ȂῒҬ̆ ҹ ҉₮ Ȃ ԍԐ ̆ ≠ױ SBDART

Ԑ ̆ Ԑ —Ԑ ȁᾣ ̂Cloud Optical Depth̆ COD̃ Ԑ Ȃ

ῒҬ̆ Ԑ ҹ ҉ץ 2km҉ץ ̆ —Ԑ ↕ ҹ 8kmȂ 

IOPs ң Ȃ Ross-Li ꜚ BRDF ‗ Ȃ

2.4 Ҭ ̆ ױ MODIS ֟ ⅞№₮ԅҌ Ҋ 9 Ҍ —

’Ҋ 2 Ȃῒᾣ ȁr ₃ᵥᾣ ԍ ῀ SBDART Ȃ

ԋ ↕ ҈ҩ ̔ ̆ (Vermote et al. 1995)ȂῒҬ̆

ץ Ῑ ̆ ̆ ↕

Ȃ῏ IOPs ΐᵣ 2 Ȃ 

̆ ױ ҉ IOPs ῀ SBDART ̆ ̆ ⌠ԅ 1 ҆ҩ

Ȃ ֓ ᵬҹ Ҋѿ Ҭ Ȃ 

2. 6  

(SNN, Shallow Neural Network) ֲ ̆ ΐ

̆ ‗ № ᵞ № Ȃ ѿҩΐץ ѿҩ ѿҩ ₮ ң

ҹᶛ̆ ᴰ ⌠ Ȃ ҈ҩ ̆ ꞉₱ ᶏ ℗₱ ̕

₮ ѿҩ ̆ ꞉₱ ᶏ ₱ Ȃ ԍ ӟ ̆

Ḡ ⱴ ȂCRMC 2 Ȃ 

 

2  Ὧ IOPs  

Table 2  IOPs and their setting range 

  

(£)  0- 80 

(£)  0- 80 

ᵝ (£)  0- 180 

ᾣ  0- 3 

Ԑᾣ  1- 50 

Ԑ (ëm)  5- 40 

Ҋ (km)  0- 5 

 

 



  

 

 

 

  

 
2 CRMC  

Fig. 2 flow chart of CRMC algorithm 

 

3  ҍ  

3.1  Ԑᾣ  

 
3 Ҍ Ҋ ᴆҊ Ԑ —Ԑ ᾣ :̂ã ̂̕ b̃ ̂̕ c̃ ̂̕ d̃  

Fig. 3 Spectral reflectance of water and ice clouds under different underlying surface types: (a) vegetation; (b)bare land; (C) 

fresh snow; (d) sea surface 

 

3 ԅ ῖ Ҋ ᴆҊ ᴰ ⌠ Ԑ —Ԑ ᾣ ȂῒҬ̆

ҹ 30£̆ ᵝ ҹ 60£Ȃ ̆ Ԑ ᾣ ᴪ֟ ѿҩ

̆ᶏ Ἕ ľ Ŀ̕ —Ԑֽ ᾣ ̆ғ ⱴ Ҋ Ȃל ԍ

̂ 3-b̃̆ —Ԑ ᴪ ᵞᾣ ̆ᵖ ӊ ̆—ԐḤ

Ԑѿ ̆ ԍ Ȃ ≠ ∞ ̆ ױ ӟ ӟ ֓Ԑ Ȃ

ӊ ̆ Ҍ ᾣ Ҭ̆1.38 —Ԑΐ ≢ ̆ ꜛԍ ῒҍ

№ Ȃ ԅ—Ԑ ̆ Ԑ Ḥ ҩ ₃Ӎ № Ȃ ҹ ԍѿҩ

(Gao et al. 1993)̆ ᵞ Ԑ Ḥ ⌠ ̕ ̆—

Ԑ ԍ ̆ ᵞ̆ ᵬ ᵞ̆ ҉ᴪ֟ ѿҩ Ȃ

̆ ≠ױ ᴰ ̆ SNN̆ Ԑ ≢Ȃ 

 



  

 

 

 

  

3.2  MERSI II ᾣ ἝԐ ≢ 

  
4 ≠ CRMC ≢ FY- 3D MERSI II ᾣ ἝҬԐ ҩ ᶛ: ( a) ҩ ᶛ CALIPSO VFM֟ ̂̕ b̃FY- 3D 

MERSI II Ἕ̂̕ c̃CRMC Ԑ ȂῒҬ ἝҬ ף CALIPSO ̆ ҹ CALIPSO ≢

Ԑ ̆ ҹ Ԑ Ȃ ѿҩᶛ Ҭ̆  

Fig. 4 Four cases of cloud recognition in FY-3D satellite MERSI II optical image by using CRMC method: (a) VALIPSO VFM 

data for each case; (b) FY-3D true color image for each case; (c) probability of cloud by CRMC for each case. 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. 

