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Detecting Arctic snow and ice cover with FY-1D global data
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Abstract Chinese meteorological satellite FY -1D can obtain glbal data fran four
spectral channels which nclude visble channel (Q 58-Q0 68 Hm) and mnfrared chan-
nels (Q 84-0 89 Hm, 1Q 3-11. 3 Hm, 1L 5-12 5 Bm). 2366 snow and ice san-
ples 2024 cloud sanples 1602 land sanples and 1648 water sanples were selected
randan ly fram A retic inageries Land and water can be detected by spectral features
Snow -ice and cloud can be classified by textural features The classifier is Bayes clas-
sifier By synthesizing five d ays classify ng result of A retic snow and ice cover area
canplete A retic snow and ice cover area can be obtamed The result agrees w ith NO -
AA/NESDIS MS products up to 70% .
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1 Introduction

The Antarctic and A rctic are key research areas toW orld Clm ate R esearch Progranm e
(WCRP) and Intemational G eosphere-B iosphere Program'"', and attached mportance on
seriously n previous IPCC I'eportslz o Detecting A rctic snow and ice cover by satellites is
very urgent and mportant to know the process of climate change and monitoring globalw ar-
ming . According to the the published report of American National Snow and Ice Data
Center i September 28th 2005 for the period 1979 through 2001, before the recent series
of low extents the rate of Septenber A rctic snow and ice cover decline was slightly more
than @ 5 percent per decade A fter the Septanber 2002 m nmum, which was the record
before this vear the trend steenened to 7 3 percent Incomorating the 2005 m inmum.
w ith a projection for ice grow th in the last few days of Septeanber the estmated declne n
end-of-summ er A rctic sea ice is now approxmately 8 percent per decade If current rates of
decline in sea ice continue the summertine A rctic could be canpletely ice-free w ell before
the end of this century Snow and ice cover i polar area is an mportant factor by which
surface physical process mfluences clmate systam, and its seasonal and annual change is
not only restricted by but also having great mfluence on clinate systan. Keeping a close at-
tention on A rctic snow and ice cover has great significance to both global clmate change
and China weather and clmate

Currently, it is usually using optical passive and active radar satellite ranote sensing
sensors to detecting arctic snow and ice and sensors of different k inds has their advantages
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and disadvantages Advanced VeryH igh Resolution Radianeter( AVHRR ), loaded on NO-
AA series satellites whose resolution is 1 1km, can be used to accurately estinate sea ice
boundary, sea ice itensity surface type and tamperature ', but its shortcan ing is that
motionless clouds and long-tme night distuib its data acquisition C louds and night can not
influence passivem icrow ave sensors © . Special SensorM icrow ave /I ager( SM /1) load-
ed on Defense M eteorological Satellite Progran (DM SP), a multi-channel m icrow ave rad r
aneter can obtain daily global sea ice ntensity data and differentiate multi-year ice and
one-year ice =, but its resolution is low ( about25 km). SAR ( Synthetic A perture R a-
dar) loaded on satellite can detect snow and ice and free of the mfluence of clouds and
night and its data resolution is very high ( about 20 m), so its data is frequently used m

. 15 16
the research of snow and ice I

Its shortcan ng is Im ited detecting area and cannot be
used to global or ham isphere detection

Since FY -1C /D bemng launched Chma has its own global satellite ranote sensing da-
ta FY-1C and 1D have the sane sensorsM ultichannelV isble and Infrared Scan R ad iom e-
ter(MV ISR), which can obtan global data of visble near-mfrared and mfrared splitw n-
dow channelswhose wavelength and data for at is sm ilar to thatof the 1, 2 3 4 5 channels
of NOAA-AVHRR'"”'. Up to now, 6 years global data have been collected fran the
MV ISR, and these data is useful to polar snow and ice research H owever because of the
lack of NOAA-AVHRR’ s third channel ( 1 6 Bm n daylight and 3 7 Hm in night) that is

18-20 . e e
! previous methods cannot be used for utilizing

effective to distinguish clouds and snow'
the data In this paper a new method is presented to obtain A rctic snow and ice cover by
using the MV ISR data

