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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:

1. perform the discrete wavelet transform;

2. estimate a threshold;

3. apply the threshold according to a shrinkage rule;

4. perform the inverse wavelet transform using the

thresholded coefficients.

Suppose that a given image f = {fx,y, 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 , LHk, HLk and HHk, 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 LLJ
subband, obtained by low-pass filtering along the x and

y directions, corresponds to a coarse approximation of

the image signal. The LHk, HLk and HHk subbands

correspond to horizontal, vertical and diagonal details

of the image signal, respectively. The highest frequency

HH1 subband can contain a significant amount of noise.

The LLk−1 subband can be further recursively decom-

posed to form the LHk, HLk and HHk subbands.

After the selection of a threshold, the wavelet coef-

ficients are modified according to a shrinkage function

T , such that

F̂ = T (G) (3)

The last step in the wavelet shrinkage is to trans-

form the thresholded coefficients back to the original

domain, expressed as

f̂ = W−1(F̂) (4)

where W−1 denotes the inverse discrete wavelet trans-

form and f̂ 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

λV = σ̂noise

√
2 logL (5)

where σ̂2
noise is the estimated noise deviation and L =

M ×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)

λS = arg min
t≥0

SURE(t,GS) (6)

which minimizes the risk

SURE(t,GS) = NS − 2[1 : NS ] +

NS∑
x,y=1

[min(|Gxy|, t)]2
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(7)

where GS is the detail coefficients from subband S

and NS is the number of coefficients Gxy in {GS}. 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

λB =
σ̂2

noise

σ̂signal
=

σ̂2
noise√

max(σ̂2
G − σ̂2

noise, 0)
(8)

where σ̂2
G =

1

Ns

Ns∑
x,y=1

G2
xy and NS is the number of

wavelet coefficients Gxy 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

σ̂noise =
median(|Gxy|)

0.6745
, Gxy ∈ subband HH (9)

where Gxy are the HH wavelet coefficients that form

the finest decomposition level. It is assumed that the

noise follows a Gaussian distribution with zero mean
and variance σ2.

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 = Gxy that are less than or equal

to the threshold λ are set to zero, while the remaining

coefficients are left unchanged

Thard(w) =

{
w, if |w| > λ

0, if |w| ≤ λ
(10)

In soft thresholding, the wavelet coefficients above

the threshold are reduced by an amount equal to the

value of the threshold

Tsoft(w) =

{
sgn(w)(|w| − λ)+, if |w| > λ

0, if |w| ≤ λ
(11)

where sgn(x) function returns the sign of the parameter

x and (a)+ is defined as

(a)+ =

{
0, if a < 0

a, if a ≥ 0
(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].

Thyper(w) =

{
sgn(w)

√
w2 − λ2, if |w| > λ

0, if |w| ≤ λ
(13)

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

Tfirm(w) =


w, if |w| > λ2

sgn(w)
λ2(|w| − λ1)

λ2 − λ1
, if λ1 < |w| ≤ λ2

0, if |w| ≤ λ1

(14)

The firm thresholding requires two threshold val-

ues, λ1 and λ2, making the estimation procedure more

computationally expensive. To overcome this drawback,

Gao et al. [47] proposed the nonnegative garrote thresh-

olding

Tgarrote(w) =

w −
λ2

w
, if |w| > λ

0, if |w| ≤ λ
(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

TSCAD(w) =


w, if |w| > αλ
(α− 1)w − αλsgn(w)

α− 2
, if 2λ < |w| ≤ αλ

sgn(w) max(0, |w| − λ), if |w| ≤ 2λ

(16)

where the authors recommended the use of α = 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.

f
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Fig. 1 Diagram of the proposed denoising method.

Initially, the input image g, corrupted by Gaussian

noise, is partitioned into m×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 Bn of size n × n pixels (n > m), encom-

passing an m×m block Bm, is used to avoid such un-

desirable effects. The discrete wavelet transform is then

applied to each block Bn.

