(will be inserted by the editor)

Pattern Analysis & Applications manuscript No.

Adaptive Edge-Preserving Image Denoising Using Wavelet

Transforms

Ricardo Dutra da Silva - Rodrigo Minetto - William Robson Schwartz -

Helio Pedrini

Received: date / Accepted: date

Abstract Image denoising is a relevant issue found in
diverse image processing and computer vision problems.
It is a challenge to preserve important features, such
as edges, corners and other sharp structures, during
the denoising process. Wavelet transforms have been
widely used for image denoising since they provide a
suitable basis for separating noisy signal from the im-
age signal. This paper describes a novel image denoising
method based on wavelet transforms to preserve edges.
The decomposition is performed by dividing the im-
age into a set of blocks and transforming the data into
the wavelet domain. An adaptive thresholding scheme
based on edge strength is used to effectively reduce
noise while preserving important features of the orig-
inal image. Experimental results, compared to other
approaches, demonstrate that the proposed method is
suitable for different classes of images contaminated by
Gaussian noise.

Keywords Image denoising; wavelet transforms;
adaptive denoising; edge preservation

1 Introduction

Digital images can be corrupted by noise during the
process of acquisition and transmission, degrading their
quality. A major challenge is to remove as much as pos-
sible of the noise without eliminating the most repre-
sentative characteristics of the image, such as edges,
corners and other sharp structures.

Several approaches [1-5] have been proposed to sup-
press the presence of noise in digital images, many
of them based on spatial filters. These filters usually
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smooth the data to reduce noise effects, however, this
process can cause image blurring or edge removal [3].

Many techniques for improving spatial filters have
been developed by removing the noise more effectively
while preserving edges in the data. Some of these tech-
niques are based on partial differential equations and
computational fluid dynamics such as level set meth-
ods [6], total variation (TV) methods [7-9], non-linear
isotropic and anisotropic diffusion [10-12], and essen-
tially non-oscillatory schemes [13]. Other methods com-
bine impulse removal filters with local adaptive filtering
in the transform domain to suppress noise [14]. Non-
local filtering strategies have demonstrated great po-
tential, in particular, the transform-based BM3D fil-
ter [15]. Singular value decomposition (SVD) is also
used in image noise filtering [16,17]. Cross-validation
techniques are used for thresholding parameter selec-
tion [18,19]. Bayesian procedures [20-22] combine in-
ference from data with prior information to estimate
thresholding parameters. Other techniques have com-
bined wavelets with hidden Markov models and spa-
tially adaptive methods [23-28]. A different class of
methods exploits the decomposition of the data into
a wavelet basis and modifies the wavelet coefficients to
denoise the data [29-39)].

The common idea related to the suppression of
noise based on the wavelet transform is to compute
the wavelet decomposition of the noisy image and to
manipulate the obtained wavelet coefficients [40]. Co-
efficients that are supposed to be affected by noise are
replaced by zero or an adequate value. Reconstruction
from these manipulated coefficients then generates the
resulting denoised image.

This paper describes a new method for noise sup-
pression using wavelet transforms. An adaptive thresh-
olding that combines local processing and edge strength
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is used to effectively reduce Gaussian noise while pre-
serving important features of the original image. Exper-
imental results demonstrate that the proposed method,
when compared to well known denoising approaches, is
suitable for different classes of images contaminated by
noise.

The paper is organized as follows. Section 2 gives a
brief review of wavelet thresholding. In Section 3, the
proposed method is presented in details. Experimen-
tal results, including a comparison with other denoising
methods, are given in Section 4. Finally, some discus-
sions and conclusions are summarized in Section 5.

2 Image Denoising by Wavelet Thresholding

Wavelet thresholding is a common approach for denois-
ing due to its simplicity. There are several studies on
thresholding the wavelet coefficients [23,30,32,33,38,
41]. The process, commonly called wavelet shrinkage,
consists of the following main stages:

perform the discrete wavelet transform;

estimate a threshold;

apply the threshold according to a shrinkage rule;
perform the inverse wavelet transform using the
thresholded coefficients.

- W=

Suppose that a given image f = {f;,,x
1,..,M,y = 1,..., N} has been corrupted by additive
noise according to the following model

g=f+n (1)

where n represents the noise and g the observed image.
A common assumption is that the noise is statistically
independent and identically distributed. Most of the
existing methods are designed for the case of additive
white Gaussian noise.

