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Abstract

Magnetic Resonance Imaging (MRI) is a medical indicative test utilized for
taking images of the tissue points of interest of the human body. During image
acquisition, MRI images can be damaged by many noise signals such as impulse
noise. One reason for this noise may be a sharp or sudden disturbance in the image
signal. The removal of impulse noise is one of the real difficulties. As of late,
numerous image de-noising methods were produced for removing the impulse noise
from images. Comparative analysis of known and modern methods of median filter
family is presented in this paper. These filters can be categorized as follows:
Standard Median Filter; Adaptive Median Filter; Progressive Switching Median
Filter; Noise Adaptive Fuzzy Switching Median Filter; and Different Applied
Median Filter. The de-noising technique performance for each one is evaluated and
compared using Peak Signal Noise Ratio, Structural Similarity index Metric, and
Beta metric as quantitative metrics. The experimental results showed that the latest
de-noising technique, Different Applied Median Filter (DAMF), produced better
results in removing impulse noise compared with the other de-noising techniques.
However, this filter produced de-noised image with nonlinear edges in high-density
noise. As a result, noise removal from images is one of the low-level images
processing which is considered as a first step in many image applications. Therefore,
the efficiency of any image processed depends on the efficiency of noise removal
technique.

Keywords: impulse noise; image de-noising; median filter; adaptive median filter;
PSNR; SSIM; Beta metric.
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1. Introduction

Magnetic resonance images show the tissue and organ images of the body of human with
exceptionally precise points of interest. These images can be degraded by noise during the capturing
process and transmission. In this case, the MRI image quality is very important in the precision of
clinical analysis. Noise affects both the process of medical diagnosis and prior computerized analysis
such as image segmentation, classification, image reconstruction, and image fusion [1]. The source
images can be corrupted by different noises. The most prevalent noises are impulse noise and
Gaussian noise. Zero mean and limited variance are the parameters of Gaussian noise which is
considered as white additive noise with having Gaussian distribution. At the point when images are
recorded and transmitted fastly, a few pixels are composed arbitrarily as white and dark pixels. This
noise is named Salt and pepper noise [2, 3].

As of late, a median filter is generally utilized in image de-noising, particularly for impulse noise.

The most popular filter is the Standard Median Filter (SMF) which is used for reducing noise in
debased images because of its straightforwardness and viability. SMF treats every pixel in an image as
an insider for the neighboring pixels encompassing that pixel. The values of neighborhood are
arranged from small to larger values using a sliding window system. The median value is supplanted
with the original pixel value. The final de-noised image is obtained by repeating this process for all
pixels in the original image. Impulse noise can be either fixed-valued or irregular-valued. Fixed-
valued noise spoils the image by supplanting original pixel values with zero (dark) and 255 (light).
While for irregular-valued noise spoils the image by supplanting the original pixel values with
arbitrary qualities somewhere in the range of 0 and 255. SMF can be utilized to remove noises, which
have fixed qualities. For arbitrary-valued noise, the noise values are consistently conveyed somewhere
in the range of 0 and 255 in tainted image pixels. Therefore, using SMF for removing random-valued
noise is quite difficult than the removal of fixed-valued noise. Darus et al. proposed in [4] a hybrid
median filter for noise removal using the sliding window mechanism. This filter treats certain pixels
rather than a single pixel. To supplant the objective pixel with the best value, the certain pixels are
compared against another pixel within the window. This process is repeated for all image pixels.
The switching filter is a popular method for impulse noise removal. It uses two main steps, which are
noise detection and filter design. When the image is highly corrupted with noise, the switching filter
faces miss-detection and uncertainty problems. These problems were addressed using the theory of
belief functions and evidential reasoning, which is used to discover the impulse noisy pixels. The
noisy images are filtered by using an adaptive switching median filter [5].

