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(@) true land uemap; (b) classified image by usngMLC; (c) classified image by using S/M; (d) classified image using the nev method
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Fig 3 Camparion of classification accuracy by three classifiers using different sanples
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Fig 6 Camparion of classification accuracy by two classifiers using different samples

, S/M

MLC ,

S/M

(2) S/M ,

(3) .
MLC

S/M  MLC ,

( References)

Michie D, Siegelhalter D J, Taylor C C M achine L eaming,
Neural and Statistical Classification [M ]. Chichester. Ellis
Homvood, 1994

Bo Y C, WangJ E CambiningM ultiple Classifiers for Thematic

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

Classification of Remotely Sensed Data[ J]. Journal of Renote
Sensing, 2005, 5(9):555—563 [ ,
[J] )

2005, 5(9) : 555—563. ]

Joon Hur, JongWoo Kim A Hybrid ClassificationM ethod U sing
Error Pattern Modeling[ J].
2008, 1(34) : 231—241
Richards J A . Ramote Sensing Digital Image Analysis[M ].
Newv York: SoringerVerlag, 1986

Vgnik V. The Nature of Statistical L earning Theory[M ]. New
York: SpringerVerlag, 1995
GilesM Foody, Ajay Mathur, Camlina Sanchez-Hemandez, et al

Expert Systens with Applications,

Training Set Size Requiraments for the Classification of a Fecific
Class[J]. Remnote Sensing of Envirorment, 2006, 104: 1—14

Qi ZQ, TianY J, DengN Y. A New Support Vector M achine
for Multi-class Classification [ A ]. Camputational Intelligence
and Security[ C]. Berlin: Springer, 2005

Platt J C  Probabilities for Support Vector Machines[M 1.

Masschusetts M IT Press, 2000

Wu T F, Lin C 1 Probability Estimates for Multi-class
Classification by Paiwise Coupling[ J]. Journal of Machine
Leaming Research, 2004, 5: 975—1005
B IMM - IEC- IFCC-1D-UPAC-UPAP-O ML.

in Measurement [ S1].

o the
Expression of Uncertainty Genevet
Svitzerland: 10 ( International O rganization for Standardization) ,
1995

Johnon R A, Wichern D W. Applied Multivariate Statistical

Guide

AnalysisiM ]. New Jersey. PrenticeHall, 1982

HaCW, Lin CJ, A compari®n of Methods for M ulti-Class
Support Vector Machines[ J]. IEEE Trans Neural Networks,
2002, 13(2): 415—425

Duan K, Keerthi S S Which Is the Best Multi-Class S/YM
Method? An Empirical Study [ J].
LectureNotes in Canputer Science, 2005, 3541: 278—285

Lee Y, Lin Y, Wahba G Multi-Category Support Vector
Machines Theory and Application © the Classfication of

M icrarray Data and Satellite Radiance Data[ J]. Journal of the

Multiple Classifier Systans



5 : 691

American Statistical Association, 2004, 99 (465): 67—S81 Engineering and Renote Sensing, 1980, 46: 1547—1553

[15] Liang 8. Quantitative Reamote Sensing of Land Surfaces[M ]. [18] Canpbell JB. Intoduction o Remote Sensing (3rd ed ) [M ].
Jersey: A JohnW iley & Sons NC , Publication, 2004 London: Taylor and Francis, 2003

[16] Mather PM. Camputer Processing of Remotely Sensed mages [19] TaxDM J, van BreukelenM, Duin R PW, et al Cambining
(3rd ed ) [M]. Chichester. Wiley, 2004 M ultiple Classifiers by Averaging or M ultiplying? [J]. Pattern

[17] HixonM, ScholzD, FuhsN. Evaluation of Several Schemes for Recognition, 2000, 33: 1475—1485

Classification of Remotely Sensed Data[J]. Photogrammetric

Study on Canbned Classifier Based on Error Analysis

CHEN Xue-hong, CHEN Jin, YANGWei, ZHU Kai
(State Key Laboratory of Earth Surface Processes and Resource Ecology, B eijing Nomal U niversity, Beijing 100875, China)

Abstract: Remote snsing iswidely used in mapping land use /land cover types and monitoring land use /land cover
changes fram regional to global scale Supervised classification method is a powerful ol in extracting land cover and land
use infomation fram ramotely sensed images A Ithough many supervised classification method have been developed in
machine leamning field, there are not a universal best perfoming method yet That is, different kinds of classification
methods have their ovn advantages and defects Thisphenomenon is called selective superiority. It isnecessary  explore
amethod that can integrate advantagesof different classifiers and avoid theirweakness Cambining classifiers properly may
improve classification accuracy, because different classifiersmay have different mistake sets Combined classifiers have
been studied widely in machine leaming field; however, itwas seldom studied in remote sensing image classification This
paper proposxd one type of combined classifier based on error analysis, which incomporates the rule outputs of maximum
likelihood classification (MLC) and support vector machine (S/M), to achieve higher classification accuracy.

MLC is the most widely used classification method in computer processing of renotely sensed images It is based on
classical statistical theory and has ©lid probability meanings However, the classified accuracy of thismethod would be
affected serioudly if the training sample distribution does not follov nomal distribution S/M is a newly developed
classfier, which is based on statistical leaming theory. S/M is robust for snall sanple, and it has shown a good
perfomance in many studies However, the original S/M classifier is a binary classifier, which needs o be extended 0 a
multi-class classifier through extraworks How to effectively extend binary S/M o multi-class classification is still an on-
going research issue and it probably affect the perfomance of S/M. The nev method proposed in thispaper first estimates
the errorsof wo classifiers, which are denoted by the confidence intervalsof rule outputs, then combines their rule outputs
with weights depending on the confidence intervals, and finally acquires a more accurate rule output Classification
experimentswere conducted on case study area ( Summer Palace area in Beijing). Classification accuracies of the
combined classifier and wo single classifiers were compared with different sample distribution and different sample
anount And the results demonstrated that the nev combined classifier can acquire a higher accuracy than other wo
classfiers The results al9 revealed that combined classifier performs better when wo classifiers are more independent
Another campared experiment was done betwveen nev canbined classifier and previous cambined classifier by averaging,
and reault al showed that new method had better performance However, there are still same defects in the nev method
Firstly, error analysis is not campletely finished for the two classifiers secondly, error analysis based on classical
statistical theory would be too optimistic forMLC A Ithough there are ssme disadvantages in the nev cambined classifier
based on error analysis, it still has shown promising potential in remotely sensed image classification
Key words canbined classifier; error analysis confidence interval; land use/ land cover; ramote sensing



