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Abstract

This paper introduces a new neural network which can learn each new data only in one epoch and, then,

throw it away without involving the previously learned data by using a hyper-ellipsoidal function. This function has an

elliptical shape and can learn any multi-dimensional data by surrounding them. Only one new incoming data is used to

adjust the learning parameters. This neural network spends O(n) time complexity to learn a set of n data.
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‚§√ß¢à“¬ª√– “∑‡∑’¬¡™π‘¥øíß°å™—π‰Œ‡æÕ√åÕ—≈≈‘ª´Õ¬¥å

°“√‡√’¬π√Ÿâ§«“¡√Ÿâ„À¡à‚¥¬ª√“»®“°§«“¡√Ÿâ‡°à“‡ªìπªí≠À“

∑’Ë ”§—≠¡“°„πß“π«‘®—¬∑“ß¥â“π‚§√ß¢à“¬ª√– “∑‡∑’¬¡´÷Ëß®–

∑”„Àâ°“√‡√’¬π√Ÿâ¢Õß‚§√ß¢à“¬ª√– “∑‡∑’¬¡„°≈â‡§’¬ß°—∫§«“¡

 “¡“√∂¢Õß¡πÿ…¬å¡“°¢÷Èπ „π∫∑§«“¡π’È®÷ßπ”‡ πÕ‚§√ß¢à“¬

ª√– “∑‡∑’¬¡™π‘¥„À¡à∑’Ë„™âøíß°å™—π‰Œ‡æÕ√åÕ—≈≈‘ª´Õ¬¥å∑’Ë “¡“√∂

ª√—∫‡ª≈’Ë¬πμ”·Àπàß ¢π“¥ ·≈–∑‘»∑“ßμ“¡°“√°√–®“¬μ—«¢Õß

¢âÕ¡Ÿ≈ ‚§√ß √â“ß¢Õß‡§√◊Õ¢à“¬™π‘¥π’Èª√–°Õ∫¥â«¬™—Èπ¢Õß‡´≈≈å

ª√– “∑‡∑’¬¡®”π«π “¡‡≈‡¬Õ√å¥â«¬°—π§◊Õ Õ‘πæÿμ‡≈‡¬Õ√å  (input

layer) Œ‘¥‡¥π‡≈‡¬Õ√å (hidden layer) ·≈–‡Õ“μåæÿμ‡≈‡¬Õ√å (output

layer) „πŒ‘¥‡¥π‡≈‡¬Õ√å®–∂Ÿ°·∫àßÕÕ°‡ªìπ à«π¬àÕ¬Ê μ“¡®”π«π

¢Õß°≈ÿà¡¢âÕ¡Ÿ≈´÷Ëß®–‡√’¬°«à“ Œ‘¥‡¥π‡≈‡¬Õ√å¬àÕ¬ (subhidden layer)

„πμÕπ‡√‘Ë¡μâπ¢Õß°“√‡√’¬π√Ÿâ‚§√ß¢à“¬ª√– “∑‡∑’¬¡™π‘¥π’È®–¬—ß

‰¡à¡’‡´≈≈åª√– “∑‡∑’¬¡Õ¬Ÿà „π‚§√ß¢à“¬·μà®”π«π¢Õß‡´≈≈å

ª√– “∑‡∑’¬¡®–§àÕ¬Ê ‡æ‘Ë¡¢÷Èπ‡√◊ËÕ¬Ê „π√–À«à“ß°“√‡√’¬π√Ÿâ ∂â“

°”Àπ¥„Àâ‡«°‡μÕ√å                ‡ªìπ‡«°‡μÕ√å„π ℜn

‡Õ“μåæÿμ¢Õß‡´≈≈åª√– “∑‡∑’¬¡∑’Ë k „πŒ‘¥‡¥π‡≈‡¬Õ√å §◊Õ ϕk 
(x)

 “¡“√∂§”π«≥‰¥â¥—ß ¡°“√μàÕ‰ªπ’È

‚¥¬∑’Ë ui ‡ªìπ‡«°‡μÕ√åÀπ÷ËßÀπà«¬μ“¡·π«·°π„π·μà≈–·°π¢Õß

øíß°å™—π‰Œ‡æÕ√åÕ—≈≈‘ª´Õ¬¥å ai ‡ªìπ§«“¡°«â“ß„π·μà≈–·°π¢Õß

øíß°å™—π‰Œ‡æÕ√åÕ—≈≈‘ª´Õ¬¥å ·≈– ck ‡ªìπ®ÿ¥»Ÿπ¬å°≈“ß¢Õß

øíß°å™—π‰Œ‡æÕ√åÕ—≈≈‘ª´Õ¬¥å ‡Õ“μåæÿμ (output) ¢Õß‡´≈≈å

ª√– “∑‡∑’¬¡∑’Ë p „π‡Õ“μåæÿμ‡≈‡¬Õ√å§◊Õ yp (x)  “¡“√∂§”π«≥

‰¥â‚¥¬„™â ¡°“√¥—ßμàÕ‰ªπ’È

‚¥¬∑’Ë ϕj 
(x) ‡ªìπ‡Õ“μåæÿμ¢Õß‡´≈≈åª√– “∑‡∑’¬¡∑’Ë j „πŒ‘¥‡¥π

‡≈‡¬Õ√å ‡π◊ËÕß®“°®”π«π¢Õß‡Õ“μåæÿμ„π‡Õ“μåæÿμ‡≈‡¬Õ√å¡’®”π«π

‡∑à“°—∫®”π«π¢ÕßŒ‘¥‡¥π‡≈‡¬Õ√å¬àÕ¬ ‡æ√“–©–π—Èπ‡√“®”‡ªìπ

μâÕß¡’øíß°å™—π∑’Ë„™â„π°“√μ—¥ ‘π„®«à“®–„ÀâÕ‘πæÿμ∑’Ë‡¢â“¡“Õ¬Ÿà„π

°≈ÿà¡‰Àπ ÷́Ëß‡√“®–π‘¬“¡øíß°å™—π°“√μ—¥ ‘π„® D(x) ¥—ßμàÕ‰ªπ’È

∫∑π”

