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Multi-temporal Remote-Sensing Image Classification
Using Artificial Neural Networks
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Abstract

The objectives of the thesis are to propose a pattern classification method for remote
sensing data using artificial neural network. First, we apply the error back propagation
algorithm to classify the remote sensing data. In this case, the classification performance
depends on a training data set. Using the training data set and the error back propagation
algorithm, a layered neural network is trained such that the training pattern are classified
with a specified accuracy. After training the neural network, some pixels are deleted from
the original training data set if they are incorrectly classified and a new training data set
is built up. Once training is complete, a testing data set is classified by using the trained
neural network. The classification results of Landsat TM data show that this approach
produces excellent results which are more realistic and noiseless compared with a
conventional Bayesian method.
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Fig. 1. Architecture of artificial neural network Fig. 2. Structure of multilayer neural

network
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E=+ pﬁ_ ﬁ(y,k 2w’ | (1)
4714, EE 24, ne& AFAY dd F, m2 F 2L, yus 24F5H 98 X &
Ao zA FHH e, pue 229 9% 2o EEGoRA 29 JFtH g E YErdTH
E 2y HAHA A Ed geRAAA A & de AY AL (ocal
minima value) ZA% A& Higsln FEEES FAA77] Q8 F LSS5 E (adaptive
learning rate)ol ZWEW (momentum)S T o, 2 (2)8} 7ol vEo T
AW 1+ 1) = 18,6k + 2> Wi D (2)
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A& ARE ERlstd FAAPoEN HAHY T FEIAT, 2 BH 2AE A 095,
GHEEL 079 A2 YEhgy.
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Information Criterion (BIC)& AMg&tdom, 1 A& thga 2.
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949 AAele €280l ERDAS IMAGINE-83.0 (1997)& AM&3t9 i, A9 4e)
APAR 2 gAgAe 82 Zxog sty PCE IDRISI (Eastman, 1990)2 o]

4 14442 Table 19149} o] Landsat-52] Thematic Mapper Sensorell 23}
Path 116/Row 349} 944F F5% AHES AHEath. did94S 471% ddigt A3l
, FAEE, a8 Ag 59 diAde] xgHo] k. Landsat-5 914 1984 el
daE o], & 700~900 km, HF7] o) 16¥, 21 EFWEE Trholv, FHaGH
2 30 mx30 m °jt},

Table 1. Characteristics of Remote sensing data

No. of Cloud Data
Path-Row Date Time Coverage Size REMARK

Scene (%) (MB)

1 116-34 00/03/20 01:45:02 2 279.9 ™

2 116-34 98/11/10 01:50:02 0 279.9 ™

3 116-34 96/09/01 01:27:59 1 279.9 ™

4 116-34 92/09/22 01:33:01 0 279.9 ™

5 116-34 90/04/10 01:31:12 0 279.9 : ™

3. s14989 AAH

AFHAEY &4, AT A, TE T W& Yol A7|A =HY, o9} & HFdHA W
Aol dAsE 7188 QS RS Fojopyt k. T3, PAF whAlA Y dFo = W
Aste 208 AASY A8 DA 2L AASET. AXHES AASA Haxisyd
2}&s) RMSE (Root Mean Square Error)& A43 A3 Table 20149 Yetdl & uleh o),
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Table 2. Results of resampling

No. of Date Time No. of X =
0. O Y
Scene GCP residual residual RMSE
1 00/03/20 01:45:02 34 0.1376 0.0734 0.1559
2 98/11/10 01:50:02 34 0.1338 0.0848 0.1584
3 96/09/01 01:27:59 34 0.1097 0.1099 0.1553
4 92/09/22 01:33:01 34 0.1160 0.1308 0.1749
5 90/04/10 01:31:12 34 0.1068 0.1162 0.1578
oA 0.12 0.10 0.16
4. Mx=9] AF
TA7] datel EXolgRRE A% WEe dAe J4dng T wgdse 4445 2
v FE8 BN 54 th.

= )

9o & ZpAFH 2 2HGH w53 FMe) ukalgke)
ol & o] &3t FEIC AZA MEE JAAE FAAH Y HFudd AL Kauthdt
Thomas(1976)7F Gram-Schmidt®] H4 23718 (Sequential Orthogonalizaion Technique)&
o]-&-3to] 7§#¥ Tassled Cap WEAFo|th wetd, £ AT EXo| &R Fo A1&d 44
A&e EYHEASF (Soil Brightness Index), =44 2] (Green Vegetation Index), 18] 1
EQsEx4 (Soil Moisture Index)olty. E dFoA x}183k Tasseled Cap WA S
Table 494 ¢} 2ot FHMEE gatAle] A Xolfle] FRE FE3517] Al 3 F59 =
AE NS A02A, BY B WEFAHLS TM2/TMI, 389 3¢ TM3/TMI1, TM5/TM7,
a8 TM5/TM4Z A sttt

Table 3. Tasseled Cap transformation coefficients of TM data (Crist and Cicone, 1984)

T™M BAND
Index
1 2 3 4 5 7
SBI 0.33138 0.33121 0.55177 0.42514 0.48087 0.25252
GVI -0.24717 -0.16263 -0.40639 0.85468 0.05493 -0.11749
SMI 0.13929 0.22490 0.40359 0.25178 -0.70133 -0.45732

*SBL; Soil Brightness Index, GVI Green Vegetation Index, SMI; Soil Moisture Index

5. EXSBER A7
Fig. 55 Al@A T AMuidg 53 A7) G4 i) Lol o3 EXgREE
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Fig. 5 The Image of Land Cover Classification for Resampling Area.
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