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Abstract 

In this paper, a two-stage scheme is proposed to suppress two types of noise: a 

mixture of impulse noise and Gaussian noise, and a mixture of impulse noise and 

speckle noise. Because these types of noise can be reduced more easily when 

considered separately, many image-restoration techniques aim to reduce them 

individually. During image acquisition and transmission, images are subjected to a 

mixture of more than one type of noise which creates the necessity for effective 

denoising methods for such types of noise. Compared with the challenges that are 

encountered in handling one type of noise model, mixed noise removal is 

substantially more difficult. Since speckle noise is a multiplicative-type noise in 

contrast to additive noise, reducing this noise is a far more difficult challenge 

mainly when it is mixed with another type of noise. This paper proposes a two-stage 

scheme in which the symmetric nearest-neighbor filtering method followed by the 

impulsive noise algorithm is used to reduce the mixture of impulsive noise with 

either speckle or Gaussian noise. A fixed value of impulsive noise density mixed 

with various amounts of Gaussian and speckle noise have been used. The 

simulation results demonstrate superior performance of the proposed method in 

terms of performance measurement indices, such as increasing the signal to noise 

ratio and decreasing the absolute mean error. 

Keywords: Gaussian noise, Image restoration, Impulsive noise, Noise reduction, 

Speckle noise.  
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1.  Introduction 

In contrast to Gaussian noise, which can be modelled by adding random values to 

an image, speckle noise can be modelled by multiplying random values by pixel 

values, which is why it is also known as multiplicative noise. Restoration of speckle 

noise or Gaussian noise has applications in many areas such as medical imaging 

and radar systems. Removal of any one of these types of noise is much less 

challenging problem in contrast to the problems in which either of them is mixed 

with another type of noise such as the impulsive noise. Several well-known and 

efficient algorithms exist in the literature of image processing to effectively remove 

speckle noise or Gaussian noise, independently. 

Duarte-Salazar et al. [1] provided in-depth descriptions of twenty seven 

techniques, most of which are aimed at reducing or eliminating speckle noise and 

preserving edge details in medical ultrasound images. Using semi-supervised 

learning, Wang et al. [2] presented a brand-new technique for speckle noise 

reduction in retinal OCT pictures. By employing local statistics of the intensity 

distribution to simulate the noise, the speckle noise that degrades medical 

ultrasound images is reduced [3]. Baghaie et al. [4] proposed a comparative study 

of three Component Analysis (ICA) schemes of retinal Optical Coherence 

Tomography (OCT) images.  

The method proposed by Kang et al. [5] reduces speckle noise for ultrasound 

B-mode imaging. The method is primarily based on multiscale analysis and 

enhancement filtering that results in improving the image quality and enhances 

the image analysis and interpretation. The proposed speckle removing filter by 

Paul and Acton [6] is mainly designed for optical coherence tomography images 

using a novel potential function that utilizes the local variance gradient of the 

image intensity.  

The proposed scheme is focused on preserving the edge details while effectively 

reducing the speckle noise using discrete wavelet transform [7]. The restoration 

algorithm introduced by Ai et al. [8] is applied in video synthetic aperture radar 

(SAR). This trilateral algorithm utilizes both the correlation data among adjacent 

frames of the SAR videos and the conventional bilateral filter to reconstruct the 

original uncorrupted images and preserve their details. The entropy is used as the 

performance measuring index in nonlocal means filter to reduce speckle noise [9]. 

An adaptive multi-resolution image decomposition algorithm (AMID) is used by 

Alkishriwo et al. [10] to introduce a novel speckle noise mitigation technique.  

