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An Efficient Two-Phase L1-TV Method for

Restoring Blurred Images with Impulse Noise
Raymond H. Chan, Yiqiu Dong, and Michael Hintermüller

Abstract

A two-phase image restoration method based on total variation regularization combined with an L1-

data-fitting term for impulse noise removal and deblurring is proposed. In the first phase, suitable noise

detectors are used for identifying image pixels contaminated by noise. Then, in the second phase, based on

the information on the location of noise-free pixels, images are deblurred and denoised simultaneously.

For efficiency reasons, in the second phase a superlinearly convergent algorithm based on Fenchel-

duality and inexact semismooth Newton techniques is utilized for solving the associated variational

problem. Numerical results prove the new method to be a significantly advance over several state-of-the-

art techniques with respect to restoration capability and computational efficiency.

Index Terms

Fenchel duality, image deblurring, impulse noise, L1 data fitting, noise detector, total variation

regularization, semismooth Newton method.

I. INTRODUCTION

During their acquisition and transmission images are often blurred and corrupted by noise. It is one of

the fundamental tasks of image processing to restore the (original) image from a degraded version. To be
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specific, suppose an image u ∈ Rmn is blurred by a known linear operator (matrix) K ∈ Rmn×mn, where

m-by-n, with m,n ∈ N, is the image size. Due to transmission errors, malfunctioning pixel elements

in camera sensors, faulty memory locations, etc., the blurred image is also assumed to be corrupted by

impulse noise [1]. Consequently, the degraded image z ∈ Rmn can be written as

z = Nr(z̃) with z̃ = Ku,

where Nr represents the corruption by impulse noise with a corruption rate r ∈ [0, 1]. Based on the

gray-level values of the noisy pixels, there are mainly two types of impulse noise:

• Salt-and-pepper noise:

zk =





z̃k, with probability 1− r,

nmax, with probability r
2 ,

nmin, with probability r
2 ,

where nmax and nmin are the maximum and minimum of the gray-level range.

• Random-valued impulse noise:

zk =





z̃k, with probability 1− r,

nk, with probability r,

where nk comes from a uniformly distributed random variable with values in [nmin, nmax].

An important characteristic of impulse noise is that only a part of the pixels is corrupted by noise and

the rest is noise-free. Since the noise may produce arbitrary values in [nmin, nmax], random-valued impulse

noise is more difficult to remove than salt-and-pepper noise. Over the years, a variety of techniques have

been proposed to remove impulse noise. Here we refer to [2]–[7] for salt-and-pepper noise and to [8]–[12]

for random-valued impulse noise removal, respectively, as well as to the many references in these papers.

In the corresponding methods, typically only the denoising case is considered, i.e., K = I , with I the

identity operator.

The deblurring of images, however, poses some additional challenges when compared to the denoising

case. In fact, image deblurring is an ill-posed problem due to either the potential non-uniqueness of

the solution or the numerical instability respectively induced by K. To alleviate these problems and the

difficulties due to the noise in the data, some a-priori preferences are usually added in the form of a

regularization term such as Tikhonov [13], total variation [14], or wavelet coefficient [15] regularization. In

the case of degradation due to impulse noise, regularization combined with L1 data fitting was proposed for

restoration; see [16]–[20]. Typically, the pertinent methods are implemented uniformly across the image

without considering whether a pixel is noise-free or not. In order to benefit from the fact that some part
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of the pixels is noise-free, in [21] a two-phase method relying on noise detectors was proposed. In the

first or noise detecting phase, it uses either the adaptive median (AM) filter [2] or the adaptive center-

weighted median (ACWM) filter [8] to identify pixels which are likely to contain noise. In the second

phase, based on the identified noise-free pixels, the image is deblurred and denoised simultaneously

using the Mumford-Shah function. Numerical results show that this two-phase method can give excellent

restoration results when compared with the several state-of-the-art techniques which are implemented

uniformly across the whole image. But since the algorithm of [21] relies on an alternating fixed point

iteration, it is not efficient with respect to its convergence rate. Furthermore, there are three crucial

parameters which need to be adjusted based on information generated during the restoration. Together

with the fixed point-type iteration, the necessary parameter adjustment based on computational outcomes

results in a rather time-consuming method requiring intensive user interaction.