 

≠ SNN ≢ MERSI II ᾣ Ἕ Ԑ 4 ȂῒҬ̆SNN ῀ №≢ҹ

MERSI II ᴰ ╠ 7ҩ ȁ ₃ᵥȁ ץ Ȃ ױ ԅ ҩ ᶛ



  

 

 

 

  

CRMC Ҍ Ҋ ᴆҊ Ԑ ≢ ⱬȂ 4 Ҭ҉׆ Ҋ ѿҩᶛ ̂20180428_0655̃ ҹ

̆ 1 2 ӊ ̆ ҹ ̆ ҹҺ̕ ԋҩᶛ

̂20180610_0815̃ ҹ ̆ 500 Ҋ̆ץ ̕ ңҩᶛ

̂20180829_0455 20181031_0455̃ ҹ қ ̆ Һ 200 ץ

Ҋ̆ ҹ ̆ ̆ қ Ȃ ֲ ꜚ ̆ Ῑ Ҥ (ԍ

 et al. 2013)̆ ᾣ ҉ Ȃ 

ᵣ ̆CRMC ԅ FY-3D MERSI II Ἕ Ԑ ≢ ⱬȂ ≢ ֦

ῤ №ԐȂ ̆ ԍ Ԑ ≢ ⱬ̆CRMC ҉ Ȃ 4 ҈ҩᶛ

̂20180829_0455̃ ̆ ԍ ̆ Ἕ ᶷ (Sunglint) CRMC №ҹԐἝ

ᾝȂ ̆ ῀ (32£N̆122£E)̆ ԍ ῀ԅ ̆ ᾣ

ԅ Ȃ ∞ ᶭ ̆ ̆ ᾣ Ӟ ᶏ

Ἕᾝ №ҹԐἝᾝȂ ̆ ױ CRMC ΐ ѿ ⱬ̆ 4Ҭ ѿҩᶛ

̂20181031_0455̃̆ ῤ ₮ ԅ ̆ᵖ ҹ Ԑ ֽ 0.1Ȃ 

 

3.3  MODIS CALIOP  

ҹԅ CRMC ‰ ̆ ױ ῒ CALIPSO VFM ֟ ԅ Ȃץ VFM ֟

⅞№ ᵬҹ ṿ̆ ғ VFM ֟ Ҭ ԅᴋ ѿ ҹԐ̆ ҹ ἝᾝҹԐἝᾝȂ ̆

ԍ CALIPSO№ ̆ ғ FY-3D Ҍ ̆ ҉ᴪ₮ ѿ Ȃ

ҹԅ ̆ ױ ≠ VFM ֟ ԅ MODISᴰ MYD35 Ԑ ֟ ̆ᵬҹ

Ȃ ֒ Ҭқ ҳ Ȃ 

ҹԅ ⌠ѿҩ ṿ ⅞№Ҍ Ԑ ᴆҊ CRMC ‰ ̆ ױ └ԅԐ ≢

ṿ ῏ ̆ ҹ ἝᾝԐ ԍ ṿ ҹ ԐἝᾝ̆ ԍ ҹԐἝᾝȂ ≢

Ἕᾝ Ἕᾝ ṿ Ȃ׆ Ҭ ץ ₮̆ ṿҌ ̆ ԐἝᾝ ҉ ̆

ԐἝᾝ Ҋ Ȃ≠ Ҍ ṿ̆ ץ └ԐἝᾝ Ҥ ץ̆ Ҍ ӊҬȂ 

 

 

 
5 Ԑ ≢ Ԑ ṿ⅞№ ῏  

Fig. 5 Relationship between hit rate of CRMC method and threshold selection.  

