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CloudSat, NOAA, AQUA 위성 자료를 결합한

한반도 지역의 강설추정 알고리즘 개발

김 나 리

부 경 대 학 교 대 학 원 위 성 정 보 과 학 과

요 약

최근 기후변화로 인해 강설강도가 점점 강해지고 폭설의 사례가 급증함으로써 위

성과 레이더를 이용한 강설추정에 관한 연구가 활발히 진행되고 있다.기존의 연구

들은 일반적으로 수동 마이크로파 센서를 이용하여 강설을 추정하는 기법을 채택하

고 있다.그러나 수동 마이크로파 센서만을 이용한 강설 추정은 대기의 연직 구조

파악이 힘들기 때문에 정확한 강설량을 추정하는 데에 한계가 있다.CloudSat의 구

름 레이더는 강설의 연직 프로파일에 대한 가치있는 정보를 제공하므로,수동 마이

크로파 센서와의 결합을 통해 새로운 강설 추정 알고리즘을 제시할 수 있다.

본 연구에서는 능동 마이크로파 센서인 CloudSat의 CloudProfilingRadar와 수동

마이크로파 센서인 NOAA/MHS와 AQUA/AMSR-E 자료를 각각 결합하여 한반도

에 적합한 강설 추정 알고리즘을 개발하고,그 활용 가능성을 조사하였다.강설에 대

한 특징을 보다 자세히 분석하기 위해 각각의 자료에 대한 주성분 분석을 수행하였

고,산출된 값들을 결합하여 강설 추정 알고리즘을 개발하였다.최종적으로 개발된

알고리즘에 수동마이크로파 자료만을 이용하여 Z′ 값을 산출하였고,CloudSat의

Z′ 값에 대한 상관관계를 조사하였다.이를 통해 강설에 대한 관측 가능성과 그 활

용성을 확인할 수 있었다.CloudSat통과시의 실제 관측 영상과 두 센서의 결합 알

고리즘에 의한 영상을 비교하여,알고리즘의 활용 가능성이 확인되었으며 육상에 대

해서는 추가적인 연구가 필요한 것으로 판단된다.
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1.Introduction

Snowfallisaveryimportantcomponentintheclimatesystem

and plays a key role in the hydrologicalcycle.Snowfallof

Koreanwinterseasonisbelow 10% ofannualprecipitation,but

itisanimportantfactorforthewaterresourcesofspringseason

anddecreaseofforestfire.However,theheavy snowfallcases

increasing rapidly by the climate change. The number of

snowfalldaysissimilartoeveryyear,butsnowfallstrengthis

increasinglysevere.Thesnowfalldisasteraffectfrom occurrence

time,anditaffectavarietyofenvironmentandsocietysystem.

Because it piled up during a certain period after snowfall

occurring(Robinson,1989;Schmidlin,1993).Thus,weeffortinto

retrievingofsnowfallandcheckingthewhetherornotsnowfall

istruefordecreasingdamagebyheavysnowfall.

Methodsaretomonitorthesnowfallthatgroundobservation

system such as snowfallgauges,AWS and radarhave been

used,butthesemonitoringsystemsaresparselydistributedand

havebeenaneffectontheland.Sosuchmonitoringsystemsare

difficulttosnowfallretrieval,becauseitwasnotrepresentedfor

the homogeneous distribution of snowfall area, and the

inadequacyofdatahasarisen(Park,2000).

Snowfallretrievalmethodusingthesatellitedataisbecoming

the popular method because itcould geteasily a variety of
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channeldataandcanmonitoringandmeasurementsforsnowfall

from wideareawithoutinfluenceofland(Kim andPark,2002).

ChoiandShin(1990)revealedtheextrapolabilityforclouddepth

andpossibilityofperceptiblewaterretrievalusingthebrightness

temperatureofGMSsatellite.Leeetal(1994)alsostudiedforthe

methodofprecipitationestimationbymeasurementsofGMS(VIS,

IR)andGwanakradar,andmany researcherswerestudiedfor

snowfall retrieval methods using brightness temperature of

cloud(Seo etal,1994;Lee etal,1994).However,the method

usingtheVISandIR ofsatelliteisindirect.Satellitescandetect

thecloudbrightnesstemperatureandcloudtoptemperature,but

cannot detect the particles.So unique limitation is existent.