Based on many test and sanples analysis the difference of the spectral features and
texture features beween clouds and snow-ice i the four channels of MV ISR was under
stood and then a discrin mant function to distinguish clouds and snow-ice was built The
result is that it is effective to discrm mate clouds and snow -ice by spectral feature and tex-
ture feature

2 Data

FY -1D global data (GDPT) are obtaned fran Chmna N ational Satellite M eteorological
Center The footprint resolution is 3245m'”"". There are four channels channel 1 (Q 58-
(0 68 Bm, channel2 (Q 84-Q0 89 Hm), channel3 (1Q 3-11 3 Hm), channel 4( 11 5-
12 5 Bm). Because a visble channelwas used and the A rctic is n the polar night during

winter the summer data (M ay-July 2004-2005) were selected
3 Feature analysis

A ccording to the experience of satellite meteorologists various samples mncluding
2172 snow and ice sanples 2133 clouds sanples 1602 land sanples 1648 water san-

ples were obtaned

3.1 Spectral feature analysis
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It is difficult to distinguish snow and ice fran clouds because the reflectivity f clouds
snow and ice are all high n visble band In infrared band the brightness temperature of
clouds has aw ide range The brightness tamperature of sane clouds is lower than snow and
ice and the brigchiness tamperature of san e clouds is close to that of snow and ice So same
cloudsmay be distnguished fran snow and ice by brightess temperature A ccording to
tests itwas found that the difference betwween channel 1 and channel 2 is useful to distin-
guish clouds and snow-ice that is the value of clouds is relative low and the value of snow
and ice is relative high Figure l1a shows the image of channel 2 reflectivity m Beaufort Sea
and A laska m the south n June 22 2004 Figure 1b shows the corresponding mage of the
difference of channel 1 and channel2 In figure 1a the reflectivity of clouds snow and ice
are all high so it is mpossble to distinguish then by the reflectivity of visble band but
the texture of snow and ice is apparently smoother than that of clouds Therefore the next
portion w ill have a detailed analysis of the texture feature of clouds snow and ice In fig-
urelh most clouds are more dark than snow and ice so the difference betw een channel 1
reflectivity and channel 2 reflectivity is an mportant difference beween clouds and snow -
ice

A smple discrm nant method was designed by the reflectivity and the reflectivity
difference bew een channel 1 and channel 2 The thresholds are set as follows

0 < [CH1- CH2] < 10%

water

CH?2< 200
hnd‘ [CH1- CH2] < 0%
CH2< 500
partial clouds Wo < [CH1-CH2] < 8%
CH?2> 2%

CH1 and CH2 are the reflectivity of channel 1 and channel 2 respectively CH1-CH2 is
the difference beween the reflectivity of channel 1 and channel 2 By using this threshold
discrm mantmethod most clouds can be distinguished fran snow and ice In the next part

texture feature is used for further distinguishing clouds and snow -ice

3.2 Texture feature analysis

Texture is a concept often used to descrbe mages H aralick first proposed G rey Level
Co-occurrence M atrix (GLCM )'™', which is aw idely used texture statisticalmethod GL-
(M reflects the synthetic mfomation of direction intervals change width of mage grey
leve] and can be used to analysis mages’ unit and arrange structure The GLCM m ethod
assum ed that textural mfom ation is characterized by a set of co-occurrence matricesP (1 j
d, 0), where (i j) the elanent is the relative frequency w ith which wo pixels separated at
the distance d occur n mage P (i j d 0) is generally expressed by matrix so it is called
as Grey Level Co-occurrenceM atrix  Generally 0 is considered 0°, 45 90° 135°respec-
tively and thenP (i j d 0) is a symmetry matrix H aralick defined 14 texture features
such as contrast entropy, mverse difference manent correlation angular second manent

23 .
and so on'”'. The fomulas are listed as follows
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Fig 1 Canparison of the reflectivity of channel2 ( left) w ith the difference betveen reflectivi
ty of channel 1 and reflectivity of channel 2 ( right).

