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In this paper, we propose a two-phase median filter based iterative method for removing
random-valued impulse noise. In the first phase, we use the adaptive center-weighted
median filter to identify pixels which are likely to be corrupted by noise (noise candidates).
In the second phase, these noise candidates are restored using a median filter based
iterative method which allows edges and noise-free pixels to be preserved. These two
phases are applied alternatively. Simulation results indicate that the proposed method
performs better than many well-known methods while preserving its simplicity.
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1. Introduction

During the acquisition or transmission, digital images are often corrupted by impulse noise [4,8,9,11,18], which is inde-
pendent of image content. It is very important to eliminate noise in images before subsequent processing, such as image
segmentation, object recognition, and edge detection. When images are corrupted by impulse noise, only part of pixels are
changed. There are many types of impulse noise. Let Yij be the gray level of a true image Y at pixel location (i, j) and
[nmin,nmax] be the dynamic range of Y . Let Xij be the gray level of the noisy image X at pixel (i, j), then

Xij =
{

Rij, with probability r,

Yij, with probability 1 − r,

where Rij ∈ [nmin,nmax] are random numbers and r is the noise ratio. For example, for fixed-valued (salt-and-pepper)
impulse noise, noisy pixels Xij take either nmin or nmax, see [3,12]. In this paper, we focus on general random-valued
impulse noise where Rij can be any numbers between nmin and nmax, see [4,6]. Cleaning such noise is far more difficult
than cleaning fixed-valued impulse noise since for the latter, the differences in gray levels between a noisy pixel and its
noise-free neighbors are significant most of the times.

A large number of methods have been proposed for removing impulse noise from corrupted images. For example, various
adaptive median filters [7,10,12,15]. Many existing methods use an impulse detector to determine whether a pixel should
be modified [18,21]. Then the filtering process is applied only to the identified noisy pixels. This technique, called switching
strategy, has been shown to be simple and yet more effective than uniformly applied methods, such as the center-weighted
median filter [14], the adaptive center-weighted median filter (ACWMF) [7] and the adaptive median filter [12].

Recently, non-smooth data-fidelity terms (e.g. l1) have been used along with edge preserving [19]. Based on the ideas
in [19], R.H. Chan et al. propose a powerful two-phase scheme which combines the variational method proposed in [19]
with the adaptive center-weighted median filter [7]. The performance of combined approach is much better than that of

✩ The project is partially supported by Leading Academic Discipline Project of Shanghai Municipal Education Commission (J50101).
E-mail address: jjzhang@staff.shu.edu.cn.
1051-2004/$ – see front matter © 2009 Elsevier Inc. All rights reserved.
doi:10.1016/j.dsp.2009.11.003

http://www.ScienceDirect.com/
http://www.elsevier.com/locate/dsp
mailto:jjzhang@staff.shu.edu.cn
http://dx.doi.org/10.1016/j.dsp.2009.11.003


J. Zhang / Digital Signal Processing 20 (2010) 1010–1018 1011
either one of the methods [4]. But the algorithm has to solve a large-scale optimization problem. It is not an easy-tractable
problem. In [9], a somewhat tractable and efficient method was proposed to solve this kind of optimization problem. So this
technique may be used to give an efficient method for removing random-valued impulse noise in images.

In this paper, we propose an efficient median filter based method for removing random-valued impulse noise. As in [4],
it is a two-phase method. In the first phase, we use the adaptive center-weighted median filter to identify pixels which
are likely to be corrupted by noise (noise candidates). In the second phase, these noise candidates are restored using an
efficient median filter based iterative method which allows edges and noise-free pixels to be preserved. These two phases
are applied alternatively. Extensive computer simulation results indicate that the proposed method performs better than
many other well-known methods while preserving its simplicity.

We remark here that, the proposed method has two advantages. One is its simplicity. It is easy to implement than the
method in [4], in which a large scale optimization problem needs to be solved. Another is its flexibility. Based on the
concept of vector filter [16,17], our proposed method can handle color images.

The rest of the paper is organized as follows. In Section 2, we give a brief review of the two-phase method proposed
in [4]. Our denoising scheme is presented in Section 3. Experimental results and conclusions are presented in Sections 4
and 5, respectively.

