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Abstract The conservation and restoration of old stained manuscripts is an activity devoted to the
preservation and protection of things of historical and personal significance made mainly from
paper, parchment, and skin. We present in this paper a hybrid implementation for de-noising
and restoration of old degraded and stained manuscripts. This implementation is based on the sta-
tistical dependence of the wavelet coefficients of type Ortho-normal Wavelet Thresholding
Algorithm based on the principle of Stein’s Unbiased Risk-Estimate Linear Expansion of Thresh-

olds (OWT SURE-LET) and the synergy with bilateral filtering. First, the non-biased quadratic risk
Stein estimator is applied to de-noise images corrupted by white Gaussian noise. In a second step,
an improved bilateral filter is introduced to smooth and eliminate unnecessary details with the
advantage of preserving edges between image regions. Obtained results show the effectiveness of
the proposed synergy compared to separated approaches both on gray scale images and stained

old manuscript.

© 2016 The Authors. Production and hosting by Elsevier B.V. on behalf of King Saud University. This is
an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

In many scientific fields, noise plays a fundamental role; it is
the source of many difficulties. The noise in an image is the
result of electronic noise from sensors and the quality of the
digitizer in addition to long time degradation due to natural
attacks. To fight against the effects of noise, it is necessary
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to make the changes that take into account all image pixels
during restoration process.

Recently Luisier and Blu (2007) have taken the principle of
linear parameterization which they called LET and generalized
it to the SURE-LET method. Donoho and Johnstone (1995)
introduced the operator of wavelet coefficients soft threshold-
ing to estimate and minimize the mean square error. This
method is now known as Sure-Shrink. The current functions
of soft and hard thresholding have proven their effectiveness
in many denoising applications. They have been improved by
considering non- linear estimators based on linear combina-
tions of elementary functions (Pesquet and Leporini, 1997;
Raphan and Simoncelli, 2007). Many works on SURE
approaches were conducted in the context of multivariate
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denoising (Benazza-Benyahia and Pesquet, 2005; Chaux et al.,
2008) and set-estimation (Combettes and Pesquet, 2004).

Bilateral filtering, which is a denoising technique added to
the previous methods for smoothing and removing unneces-
sary details, is non- linear. It has been proposed in Aurich
and Weule (1995) for image smoothing. It found its success
in several applications such as image denoising (Tomasi and
Manduchi, 1998; Liu et al., 2006), texture manipulation (Oh
et al., 2001) compression (Durand and Dorsey, 2002) and pho-
tography enhancement (Eisemann and Durand, 2004;
Petschnigg et al., 2004). It is also used in other areas such as
mesh fairing (Fleishman et al., 2003), volumetric denoising
(Wong et al., 2004), optical flow and motion estimation
(Xiao et al., 2006), and video processing (Bennett and
McMillan, 2005). Authors of Huang et al. (2016) made a
quantitative comparison between five denoising algorithms
for Chinese calligraphy images filtering.

In paper (Hedjam and Cheriet, 2013), they used multispec-
tral imaging system to restore historical documents for the
purpose of their recognition. The author of Alajlan (2010)
introduced A novel recursive Algorithm for detail-preserving
impulse noise removal.

In this work, the quality of noisy and stained old manu-
script images is improved by taking advantages of bilateral fil-
tering and a denoising algorithm based on the combination of
the bilateral filter and OWT SURE-LET is proposed. The
SURE-LET de-noising approach with ortho-normal wavelets
and dependencies between scales (OWT SURE-LET) pro-
posed by Luisier and Blu is used.

2. Denoising based on SURE-LET

Consider a real time signal x, with lengths L and L’ before and
after transformation respectively. This signal is perturbed by a
white Gaussian noise centered real b with variance ¢* indepen-
dent of x. The actual observed signal is denoted: y = x + b.
The conventional method for reconstructed signal % quality
assessment is the study of signal to noise ratio (SNR) defined
as follows:

[

SNR(x, £) = 10 x log,, (M) (1)

Original

Noisy: PSNR = 22.11 dB

EF: PSNR = 23.60 dB

with ||X — x|| the square error. It is supposed that G(y) esti-
mates x such that the expectation E(|dg,(y)/dy,|) < oo for
1 <n < L (Bluand Luisier, 2007). Then we have:

E (Zgn(ym) =E (Zgn (y)yn> ~0’E (Z _ngg(y )> (2)

The function is written as: G = ROD with D, R and ® are
the decomposition, reconstruction and thresholding operators,
respectively. The components of G function are written, for all
ye RY and 1 < n < L. In the other hand, the random variable
is given by Blu and Luisier (2007):

e=1G() = |’ +20°div(G(y)) — Lo’ 3)
with: div(G(y)) = diag(DR)"©'(Y)

O'(Y) = (%Y)?)) for L<I<L.