Gruber(1973)pointed outthatthe method using VIS and IR

inappropriate to analogize with detailed section of convective

activity.Atlas(1982)alsopointed outtheriskinessthatmethod

using VIS and IR from a geostationary satellite applied for

estimating precipitation ofeachstorm.However,themicrowave

canrelativelyestimatesnowfallrate,becauseitcanpenetratethe

cloud and provide the height and attribute data of cloud.

Therefore,itismostlyusedaboutsnowfallretrievalstudies.

Many international researchers show high interest for

development of snowfall retrieval algorithm using passive

microwave sensors. Limin Zhao and Fuzhong Weng(2002)

developed the algorithm estimated the Ice Water Path and
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particle size using 89,150 GHz channels of AMSU.Cezar

Kongolietal(2003)wasimprovedtheexistingrainfallalgorithm

by AMSU data,and then it applied for snowfalldetection.

Haddad and Park(2009) derived the algorithm by combining

measurements from TRMM/PR sensor and radiometer data.

Studiesofdevelopmentofsnowfallretrievalalgorithm forusing

thepassivemicrowavesensoraresteadilyproceeding.However,

snowfallretrievalfrom thepassivemicrowavesensorhaslimitto

accurate estimation,because it is difficult to understand for

verticalprofileofatmosphere.

In this study,we develop snowfallretrievalalgorithm by

combiningmeasurementsfrom CloudSatcloudradarasanactive

microwave sensor, Aqua/AMSR-E and NOAA-18/MHS, and

investigateanapplicationpossibilityfrom casestudies.
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2.DATA

The study area is the Korean Peninsula bounded by 30 ∼

45°N and120∼ 135°E(Figure2.1.).Thesnowfallwasestimated

overthe study period from Decemberto February in winter

seasonofKorea.ThisstudyusedCloudSatCloudProfilingRadar

(CPR)products(2B-GEOPROF),MHSsensordataandAMSR-E

sensordata.CloudSatCPR products(2B-GOEPROF)wasprovided

in the CloudSat Data Processing Cetner

(http://www.cloudsat.cira.colostate.edu),AMSR-E and MHS data

wasobtainedinFTPdirectoryandNOAA website,respectively.

Weusedthedataprocessingusingprogram suchasIDL6.0and

MatlabR2008b.



- 5 -

Figure2.1.Studyarea
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2.1.CloudSatCloudProfilingRadarData

CloudSatwas launched in April2006,and a NASA Earth

SciencesSystemsPathfinder(ESSP)mission.Themainpurpose

of CloudSat mission is to measure the verticalstructure of

clouds and will simultaneously observe cloud and

precipitation(NASA ESSPM,2008).Itisapolar-orbitingsatellite

within A-Train constellation,included Aqua,AURA,CALIPSO

and so on.CloudSatcarries the Cloud Profiling Radaras an

activemicrowavesensor.CPR isa94-GHznadir-looking radar

andwasdevelopedjointlybyNASA/JPLandtheCanadianSpace

Agency(CSA).TheverticalandhorizontalresolutionofCPR are

500m and1.4×1.7km,respectively,andithasasensitivityof

–29dBZ,suchthatCloudSatisabletodetectmost,butnotall,

troposphericclouds(SassenandWang,2008).Itisverysensitive

forthe ice particles and,is very usefulforunderstanding of

cloud characterization, because it also provides valuable

information fortheverticalprofilesofsnowfall(Matrosov etal,

2008)(Table2.1).

CPR provides level1 and 2 products and Table 2.2 was

representeddescriptionsfortheseproducts.ThedesignofCPRis

driven by itsscientificobjectives.Thesensitivity defined by a

minimum detectable reflectivity factor of –30 dBZ, and a

calibrationaccuracyof1.5dB(Kim etal,2011).Inthisstudy,we
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used2B-GEOPROF products,appliedthecloudmaskandradar

reflectivity(Figure 2.2).The information aboutcloud mask flag

showedTable2.3.In ordertogetthesnowfalldata,webuild

the database in case that there are cloud mask flags and

reflectivityvaluesmorethan3and–5dBZfrom landsurface.
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Table2.1 System characteristicsofCloudSatCPR

NominalFrequency 94GHz

PulseWidth 3.63μsec

PRF 4300Hz

Minimum DetectbleZ <-29dBZ

DataWindow 0– 25km

AntennaSize 1.85m

DynamicRange 70dB

IntegrationTime 0.16sec

NadirAngle 0.16°

VerticalResolution 500m

Cross-TrackResolution 1.4km

Along-TrackResolution 1.7km

DataRate 20kbps
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Table2.2 CloudSatstandarddataproducts