2. Review of the two-phase iterative method

In [4], a two-phase method for detecting and removing random-valued impulse noise is proposed. The first phase is the
detection of noise by the adaptive center-weighted median filter [7], while the second phase is the restoration of the noisy
image by variational method [19].

We first review the adaptive center-weighted median filter (ACWMF).
Let the window size be (2h + 1)2 and L = 2h(h + 1). Denote by Xij the gray level of the noisy image at pixel location

(i, j). Let

Y 2k
i j = median

{
Xi−u, j−v , (2k) ♦ Xij

∣∣ −h � u, v � h
}

(2.1)

where 2k is the weight given to pixel at (i, j), and ♦ represents the repetition operation. Define the differences dk =
|Y 2k

i j − Xij| for k = 0,1, . . . , L − 1.
To determine whether the current pixel at (i, j) is corrupted, a set of thresholds Tk are employed for k = 1,2, . . . , L − 1.

If any one of the inequalities dk > Tk , k = 0,1, . . . , L − 1, is true, then Xij is regarded as a noise candidate and replaced by
the median i.e., Y 0

i j . Otherwise, Xij is regarded as a signal candidate and will not be changed.
If 3×3 windows are used (i.e., h = 1 and L = 4), four thresholds Tk , k = 0,1,2,3, are needed. The median of the absolute

deviations from the median (MAD), which is defined as

MAD = median
{∣∣Xi−u, j−v − Y 0

i j

∣∣ ∣∣ −h � s, t � h
}

(2.2)

is a robust estimate of dispersion [1,13], and its scaled forms are used as the thresholds. Specifically, one sets Tk = s ·MAD+
δk , 0 � k � 3, with [δ0, δ1, δ2, δ3] = [40,25,10,5], and 0 � s � 0.6, see [7] for more details.

Having described the adaptive center-weighted median filter, we let Vi j be the set of the four closest neighbors of (i, j),
not including (i, j). The two-phase iterative method proposed in [4] is as follows.

Algorithm 2.1.

1. Set r = 0. Initialize X (r) to be the observed image.
2. Apply ACWMF with the thresholds T (r)

k , 0 � k � 3, to the image X (r) to get the noise candidate set M(r) .
3. Let N (r) = ⋃r

l=0 M(l) .

4. For all (i, j) /∈ N (r) , take Ŷ i j = X (r)
i j . For all pixels in N (r) , take Ŷ i j be the minimizing point of the following functional

over N (r):

f (Y ) =
∑

(i, j)∈N (r)

{∣∣Yij − X (r)
i j

∣∣ + β

2

( ∑
(m,n)∈Vi j∩N (r)

φ(Yij − Ymn) +
∑

(m,n)∈Vi j\N (r)

φ
(
Yij − X (r)

mn
))}

(2.3)

where φ is an edge-preserving potential function, and Vi j\N (r) is composed of those neighbors of (i, j) which at step r
have been detected as signal candidates.

5. Set X (r+1) = Ŷ .
6. If r < rmax, set r = r + 1 and go back to step 2.

In step 2, the algorithm uses 3 × 3 windows and thresholds of the form T (l)
k = s · MAD(l) + δk + 20(lmax − l) for 0 � k � 3,

0 � l � lmax, and 0 � s � 0.6. lmax = 3 is used, i.e., the output is X (4) .
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In step 4,

φ(t) = |t|α, 1 < α < 2. (2.4)

Other possible choice for φ is

φ(t) =
√

α + t2, α > 0. (2.5)

Clearly, a large-scale optimization problem has to be solved in the above algorithm. This is not an easy task. So in the
following, a more efficient method is provided.

3. Our method

As in [4,18], our method is also a two-phase iterative scheme. The first phase is noise detection. An adaptive center-
weighted median filter is used to identify pixels which are likely to be contaminated by noise. The second phase is
restoration, in which noise candidates are restored in an iterative manner.