The decomposition of the image g into coefficients
through a discrete wavelet transform W can be ex-
pressed as

G=W(g) (2)

The application of the discrete wavelet transform
decomposes the input image into different frequency
subbands, labeled as LLj;, LHg, HL; and HHg, k =
1,2, ..., J, where the subscript indicates the k-th resolu-
tion level of wavelet transform and J is the largest scale
in the decomposition. These subbands contain different
information about the image. The lowest frequency LL
subband, obtained by low-pass filtering along the x and
y directions, corresponds to a coarse approximation of
the image signal. The LH;, HL; and HHj; subbands
correspond to horizontal, vertical and diagonal details

of the image signal, respectively. The highest frequency
HH; subband can contain a significant amount of noise.
The LLj_1 subband can be further recursively decom-
posed to form the LH;, HL; and HHj; subbands.

After the selection of a threshold, the wavelet coef-
ficients are modified according to a shrinkage function
T, such that

F=T(G) (3)

The last step in the wavelet shrinkage is to trans-
form the thresholded coefficients back to the original
domain, expressed as

P =Wl(E) (4)

where W1 denotes the inverse discrete wavelet trans-
form and f is the denoised image.

2.1 Threshold Estimation

A great challenge in the wavelet shrinkage process is
to find an adequate threshold value. A small thresh-
old will hold the majority of the coefficients associated
with the noisy signal, then resulting a signal that may
still be noisy. On the other hand, a large threshold will
shrink more coefficients, which leads to a smoothing of
the signal that may suppress important features of the
image.

Three threshold estimation criteria, called Vis-
uShrink, SureShrink and BayesShrink, are described
as follows.

VisuShrink is a thresholding scheme that uses a sin-
gle universal threshold proposed by Donoho and John-
stone [32], defined as

AV = Gnoise/2log L (5)
where 62

Coise 15 the estimated noise deviation and L =
M x N is the number of pixels in the image. The same
threshold is applied to all levels of decomposition. Al-
though the resulting image is very smooth and has a
pleasant visual appearance, it is known that VisuShrink
tends to oversmooth the signal [42].

SureShrink is a thresholding scheme that applies a
subband adaptive threshold [33]. A separate threshold
is computed for each subband based on Stein’s unbiased
risk estimator (SURE)

Ag = arg 1;n>1(1;1 SURE(t, Gg) (6)

which minimizes the risk

Ns
SURE(t, Gs) = Ns — 2[1: Ng] + Y [min(|Gy, |, 1)]?

z,y=1
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(7)

where Gg is the detail coefficients from subband S
and Ng is the number of coefficients G, in {Gg}. As
pointed out by Donoho and Johnstone [33], when the
coefficients are not very sparse, then SureShrink is ap-
plied, if not, universal threshold is applied.

BayesShrink uses a Bayesian mathematical frame-
work and assumes generalized Gaussian distribution for
the wavelet coefficients in each detail subband to find
the threshold that minimizes the Bayesian risk [30,20],
expressed as

~2

2
O hoise _

noise ( 8)

(Afsignal B \/max(a—é - a-r210ise’ 0)

o

Ap =

N,
where 6 = Nis Z Giy and Ng is the number of
z,y=1
wavelet coefficients yGry on the subband under consid-
eration.

As it can be observed in the previous equations,
most thresholding algorithms require an estimate of the
noise variance.

For images, the noise level can be estimated from
the highest frequency coefficients. A robust estimate of
noise variance uses the median absolute value of the
wavelet coefficients [32], which is insensitive to isolated
outliers of potentially high amplitudes, defined as
Gnoise = m%;ﬁw'), Gy € subband HH  (9)
where G, are the HH wavelet coeflicients that form
the finest decomposition level. It is assumed that the
noise follows a Gaussian distribution with zero mean

and variance o2.

2.2 Shrinkage Rules

The shrinkage rule defines how the threshold must be
applied. In its basic form, each coefficient in the wavelet
transform domain is compared against a threshold. If
the coefficient is smaller than the threshold, it is as-
signed to zero, otherwise, it is kept or modified. The mo-
tivation is that large coefficients are due to important
signal features, while small coefficients can be thresh-
olded without affecting the significant features of the
image.

One of the first works that describe such approach
was reported by Weaver et al. [39]. Donoho and John-
stone [32,33,41,43] developed a systematic theory for
wavelet thresholding. Jansen [44] and Antoniadis [45]
extensively reviewed wavelet thresholding techniques
for image noise reduction.

