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On the Performance- Analysis of an Automatic Neural
Network Signal Classifier

*Byung - Soo Yoon®, *Seong-Chul Yang, *Sang-Won Nam, **Won-"Tcheon Oh
*Dept. of Electrical Engineering, Hanyang Univ., **Agency for Defense Development

Abstract : In this paper a feature-based automatic neural
network signal classifier is presented, where five neural
network algorithms such as MLP, RDF, LVQ2, MLP-Tree and
LVQ-Tree are combined in parallel to classifiy various signals
from their features, based on the majority vote method. To
demonstrate the performance and applicability of the proposed
signal classifier, some test results for the classification of
synthetic waveforms and power disturbances are provided.
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(A) Multilayer Perceptron (MLI?)

MLP[1]1=  &Wek(feed-forward) A1E 845 (supervised)
2rerA & Hdsh(error backpropagation) & &
(weigh) g A8 703 xxrt FFaivid 339
dojel A s TARY 4 glvke 2ol F9slol Jow
olZlo] mEizte] AAME JAMAL £ gUrHs ol&2F WA
=53 o2l MLPE g9 o 459 dgste hEAs
FXE O fEL YU 2 3 7 WNAY FH4(sigmoid
function) & ¥78te] 28 NG AF ZHINA HEPgoR N
HEHe] ¢ oA gk
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(B) Radial Basis Function (RBF)

RBFE w3 e s tAA(radially symmetric) 45 143
9] %8 ¥<(activation function)® AMHEF single hidden-layer
feedforward networko|tH3l #7+% &ug4E F42 & 7
Axn gled FY3Hclustering) GReEeg F4&, 180 &
Azte Az X& ng FaAM 2ZAAAFL F FAlde &
g3 FUF Aol AFAY dsigAvyd A £
€. RBre & 39 73A¢ $£A3) dEd de4=7)
MLPel wlg] W& ¢ e, 43 F2 271 43 da o
B AF Adyel 2A F4¢ ¢ dvke dyel Atk

(C) Learning Vector Quantization (LVQ)

LVQE B2 codebook vector FEvx FZWE(reference
vector) B2 MEF7HE #E3lY digdAHE gaalZolti4),
ol 93to] @ RF(class)E UlESE F2vEE 7 ¥, o
2)9] sio] Folgts o 1 siEd 4 Fadegnie Aus
Fa bR b ARYEE Mddta, o d4d FEn &

HHE d¥dde RHeln gR@oss #de B
ddh LVQE Fel2Hy dxuFoz 27 AxWMEE 3¢ X
ol o Jds Haol HER 289 HAE PG B
ERAME LVQItS ¥1elde& MYt Bayes 23 BAW
& Fo] A £ AEE § LVQ2 418 AY guegew
ARg-3Fd ek .

(D} Decision Tree with MLP (MLP-Tree)

MLP-Tree [5]14% MLP7F odole] 4% 48 25
4 dtte A-g nolstd, AAERB)Y] 2 FB 94, F 4 &
2liezd] el 2o MLPE ARRRoeEm ulHayjdAds ¥
B 4 A F Aotk & AADTAAN FEAEES S
T aFoR el g #5HE ¥ MR EF4 2 He
(Gini criterion{Slel &) & &€& 2 AAEAY &, ¢ 3§
ez Atn aFA Wrold AEES 44 2 3, ¢ H9es
of @A tha 2e WHE HEY 2l Fa2A BE
HE 38e 93 gk

(E) Decision Tree with LVQ (LVQ-Tree)

LVQlAE 24 F2Yerl duF3tg e 2 308 dR
o), AMENNE 4 =B AW T AANE 20 £
Aoy FUE B LVQ-Tree [71e A B 2 kxod
LVQE ARgoz2N 5 Ads A fith 2 mEdis
LVQE sigd3E e o] Yyold MEdng 1 3324y
2 odimals, thA &) =EoA BYg 37 27 ) 99
R wEAGeRN FUE Bd LVvQrr AU Pyt
s gte}, =)o) A48 & CART(classification and regression
tree) ¥PE5818 A48t Ath
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Classi ion Algorithms
Class N
MLP RBF LVQ2  |MLP-Tree{LVQ-Tree
Cl T46 % | 8B4% | 68% | 7B5% | BO5 %
C2 5% | R6% | BI4% | BOH KW 1 BI %
C3 814 % 920.5 % 847 % 821 % RO %
total 08 % 838% | Bl6% | Bld% | Bl2%
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dass 1. =D+ —whyd+e;, i=1.-.21 (D
dass 2. ;= ub(D+(1—why{d+e; i=1---02@
class 3. x;= uhz(z')+(l~u)h3(z')+e,; {= 1...21(3)
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A A9 14%9 AL AeEE FeHs8)l 28 19 k().
kD, B(DE AN, AQD), AT 2o} FATHA A RF o