To reduce impulse noise, image de-noising technique was proposed. This technique used a
trimmed global mean filter with rank order absolute differences in the proposed method. At the first
step, the differences of rank ordered absolute is applied for the noisy pixels detection. At the second
step, median filter is performed to remove noisy pixels. By using the window mechanism, the pixels
that are presented in the selected window are considered as noisy pixels. In this case, the filter of the
trimmed global mean is applied in order to remove the noisy pixels [6].

Adaptive Weighted Switching Median was proposed to reduce high-density noise from the
corrupted image. This filter has two stages; the first stage contains the detection of impulse noises
using decision criteria while in the second stage the AMF is performed on the corrupted pixels without
changing the good pixels. In the window of filter, noisy pixels are supplanted by the weighted median
of clean pixels [7].

Median filter was improved by computing the distance between the uncorrupted pixels and center
pixels. This distance is used to determine the window size. This way helps to avoid the loss of pixels
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repeated sort in the window expansion process. The noisy pixel is replaced by the valid pixel in the
window [8].

In general, the greatest challenge in each filter of removing noise from images is how to get the
enhancement of image quality at the same time getting images with free-noise. The selection of the
noise removing method is different depending on the amount and type of noise that the images are
damaged .In addition, the implementation of the filter varies depending on the noise levels [9]. There
is a trade-off between complexity and efficiency for de-noising algorithms. The filter algorithm with
low complexity can remove noise at the expense of information and details of the image [10].

2. De-Noising Median based Filters

Restoration of an optimal image is based on noise model and noise detection. Many types of noise
contaminate original images. The most popular noise was categorized into 1) Gaussian (additive). 2)
Poisson. 3) Salt & pepper (white and black). 4) Speckle (multiplicative). There are many methods
were proposed to solve the problem of image restoration. However, image restoration is still a
challenging issue, because the restoration of the degraded image to the original image is inherently
inaccurate so the search continues to find better and effective methods. Median filter is the most
popular in removing noise from images [11].

2.1 Standard Median Filter

Standard Median Filter (SMF) is a nonlinear filter, which works on order statistics [12]. The main
advantages of the median filter are its speed, computational simplicity, and capability of preserving
image edges and details. Linear filter such as averaging filter, which has low pass features, removes
additive noise effectively, but it fails in removing impulse noise. While the median filter has a special
property, it can be used to remove additive noise because it has low pass features. Therefore, it can be
used for additive noise and impulse noise removal. The one dimension of the median of n observations
can be defined as follows [13]:

Let x; ,i =1,..,n, be n observations, the median filter with the size n = 2v + 1 can be defined
by:
fi = med(x;_4, ..., Xj, ..., Xpr1), Where f; is the output of the median filter, and v is sample size.

The two dimension of the median filter can be defined by:
fij = med{x; iy j1s; (r,s)EF}, i, jel?, where [% (I X I) is the image plane, F is a filter window. The
point (i, j) is image coordinates and (r, s) is the filter window coordinates.

SMF works on all pixels, on the corrupted and uncorrupted pixels. Although this filter works well
in noises having a low-intensity by using a window with a small size (3x3). The shortages of SMF:
when the intensities of noise become high, the resulted image suffers from blurring the edges and the
original pixel values are distorted [14]. In addition, when the filter process becomes time consuming
and more complex, the size of the image becomes large [9].

2.2 Adaptive Median Filter

In many applications, Adaptive Median Filter (AMF) is widely used because of its progress on
SMF. In AMF, image pixels are separated into good pixels and noisy pixels. It uses a dynamic window
size. AMF adjusts the size of window according to the amount of impulse noise. Advantages of this
method are: low-density and high-density noises are reduced and image details are preserved [15].
AMF determines the pixels as noise by comparing each pixel to its window pixels. AMF adjusts both
the size of the window and the threshold for the comparison. The AMF adjusts both the size of the
window and the threshold for the purpose of comparison. If the pixel does not look like its neighbors,
this is considered as a noisy pixel, which is replaced by the median of pixels in the window. Compared
with the standard median filter, AMF works well when the noise has a high density, it removes
impulse noise more accuracy with preserving image details and it smooths other noises. According to
noise densities, AMF adjusts the window size adaptively.