It is possible to eliminate Gaussian or impulse noise successfully using a 

number of well-known effective techniques. However in real life, a variety of these 

noise models might be present. As a result, the current methods developed to deal 

with specific types of noise might not be effective. Compared to challenges that 

just require one type of noise model, mixed noise removal is substantially more 

difficult. The filtering methods restore hyperspectral (HIS) images corrupted by a 

mixture of Gaussian noise, impulse noise and stripes [11, 12]. This type of noise is 

a common problem in the acquisition process of HIS images. Luisier et al. [13] 

introduced a general approach for designing and optimizing a broad class of 

transform-domain thresholding algorithms for restoring images contaminated by a 

mixed Poisson-Gaussian noise. 
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Laplacian scale mixture (LSM) modeling and nonlocal low-rank regularization 

are the foundations of the efficient mixture noise removal method introduced by 

Huang et al. [14]. The hidden scale parameters and the impulse noise are jointly 

calculated to adaptively characterize the real noise. The impulse noise is 

represented with LSM distributions. The proposed method reduces a combined 

Gaussian and impulsive noise that corrupts colour images [15]. The method uses 

weighted averaging as the main filtering operation. Two structured dictionary 

learning models are proposed by Zhu and Ng [16] to restore images that are 

corrupted by a mixture of Gaussian and impulsive noise. The Gaussian noise is 

reduced based on the grounds that the uncorrupted image can be roughly 

represented by a linear representation using the right orthogonal basis. On the other 

hand, various techniques have been employed to reduce impulse noise for the two 

proposed models. 

A proposed scheme that consists of three stages is proposed in [17] to recover 

images corrupted by both impulsive and Gaussian noise. Jiang et al. [18] proposed 

a technique utilizes a nonlocal means approach in which the outlier pixels are 

located using a median-type filter. These pixels are then replaced by their nonlocal 

means. Zhou et al. [19] proposed a method to remove a mixture of Gaussian and 

random-valued impulsive noise. The introduced scheme in [20] restores the images 

corrupted by a mixture of both Poisson and Gaussian noise for hyperspectral 

images. Instead of using the conventional Gaussian kernel, the proposed method in 

[21] employs a weighting function in the bilateral filtering technique. The aim of 

this method is to reduce both the impulsive noise and the additive noise. To 

suppress a mixed Gaussian-impulsive noise, the four-stage method in [22] uses 

convolutional neural network (CNN). A novel approach for image restoration for 

images corrupted by a combination of impulsive noise and additive white Gaussian 

noise (AWGN) is described and analysed in [17]. 

The proposed scheme in this paper suppresses the mixed impulsive noise with 

either of Gaussian or speckle noise. It consists of two filtering techniques performed 

in two steps and experimentally simulated using many tested images. The scheme 

shows excellent performance in reducing the indicated mixture of noise. 

2. Proposed Method  

The proposed scheme consists of two successive algorithms, namely the symmetric 

nearest-neighbor (SNN) filtering algorithm and another superior algorithm for 

impulsive noise suppression. In the symmetric nearest-neighbor (SNN) filtering 

scheme, pairs of symmetric pixels in four opposite directions (i.e., N-S, W-E, NW-

SE and NE-SW) shown in Fig. 1 around the central pixel of the processed window 

are examined [23, 24].  

NW N NE 

W 
central 

pixel 
E 

SW S SE 

Fig. 1. Example of a filtering window W=3 in the SNN method. 
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The pixel that is nearest to the central pixel in value for each pair is selected. 

The central pixel value is then replaced by the mean value of the four selected 

pixel values. Using this approach, the SNN method preserves edge details since 

these edges are subject to minimum smoothing [25-28]. The size of the square 

filtering window used in the SNN method is 𝑊 = 5 which is experimentally 

found to be an appropriate value for speckle or Gaussian noise variance of up to 

around of 0.3 or 30%. 

The impulsive noise method employs two steps to reduce the salt and pepper 

noise in particular. On the basis of their intensity levels, the first step detects the 

pixels that are contaminated by noise [29, 30]. The noisy pixels are eliminated in 

the second step using a powerful average filtering method where processing is 

limited to pixels that were identified as noisy in the first step. The final pixels from 

the first step are simply copied to the appropriate places in the restored output image 

without being further processed [31-35]. The image noise density is computed as 

𝐼𝑁𝐷 = (
𝑁𝑖

𝑁𝑇
)                                                                                                             (1) 

where 𝑁𝑖 is the total number of computed  noisy pixels and 𝑁𝑇 is the total number 

of pixels in the image. The size of the filtering window is then determined based 

on this estimated value of IND. The size of the square filtering window used in this 

method is W=3 which is experimentally found to be an appropriate value for 

impulsive noise density of up to around of 0.4 or 40%.   