Table 1. Texture features canpute fomula

Texture feature Fomula
-1 , L-1 I-1
Contrast coN = Xl pli )
n=0 i=0 j=0
-1 L-1
Entropy ENT = | 4 L i (4j) ogp (i)
= J=
=1 -1 .
Inverse difference m an ent HOM = 4 RS

=1 L=1 .. .o - wu
COR = 2, Getiow

Correlation

Angular second manent AM = 2, 2.0 (1))

un uUn 0. 0, are defined as
-1 L-1 L-1 L-1

w= 2iDp(if) = 2 p(i))

-1 -1 L-1 -1
0? = E(i— w )’ Z;p‘(;’j), 02: ;(j- uz)zz;p‘(ij) These texture features
= = = =

J
aremean valie of four direction (05 45° 905 135°). In order to reduce camputational
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canplexity the mages’ grey level is canpressed to 256 level before calculating grey level
co-occurrence matrix If the neighbothood window is too big snow-ice and clouds are
m xed i one neighborhood w ndow; if the neighborhood w ndow is too amall one neighbor
hood w ndow cannot reflect texture features In order to choose the proper size of neighbor-
hood w ndow, HOM, ENT, ASM are canputed with 3 X3, 7 X7, 13 x 13 pixel neighbor
hood w ndow, respectively 200 snow -ice sanples and 200 clouds sanples are selected spe-
cially at the boundary of snow-ice and clouds n the mages A ccording to the definition of
those texture features as for snow and ice¢ HOM should be high ENT should be low,
AM should be high as for clouds HOM should be low, ENT should be high ASM should
be low. Table 2 shows that if 3 X3 pixel neighbothood w ndow is selected HOM m ax mum
andm nmun, ENT maxmum and ASM m mmum of snow-ice and clouds are close which
is the result of 3 X3 pixel neighborhood w ndow is too amall to dem onstrate the difference of
texture features beween snow-ice and clouds If 13 X 13 pixel neighborthood w mdow is se-
lected HOM maxmum, HOM mean ENT mnmun, ASM maxmum, ASM mean are
closer than 7 X7 piel neighbothood w ndow, which is the result of 13 X 13 pxel neighbor-
hood w indow is too large tom i« texture features of snow-ice and clouds The result is that 7
X7 pixel neighborthood w ndow is most suitable for analyzing the texture features of snow -
ice and clouds

Table 2 Neighbothood w ndow selection analysis

3 x3 7 x7 13 x13

m ax m in m ean m ax m in m ean m ax m in m ean

HOM C loud Q0 82 Q 02 Q 35 Q0 66 Q 08 Q 39 Q72 Q16 Q 43
Snow - ice L0 Q 18 Q0 74 L0 0 32 Q73 Q 96 Q4 Q0 71

ENT C loud Q0 82 Q 02 Q 35 0 66 0 08 Q 39 Q72 Q16 Q0 43
Snow -ice L O Q18 Q0 74 L0 Q 32 Q 73 Q 96 Q4 Q71

ENT C Joud 219 L. 0 L 95 377 2 33 323 4 75 2 46 3 8l
Snow - ice 2 19 Q0 Q 89 319 Q0 L 38 3 63 Q 59 .. 89

. C loud Q 48 Q11 Q 15 Q16 Q 02 Q 05 Q 16 Q 01 Q 04
AM Snow -ice L0 Q11 Q0 52 L0 Q 06 Q 40 Q0 75 Q 07 Q 29

Both channel 1 and 2 are reflectivity mages and they have the sane texture features
both channel 3 and 4 are brigchiness tenperature mages and they also have the sane tex-
ture features So onlv the texture features of channel 2 and 3 are canputed In order to re-
duce canpute tine and mprove discrm mant accuracy texture features are screened by
stepw ise discrim mant analysis The result is that HOM, ENT, ASM, COR of channel 2
and HOM of channel 3 are most effective texture features to distinguish snow=-ice and
clouds Figure 2a shows the ability of spectral features distinguishing snow-ice clouds
land and water Figure 2b shows the ability of texture features distinguish ng snow -ice fran
clouds

