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Abstract

Image classification is one of the key issues of remote sensing technology and selecting training data is an essential
process in supervised image classification. Dramatically increasing imagery data require more effective and automated
classification techniques. The traditional process of selecting training data requires intensive manpower and, as a
result, it has been costly and time-consuming. This study proposed an automatic training data extraction technique
using outdated geographic information system (GIS) data and its applicability was tested. We used a high-resolution
KOMPSAT-3A satellite image taken on July 7, 2018, and the land cover map in 2015 for the test of automated
training data extraction based on the iterative trimming algorithm. First, the training data were extracted based
on the polygon of the land cover map. Then, the probability distributions of each land cover class were estimated
using kernel density estimation. The outliers were removed in the order of low probability. The bootstrap technique
was used to determine the ratio of removing outliers. The ratios were different among the land cover classes. The
removing ratio was 0.08 for the urbanized area, 0.16 for agriculture/land, 0.04 for forests, 0.16 for bare soil and
0.04 for water. With the refined training data, image classification was conducted. This approach allows automatic
extraction of training data based on GIS data without manual digitizing. It is expected to contribute to an automatic

and timely update of the urban land cover map with high-resolution imagery.
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Table 1_ Characteristics of KOMSAT—3A Image

Bands ‘Wavelength(m) Resolution
Pan 0.45-0.90 0.55mX0.55m
Blue 0.45-0.52 2.2mX2.2m
Green 0.52-0.60 2.2mX2.2m
Red 0.63-0.69 2.2mX2.2m
NIR 0.76-0.90 2.2mX2.2m
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Figure 2 _Research Flow Chart

2015 Sejong Land
Cover Map

2018.7.7
KOPMSAT-3A

¥

Probability Distribution

of Land Cover Image Seamentation

—_—

Agriculture

Puit=up /Grass

Forest ‘ Water Bare soil

—_—
Training Area |

Training Data Refining
Remove according to alpha value

Boatstrap for setting
Thresholds

| Accuracy Evaluation

i Maximum T Random
. likelihood __~"~___ Forest -

alpha(0.04, 0.08, 0.12, 0.16) grS Z1-835}o] oA |E
A T 4 THAARE FH5IA 5) Ground
Truth Data(GT)= %3]] 7\49}5_2 | 7]-0} 1 7]-7(1— o
SIS HOlE= alpha gHS A5
Age HrHE fldl F 4007 AHE FESI=
A7l T2 92%Google Earth)@} Hh A&
KOMPSAT-3A A4 W= 9JAkS o8 7+ 2] 9]
EANERYS SRloks WA 0R GTE A4/4d53
t}. o] T 97l= 5 B 1HAF 2ol A= o] AlA
Skl 391719] A3e Aol Z-85hltt A4l &
Al o] Zt=mE F HlolEAMIE, = 2507 25 14170
A AeAER FA9IZ Rtk 25071 e
EXuERYYE alpha gk Z4ok= d ARSSI
o] alpha 55 A851e] oV IAE AR & HFE
2E SHERA —TﬂoP Atk o] gl 275k E
AWERFE sk 14170 A Ae= 2R
S5 bt £ REEs GTet 27 ETE 2
2ed s ghEo] A5t Congalton 1991). ERF

120 ZEST HM[103F(2019, 12)

Ir

i Hato] oJa] 5] WA 4= 9
St GAEF HH=E Kappa ALK

&5 A<

olgste] &

¢

>

i

245} thCohen 1960).
OVgA| A7 alpha) B2 EHAE Y A
A o Sl QAFE o017 Slel 2R A U9
EXE 59 HgS A5t g f3o] 80% ol
ok AAIETS sl AeiE AAEo]
7L Qe FIREGAR 1, 25, PCL, PC)E HE
o= 229 KDEE 5ol 38 #x dEREE
FoI5int. = SERE § FECl Y2 A=
= EXmEo] et AHE2 EXNERES U
Skx] Folke AR o= 15t alpha g HlETE
AAT 2A=ms ERAER ARSI CdE &
alpha gfo] 0.0421H € 2hm & FEGP] Y2 wo0%
4%7NAE oI = 1sto] AARE 7490131 alpha
#rol o.16012H A 16%71A] AA=E oPFAE TH
F5}o] AAE Zo|tt. alpha gl whel o AAE A
A TR HER F 20767 EXTEX 47}
2] alpha)E A/JSHTt. alpha 1 TH APIAR
7} 7] wiRo]| 7Rset RE ZHAHA2] alpha) (5
7] f9)=1024r 2-85to] #R/E TSIt 4
S Jrhs FEAER] WS 2-85t0] 250719 A
A F 20071 23S FA91= AHste] FE=E A
Atehe 22 1,0002] RHESHT) 2 BHEolA 1024
709 alpha Z2& HAESIGE 1024719 23 5
W =2 s H XFgEe 7155
1,0002] ¥HE & RIS HAste] 71 Hlert =9e
alpha 3F& 2 A1A vl&2 2H5H D}
H.@EEH(BOOCStrap)’é‘ 59 A=
39 alpha Zt HISHE AATN A=E ﬁr?jx}g_g
/\}_Q_O].o:] JArH == Aaislair) ojARHEL o

|

(¢]