Product Description

1B-CPR

and1B-CPR-FL
RadarBackscatterProfiles

2B-GEOPROF CloudGeometricalProfile

2B-CLDCLASS CloudClassification

2B-CWC-RO CombinedWaterContent– RadarOnly

2B-TAU-OFF-N CloudOpticalDepth– OffNadir

2B-CWC-RVOD CombinedWaterContent– Radar+Vis.OpticalDepth

2B-FLXHR FluxesandHeatingRates

2B-GEOPROF-Lidar
Cloud GeometricalProfilefrom CPR and CALIPSO

Lidar

2B-CLDCLASS-Lidar CloudClassificationfromCPRandCALIPSOLidar
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Table2.3 DescriptionofCloudSatcloudmaskvalues(NASA ESSPM,

2007)

MaskValue Meaning

-9 Badormissingradardata

5 Significantreturnpowerbutlikelysurfaceclutter

6∼ 10
Veryweakecho

(detectedusingalong-trackaveraging)

20
Weakecho

(detectionmaybeartifactofspatialcorrelation)

30 Goodecho

40 Strongecho
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(a)OrbitofCloudSat

(b)CloudMask

(c)RadarReflectivity

Figure 2.2.Sample image for heavy snowfallby CloudSat in the

Koreanpeninsula
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2.2.AQUA/AMSR-E Data

Advanced Microwave Scanning Radiometer for the Earth

ObservingSystem(AMSR-E)isapassivemicrowaveradiometer

on boardAQUA satellitesinceMay 2002.Ithassix-frequency

andtwelve-channels,with6.925,10.75,18.7,23.8,36.5,89.0-GHz.

Eachofchannelsispolarizedandallofthechannelsdetectthe

brightnesstemperatureemittedfrom theearth. Itprovidesthe

globaldatasetforavarietyofweatherandclimatestudies,and

usefulformeasuringmeteorologicalvariables(suchasall-weather

seasurfacetemperature,seaiceextent,oceanicintegratedcloud

waterand watervapor,precipitation,soilwetness,snow water

content) in cloudy regions of atmosphere(Lobl et al,2009).

Aqua/AMSR-E,A-TrainsatelliteincommonwithCloudsat,has

nearly same orbitwith CloudSat.These two satellites collect

data almostsimultaneously,because CloudSatlags behind the

Aqua satellite by approximately 90 seconds. Table 2.4 is

representedthespecificationofAqua/AMSR-Esensor.
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Table2.4 SpecificationofAMSR-EonboardAQUA

CenterFrequencies

(GHz)
6.9 10.7 18.7 23.8 36.5 89.0

MeanSpatial

Resolution(km×km)
56 38 21 24 12 5.4

IFOV (km×km) 75×43 51×29 27×16 32×18 14×8 6×4

SamplingRate

(km×km)
10×10 10×10 10×10 10×10 10×10 5×5

Sensitivity(K) 0.3 0.7 0.7 0.7 0.6 1.2

IntegrationTime

(msec)
2.6 2.6 2.6 2.6 2.6 1.3

Main Beam Efficiency

(%)
95.3 95.0 96.4 96.4 95.3 96.0

Beamwidth(degrees) 2.2 1.4 0.9 0.9 0.4 0.18

Orbit(km) 705(sunsynchronous,±82latitude)

Repeatcycle(day) 16

Swath(km) 1450

Datasize/Scene

(MB)
21(includingallchannels& levelstoL1B)
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2.3.NOAA-18/MHSData

Microwave Humidity Sounder(MHS)is a passive microwave

sensor on board the National Oceanic and Atmospheric

Administration(NOAA)polar-orbitingplatforms,andisarevised

versionofAMSU-B.Ithasfivechannelswith89,157,183.3±1,

183.3±3and190GHz,anditsfootprintis16×16km atnadir.

The antenna beamwidth is a constant 1.1 degrees at the

half-powerpointateachchannelfrequency(Kim etal,2011).