2.3 Progressive Switching Median Filter (PSMF)

Impulse noise affects some pixels, while others remain clean. The median filter is performed
uniformly across the image; it modifies both noise pixels and clean pixels. To solve this problem,
switching median filter was proposed in [16]. Impulse detection algorithm, which detects and
identifies the affected pixels by impulse noise signal, is executed before the filtering process. The
results of this algorithm are used to modify the affected pixels. Figure-1 shows the switching median
filter scheme.
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Figure 1-A general scheme of switching median filter [16].

However, when a large number of impulse noise corrupts the image in different regions, many
impulsive noises are hard to detect, so it is impossible to remove. This leads to the deformation of the
image. Wang and Zhang presented a median based filter, which is called progressive switching median
filter, where both noise detector and filter are performed progressively and repeatedly. In this method,
noisy pixels in large noisy regions are detected and filtered. This produces better de-noising results for
highly corrupted images [16].

2.4 Noise Adaptive Fuzzy Switching Median Filter (NAFSMF)

The previous median based filter, which is named “Progressive Switching Median Filter”, suffers
from high computational time because it uses the fixed size of the window. Adaptive Fuzzy Switching
Median Filter [17] was presented for detection and removing the impulse noise. Two stages of this
method contain: the histogram of the corrupted image is used to detect noise pixels, this is the first
stage. In the second stage, the detected noisy pixels are filtered, while the clean pixels are retained
without any processing then using fuzzy reasoning to fix uncertainty of the extracted local
information. Fuzzy reasoning is used here to produce an accurate restoration of the detected noise
pixels.

2.5 Different Applied Median Filter (DAMF)

Median based filters use either a fixed or adaptive window size. When images are corrupted with
high-density noise, the window of fixed size is unsuccessful in the impulse noise removal from the
image. Choosing a smaller window size for a high-density impulse noise causes all the pixels inside
the window to become noisy. While choosing a larger window size leads to the loss of pixels that are
near to the original pixels. In order to obtain the proper size of the window, adaptive window size is
used. Adaptive median based filter works well in removing high-density impulse noise. However, the
problem with this filter is when the window size becomes very large; this makes it difficult to find the
original pixels. Recently, de-noising method for impulse noise removal was developed to solve this
problem which is presented in [18]. In this method, the adaptive window with neighbor pixel values
were used to search the pixel value that is near to the original pixel value and then the noisy pixels are
determined. Finally, DAMF is achieved to take out the un-clean pixels.

3. Experimental Results and Discussion

This section provides the simulation results of the comparison performance of selected techniques
in this paper, which are namely: SMF, AMF, PSMF, NAFSMF, and DAMF. These techniques are
applied to three grayscale MRI images of size 512 x 512 (see Figure-2). Adding the salt and pepper
noise to the source images is achieved with different noise variations ranged from 1 x 1071 to 9 x
1071, Corruption of grayscale MRI image with this type of noise occurs with pepper noise nears to
zero, and salt noise nears to 255. Three types of quantitative performance were used in order to test the
performance of the selected methods. These metric can be categorized as follows: 1) Peek signal noise
ratio (PSNR), 2) Structural Similarity index Metric (SSIM), and 3) Beta metric (B). All these metrics
are full-reference metrics. PSNR between the original image I and the noisy image I for the pixel
located at row and column (X, y) can be computed by:

2
PSNR = 10logy &2

MSE

1)
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MSE = Y8 M0 (xy) = 1 ()12, 0
where N indicates to number of image rows and M indicates to the number image columns.
PSNR measures the quality of reconstruction of de-noised image. The typical values of PSNR are
between 30 and 40. The higher value of PSNR means higher the quality rate [19].
SSIM is based on statistical moments (mean, standard deviation and variance). SSIM can be computed
by [13]:
_ Quppy+c))(2o;5+c2)
SSIM = (uf+ p?+c1)(of+o?+c2) C)
Where c1 and c2 are constant values. The result of SSIM takes values between -1 and 1. The value
1 indicates that the two images are identical.
Beta metric (8) is used as a measure to evaluate edge preservation and artifact formation, the beta
metric can be defined by:

yM_LSN-A[AI(m,n)—Al].[Al(m,n)—A]

