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Assessing Spatial Uncertainty Distributions in Classification
of Remote Sensing Imzgery using Spatial Statistics

No-Wook Park*, Kwang-Hoon Chi*, and Byung-Doo Kwon**
Geoscience Information Center, Korea Institute of Geoscience and Mineral Resources*,

Department of Earth Sciences, Seoul National University**

Abstract : The application of spatial statistics to obtain the spatial uncertainty distributions in
classification of remote sensing images is investigated in this paper. Two quantitative methods are
presented for describing two kinds of uncertainty; one related to class assignment and the other related to
the connection of reference samples. Three quantitative indices are addressed for the first category of
uncertainty. Geostatistical simulation is applied both to integrate the exhaustive classification results with
the sparse reference samples and to obtain the spatial uncertainty or accuracy distributions connected to
those reference samples. To illustrate the proposed methods and to discuss the operational issues, the
experiment was done on a multi-sensor remote sensing data set for supervised land-cover classification. As
an experimental result, the two quantitative methods presented in this paper could provide additional
information for interpreting and evaluating the classification results and more experiments should be
carried out for verifying the presented methods.
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Fig. 1. Example of computing the degree of spatial uncertainty by class assignment in the two-class problem(class 1 - grey color,
class 2 - white color); (a) land-cover classes assigned as a result of classification, (b) posteriori probability values for two
classes w; and wo, (c) three indices that describe the degree of spatial uncertainty.
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- sugar beets
[:, stubble

Fig. 4. Ground truth map in the study area. The areas shown
in black (others class) are not considered in this study.
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Fig. 5. Classification and uncertainty distribution results using ATM data; (a) classification map, (b} ¢(X), (c) H(X), (d) A(X). The
areas with the black color (others class) in (a) are ones which are not considered in this study. In (b), (c) and (d), the areas

which are not considered in this study are shown in white.
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stubble
D bare soil

Fig. 6. Classification and uncertainty distribution results using multi-frequency SAR data; (a) classification map, (b) ¢(X), {c) H(X),
(d) A(X). The areas with the black color (cthers class) in (a) are ones which are not considered in this study. In (b), (c) and
(d), the areas which are not considered in this study are shown in white.

@
Fig. 7. Classification and uncertainty distribution results using all data; (a) classification map, (b) #(X), (¢} H(X), (d) A(X). The areas

with the black color (others class) in (a) are ones which are not considered in this study. In (b), (c) and (d), the areas which
are not considered in this study are shown in white.
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(:l bare soil
D potatoes

’ carrots
- others
l:l misclassified

Fig. 8. Two realizations generated by SISLM. The areas with the black color (others class) are ones which are not considered in
this study. The missclassified pixels shown in white were generated by comparing each realization with the ground truth

map as shown in Fig. 4.

Mg TERAT BR EoRE $8E2H Q

3 A7 (probabilistic neural network: Specht,

1990) & #4349t
X B gl ATMY 67) WETRS o) 43}
AL A(Fig. 5), p(X)F HX)E= EX =7
AAFEAM 2 3 Uehlio] Eg4e] 2
RO g Uehytth =3 QR FH 3idME A
HOZ ¢(X)F H(X)ol AA dehta glod,
AX)E ZA Jehda 887} ojuist AoE 1}

h~5.1

Z(_|

Wk 22 Fig 59 #h22 2389 4749
= Z9}t9] stubble®] bare slE LEFEH XYL
M HX)E A2 4s AX) e & 3#& vy
Yol LEFHATAE Bty 238 EF4
ol ZA vepil Qlek olEg SER{ A
AEAYG #HF FY A H| stubble R THE bare sol
o] ATMAIM ] £33 §AE& dRst vehd A
o7 MY & Utk SN ﬁ%?@ 717'1% AE
o] A=z Ag9} o} A

fit.

rir

=

52“3"‘3 =
o

C L PHE 05 #F Aags ol &d 234
£ U9EH(Fig 6), HAZ 2EF AFM &
: = BT gtk & (X))
2 3A, AXE A dEhdl

rlo
10 Y
{o
fu
i

Ak EE Fig 59 FHAEDS o §HFS
o Wal, AARRANS BRAY] 2 Row
debon 7t 2344 AFEE G Holzt 2

et T itk FEAETe ol&addd, oF
FE Vet d7AY 35 T4 stubbled 3
g A5 E BA /Y AR vyt

BE AEE o #5709 o] 2345 AuRd
(Fig. 7), A¥rA o] k-2 Fig. 59 Fig. 69 4ol
EANE 245 Hol'A gt Zolrk AL ¥
T Atk F Aol7t AXTe M2 B4 £/ &
EOM 2340l A5 §F9 AHE FolHE

< dujgit) o BF FE FolA Fig 79 92
of EAIE potatoes FEoA 5 §FE THst
7 3A JeA B4l AR A
Ve Stk 7R #E T4 stubble 2}
B &% A2 @A ERFHAG AR
3 EgaAol AAT LEFH o] A o] SAR
AZote] S84 Y AF o] vlF B3N
o] Z& o] APFHOE ZFo|EUA T SAR =}
g2 9oz o £7H ZAoE Fodh

Al 7EA Zts A% Ae EF FEE2E Al
7HA Zge] AubAQl oFdE FARHA WERgA
A4 HRE JepiA = B
Hs] ¢(X)ol A
AT} gAtel 7t ZJr

e

(e

-392~



Assessing Spatial Uncertainty Disributions in Classification of Remote Sensing Imagety using Spatial Statistics

Fig. 9. Spatial accuracy probability distribution for each land-cover class from 100 simulated land-cover maps; (a) sugar beets, (b)
stubble, (c) bare soil, (d) potatoes, () carrots. The areas which are not considered in this study are shown in white.
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