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Two-level Nearest Neighbor Classification Algorithm Based on Optimal Distance Metric
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Abstract: Two-level nearest neighbor ( TLNN) classification algorithm can obtain better results than k-nearest
neighbor (ANN) classification algorithm by minimizing the mean-absolute error of the misclassification rate with fi-
nite number of training samples. However, the classification accuracy of TLNN is susceptible to noise. In order to
solve this problem, this paper proposed a two-level nearest neighbor classification algorithm based on optimal dis-
tance metric (ODM-TLNN) which can improve the robustness on noise. This proposed algorithm is divided into two
levels. At the low-level, the optimal distance metric to determine a local subspace of an unlabeled test sample;at the
high-level, AdaBoost is used as guidance for local information extraction. The experiment results based on UCI data
sets show that the proposed algorithm is able to achieve a lower classification error rate and it has more stable per-
formance in noisy cases.
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Fig. 2 Error classification of TLNN algorithm
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FZAE ODM-TLNN F1 TLNN Bk BN by =2k, + 1, WA E k=1, S RINGERREEE RN T=
25, LAFRRE(E VI 132 1k & AdaBoost 1557325 8%
3.1 HERBESW

A4k AdaBoost, TLNN #1 ODM-TLNN ik #E47 Fo 8, S0 45 R 2 firs .

XA S R DR AN R 2 R L 3R 2 I B T O B AR R R . IR ZS A L E 10
HEHE T, AdaBoost 7 2 A4 AR T B AR A B 1R R, TLNN Bk 7E 1 A4 B 1 f AR {E . i ODM-
TLNN 8L 7E 7 P AT T R4 3. MXF AdaBoost Al TLNN %% , ODM-TLNN 5.3 () 73 28 15 B

WA,

1 UCIHEEHNERER K2 ZTRER

Tab.1 Basic information of UCI data set Tab. 2 Experiment results

2K BEARL  FRAERL EAN Adaboost ~ TLNN ~ ODM-TLNN
breast 699 10 breast 0.045 2 0.039 6 0.0349
heart 270 14 heart 0.193 0 0.184 8 0.187 8
ionosphere 351 34 ionosphere 0.128 3 0.126 6 0.1249
contraceptive 1473 10 contraceptive 0.285 4 0.305 2 0.3151
Cleanl 476 167 Cleanl 0.148 4 0.139 1 0.134 4
banknote 1372 5 banknote 0.016 2 0.004 7 0.0039
spect 267 23 spect 0.175 2 0.175 2 0.170 3
spectf 267 45 spectf 0.208 3 0.220 7 0.227 4
Monks-1(train+ test) 556 7 Monks-1(train+ test) 0.267 1 0.188 3 0.167 6
wpdc 198 34 wpdc 0.256 2 0.244 8 0.237 0

3.2 mBEsAOSW

BUIE 5 B 7 S i — A B0 0 EE AR A W0 SR 1) A AL BT P AR B RN S b R A BE R . DAFE A
Y], 7E MR A 5 5 R . AdaBoost Fl TLNN 2k #0245 5 Bt BELA B 420 W, & 20t ODM-
TLNN F 3 76 M s B0 52 ma N (9 P RE