In the shrinkage rule known as hard thresholding,
the coefficients w = G, that are less than or equal
to the threshold X are set to zero, while the remaining
coefficients are left unchanged

w, if jw| > A

: (10)
0, if|w] <A

Thard (’LU) = {

In soft thresholding, the wavelet coefficients above
the threshold are reduced by an amount equal to the
value of the threshold

sgn(w)(Jw| — Ay, if [w| > A
Loty = [0l = X "
0, if |w| <A
where sgn(z) function returns the sign of the parameter
z and (a)4 is defined as

ifa<O

0’
<m+—{% s (12)
A disadvantage of the hard thresholding is its
abrupt discontinuity, what may cause artifacts in the re-
constructed image. On the other hand, the soft thresh-
olding tends to oversmooth the reconstructed image.
Other thresholding schemes have been proposed,
which are a compromise between the two previous ap-
proaches. The hyperbola function is continuous and

attenuates large coefficients less than soft threshold-
ing [22].

sgn(w)vVw? — A2, if jw| > A

. (13)
0, if |w| <A

Gao et al. [46] proposed the firm thresholding to
avoid the drawbacks of both hard and soft thresholding
rules, providing less sensitivity to small perturbations in
the data and smaller overall mean squared error, given
by

w, if |w| > Ao
A - A
Tarm (W) = sgn(w)M, it A < Jw| < Ag
A2 — A1
0, if |w| < )\1

(14)

The firm thresholding requires two threshold val-
ues, A\; and Ay, making the estimation procedure more
computationally expensive. To overcome this drawback,
Gao et al. [47] proposed the nonnegative garrote thresh-
olding

2

w——, if |w|> A
w

0, if |w| <A

Tgarrote (U}) - (15)
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which offers advantages over hard and soft thresholding
and it is comparable to the firm thresholding, while
requiring only one threshold value.

Antoniadis and Fan [48] suggested the SCAD
thresholding rule, defined as

w, if |w| > aA
—Dw —a
Tsoan(w) = 4 (@ )“; _C; Sgn(w), if 2 < |w| < a)
sgn(w) max(0, jw| — A), if |w] < 2A

(16)

where the authors recommended the use of o = 3.7.

3 Image Denoising Method

In conventional thresholding schemes, a global (univer-
sal) threshold is commonly used to filter small wavelet
coefficients. However, this procedure can also remove
high frequency components, such as edges. To improve
the wavelet denoising method, an adaptive threshold is
calculated in a subband-dependent manner to charac-
terize local features of the image. A new thresholding
scheme is proposed to threshold the small wavelet co-
efficients considered to be noise while preserving edges.
This subband-dependent thresholding is obtained based
on the calculation of noise level and edge strength. The
main stages of the proposed wavelet denoising method
are illustrated in Figure 1.

noisy image image wavelet G
— =z decomposition » transform
into blocks W
A
F threshold edge
estimation detection
inverse
shrinkage rule wavelet 4}image after, o
-
g transforlm denoising
W~

Fig. 1 Diagram of the proposed denoising method.

Initially, the input image g, corrupted by Gaussian
noise, is partitioned into m x m pixel blocks. Blocks are
used in a manner that the denoising algorithm can ex-
ploit local noise characteristics and adapt thresholding
to produce better results. Nevertheless, as information
is often lost due to the thresholding, blocking effects
between boundaries of neighbor blocks often arise. A

larger region B,, of size n X n pixels (n > m), encom-
passing an m x m block B,,, is used to avoid such un-
desirable effects. The discrete wavelet transform is then
applied to each block B,,.

An edge detection algorithm is used to identify
edges in the image. A multiscale edge detection based
on Haar wavelet transform modulus maxima is used
for this purpose [49], being applied separately to each
block. In order to have a precise edge localization and
avoid noise, after applying the edge detection, each co-
efficient identified as edge information is compared to
its neighbors. If there is no neighbor belonging to an
edge, the coefficient is no longer identified as edge in-
formation. The multiscale edge detection produces an
edge map for each subband, that is, a binary image
where 1 represents an active edge element and 0 repre-
sents a non-edge element.

The threshold on a given subband 7 is given by

~2

g .