4 Classification

C lassical Bayes discrim mantmethod is used to distinguish snow-ice fran clouds It is
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Fig 2 Scatter diagran of various sanples’ spectral features that nclde reflectivity n channel 2 bright
ness tanperature m channel 3 and the difference betv een reflectivity n channel 1 and reflectivity in
channel 2 and textural features that nclide hanogeneity of channel 2 angular second manent of
channel 2 and hanogeneity of channel 3( green denotes snow=-ice red denotes cloud blue denotes
water filanot denotes land).

a: IMS product b: discriminant result

Fig 3 Canparison between discrin mant result and the product of M Sa M S productb diserim nant

resu lt

one of the best classification m ethods w ith high accuracy which is based on Bayes decision-
making ruled ™. Tts principle is discrin inating ob jects on the prem ise of a certain degree of
know ledge of these objects Prior probability qi is set by the proportion of test sanples
quantity A ssumed that the losses of false udgment ¢ are equal that is c¢(112) = ¢( 21
). X=1(X, X, - X,J), n is the number of sanples G, means snow and icg G,

means cloud And they are m p-dinensional nom al distribution The probability density is

-le

fitx) = (2w 1), |4 - - W)Y (- Lt—)’, i= 12

L is the vector ofmean Ei(i: , 2) is covariance m atrix 122, | is detem inant ofm atrix
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2,(i= 1 2). The discrin inant fomula is
x€ G, W (x) 2K,
x € Gy, W (x) <K,

where

TS0 YRR YAPRRITD YRS YN

o @e12) |le‘ S IR Sl
Klr‘qlc(2/1)+2">|22|+2('2‘ 222)

b= =2 Y =85, > =5,
i

2 : :
2" and»'® aremean value of all features of G, and G, respectively S, and S, are covarr
ance matrix of all features of G, and G,, respectively

5 Camparison with M S

The United States National O ceanic and A mospheric A dn mistration /N ational Envr
ronm ental Satellite Data and Infom ation Service (NOAA /NESD IS) has an extensive his-
tory of monitoring snow and ice coverage NOAA began development of the MS mn 1995 i
order tom ake a daily snow map feasible Use MS Daily Northem H an isphere Snow and Ice
Analysis at 4 km resolution to verify the results that are canputed by the method described
above

The discrm mant result is synthesized by 5 days dsicrim mant results i order tom inr
m ize the mfluence of clouds As to overlapping areas dataw ith high solar zenith angle is
prior to dataw ith low solar zenith angle Select the discrin mant results of the last 5 days of
May June July of2004 and 2005 to verify the discin mant accuracy. The highest accuracy
is 90 7%, and the lowest accuracy is 72 14% . Figure 3 shows that the canparison be-
ween discrm nant results of the last 5 days of June 2004 and the corresponding M'S prod-

1nt A rnr'-nwlm(r tn +I"Iﬂ YV Miaricnm m nat enor "J“{‘I e AAVTAaTY arvaac are '_'I(‘fﬂ'l'l"‘_'li'ﬂ]"f I‘IIE(‘T"I"I"I T a=

The primary goal of this work is to obtam snow and ice coverage areas by FY-1D
MV ISR /GDPT. According to the spectral features described above a smple threshold
m ethod can be used to discrim mate land water and sane parts of clouds U sing the differ
ence of textural features beween snow-ice and cloud is a feasible method to distnguish
snow -ice fran clouds w ith FY -1D MV ISR GDPT data Select gray level co-occurrence m a-
trx to canpute texture features Stepw ise discrin nate method is used to filter textural fea-
tures and 5 canparative mportant textural features are selected hanogeneity of channel
2 entropy of channel 2 angular second man ent of channel 2 correlation of channel 2 and
han ogeneity of channel The suitable neighbothood w ndow size is 7 X7

C lassical Bayes discrm nant classifier is effective to divide snow-ice fran clouds w ith
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selected texture features but there are sane errors for the reason that the prior probab ility
cannot be accurately given The texture feature of snow is canplex therefore sane areas

covered by snow, especially mountainous area covered by snow, cannot be accurately iden-

tified In further work enhancing sanple storages of all types and building independent

snow sanple storage may be useful to mprove the discrm nating accuracy.

