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Land Cover Classification Based on High Resolution
KOMPSAT-3 Satellite Imagery Using Deep Neural
Network Model*

Gab-Su MOON' - Kyoung-Seop KIM' - Yun-Jag CHOUNG?*

(@] (o]
s =

AGAL Fofol A EX IRl WAlgy 7Hke] SVM Bdlo] fjxdos 853 9l
AR BAS o] 83t AFE AHFH R ST gy EAAS9Y TR 94

&3 Ao, weh B Ao = 1atE KOMPSAT-3 494
EXIEEF JEEE Fristaal siitk ATA] QT @ik 9 o] 914
Azrsta, B3 A4 2 5219 A & dis] SVM, ANN 2 DNN
itk w5 A7) s oA AYe F8l dFHow Hrist Ax
g HEF7F 92.0%2 =2 M 95
RS Hesty, thekst e o
ARCACER =R 1=

;O

O oX

k)
bt o> oo o rIf

>
o2

& oo (i o
o

Jt >
o 2

2 o

ot b

X 1o

ol
i

n o oL O o
R

o)

]_

AL
qm
X
©
A
tlo

o ML
il
ol
;O

N

)
Z,

[
i)
tlo
]
oo
s
qm
N
&l

di= ekl & ds

%
PR Y W AFend o

>
)
1o
]

off

-

o of
-

e %
5 o
oft

o

»

)

oX o,
4>
30,
tlo
>,\(

-
1o
>,
i)

FR0] : Jolld= KOMPSAT-3 #dA8Y, EXITISER, SVM, ANN, DNN

ABSTRACT

In Remote Sensing, a machine learning based SVM model is typically utilized for land
cover classification. And study using neural network models is also being carried out
continuously. But study using high—resolution imagery of KOMPSAT is insufficient.
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Therefore, the purpose of this study

1S to assess the accuracy of land cover

classification by neural network models using high—resolution KOMPSAT-3 satellite
imagery. After acquiring satellite imagery of coastal areas near Gyeongju City, training
data were produced. And land cover was classified with the SVM, ANN and DNN models

for the three items of water,

vegetation and land. Then,

the accuracy of the

classification results was quantitatively assessed through error matrix: the result using
DNN model showed the best with 92.0% accuracy. It is necessary to supplement the
training data through future multi—temporal satellite imagery, and to carry out

classifications for various items.

KEYWORDS : High Resolution KOMPSAT-3 Satellite Imagery, Land Cover Classification,
Support Vector Machine, Artificial Neural Network, Deep Neural Network
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FIGURE 1. Study area and KOMPSAT—3 satellite image
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TABLE 1. The accuracy through the error matrix using SVM

Class Water Vegetation Land Total User Acc(%)
Water 16 3 1 20 80.0
Vegetation 1 33 1 35 94.3
Land 1 2 42 45 93.3
Total 18 38 44 100
Prod Acc(%) 88.9 86.8 95.5 91.0
TABLE 2. The accuracy through the error matrix using ANN
Class Water Vegetation Land Total User Acc(%)
Water 16 7 3 26 61.5
Vegetation 0 20 1 21 95.2
Land 2 1 40 53 75.5
Total 18 38 44 100
Prod Acc(%) 88.9 52.6 9.9 76.0
TABLE 3. The accuracy through the error matrix using DNN
Class Water Vegetation Land Total User Acc(%)
Water 16 0 2 18 88.9
Vegetation 1 37 3 41 90.2
Land 1 1 39 41 95.1
Total 18 38 44 100
Prod Acc(%) 88.9 97.4 88.6 92.0
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