olgha whEQIch VA & (0119 RAY %HE HEE AT
WL @Ol g - ey AL HFo] Oolz Bl 19
Gaussian @4 Folvh gFddots &4 g2 F 10044 21
Aol 300708 AL AHLAAT, FH& F 1000714 30007
o dE9 Wges oelég FPANUT B 14 4 dndfy
T Ad4dds Jehdiglich ZE ¢ndEe] 18% s
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Y3¥e Mz dax ¥ A4 B 82 ued 4§ EY
A2 94t Q7 A 2 EgREe AP AR
AAE ThE APz aFol BAHE & U 3ol daEn 2
widde 99 5 A48 ¢neE ZEE APl ALget
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32 HExN=9 3E

a9 19 718 43 e Q48 @ 2239 57 ¢nAF
BE 4R 439 g3t 2RHAY ¥ 29 d9g vy 4¢
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18] RBF: 838%, ®29 no T: 853%) E¥glol ¢ig Agol A
o ol A el &(14%)91 ZANE 147%9] A E& Btk ®
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Threshold Class Totat .
T C1 cz [ox3 Classi jon Rate v

5 BA2/626 | 678/702 | 611/646 | 1831/1974 (928 %) 1026

4 682/836 | B25/886 | 797/863 | 2304/2585 (881 %) 415

3

2

T73/09 | 893/997 | 890/990 | 2556/2095 (853 %) i
226/1000 | 106/1000 110/1000 | 2558/3000 (863 %) 0
no T 1226/1000 | 106/1000 | 110/1000] 2558/3000 (85.3 %) 0
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Algorithm
MLP RBF LYQ2 | MLP-Tree | LVQ-Tree
TC1|73/0500.0%) | 23/25(92.0%) | 23/25(92.0%) | 22/25(88.096) | 21/25(34.0%)
C2 | 2350209 | 20/95(80.0%) | 2L/25E4.08) | 23/25(02.0%) | Z5/26(100%) |
C3 | 26/25(100%) |24/25(96.0%) | 21/25(3.0°%) | 25/25(10006) | 18/25(72.0%) |
CA_23/25(02.0%) | 23/25(02.0%) | 25/25(100%) | 25/25(100%) | 24/25(96.00%)
C5 | 25/25(100%) | 25/25(1009) | 36/5(100%) | 25/25(100%) | 25/25(100%6) |
L9125 | US/125 | 115125 | 120125 | 113125
©629%) | @0% | (G209% | (960 %) | (904 %)

30 7 Augnze dgslads axdsn

Class

total

“Threshold Class T ol !
m [T e[ ] ot G| Classfication Rate Unclassified
5 [22/22{15015 [17/17 | 23/73 | 26/25 | 102/102_ (100 % 3
4 23/3018/18 |20/ ‘ﬂ 25/25 | 111/111 (100 %) -

B[ 23/24] 0505 | 24/25 | 2474 2575 | 121/123 (984 %) 2
2 123/25]25/95 | 24/%5 | 25/%5 | 95/26 [122/125 (916 %)|___0
no T | 23/25 | 25/95 | 2/26 | 95/25 | 25/25 | 1227125 (976 %) 0

R4 AWlY 7 BEpel BE WPARAE A4AH

‘I'hreshoid . Total Error
48 Unelassified/Total | ;. 1ssifod-Classification Error
5 23/ 125 (184 %) 23 / 125 (18.4 %)
1 147125 (112 %) 14/ 125 (112 %)
3 2/125 (16 %) 4/125 (32 %)
2 0 /125 (00 %) 37125 (24 %)
no T 07125 (00 %) 37195 24 %)
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o Q4] 4ol 904%E Tt “*01211 MLP$t MLP-Treel 4]
$o| ztzb 95.2%, 96.0%2 H] 4% 4%5E vedrh a9
U 2E dudEs 4 AF RHEE vay vt oded
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FAE0} glon olF syle] AWUTnEe] 284 4 93
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4o A57t By ool B wWwt e FEE AL 12 9
e}l AL ARAIE F=E AU E 45 BE Y o5
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