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Assessing spatial uncertainty distributions in remote
sensing data classification using geostatistical simulation
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Fig. 2. Probabilities of spatial accuracy distributions for each land—cover class
from 50 simulated land—cover maps; (a) sugar beets, (b) stubble, (c) bare soil,

(d) potatoes, (e) carrots.

- P(uje)0 BEB440 HE2 H
st 2 QCh Fig. 2= 5M9 EXI=
HR0| 48 DAX s BEE U

WCH Fig. 19 ZDe A2 BEs
Soi gos AN B2 SO
M EX DEEE UELE =os 4
%ﬁu MR KNS AKX HEE O
Ne =YNAN HYE=H ZHE20
N EX T=e &1 Mol o123 23

b LIEH 22 HEET

4, 28
Ol HF0ANME SASA SFAEEFI S
EEAMLHE ZAOH ot XRSAHE
¥ NEAdOILE HEoAUU. Mt e
JIE 2xdgzs M3H= FE 0129

gaa40 e

ZE M3 +& U

~ 467 —



ot Z2Eo =EAH FHUTZ M8
£ A2Z JIUE g E0
FA 22 23 228 S0 AISd
£ Sdol 20a U= EX LEsZ
g 238 U2 AMSE2EZM ol JHX
= UCL Ol 20a &2

nete YHNES 20 e 2@X d
I g2 2048 dMET FF ASE
=0, 222 Ol2st ¥8 HRE =

W20 =F Zn2 a4l EXXNE=
288 = USH, T3 FIt NEZME
g X0 s F2E M3 = U
Ch. 8 AM2d018E Soil 208 &8
HoZ SIto od EX LskEsE 2F
2o ZE HHoi=0 0188 = US
2 Ol EX M=EEE Y=EXz=
AL S

4

€

0l

x 09

ALAL
Ol ¢3= WsII=R JAHEAM Jl=N
2 AN ALz S3EEARY X
£ LUASLICH 230U AMS8E USUA
FHEBA &2 IEEE GRSS DFCZRH
HME2UA2OH 010 ZA=ELILCH

[1] Congalton, R.G., 1991. A review of
assessing the accuracy of classification
of remotely sensed data, Remote
Sensing of Environment, 37; 35-46.

[2] Steele, B.M., J.C. Winne, R.L.
Redmond, 1998. Estimation and
mapping of local misclassification
probabilities for thematic land cover
maps, Remote Sensing of Environment,
66: 192-202.

[3] Goovaerts, P., 1997. Geostatistics for
natural resources evaluation, Oxford
University Press.

[4] Rossi, R.E., J.L. Dungan and L.R.
Beck, 1994. Kriging in the shadows:
geostatistical interpolation for remote
sensing, Remote Sensing of
Environment, 49: 32-40.

[5] Dungan, J.L., 1998. Spatial prediction
of vegetation quantities using ground
and image data, International Journal of
Remote Sensing, 19: 267-285.

[6] Goovaerts, P., 2002. Geostatistical
incorporation of spatial coordinates into
supervised classification of hyperspectral
data, Journal of Geographical Systems,
4:99-111,

[7] Deutsch, C.V. and A.G. Journel, 1998.
GSLIB:  Geostatistical software library
and user's guide, Oxford University
Press.

[8] Lillesand, T.M. and R.W. Kiefer, 1994,
Remote sensing and image
interpretation, John Wiley & Sons, Inc.

[9] http://www.dfc—-grss.org. IEEE GRSS
Data Fusion Committee, data set
grss—dfc-0006.

— 468 —