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 i is given by

λi =
σ̂2

noise

σ̂signal,i
(17)

where σ̂2
noise is the local estimated noise variance, as in

Equation 9, considering the HH subband at the same

decomposition level as the i subband, and σ̂signal,i is the

local estimated signal deviation on the subband under

consideration, estimated as

σ̂signal,i =
√

max(σ̂2
G − σ̂2

noise, 0) (18)

where σ̂2
G =

1

Ns

Ns∑
x,y=1

G2
xy and NS is the number of

wavelet coefficients Gxy 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

HH3 is smoother than the corresponding subband in

the previous level (HH2), so the threshold value ofHH3

should be estimated to remove fewer coefficients than

the one for HH2.

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 λc proposed in our method is computed as

the product between the subband threshold λi and a

given value τ , expressed by

λc = τλi (19)

that is, τ 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 Bn . The non-

overlapping inner blocks Bm are used to reconstruct

the denoised image f̂ and reduce errors near block

boundaries, since the blocks Bm, 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, σ2). 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 f̂ 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

MSE =
1

M ×N
||f − f̂ ||2 =

1

M ×N

M∑
x=1

N∑
y=1

(fxy− f̂xy)2.

(20)

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

PSNR = 10 log10

(
2552

MSE

)
. (21)

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

SSIM(A,B) =
(2µAµB + c1)(2σAB + c2)

(µ2
A + µ2

B + c1)(σ2
A + σ2

B + c2)
(22)

where µA, µB , σ2
A and σ2

B are the averages and vari-

ances of A and B, σAB is the covariance between A

and B, and both c1 and c2 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

FOM =
1

max(NI , ND)

ND∑
i=1

1

1 + αd2
i

(23)

where NI and ND are the numbers of ideal and de-

tected edge pixels, respectively, α is an empirical con-

stant (often 1/9) used to penalize displaced edges and di
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 τ (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 64×64 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× 64 pix-

els encompassing blocks of size 16×16 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 τ ,

defined in Equation 19, is 0.8. This shows that it is
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(a) glasses (b) lightning (c) window