 

ԍ CALIPSO VFM ̆ ≢№ױ ԅ CRMC ᵣ ȁ Ҭ̆Ԑ

≢ ṿ ῏ ̂ 5 Ȃ̃ ṿ ̆ ᵣȁ Ҭ№≢

ҹ 79.6%ȁ78.5% 81.2%Ȃ Ԑ ԐἝᾝ № ̆CRMC Ԑ ԐἝᾝ ≢

№≢ҹ 78.3% 78.5%Ȃ ԍ Ԑ Ṝ ῏̆ҹԅ ѿ ̆ ױ

ԅҌ ᴍ ᴆҊ̆≠ CRMC FY-3D MERSI II ἝԐ ≢ ̂ ṿҹ 0.2̃ Aqua 

MODISԐ ֟ Ȃ׆ 6Ҭ ץ ⌠̆CRMC Ԑ ≢ ҹ‰ ̆ 7 ⌠

85.9%Ȃ ғ̆ 1ȁ2 4 ᵞԍ MODIS֟ ̆ῒᵩ ᴍ Ȃ׆ ҉

̆CRMC Ҭᵞ Ԑ ≢ ̆ ⌠ 91.5%Ȃ ̆

↕ MODIS֟ ᵞȂ ҹ ᵞ ҹ ̆ ΐ ᾣ



  

 

 

 

  

̆ Ҭ׆ №₮ԐȂ ̆ ҉ C̆RMC Ԑ ≢ 70%⌠ 80%ӊ ̆ ԍ MODIS

֟ Ȃ ҹ ⱴ ↕̆ ṿ ≠ԍ ≢ Ҍ Ԑ̆ ғ MODIS֟

ᶏ ԅ ҩ֦ ♥ ̂Split Window Ȃ̃ ֦ ԍ ⱴ ̆ᶛ —

‟ ṿ ץ 270kҹ ṿ̆ 11 ֦ ≢ Ԑ(Ackerman et al. 1998)ȂMERSI 

II ᵬҹҍ MODIS ᵌ ᴰ Ӟΐ 6ҩ֦ ̆ ̆ Ҭ ױ ץ ⱴ֦

♥ ץ Ԑ ≢ Ȃ 

 

 
6 CRMC Ԑ ≢ ̂ ṿҹ 0.2̃ MYD35 ᴍ Ȃ 

Fig. 6 Hit rates of CRMC (threshold of 0.2) and MYD35 change with variations of month and latitude. 

 

3  а Ю Ю CRMĈ ḣѝ 0.2̃ б MYD35 Ҵ ⁞  

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 

 
CRMC MYD35 ֟  

 (%)    (%)   

 78.75 2200390 82.93 2392449 

 78.07 3003102 77.88 2458154 

 79.14 39859 81.87 27215 

 88.04 157829 84.94 120239 

 75.14 18403 76.75 11864 

 80.96 125716 79.20 85018 

 81.03 241123 80.32 169400 

 80.82 391 92.27 1139 

 79.78 19003 78.10 43475 

 79.87 387656 79.72 276356 

 81.63 268753 80.55 190607 

 73.47 801432 75.99 678186 

ӄ  82.48 8740 83.85 8928 



  

 

 

 

  

῾  79.47 470442 78.76 420837 

 83.70 19601 83.12 15500 

῾  87.25 39795 83.16 32749 

—  74.14 5073 80.81 5722 

 73.58 399286 72.69 370919 

 

MODIS Ṝ ̂MCD12C1̃ ̆ ױ ԅ ṿ ҹ 0.2 CRMC Ҍ

Ҋ ᴆҊ Ԑ ≢ ̆ ҍ MODISԐ ̂MYD35̃ ԅ ̆ 3 ȂῒҬ C̆RMC

ᴨԍ MODIS Ԑ ֟ ⱴ ᵣ Ȃ ╠ ṿҊ̆CRMC ҉ Ԑ ≢ ҹ

78.07%̆ ԍ MODIS Ԑ ֟ 77.88%̕ ̆ ֽҹ 78.75%̆ ԍ MODIS

֟ 82.93% Ȃ ⅞№ᶏ MCD12C1 ֟ Ҭ ӈ ‰̆ CALIPSO

ӈҌ ῃѿ ̆ ҉ 6 ₮ԅѿ Ȃ ̆ ױ ῾ ȁ

C̆RMC ԍ MODIS Ԑ֟ Ȃ ѿ ⱳԍ ≠ױ ԋ

№ ֟ ҹ‰ ᵀ ԅ ֓ Ҋ ᴆҊ Ȃ ҉ץ ̆CRMC

₮ԅ Ԑ ≢ ̆ Ҋ ̔ 

1̃ ԍ ᵌԍ FY-3D MERSI II ΐ ֦ ᴰ ̆ ≠ ֦ Ḥ ֦ ♥

Ȃ 

2̃ ≠ ᴰ ̆ IOPs Ȃ 

3̃ ӟ ף ᶏ ̆ ⱴ ԐἝᾝ ӟ

ⱬȂ ғ̆ ԍԐ ≢ ‰ ҍҊ ῏̆ Ԑ ≢ ץ Ҋ ᵬҹѿҩ

ⱴ῀Ȃ

 