Let N be the noise candidate set. For any noise pixel Xij , we restore it by minimizing a functional of the form:

f (Yij) = |Yij − Xij| +
∑

(m,n)∈Vi j∩N
|Yij − Ymn| +

∑
(m,n)∈Vi j\N

2|Yij − Xmn|. (3.1)

It is easy to see that,

Ŷ i j = median
{

Xij, Xmn, (m,n) ∈ Vi j\N , Xmn, (m,n) ∈ Vi j\N , Ymn, (m,n) ∈ Vi j ∩ N
}

(3.2)

is the minimization point of the function f (Yij). Here, the value of median{X1, X2, . . . , Xn} is Xik when n = 2k − 1, and is
Xik

+Xik+1
2 when n = 2k, where Xi1 , Xi2 , . . . , Xin is sorted sequence of X1, X2, . . . , Xn . Clearly, (3.2) actually gives a median

filter based iterative method.
To describe our method more clearly, let us now color the image pixel location (i, j) ∈ A ≡ {1, . . . , M} × {1, . . . , N} into

red and black as show below, then for the restoration phase, we give the following algorithm to restore the noise candidates.

�B �R �B �R �B �R

�R �B �R �B �R �B

�B �R �B �R �B �R

�R �B �R �B �R �B

�B �R �B �R �B �R

�R �B �R �B �R �B

One step iteration for restoring the noise candidates:
For all red points,

Ŷ i j = median
{

Xij, Xmn, (m,n) ∈ Vi j\N , Xmn, (m,n) ∈ Vi j\N , Ymn, (m,n) ∈ Vi, j ∩ N
}
. (3.3)

For all black points,

Ŷ i j = median
{

Xij, Xmn, (m,n) ∈ Vi j\N , Xmn, (m,n) ∈ Vi j\N , Ŷmn, (m,n) ∈ Vi j ∩ N
}
. (3.4)

Based on the above iterative method, our proposed algorithm for removing random-valued impulse noise is as follows:

Algorithm 3.1.

1. Set r = 0. Initialize X (r) to be the observed image.
2. Apply ACWMF with the thresholds T (r)

k , 0 � k � 3, to the image X (r) to get the noise candidate set M(r) .
3. Let N (r) = ⋃r

l=0 M(l) .
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4. For all (i, j) /∈ N (r) , take Ŷ i j = X (r)
i j . For all pixels in N (r) , let Ŷ i j be the iterative solution of the following algorithm:

For all red points,

Ŷ i j = median
{

Xij, Xmn, (m,n) ∈ Vi j\N (r), Xmn, (m,n) ∈ Vi j\N (r), Ymn, (m,n) ∈ Vi j ∩ N (r)}. (3.5)

For all black points,

Ŷ i j = median
{

Xij, Xmn, (m,n) ∈ Vi j\N (r), Xmn, (m,n) ∈ Vi j\N (r), Ŷmn, (m,n) ∈ Vi j ∩ N (r)}. (3.6)

5. Set X (r+1) = Ŷ .
6. If r < rmax, set r = r + 1 and go back to step 2.

It is easy to see that, our proposed algorithm is easier to implement than Algorithm 2.1.

4. Experimental results

In this section, the proposed algorithm is evaluated and compared with Algorithm 2.1 which is proposed in [4]. Among
the commonly tested 512-by-512 8-bit gray-scale images, four images “Lena”, “Bridge”, “Goldhill” and “Mandril” are selected
for our simulations. For Algorithm 2.1 which is proposed in [4] (we will denote it as Chan-dpv for simplicity), we set s = 0.6,
β = 2, rmax = 3 for noise levels that is equal or less than 30% and s = 0.1, β = 2.3, rmax = 3 for noise levels greater than
30% to be accordance with those in [4]. In the experiments for Chan-dpv, the minimization problem is solved using a
technique proposed in [9]. For our proposed method, s = 0.6, rmax = 3 for noise levels that is equal or less than 30% and
s = 0.1, rmax = 3 for noise levels greater than 30% for comparison. In all the above tests, the 3 × 3 windows are used. We
also compared our method with the α-trim based method newly proposed in [18], which will be denoted as Luo-trim for
simplicity. For Luo’s alpha-trim based filter, the parameters are chosen according to [18], and wl = 20, wu = 40, wl = 15,
wu = 40, wl = 10, wu = 40, wl = 5, wu = 40, wl = 20, wu = 45, wl = 20, wu = 50 and the maximum iteration is set to be
4 for each noise level and then select its best performance.