Recently, in [20] a locally superlinearly convergent algorithm for solving the L1-TV problem (see (1)

below) was introduced. Its very efficient implementation can compete successfully with several recent

methods proposed, e.g., in [16], [17], [19]. In the present paper, we combine the method of [20] with

the noise detectors of [2], [8], [12] to obtain an efficient two-phase method. By efficiency we refer here

to a local (at least) superlinear convergence of the associated numerical method in the second phase

and the significantly reduced effort in parameter adjustment. In fact, with total variation as the choice

for the regularization term, the optimization problem in the second phase is solved by a superlinearly

convergent algorithm based on Fenchel-duality and inexact semismooth Newton techniques. The new

two-phase method outperforms the old one in [21] with respect to both image restoration capability and

computational efficiency. Indeed, compared to our method in our numerical tests, the technique of [21]

consumes 20 to 49 times more CPU-time. Furthermore, for our method the effect of the parameters in

the optimization problem in the second phase is well understood. In the end, only the total variation

regularization parameter needs to be determined once at the beginning of the iteration in contrast to

the selection of three parameters based on the currently restored image in [21]. In addition, since the

capability of the two-phase method hinges on the accuracy of the noise detector in the first phase, among

others we also utilize the newest statistic,which is called rank-ordered logarithmic difference (ROLD, for

short) [12], as a noise detector when restoring images with a high corruption by random-valued impulse

noise. Our experiments show that we obtain an 1.5 dB improvement in peak signal-to-noise ratio (PSNR)

for corruption rates as high as 60% when compared with the technique in [21].

The outline of this paper is as follows. In Section II, we extend the method in [20] by incorporating

information on noise-free pixels. Section III describes our two-phase method in detail. Section IV provides
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numerical results to demonstrate the performance of the new algorithm. Finally, conclusions are drawn

in Section V.

II. IMAGE RESTORATION BY PRIMAL-DUAL ALGORITHM

Recently, in [20] an efficient method was proposed to restore images corrputed by impulse noise by

solving the following minimization problem, which we call the L1-TV problem:

min
u∈Rmn

‖Ku− z‖1 + α‖u‖TV , (1)

where ‖v‖1 =
∑

k∈A |vk|, A is the so-called candidate (index) set of all pixels in the image, α > 0 is

the regularization parameter which controls the trade-off between the L1-data-fitting term and the total

variation regularization, which is defined by

‖v‖TV :=
∑

k∈A
|[∇v]k|2 =

∑

k∈A

√
|(∇xv)k|2 + |(∇yv)k|2

with the discrete gradient operator ∇ ∈ R2mn×mn, with

∇ =


∇x

∇y


 and [∇v]k =


 (∇xv)k

(∇yv)k


 ,

where ∇x,∇y ∈ Rmn×mn and

(∇xv)k =





vi+1,j − vi,j , if i < m,

0, if i = m,
(∇yv)k =





vi,j+1 − vi,j , if j < n,

0, if j = n,

and k = (i− 1) · n + j, i ∈ {1, 2, · · · ,m}, j ∈ {1, 2, · · · , n}. For the efficient solution of (1), Fenchel-

duality [22] and inexact semismooth Newton techniques [23] are utilized. In view of the characteristics of

impulse noise, i.e., only a part of the pixels is corrupted, we equip the Newton solver with an appropriate

noise detector. For this purpose, we assume that the noise candidate set obtained by a noise detector is

N and the noise-free candidate set is U = A \ N .

Noise-free pixels in the image correspond to intensity values according to the blurring model z = Ku.

The presence of impulse noise, however, destroys this relation. Hence, in what follows we ignore noisy

pixels in the data-fitting term of (1) by removing N from A in the first term of the objective function in

(1). This results in the following minimization problem:

min
u∈Rmn

∑

k∈U
|(Ku)k − zk|+ α

∑

k∈A
|[∇u]k|2. (P)
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Our aim is to apply the primal-dual method of [20] to solve (P). Hence, in the first step we compute

the Fenchel-dual of (P). For this purpose, let

Ψ(u) :=
∑

k∈U
|(Ku)k − zk| ,

Φ(~p) := α
∑

k∈A
|[~p]k|2, ~p := ∇u ∈ R2mn.