Several performance measuring indices are commonly used to measure the 

quality of the restoration methods. In this paper, the peak signal to noise ratio 

(PSNR) which is a function of the mean square error (MSE) and the mean absolute 

error (MAE) are used. These two measuring indices are used to compare the quality 

of the restored image (MAE1,  MSE1, PSNR1) compared to that of the noisy image 

(MAE0,  MSE0, PSNR0)  both with reference to the clean uncorrupted image as 

shown below.  

𝑀𝐴𝐸1 =
1

𝑀𝑁
∑  ∑ |𝑌𝑖,𝑗 − 𝑇𝑖,𝑗|𝑁

𝑗=1
𝑀
𝑖=1                                                                         (2) 

𝑀𝑆𝐸1 =
1

𝑀𝑁
∑  ∑ (𝑌𝑖,𝑗 − 𝑇𝑖,𝑗)

2𝑁
𝑗=1

𝑀
𝑖=1                                                                      (3) 

𝑃𝑆𝑁𝑅1 = 10 𝑙𝑜𝑔10 (
(𝐿−1)2

𝑀𝑆𝐸
)    dB                                                                          (4) 

The MAE1  stands for the mean of the absolute error between the restored 

output image (𝑌) using the proposed method, and the uncorrupted input image 

(𝑇) . There are 𝑀  pixels in the horizontal dimension of the image, which 

corresponds to the number of rows in the array used to describe the image, and 

𝑁 pixels in it’s vertical dimension. The pixel values in the (𝑖, 𝑗)𝑡ℎ locations of 

the output filtered image and the original clean input image, respectively, are 

denoted by 𝑌(𝑖, 𝑗) and 𝑇(𝑖, 𝑗). The PSNR is determined using the equation 𝐿 =
2𝑛, where 𝑛 is the number of bits used to represent each pixel, sometimes referred 

to as the bit depth of an image. There are 𝐿 = 28 = 256 levels for a grayscale 

image with n = 8 bits per pixel, for instance. 

To illustrate the improvements of the proposed method, these measuring indices 

which use the restored output image (𝑌) and the uncorrupted input image (𝑇), are 

compared with the corresponding ones that use the restored output image (𝑌) and 

the noisy (corrupted) input image (𝑋) which are 
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𝑀𝐴𝐸0 =
1

𝑀𝑁
∑  ∑ |𝑌𝑖,𝑗 − 𝑋𝑖,𝑗|𝑁

𝑗=1
𝑀
𝑖=1                                                                        (5) 

𝑀𝑆𝐸0 =
1

𝑀𝑁
∑  ∑ (𝑌𝑖,𝑗 − 𝑋𝑖,𝑗)

2𝑁
𝑗=1

𝑀
𝑖=1                                                                      (6) 

𝑃𝑆𝑁𝑅0 = 10 𝑙𝑜𝑔10 (
(𝐿−1)2

𝑀𝑆𝐸
)    dB                                                                          (7) 

The improvement obtained using the proposed method can then be expressed as 

𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 𝑖𝑛 𝑃𝑆𝑁𝑅 (𝑑𝐵) = 𝑃𝑆𝑁𝑅1 − 𝑃𝑆𝑁𝑅0                                            (8) 

3. Results and Discussion 

Many images of different structures have been examined using the proposed 

scheme. However, results of four images, namely, Saturn, Cameraman, Man and 

Girl are depicted in detail and discussed in this paper. A comparison between the 

quality of the restored output image and the noisy image in terms of some 

measuring indices have been used. These images are corrupted by a mixture of an 

impulsive noise with 20% density and either Gaussian or speckle noise with a range 

of noise variance from 1% to 30%.   

Tables 1-8 show the indicated comparison where MAE, the square root of MSE, 

PSNR and the improvement in PSNR have been measured and recorded. 

Table 1. Performance measure of the proposed method applied to  

the Saturn image subjected to Gaussian noise with various amounts of 

variance 𝑽, mixed with an impulsive noise of a constant density 𝑰𝑵𝑫 = 𝟎. 𝟐. 