R eferences
[ 1] GBP(2001): Towands global sustamability IGBP Science Series 4 27-29
2] PCC(1996): Clmate change 1995 The Science of Clinate Change Canbridge Canbridge University

Press 1996

[ 3] IPCC(2001): Clmate Change 2001, The Scientific Basis Canbridge Canbridge University Press
2001

[ 4] V mnkovKY, Robock A, Stouffer R] Walsh JE et al (1999): G lobalwam ing and northem hean r
sphere sea ice extent Science 1999 286( 5446): 1934-1937

[ 5] Welch RM, Sengupta SK, Goroch AK(1992): Polar cloud and surface classification usmg AVHRR in-
agery an intercanparison ofmethods J Appl Meteor, 31(5): 405-42Q

[ 6] EmeryW ] RadebaughM, FowlerCW, CavalieriD] Steffen KA ( 1991): canparison of sea ice pa-
ran eters canputed fran advanced very high resolution radimeter Landsat magery and fran aibone
passive m icrowave radimeter I Geonhvs Res. 1991 96((C2): 22075-22083

[ 7] Massan R, Camiso JC( 1994): The classification of A rctic sea ice types and the detem ination of surface
tam perature using advanced very high resolution radiometer data J Geophys Res, 99(C3): 5201-
5218

[ 8] Caniso JC(1983): Sea ice effectivem icrow ave an issivities fran satellite passivem icrow ave and mfrared
observations J Geophys Res, 88(C12): 7686-7704

[ 91 CavalieriD] Gloersen . CanpbellW J( 1984): Detem mation of sea ice paraneters w ith N mbus-7
MMR. J Geophys Res, 89(D4): 5355-5369

[ 10] Kwok R, RignotE, HoltB Onstott R( 1992): Identification of sea ice types i space bome synthetic
aperture radar data J Geophys Res, 97(C2): 2391-2402

[ 11] Kwok R, Cunninghan GF( 1994): Backscatter characteristics of the w nter ice cover n the Beaufort
Sea J Geophys Res, 99(C4): 7787-7802

[ 12] SwiftCT, FedorLS Ramseier RO( 1985): An algorithm to measure sea ice concentration w ith m icro-
wave radimeters J Geophys Res, 90(C1): 1087-1099

[ 13] CavalieriDJ( 1994): A microwave technique formapping thin sea ice J Geophys Res, 99(C6):
12561-12572

[14] Kwok R, Caniso JC, Cunninghan GF(1996): Seasonal characteristics of the perennial ice cover of the
Beaufort Sea J Geophys Res, 101(C12): 28417-28439

[ 15] EickenH, Dm itrenko I Tyshko K et al (2005): Zonation of the Laptev Sea landfast ice cover and its
mportance n a frozen estary| J|. G lbbal and P lanetary Change 48( 1-3), 55-83

[ 16] Belchansky G, Douglas DC( 2002): Seasonal canparisons of sea ice concentration estinates derived
fran SSM /1 OKEAN, and RADARSAT data [ J]. Remote Sensing of Envirooment 81( 1): 67-81

[17] LuYJ(2001): Study on the data processing and app lication of FY -1C satellite [ J]. A erospace Shang-
hai 18(2): 74-78

[ 18] Kidder SQ, WuHT( 1984): Dranatic contrast between low clouds and snow cover if daytine 3 7Hm
magery. Mon Wea Rev, 112(11): 2345-2346

[ 19] Robert CAJr Philp AD, Carlyle HW ( 1990): Snow /Cloud D iscrin mation w ith M ultispectral Satellite
M easuranents| J|. J Appl Meteor, 29(10): 994-1004

[20] StowelLlLb M Clan EP, Carey R, et al (1991): G lbbal distrbution of clud cover derived fran NO-
AA /AVHRR operational satellite data A dvances in Space Research 11(3): 51-54

[21] Meng ZZ Dong YH (2002): The FY-1D polar ohiting m eteorology satellite[ J]. A erospace Shanghaij



62 X ie X iaop ing et al

19(5): 1-8
[22] Haralick RM, Shammugan KS D instein I( 1973): Textural feature for mage classification IEEE
Trans Sys Man Cybem SMC-3(6): 610-621



