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Abstract

Noise reduction processes that reduce or eliminate noise (caused by a variety of reasons) in noise contaminated
image is an important theme in image processing fields. Many studies are being conducted on noise removal
processes due to the importance of distinguishing between noise added to a pure image and the unique
characteristics of original images. Adaptive filter and sigma filter are typical noise reduction filters used
to reduce or eliminate noise; however, their effectiveness is affected by accurate noise estimation. This
study generates a distribution of noise contaminating image based on a Dirichlet normal mixture model and
presents a Bayesian approach to distinguish the characteristics of an image against the noise. In particular,
to distinguish the distribution of noise from the distribution of characteristics, we suggest algorithms to
develop a Bayesian inference and remove noise included in an image.
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X1 | X6 | X11 | X16 | X221

Xy | X7 | X12 | X37 | X22

X3 | Xg | X33 | X38 | X23

X4 | X9 | X14 | X19 | X24

Xs | X10 | X15 | X20 | X25

Figure 2.1. 5 X 5 size filter about observed data D.
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A3} 1000°] 73 £ AAE B 9} (eC) 7' E 22 100022 HAFAE a9t Ax ZE vpaIy)
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Image distribution Infor. pred. disfribution, Size=500,
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Figure 2.2. Histogram of original values and predictive values using informative hyperparameters.
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Image disiribution Nonin. pred. distribution, Size=500
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Figure 2.3. Histogram of original values and predictive values using noninformative hyperparameters.

Figure 3.1. 5 x5 H; filter.
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Hy

Figure 3.2. 25 x 25 H> filter.
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Table 3.1. Simulation results (peak signal-to-noise ratio)

Proposed filter Median filter Adaptive filter
7 Mean Std Mean Std Mean Std
10 70.5711 0.0303 69.1863 0.1273 69.9540 0.0245
20 70.6165 0.0438 69.1656 0.3800 69.7316 0.0346
30 69.7420 0.0500 68.4398 0.3252 69.3586 0.0443

(a) Original image (b) 2 =10

(¢) median (d) Proposed
Figure 3.3. 200 x 200 Lena images.
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(b) Median

(c¢) Proposed
Figure 3.4. 50 x 50 Lena images.
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