A\ = - noise (]_7)
Osignal,i

where 62 . is the local estimated noise variance, as in

noise
Equation 9, considering the HH subband at the same
decomposition level as the ¢ subband, and Gignal,; is the
local estimated signal deviation on the subband under
consideration, estimated as

5—signal,i = \/max(é—é - 5—1210ise’ 0) (18)

N,

where 6% = NLS Z Giy and Ng is the number of
z,y=1

wavelet coefficients mey on the subband under consid-

eration.

Therefore, the wavelet coefficients are thresholded
adaptively according to their subbands. As the decom-
position level increases, the coefficients of the subband
usually become smoother. For example, the subband
HHs is smoother than the corresponding subband in
the previous level (H Hy), so the threshold value of H H3
should be estimated to remove fewer coeflicients than
the one for H Hs.

A shrinkage rule is applied taking into account
the threshold according to the edge map. Coefficients
related to active edge elements must be associated
with smaller threshold values. For such coefficients, the
threshold A\. proposed in our method is computed as
the product between the subband threshold \; and a
given value 7, expressed by

Ao = TN (19)

that is, 7 corresponds to a factor used to weight the
threshold in wavelet coefficients related to edges in the
image.
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Finally, the inverse multiscale decomposition is
performed over each external block B, . The non-
overlapping inner blocks B,, are used to reconstruct
the denoised image f and reduce errors near block
boundaries, since the blocks B,,, when concatenated,
are much less likely of suffering blocking effects.

4 Experimental Results

The proposed image denoising method, implemented in
Matlab, is applied to several test images corrupted with
additive Gaussian noise N(0,02). The test set com-
prises images form Caltech 256 database [50], as well
as well-known images such as glasses, lightning, win-
dow, boat, fingerprint and man. A subset of the images,
shown in Figure 2, is considered in the discussions that
follows. Experimental results at different noise levels are
reported. The following sections describe the used per-
formance metrics, the experimental setup for the pro-
posed method, and comparisons to other denoising ap-
proaches.

4.1 Performance Metrics

The ultimate objective of image denoising is to produce
an estimate f of the unknown noise-free image f, which
approximates it best, under given evaluation criteria. A
common criterion is minimizing the mean squared error
(MSE), which is defined for gray scale images as

1 1 M N
f—f|]? = — fuy).

(20)

MSE =

Another common performance measure based on
MSE is the peak signal to noise ratio (PSNR), which is
defined in decibels (dB) for 8-bit gray scale images as

MSE

A critical issue with the MSE (or PSNR) is that it
does not measure the resulting image quality directly
and it can attribute similar scores to images with large
differences in psychovisual quality. The structural simi-
larity index (SSIM) [51] was proposed as a metric to
compare images which correlates more appropriately
with the human perception. It maps two images into
an index in the interval [—1, 1], where higher values are
given to more similar pairs of images A and B, calcu-
lated as

2
PSNR = 101log;, (255 > . (21)

(2uapp + c1)(204B + c2)
(1% + p% +c1)(0% + 0% +c2)

SSIM(A, B) = (22)

where p14, pip, 0% and 0% are the averages and vari-
ances of A and B, o4p is the covariance between A
and B, and both ¢; and ¢y are predefined constants.

Pratt’s figure of merit (FOM) [52] is widely em-
ployed to objectively rate the the quality of edge de-
tection, defined as

1 L1
FOM = 23
max(NI,ND);l—i—ad? (23)

where Ny and Np are the numbers of ideal and de-
tected edge pixels, respectively, « is an empirical con-
stant (often 1/9) used to penalize displaced edges and d;
represents the distance between an edge point and the
nearest ideal edge pixel. The value of FOM is a num-
ber in the interval [0, 1], where 1 represents the better
performance, that is, the detected edges coincide with
the ideal edges.

4.2 Experimental Setup

We estimate a set of parameters used by the proposed
method: wavelet transform and its number of decompo-
sition levels, block sizes, shrinkage rule, and 7 (Equa-
tion 19). To perform these estimations, a set of im-
ages, different from those shown in the comparisons,
was used. Once the parameters are set, they are kept
fixed throughout the comparisons to other methods.

A set of stationary wavelets [53] from Symlet,
Coiflet, Daubechies and Biorthogonal families is
tested for effectiveness. According to our experiments,
Daubechies-3 (db3) provided better results than other
wavelet bases. Thus, all wavelet-based methods (Bayes,
Bivariate, Adaptive) used the Daubechies-3 wavelet for
comparison purpose. In addition, four decomposition
levels achieved the best results and will be considered
in the remaining experiments.