‚§√ß¢à“¬ª√– “∑‡∑’¬¡™π‘¥ Radial Basis function (RBF)

‡ªìπ‚§√ß¢à“¬ª√– “∑‡∑’¬¡∑’Ëπ‘¬¡„™â°—π¡“°„π°“√ª√–¡“≥

øíß°å™—π‡π◊ËÕß®“° “¡“√∂ª√–¡“≥øíß°å™—π‰¥â‚¥¬μ√ß®“°Õ‘πæÿμ

(input) ·≈–‡Õ“μåæÿμ (output) ‚¥¬„™â‚§√ß √â“ß¢Õß‚§√ß¢à“¬

ª√– “∑‡∑’¬¡·∫∫ßà“¬·≈–‰¡à´—∫ ấÕπ ·μà ‚§√ß¢à“¬ª√– “∑

‡∑’¬¡™π‘¥π’È¡’¢âÕ‡ ’¬§◊Õ ®”π«π¢Õß‡´≈≈åª√– “∑‡∑’¬¡®–∂Ÿ°

°”Àπ¥·πàπÕπ°àÕπ∑’Ë®–‡√’¬π√Ÿâ¢âÕ¡Ÿ≈∑’Ë„™â ”À√—∫„Àâ ‚§√ß¢à“¬

ª√– “∑‡∑’¬¡‡√’¬π√Ÿâ πÕ°®“°π’È‡√“¬—ß‰¡à “¡“√∂√Ÿâ≈à«ßÀπâ“‰¥â«à“

®–μâÕß„™â®”π«π¢Õß‡´≈≈åª√– “∑‡∑’¬¡‡∑à“‰√∂÷ß®–‡À¡“– ¡

°—∫¢âÕ¡Ÿ≈∑’Ë ‚§√ß¢à“¬ª√– “∑‡∑’¬¡®–μâÕß‡√’¬π√Ÿâ ®÷ß∑”„Àâ‚§√ß

¢à“¬ª√– “∑‡∑’¬¡™π‘¥π’È ‰¡à¬◊¥À¬ÿàπμàÕ°“√„™âß“π®√‘ß  Platt (1991)