 𝑴𝑨𝑬𝟎 𝑴𝑨𝑬𝟏 (𝑴𝑺𝑬𝟎)𝟏/𝟐 (𝑴𝑺𝑬𝟏)𝟏/𝟐 
𝑷𝑺𝑵𝑹𝟎 

(𝒅𝑩) 

𝑷𝑺𝑵𝑹𝟏 

(𝒅𝑩) 

Improvement 

in 𝑷𝑺𝑵𝑹 

(𝒅𝑩) 

𝑽 = 𝟎. 𝟎𝟏 37.62          12.82          76.74          14.22          10.43          25.07 14.64 

𝑽 = 𝟎. 𝟎𝟓 41.38          15.06          77.92          16.90          10.30          23.57 13.27 

𝑽 = 𝟎. 𝟏𝟎 48.33          22.26          80.72          23.59           9.99          20.68 10.69 

𝑽 = 𝟎. 𝟏𝟓 56.92          31.75          84.77          32.64           9.57          17.86 8.29 

𝑽 = 𝟎. 𝟐𝟎 66.53          42.65          90.06          43.35           9.04          15.39 6.35 

𝑽 = 𝟎. 𝟐𝟓 76.29          54.25          96.09          54.87           8.48          13.34 4.86 

𝑽 = 𝟎. 𝟑𝟎 86.20          66.11         103.02          66.77           7.87          11.64 3.77 

Table 2. Performance measure of the proposed method applied to  

the Saturn image subjected to Speckle noise with various amounts of 

variance 𝑽, mixed with an impulsive noise of a constant density 𝑰𝑵𝑫 = 𝟎. 𝟐. 

 𝑴𝑨𝑬𝟎 𝑴𝑨𝑬𝟏 (𝑴𝑺𝑬𝟎)𝟏/𝟐 (𝑴𝑺𝑬𝟏)𝟏/𝟐 
𝑷𝑺𝑵𝑹𝟎 

(𝒅𝑩) 

𝑷𝑺𝑵𝑹𝟏 

(𝒅𝑩) 

Improvement 

in 𝑷𝑺𝑵𝑹 

(𝒅𝑩) 

𝑽 = 𝟎. 𝟎𝟏 28.10 2.12 74.35 4.42 10.71 35.22 24.51 

𝑽 = 𝟎. 𝟎𝟓 31.66           4.01          75.63           8.26          10.56          29.79 19.23 

𝑽 = 𝟎. 𝟏𝟎 34.19           5.65          76.98          11.84          10.40          26.66 16.26 

𝑽 = 𝟎. 𝟏𝟓 36.05           7.21          78.17          15.26          10.27          24.46 14.19 

𝑽 = 𝟎. 𝟐𝟎 37.51           8.73          79.23          18.60          10.15          22.74 12.59 

𝑽 = 𝟎. 𝟐𝟓 38.85          10.10          80.38          21.55          10.03          21.46 11.43 

𝑽 = 𝟎. 𝟑𝟎 39.97          11.39          81.32          24.51           9.93          20.34 10.41 
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Table 3. Performance measure of the proposed method applied to the 

Cameraman image subjected to Gaussian noise with various amounts of 

variance 𝑽, mixed with an impulsive noise of a constant density 𝑰𝑵𝑫 = 𝟎. 𝟐. 

 𝑴𝑨𝑬𝟎 𝑴𝑨𝑬𝟏 (𝑴𝑺𝑬𝟎)𝟏/𝟐 (𝑴𝑺𝑬𝟏)𝟏/𝟐 
𝑷𝑺𝑵𝑹𝟎 

(𝒅𝑩) 

𝑷𝑺𝑵𝑹𝟏 

(𝒅𝑩) 

Improvement 

in 𝑷𝑺𝑵𝑹 

(𝒅𝑩) 

