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Abstract:

Cloud pixel detection is a crucial processnmost remote sensingpplications In the one hand, wk to the
inhomogeneous distribution of aerosols and clouds in the atmaspgheantitativeaerosol remote sensirgpsed
on passive satellite sensorgarticularlysensitive to cloud detectioAn gppropriate cloudletectiontechnologyis
important tobalancethe amount anthe quality of available datdn the other handfor the underlying surface, the
process of cloud detectiaisoallows to avoid the interference did cloud scene above regions of interesthsuc
as soil, vegetation, and sé€@bjective) The studyproposel a methodto detectcloud pixelsin the optical image of
the FY¥-3D satellite MERSI Il sensobasedon radiative transfer simulation and machine learning CRMC
(Combine Reflectance simulation and Machine learning for Cloud detectithg. methodoutputed cloud
probabilities and alloed customthreshold to control the strict degreeof detetion of cloud pixel The main
purpose of thisnethodwasto solve the problem that the MODIS cloud detection algorithes not applicable in
MERSI in aerosol inversion(Method) The method consideredinomial reflection characteristics of underlying
surfaces and various parameters of aerosols and cloudsting different Inherent Optical Properties (IOPs) of
surficial and atmosphér objects The CRMC method mainly includethree steps: 1Defining 11 typical
underlying reflecainceparametersrom MODIS binomial reflectiomproductsby using acluster analysispproach
2) Inputting the typical underlying reflectane@and aerosol and clougharameters withrandominherentoptical
propertyinto the SBDART radiation transmission model to obtain simulated reflectance dafagetimulated
reflectance datasetasusel to traina shallow neural network3) Calculatingcloud probability of the image tde
processedvith the trainedshallow neural networknd choosing a suitable teshold accorikhg to actual needs to
complete cloud detectiorfResult) Compaed with the CALIPSOVertical FeatureMask (VFM), results showed
the maximum total accuracy of the CRM&s79.6%, and itvas78.5% and 81.2% on land and sea respectively.
With cloud probability thresholdof 0.2 (at this time, thehit rates for cloud and cloudree pixelsarethe samg the
accuracyof the CRMC was lower than MODISloud mask productéMYD35) over sea but it was higher over
land, especiallyon broadleaved forest, farmland, urban and bare .s@@lonclusion) The CRMC methodcan
effectively identify cloud pixels fronfrY-3D MERSI Il imageswith a similar hit rate compared witthe MODIS
products. Considering theuniformity sea surfacethe informationof brightness temperature can be more
considered in the detection of ssarface cloudso improve accuracyAdditionally, the algorithm can resist the
interference of haz& a certain extent=inally, snce it does not rely on special spectrahge this method can
theoretically be applied to a variety of optical sensors

Key words: Cloud Detection Radiative Transfer SimulatioNeuralNetwork, FY-3D, MERSI I