(d) boat (e) fingerprint (f) man

Fig. 2 Images used in the comparisons.
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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
σ = 10 41.79 40.16 35.15 40.19 37.81 39.78 36.53 40.92 40.76
σ = 15 40.64 37.65 31.92 37.80 34.82 37.19 34.40 38.20 38.80
σ = 20 39.58 35.73 29.53 33.74 32.62 35.75 32.43 36.09 37.16
σ = 25 38.67 34.47 27.68 30.27 31.05 34.81 30.90 34.74 36.17
σ = 30 35.41 33.22 26.14 27.55 29.79 33.88 29.40 33.37 35.01
σ = 35 30.21 32.13 24.81 25.34 28.64 33.09 28.20 32.27 34.05
lightning
σ = 10 37.85 38.37 33.76 37.52 36.05 33.66 30.56 37.53 38.29
σ = 15 37.17 35.99 31.04 35.79 33.78 32.11 29.87 35.05 36.15
σ = 20 36.40 34.35 29.07 32.88 32.03 30.05 29.13 33.39 35.02
σ = 25 35.62 33.05 27.32 29.87 30.46 29.31 28.27 32.14 34.09
σ = 30 33.39 31.95 25.83 27.24 29.10 28.98 27.31 31.07 33.31
σ = 35 28.76 30.97 24.60 25.17 27.91 28.04 26.43 30.16 32.54
window
σ = 10 29.63 32.04 27.61 29.80 28.96 31.01 24.70 31.16 31.27
σ = 15 29.34 30.14 26.82 29.45 28.13 29.17 24.41 29.59 29.60
σ = 20 29.03 28.78 25.93 28.67 27.26 27.87 24.04 28.36 28.37
σ = 25 28.62 27.62 25.06 27.49 26.37 26.74 23.61 27.30 27.36
σ = 30 28.09 26.67 24.22 26.21 25.56 25.88 23.15 26.44 26.54
σ = 35 26.71 25.72 23.36 24.83 24.64 24.96 22.61 25.59 25.71
boat
σ = 10 31.02 32.33 29.40 30.39 30.02 30.47 26.79 32.20 32.52
σ = 15 30.70 30.40 28.19 29.95 29.07 29.07 26.49 30.59 30.81
σ = 20 30.30 28.98 26.94 28.81 28.06 27.97 26.09 29.33 29.43
σ = 25 29.84 27.90 25.80 27.39 27.23 26.99 25.59 28.44 28.48
σ = 30 28.61 26.97 24.69 25.72 26.35 26.18 25.00 27.60 27.66
σ = 35 25.83 26.22 23.69 24.13 25.58 25.56 24.41 26.91 27.05
fingerprint
σ = 10 29.05 30.46 29.10 28.76 24.89 31.17 25.84 31.51 31.67
σ = 15 28.78 28.19 27.72 28.01 24.60 29.47 25.54 29.79 29.88
σ = 20 28.38 26.51 26.48 26.89 24.23 28.00 25.15 28.38 28.48
σ = 25 27.70 25.20 25.35 25.58 23.86 26.81 24.71 27.23 27.35
σ = 30 26.31 24.17 24.34 24.32 23.51 25.84 24.25 26.33 26.46
σ = 35 23.86 23.20 23.42 23.03 23.08 24.95 23.71 25.49 25.65
man
σ = 10 30.39 32.56 30.20 30.72 30.50 31.22 28.16 32.09 32.34
σ = 15 30.14 30.51 28.78 30.27 29.48 29.76 27.72 30.52 30.55
σ = 20 29.93 29.18 27.43 29.23 28.55 28.74 27.18 29.43 29.38
σ = 25 29.60 28.13 26.10 27.58 27.66 27.70 26.54 28.57 28.55
σ = 30 28.46 27.31 24.95 25.88 26.81 26.99 25.87 27.80 27.82
σ = 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 (σ = 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
σ = 10 0.98 0.96 0.83 0.98 0.95 0.97 0.93 0.96 0.97
σ = 15 0.98 0.94 0.70 0.95 0.89 0.95 0.86 0.93 0.96
σ = 20 0.97 0.91 0.58 0.85 0.81 0.94 0.78 0.90 0.95
σ = 25 0.96 0.88 0.48 0.68 0.74 0.94 0.71 0.87 0.94
σ = 30 0.88 0.85 0.40 0.51 0.68 0.94 0.64 0.83 0.93
σ = 35 0.62 0.81 0.34 0.38 0.62 0.93 0.58 0.80 0.93
lightning
σ = 10 0.96 0.95 0.82 0.96 0.93 0.95 0.89 0.95 0.95
σ = 15 0.95 0.92 0.70 0.93 0.89 0.93 0.83 0.91 0.94
σ = 20 0.95 0.89 0.59 0.84 0.84 0.91 0.76 0.88 0.93
σ = 25 0.94 0.86 0.49 0.68 0.77 0.90 0.69 0.85 0.92
σ = 30 0.85 0.82 0.41 0.52 0.70 0.90 0.61 0.81 0.91
σ = 35 0.57 0.79 0.35 0.39 0.63 0.89 0.55 0.78 0.90
window
σ = 10 0.66 0.80 0.72 0.70 0.65 0.79 0.66 0.77 0.75
σ = 15 0.64 0.72 0.66 0.70 0.61 0.71 0.61 0.71 0.68
σ = 20 0.62 0.66 0.60 0.68 0.58 0.65 0.56 0.66 0.62
σ = 25 0.62 0.61 0.54 0.64 0.55 0.61 0.51 0.61 0.58
σ = 30 0.61 0.58 0.49 0.58 0.52 0.57 0.47 0.58 0.55
σ = 35 0.57 0.54 0.44 0.52 0.50 0.54 0.44 0.55 0.53
boat
σ = 10 0.82 0.85 0.78 0.80 0.78 0.84 0.74 0.86 0.86
σ = 15 0.81 0.80 0.71 0.80 0.76 0.79 0.71 0.82 0.82
σ = 20 0.81 0.76 0.65 0.76 0.73 0.75 0.68 0.79 0.79
σ = 25 0.80 0.72 0.58 0.69 0.70 0.72 0.64 0.76 0.76
σ = 30 0.76 0.69 0.52 0.60 0.67 0.69 0.59 0.72 0.73
σ = 35 0.61 0.66 0.47 0.52 0.63 0.66 0.56 0.69 0.71
fingerprint
σ = 10 0.92 0.95 0.93 0.92 0.83 0.96 0.87 0.96 0.96
σ = 15 0.92 0.92 0.91 0.91 0.82 0.94 0.86 0.94 0.94
σ = 20 0.92 0.88 0.89 0.90 0.81 0.92 0.85 0.93 0.93
σ = 25 0.91 0.84 0.86 0.87 0.80 0.90 0.83 0.91 0.91
σ = 30 0.89 0.81 0.84 0.84 0.79 0.87 0.82 0.89 0.89
σ = 35 0.82 0.77 0.81 0.80 0.78 0.85 0.80 0.87 0.87
man
σ = 10 0.82 0.87 0.81 0.82 0.81 0.87 0.78 0.88 0.87
σ = 15 0.81 0.82 0.74 0.82 0.78 0.82 0.75 0.84 0.83
σ = 20 0.81 0.77 0.67 0.78 0.75 0.79 0.71 0.80 0.79
σ = 25 0.80 0.73 0.60 0.70 0.72 0.75 0.67 0.77 0.76
σ = 30 0.75 0.70 0.53 0.60 0.68 0.72 0.63 0.73 0.74
σ = 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.