TEZ 1Y 10 808 T 5| APRZ M, B EE AL Pk 2 DI 25 48 o (030 20 530 . SR TR B e T A bR 25, LA
M gk Fi O o AR R AR R 596,10 %0, 15 %0 20 YO M BEMLIE T . 3% 3~6 fon T 4 Pl RO 1
T AdaBoost, TLNN #l ODM-TLNN 533 43 JE 485 52 3 1 X L 25 5, 38 R B R R e I 85 i . L3256
5N LU Y, AdaBoost JEVEFE 4 41 MR 7S S0 50 45 3 op OIS B AR A R RSB IANBCa Bl 2.1, 1,1, T
TLNN ByEAE 4 41075 S50 25 1 rp U B AR A0 2R IR 32053 i 051,050, 17 ODM-TLNN 5532 B4 i
I A R R I BE TR it 3 5oh 8,8.9,9. nI UL, B 45 M 75 5040 35 i, AdaBoost FI TLNN 533k 43 83021
B 22 . 1 ODM-TLNN Bk 2R F Wi A8 . 2 B ODM-TLNN 537k 78 B 75 5 B B AT 3 4 1) Bt e
fE o Mo BT Az RE T .
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Tab.3 Wrong classification ratio with 5% noisy data Tab.4 Wrong classification ratio with 10% noisy data
SR Adaboost TLNN ODM-TLNN SR Adaboost TLNN ODM-TLNN
breast 0.073 3 0.064 7 0.060 0 breast 0.123 2 0.126 5 0.1216
heart 0.216 7 0.208 9 0.207 8 heart 0.268 9 0.257 0 0.250 0
ionosphere 0.163 4 0.152 6 0.150 3 ionosphere 0.219 1 0.205 7 0.196 3
contraceptive 0.3037 0.326 4 0.330 8 contraceptive 0.3247 0.344 9 0.35114
Cleanl 0.191 0 0.171 1 0.1617 Cleanl 0.228 9 0.2137 0.204 7
banknote 0.054 5 0.036 9 0.033 2 banknote 0.104 1 0.089 9 0.087 3
spect 0.206 0 0.206 8 0.2011 spect 0.249 2 0.249 2 0.2391
spectf 0.248 1 0.248 5 0.250 4 spectf 0.295 1 0.294 7 0.299 2
Monks-1(train+ test) 0.286 9 0.218 5 0.2137 Monks-1(train+ test) 0.316 2 0.278 7 0.268 7
wpde 0.3010 0.2797 0.276 0 wpde 0.322 9 0.304 7 0.3005
x5 LUBRFHESRBIRE R6 0NREHFESLBIRE

Tab.5 Wrong classification ratio with 15% noisy data Tab. 6 Wrong classification ratio with 20% noisy data
A Adaboost TLNN  ODM-TLNN A Adaboost TLNN  ODM-TLNN
breast 0.196 8 0.194 7 0.1915 breast 0.253 6 0.252 1 0.2512
heart 0.299 3 0.298 1 0.2930 heart 0.348 5 0.342 6 0.340 0
ionosphere 0.266 3 0.246 3 0.2409 ionosphere 0.309 4 0.302 6 0.294 6
contraceptive 0.3510 0.368 9 0.373 6 contraceptive 0.3889 0.402 6 0.405 8
Cleanl 0.292 2 0. 266 0 0.2559 Cleanl 0.346 1 0.326 2 0.309 0
banknote 0.156 9 0.146 0 0.142 8 banknote 0.209 8 0.205 5 0.2013
spect 0.3071 0.2932 0.2921 spect 0.333 8 0.326 7 0.324 8
spectf 0.3150 0.316 5 0.3135 spectf 0.366 2 0.363 9 0.359 4
Monks-1(train+ test) 0.352 3 0.317 3 0.312 4 Monks-1(train+ test) 0.377 3 0. 360 3 0.355 6
wpde 0.369 8 0.362 5 0.354 2 wpde 0.409 9 0.395 8 0.3922

7E ODM-TLNN 3% f ot T7E T )2 553 48 5505 1t 57 Jm) 38 1 23 [ i 51 A e e B 38 i 7 349 5 7 3
TR A PRAEEAS 9 B 02 4 o 31 55 0 FRBEAS T A 8 12 R AR T o7 DA e R R R M ol /0 M8 75 K 40 /) 32 i 5 1
AdaBoost7E M i B 77 76 i BE U LG e A 4R 1 0 2K BE AR E 1

4 HERIE

454 AdaBoost Hl ANN 53k (9 L34, 4 Hh — Pl T fre (R g JE i B9 PR A A8 0 26 k. il i i
AT TESY T3 8 SO B A BRAEAS (9 48 D2 0 B 31 5 O BRFEAS T A9 5 02 3 AR T o g EL T 38 m 1949 4 5 15 i) % T LA 220
. il 7E UCT $dli 58 A Se e R W] i 0 B R 70 0 M IR 0 S A 1R 2, O EL7E MR 75 H08 1 A B i fe e k.
S 23k
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