Different block sizes are considered in the experi-
ments. Figures 3(a) and 3(b) show PSNR e SSIM re-
sponses for different block sizes, achieved by averag-
ing the responses over multiple images and noise levels.
Large blocks allow effective removal of low-frequency
noise, however, tend to smooth details. Tests revealed
that blocks with sizes up to 64 x 64 pixels encompassing
blocks sized a multiple of their size preserve sharp char-
acteristics and avoid blockiness. Based on the results
obtained, shown in Figure 3, blocks of size 64 x 64 pix-
els encompassing blocks of size 16 x 16 provided slightly
better results than the other block sizes (considering
PSNR and SSIM) and will be used during the compar-
isons.

According to our experiments, the best value for 7,
defined in Equation 19, is 0.8. This shows that it is
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Fig. 3 Comparison results for different block sizes. Each set of grouped bars corresponds to multiple inner blocks for a fixed

external block size.

worth having a trade-off between smoothness and edge
preservation. This value will be used in the remaining
experiments and comparisons.

Finally, a comparison among different shrinkage
rules used in our denoising method is shown in Fig-
ure 4. The PSNR value obtained for each shrinkage rule
corresponds to an average calculated over a subset of
all images used in our experiments. The soft shrinkage
rule, given in Equation 11, is clearly superior to other
schemes and, therefore, it is chosen over other described
rules to threshold coefficients in our experiments.

4.3 Comparisons

To assess the denoising effectiveness, the proposed
method is compared to state-of-the-art methods.
Namely, Bayes [30], Bivariate [38] and Wiener-
chop [34], which are wavelet-based; and median,
Wiener, BM3D [15], anisotropic diffusion (AD) [11]
and TV [9], which are non wavelet-based. PSNR (in
dB), SSIM and FOM values of the denoised images
relative to their original images using such methods
are reported in Tables 1, 2 and 3, respectively. The
best values for wavelet-based and non wavelet-based
methods are highlighted with underline and bold-face,
respectively.
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Fig. 4 Comparison results for shrinkage rules.

Non Wavelet-Based Methods Wavelet-Based Methods

BM3D AD Median TV Wiener Bayes | Bivariate | Wiener-chop | Proposed

Method | Method | Filter | Method | Filter || Method | Method Method Method
glasses
o =10 41.79 40.16 35.15 40.19 37.81 39.78 36.53 40.92 40.76
o=15 40.64 37.65 31.92 37.80 34.82 37.19 34.40 38.20 38.80
o =20 39.58 35.73 29.53 33.74 32.62 35.75 32.43 36.09 37.16
o=25 38.67 34.47 27.68 30.27 31.05 34.81 30.90 34.74 36.17
o =30 35.41 33.22 26.14 27.55 29.79 33.88 29.40 33.37 35.01
o =35 30.21 32.13 24.81 25.34 28.64 33.09 28.20 32.27 34.05
lightning
o =10 37.85 38.37 33.76 37.52 36.05 33.66 30.56 37.53 38.29
o =15 37.17 35.99 31.04 35.79 33.78 32.11 29.87 35.05 36.15
o =20 36.40 34.35 29.07 32.88 32.03 30.05 29.13 33.39 35.02
o =25 35.62 33.05 27.32 29.87 30.46 29.31 28.27 32.14 34.09
o =30 33.39 31.95 25.83 27.24 29.10 28.98 27.31 31.07 33.31
o =35 28.76 30.97 24.60 25.17 27.91 28.04 26.43 30.16 32.54
window
o =10 29.63 32.04 27.61 29.80 28.96 31.01 24.70 31.16 31.27
o=15 29.34 30.14 26.82 29.45 28.13 29.17 24.41 29.59 29.60
o =20 29.03 28.78 25.93 28.67 27.26 27.87 24.04 28.36 28.37
o =25 28.62 27.62 25.06 27.49 26.37 26.74 23.61 27.30 27.36
o =30 28.09 26.67 24.22 26.21 25.56 25.88 23.15 26.44 26.54
o =35 26.71 25.72 23.36 24.83 24.64 24.96 22.61 25.59 25.71
boat
o =10 31.02 32.33 29.40 30.39 30.02 30.47 26.79 32.20 32.52
o=15 30.70 30.40 28.19 29.95 29.07 29.07 26.49 30.59 30.81
o =20 30.30 28.98 26.94 28.81 28.06 27.97 26.09 29.33 29.43
o =25 29.84 27.90 25.80 27.39 27.23 26.99 25.59 28.44 28.48
o =30 28.61 26.97 24.69 25.72 26.35 26.18 25.00 27.60 27.66
o =35 25.83 26.22 23.69 24.13 25.58 25.56 24.41 26.91 27.05
fingerprint
o =10 29.05 30.46 29.10 28.76 24.89 31.17 25.84 31.51 31.67
oc=15 28.78 28.19 27.72 28.01 24.60 29.47 25.54 29.79 29.88
o =20 28.38 26.51 26.48 26.89 24.23 28.00 25.15 28.38 28.48
o =25 27.70 25.20 25.35 25.58 23.86 26.81 24.71 27.23 27.35
o =30 26.31 24.17 24.34 24.32 23.51 25.84 24.25 26.33 26.46
o =235 23.86 23.20 23.42 23.03 23.08 24.95 23.71 25.49 25.65
man
o =10 30.39 32.56 30.20 30.72 30.50 31.22 28.16 32.09 32.34
o=15 30.14 30.51 28.78 30.27 29.48 29.76 27.72 30.52 30.55
o =20 29.93 29.18 27.43 29.23 28.55 28.74 27.18 29.43 29.38
o=25 29.60 28.13 26.10 27.58 27.66 27.70 26.54 28.57 28.55
o =30 28.46 27.31 24.95 25.88 26.81 26.99 25.87 27.80 27.82
o =35 25.74 26.58 23.88 24.22 25.99 26.32 25.15 27.13 27.22