B = (4)

\/Zﬁ;&[AI(m,n)—ZI]Z.[AI'(m,n)—EI']Z

Where Al represents the original image, Al represent the de-noised image, Al pointed to the
intensities mean for AI, and Af indicated to the mean of pixel values for Al. 3 x 3 Lablacian filter to
calculate the edges of the image. When the value of B closes to 1 meaning that the edges well
preserved during the de-noising process [20].

Img2 Img3
Figure 2- Original MRI images

3.1 Experimental results on Imgl

Figure-3 shows the noisy images for Imgl and the simulation results of the removal-noise
techniques based on the median filter. The images are gotten by achieving the de-noising methods
based on median filter with varies values of noise variance ranging from 1 x 1071 to 9 x 10~1. Table
1, Table-2, and Table-3 show the values of PSNR, SSIM, and Beta metric (8) for measurement of the
effectiveness of each filter from median filter family (SMF, AMF, PSMF, NAFSMF, and DAMF).

Naoisy
mages

SMIEF AMI PSMI NAFSMF DAMI

Figure 3- noisy images with noise variance 0.1, 0.3, 0.5, 0.7, 0.9 respectively and the de-noising
filters based on median filter for Imgl
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Table 1-PSNR values that where obtained using de-noising filters employing the median filter family
for Img1, with different variance of noise from 0.1 to 0.9 (Best result shown in bold).

ise Variance 1 2 3 4 5 6 - 8 9
x1071 | x1071 | x107' | x107' | x107! | x107! | x107' | x107 ' | x 10!
methods
30.917 | 27.863 | 25.555 | 23.089 | 20.703 | 17.963 | 14.821 | 11.184
SMF 7 4 1 0 9 0 6 5 7.5827
AME 31.843 | 30.681 | 28.901 | 27.698 | 26.760 | 24.911 | 23.431 | 21.325 | 18.397
8 9 9 5 9 2 3 9 3
PSME 35.?14 32.5[49 29.3?22 25.2798 21.117 16.(9))92 87962 | 6.9000 | 5.3723
31.989 | 30.219 | 29.013 | 27.760 | 27.117 | 26.124 | 25.110 | 23.745 | 20.598
NAFSMF 3 4 9 3 0 3 6 9 9
DAME 38.956 | 36.619 | 34.650 | 32.660 | 31.272 | 29.761 | 27.856 | 25.981 | 22.679
6 2 8 4 5 7 1 9 1

Table 2-SSIM values that where obtained using de-noising filters employing the median filter family
for Img1, with different variance of noise from 0.1 to 0.9 (Best result shown in bold)

ise Variance 1 2 3 4 5 6 7 8 9

-1 -1 -1 -1 -1 -1 -1 -1 -1

Methods %X 10 x 10 x 10 %X 10 x 10 %X 10 x 10 x 10 x 10
SMF 09632 | 09412 | 09145 | 08733 | 0.7962 | 0.6832 | %2118 | 02887 | 0.0960
AMF 0.0920 | 0.9848 | 09719 | 0.9571 | 0.9368 | 0.9109 | 0.8743 | 0.8154 | 0.7029
PSMF 0.9205 | 0.8696 | 0.8144 | 0.7383 | 0.6178 | 0.4323 | 0.0723 | 0.0351 | 0.0154
NAFSMF 09596 | 09432 | 09351 | 0.9315 | 0.9267 | 0.9185 | 0.9045 | 0.8738 | 0.7657
DAMF 0.9963 | 09929 | 09885 | 0.9821 | 0.9745 | 0.9649 | 0.9489 | 0.9245 | 0.8678

Table 3-Beta metric values that where obtained using de-noising filters employing the median filter
family for Img1, with different variance of noise from 0.1 to 0.9 (Best result shown in bold).