For comparison, we also test the standard median (MED) filter, the adaptive median filter [12], the center-weighted
median (CWM) filter [14], the progressive switching median (PSM) filter [20], the multi-state median (MSM) filter [6], the
tri-state median (TSM) filter [5] and the pixel-wise MAD (PWM) [2]. For MED filter, the window sizes are chosen from 3 to
23 for each noise level and then select its best performance. For CWM filter, the window sizes are chosen from 3 to 19 and
the center weights of 7, 5 and 3 are tested for each noise level and then select its best performance. For MSM filter, the
window sizes are chosen from 3 to 19 and the center weights of 7, 5 and 3, and the thresholds 20 and 25 are tested for
each noise level and then select its best performance. For PSM filter, the parameters are chosen according to [20], for TSM
and PWM, the parameters are chosen according to [5] and [2], respectively.

The peak signal-to-noise ratio (PSNR) and the mean absolute error (MAE) are used to give quantitative performance
measures as in [4],

PSNR = 10 log10
2552

1
MN

∑
i, j(Xij − X̃i j)

2
,

MAE = 1

MN

∑
i, j

|Xij − X̃i j|,

where Xij and X̃i j denote the pixel values of the restored image and the original image, respectively.
With a wide range of noise levels varied from 10% to 50% with increments of 10%, Tables 1 to 4 show the PSNR results

for the above mentioned methods, Tables 5 to 8 show the MAE results for the above mentioned methods. Figs. 1 to 8 show

Table 1
Results in PSNR for the image “Lena” at various noise levels.

Noise level 10% 20% 30% 40% 50%

Corrupted image 19.21 16.24 14.49 13.23 12.25
MED filter 33.68 31.19 28.45 26.99 24.85
CWM filter 35.02 31.64 29.88 28.12 25.32
PSM filter 29.93 27.49 26.20 25.52 24.84
MSM filter 36.92 32.19 30.48 28.55 25.98
TSM filter 36.87 32.37 30.22 28.48 25.93
PWM filter 36.67 33.06 29.93 25.14 20.31
Luo’s method 36.11 32.48 29.46 26.11 22.86
Chan-dpv 38.32 34.48 31.67 30.68 27.72
Our method 38.03 34.64 32.09 30.71 27.54
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Table 2
Results in PSNR for the image “Bridge” at various noise levels.

Noise level 10% 20% 30% 40% 50%

Corrupted image 18.84 15.80 14.05 12.82 11.82
MED filter 26.56 25.36 23.66 22.28 20.92
CWM filter 28.70 26.04 24.28 22.91 21.28
PSM filter 28.50 26.00 24.33 23.14 21.91
MSM filter 30.14 27.05 24.60 23.39 21.51
TSM filter 29.73 27.06 24.58 23.38 21.48
PWM filter 29.92 26.35 24.31 21.46 18.23
Luo’s method 30.63 27.79 25.49 23.07 20.44
Chan-dpv 30.79 28.48 26.44 25.41 23.44
Our method 30.28 28.20 26.40 25.25 23.15

Table 3
Results in PSNR for the image “Goldhill” at various noise levels.

Noise level 10% 20% 30% 40% 50%

Corrupted image 18.98 16.05 14.28 13.05 12.06
MED filter 30.67 28.94 26.81 25.60 23.59
CWM filter 32.55 30.00 28.58 26.98 25.08
PSM filter 29.73 27.17 25.99 25.33 24.56
MSM filter 34.42 30.57 29.26 27.59 25.44
TSM filter 34.23 30.74 29.30 27.40 25.42
PWM filter 34.74 31.12 28.54 24.51 19.98
Luo’s method 33.44 31.31 28.61 25.47 22.01
Chan-dpv 35.99 33.01 30.57 29.51 26.73
Our method 35.38 32.88 30.76 29.46 26.43

Table 4
Results in PSNR for the image “Mandril” at various noise levels.