Table 1 PSNR results for a set of test images and noise levels. Values marked in bold indicate the best results among all
compared methods and values with underline indicate the best results among the wavelet-based methods.

The four rightmost columns in each table show the
results of wavelet-based denoising methods. The results
obtained by the proposed method reveal significant gain
when compared to such methods, specially considering
Bayes and Bivariate methods. The proposed method
achieves similar results to all approaches considered in
the comparison. However, when only wavelet-based ap-
proaches are considered, the proposed method achieves

better results with PSNR and FOM and it is similar to
the Wiener-chop method regarding the SSIM measure.

Even though the proposed method is simple in na-
ture, the results are comparable to those obtained with
BM3D and superior to AD, TV, median and Wiener.
Compared to BM3D, it is worth noticing that, although
this method behaves well for lower noise ratios, it ex-
periences a downfall at two higher noises (¢ = 30 and
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Non Wavelet-Based Wavelet-Based
BM3D AD Median TV Wiener Bayes | Bivariate | Wiener-chop | Proposed
Method | Method | Filter | Method | Filter Method | Method Method Method
glasses
o =10 0.98 0.96 0.83 0.98 0.95 0.97 0.93 0.96 0.97
o=15 0.98 0.94 0.70 0.95 0.89 0.95 0.86 0.93 0.96
o =20 0.97 0.91 0.58 0.85 0.81 0.94 0.78 0.90 0.95
o=25 0.96 0.88 0.48 0.68 0.74 0.94 0.71 0.87 0.94
o =30 0.88 0.85 0.40 0.51 0.68 0.94 0.64 0.83 0.93
o =35 0.62 0.81 0.34 0.38 0.62 0.93 0.58 0.80 0.93
lightning
o =10 0.96 0.95 0.82 0.96 0.93 0.95 0.89 0.95 0.95
oc=15 0.95 0.92 0.70 0.93 0.89 0.93 0.83 0.91 0.94
o =20 0.95 0.89 0.59 0.84 0.84 0.91 0.76 0.88 0.93
o =25 0.94 0.86 0.49 0.68 0.77 0.90 0.69 0.85 0.92
o =30 0.85 0.82 0.41 0.52 0.70 0.90 0.61 0.81 0.91
o =235 0.57 0.79 0.35 0.39 0.63 0.89 0.55 0.78 0.90
window
o =10 0.66 0.80 0.72 0.70 0.65 0.79 0.66 0.77 0.75
oc=15 0.64 0.72 0.66 0.70 0.61 0.71 0.61 0.71 0.68
o =20 0.62 0.66 0.60 0.68 0.58 0.65 0.56 0.66 0.62
o=25 0.62 0.61 0.54 0.64 0.55 0.61 0.51 0.61 0.58
o =30 0.61 0.58 0.49 0.58 0.52 0.57 0.47 0.58 0.55
o =235 0.57 0.54 0.44 0.52 0.50 0.54 0.44 0.55 0.53
boat
o =10 0.82 0.85 0.78 0.80 0.78 0.84 0.74 0.86 0.86
o=15 0.81 0.80 0.71 0.80 0.76 0.79 0.71 0.82 0.82
o =20 0.81 0.76 0.65 0.76 0.73 0.75 0.68 0.79 0.79
o =25 0.80 0.72 0.58 0.69 0.70 0.72 0.64 0.76 0.76
o =30 0.76 0.69 0.52 0.60 0.67 0.69 0.59 0.72 0.73
o =35 0.61 0.66 0.47 0.52 0.63 0.66 0.56 0.69 0.71
fingerprint
o =10 0.92 0.95 0.93 0.92 0.83 0.96 0.87 0.96 0.96
o=15 0.92 0.92 0.91 0.91 0.82 0.94 0.86 0.94 0.94
o =20 0.92 0.88 0.89 0.90 0.81 0.92 0.85 0.93 0.93
o =25 0.91 0.84 0.86 0.87 0.80 0.90 0.83 0.91 0.91
o =30 0.89 0.81 0.84 0.84 0.79 0.87 0.82 0.89 0.89
o =35 0.82 0.77 0.81 0.80 0.78 0.85 0.80 0.87 0.87
man
o =10 0.82 0.87 0.81 0.82 0.81 0.87 0.78 0.88 0.87
o=15 0.81 0.82 0.74 0.82 0.78 0.82 0.75 0.84 0.83
o =20 0.81 0.77 0.67 0.78 0.75 0.79 0.71 0.80 0.79
o=25 0.80 0.73 0.60 0.70 0.72 0.75 0.67 0.77 0.76
o =30 0.75 0.70 0.53 0.60 0.68 0.72 0.63 0.73 0.74
o =35 0.60 0.66 0.48 0.52 0.64 0.69 0.58 0.70 0.72