𝑽 = 𝟎. 𝟎𝟏 41.20 11.16 67.42 15.37 11.56 24.40 12.84 

𝑽 = 𝟎. 𝟎𝟓 43.23          10.31          68.15          14.08          11.46          25.16 13.70 

𝑽 = 𝟎. 𝟏𝟎 48.98          17.67          71.05          20.19          11.10          22.03 10.93 

𝑽 = 𝟎. 𝟏𝟓 57.02          28.31          75.42          30.18          10.58          18.54 7.96 

𝑽 = 𝟎. 𝟐𝟎 66.08          39.47          80.92          41.42           9.97          15.79 5.82 

𝑽 = 𝟎. 𝟐𝟓 75.25          50.43          87.08          52.52           9.33          13.72 4.39 

𝑽 = 𝟎. 𝟑𝟎 83.89          60.11          93.37          62.60           8.73          12.20 3.47 

Table 4. Performance measure of the proposed method applied to the 

Cameraman image subjected to Speckle noise with various amounts variance 

𝑽, mixed with an impulsive noise of a constant density 𝑰𝑵𝑫 = 𝟎. 𝟐. 

 𝑴𝑨𝑬𝟎 𝑴𝑨𝑬𝟏 (𝑴𝑺𝑬𝟎)𝟏/𝟐 (𝑴𝑺𝑬𝟏)𝟏/𝟐 
𝑷𝑺𝑵𝑹𝟎 

(𝒅𝑩) 

𝑷𝑺𝑵𝑹𝟏 

(𝒅𝑩) 

Improvement 

in 𝑷𝑺𝑵𝑹 

(𝒅𝑩) 

𝑽 = 𝟎. 𝟎𝟏 33.43 8.71 64.30 14.27 11.97 25.04 13.07 

𝑽 = 𝟎. 𝟎𝟓 43.83          13.88          69.01          19.41          11.35          22.37 11.02 

𝑽 = 𝟎. 𝟏𝟎 51.11          19.12          73.59          25.70          10.79          19.93 9.14 

𝑽 = 𝟎. 𝟏𝟓 56.33          24.45          77.62          32.14          10.33          17.99 7.66 

𝑽 = 𝟎. 𝟐𝟎 60.22          29.63          80.69          38.56           9.99          16.41 6.42 

𝑽 = 𝟎. 𝟐𝟓 63.94          34.81          84.18          44.77           9.63          15.11 5.48 

𝑽 = 𝟎. 𝟑𝟎 66.93          39.72          87.04          50.76           9.34          14.02 4.68 

Table 5. Performance measure of the proposed method applied to the Man 

image subjected to Gaussian noise with various amounts of variance 𝑽, 

mixed with an impulsive noise of a constant density 𝑰𝑵𝑫 = 𝟎. 𝟐. 

 𝑴𝑨𝑬𝟎 𝑴𝑨𝑬𝟏 (𝑴𝑺𝑬𝟎)𝟏/𝟐 (𝑴𝑺𝑬𝟏)𝟏/𝟐 
𝑷𝑺𝑵𝑹𝟎 

(𝒅𝑩) 

𝑷𝑺𝑵𝑹𝟏 

(𝒅𝑩) 

Improvement 

in 𝑷𝑺𝑵𝑹 

(𝒅𝑩) 

𝑽 = 𝟎. 𝟎𝟏 41.89 11.40 65.51 15.52 11.80 24.31 12.51 

𝑽 = 𝟎. 𝟎𝟓 43.86           9.68          66.51          13.28          11.67          25.67 14.00 

𝑽 = 𝟎. 𝟏𝟎 49.11          16.49          68.99          19.25          11.35          22.44 11.09 

𝑽 = 𝟎. 𝟏𝟓 57.17 27.43          73.68          29.64          10.78          18.69 7.91 

𝑽 = 𝟎. 𝟐𝟎 66.18          39.04          79.26          40.99          10.15          15.88 5.73 

𝑽 = 𝟎. 𝟐𝟓 75.48          50.72          85.63          52.73           9.48          13.69 4.21 

𝑽 = 𝟎. 𝟑𝟎 84.82          62.69          92.86          65.35           8.77          11.83 3.06 

Table 6. Performance measure of the proposed method applied to the Man 

image subjected to Speckle noise with various amounts of variance 𝑽, mixed 

with an impulsive noise of a constant density 𝑰𝑵𝑫 = 𝟎. 𝟐. 