σ = 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 σ 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
σ = 10 0.77 0.82 0.81 0.75 0.80 0.76 0.69 0.86 0.85
σ = 15 0.75 0.79 0.74 0.78 0.77 0.65 0.67 0.81 0.80
σ = 20 0.76 0.73 0.62 0.72 0.69 0.61 0.64 0.76 0.74
σ = 25 0.76 0.68 0.50 0.49 0.58 0.55 0.60 0.72 0.68
σ = 30 0.80 0.72 0.42 0.39 0.53 0.57 0.59 0.66 0.69
σ = 35 0.74 0.62 0.34 0.33 0.46 0.50 0.53 0.55 0.66
lightning
σ = 10 0.75 0.81 0.68 0.68 0.65 0.62 0.54 0.80 0.82
σ = 15 0.74 0.74 0.65 0.69 0.64 0.55 0.52 0.77 0.77
σ = 20 0.72 0.68 0.59 0.68 0.62 0.46 0.52 0.71 0.73
σ = 25 0.74 0.64 0.56 0.66 0.59 0.40 0.48 0.68 0.71
σ = 30 0.76 0.62 0.52 0.55 0.58 0.39 0.49 0.63 0.68
σ = 35 0.75 0.61 0.46 0.45 0.54 0.33 0.46 0.56 0.65
window
σ = 10 0.97 0.99 0.86 0.93 0.92 0.96 0.72 0.96 0.98
σ = 15 0.97 0.97 0.86 0.93 0.91 0.93 0.71 0.94 0.96
σ = 20 0.97 0.96 0.85 0.92 0.89 0.92 0.71 0.93 0.96
σ = 25 0.97 0.94 0.85 0.92 0.89 0.91 0.71 0.93 0.95
σ = 30 0.97 0.92 0.83 0.91 0.87 0.88 0.70 0.92 0.94
σ = 35 0.97 0.90 0.83 0.90 0.87 0.87 0.70 0.91 0.93
boat
σ = 10 0.85 0.95 0.74 0.80 0.78 0.78 0.56 0.85 0.87
σ = 15 0.86 0.88 0.71 0.80 0.75 0.73 0.55 0.80 0.82
σ = 20 0.85 0.81 0.68 0.78 0.72 0.67 0.54 0.76 0.77
σ = 25 0.88 0.77 0.65 0.75 0.70 0.61 0.53 0.75 0.75
σ = 30 0.85 0.72 0.59 0.69 0.65 0.55 0.52 0.71 0.71
σ = 35 0.82 0.68 0.55 0.65 0.63 0.50 0.49 0.68 0.68
fingerprint
σ = 10 0.88 0.87 0.89 0.86 0.89 0.74 0.58 0.75 0.79
σ = 15 0.86 0.85 0.88 0.85 0.88 0.71 0.57 0.73 0.74
σ = 20 0.86 0.83 0.85 0.83 0.85 0.68 0.55 0.71 0.72
σ = 25 0.86 0.81 0.82 0.80 0.83 0.67 0.53 0.71 0.72
σ = 30 0.82 0.80 0.77 0.78 0.82 0.62 0.51 0.70 0.70
σ = 35 0.78 0.78 0.72 0.76 0.80 0.59 0.52 0.70 0.71
man
σ = 10 0.74 0.92 0.75 0.79 0.76 0.78 0.57 0.82 0.82
σ = 15 0.74 0.83 0.69 0.78 0.72 0.71 0.56 0.78 0.76
σ = 20 0.75 0.77 0.66 0.76 0.69 0.66 0.55 0.74 0.72
σ = 25 0.78 0.73 0.62 0.74 0.68 0.58 0.53 0.73 0.70
σ = 30 0.79 0.68 0.58 0.69 0.64 0.53 0.52 0.69 0.66
σ = 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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5. M. Yüksel, A. Bastürk, Efficient Removal of Impulse
Noise from Highly Corrupted Digital Images by a Simple
Neuro-fuzzy Operator, International Journal of Electron-
ics and Communications 57 (3) (2003) 214–219.