The Fenchel-conjugate of Ψ is defined by Ψ∗(w) = sup{u>w −Ψ(u)|u ∈ Rmn} [22], and analogously

for Φ. After some calculations, we get

Ψ∗(w) =
∑

k∈U
zk ·

(
(KK>)−1Kw

)
k

+ I{v:|((KK>)−1Kv)k|≤1,k∈U}(w),

Φ∗(~q) = I{~w:|[~w]k|2≤α,k∈A}(~q),

where w ∈ Rmn and ~q ∈ R2mn. Here, K> is the transpose of K, and IS(·) denotes the indicator function

of the set S. Furthermore, we assume that KK> rather than K is invertible. This assumption allows us

to consider a more general problem class where the blurring operator K need not be a square matrix.

An example for the latter is a situation where the image z is not only blurred and corrupted by impulse

noise, but also loses some information after blurring; see [20]. In such a situation, also the dimension

of the data vector z needs to be adjusted correspondingly. We proceed on the basis of such a general

setting; otherwise one assumes that K is invertible and replaces (KK>)−1K by K−> in what follows.

The following relation between the primal (left hand side) and the dual problem (right hand side) holds

true:

inf
u∈Rmn

{Ψ(u) + Φ(Λu)} = sup
q∈R2mn

{−Ψ∗(Λ>q)− Φ∗(−q)}, (2)

where Λ ∈ R2mn×mn, and Λ> is the transpose of Λ. Due to the structure of Ψ∗ and Φ∗, the dual problem

can be written as follows:

min
~q∈R2mn

∑

k∈U
zk ·

(
(KK>)−1K∇>~q

)
k
, (P∗)

subject to (s. t.) |((KK>)−1K∇>~q)k| ≤ 1, ∀k ∈ U ,

|[~q]k|2 ≤ α, ∀k ∈ A.

Note that due to the presence of the divergence operator div = −∇>, which has a non-trivial kernel, in

the objective function of (P∗), the solution to (P∗) need not be unique. In order to achieve uniqueness,

which is beneficial from a numerical stability point of view, we add a dual regularization term. The
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resulting problem is given by

min
~q∈R2mn

∑

k∈U
zk ·

(
(KK>)−1K∇>~q

)
k

+
γ

2α

∑

k∈A
|[~q]k|22, (Pγ

∗)

s. t. |((KK>)−1K∇>~q)k| ≤ 1, ∀k ∈ U ,

|[~q]k|2 ≤ α, ∀k ∈ A,

where γ > 0 denotes the corresponding dual regularization parameter. From an algorithmic point of view,

due to its smooth objective and rather simple contraints (Pγ
∗) is more amenable to fast solvers than (P).

The latter usually rely on the first order optimality conditions for the associated minimization problem.

In our case, the first order conditions of (Pγ
∗) are given by

−div~̄p = K>χUσ(Kū− z) with σ(Kū− z) ∈ ∂‖Kū− z‖1, (3a)

−[~̄p]k = α
[∇ū]k

max{γ, |[∇ū]k|2} , (3b)

for k = 1, . . . , nm, where the characteristic function of the set U is written as a diagonal matrix χU ∈
Rmn×mn defined by

(χU )k,k =





1, if k ∈ U ,

0, if k ∈ N .

Moreover, ∂ denotes the subdifferential of convex analysis [22] and, for v ∈ Rt, with t ∈ N, σ(v) ∈
∂‖v‖1 ⊂ Rt satisfies

(σ(v))i ∈





{1} if vi > 0,

{−1} if vi < 0,

[−1, 1] if vi = 0,

for i = 1, . . . , r. We observe that given ~p, (3) does not allow to recover u, in general. For this reason we

replace (Pγ
∗) by (P∗λ,γ):

min
~q∈R2mn

∑

k∈U
zk ·

(
(KK>)−1K∇>~q

)
k

+
λ

2

∑

k∈U

(
(KK>)−1K∇>~q

)2

k
+

γ

2α

∑

k∈A
|[~q]k|22, (P∗λ,γ)

s.t. |((KK>)−1K∇>~q)k| ≤ 1, ∀k ∈ U ,

|[~q]k|2 ≤ α, ∀k ∈ A,

where λ > 0 is given.

In order to understand the effect of replacing (P∗) by (P∗λ,γ) on the primal problem (P), we dualize

(P∗λ,γ). In view of the general relation (2) in convex analysis and div = −∇>, we now define

Ψ∗(div~q) :=
∑

k∈U
zk ·

(
(KK>)−1K∇>~q

)
k

+
λ

2

∑

k∈U

(
(KK>)−1K∇>~q

)2

k
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+ I{v:|((KK>)−1Kv)k|≤1,k∈U}(∇>~q),

Φ∗(~q) :=
γ

2α

∑

k∈A
|[~q]k|22 + I{~w:|[~w]k|2≤α,k∈A}(~q).