 𝑴𝑨𝑬𝟎 𝑴𝑨𝑬𝟏 (𝑴𝑺𝑬𝟎)𝟏/𝟐 (𝑴𝑺𝑬𝟏)𝟏/𝟐 
𝑷𝑺𝑵𝑹𝟎 

(𝒅𝑩) 

𝑷𝑺𝑵𝑹𝟏 

(𝒅𝑩) 

Improvement 

in 𝑷𝑺𝑵𝑹 

(𝒅𝑩) 

𝑽 = 𝟎. 𝟎𝟏 33.27 9.30 62.11 14.00 12.27 25.21 12.94 

𝑽 = 𝟎. 𝟎𝟓 42.94          13.76          65.96          18.71          11.75          22.69 10.94 

𝑽 = 𝟎. 𝟏𝟎 49.72          18.11          69.80          24.11          11.25          20.49 9.24 

𝑽 = 𝟎. 𝟏𝟓 55.01          22.43          73.63          29.63          10.79          18.69 7.90 

𝑽 = 𝟎. 𝟐𝟎 59.21 26.29          76.96          34.42          10.40          17.39 6.99 

𝑽 = 𝟎. 𝟐𝟓 62.92 30.09          80.06          39.29          10.06          16.24 6.18 

𝑽 = 𝟎. 𝟑𝟎 65.99          33.81          82.92          43.90           9.76          15.28 5.52 



2728       Z. M. Ramadan 

 
 
Journal of Engineering Science and Technology      December 2023, Vol. 18(6) 

 

Table 7. Performance measure of the proposed method applied to the Girl 

image subjected to Gaussian noise with various amounts of variance 𝑽, 

mixed with an impulsive noise of a constant density 𝑰𝑵𝑫 = 𝟎. 𝟐. 

 𝑴𝑨𝑬𝟎 𝑴𝑨𝑬𝟏 (𝑴𝑺𝑬𝟎)𝟏/𝟐 (𝑴𝑺𝑬𝟏)𝟏/𝟐 
𝑷𝑺𝑵𝑹𝟎 

(𝒅𝑩) 

𝑷𝑺𝑵𝑹𝟏 

(𝒅𝑩) 

Improvement 

in 𝑷𝑺𝑵𝑹 (𝒅𝑩) 

𝑽 = 𝟎. 𝟎𝟏 40.82 10.83 68.22 13.62 11.45 25.45 14.00 

𝑽 = 𝟎. 𝟎𝟓 43.07 10.14 69.16 13.12 11.33 25.77 14.44 

𝑽 = 𝟎. 𝟏𝟎 48.97 17.76 72.02 20.02 10.98 22.10 11.12 

𝑽 = 𝟎. 𝟏𝟓 57.14 28.77 76.47 30.40 10.46 18.47 8.01 

𝑽 = 𝟎. 𝟐𝟎 66.67 40.69 82.39 41.98 9.81 15.67 5.86 

𝑽 = 𝟎. 𝟐𝟓 76.14 52.73 88.61 53.84 9.18 13.51 4.33 

𝑽 = 𝟎. 𝟑𝟎 86.09 64.74 96.18 65.84 8.47 11.76 3.29 

Table 8. Performance measure of the proposed method applied to the Girl 

image subjected to speckle noise with various amounts of variance 𝑽, mixed 

with an impulsive noise of a constant density 𝑰𝑵𝑫 = 𝟎. 𝟐. 

 𝑴𝑨𝑬𝟎 𝑴𝑨𝑬𝟏 (𝑴𝑺𝑬𝟎)𝟏/𝟐 (𝑴𝑺𝑬𝟏)𝟏/𝟐 
𝑷𝑺𝑵𝑹𝟎 

(𝒅𝑩) 

𝑷𝑺𝑵𝑹𝟏 

(𝒅𝑩) 

Improvement in 

𝑷𝑺𝑵𝑹 (𝒅𝑩) 