‡ πÕÕ—≈°Õ√‘∑÷¡∑’Ë‡√’¬π√Ÿâ·∫∫≈”¥—∫ (sequential learning)  ”À√—∫

‚§√ß¢à“¬ª√– “∑‡∑’¬¡™π‘¥ Radial Basis function ∑’Ë “¡“√∂

‡√’¬π√Ÿâ¢âÕ¡Ÿ≈∑’Ë≈–μ—«‚¥¬∑’Ë„πμÕπ‡√‘Ë¡μâπ®–¬—ß‰¡à¡’‡´≈≈åª√– “∑

‡∑’¬¡Õ¬Ÿà„π‚§√ß¢à“¬‡≈¬·μà®”π«π¢Õß‡´≈≈åª√– “∑‡∑’¬¡®–

§àÕ¬Ê ‡æ‘Ë¡¢÷Èπ√–À«à“ß°“√‡√’¬π√Ÿâ‚§√ß¢à“¬ª√– “∑‡∑’¬¡π’È√Ÿâ®—°„π™◊ËÕ

resource allocation network (RAN) ·μà‡π◊ËÕß®“°‚§√ß¢à“¬

ª√– “∑‡∑’¬¡™π‘¥π’È„™âÕ—≈°Õ√‘∑÷¡ least-mean square (LMS) „π

°“√ª√—∫§à“πÈ”Àπ—° (weight) ¢Õß‚§√ß¢à“¬ª√– “∑‡∑’¬¡∑”„Àâ

„™â‡«≈“„π°“√‡√’¬π√Ÿâ¡“° μàÕ¡“ Kadirkamanathan ·≈– Niranjan

(1993) ‰¥âª√—∫ª√ÿß«‘∏’°“√¢Õß RAN ‚¥¬„™â«‘∏’ extended Kalman

filter (EKF) „π°“√ª√—∫§à“πÈ”Àπ—°¢Õß‚§√ß¢à“¬ª√– “∑‡∑’¬¡

·∑π«‘∏’ LMS ´÷Ëß√Ÿâ®—°„π™◊ËÕ RAN extended Kalman filter

(RANEKF) Õ¬à“ß‰√°Áμ“¡‚§√ß¢à“¬ª√– “∑‡∑’¬¡∑—Èß Õß™π‘¥π’È°Á

¡’¢âÕ‡ ’¬§◊Õ®”π«π¢Õß‡´≈≈åª√– “∑‡∑’¬¡®–‡æ‘Ë¡¢÷Èπ‰¥âÕ¬à“ß‡¥’¬«

·μà‰¡à¡’«‘∏’°“√∑’Ë®–≈¥®”π«π¢Õß‡´≈≈åª√– “∑‡∑’¬¡∑’Ë‰¡à®”‡ªìπ

ÕÕ°®“°‚§√ß¢à“¬ª√– “∑‡∑’¬¡μàÕ¡“ Yingwei et al. (1997) ‰¥â

ª√—∫ª√ÿß«‘∏’°“√¢Õß RANEKF ‚¥¬°“√‡æ‘Ë¡«‘∏’°“√∑’Ë®–≈∫‡´≈≈å

ª√– “∑‡∑’¬¡∑’Ë‰¡à®”‡ªìπÕÕ°‰ª´÷Ëß√Ÿâ®—°„π™◊ËÕ minimal resource

allocating network (MRAN) μàÕ¡“ Li Yan et al. (2000) ‰¥â

ª√—∫ª√ÿß«‘∏’°“√¢Õß (MRAN) ́ ÷Ëß√Ÿâ®—°°—π„π™◊ËÕ  Extended-MRAN

(EMRAN) ·μàÕ¬à“ß‰√°Áμ“¡‡¡◊ËÕ ‘Èπ ÿ¥°√–∫«π°“√‡√’¬π√Ÿâ·≈–

‚§√ß¢à“¬ª√– “∑‡∑’¬¡‰¥â∂Ÿ°π”‰ª„™âß“π·≈â« ·μàμàÕ¡“„π¿“¬À≈—ß

‡√“¡’¢âÕ¡Ÿ≈™ÿ¥„À¡à∑’ËμâÕß°“√„Àâ‚§√ß¢à“¬ª√– “∑‡∑’¬¡‡À≈à“π’È‡√’¬π√Ÿâ

‚§√ß¢à“¬ª√– “∑‡∑’¬¡‡À≈à“π’È®–‰¡à “¡“√∂∑’Ë®–‡√’¬π√Ÿâ¢âÕ¡Ÿ≈™ÿ¥„À¡à

π’È ‰¥â ‚¥¬ª√“»®“°¢âÕ¡Ÿ≈™ÿ¥‡¥‘¡ ∑”„Àâ‚§√ß¢à“¬ª√– “∑‡∑’¬¡

‡À≈à“π’È ‰¡à¡’§«“¡ “¡“√∂‡√’¬π√Ÿâ§«“¡√Ÿâ„À¡à‰¥â
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Õ—≈°Õ√‘∑÷¡°“√‡√’¬π√Ÿâ ”À√—∫‚§√ß¢à“¬ª√– “∑‡∑’¬¡™π‘¥