Upon calculating the associated Fenchel conjugates, we find that the Fenchel dual of (P∗λ,γ) is given by

min
u∈Rmn

∑

k∈A
(Ψλ(u))k + (Φγ(∇u))k , (Pλ,γ)

where

(Ψλ(u))k =





1
2λ ((Ku)k − zk)

2 , if |(Ku)k − zk| < λ and k ∈ U ,

|(Ku)k − zk| − λ
2 , if |(Ku)k − zk| ≥ λ and k ∈ U ,

0, if k ∈ N ,

and

(Φγ(∇u))k =





α
2γ |[∇u]k|22 , if |[∇u]k|2 < γ,

α
[|[∇u]k|2 − γ

2

]
, if |[∇u]k|2 ≥ γ.

We observe that the uniqueness of the solution of the regularized dual (P∗λ,γ) is due to Φγ . Without the

second regularization, a reconstruction of the primal solution ū from a dual solution ~̄p would not be

possible. This explains the purpose of Ψλ.

By first order optimality and ∇> = −div, the solutions ū and ~̄p satisfy

−div~̄p = K>χUσλ(Kū− z), (4a)

[̄~p]k =
−α

max{γ, |[∇ū]k|2} [∇ū]k, (4b)

for k = 1, . . . , nm, where we have σλ(Kū− z) ∈ Rmn with

σλ(Kū− z)k =
(Kū− z)k

max{λ, |(Kū− z)k|} .

Note that the terms max{λ, |(Kū − z)k|} and max{γ, |[∇ū]k|2} are always positive. In order to make

the system (4a)–(4b) more tractable from a numerical point of view, we introduce

v̄ := σλ(Kū− z) and ~̄s := −~̄p.

Then the sytem (4a)–(4b) is equivalent to

−D(mλ)v̄ + Kū− z = 0, (5a)

div~̄s−K>χU v̄ = 0, (5b)

D(mγ)~̄s− α∇ū = 0. (5c)

Here, D(v) ∈ Rt×t is a diagonal matrix with the vector v ∈ Rt as its main diagonal, mλ ∈ Rmn with

(mλ)k = max{λ, |(Kū − z)k|}, mγ ∈ R2mn with (mγ)k = (mγ)mn+k = max{γ, |[∇ū]k|2}, and we
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use |w| = (|w1|, . . . , |wmn|)> for w ∈ Rmn. Moreover, |∇v|2 = (|[∇v]1|2, . . . , |[∇v]mn|2)> ∈ Rmn for

v ∈ Rmn.

Note that the system (5) is non-smooth due to the presence of the max-operators. However, it can be

shown that (5) is semismooth [24]. This allows us to utilize the semismooth Newton technique of [25]

for its numerical solution. For this purpose, we write (5) compactly as

F (ω̄) = 0,

with ω̄ = (ū, v̄, ~̄s). Given a current iterate ωl approximating ω̄, the corresponding semismooth Newton

update δl
ω is defined as the solution of

G(ωl)δl
ω = −F (ωl), (6)

with δω,l = ωl+1 − ωl, provided such a solution exists. In (6) we have G(ωl) ∈ ∂F (ωl) with ∂F (ωl)

denoting the generalized derivative of F according to [24]. We note that the subdifferential of convex

analysis (i.e. Clarke’s subdifferential [26]) is a special realization of the generalized derivative defined in

[24]. A particular choice of G(ωl) is given by

G(ωl) =




Al −D(ml
λ) 0

0 −K>χU −∇>

Bl 0 D(ml
γ)


 ,

where

Al =
[
Imn −D(vl)χAl

λ
D(sign(Kul − z))

]
K := ΛlK,

Bl =
[
−αI2mn + D(sl)D(gl)N(∇ul)

]
∇ := −C l∇,

and gl ∈ R2mn with

gl
k = gl

mn+k =
1

|[∇ul]k|2 for k ∈ Al
γ and gl

k = gl
mn+k = 0 else.

Here, It ∈ Rt×t is the identity matrix, Al
λ = {k : |(Kul)k − zk| > λ}, and Al

γ = {k : |[∇ul]k|2 > γ}.

In addition, for w = (w>1 , w>2 )> ∈ R2t, with wi ∈ Rt for i ∈ {1, 2}, we use

N(w) =


 D(w1) D(w2)

D(w1) D(w2)


 ∈ R2t×2t.