𝑽 = 𝟎. 𝟎𝟏 31.11 6.70 64.91 10.56 11.88 27.66 15.78 

𝑽 = 𝟎. 𝟎𝟓 38.36 10.14 67.48 14.11 11.55 25.14 13.59 

𝑽 = 𝟎. 𝟏𝟎 43.70 13.17 70.19 17.97 11.21 23.04 11.83 

𝑽 = 𝟎. 𝟏𝟓 47.91 15.74 73.00 21.47 10.86 21.49 10.63 

𝑽 = 𝟎. 𝟐𝟎 51.05 18.08 75.21 24.82 10.61 20.23 9.62 

𝑽 = 𝟎. 𝟐𝟓 53.97 20.47 77.43 28.07 10.35 19.17 8.82 

𝑽 = 𝟎. 𝟑𝟎 56.48 22.82 79.60 31.42 10.11 18.19 8.08 

The simulation results of the proposed method using the Saturn image are 

depicted in Figs. 2-5 in which the image is subject to different levels of a mixture 

of either Gaussian or speckle noise with impulsive noise. Figure 2 shows the Saturn 

image before being corrupted by a mixture of an impulse noise density of 0.2 (or 

20%) and a Gaussian noise of variance 0.10 (or 10%) and the restored output image 

using the proposed method. An improvement of 10.69 dB in PSNR  has been 

achieved in this case. Simulation results are repeated in Fig. 3 but only with the 

variance of the Gaussian noise corrupting the image is doubled (𝑉=20%).  In this 

case, the PSNR has been improved by 6.35 dB.  

Figure 4 shows the Saturn image before being degraded by a mixture of an 

impulse noise density of 0.2 (or 20%) and a speckle noise of variance 0.10 (or 10%) 

and the restored output image using the proposed method. The results in Fig. 5 are 

similar to those in Fig. 4 except for a change of the speckle noise doubled to 0.20 

(or 20%). The improvements in the PSNR in these two cases are 16.26 dB and 12.59 

dB respectively.  

Figure 6 depicts the Cameraman image before being degraded by a mixture of 

an impulse noise density of 0.2 (or 20%) and a Gaussian noise of variance 0.10 (or 

10%) and the restored output image using the proposed method. Figure 7 repeats 

that of Fig. 6 except for a speckle noise corrupting the image instead of the Gaussian 

noise. The improvements in the PSNR in these two cases are 10.93 dB and 9.14 dB, 

respectively. Figure 8 depicts the Man image before being contaminated by a 

mixture of an impulse noise density of 0.2 (or 20%) and a Gaussian noise of 

variance 0.10 (or 10%) and the restored output image using the proposed method. 

Figure 9 repeats that of Fig. 8 except for a speckle noise corrupting the image 
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instead of the Gaussian noise. The improvements in the 𝑃𝑆𝑁𝑅 in these two cases 

are 11.09 dB and 9.24 dB, respectively. 

Figure 10 shows the Girl image before being corrupted by an impulse noise of 

20% density mixed with a Gaussian noise of 10% variance and the filtered output 

image using the proposed method. Figure 11 repeats that of Fig. 10 but for a speckle 

noise corrupting the image instead of the Gaussian noise. The PSNR  has been 

enhanced in these two cases by 11.12 dB and 11.83 dB, respectively. 

 

Fig. 2. Saturn image, from left to right: Uncorrupted, corrupted  

with Gaussian noise of  𝑽=10% and impulse noise  

with 𝑰𝑵𝑫=20% and the restored image using the proposed method. 

 

Fig. 3. Saturn image, from left to right: Uncorrupted, corrupted  

with Gaussian noise of  𝑽=20% and impulse noise  

with 𝑰𝑵𝑫=20% and the restored image using the proposed method. 

 

Fig. 4. Saturn image, from left to right: Uncorrupted, corrupted  

with speckle noise of  𝑽=10% and impulse noise  

with 𝑰𝑵𝑫=20% and the restored image using the proposed method. 



2730       Z. M. Ramadan 

 
 
Journal of Engineering Science and Technology      December 2023, Vol. 18(6) 

 

 
Fig. 5. Saturn image, from left to right: Uncorrupted, corrupted  

with mixed speckle noise (𝑽=20%) and impulse  

noise (𝑰𝑵𝑫=20%) and the restored image using the proposed method. 

 
Fig. 6. Cameraman image, from left to right: Uncorrupted, corrupted  

with mixed Gaussian noise (𝑽=10%) and impulse  

noise (𝑰𝑵𝑫=20%) and the restored image using the proposed method. 

 
Fig. 7. Cameraman image, from left to right: Uncorrupted, corrupted  

with mixed speckle noise (𝑽=10%) and impulse  

noise (𝑰𝑵𝑫=20%) and the restored image using the proposed method. 

