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Two-stage Image Denoising Using
Patch-based Singular Value Decomposition

LIU Han' LIANG Li-Lit HUANG Ling-Shuai'

Abstract This paper presents an efficient patch-based image
denoising scheme by using singular value decomposition (SVD).
In this scheme, similar image patches from a noisy image are
simply grouped together. For a better sparse representation of
these similar patches, firstly, the 2-D SVD is utilized to reveal
the essential features of each individual patch, and then the
1-D SVD is utilized to exploit the correlation between similar
patches. By doing so, the image features can be well preserved
when attenuating the noise by the shrinkage of transform co-
efficients. To further improve the denoising performance, the
proposed scheme is employed once again. But the similar patch
grouping is performed from the first-stage estimated image and
a fixed orthogonal transform instead of 1-D SVD is adopted to
remove the redundancy shared by similar patches. Experimen-
tal results show that the proposed two-stage denoising scheme
achieves more competitive performance than the state-of-the-art
denoising algorithms, especially in preserving image details and
introducing very few artifacts.
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Fig.1 Flowchart of the two-stage denoising algorithm
based on patch-based SVD
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Table 1
P 15 W /KT B—HrB

o BM3D LPG-PCA
10 35.63(0.9117) 35.61(0.9104)
Lena 20 32.45(0.8566) 32.33(0.8410)
512 x 512 30 30.46(0.8015) 30.05(0.7653)
40 28.72(0.7421) 27.95(0.7020)
10 34.62(0.9378) 34.79(0.9394)
Barbara 20 31.31(0.8868) 31.51(0.8871)
512 x 512 30 28.89(0.8279) 29.02(0.8299)
40 26.71(0.7548) 27.18(0.8021)
10 33.94(0.9526) 34.00(0.9560)
Monarch 20 30.10(0.9045) 29.85(0.8852)
256 x 256 30 27.95(0.8535) 27.36(0.8009)
40 25.75(0.7903) 25.34(0.7251)
10 31.39(0.9783) 30.83(0.9738)
Fingerprint 20 27.49(0.9528) 26.36(0.9349)
256 x 256 30 25.27(0.9280) 23.72(0.8938)
40 23.58(0.8882) 23.21(0.8562)

35.68(0.9125)
32.71(0.8644)
30.80(0.8182)

29.31(0.7681)

35.08(0.9416)
31.73(0.8983)
29.59(0.8496)

27.79(0.8191)
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24.29(0.9187)
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33.03(0.8763)
31.25(0.8443)

29.86(0.8150)
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31.57(0.9805)
27.78(0.9591)
25.69(0.9368)

23.83(0.9148)

35.72(0.9129)
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30.57(0.8178)

28.60(0.8001)

34.81(0.9394)
31.75(0.9050)
29.22(0.8326)
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30.27(0.9118)
27.77(0.8539)
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(a) 5—FrBrma

(a) Denoising result of first stage

(b) S B g i
(b) Denoising result of second stage

3 ARITTREHTTE o = 40 [ ES Barbara )
PR Bk g R

Fig.3 Two-stage denoising result for the noisy image Barbara

with noise variance o = 40 by using the proposed method

L
(a) JghkEE (b) BM3D

(a) Original image (b) BM3D

(¢) LPG-PCA (d) Ak

(c) LPG-PCA (d) Proposed method

K4 SWREE Barbara MARTIER LSRR HA TR (o = 40)

Fig.4 Details of denoising results for noisy image Barbara by

using various methods (o = 40)
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