MHSprovidesproductssuchasrainrate,icewaterpath,snow

cover,snow waterequivalentandsoon.SinceMHShasawider

swath than SSM/Iand TMI,itobservesaround EastAsiaat

leasttwiceaday.Itcanalsoutilizehighfrequencyrangesfor

scattering characteristics ofsnowfallcloud and apply the land

and ocean simultaneously. Table 2.5 is represented the

specificationofNOAA-18/MHSsensor.
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Table2.5 SpecificationofMHSonboardNOAA-18

Frequencies(GHz) 89.0 157.0 183±1 183±3 190

Polarization vertical vertical horizontal horizontal vertical

Sensitivity(K) 0.22 0.34 0.51 0.40 0.46

Beamwidth(MHz) 2800 2800 2×500 2×1000 2200

Swath(km) 1650km

Spatialresolution 17km horizontalatnadir

FieldofView ±49.5degreescross-track

IFOV 1.1degreescircular
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3.METHODOLOGY AND RESULT

3.1.SnowfallRetrievalAlgorithm

Figure3.1.isaflow chartofsnowfallretrievalwithcombining

CloudSatandAMSR-EorMHSforthisstudy.

Figure3.1.Flow chartofsnowfallretrievalwithcombiningCloudSat,

AMSR-E,andMHS
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Weusedreflectivity ofvertical20observedfrom surfaceby

CloudSatandbrightnesstemperatureofAMSR-E9channelsand

MHS 5channelstosnowfallretrievalin January andFebruary

2008.

Thesedatahaserrorsfordifferencesofobservinglocationand

resolution between CloudSat-CPR and AMSR-E, and

CloudSat-CPR and MHS.So we collected data that spatial

differenceoflatitudeand longitudebetween two satelliteswas

lessthan1degree.Then,temporaldifferencebetweenCloudSat

andMHS waswithin 5minutes,butitbetween CloudSatand

AMSR-E was notconsidering because temporaldifference is

approximately 90seconds.Spatialresolution fittedby averaging

values of CloudSat radar which have relatively good

resolution(1.4×1.7km).

Principle Component Analysis(PCA) is the main analysis

method used in thisstudy.PrincipleComponentsAnalysisthat

informationofmulti-dimensionaldataisabbreviatedto2-or3-

dimensionaldataminimizethelossofdatainformation,itmake

visually understanding thatthereisobservation targetsin any

position.Toachievethis,weshouldsearchtheaxismaximized

dispersion.Ifdataisanalyzedfrom which,information each of

characteristics is easily found. Therefore, we perform the

principlecomponentsanalysistoanalyzesnowfallcharacteristics

indetail.
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Basedon databaseforJanuary andFebruary 2008,AMSR-E

and MHS data wasclassified as clearsky data and snowfall

data.Brightness temperature calculated each ofAMSR-E and

MHS channels is influenced by land and atmosphere,

simultaneously.In particular,low frequency microwavechannels

is affected by land than atmosphere,so itvery importantto

remove influences of land.Removing them,we perform the

principlecomponentsanalysisforclearskydataofAMSR-Eand

MHS.Asaresult,mode1and2ofAMSR-E andmode1of

MHSrepresentedinfluenceoflandwasdiscarded,andthenother

eigenvectorwasused.Table3.1andTable3.2wasrepresented

eigenvector for AMSR-E and MHS. Eigenvector discarded

influenceoflandandbrightnesstemperatureeachofchannelsfor

snowfallwasinputtedintofollowing equation,andthenwegot

thechannelsvalueweightedsnowfallcharacteristics.


 (1)

where

ki
t
T = Weighted AMSR-E channels value by snowfall

characteristic(i=3∼9)

T1 ~T9=BrightnesstemperatureforAMSR-E9channels

ai∼ ii=EigenvectorofAMSR-Echannels(i=3∼9)
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
 (2)

where

wi
t
T = Weighted MHS channels value by snowfall

characteristic(i=2∼5)

T1 ~T5=BrightnesstemperatureforMHS5channels

ai∼ ii=EigenvectorofAMSR-Echannels(i=2∼5)

Throughequations,ki
t
T andwi

t
T weightedchannelsvalueby

snowfallcharacteristicwascalculated.
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Table3.1 ModevaluesofClearSkyforMHS ChannelsinFebruary