H

H

T (Maximum Likelihood)™} #HE Z 2|~ E(Random
Forest: RF) & 712 7|9H-& AR&35Hch



AL~ E 7] a7y F shtz A
7 AFdel] Zgofet ox 2% Ee] of] whet wi
S5 ERoket, =
Egl gigoz vjAs= Jejoltt RE o)A AA
Ege] AVE F el ot 2% AiSate s 4
Ak HHEHAEE o)W AH EFES] A%
7IEo g sfal ol7| wheell Aetety wiE &1 £
7R e e glolgE A=t st
7Ho2 AdA QlthKo, Lee and Nam 2012).
Az AE 71 A8 A {FE TR A
22 gkzy] o5 Taxlast /P He 4o Aia

Mg Hus %Oé‘?:i‘i 10,0007 A= F2H9l=

ojf Z} sl EeEe 2

i

(1~20), 247 2
#l] H-&(<Table 2> ZP7\) ~<>]041:} SESREES WA

85194 % /1] REEES HESACE

Table 2 _Used Information for the Random Forest
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Figure 3 _Image Segmentation with Different Number
of Cluster

Figure 4 _ Estimated Probability Distribution of Each
Land Cover Class
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Figure 6 _ Overall Accuracy Histogram of Bootstrap
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Figure 7 _Estimated Probability Distribution of Each
Land Cover Class Using Refined Training Data
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Table 3 _ Confusion Matrix of Maximum Likelihood Based Prediction with Refined Training Data

ML Maximum Likelihood Classification
K =076 Reference
Prediction Builtup Agri/Grass Forest Bare Soil Water User’s Accuracy
Buileup 20 1 0 5 0 76.9%
Agri/Grass 0 21 3 0 0 87.5%
Forest 1 0 41 0 0 97.6%
Bare Soil 7 10 0 18 0 51.4%
Water 0 0 0 0 14 100.0%
Producer’s Accuracy 71.4% 65.6% 93.2% 78.3% 100.0% 80.9%

Table 4 _Confusion Matrix of RF Model 1 Based

Prediction with Refined Training Data

RF1 PC1+PC2
[A(' =0.63 Reference
Prediction Builtup Agri/Grass Forest Bare Soil Water User’s Accuracy
Builtup 21 1 0 7 0 72.4%
Agti/Grass 0 16 8 2 0 61.5%
Forest 2 0 35 0 0 94.6%
Bare Soil 5 15 1 14 0 40.0%
Water 0 0 0 0 14 100.0%
Producer’s Accuracy 75.0% 50.0% 79.5% 60.9% 100.0% 70.9%
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Table 5 _ Confusion Matrix of RF Model 2 Based Prediction with Refined Training Data

RF2 PC1 + PC2 + Segment Cluster ID
K =0.67 Reference
Prediction Builtup Agri/Grass Forest Bare Soil Water User’s Accuracy
Builtup 17 0 0 4 0 81.0%
Agri/Grass 0 19 4 4 0 70.4%
Forest 0 0 40 0 0 100.0%
Bare Soil 11 13 0 15 0 38.5%
Water 0 0 0 0 11 100.0%
Producer’s Accuracy 60.7% 59.4% 90.9% 65.2% 100.0% 74.5%

Table 6 _ Confusion Matrix of RF Model 3 Based Prediction with Refined Training Data

RF3 PC1+PC2+Segment Cluster ID+Peri+ Area+ Area/Peri
K = 0.69 Reference
Prediction Builtup Agri/Grass Forest Bare Soil Water User’s Accuracy
Builtup 14 1 0 1 0 77.8%
Agri/Grass 2 19 5 1 0 60.0%
Forest 0 0 39 0 0 93.0%
Bare Soil 12 12 0 21 0 43.8%
Water 0 0 0 0 11 100.0%
Producer’s Accuracy 50.0% 59.4% 88.6% 91.3% 100.0% 75.9%

Table 7 _ Confusion Matrix of RF Model 4 Based Prediction with Refined Training Data

RF4 PC1+PC2+PC3+PC4
K =066 Reference
Prediction Builtup Agri/Grass Forest Bare Soil Water User’s Accuracy
Builtup 21 2 0 4 0 77.8%
Agri/Grass 1 15 4 5 0 60.0%
Forest 0 3 40 0 0 93.0%
Bare Soil 6 12 0 14 0 43.8%
Water 0 0 0 0 11 100.0%
Producer’s Accuracy 75.0% 46.9% 90.9% 60.9% 100.0% 73.8%
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Table 8 _ Confusion Matrix of RF Model 5 Based Prediction with Refined Training Data

RF5 PC1+PC2+PC3+PC4+Segment Cluster ID
K =0.63 Reference
Prediction Buileup Agri/Grass Forest Bare Soil Water User’s Accuracy
Builtup 17 1 0 2 0 85.0%
Agri/Grass 1 14 4 6 0 56.0%
Forest 0 3 40 0 0 93.0%
Bare Soil 10 14 0 15 0 38.5%
Water 0 0 0 0 14 100.0%
Producer’s Accuracy 60.7% 43.8% 90.9% 65.22% 100.0% 70.9%

Table 9 _ Confusion Matrix of RF Model 6 Based Prediction with Refined Training Data

RF6 PC1+PC2+PC3 +PC4+Segment Cluster ID+Peri+Area-+Area/Peri
K =072 Reference
Prediction Builtup Agri/Grass Forest Bare Soil Water User’s Accuracy
Builtup 20 1 0 1 0 90.9%
Agri/Grass 1 18 5 3 0 66.7%
Forest 0 0 39 0 0 100.0%
Bare Soil 7 13 0 19 0 48.7%
Water 0 0 0 0 14 100.0%
Producer’s Accuracy 71.4% 56.3% 88.6% 82.6% 100.0% 78.0%
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FAlo}, EAAR, EANBAE, HEAE, YRR, P
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