 

Fig. 8. Man image, from left to right: Uncorrupted, corrupted  

with mixed Gaussian noise (𝑽=10%) and impulse  

noise (𝑰𝑵𝑫=20%) and the restored image using the proposed method. 
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Fig. 9. Man image, from left to right: Uncorrupted, corrupted  

with mixed speckle noise (𝑽=10%) and impulse  

noise (𝑰𝑵𝑫=20%) and the restored image using the proposed method. 

 

Fig. 10. Girl image, from left to right: Uncorrupted, corrupted  

with mixed Gaussian noise (𝑽=10%) and impulse  

noise (𝑰𝑵𝑫=20%) and the restored image using the proposed method. 

 

Fig. 11. Girl image, from left to right: Uncorrupted, corrupted  

with mixed speckle noise (𝑽=10%) and impulse  

noise (𝑰𝑵𝑫=20%) and the restored image using the proposed method. 

To investigate the effect of the mixed noise on an image and the quality of the 

restored image using the proposed method, Figs. 12 and 13 show a small portion, 

namely a square matrix of 150 × 150  pixels taken out of the 512 × 512  Man 

image obtained in Figs. 8 and 9. It should be emphasized also that the method for 

removing the impulsive noise is very efficient even for much higher values of noise 

densities and the overall performance of the proposed scheme is still very good. 

For severe impulsive noise, however, the size of the filtering window should be 

slightly increased. In this paper 20% of impulsive noise density was chosen to be a 
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reasonable value taking into consideration that this impulsive noise is already 

assumed to be mixed with either Gaussian or speckle noise with different values of 

noise variance that ranges from 0% to 30%.  

The size of the window used in the reduction of impulsive noise is 𝑊 = 3 for 

the value of impulsive noise of 20% density. Higher values of noise densities 

require increasing the window size for better image quality. For example, assuming 

a higher value of noise percentage of 40%-60% results in increasing the window 

size to 𝑊 = 5. For the Gaussian and speckle noise, the size of the window is 𝑊 =
5 for the range of noise variance that varies from 0.01 to 0.30.  

The improvements in MAE, MSE and the corresponding PSNR are shown in 

all the tabulated results. As the variance of the Gaussian or speckle noise increases, 

MAE and MSE decrease and PSNR increases. It should be noted that while there 

are significant improvements in the proposed method for an entire range of noise 

variance from 0.01 to 0.3, this improvement decreases as the noise variance 

increases as shown in the last column of tables 1-8.  

 

Fig.12. A small portion of the Man image, from left to right: Uncorrupted, 

corrupted with mixed Gaussian noise (𝑽=10%) and impulse noise 

(𝑰𝑵𝑫=20%) and the restored image using the proposed method. 

 

Fig.13. A small portion of the Man image, from left to right: Uncorrupted, 

corrupted with mixed speckle noise (𝑽=10%) and impulse noise (𝑰𝑵𝑫=20%) 

and the restored image using the proposed method. 

4. Conclusions 

The reduction of a mixture of speckle or Gaussian noise with impulse noise is a 

challenging problem in practice mainly that including speckle noise because of its 

nature as a multiplicative-type noise. In this paper, a method for suppressing these 
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two types of mixed noise is proposed. The method is applied to a large number of 

images using measuring indices such as PSNR andMAE. The simulation results 

show superior performance in terms of increasing the quality of the produced 

filtered image by increasing the PSNR  and decreasing the MAE. The proposed 

method could be extended in future work to include random-valued type of 

impulsive noise. The proposed filtering scheme can be applied to real-time digital 

image applications, such as those found in consumer electronics like digital 

televisions, camcorders, and cameras.  

 

Nomenclatures 
 

M Number of pixels in the horizontal dimension of the image 

N Number of pixels in the vertical dimension of the image 

V Variance of the noise 

W Width of the square filtering window 
 

Abbreviations 
 

AWGN Additive White Gaussian Noise 

IND Impulsive Noise Density 

MAE Mean Absolute Error 

MSE Mean Square Error 

PSNR Peak Signal to Noise Ratio 
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