Table 2 SSIM results for a set of test images and noise levels. Values marked in bold indicate the best results among all
compared methods and values with underline indicate the best results among the wavelet-based methods.

o = 35). Differently, the proposed method presents a
more linear trend.

Figures 5 to 8 show four original and correspond-
ing noisy images as well as denoised images obtained
employing several denoising methods.

Bayes wavelet-based methods tend to produce
smoothed results in homogeneous regions. Neverthe-
less, certain features such as edges are affected. As
the proposed denoising method takes into account
the located edges in each high frequency subband
to threshold the wavelet coefficients, it is possible to
observe that such adaptive thresholding, in conjunction
with the block approach, effectively reduces noise while
preserving features of the image. This effect can be
better seen in Figures 7(k) and 8(k).

The Wiener-chop method produces a similar result
on edges. However, as can be perceived through Fig-
ures 5 to 8, the proposed method outperforms Wiener-
chop in homogeneous regions, producing smoother re-

sults. That can be clearly seen in the sky region in Fig-
ure 7.

The Bivariate, Wiener and TV methods fail to
smooth images when noise increases to higher levels.
TV produces good results at lower o values but obtains
poor denoised images at higher noise levels.

BM3D and AD methods output smoothed images.
The worst resulting images are produced at higher lev-
els of noise. AD method shows a general tendency
for oversmoothing which leads to images with an oil
painting-like effect, as seen in Figures 5(e) and 6(e).
As stated before, BM3D experiences a sudden fall for
PSNR and SSIM measures at higher levels of noise. The
images present artifacts in homogeneous regions.

5 Conclusions

This paper presented an adaptive edge-preserving im-
age denoising method in wavelet domain. A new thresh-
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Non Wavelet-Based Wavelet-Based