ise Variance
1 2 3 4 5 6 7 8 9
x 1071 x 107t x 107t x 1071 x 107t x 107t x 107t x 1071 x 1071
methods
SMF 0.6292 | 0.3274 | 0.1498 | 0.0813 | 0.0497 | 0.0302 | 0.0203 | 0.0130 | 0.0020
AMF 0.7863 | 0.6138 | 0.4799 | 0.3804 | 0.2865 | 0.2199 | 0.1595 | 0.0826 | 0.0386
PSMF 0.6403 | 0.4758 | 0.3452 | 0.2325 | 0.1371 | 0.0736 | 0.0242 | 0.0127 | 0.0059
NAFSMF 0.5527 | 0.4509 | 0.3901 | 0.3415 | 0.2964 | 0.2476 | 0.1967 | 0.1473 | 0.0520
DAMF 0.8618 | 0.7407 | 0.6198 | 0.5275 | 0.4382 | 0.3693 | 0.2861 | 0.2195 | 0.1269

3.2 Experimental results on Img2

Figure-4 shows the noisy images for Img2 and the results of de-noising methods based on median
filter. These images are obtained by performing the de-noising methods based on median filter with
different noise-variance values ranging from 1 x 10~ to 9 x 10~!. Table-4, Table-5, and Table-6
show PSNR, SSIM, and Beta metric values for measurement of the effectiveness of each filter from
median filter family.
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Figure 4-noisy images with noise variance 0.1, 0.3, 0.5, 0.7, 0.9 respectively and the de-noising filters

based on median filter for Img2.

Table 4-PSNR values that where obtained using de-noising filters employing the median filter family

for Img2, with different variance of noise from 0.1 to 0.9 (Best result shown in bold).

oise Variance 1 3 4 5 6 7 8 o 10-1
-1 -1 -1 -1 -1 -1 -1 -1
Methods x 10 X 10 X 10 X 10 X 10 X 10 X 10 x 10
SMF 31.1344 28.8623 26.3860 24.3462 21.6104 18.6520 15.1936 11.8003 8.0237
AMF 41.0924 37.1108 33.6075 31.6534 29.3706 27.5357 25.3972 23.3902 19.7381
PSMF 36.8666 32.8094 29.6055 26.0877 21.8035 16.8572 8.9865 7.0672 5.5868
NAFSMF 37.9940 35.0689 33.2409 31.7489 30.5137 29.2318 27.7470 26.0750 21.9388
DAMF 45.2827 40.8901 37.9113 35.8715 33.8630 32.0645 30.3459 28.3249 25.0623

Table 5-SSIM values that where obtained using de-noising filters employing the median filter family

for Img2, with different variance of noise from 0.1 to 0.9 (Best result shown in bold.

ise Variance 1 2 3 4 5 6 7 8 9
Methods X107t | x107? | x 107t | x 107! | x 107! | x 107! | x 107! | x 107! | x 107?
SMF 0.9556 | 0.9344 | 0.9006 | 0.8557 | 0.7740 | 0.6491 | 0.4717 | 0.2730 | 0.0876
AMF 0.9925 | 0.9847 | 0.9693 | 0.9537 | 0.9278 | 0.8966 | 0.8497 | 0.7834 | 0.6474
PSMF 0.9407 | 0.8918 | 0.8353 | 0.7545 | 0.6116 | 0.4142 | 0.0653 | 0.0319 | 0.0141
NAFSMF 0.9720 | 0.9561 | 0.9446 | 0.9351 | 0.9249 | 0.9098 | 0.8863 | 0.8520 | 0.7233
DAMF 0.9974 | 0.9933 | 0.9880 | 0.9810 | 0.9711 | 0.9582 | 0.9409 | 0.9103 | 0.8394

Table 6-Beta metric values that where obtained using de-noising filters employing the median filter
family for Img2, with different variance of noise from 0.1 to 0.9 (Best result shown in bold).