Noise level 10% 20% 30% 40% 50%

Corrupted image 19.65 16.70 14.92 13.68 12.66
MED filter 28.81 27.43 25.63 23.62 22.17
CWM filter 30.91 28.05 25.05 23.97 22.76
PSM filter 29.01 26.55 25.09 23.73 22.85
MSM filter 32.59 29.19 26.21 24.22 22.95
TSM filter 32.36 29.22 26.20 24.27 22.79
PWM filter 32.45 28.11 25.02 22.27 19.02
Luo’s method 32.69 29.74 27.11 24.92 22.34
Chan-dpv 33.15 30.18 27.46 26.70 24.60
Our method 32.71 30.08 27.56 26.78 24.54

Table 5
Results in MAE for the image “Lena” at various noise levels.

Noise level 10% 20% 30% 40% 50%

Corrupted image 7.35 14.51 21.84 29.18 36.47
MED filter 2.83 3.47 5.12 6.06 7.83
CWM filter 1.76 2.82 3.85 5.24 7.21
PSM filter 1.70 3.14 4.47 5.58 6.66
MSM filter 0.70 1.80 2.65 3.79 6.00
TSM filter 0.72 1.74 2.70 3.83 6.03
PWM filter 0.65 1.38 2.41 5.09 10.99
Luo’s method 0.79 1.65 2.84 4.75 7.82
Chan-dpv 0.54 1.13 1.92 2.69 4.14
Our method 0.56 1.13 1.84 2.62 4.04

some results of the denoised images. From Tables 1 to 8, we see that our proposed method has similar results with Chan-
dpv but with very simple implementation. While in Chan-dpv method, a large scale optimization problem has to be solved.
This is not an easy task.

As we mentioned before, the advantage of our proposed is its simplicity. It is very easy to implement than that in [4].
Tables 9 to 12 show the CPU times of the Chan-dpv method and our proposed method. Though our method has almost the
same CPU time as Chan-dpv method, our method is easy to implement. In Chan-dpv method and our proposed method,
the time do not contain the cost time in the first phase. All the experiments are run when MATLAB 7.1 is used on a PC
equipped with P4 2.0 GHz CPU and 256 MB RAM memory.
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Table 6
Results in MAE for the image “Bridge” at various noise levels.

Noise level 10% 20% 30% 40% 50%

Corrupted image 7.59 15.20 22.79 30.31 38.07
MED filter 7.11 8.17 9.82 13.19 15.62
CWM filter 4.36 5.86 8.62 11.09 14.45
PSM filter 2.16 4.06 6.06 8.05 10.48
MSM filter 2.08 3.88 6.86 8.77 11.96
TSM filter 2.27 3.83 7.03 8.59 12.01
PWM filter 1.85 3.79 5.87 9.51 16.09
Luo’s method 1.89 3.48 5.39 8.09 12.29
Chan-dpv 1.78 3.02 4.52 6.28 8.72
Our method 1.91 3.13 4.54 6.25 8.69

Table 7
Results in MAE for the image “Goldhill” at various noise levels.

Noise level 10% 20% 30% 40% 50%

Corrupted image 7.53 14.79 22.29 29.59 37.13
MED filter 4.27 4.97 6.89 7.85 9.91
CWM filter 2.68 4.03 5.24 6.82 9.31
PSM filter 1.79 3.38 4.75 5.92 7.25
MSM filter 1.04 2.39 3.36 4.73 7.18
TSM filter 1.07 2.33 3.37 4.76 7.17
PWM filter 0.92 2.00 3.24 6.03 12.01
Luo’s method 1.04 2.05 3.37 5.46 9.15
Chan-dpv 0.83 1.57 2.53 3.48 5.23
Our method 0.89 1.60 2.48 3.43 5.15

Table 8
Results in MAE for the image “Mandril” at various noise levels.