øíß°å™—π‰Œ‡æÕ√åÕ—≈≈‘ª´Õ¬¥å

°“√‡√’¬π√Ÿâ ”À√—∫‚§√ß¢à“¬ª√– “∑‡∑’¬¡™π‘¥øíß°å™—π

‰Œ‡æÕ√åÕ—≈≈‘ª´Õ¬¥åπ’È®–‡°’Ë¬«¢âÕß°—∫°“√ª√—∫§à“æ“√“¡‘‡μÕ√åμà“ßÊ

¢Õßøíß°å™—π‰Œ‡æÕ√åÕ—≈≈‘ª´Õ¬¥ǻ ÷Ëß‰¥â·°à ®ÿ¥»ÿπ¬å°≈“ß¢Õßøíß°å™—π

‰Œ‡æÕ√åÕ—≈≈‘ª´Õ¬¥å ‡«°‡μÕ√åÀπ÷ËßÀπà«¬μ“¡·°π¢Õß øíß°å™—π

‰Œ‡æÕ√åÕ—≈≈‘ª´Õ¬¥å §«“¡°«â“ß„π·μà≈–·°π¢Õßøíß°å™—π‰Œ‡æÕ√å

Õ—≈≈‘ª´Õ¬¥å °”Àπ¥„Àâ                      ‡ªìπ‡´μ¢Õß‡´≈≈å

ª√– “∑‡∑’¬¡ K   μ—«  °”Àπ¥„Àâ

‡ªìπ‡´≈≈åª√– “∑‡∑’¬¡∑’Ë k ‚¥¬∑’Ë Ck ‡ªìπ®ÿ¥»ÿπ¬å°≈“ß¢Õß

‡´≈≈åª√– “∑‡∑’¬¡∑’Ë k, Sk ‡ªìπ‚§·«‡√’¬π‡¡∑√‘°´å ¢Õß‡´≈≈å

ª√– “∑‡∑’¬¡∑’Ë k, Nk ‡ªìπ®”π«π¢Õß¢âÕ¡Ÿ≈¢Õß‡´≈≈åª√– “∑

‡∑’¬¡∑’Ë k,                      ‡ªìπ§«“¡°«â“ß¢Õß‡´≈≈å

ª√– “∑‡∑’¬¡∑’Ë k, ·≈– Dk ‡ªìπ™◊ËÕ§≈“ ¢Õß‡´≈≈åª√– “∑‡∑’¬¡∑’Ë

k ‡√“°”Àπ¥„Àâ N0 ‡ªìπ§à“§ß∑’Ë∑’Ë„™â ”À√—∫ª√—∫§à“§«“¡°«â“ß Ak

1 °“√ √â“ß‡´≈≈åª√– “∑‡∑’¬¡„À¡à

„πμÕπ‡√‘Ë¡μâπ¢Õß°“√‡√’¬π√Ÿâ ®–‰¡à¡’‡´≈≈åª√– “∑‡∑’¬¡

Õ¬Ÿà„π‚§√ß¢à“¬ª√– “∑‡∑’¬¡‡≈¬ ·μà®”π«π‡´≈≈åª√– “∑‡∑’¬¡

®–‡æ‘Ë¡¢÷Èπ„π√–À«à“ß°“√‡√’¬π√Ÿâ¢âÕ¡Ÿ≈„À¡àÊ  ¡¡μ‘„Àâ xj ‡ªìπ

Õ‘πæÿμ¢Õß‚§√ß¢à“¬ª√– “∑‡∑’¬¡ ·≈– tj ‡ªìπ™◊ËÕ§≈“ ¢Õß xj

„π¢≥–∑’Ë ‚§√ß¢à“¬ª√– “∑‡∑’¬¡‡√’¬π√ŸâÕ‘πæÿμ xj °Á®–§âπÀ“

‡´≈≈åª√– “∑‡∑’¬¡∑’ËÕ¬Ÿà„°≈â°—∫Õ‘πæÿμ xj ¡“°∑’Ë ÿ¥ ∂â“À“‡´≈≈å

ª√– “∑‡∑’¬¡¥—ß°≈à“«‰¥â §à“æ“√“¡‘‡μÕ√å¢Õßøíß°å™—π‰Œ‡æÕ√å

Õ—≈≈‘ª´Õ¬¥å¢Õß‡´≈≈å∑’Ë‰¥â®–∂Ÿ°ª√—∫·∫∫™—Ë«§√“«¥—ßπ’È

(1) §”π«≥§à“   ®“°∑ƒ…Æ’∫∑∑’Ë 1

(2) §”π«≥§à“   ®“°∑ƒ…Æ’∫∑∑’Ë 2

(3) §”π«≥§à“ eigenvalue ¢Õß

(4) §”π«≥§à“ eigenvector ¢Õß

°”Àπ¥„Àâ    ‡ªìπ‡«°‡μÕ√åÀπ÷ËßÀπà«¬μ“¡·π«·°π i ¢Õß

øíß°å™—π‰Œ‡æÕ√åÕ—≈≈‘ª´Õ¬¥å °“√∑’Ë®–∑¥ Õ∫«à“‡´≈≈åª√– “∑