ise Variance 1 2 3 4 5 6 7 3 9
Methods x 1071 | x1071 | x 107! | x107' | x 107! | x107* | x107* | x107! | x 107!
SMF 0.6018 | 0.2821 | 0.1226 | 0.0676 | 0.0397 | 0.0257 | 0.0150 0.0088 | 0.0030
AMF 0.7731 | 0.6029 | 0.4714 | 0.3623 | 0.2849 | 0.2787 | 0.1428 0.0854 | 0.0333
PSMF 0.5871 | 0.4220 | 0.3036 | 0.1887 | 0.1038 | 0.0556 | 0.0168 0.0128 | 0.0045
NAFSMF 0.6287 | 0.4952 | 0.4023 | 0.3389 | 0.2889 | 0.2400 | 0.1878 0.1271 | 0.0502
DAMF 0.8941 | 0.7576 | 0.6343 | 0.5281 | 0.4351 | 0.3613 | 0.2946 0.2246 | 0.1277
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3.3 Experimental results on Img3

Figure-5 shows the noisy images for Img3 and the aftereffects of de-noising techniques dependent
on media in the filter. These images are obtained through the implementation of medium filter-based
methods with different values of noise variation ranging from1x 10! to9 x 107!
Table-7, Table-8, and Table-9 show PSNR, SSIM, and Beta metric values for measurement of the
effectiveness of each filter from median filter family.

('.5 -

0.7

0.9

Noisy images SMIF AME PSMF NAFSMI DAMF

Figure 5-noisy images with noise variance 0.1, 0.3, 0.5, 0.7, 0.9 respectively and the de-noising filters
based on median filter for Img3.

Table 7-PSNR values that where obtained using de-noising filters employing the median filter family
for Img3, with different variance of noise from 0.1 to 0.9 (Best result shown in bold).

Noise
iance 1 2 3 4 5 6 7 8 9
x1071 | x107' | x107? | x107! | x107! | x107! | x107' | x107* | x 1071
Methods

SMF 33.7832 | 30.8332 | 28.6833 | 26.7128 | 23.8710 | 20.5689 | 16.8588 | 12.4355 | 8.6663
AMF 39.8918 | 37.1938 | 34.6888 | 32.6668 | 30.8143 | 29.2021 | 27.3622 | 25.4541 | 21.3921
PSMF 33.5687 | 30.6230 | 27.8827 | 24.8784 | 21.0094 | 16.9513 | 9.6057 | 7.7893 | 6.2597
NAFSMF | 41.4170 | 37.9914 | 35.5468 | 33.9075 | 32.4745 | 30.8852 | 29.4736 | 27.5828 | 23.7458
DAMF 46.4084 | 41.9023 | 38.9211 | 36.4179 | 34.7503 | 33.0313 | 31.2895 | 29.5506 | 26.6202

Table 8-SSIM values that where obtained using de-noising filters employing the median filter family
for Img3, with different variance of noise from 0.1 to 0.9 (Best result shown in bold).

ISe variance 1 2 3 4 5 6 7 8 9

-1 -1 -1 -1 -1 -1 -1 -1 -1

Methods X 10 X 10 X 10 X 10 X 10 x 10 X 10 x 10 x 10
SMF 0.9283 | 0.9062 | 0.8739 | 0.8288 | 0.7551 | 0.6349 | 0.4582 0.2299 0.0700
AMF 0.9820 | 0.9721 | 0.9552 | 0.9338 | 0.9051 | 0.8669 | 0.8132 0.7350 0.5833
PSMF 0.9620 | 0.9210 | 0.8617 | 0.7517 | 0.5656 | 0.3368 | 0.0419 0.0181 0.0062
NAFSMF 0.9779 | 0.9579 | 0.9376 | 0.9167 | 0.8948 | 0.8676 | 0.8332 0.7874 0.6694
DAMF 0.9943 | 0.9867 | 0.9772 | 0.9644 | 0.9496 | 0.9296 | 0.9019 0.8598 0.7705
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Table 9-Beta metric values that where obtained using de-noising filters employing the median filter
family for Img3, with different variance of noise from 0.1 to 0.9 (Best result shown in bold).
Noise
variance |1 2 3 4 5 6 7 8 9
x1071 | x1071 | x 1071 | x 107! [ x 1071 | x 107 | x 1071 | x 107! | x 1071