6. J. A. Sethian, Level Set Methods and Fast Marching
Methods: Evolving Interfaces in Computational Geom-
etry, Fluid Mechanics, Computer Vision and Materials
Sciences, Cambridge University Press, 1999.

7. A. Chambolle, R. D. Vore, N.-Y. Lee, B. Lucier, Non-
linear Wavelet Image Processing: Variational Problems,



10 Ricardo Dutra da Silva et al.

Compression, and Noise Removal Through Wavelet
Shrinkage, IEEE Transactions on Image Processing 7 (3)
(1998) 319–335.

8. A. Chambolle, An Algorithm for Total Variation Min-
imization and Applications, Journal of Mathematical
Imaging and Vision 20 (1–2) (2004) 89–97.

9. L. Rudin, S. Osher, E. Fatemi, Nonlinear Total Variation
based Noise Removal Algorithms, Physica D 60 (1992)
259–268.

10. M. J. Black, G. Sapiro, D. H. Marimont, D. Heeger, Ro-
bust Anisotropic Diffusion, IEEE Transactions on Image
Processing 7 (3) (1998) 421–432.

11. V. Katkovnik, K. Egiazarian, J. Astola, Local Approxi-
mation Techniques in Signal and Image Processing, Vol.
PM157, SPIE Press, 2006.

12. J. Weickert, B. M. ter Haar Romeny, M. A. Viergever,
Efficient and Reliable Schemes for Nonlinear Diffusion
Filtering, IEEE Transactions on Image Processing 7 (3)
(1998) 398–410.

13. T. Chan, H. Zhou, Adaptive ENO-wavelet Transforms
for Discontinuous Functions, Tech. Rep. 99-21, Compu-
tational and Applied Mathematics Technical Report, De-
partment of Mathematics, UCLA (Jun. 1999).

14. K. Egiazarian, J. Astola, M. Helsingius, P. Kuosmanen,
Adaptive Denoising and Lossy Compression of Images in
Transform Domain, Journal of Electronic Imaging 8 (3)
(1999) 233–245.

15. K. Dabov, A. Foi, V. Katkovnik, K. Egiazarian, Im-
age Denoising with Block-Matching and 3D Filtering, in:
SPIE Electronic Imaging: Algorithms and Systems, Vol.
6064, 2006, pp. 606414–1–606414–12.

16. Y. Wongsawat, K. Rao, S. Oraintara, Multichannel SVD-
based image De-noising, in: IEEE International Sympo-
sium on Circuits and Systems, Vol. 6, 2005, pp. 5990–
5993.