‡∑’¬¡π’È “¡“√∂§≈ÿ¡¢âÕ¡Ÿ≈„À¡à‰¥âÀ√◊Õ‡ª≈à“ ‡√“®–∑¥ Õ∫‚¥¬„™â

 ¡°“√¥—ßμàÕ‰ªπ’È

∂â“‡√“¡’¢âÕ¡Ÿ≈™ÿ¥„À¡à‡¢â“¡“ ¡¡μ‘«à“‡ªìπ‡«°‡μÕ√å x ‡«°‡μÕ√åπ’È

®–∂Ÿ°®—¥Õ¬Ÿà„π°≈ÿà¡ k À√◊Õ‰¡à°ÁÕ¬Ÿà„π°≈ÿà¡ unknown

°“√§”π«≥‡«°‡μÕ√å§à“‡©≈’Ë¬ ·≈–‚§·«‡√’¬π‡¡∑√‘°´å ·∫∫√’

‡§Õ√ǻ ’ø

„π°“√À“®ÿ¥»Ÿπ¬å°≈“ß¢Õßøíß°å™—π‰Œ‡æÕ√åÕ—≈≈‘ª´Õ¬¥åπ—Èπ

‡√“®–„™â§à“‡©≈’Ë¬„π°“√§”π«≥À“®ÿ¥»Ÿπ¬å°≈“ß¢Õßøíß°å™—π‰Œ‡æÕ√å

Õ—≈≈‘ª´Õ¬¥å ·μà‡π◊ËÕß®“°°“√§”π«≥§à“‡©≈’Ë¬‚¥¬„™â Ÿμ√§”π«≥

·∫∫‡¥‘¡‡√“μâÕß„™â¢âÕ¡Ÿ≈∑—ÈßÀ¡¥„π°“√§”π«≥ ÷́Ëß‰¡à‡À¡“–°—∫

°“√‡√’¬π√Ÿâ·∫∫‡æ‘Ë¡‡μ‘¡‰¥â ¥—ßπ—Èπ‡√“®÷ßπ” Ÿμ√§”π«≥À“§à“‡©≈’Ë¬

·∫∫‡¥‘¡¡“‡¢’¬π„À¡à„π√Ÿª¢Õß√’‡§Õ√å´’ø√–À«à“ß§à“‡©≈’Ë¬„À¡à

·≈–§à“‡©≈’Ë¬ ‡°à“¥—ß∑ƒ…Æ’∫∑μàÕ‰ªπ’È

∑ƒ…Æ’∫∑∑’Ë 1

°”Àπ¥„Àâ                ‡ªìπ‡´μ¢Õß¢âÕ¡Ÿ≈ ‚¥¬∑’Ë xi

‡ªìπ‡«°‡μÕ√å„π ℜn ·≈– °”Àπ¥„Àâ μold ‡ªìπ‡«°‡μÕ√å§à“‡©≈’Ë¬

¢Õß‡´μπ’È ∂â“ xN+1 ‡ªìπ¢âÕ¡Ÿ≈μ—«„À¡à∑’Ë∂Ÿ°‡æ‘Ë¡‡¢â“‰ª„π‡´μπ’È ®–

‰¥â«à“

‚¥¬∑’Ë μnew ‡ªìπ ‡«°‡μÕ√å§à“‡©≈’Ë¬„À¡à       ·≈–

   „π°“√§”π«≥À“§à“¢Õß‡«°‡μÕ√åÀπ÷ËßÀπà«¬μ“¡

·°π¢Õßøíß°å™—π‰Œ‡æÕ√åÕ—≈≈‘ª´Õ¬¥å‡√“®–§”π«≥®“°‚§·«‡√’¬π

‡¡∑√‘°´å ·μà«‘∏’°“√À“§à“‚§·«‡√’¬π‡¡∑√‘° ǻ·∫∫‡¥‘¡®–μâÕß„™â

¢âÕ¡Ÿ≈∑—ÈßÀ¡¥„π°“√§”π«≥ ÷́Ëß®–‰¡à‡À¡“– ¡°—∫°“√‡√’¬π√Ÿâ·∫∫

‡æ‘Ë¡‡μ‘¡‰¥â ¥—ßπ—Èπ‡√“®÷ß§«√‡¢’¬π‡¡∑√‘°´å„À¡à„π√Ÿª·∫∫¢Õß

√’‡§Õ√ǻ ’ø¥—ß· ¥ß„π∑ƒ…Æ’∫∑∑’Ë 2

∑ƒ…Æ’∫∑∑’Ë 2

°”Àπ¥„Àâ                    ‡ªìπ‡´μ¢Õß¢âÕ¡Ÿ≈ ‚¥¬∑’Ë xi ‡ªìπ

‡«°‡μÕ√å„π ℜn ·≈– °”Àπ¥„Àâ Sold ‡ªìπ‚§·«‡√’¬π‡¡∑√‘°´å ¢Õß

‡´μπ’È ∂â“ xN+1 ‡ªìπ¢âÕ¡Ÿ≈μ—«„À¡à∑’Ë∂Ÿ°‡æ‘Ë¡‡¢â“‰ª„π‡´μπ’È ®–‰¥â«à“
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(x ) 0cs i	 �

(x ) 0cs j	 �

º≈°“√∑¥≈Õß
‡√“®–∑¥ Õ∫ª√– ‘∑∏‘¿“æ¢Õß‚§√ß¢à“¬ª√– “∑‡∑’¬¡

™π‘¥øíß°å™—π‰Œ‡æÕ√åÕ—≈≈‘ª´Õ¬¥å (VEBF) ‡∑’¬∫°—∫‚§√ß¢à“¬

ª√– “∑‡∑’¬¡∑’Ëπ‘¬¡„™â°—π„πªí®®ÿ∫—π´÷Ëß‰¥â·°à ‚§√ß¢à“¬ª√– “∑

‡∑’¬¡ Radial Basis function (RBF) ·≈– ‚§√ß¢à“¬ª√– “∑‡∑’¬¡

Multilayer Perceptron (MLP) ‡√“®–„™â¢âÕ¡Ÿ≈¡“μ√∞“π∑’Ëπ‘¬¡

„™â°—π¡“°„π°“√∑¥ Õ∫‚¡‡¥≈¢Õß‚§√ß¢à“¬ª√– “∑‡∑’¬¡ ‚¥¬

™ÿ¥¢âÕ¡Ÿ≈¥—ß°≈à“«‡√“‡≈◊Õ°¡“®“°∞“π¢âÕ¡Ÿ≈ UCI [6] ‡ªìπ™ÿ¥

¢âÕ¡Ÿ≈∑’Ë „™â „π°“√‡√’¬π√Ÿâ¢Õß‚§√ß¢à“¬ª√– “∑‡∑’¬¡·≈–„™â

∑¥ Õ∫‚§√ß¢à“¬ª√– “∑‡∑’¬¡ ·≈–‡√“„™â«‘∏’ 5-fold cross-

validation  ”À√—∫∑ÿ°‚¡‡¥≈ ‚¥¬«‘∏’°“√π’È®–·∫àß¢âÕ¡Ÿ≈ÕÕ°‡ªìπ

5  à«π‚¥¬¢âÕ¡Ÿ≈„π·μà≈– à«π®–‰¡à´È”°—π ´÷Ëß‡√“®–„™â 4  à«π

 ”À√—∫„Àâ‚§√ß¢à“¬ª√– “∑‡∑’¬¡‡√’¬π√Ÿâ ·≈–Õ’° 1  à«π ”À√—∫

∑¥ Õ∫‚¡‡¥≈·≈–∑” È́”®π§√∫ 5 §√—Èß ·≈â«º≈≈—æ∏å®–∂Ÿ°π”¡“

‡©≈’Ë¬  ”À√—∫§à“§«“¡°«â“ß‡√‘Ë¡μâπ¢Õß RBF ·≈– VEBF ‡√“®–

§”π«≥‚¥¬„™â ¡°“√¥—ßπ’È

‚¥¬∑’Ë δ ‡ªìπ§à“§ß∑’Ë ·≈–   ·≈– dij ‡ªìπ

Euclidean distance √–À«à“ß¢âÕ¡Ÿ≈μ—«∑’Ë i ·≈–μ—«∑’Ë j

Iris Data Set

Iris Data Set ¡’¢âÕ¡Ÿ≈∑—ÈßÀ¡¥ 150 μ—« ‚¥¬∑’Ë¢âÕ¡Ÿ≈

·μà≈–μ—«ª√–°Õ∫¥â«¬·Õμ∑√‘∫‘«∑—ÈßÀ¡¥ 4 ·Õμ∑√‘∫‘«·≈–¡’∑—ÈßÀ¡¥

3 §≈“ ¥â«¬°—π „π°“√∑¥≈Õßπ’È‡√“°”Àπ¥§à“ δ = 1/3  ”À√—∫

VEBF ·≈– δ = 10  ”À√—∫ RBF  ”À√—∫ MLP ‡√“®–√—π

‚¡‡¥≈π’È®”π«π 10 §√—Èß‚¥¬‡√“®–‡≈◊Õ°§√—Èß∑’Ë¥’∑’Ë ÿ¥¢Õß‚¡‡¥≈π’È

‡ªìπº≈°“√∑¥≈Õß „π°“√∑¥≈Õßπ’È VEBF ‡√’¬π√Ÿâ¢âÕ¡Ÿ≈‡æ’¬ß

√Õ∫‡¥’¬«„π¢≥–∑’Ë RBF ·≈– MLP ‡√’¬π√Ÿâ¢âÕ¡Ÿ≈À≈“¬√Õ∫

‡¡◊ËÕ cs §◊ÕÕ‘π‡¥Á°´å¢Õß‡´≈≈åª√– “∑‡∑’¬¡∑’ËÕ¬Ÿà„°≈â°—∫Õ‘πæÿμ

¡“°∑’Ë ÿ¥·≈– n §◊Õ®”π«π¡‘μ‘¢ÕßÕ‘πæÿμ ∂â“§à“¢Õß

· ¥ß«à“‡´≈≈åª√– “∑‡∑’¬¡π’È ‰¡à “¡“√∂§≈ÿ¡Õ‘πæÿμπ’È ‰¥â ¥—ßπ—Èπ

‡´≈≈åª√– “∑μ—«„À¡à®–∂Ÿ° √â“ß¢÷Èπ·≈–∂Ÿ°‡æ‘Ë¡‡¢â“‰ª„π‚§√ß¢à“¬

ª√– “∑‡∑’¬¡·≈–§à“æ“√“¡‘‡μÕ√å¢Õß‡´≈≈åª√– “∑‡∑’¬¡„À¡àπ’È

®–∂Ÿ°°”Àπ¥§à“‡√‘Ë¡μâπ„À¡à¥—ßπ’È

‡¡◊ËÕ A0 §◊Õæ“√“¡‘‡μÕ√å§«“¡°«â“ß‡√‘Ë¡μâπ¢Õß‡´≈≈åª√– “∑‡∑’¬¡

2 ·≈–°“√ª√—∫§à“æ“√“¡‘‡μÕ√å¢Õß‡´≈≈åª√– “∑‡∑’¬¡

∂â“§à“¢Õß          · ¥ß«à“‡´≈≈åª√– “∑‡∑’¬¡π’È

 “¡“√∂§≈ÿ¡¢âÕ¡Ÿ≈μ—«π’È ‰¥â ¥—ßπ—Èπ§à“æ“√“¡‘‡μÕ√å¢Õß‡´≈≈å

ª√– “∑‡∑’¬¡π’È®–∂Ÿ°ª√—∫μ“¡§à“æ“√“¡‘‡μÕ√å™—Ë«§√“«¢Õß

øíß°å™—π‰Œ‡æÕ√åÕ—≈≈‘ª´Õ¬¥å¥—ßμàÕ‰ªπ’È

∂â“      ·≈â«

3 «‘∏’°“√≈∫‡´≈≈åª√– “∑‡∑’¬¡∑’Ë‰¡à®”‡ªìπÕÕ°®“°‚§√ß¢à“¬

ª√– “∑‡∑’¬¡

‡π◊ËÕß®“°®”π«π‡´≈≈åª√– “∑‡∑’¬¡®–‡æ‘Ë¡¢÷Èπ„π√–À«à“ß

°“√‡√’¬π√Ÿâ  ¥—ßπ—ÈπÕ“®¡’‡´≈≈åª√– “∑‡∑’¬¡∫“ßμ—«∑’Ë‰¡à¡’§«“¡®”‡ªìπ

μâÕß„™â ‡√“®÷ß§«√¡’«‘∏’°“√∑’Ë®–°”®—¥‡´≈≈å∑’Ë‰¡à¡’§«“¡®”‡ªìπ‡À≈à“π’È

„π‚§√ß¢à“¬ª√– “∑‡∑’¬¡ °”Àπ¥„Àâ

 ·≈–

‡ªìπ‡´≈≈åª√– “∑‡∑’¬¡ Õßμ—«„¥Ê „π‚§√ß¢à“¬ª√– “∑‡∑’¬¡

∂â“‡√“√«¡ Õß‡´≈≈åª√– “∑‡∑’¬¡π’È‡¢â“¥â«¬°—π°≈“¬‡ªìπ‡´≈≈å

ª√– “∑‡∑’¬¡μ—«„À¡à§◊Õ

§à“æ“√“¡‘‡μÕ√å¢Õß‡´≈≈åª√– “∑‡∑’¬¡μ—«„À¡à “¡“√∂§”π«≥

‰¥â¥—ß ¡°“√μàÕ‰ªπ’È
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·≈– MLP πÕ°®“°π’È‡«≈“∑’Ë„™â„π°“√‡√’¬π√Ÿâ¢Õß VEBF ®–„™â