The structure of G(ωl) allows us to condense the Newton system (6) into a single equation

H lδu = f l, (7)
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with

H l = K>χUD(ml
λ)−1ΛlK +∇>D(ml

γ)−1C l∇,

f l = −K>χUD(ml
λ)−1(Kul − z)− α∇>D(ml

γ)−1∇ul.

The system matrix in (7) may lack symmetry and/or positive definiteness along the iterations; however,

at a solution, the matrix is symmetric positive semi-definite. In order to avoid problems due to these

potential deficiencies during the iteration, we utilize the modifications as introduced in [20], whenever

these are necessary. This results in a modified system matrix H l
+ + µlImn (instead of H l in (7)), where

µl is a small positive value approaching zero as l increases.

III. OUR TWO-PHASE METHOD

In this section we provide an overall description of our two-phase method, discuss the use of noise

detectors, and we specify the parameter choice.

In the first phase, we use a noise detector to distinguish pixels which are likely to be corrupted by

impulse noise, i.e., we determine the noise candidate set N . For salt-and-pepper noise, we choose the

adaptive median (AM) filter [2], which, by varying the window size, can identify almost all noisy pixels

even for corruption rates as high as 90%. For random-valued impulse noise, as in [21] we utilize the

adaptive center-weighted median (ACWM) filter [8] for comparison. This filter is able to distinguish most

of the noisy pixels from the noise-free ones with a small false-hit rate for low corruption rates. When the

corruption rate reaches 60%, we observe that the capabilities of the two-phase method are mainly limited

by the accuracy of the noise detector ACWM in the first phase. In order to remedy this drawback, we

replace the ACWM filter by the rank-ordered logarithmic difference (ROLD statistic) [12], which was

proposed recently in particular for detecting random-valued impulse noise with a high corruption rate.

After the noise detection step, in the second phase we use the available information on noise-free pixels,

i.e., k ∈ U , to simultaneously deblur and denoise the given image by solving the minimization problem

(Pλ,γ). As described in the previous section, based on first order optimality, the numerical solution is

achieved by inexact semismooth Newton techniques. Note that in the objective function of (Pλ,γ), both

Ψλ and Φγ are in fact Huber-type functions [27]. Hence, our approach results in a nonlinear hybrid L1-L2

measure, which smoothes only in a region near zero. In Ψλ and Φγ , λ and γ are the Huber thresholds,

which control the balance between the respective L1 and L2 terms. The smaller these two parameters are,

the more challenging the solution of the minimization problem becomes. This behavior can be attributed

to the fact that uniform convexity and, hence, uniqueness of the solution as well as the reconstructability
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(a) (b)

Fig. 1. Original images. (a) “Clock”, (b) “Bridge”.

of a primal solution from a dual one get lost for λ = γ = 0. Here, based on our numerical experiments,

we fix the values λ = 0.0005 and γ = 0.01. The remaining parameter α is the regularization parameter,

which controls the trade-off between a good fit of z and a smoothness requirement due to the total

variation regularization. This suggests that small α is used for low corruption rates in order to preserve

details with little smoothing, and large α is used for high corruption rates in order to remove noise

considerably. The precise choice of α for the respective restoration run is provided in the captions of the

subsequent figures.

IV. NUMERICAL RESULTS

In this section, we compare the image restoration ability and CPU-time consumption of our method

only with the two-phase method in [21] (the CCN method for short), which was shown to outperform

state-of-the-art methods which are implemented uniformly across the whole image for deblurring and

denoising. For illustrations, the results for the 256-by-256 gray level image “Clock” and the 512-by-512

gray level image “Bridge” are presented. The original images, which we show in Figure 1, can be found

in [28]. The quality of the restoration results is compared quantitatively by using the peak signal-to-noise

ration (PSNR) [1] which is defined as

PSNR = 10 log10

n2
max

1
mn

∑mn
k=1(ũk − uk)2

(dB),

where ũk and uk denote the pixel values of the restored image and the original image, respectively; and

nmax is the maximum of the gray-level range, which we set to 1 in our tests.

In Tables I and II, we list the best PSNR values for both methods for the two images with different

corruption rates and blurring operators. For the CCN method, based on the suggestions in [21], we fix η
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TABLE I

COMPARISON OF RESTORATION RESULTS IN PSNR (DB) FOR IMAGES BLURRED BY DIFFERENT BLURRING OPERATORS AND

CORRUPTED BY SALT-AND-PEPPER NOISE.

