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ABSTRACT

The accuracy of image classification is easily influenced by the image’s spatial and spectrum
resolution. Feature values extracted from the image can be used effectively to promote the accuracy
of the classification. Chiufenershan landslide area in Nantou County was chosen as the study site.
The improvement of image classification can be achieved by using the maximum-likelihood decision

rule and the back-propagation neural network after adding the calculation of the vegetation index.
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The results show that vegetation index can increase the accuracy of image classification , and the
back-propagation neural network is better than maximume-likelihood decision rule in the performance
of image classification by using vegetation index except NDVI (When Kappa is 0.5954).

(Keywords : Vegetation index, Back Propagation Neural Network, Maximum-Likelihood Decision

Rule, Image Classification)
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Table 2. Error matrix of maximum-likelihood decision rule. (original bands )

PR, firk KL ik I E R k]
e 156 11 0 93.41% 6.59%
gy 8 71 0 89.87% 10.13%

Afeinh 0 0 4 100.00% 0.00%
ERE IR 95.12% 86.59% 100.00% ( JERINEES = 92.40% )
T2 4.88% 13.41% 0.00% (Kappa 78 = 0.8340)

ﬁéfz?%ii BrN=250 73 Kikln=3

Fe 3 EOMETE LY RS I CRURIYRE > NDVID
Table 3. Error matrix of maximum-likelihood decision rule. (original bands plus NDVI)

PR, ferk KLt ik I E R P

ks 145 0 0 100.00% 0.00%
gy 19 82 0 81.19% 18.81%

Af<igh 0 0 4 100.00% 0.00%
dEHEY 88.41% 100.00% 100.00% ( PR = 92.40% )
T2 11.59% 0.00% 0.00% (Kappa (78 = 0.8439)

ﬁ%:ﬁii BrN=250 73 Kkl n=3

Fe 4 RO YRR CRURIVRE Y CMFD)
Table 4. Error matrix of maximum-likelihood decision rule. (original bands plus CMFI )

PR, ferk g i U H A b

ks 146 0 0 100.00% 0.00%
Y 18 82 0 82.00% 18.00%

Af<ih 0 0 4 100.00% 0.00%
ERE IR 89.02% 100.00% 100.00% ( PR = 92.80% )
T 10.98% 0.00% 0.00% (Kappa 87 =0.8517)

ﬁ%:ﬁii BrN=250 73 Kkl n=3
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Table 5. Error matrix of Back-propagation Network. (original bands )

R TR Ly KR feigi i 24
L 154 7 0 95.65% 4.35%
Hlizky 10 75 0 88.24% 11.76%
A<l 0 0 4 100.00% 0.00%
% HHEL 93.90% 91.46% 100.00% ( BB = 93.20% )
Velfe 6.10% 8.54% 0.00% (Kappa (75 = 0.8540)

ﬁéfz?%ii BrN=250 73 Kikln=3

% 6. BIMSRETIREAS ) FI RS CRUAIWEEY NDVI)
Table 6. Error matrix of Back-propagation Network. (original bands plus NDVI)

PR, e kg i = IE R s
ks 110 0 0 100.00% 0.00%
Ky 53 82 0 60.74% 39.26%
Af<ih 1 0 4 80.00% 20.00%
AR HEY 67.07% 100.00% 100.00% ( TR = 78.40% )
T2 32.93% 0.00% 0.00% (Kappa i = 0.5954)

ﬁ%:ﬁii BrN=250 73 Kkl n=3

A7 IRATRSAIE Y RS CRUEIVE Y CMFD)
Table 7. Error matrix of Back-propagation Network. (original bands plus CMFI )

R b Y i il | =47
Py 155 6 0 96.27% 3.73%
Flgy 9 76 0 89.41% 10.59%
i 0 0 4 100.00% 0.00%
+ A 94.51% 92.68% 100.00% ( BB = 94.00% )
Vef 5.49% 7.32% 0.00% (Kappa (75 = 0.8712)

ﬁ%:ﬁii BrN=250 73 Kkl n=3
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