‡«≈“πâÕ¬°«à“ RBF ·≈– MLP

Parkinson Data Set

Parkinson Data Set ¡’¢âÕ¡Ÿ≈∑—ÈßÀ¡¥ 197 μ—« ‚¥¬∑’Ë

¢âÕ¡Ÿ≈·μà≈–μ—«ª√–°Õ∫¥â«¬·Õμ∑√‘∫‘«∑—ÈßÀ¡¥ 23 ·Õμ∑√‘∫‘«

·≈–¡’∑—ÈßÀ¡¥ 2 §≈“ ¥â«¬°—π „π°“√∑¥≈Õßπ’È‡√“°”Àπ¥§à“

δ  = 0.05  ”À√—∫ VEBF ·≈– δ = 1  ”À√—∫ RBF  ”À√—∫ MLP

‡√“®–√—π‚¡‡¥≈π’È®”π«π 10 §√—Èß‚¥¬‡√“®–‡≈◊Õ°§√—Èß∑’Ë¥’∑’Ë ÿ¥

¢Õß‚¡‡¥≈π’È‡ªìπº≈°“√∑¥≈Õß „π°“√∑¥≈Õßπ’È VEBF ‡√’¬π√Ÿâ

¢âÕ¡Ÿ≈‡æ’¬ß√Õ∫‡¥’¬«„π¢≥–∑’Ë RBF ·≈– MLP ‡√’¬π√Ÿâ¢âÕ¡Ÿ≈

À≈“¬√Õ∫ º≈°“√‡ª√’¬∫‡∑’¬∫¥—ß· ¥ß„πμ“√“ß∑’Ë 3 ®“°μ“√“ßπ’È

‡√“®–‡ÀÁπ«à“ §à“‡©≈’Ë¬¢Õß§«“¡∂Ÿ°μâÕß (accuracy) ¢Õß VEBF

 Ÿß°«à“ RBF ·≈– MLP πÕ°®“°π’È‡«≈“∑’Ë„™â„π°“√‡√’¬π√Ÿâ¢Õß VEBF

®–„™â‡«≈“πâÕ¬ MLP ·μà¡“°°«à“ RBF ‡æ’¬ß‡≈Á°πâÕ¬

º≈°“√‡ª√’¬∫‡∑’¬∫¥—ß· ¥ß„πμ“√“ß∑’Ë 1 ®“°μ“√“ßπ’È‡√“®–‡ÀÁπ«à“

§à“‡©≈’Ë¬¢Õß§«“¡∂Ÿ°μâÕß (accuracy) ¢Õß VEBF ®–‡∑à“°—∫ MLP

·μà Ÿß°«à“ RBF ·μà‡«≈“∑’Ë„™â„π°“√‡√’¬π√Ÿâ¢Õß VEBF ®–„™â

‡«≈“πâÕ¬°«à“ RBF ·≈– MLP

Balance Scale Data Set

Balance Scale Data Set ¡’¢âÕ¡Ÿ≈∑—ÈßÀ¡¥ 625 μ—« ‚¥¬∑’Ë

¢âÕ¡Ÿ≈·μà≈–μ—«ª√–°Õ∫¥â«¬·Õμ∑√‘∫‘«∑—ÈßÀ¡¥ 4 ·Õμ∑√‘∫‘«·≈–

¡’∑—ÈßÀ¡¥ 3 §≈“ ¥â«¬°—π „π°“√∑¥≈Õßπ’È‡√“°”Àπ¥§à“ δ = 0.05
 ”À√—∫ VEBF ·≈– δ = 1  ”À√—∫ RBF  ”À√—∫ MLP ‡√“

®–√—π‚¡‡¥≈π’È®”π«π 10 §√—Èß‚¥¬‡√“®–‡≈◊Õ°§√—Èß∑’Ë¥’∑’Ë ÿ¥¢Õß

‚¡‡¥≈π’È‡ªìπº≈°“√∑¥≈Õß „π°“√∑¥≈Õßπ’È VEBF ‡√’¬π√Ÿâ¢âÕ¡Ÿ≈

‡æ’¬ß√Õ∫‡¥’¬«„π¢≥–∑’Ë RBF ·≈– MLP ‡√’¬π√Ÿâ¢âÕ¡Ÿ≈À≈“¬√Õ∫

º≈°“√‡ª√’¬∫‡∑’¬∫¥—ß· ¥ß„πμ“√“ß∑’Ë 2 ®“°μ“√“ßπ’È‡√“®–‡ÀÁπ«à“

§à“‡©≈’Ë¬¢Õß§«“¡∂Ÿ°μâÕß (accuracy) ¢Õß VEBF  Ÿß°«à“ RBF

Testing
VEBF RBF MLP

fold
Time No. of Accuracy Time No. of Accuracy Time No. of Accuracy

(second) neurons (%) (second) neurons (%) (second) neurons (%)

1 0.08 3 96.67 1.18 3 96.67 1.11 3 96.67

2 0.03 3 100.00 0.43 3 100.00 0.13 3 96.67

3 0.03 3 96.67 0.43 3 100.00 0.10 3 100.00

4 0.03 3 100.00 0.44 3 96.67 0.10 3 96.67

5 0.03 3 96.67 0.43 3 96.67 0.10 3 96.67

Average 0.04 3 98.00 0.58 3 98.00 0.31 3 97.33

μ“√“ß∑’Ë 1 º≈°“√∑¥≈Õß®“°°“√∑¥ Õ∫¥â«¬ Iris Data Set

Testing
VEBF RBF MLP

fold
Time No. of Accuracy Time No. of Accuracy Time No. of Accuracy

(second) neurons (%) (second) neurons (%) (second) neurons (%)

1 0.24 4 91.27 1.16 4 84.13 1.58 4 84.92

2 0.15 3 91.94 0.38 3 78.23 0.66 3 88.71

3 0.16 5 86.51 0.41 5 82.54 0.65 5 84.92

4 0.15 3 95.12 0.38 3 79.67 0.83 3 91.06

5 0.16 5 89.68 0.41 5 84.92 0.88 5 89.68

Average 0.17 4 90.90 0.55 4 81.90 0.92 4 87.86

μ“√“ß∑’Ë 2 º≈°“√∑¥≈Õß®“°°“√∑¥ Õ∫¥â«¬ Balance Scale Data Set
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Zoo Data Set

Zoo Data Set ¡’¢âÕ¡Ÿ≈∑—ÈßÀ¡¥ 101 μ—« ‚¥¬∑’Ë¢âÕ¡Ÿ≈

·μà≈–μ—«ª√–°Õ∫¥â«¬·Õμ∑√‘∫‘«∑—ÈßÀ¡¥ 17 ·Õμ∑√‘∫‘«·≈–¡’

∑—ÈßÀ¡¥ 7 §≈“ ¥â«¬°—π „π°“√∑¥≈Õßπ’È‡√“°”Àπ¥§à“ δ = 0.5
 ”À√—∫ VEBF ·≈– δ = 10  ”À√—∫ RBF  ”À√—∫ MLP ‡√“

®–√—π‚¡‡¥≈π’È®”π«π 10 §√—Èß‚¥¬‡√“®–‡≈◊Õ°§√—Èß∑’Ë¥’∑’Ë ÿ¥¢Õß

‚¡‡¥≈π’È‡ªìπº≈°“√∑¥≈Õß „π°“√∑¥≈Õßπ’È VEBF ‡√’¬π√Ÿâ¢âÕ¡Ÿ≈

‡æ’¬ß√Õ∫‡¥’¬«„π¢≥–∑’Ë RBF ·≈– MLP ‡√’¬π√Ÿâ¢âÕ¡Ÿ≈À≈“¬√Õ∫

º≈°“√‡ª√’¬∫‡∑’¬∫¥—ß· ¥ß„πμ“√“ß∑’Ë 4 ®“°μ“√“ßπ’È‡√“®–

‡ÀÁπ«à“ §à“‡©≈’Ë¬¢Õß§«“¡∂Ÿ°μâÕß (accuracy) ¢Õß VEBF  Ÿß°«à“

RBF ·≈– MLP πÕ°®“°π’È‡«≈“∑’Ë„™â„π°“√‡√’¬π√Ÿâ¢Õß VEBF ®–

„™â‡«≈“πâÕ¬°«à“ RBF ·≈– MLP

 √ÿª
∫∑§«“¡π’Èπ”‡ πÕ‚§√ß¢à“¬ª√– “∑‡∑’¬¡™π‘¥øíß°å™—π

‰Œ‡æÕ√åÕ—≈≈‘ª´Õ¬¥å (VEBF) ÷́Ëß„™âøíß°å™—π‰Œ‡æÕ√åÕ—≈≈‘ª´Õ¬¥å

‹

Testing
VEBF RBF MLP

fold
Time No. of Accuracy Time No. of Accuracy Time No. of Accuracy

(second) neurons (%) (second) neurons (%) (second) neurons (%)