BM3D AD Median TV Wiener Bayes | Bivariate | Wiener-chop | Proposed

Method | Method | Filter | Method | Filter Method | Method Method Method
glasses
o =10 0.77 0.82 0.81 0.75 0.80 0.76 0.69 0.86 0.85
o=15 0.75 0.79 0.74 0.78 0.77 0.65 0.67 0.81 0.80
o =20 0.76 0.73 0.62 0.72 0.69 0.61 0.64 0.76 0.74
o=25 0.76 0.68 0.50 0.49 0.58 0.55 0.60 0.72 0.68
o =30 0.80 0.72 0.42 0.39 0.53 0.57 0.59 0.66 0.69
o =35 0.74 0.62 0.34 0.33 0.46 0.50 0.53 0.55 0.66
lightning
o =10 0.75 0.81 0.68 0.68 0.65 0.62 0.54 0.80 0.82
o=15 0.74 0.74 0.65 0.69 0.64 0.55 0.52 0.77 0.77
o =20 0.72 0.68 0.59 0.68 0.62 0.46 0.52 0.71 0.73
o =25 0.74 0.64 0.56 0.66 0.59 0.40 0.48 0.68 0.71
o =30 0.76 0.62 0.52 0.55 0.58 0.39 0.49 0.63 0.68
o =235 0.75 0.61 0.46 0.45 0.54 0.33 0.46 0.56 0.65
window
o =10 0.97 0.99 0.86 0.93 0.92 0.96 0.72 0.96 0.98
o=15 0.97 0.97 0.86 0.93 0.91 0.93 0.71 0.94 0.96
o =20 0.97 0.96 0.85 0.92 0.89 0.92 0.71 0.93 0.96
o=25 0.97 0.94 0.85 0.92 0.89 0.91 0.71 0.93 0.95
o =30 0.97 0.92 0.83 0.91 0.87 0.88 0.70 0.92 0.94
o =35 0.97 0.90 0.83 0.90 0.87 0.87 0.70 0.91 0.93
boat
o =10 0.85 0.95 0.74 0.80 0.78 0.78 0.56 0.85 0.87
o =15 0.86 0.88 0.71 0.80 0.75 0.73 0.55 0.80 0.82
o =20 0.85 0.81 0.68 0.78 0.72 0.67 0.54 0.76 0.77
o =25 0.88 0.77 0.65 0.75 0.70 0.61 0.53 0.75 0.75
o =30 0.85 0.72 0.59 0.69 0.65 0.55 0.52 0.71 0.71
o =35 0.82 0.68 0.55 0.65 0.63 0.50 0.49 0.68 0.68
fingerprint
o =10 0.88 0.87 0.89 0.86 0.89 0.74 0.58 0.75 0.79
o=15 0.86 0.85 0.88 0.85 0.88 0.71 0.57 0.73 0.74
o =20 0.86 0.83 0.85 0.83 0.85 0.68 0.55 0.71 0.72
o =25 0.86 0.81 0.82 0.80 0.83 0.67 0.53 0.71 0.72
o =30 0.82 0.80 0.77 0.78 0.82 0.62 0.51 0.70 0.70
o =35 0.78 0.78 0.72 0.76 0.80 0.59 0.52 0.70 0.71
man
o =10 0.74 0.92 0.75 0.79 0.76 0.78 0.57 0.82 0.82
o=15 0.74 0.83 0.69 0.78 0.72 0.71 0.56 0.78 0.76
o =20 0.75 0.77 0.66 0.76 0.69 0.66 0.55 0.74 0.72
o=25 0.78 0.73 0.62 0.74 0.68 0.58 0.53 0.73 0.70
o =30 0.79 0.68 0.58 0.69 0.64 0.53 0.52 0.69 0.66
o =35 0.79 0.67 0.53 0.65 0.62 0.47 0.50 0.67 0.63

Table 3 FOM results for a set of test images and noise levels. Values marked in bold indicate the best results among all
compared methods and values with underline indicate the best results among the wavelet-based methods.

olding scheme is proposed based on noise estimation on
high frequency subbands and edge strength. The choice
of thresholding functions integrated with edge detection
can improve the performance of denoising methods.

Results indicated that the proposed method effec-
tively suppresses Gaussian noise without smoothing im-
portant image details. Experiments demonstrated that
the new method produces superior results compared
to other methods based on the wavelet transform and
results comparable to other state-of-the-art denoising
methods.
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(j) Wiener-chop (k) proposed

Fig. 5 Denoising results for image man.
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(g) bivariate

(j) Wiener-chop

Fig. 6 Denoising results for image boat.

(k) proposed
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(b) noisy (o = 30)

(d) BM3D

(j) Wiener-chop (k) proposed

Fig. 7 Denoising results for image lightning.
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(a) original (c) Bayes

(d) BM3D (e) Lasip (f) median

(g) bivariate (h) TV (i) Wiener

(j) Wiener-chop (k) proposed

Fig. 8 Denoising results for image glasses.