Noise level 10% 20% 30% 40% 50%

Corrupted image 7.03 13.88 20.99 27.80 35.03
MED filter 5.34 6.35 7.78 9.80 13.40
CWM filter 3.08 4.44 7.88 9.76 12.13
PSM filter 2.02 3.77 5.52 7.47 9.33
MSM filter 1.47 3.02 4.90 7.89 9.99
TSM filter 1.54 2.98 4.87 7.72 10.00
PWM filter 1.30 2.89 5.27 8.46 14.48
Luo’s method 1.43 2.71 4.40 6.44 9.62
Chan-dpv 1.22 2.29 3.82 5.14 7.33
Our method 1.34 2.39 3.83 5.08 7.21

Fig. 1. Results of different methods in restoring 30% corrupted image “Lena”: (a) original image; (b) noise image; (c) result after the Luo’s method [18];
(d) result after the Chan-dpv [4]; (e) result after our proposed method.

From the above experiments, we see that our proposed algorithm exhibits better random-impulse noise removal ability
than many other well-known methods, and it can be used to handle color images based on the concept of vector filter
[16,17]. On the other hand, our method is easier to implement than the method in [4], and we need not to find a suitable
parameter α and β either. Comparing with the results in [4], our proposed method is superior to the other existing methods
considering its performance, flexibility and computational complexity.
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Fig. 2. Results of different methods in restoring 30% corrupted image “Bridge”: (a) original image; (b) noise image; (c) result after the Luo’s method [18];
(d) result after the Chan-dpv [4]; (e) result after our proposed method.

Fig. 3. Results of different methods in restoring 30% corrupted image “Goldhill”: (a) original image; (b) noise image; (c) result after the Luo’s method [18];
(d) result after the Chan-dpv [4]; (e) result after our proposed method.

Fig. 4. Results of different methods in restoring 30% corrupted image “Mandril”: (a) original image; (b) noise image; (c) result after the Luo’s method [18];
(d) result after the Chan-dpv [4]; (e) result after our proposed method.

Fig. 5. Results of different methods in restoring 50% corrupted image “Lena”: (a) original image; (b) noise image; (c) result after the Luo’s method [18];
(d) result after the Chan-dpv [4]; (e) result after our proposed method.

5. Conclusions

In this paper, we propose an efficient median filter based iterative method for removing random-valued impulse noise. It
does not look very novel, but it is simple, efficient and flexible. It is easier to implement than the method in [4], in which
a large scale optimization problem has to be solved. Based on the concept of vector filter [16,17], our proposed method can
handle color images naturally.
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Fig. 6. Results of different methods in restoring 50% corrupted image “Bridge”: (a) original image; (b) noise image; (c) result after the Luo’s method [18];
(d) result after the Chan-dpv [4]; (e) result after our proposed method.

Fig. 7. Results of different methods in restoring 50% corrupted image “Goldhill”: (a) original image; (b) noise image; (c) result after the Luo’s method [18];
(d) result after the Chan-dpv [4]; (e) result after our proposed method.

Fig. 8. Results of different methods in restoring 50% corrupted image “Mandril”: (a) original image; (b) noise image; (c) result after the Luo’s method [18];
(d) result after the Chan-dpv [4]; (e) result after our proposed method.

Table 9
Comparison of denoising time in seconds for the image “Lena”.

Noise level 10% 20% 30% 40% 50%

Chan-dpv 25.45 48.37 113.56 241.42 341.25
Our method 28.00 52.35 88.39 155.57 224.00

Table 10
Comparison of denoising time in seconds for the image “Bridge”.

Noise level 10% 20% 30% 40% 50%

Chan-dpv 28.16 48.30 79.74 154.64 226.70
Our method 27.74 57.17 82.47 141.16 197.70

Table 11
Comparison of denoising time in seconds for the image “Goldhill”.

Noise level 10% 20% 30% 40% 50%

Chan-dpv 26.92 50.23 97.51 183.43 257.12
Our method 26.61 54.20 83.11 152.11 198.29
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Table 12
Comparison of denoising time in seconds for the image “Mandril”.

Noise level 10% 20% 30% 40% 50%

Chan-dpv 27.12 43.33 69.39 128.18 186.83
Our method 24.38 46.38 75.18 123.21 163.70
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