H16% oM e R A Vol.16  No.2
2008 4F 2 H Optics and Precision Engineering Feb. 2008

XEHS 1004-924X(2008)02-0345-07

R F/NE R M & A0 IE CCD E{& g =

BooAtE R FE L gkiEge?
(1. PERZR KELFRENREDEF R, 4 K& 130033;
2. PEBFR R AER,LE 100039)

FE 2 T —FM AT E G CCD M A3 /N i 2 R4 I8 DA% . 20T 7 CCD MR AR, 38 T 7 30 CCD 1§t
FERL Y S J (¥ S PR - CCD AR AL IR B D BB Y AR R P . FE AT 1 35 0 MR 7 S i CANS) i I8 45 43 A7 19 s b, 2% 18T 532 i 8
AT 4 T A 1) 0 O R R R K N 2 I 5 Sl e Sl CCD W 7 il £k 42 IR e 7 2 B0kt R k47 X 8 K
G353 BEAR L B ALMEL o SRS 205 R T A AR 2 M R e 2 R AT BT X MR IR I SR A i tE . SE SR A5 R T L AR SO Y U D AR
TRV RO 2 (5 e LA B0 — 2P 4R 5 (24, 65) A FI/INBE A 28 ) 2% R A AR 4 1 bR OB I L 25 ANS JB I 2% . 1 3
T /N R 2 T 2 A R M ANSCWNN-NANS) I8 4 » 12 08 I8 i 76 25 B 1 75 090 o) B AR A R B8 T 30 eV RIS 4R i 77
(EL- 37

% 8 W:ERARCCDRB A REA B DA B MG §ERRF RN
HhES KRS TP391;TP183 SERARIRED : A

s

Application of wavelet neural network in removing
CCD noise of digital images
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Abstract: A wavelet neural network filter is proposed to remove CCD noise of digital images. By ana-
lyzing the CCD noise model, the reason of complexity for a CCD noise model, nonlinearity of Camera
Response Function(CRF) in a CCD camera, is found out. On the basis of analyzing Adaptive Noise
Smooth(ANS) filter, two factors affecting the filter:filter window and image intensity are presented.
The Wavelet Neural Network(WNN) is used to approach the Photon Transfer Curve(PTC) to classify
the image according to the noise parameters and to assign the corresponding weight. Finally,a practical
nonlinear filter is used to remove noises, and all filters” outputs are combined into the final output.
The experimental results indicate that WNN-NANS filter has a better filtering effect and a higher
SNR(24. 65). Because of good approach to nonlinearity, the WNN is combined with nonlinear ANS
filter to creat a new Wavelet Neural Network-Nonlinear Adaptive Noise Smoothing( WNN-NANS) fil-

ter, which is more efficient in noise removal, edge reservation, and SNR improvement.
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Fig. 1 CCD camera imaging system and noise sources
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Fig. 4 Block diagram of general filtering
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