4     

₮ԅѿ ׆ ᾣ ἝҬ ≢Ԑ CRMCȂ ԅ ᴰ

ӟ ᴨ̆ל ᴰ Ҍ ᴆҊ Ԑ ̆ ῒᵬҹ

ץ̆ ‗ ἝҬԐ ≢ № Ȃ ᴰ ᾟ№

Ҍ Ҋ ᴆҊȁҌ Ԑ ᾣ ’̆ ᾧֲ Һ Ȃ ≠ ӟ

ᾟ№≠ ᾣ ̆ ṿ̆׆ ⌠ ׆

≢ԐἝᾝ Ȃ 

ҍ CALIPSO VFM ̆CRMC ᵣȁ

Ҭ№≢ҹ 79.6%ȁ78.5% 81.2%Ȃ Ԑ ṿ̆ Ӟ └ Ԑ╧ Ҥ ̆ ԍ

Ԑ ֟ Ȃ ṿ ҹ 0.2 ̆ ԍԐ ԐἝᾝ ≢ ⌠ 78.4%Ȃ ѿ ҍ

MODISԐ ֟ ̆CRMC ԍ MODISԐ ֟ ᵞȂ

ҹ ֽױ ԅ ᾣ Ḥ ̆ ԅ֦ Ȃ ԍ ҹ

֦̆ Ḥ ԍԐ ≢ ҹ Ȃ ԍ Ԑ ≢ ȁ ȁ Ҭᵞ

̆ ԍ MODISԐ ֟ Ȃ ₮ ̆ҹ 91.5%Ȃ ȁ῾ ȁ

Ҋ ᴆҊ̆CRMC ᴨԍ MODISԐ֟ ̆ ₮ԅ ⱬȂ 
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Abstract:   

Cloud pixel detection is a crucial process in most remote sensing applications. In the one hand, due to the 

inhomogeneous distribution of aerosols and clouds in the atmosphere, quantitative aerosol remote sensing based 

on passive satellite sensor is particularly sensitive to cloud detection. An appropriate cloud detection technology is 

important to balance the amount and the quality of available data. In the other hand, for the underlying surface, the 

process of cloud detection also allows to avoid the interference of the cloud scene above regions of interest, such 

as soil, vegetation, and sea. (Objective) The study proposed a method to detect cloud pixels in the optical image of 

the FY-3D satellite MERSI II sensor based on radiative transfer simulation and machine learning: CRMC 

(Combine Reflectance simulation and Machine learning for Cloud detection). The method outputted cloud 

probabilities and allowed custom thresholds to control the strict degree of detection of cloud pixel. The main 

purpose of this method was to solve the problem that the MODIS cloud detection algorithm was not applicable in 

MERSI in aerosol inversion. (Method) The method considered binomial reflection characteristics of underlying 

surfaces and various parameters of aerosols and clouds by setting different Inherent Optical Properties (IOPs) of 

surficial and atmospheric objects. The CRMC method mainly included three steps: 1) Defining 11 typical 

underlying reflectance parameters from MODIS binomial reflection products by using a cluster analysis approach; 

2) Inputting the typical underlying reflectance and aerosol and cloud parameters with random inherent optical 

property into the SBDART radiation transmission model to obtain simulated reflectance dataset. The simulated 

reflectance dataset was used to train a shallow neural network; 3) Calculating cloud probability of the image to be 

processed with the trained shallow neural network and choosing a suitable threshold according to actual needs to 

complete cloud detection. (Result) Compared with the CALIPSO Vertical Feature Mask (VFM), results showed 

the maximum total accuracy of the CRMC was 79.6%, and it was 78.5% and 81.2% on land and sea respectively. 

With cloud probability threshold of 0.2 (at this time, the hit rates for cloud and cloud-free pixels are the same), the 

accuracy of the CRMC was lower than MODIS cloud mask products (MYD35) over sea but it was higher over 

land, especially on broad-leaved forest, farmland, urban and bare soil. (Conclusion) The CRMC method can 

effectively identify cloud pixels from FY-3D MERSI II  images with a similar hit rate compared with the MODIS 

products. Considering the uniformity sea surface, the information of brightness temperature can be more 

considered in the detection of sea surface clouds to improve accuracy. Additionally, the algorithm can resist the 

interference of haze to a certain extent. Finally, since it does not rely on special spectral range, this method can 

theoretically be applied to a variety of optical sensors. 

Key words: Cloud Detection, Radiative Transfer Simulation, Neural Network, FY-3D, MERSI II  