In addition, by definition:

L
Y, = (Dy), = ZDL,nym for L<I< L.

m=1
2.1. SURE-LET denoising algorithm

Now, consider that the estimation function G can be written as
a linear combination of K elementary functions Gy:

G(y) =Y _aGi(y) (4)
k=1

Writing G as a linear combination of elementary functions;
each one is being introducing a thresholding function which is
a LET part as it is used in Wong et al. (2004). The advantage
of this formulation is allowing us to formulate the denoising
problem as an optimization problem relatively simple to solve.
To get the best possible noise reduction (in the sense of mean
square error), it is sufficient to minimize the estimator e. To do
s0, each estimator is considered as a function of the parameter
vector a = (ay,..., ap)”. Differentiating this function with
respect to each ag, it is possible to rewrite the problem as a lin-
ear system to be solved.

OWT SURE-LET: PSNR = 30.90 dB OWTSURE-LET JBF: PSHR = 31.74 dB
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Moiy: PSNR = 2211 dB
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Figure 2 (a) Original image, (b) noisy image, denoising by: (c) bilateral filtering, (d) OWT-SURELET, (¢) OWT-SURELET JBF.
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Figure 3 (a) Noisy image, denoising by: (b) bilateral filtering (¢c) OWT-SURELET (d) OWT-SURELET JBF.
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Figure 4 PSNR for images: Lena (a), Cameraman (b), Peppers, (c), House, (d) obtained with OWT SURE-LET, OWT SURE-LET-JBF
and BF techniques.

2.2. Minimizing ¢ Such that ©,:C* — CV corresponds to thresholding
punctual functions. Writing the thresholding function

In this section, the work is taken on a lincar combination of @, : ( RL')2 — C¥ defined as follows:

thresholding functions and look for the parameter vector to From Eq. (3):

let us minimize in this time the estimator ¢. We work here with 5 ) 5
¢=G() =y +20°div(G(y)) — Lo

the RL function:
K 2 K
K K = a Gy (y) =yl + 202div< aka(y)> — Lo?
y) = Zaka(J’) = ZakR®k(DY) (5) ; 2
=1

— Ji(a) (6)
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Figure 5 Old stained text restoration with classical binarization.
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Then, for 8Jg(a)/da; = 0, it is found that:
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Figure 6  Old stained text restoration with our implementation.

=G (»)"y — div(G(y)) <= Ma=¢

Za/Gk

(8)

With: My =G(»)'G(y)  and & = Gu(y) v~
a*div(G,(v)), for all (k,0) € {1,...,K}".

3. Denoising hybrid algorithm (OWT_SURELET-JBF)

The bilateral filter as described in Tomasi and Manduchi

(1998) is based on a non-linearity to preserve discontinuities
and to remove the edge effect. Let u be a noisy image, and
(@, j) as the pixel location. §;; is the reconstituted result, may
be directly calculated by an average of intensities in the vicinity
of the noise uy_ ;. The filter formula is:

o Z(kJ)eQN(iJ‘)th,I “hpig - Uk )
Dneayntons - e

where Q,;; denotes the set of points in the window (2N
+ 1) x 2N + 1) centered in (i,j). The function u, corre-
sponds to our signal and the function /p defines the filter as
we design classically. The function /i, defines the balance of
our samples in filtering process. The principal problem in the
classical bilateral filter in image denoising domain is the bal-
ance function /1p which cannot be exactly estimated through-
out the noisy image.
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Table 1 PSNR values with ¢, evolution.
[ 10 15 20 25 30 10 15 20 25 30
Lena (512-512) Cameraman (256-256)
BF 33.65 31.43 29.79 28.45 27.30 32.64 30.13 28.38 26.95 25.74
OWT_SURELET 34.55 32.67 31.36 30.36 29.55 32.35 30.04 28.51 27.38 26.48
OWT_SURELET-JBF 34.88 33.09 31.79 30.76 29.91 32.98 30.66 29.25 28.16 27.24
Peppers (256-256) House (256-256)
BF 33.06 30.85 29.00 27.56 26.37 33.72 31.35 29.60 28.19 27.03
OWT_SURELET 33.16 30.90 29.33 28.13 27.15 34.27 32.28 30.90 29.83 28.96
OWT_SURELET-JBF 34.06 32.02 30.53 29.33 28.30 34.89 33.08 31.74 30.65 29.70
Table 2 PSNR values with g, evolution.
o, 10 15 20 25 30 10 15 20 25 30
Fig. 2 Fig. 3
BF 26.22 24.32 25.07 23.19 22.03 27.01 26.13 24.38 24.15 23.89
OWT_SURELET 26.91 24.08 24.75 24.03 23.06 28.35 27.24 25.51 25.38 24.43
OWT_SURELET-JBF 27.03 26.08 25.19 24.75 23.96 28.98 27.66 25.75 25.16 24.84