17. J. Orchard, M. Ebrahimi, A. Wong, Efficient Nonlocal-
means Denoising using the SVD, in: IEEE International
Conference on Image Processing, San Diego, CA, USA,
2008, pp. 1732–1735.

18. N. Weyrich, G. T. Warhola, Wavelet Shrinkage and Gen-
eralized Cross Validation for Image Denoising, IEEE
Transactions on Image Processing 7 (1) (1998) 82–90.

19. G. P. Nason, Wavelet Shrinkage by Cross-Validation,
Journal of the Royal Statistical Society B 58 (1996) 463–
479.

20. H. Chipman, E. Kolaczyk, R. McCulloch, Adaptive
Bayesian Wavelet Shrinkage, Journal of the American
Statistical Association 440 (92) (1997) 1413–1421.

21. F. Ruggeri, B. Vidakovic, A Bayesian Decision Theo-
retic Approach to Wavelet Thresholding, Journal of The
American Statistical Association 93 (1998) 173–179.

22. B. Vidakovic, Nonlinear Wavelet Shrinkage with Bayes
Rules and Bayes Factors, Journal of the American Sta-
tistical Association 93 (441) (1998) 173–179.

23. S. Chang, B. Yu, M. Vetterli, Spatially Adaptive Wavelet
Thresholding Based on Context Modeling for Image De-
noising, IEEE Transactions on Image Processing 9 (9)
(2000) 1522–1531.

24. M. S. Crouse, R. D. Nowak, R. G. Baraniuk, Wavelet-
based Statistical Signal Processing using Hidden Markov
Models, IEEE Transactions on Signal Processing 46 (4)
(1998) 886–902.

25. G. Fan, X. Xia, Image Denoising using Local Contextual
Hidden Markov Model in the Wavelet Domain, IEEE Sig-
nal Processing Letters 8 (5) (2001) 125–128.

26. J. Liu, P. Moulin, Complexity-Regularized Image De-
noising, IEEE Transactions on Image Processing 10 (6)
(2001) 841–851.

27. M. K. Mihcak, I. Kozintsev, K. Ramchandran, P. Moulin,
Low-complexity Image Denoising based on Statistical
Modeling of Wavelet Coefficients, IEEE Signal Process-
ing Letters 6 (12) (1999) 300–303.

28. J. K. Romberg, H. Choi, R. G. Baraniuk, Shift-invariant
Denoising using Wavelet-domain Hidden Markov Trees,
in: Conference Record of The Thirty-Third Asilomar
Conference on Signals, Systems and Computers, Pacific
Grove, CA, USA, 1999, pp. 1277–1281.

29. Q. Bao, J. Gao, W. Chen, Local Adaptive Shrinkage
Threshold Denoising using Curvelet Coefficients, Elec-
tronics Letters 44 (4) (2008) 277–279.

30. S. Chang, B. Yu, M. Vetterli, Adaptive Wavelet Thresh-
olding for Image Denoising and Compression, IEEE
Transactions on Image Processing 9 (9) (2000) 1532–
1546.

31. H. Choi, R. Baraniuk, Analysis Of Wavelet-Domain
Wiener Filters, in: IEEE International Symposium on
Time-frequency and Time-scale Analysis, Pittsburgh, PA
, USA, 1998, pp. 613–616.

32. D. L. Donoho, I. M. Johnstone, Ideal Spatial Adaptation
via Wavelet Shrinkage, Biometrika 81 (1994) 425–455.

33. D. L. Donoho, I. M. Johnstone, Adapting to Unknown
Smoothness via Wavelet Shrinkage, Journal of the Amer-
ican Statistical Association 90 (432) (1995) 1200–1224.

34. S. Ghael, E. P. Ghael, A. M. Sayeed, R. G. Baraniuk,
Improved Wavelet Denoising via Empirical Wiener Fil-
tering, in: Proceedings of SPIE, Vol. 3169, San Diego,
CA, USA, 1997, pp. 389–399.

35. M. Kazubek, Wavelet Domain Image Denoising by
Thresholding and Wiener Filtering, IEEE Signal Process-
ing Letters 10 (11) (2003) 324–326.

