Vol.21 No. 10
Oct. 2014

21 F104
2014 410 A

oot 5 &

Electronics Optics & Control

doi:10. 3969/j. issn. 1671 —637X.2014.10. 012

0 3|8

ETHHARKURTEN SR IEERBERI XL IE
glle, B, TRAE, E %
(i TRE BN TRR, K 4 26400)

i E: RAMKML) S EFEL ARG EATATSNOE TS EF S AER L EARDBEEERS
SEAEEAORE, ERRAMRBSEFTEZNHBGESSHFRBZH TR, XL A FE RS PIRAEBL, AR S
BHEHE TR, RELKESFTUAMEEME G SN LSS A HERALET, FRXMESH 6§ B85 # 47
BEBRETHERBGERE, XASH A ESL>AGLE, BAMRIEFEGINEH AP L LA —ED
MEMA IR AEBEIRY AR LR M AN ERARRAREOLALBERS SRS EHAE TR, 419
G AR FE P, 5 A ISODATA R4 Fokst SRR AT RE NI AE 5 L BGAFENARE, ~FT @A AR ELR
TABRBERAGGER, B —F ORAHEAGAB TR E, RERFTEARMBENS L SR, ZRERENT
T H R TRALT A LR BHIEN 54,7 L EAR G SR £H HEF Kappa 4L,

REW: BAHE; BRANR; RAMKSE; 2EHE

hE 43S TP391 NHEkFRER: A MEHS: 1671 —-637X(2014)10 —0052 - 05

A Multi-spectral Remote Sensing Image Classification
Technique Based on Improved ML Algorithm

FAN Li-heng, LU Jun-wei, YU Zhen-tao, BI Bo
( Department of Control Engineering, Naval Aeronautical and Astronautical University, Yantai 264001, China)

Abstract; Maximum Likelihood (ML) classification method is based on the assumption that the data are
normally distributed, which is not always true for the realistic remote sensing data, and may result in decrease
of classification accuracy. The classification results are impacted directly by the prior probability. The selection
of training samples is somewhat stochastic and subjective. The ML method uses the same prior probability for
the whole image, which will also reduce the classification accuracy. Theoretically, every smooth density
function can be approximated to within any accuracy by such a mixture of normal densities. Thus the first
problem of ML can be solved by using a combination of several normal functions instead of one. In this way, a
very general capability can be provided, while still maintaining the convenient properties of the normal
assumption. For the second problem, ISODATA is used to make a clustering image of the original data, after
that, one can select the training areas of the image by comparing with the reference image. At last, the result of
experiment shows that the proposed methods can not only realize the classification of remote sensing image but
also achieve very high accuracy visually and mathematically in overall accuracy and Kappa coefficient.
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