Method
SMF 0.4422 | 0.2859 | 0.1961 | 0.1274 | 0.0823 | 0.0529 | 0.0236 | 0.0135 | 0.0062

AMF 0.7578 | 0.6065 | 0.4752 | 0.3705 | 0.2954 | 0.2158 | 0.1469 | 0.0785 | 0.0240
PSMF | 0.5795 | 0.3894 | 0.2531 | 0.1388 | 0.0693 | 0.0313 | 0.0146 | 0.0064 | 0.0053
NAFSMF | 0.7789 | 0.6336 | 0.5136 | 0.4327 | 0.3484 | 0.2785 | 0.2017 | 0.1177 | 0.0321
DAMF | 0.9173 | 0.7982 | 0.6877 | 0.5584 | 0.4435 | 0.3636 | 0.2837 | 0.1994 | 0.0893

From Figures-(3, 4, and 5), we can see visually all the filters work well when the noise-density is
small. Increasing the density of noise, especially when increasing the noise variance values greater
than 0.5, the SMF and PSMF algorithms fail in noise removal because they used fixed window size.
As we said earlier that when the image is corrupted with high noise density, the fixed window size
fails in plucking out the noise from the image. The other filters used adaptive window size, so they
produce better results than the above filters. From the above tables, PSNR, SSIM, and Beta metric
produced better results for DAMF algorithm compared with other de-noising techniques. The strength
of DAMF method lies in using neighbor pixels with an adaptive window to search for the pixel that is
near to the original pixel and then the noisy pixels are detected. The adaptive filter used in DAMF
algorithm is applied to remove the noisy pixels. NAFSMF and AMF sequentially come after DAMF
in high values of the metrics.

Figure-6 shows CPU time comparison of the median filter family algorithms. From the figure, we
can see that the execution time vacillates between the high and low time (in second) for the de-noising
algorithms except NAFSMF and DAMF algorithms. In these algorithms, the execution time increases
linearly with each increase in the variance of noise. The figure also shows that the DAMF algorithm is
faster than the NAFSMF algorism. The PSMF algorithm is the fastest among all. This is because both
the noise detector and the noise filter are gradually implemented in the form of repetitive behavior.
The result of the noise-removal algorithm in the current iteration is used in contribution to the
processing of other pixels in the following frequencies. The DAMF and AMF come after PSMF in
term of the speed. The NAFSMF technique is slow due to its computational complexity.
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Figure 6-CPU time Comparison of the median filter- family algorithmse can con{Jrm that our
algorithms are clearly faster than
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Conclusion

This paper presents the median filter family (SMF, AMF, PSMF, NFSMF, and DAMF) for impulse
noise removal. These filters are applied on three images of Magnetic Resonance Imaging in order to
test each filter performance for the comparison. PSNR, SSIM, and Beta metrics are used for the
measurement of the effectiveness of each filter. Although all filters work well on MRI images when
the noise density is low. While in high-density noise, the filters produce distorted images as well as
blurring of the resulting image, except the DAMF technique, which produced better results, compared
with other filters. Using neighbor pixels and adaptive window, DAMF method can be used to find the
pixel value that is near to the original pixel value and then the noisy pixel is determined. This is the
ideal approach to remove noise from the image. However, when the noise intensity becomes high, the
resulted image of this filter suffers from the nonlinear edge. The PSMF technique characterized by
high-speed in the implantation compared with the other filters. This is because of the noise detector
and the noise filter are performed progressively in iterative behavior. In the current iteration, the result
of the de-noising steps can be used to process the pixels that are existing in the subsequent iterations.
For the future work, the current noise removal techniques produced an image containing distorted
edges in high-density noise, so they need a new nonlinear edge-enhancement technique for preserving
edge content.
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