Image r Gaussian Out-of-focus Motion

CCN Our CCN Our CCN Our

30% 32.09 38.52 32.53 38.97 32.42 37.04

Clock 50% 31.20 35.88 31.21 35.09 30.57 32.93

70% 29.56 32.44 29.14 30.74 28.25 29.18

30% 28.07 31.31 30.05 31.90 30.69 31.78

Bridge 50% 27.46 29.37 28.30 28.89 28.47 28.86

70% 26.41 27.09 26.48 26.62 26.18 26.32

to 0.0001 and adjusted the remaining three parameters α, β, ε one after the other through numerical tests

until they become stable. For our method, we only need to determinate the regularization parameter α

as described at the end of Section III. In our experiments, we consider three different blurring operators,

which are Gaussian blur with a window size of 7 × 7 and a standard deviation of 5, out-of-focus blur

with radius 3, and motion blur with length 9 and angle 1.

For detecting salt-and-pepper noise, we use the AM filter [2] with a maximum window size of 19.

From Table I it is clear that for all images, blurring operators and corruption rates, our method gives

better PSNR values when compared to the CCN method. Especially when the corruption rate is less

than 50% or the images are subject to Gaussian blur, our method performs much better. To compare

the results visually, we display the restored images in Figures 2 and 3. Figure 2 shows an enlarged part

of the results of the CCN method and our method for restoring the Gaussian blurred image “Clock”

with salt-and-pepper noise. We find that ringing artifacts are noticeable in the background in the results

obtained by the CCN method; compare Figures 2 (c) and (d) in the first row. Since we utilize total

variation regularization in our method, those spurious rings are absent from our results, but at the same

time there might be some undesirable stair-casing effects; see the housing of the clock in Figure 2 (d) in

the second row. This phenomenon is typical for total variation regularization. Furthermore, we observe

that our method works well for preserving details, compare the numbers in the clock in Figure 2. In

addition, in Figure 3 we enlarge a part of the restored image “Bridge” for different blurring operators

DRAFT



12

(a) (b) (c) (d)

Fig. 2. Results of the CCN method (the first row) and our method (the second row) when restoring the Gaussian blurred image

“Clock” with salt-and-pepper noise: (a) original image (the first row) and blurred image (the second row), (b) r = 30%, (c)

r = 50%, (d) r = 70%. The parameter α in our method is 0.004 for (b), 0.006 for (c), 0.007 for (d).

and 50% salt-and-pepper noise in order to compare the CCN method with our method. Apparently, in all

cases our method outperforms the CCN method concerning the preservation of details such as the edges

of the bridge.

In Table II, we show the PSNR values when restoring the blurred images with random-valued impulse

noise. In the first phase, we use the ACWM filter [8] as the noise detector. It is clear that for all images,

blurring operators, and corruption rates, our method gives better PSNR values than the CCN method.

Figure 4 shows the enlarged portion of the corresponding results for restoring images degraded by out-

of-focus blur and 20% or 40% random-valued impulse noise. We find that our method preserves more

details and no ringing artifacts occur near the edges; see, e.g., the background in Figure 4 (b) and the

the edges of the bridge in Figure 4 (d). Furthermore, Figure 5 shows restoration results for the image

“Bridge” which is subject to different types of blurring and 60% random-valued impulse noise. When

the corruption rate is as high as 60%, the restoration results of the CCN method [21] and of our method

with the ACWM filter suffer from noticeable noise patches. The main cause is the inadequacy of the

ACWM filter for detecting noisy pixels under high corruption rates. As a remedy, we use the ROLD
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(a) (b) (c)

Fig. 3. Results of the CCN method (the first row) and our method (the second row) when restoring the blurred image “Bridge”

with different blurring operators and 50% salt-and-pepper noise: (a) Gaussian blur, (b) out-of-focus blur, (c) motion blur. The

parameter α in our method is 0.003 for (a), 0.011 for (b) and 0.015 for (c).

statistic [12] as the noise detector. The latter was especially designed for high corruption rates. It is,

however, less effective for moderate and small corruption rates. In Table II we provide the PSNR values

of the restoration results in italic font, and display the resulting images in the third row of Figure 5. We

observe that compared with the two methods discussed earlier, the visual quality is obviously improved,

and the PSNR values are more than 1 dB higher.