36. A. Piz̆urica, W. Philips, Estimating the Probability of the
Presence of a Signal of Interest in Multiresolution Single-
and Multiband Image Denoising, IEEE Transactions on
Image Processing 15 (3) (2006) 654–665.

37. J. Portilla, V. Strela, M. Wainwright, E. Simoncelli, Im-
age Denoising using Scale Mixtures of Gaussians in the
Wavelet Domain, IEEE Transactions on Image Process-
ing 12 (11) (2003) 1338–1351.

38. L. Sendur, I. W. Selesnick, Bivariate shrinkage with Lo-
cal Variance Estimation, IEEE Signal Processing Letters
9 (12).

39. J. Weaver, X. Yansun, D. H. L. Cromwell, Filtering Noise
from Images with Wavelet Transforms, Magnetic Reso-
nance in Medicine 21 (2) (1991) 288–295.

40. M. Malfati, D. Roose, Wavelet-based Image Denoising us-
ing a Markov Random Field a Priori Model, IEEE Trans-
actions on Image Processing 6 (4) (1997) 549–565.

41. D. L. Donoho, De-noising by Soft-thresholding, IEEE
Transactions on Information Theory 41 (3) (1995) 613–
627.

42. X. Yuan, B. Buckles, Subband Noise Estimation for
Adaptive Wavelet Shrinkage, in: 17th International Con-
ference on Pattern Recognition, Vol. 4, 2004, pp. 885–888.

43. D. L. Donoho, I. M. Johnstone, Minimax Estimation via
Wavelet Shrinkage, Annals of Statistics 26 (3) (1998)
879–921.

44. M. Jansen, Noise Reduction by Wavelet Thresholding,
Springer-Verlag, New York, USA, 2001.

45. A. Antoniadis, Wavelet Methods in Statistics: Some Re-
cent Developments and their Applications, Statitics Sur-
veys 1 (2007) 16–55.

46. H.-Y. Gao, A. G. Bruce, WaveShrink with firm Shrinkage,
Statistica Sinica 7 (1997) 855–874.

47. H.-Y. Gao, Wavelet Shrinkage Denoising using the Non-
negative Garrote, Journal of Computational and Graph-
ical Statistics 7 (4) (1998) 469–488.



Adaptive Edge-Preserving Image Denoising Using Wavelet Transforms 11

48. A. Antoniadis, J. Fan, Regularization of Wavelet Approx-
imations, Journal of the American Statistical Association
96 (455) (2001) 939–967.

49. S. Mallat, A Theory for Multiresolution Signal Decom-
position: the Wavelet Representation, IEEE Transactions
on Pattern Analysis and Machine Intelligence 11 (7)
(1989) 674–693.

50. Caltech, Caltech 256, http://www.vision.caltech.edu/

Image_Datasets/Caltech256/images/ (2011).
51. Z. Wang, A. Bovik, H. Sheikh, E. Simoncelli, Image Qual-

ity Assessment: from Error Visibility to Structural Sim-
ilarity, IEEE Transactions on Image Processing 13 (4)
(2004) 600–612.

52. W. Pratt, Digital Image Processing, Wiley, New York,
NY, USA, 1978.

53. G. P. Nason, B. W. Silverman, The stationary wavelet
transform and some statistical applications, in: Lecture
Notes in Statistics: Wavelets and Statistics, Springer-
Verlag, 1995, pp. 281–300.



12 Ricardo Dutra da Silva et al.

(a) original (b) noisy (σ = 30) (c) Bayes

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

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

(j) Wiener-chop (k) proposed

Fig. 5 Denoising results for image man.
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(a) original (b) noisy (σ = 30) (c) Bayes

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

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

(j) Wiener-chop (k) proposed

Fig. 6 Denoising results for image boat.
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(a) original (b) noisy (σ = 30) (c) Bayes

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

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

(j) Wiener-chop (k) proposed

Fig. 7 Denoising results for image lightning.
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(a) original (b) noisy (σ = 30) (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.


