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Abstract Ranote sensing is widely used mn mapping land use /land cover types and monitoring land use /land cover
changes fran regional to global scale Supervised classification method is a powerful tool n extracting land cover and land
use mfomation fran ranotely sensed mages A lthough many supervised classification method have been developed in
machme leamig field there are not a unwersal best perfom ng method yet That i5 different kinds of classification
methods have their own advantages and defects This phenanenon is called selective superiority It is necessary to explore
amethod that can mtegrate advantages of different classifiers and avoid theirweakness Canbmning classifiers properly m ay
mprove classification accuracy, because different classifiers may have different m istake sets Canbined classifiers have
been studied widely mmachine leaming field howvever itwas seldan studied n remote sensing mage classification This
paper proposed one type of canbined classifier based on error analysis which ncormorates the wle outputs of maximum
lkelthood classification (MLC) and support vectormachine (SVM ), to achieve higher classification accuracy

MLC is themostw idely used classification m ethod in canputer processing of ranotely sensed mages It is based on
classical statistical theory and has solid probability meanings However the classified accuracy of this method would be
affected seriously if the traming sanple distrbution does not follw nomal distrbution SVM is a newly developed
classifies which is based on statistical leammg theory SVM is robust for small sample and it has shown a good
performance mmany studies However the orighal SVM classifier is a binary classifier which needs to be exiended to a
multi-class classifier through extraworks How to effectively extend binary SVM  to multi-class classification is still an on-
gomg research issue and it probably affect the perforn ance of SYM. The new m ethod proposed n this paper first estin ates
the errors of wo classifiers which are denoted by the confidence intervals of rule outputs then canbnes their mule outputs
with weights depending on the confidence mtervaly and fmally acquires a more accurate mle output Classification
experiments were conducted on case study area ( Summer Palace area n Beijing). Classification accuracies of the
canbmed classifier and wo single classifiers were canpared with different sanple distrbution and different sanple
anount And the results denonstrated that the new canbined classifier can acquire a higher accuracy than other wo
classifiers The results also revealed that canbmned classifier perfoms better when o classifiers are more independent
Another canpared experinentwas done beween nev canbined classifier and previous canbined classifier by averaging
and result also showed that new method had better perfomance However there are still same defects n the new method
Firstly error analysis is not canpletely finished for the wo classifiers secondly error analysis based on classical
statistical theory would be too optm istic forMLC. A lthough there are sane disadvantages n the new canbined classifier
based on error analysis it still has shown pran ising potential in ranotely sensed mage classification
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