commons

O N § D E E D

@creatlve

ASZAEMN-HS3-MIASA 2.0 Mz
O 2A= OHNHS] =4S M2= ASMH 50 ARSA

o 0 HE=SS SH, HE, 32, 84, &3 5 28T 2 2UsLCH

— f=Rr—T0—

Ch5d 2= 245 Mdor gLk

HEAEA. Aot EHSANE EAGHADE 2LICH

HZ2d. #5t= 0l A5=ES 2l 5

Jd
0
it
=]
o
m
I
£
I3
It
B

o Fts, 0 HEEY HOIS0ILIHH=EY 22, 0] AEENH HEE
ZTEH LHEHH MOE 2HLICH

o REATZNE U2 5718 wom 0123 ZAS2 MSEA WL

HESAEH OIE 0IEAS Ad= A2 HWEN Sotl IS BA BSLLL

0lZ1Z DIEHE A= Legal CodeyE Ol 2H 2 SIRLIC

Disclairmer B

Collection



http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/disclaimer-popup?lang=kr

[UCI]1804: 24011- 200000236648

20085 8H
IR+ 2L & X

MR ROl A R S
91 G IR AT A (A B A o) RLBE

BIEEA R KR
LA
& W



HEE RGO A HREMHE
e Kpfa i€ w0l g g o] HB
Implementation of Time—delay Neural Netw ork

with Speech Enhancement under Noisy

Environments

20084 81

WEERE . KB
WT LA
& B



Mg RO FREMHE
9 g Wy ) S b RS B 2% o] H B,

R & 1E M

o] MmN TEMELEM I ixes #HT

20085 5H

WK R KA
T T LEF
& W



T e MHEBAL S RAER

FRRE  WSASRER #0% fl

£ B WSR3 Fy

£ B WIEAERK B Fy
2008 4 5H

i) SN2 BN 17



Abstract

LoFedfs 1
2. miAS IR PG 2

3. HEm#E 913 TDNNO HEiE 17
g S 22
5. EBEASIK 23
6. Mo e, 26
ZER 27



2, B HX

25

o)
;O.ﬁ
<)
B
A

=K

T

oy

B

op
ol

A
or

o
Am
o

o)

Al

=
fLN

19 2. XORY

. 10

T

JJo

11

N

o
i,
i

i

X
=)
_ZMO
)

™
1

.12

)
W

s

X

-y
N

_ZMO

TR
1

.13

Q44 ] w5

_50

o}

ol
!

. 18

TDNN¢| %

9w A Q)

a3 7.

.19

} TDNN A] 2 ¢l

)
“

s

8. AR

a4

21

Aol @ 3198 TDNNO T2 i



ABSTRACT

Implementation of Time-delay Neural Network with

Speech Enhancement under Noisy Environments

Kim, So Youn
Advisor : Prof. Kim, Chung Hwa, Ph.D.
Department of Electronic Engineering

Graduate School, Chosun University

This paper proposes a speech enhancement system using a
time-delay neural network, which implements the mapping from the
space of speech signal degraded by noise to the space of clean speech
signal.

It is confirmed that this method is effective for speech degraded by
white noise using the speech enhancement system, which restores the
amplitude component of fast Fourier transform.

The experimental results showed 149 % better then wiener filter at 5dB

Noisy Environments.
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TDNN TDNN
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Fig. 8, Proposed TDNN system.

HA FEe] FHE YESANE (pv 128 AE9 Zygor REE § 24
el Ty ol tiaiA &l A (hamming window)S #3te] FFTAUEZAEES 2y
gho12]. 7 ol #2l® FFT AZAEES 2H7be] A9
o Z47ke] A9 TDNN 3 1973 TDNNe= REe &3S ddste] HF
FFT AFA TS 78 o714 Hddee A4 ezryg A4 +an

nprleto g o ps Fg o] W3k(inverse fast Fourier transform : IFFT)& Al&

_19_
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S M R %9415 SD(dB)

=74 SNR(dB) SD(dB) AR 2 4
20dB 14.35 12.28 12.07

Set A 15dB 16.94 1455 13.81
10dB 19.56 16.63 15.01
5dB 22.75 19.27 16.40

E 1 s we S40 WE 9y 2 $¥059 SD

Table 1. SD values of input and output signal for non-trained speech.
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