1 2.12 82 92.11 1.60 82 76.32 52.30 82 94.74

2 1.74 82 87.18 0.79 82 66.67 48.24 82 76.92

3 1.76 92 85.00 0.94 92 75.00 65.43 92 82.50

4 1.74 90 92.50 0.90 90 77.50 65.41 90 77.50

5 1.74 87 84.21 0.86 87 68.42 76.54 87 81.58

Average 1.82 86.6 88.20 1.02 86.6 72.78 61.58 86.6 82.65

μ“√“ß∑’Ë 3 º≈°“√∑¥≈Õß®“°°“√∑¥ Õ∫¥â«¬ Parkinson Data Set

Testing
VEBF RBF MLP

fold
Time No. of Accuracy Time No. of Accuracy Time No. of Accuracy

(second) neurons (%) (second) neurons (%) (second) neurons (%)

1 0.10 11 100.00 0.82 11 78.95 1.29 11 94.74

2 0.05 11 100.00 0.13 11 75.00 0.48 11 60.00

3 0.04 11 95.24 0.09 11 80.95 0.51 11 85.71

4 0.04 10 100.00 0.19 10 75.00 0.41 10 80.00

5 0.05 11 95.24 0.21 11 90.48 0.46 11 95.24

Average 0.05 10.8 98.10 0.29 10.8 80.08 0.63 10.8 83.14

μ“√“ß∑’Ë 4 º≈°“√∑¥≈Õß®“°°“√∑¥ Õ∫¥â«¬ Zoo Data Set

„π°“√‡√’¬π√Ÿâ¢âÕ¡Ÿ≈´÷Ëßøíß°å™—ππ’È “¡“√∂‡√’¬π√Ÿâ¢âÕ¡Ÿ≈‰¥â‚¥¬°“√

¬â“¬®ÿ¥»ÿπ¬å°≈“ß À¡ÿπ ·≈–¢¬“¬¢π“¥¢Õßøíß°å™—π‡æ◊ËÕ§≈ÿ¡

¢âÕ¡Ÿ≈∑’ËμâÕß°“√‡√’¬π√Ÿâ ‚§√ß¢à“¬ª√– “∑‡∑’¬¡π’È “¡“√∂∑’Ë®–

‡√’¬π√Ÿâ¢âÕ¡Ÿ≈‡æ’¬ß·§à√Õ∫‡¥’¬«„π¢≥–∑’Ë‚§√ß¢à“¬ª√– “∑‡∑’¬¡

ª√–‡¿∑Õ◊ËπÊ ®–μâÕß‡√’¬π√Ÿâ¢âÕ¡Ÿ≈À≈“¬√Õ∫®÷ß®– “¡“√∂‡√’¬π√Ÿâ

¢âÕ¡Ÿ≈‰¥â¥’ ´÷Ëß„π¢≥–∑’Ë¡’°“√‡√’¬π√Ÿâ§à“æ“√“¡‘‡μÕ√åμà“ßÊ ¢Õß

øíß°å™—π‰Œ‡æÕ√åÕ—≈≈‘ª´Õ¬¥å®–∂Ÿ°ª√—∫®“°¢âÕ¡Ÿ≈∑’Ë‡¢â“¡“„À¡à

‡æ’¬ß¢âÕ¡Ÿ≈‡¥’¬«®÷ß∑”„Àâ ‚§√ß¢à“¬ª√– “∑‡∑’¬¡™π‘¥øíß°å™—π

‰Œ‡æÕ√åÕ—≈≈‘ª´Õ¬¥åπ’È “¡“√∂∑’Ë®–‡√’¬π√Ÿâ¢âÕ¡Ÿ≈„À¡àÊ ‰¥âÀ≈—ß®“°

∑’Ë ‚§√ß¢à“¬ª√– “∑‡∑’¬¡π’È∂Ÿ°π”‰ª„™âß“π·≈â«‚¥¬‰¡à®”‡ªìπμâÕß

‡°Á∫¢âÕ¡Ÿ≈‡°à“∑’Ë‰¥â‡√’¬π√Ÿâ ‰ª·≈â«´÷Ëß‚§√ß¢à“¬ª√– “∑‡∑’¬¡ª√–

‡¿∑Õ◊ËπÊ ‰¡à “¡“√∂∑”‰¥â πÕ°®“°π’Èª√– ‘∑∏‘¿“æ¢Õß‚§√ß¢à“¬

ª√– “∑‡∑’¬¡™π‘¥øíß°å™—π‰Œ‡æÕ√åÕ—≈≈‘ª´Õ¬¥å∑’Ë‰¥â®“°°“√∑¥≈Õß

¬—ß Ÿß°«à“‚§√ß¢à“¬ª√– “∑‡∑’¬¡ RBF ·≈– MLP ´÷Ëß RBF ·≈–

MLP ‡ªìπ‚§√ß¢à“¬ª√– “∑‡∑’¬¡∑’Ëπ‘¬¡„™â°—π„πªí®®ÿ∫—π

 “¬™≈  „®‡¬Áπ   ™‘¥™π°  ‡À≈◊Õ ‘π∑√—æ¬å ·≈–»ÿ¿°“πμå  æ‘¡≈∏‡√» / «“√ “√ «‘∑¬“»“ μ√å∫Ÿ√æ“ ©∫—∫æ‘‡»… 2552 : 1-76
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