For the comparison of the computational efficiency, in Tables III and IV, CPU-time ratios are presented

with our method as the base reference. For a fair comparison, every experiment is repeated 10 times,

and the associated average is shown here. Since in both of the two-phase methods, the second phase

consumes most of the total CPU-time and is based on the same noise detector, respectively, we only

list the CPU-time ratios associated with the second phase. Upon comparing the results in Tables III and

IV, we find that our method clearly outperforms the CCN method. Especially when restoring the blurred

image with 60% random-valued impulse noise, the CCN method takes 40 times more CPU-time than our
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TABLE II

COMPARISON OF RESTORATION RESULTS IN PSNR (DB) FOR IMAGES BLURRED BY DIFFERENT BLURRING OPERATORS AND

CORRUPTED BY RANDOM-VALUED IMPULSE NOISE.

Image r Gaussian Out-of-focus Motion

CCN Our CCN Our CCN Our

20% 32.17 38.23 32.63 39.09 31.53 35.59

Clock 40% 30.82 34.93 29.87 33.28 27.39 29.65

60% 22.26 25.98 21.89 25.72 20.68 24.36

29.33 27.67 25.97

20% 28.22 31.49 30.11 32.06 29.48 30.97

Bridge 40% 27.45 28.84 27.82 28.38 26.14 26.95

60% 24.45 24.73 21.47 24.53 22.28 23.49

25.99 25.68 24.54

TABLE III

THE CPU-TIME RATIOS FOR THE IMAGES BLURRED WITH OUT-OF-FOCUS BLURRING OPERATOR AND CORRUPTED BY

SALT-AND-PEPPER NOISE.

Method Clock Bridge

30% 50% 70% 30% 50% 70%

CCN
Our

20.5 20.2 21.2 22.1 25.7 22.7

method. Furthermore, our method requires the adjustment of only one parameter, which follows well-

known principles in inverse problems, rather than the selection of three parameters by various numerical

tests as in the CCN method. In conclusion, our method turns out to be more efficient than the CCN

technique, which was shown in [21] to outperform several state-of-the-art methods.

V. CONCLUSIONS

In this paper, we propose a new efficient two-phase method for restoring images corrupted by some

blurring operator and impulse noise. Our approach uses total variation regularization with L1 data fitting

(L1TV) and combines it with suitable noise detectors. In order to enhance the overall solution method, the
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(a) (b) (c) (d)

Fig. 4. Results of the CCN method (the first row) and our method (the second row) when restoring the out-of-focus blurred

images with 20% and 40% random-valued impulse noise: (a) r = 20%, (b) r = 40%, (c) r = 20%, (d) r = 40%. The parameter

α in our method is 0.021 for (a), 0.032 for (b), 0.015 for (c) and 0.025 for (d).

TABLE IV

THE CPU-TIME RATIOS FOR THE IMAGES BLURRED WITH OUT-OF-FOCUS BLURRING OPERATOR AND CORRUPTED BY

RANDOM-VALUED IMPULSE NOISE.

Method Clock Bridge

20% 40% 60% 20% 40% 60%

CCN
Our

26.0 28.0 49.8 29.7 35.6 40.5

L1TV-problem is solved by a superlinearly convergent algorithm based on Fenchel-duality and inexact

semismooth Newton techniques. Numerical results show that our method outperforms the very competitive

two-phase method of [21], both visually and quantitatively. Furthermore, the CPU-time consumed by our

method is significantly smaller than the one consumed by the method of [21].

Finally we mention that we observe test runs, where both methods, the CCN method and our new

technique, sometimes yield PSNR-values below 30dB, with the latter considered as a benchmark. We point

out that the main limitation here could be the noise detector. In fact, in Table II, for instance, we provide
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(a) (b) (c)

Fig. 5. Results of the CCN method (the first row), our method with the ACWM filter as noise detector (the second row) and

our method with ROLD statistic as noise detector when restoring the blurred image “Bridge” with 60% random-valued impulse

noise: (a) Gaussian blur, (b) out-of-focus blur, (c) motion blur.

results for the ACWM filter and the ROLD statistic, respectively, when detecting noisy pixels. In high

noise cases we find that ROLD yields a significantly higher dB-value when compared to ACWM. This

indicates that our primal-dual algorithm does not limit the overall performance. Further, the investigation

of noise detectors which exhibit robustness when detecting corrupted pixels for a broad range of noise

levels and types still leaves room for improvement in future research.
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