2008

ai bi ci di ei

mode2 -0.408 0.412 0.203 0.352 0.703

mode3 0.289 -0.491 0.632 0.523 0.118

mode4 0.213 -0.490 -0.652 0.198 -0.499

mode5 -0.108 0.253 -0.364 0.749 -0.479

Table3.2 ModevaluesofClearSkyforMHS ChannelsinFebruary

2008

ai bi ci di ei fi gi hi ii

mode3 0.598 -0.222 -0.382 -0.459 -0.206 0.004 -0.232 0.374 0.015

mode4 0.239 -0.505 0.465 -0.108 -0.023 0.328 -0.082 -0.390 -0.441

mode5 -0.190 0.439 0.325 -0.050 -0.534 0.120 -0.393 0.310 -0.335

mode6 -0.171 0.365 -0.351 -0.445 0.218 0.661 0.175 -0.184 -0.207

mode7 -0.046 -0.016 -0.068 0.140 0.687 -0.142 -0.375 0.333 -0.480

mode8 -0.084 0.123 0.426 -0.582 0.305 -0.179 -0.347 -0.135 0.441

mode9 0.008 -0.048 -0.237 0.391 -0.009 0.429 -0.650 -0.231 0.359
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 Next, we perform the principle components analysis for

CloudSatreflectivitydata.Inordertoextractcomponentsabout

snowfall, we performed principle components analysis using

vertical20reflectivityfrom surface.Asaresult,mode1valueis

represented thesnowfalleffectvery well,and coordinativeZ′

whichisweightedreflectivityeachoflevelswascalculatedusing

mode1value.

In order to derive suitable regression equation for heavy

snowfallcases,Z′ valueforCloudSatwascategorizedintofive

according tosize,and then weperform themultipleregression

analysisusing weightedvalueofAMSR-E andCloudSat,MHS

andCloudSatforeachofcategories.

  A : Z′ < 

  B :  < Z′ <   + 0.5

  C :  + 0.5 < Z′ <  + 1.0 

  D :  + 1.0 < Z′ <  + 1.5

  E : Z′ >  + 1.5

By the analysis,the best result is values of regression

equation for E category.The linear regression equation for

AMSR-E andMHS isequation(1)andequation(2),regression

coefficientswererepresentedTable3.1andTable3.2.

 ′









 (3)
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where

α1∼ α7,β =regressioncoefficientsforAMSR-E

 ′





 (4)

where

α1∼ α4,β =regressioncoefficientsforMHS

WeestimatedZ′ atderivedsnowfallretrievalalgorithm using

only passive microwave sensor data.The correlation analysis

wasperform byZ′ from CloudSatandcombinedalgorithm,and

Figure 3.2 and Figure 3.3 are represented results.Correlation

coefficientforalgorithm ofAMSR-E and CloudSatis 0.66 in

Januaryand0.60inFebruary,2008,andRMSE is2.67and2.36,

respectively.Correlation coefficientforalgorithm ofMHS and

CloudSatis 0.67 in January and 0.596 in February,2008,and

RMSEis2.27and1.92,respectively.
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Table3.3Regressioncoefficientsα1- α7,β derivedfrom CloudSat/MHS

algorithm inJanuaryandFebruary2008

α1 α2 α3 α4 β

Jan2008 0.04 -0.216 -0.16 -0.17 42.94

Feb2008 -2.42 -0.767 -4.68 -0.78 750.80

Table 3.4 Regression coefficients α1 - α7, β derived from

CloudSat/AMSR-Ealgorithm inJanuaryandFebruary2008

α1 α2 α3 α4 α4 α4 α4 β

Jan2008 0.73 0.20 -0.21 0.004 0.09 -0.06 0.004 28.02

Feb2008 0.14 0.20 -0.79 0.16 0.02 -0.10 0.04 -33.55
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(a)Jan,2008

(b)Feb,2008

Figure 3.2. Reflectivity scatter diagrams for CloudSat and

CloudSat/MHScombination,(a)January,and(b)February,2008
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(a)Jan,2008

(b)Feb,2008

Figure 3.3. Reflectivity scatter diagrams for CloudSat and

CloudSat/AMSR-Ecombination,(a)January,and(b)February,2008
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3.2.CaseStudy

We perform case studies in Feb.3,2008,using developed

snowfallretrievalalgorithm inthisstudy.

Figure3.4wasrepresentedimagesforbrightnesstemperature

of MHS channels(89.0, 157.0, 183±1, 183±3, 190.0 GHz) in

February3,2008.Inimagesof89.0and157GHzchannels,high

brightnesstemperaturewasrepresented on land,and imageof

183±1GHzchannelwasgenerallyrepresentedlow valuesexcept

forsomepartsofthesouthernsea,andimagesof183±3and190

GHz channels generally showed high brightness temperature

exceptsomepartofRussia.Therefore,itwasdifficulttoobtain

theaccuratesnowfallsignalsthrougheachofchannelsimages.