Authors of Petschnigg et al. (2004) presented a common . Z(k,/)EQ‘v(i.j)thJ hpry - gy g (14)
Sij = ‘ — Péij

bilateral filter to calculate the balance function /ip using the
instantaneous image in the denoising process. In addition, con-
sider that wavelet based denoising preserves most important
details in the image; they can be used as a reference image.
In this way, the balance function a can be estimated more
exactly as follows:

ref  ref
ki

hpey=e 7 (10)

where 5" is the reference denoised image using OWT SURE-

LET method, (i,)) is the central pixel and (k,/) is within 3 x 3
window. /ip is determined by the distance between the neigh-
borhood pixel and the central pixel, where a gaussian function
is usually used:

(ki il )?
hpgi=e ' (11)
The parameter o characterizes the spatial behavior of the
bilateral filter. This parameter changes with noise level changes

and the size of Quy and o,. Particularly, when the noise level is
high.

— Z(k,l)EQ‘V(i_j)th.l . hka . (uk‘[ — Sk‘l)

2 ken(ip okt - e

&ij

(12)

For ¢;; = 0, the common bilateral filter performs well noise
suppression. However, the equation is not completely estab-
lished, which causes, thus noise stains.

Author of Elad (2002) presented a penalty function to sim-
plify ¢;; which can be directly estimated as follows:

ref
L D neayiiptoks e (e — sip)

8,‘:/ =
E(kﬁl)EQ,v(i,i)thel : thJ

(13)

This compensation limit is added in the common bilateral
filter in order to suppress stains:

Z(k,l)eﬂ,\:(ij) hpk - hery

With f € [0, 1] in the best case.

The experimental results prove that the best interval for the
three parameters is: f = [0.5, 0.8], 6, = [1.5, 1.8] and o, = 07,.
To simplify, it is used in this work: f = 0.5, 6, = 1.5 and
oy = 20,.

4. Results and discussion

In this section, the interest of the developed approach for
reducing noise in degraded and stained old manuscript images
is illustrated and the obtained simulation results are presented.
The noise is considered an additive white Gaussian noise with
zero mean and variance ¢>. We have chosen the test images:
Lena, Cameraman, Peppers and House at decomposition scale
of four and the analyzing wavelet is at sym8. Figs. 1-3 show
the resulting images for each denoising method with a stan-
dard deviation ¢ = 20. Note that the visual quality of our
algorithm is higher than other denoising methods. The mean
and standard deviation (in 50 simulation runs) of the output
image PSNR, given using various methods for the three test
images are compared in Fig. 4. The PSNR is calculated for
each input value of oy, in the range {10-28}. It is found that
the proposed algorithm outperforms other denoising tech-
niques, noting that it is even more efficient compared to
OWT — SURE-LET, and the PSNR is important. In addition,
it is remarkable that the bilateral filter (BF) proves less efficient
compared to other methods for low PSNR range, see in Figs. 5
and 6 a comparison between classical binarization and our
implementation of old stained text restoration. For a better
comparison, the average PSNR for test images: o, = 5, 10,
15, 20, 25 and 30 is calculated in Table 1 for test images and
Table 2 for old manuscript images. The value of PSNR is sig-
nificantly improved by the proposed algorithm.
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5. Conclusion

In this work, a hybrid (OWT SURE-LET-JBF) denoising
algorithm for hardly degraded and stained old manuscripts,
based on SURE-LET and the bilateral filter is implemented.
The principle of SURE-LET estimator in the wavelet trans-
form domain is given, and then, a hybrid implementation
which combines the denoising estimator OWT SURE-LET
and bilateral filtering is proposed. The algorithm can be sum-
marized in four basic steps:

e Apply the wavelet transform on the noisy data.

e Estimate the wavelet coefficients by the SURE-LET
estimator.

e Reconstruct the reference image by calculating the inverse
wavelet transform from the estimated coefficients.

e Apply bilateral filter on the reference image to get the final
denoised image.

e The results showed the effectiveness of the proposed noise
reduction approach. This is possible by making a judicious
choice of the wavelet basis and the resolution level. In con-
clusion, the association OWT SURE-LET algorithm and
bilateral filter leads to a robust preprocessing.
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