Figure 3.5 was represented images for vertical polarized

brightness temperature ofAMSR-E channels(10.65,18.7,23.8,

36.5,89.0GHz)insameday.Sincelow frequencychannelssuch

as10.65and18.7GHzwasseriouslyinfluencedbylandeffects,

brightness temperature in land was high values and in ocean

was low values.Therefore,boundary between land and ocean

wasclearlydivided.Ontheotherhand,highfrequencychannels

suchas23.8,36.5,and89.0generallyshow thevolumescattering

forsnowfalliceparticlein ocean,butweredifficultto search

accuratesnowfallsignals.

Figure3.6andFigure3.7aretorepresentreflectivity images
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byCloudSatandimagesappliedalgorithm ofMHSandCloudSat,

andAMSR-EandCloudSat.Throughtheseimages,A∼B andC

∼D areas which is the East Sea including Ullengdo was

represented that reflectivity value is 6∼14 and 30∼70,

respectively,and we confirmed higherZ′ value than around

area.Then,weknow toexistsnowfallcloudthathasmore10

dBZthanaroundarea,throughCloudSatreflectivityimages.The

developed snowfall retrieval algorithm in this study was

confirmedtocalculateaccurateresultrelatively,becausesnowfall

of approximately 86.5 cm was fell in Ullengdo by Annual

ClimatologicalReportofKoreaMeteorologicalAdministration in

2008.
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89.0GHz 157GHz

183±1GHz 183±3GHz

190GHz

Figure3.4.ImagesofCloudSatandMHSchannelsonFeb.3,2008
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10.65 GHz 18.7 GHz

23.8 GHz 36.5 GHz

89.0 GHz

Figure3.5.ImagesofCloudSatandAMSR-EchannelsonFeb.3,2008
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Figure3.6.Snowfallcloud imagecomparison forinstantaneousprofile

by CloudSat and horizontaldistribution by CloudSat/MHS retrieval

equation,February3,2008
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Figure3.7.Snowfallcloud imagecomparison forinstantaneousprofile

byCloudSatandhorizontaldistributionbyCloudSat/AMSR-E retrieval

equation,February3,2008
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4.CONCLUSION

In this study,we developed snowfallretrievalalgorithm by

reflectivity of CloudSat-CPR and brightness temperature of

AMSR-EandMHS.Theprinciplecomponentsanalysiswasused

toanalyzethecharacteristicsofsnowfall,and linearregression

equation was drawn by combining calculated values(Z′,wi
t
T,

ki
t
T).

We investigated therelationship between Z′ from CloudSat

andcombinedalgorithm inJanuaryandFebruary,2008.Incase

ofMHS algorithm,correlation coefficientis0.67 and 0.56,and

RMSE is 2.27 and 1.92,respectively.In case of AMSR-E

algorithm,correlation coefficientis0.66and0.60,andRMSE is

2.67 and 2.36,respectively.Through theresults,weconfirmed

observation possibility and applicability for snowfall from

snowfallretrievalalgorithm.

We performed the case study in Feb.3,2008,and were

difficulttogetsnowfallsignalsthrougheachofchannelsimages.

However,images applied algorithm was identified forsnowfall

signals atthe EastSea area including Ulleundo,and existing

snowfallin comparison with CloudSatreflectivity image.Then,

algorithm bycombiningfrom MHS andCloudSatdatashowsa

possibility of snowfallobservation both ocean and land,but
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algorithm bycombiningfrom AMSR-EandCloudSatdatashows

aobservationpossibilityinonlyoceanareabecauseofinfluence

ofland.Therefore,weareconsidered need to compensatethe

defectforalgorithm.

In thisstudy,snowfallretrievalalgorithm wasdeveloped by

combining reflectivity ofCloudSat-CPR asanactivemicrowave

sensorandeachofthebrightnesstemperatureofAMSR-E and

MHS as a passive microwave sensor,and investigated an

application possibility.Therefore,we are considered need to

additionalstudiesthatareresearchestoimprovealgorithm using

amorelong-term andrigorouson-siteobservationsaswellas

toimproveaccuracyofalgorithm usingotherpassivemicrowave

products.
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