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Abstract— In medical field, the images are suffered by noises 
during the scanning process. The main objective of this paper is 
to study the denoising techniques for gray scale images. Here, we 
compare various filters and the removal of Gaussian, impulse, 
mixed noises in gray images. The Enhanced Fuzzy Peer Group 
Filter (FPGF) is capable of reducing Gaussian, impulse, and 
mixed noises from noisy images effectively. Here, the fuzzy if 
than rule method detects the noise and reduces the noise from 
gray images using filters. We use the BDND filter to remove the 
impulse noise and dynamic non local means filter to remove the 
Gaussian noise from the gray images. The performance of 
EPGF technique is compared with existing filters. The 
performance of filters is measured by Peak signal to noise 
ratio (PSNR), Mean square error (MSE), structural 
similarity index measure (SSIM) and Time. The 
experimental result substantially showed that the EPGF 
technique is performing well than existing techniques. 

 Keywords— Denoising, fuzzy filters, PSNR, MSE, SSIM. 

I.  INTRODUCTION  
Image Enhancement is a low-level process, which involves 

reducing the Noise from images. Digital images are often 
corrupted by Noise during their acquisition and transmission. 
In particular, most commonly known of Noise are called 
additive Gaussian Noise and Impulse Noise. The need for 
efficient image denoising methods has been grown with the 
massive production of digital images and movies of all kinds, 
often taken in poor conditions. In recent years, a new concept 
in edge-preserving de-noising was proposed by Tomasi and 
Manduchi [2].Most filters for Gaussian Noise suppression are 
designed to take advantage of the zero-mean property of the 
Noise and try to suppress it by locally averaging pixel channel 
values. To approach this problem, many nonlinear methods has 
been recently proposed, for instance: the bilateral filter [2], [3], 
the anisotropic diffusion [4], the chromatic filter [5], or the soft 
switching methods in [6], which motivate other fuzzy methods 
as the fuzzy directional derivative filter [7], the fuzzy bilateral 
filter [8], the fuzzy Noise reduction method [9], or the fuzzy-
switching filter [10]. The aim of these methods is to detect 
edges and details by means of local statistics and smooth them 
less than the rest of the image to better preserve their 
sharpness. However, these methods commonly identify 
Impulses as details or edges to be preserved[11], and, therefore, 
they are not able to reduce that this present system evaluate the 
performance of the image denoising techniques namely 
Adaptive Bilateral Filter (ABF) [12].Fuzzy Peer Group Filter 
(FPGF) [13] and Switching Bilateral Filter (SBF) [14]. The 
ABF approach sharpens an image by increasing the slope of the 

edges without producing overshoot or undershoots. The fuzzy 
peer group extends the peer group concept in the fuzzy system. 
The SBF removes both Gaussian and Impulse Noise without 
the addition of any weighting function. Inside the bilateral 
filter, the range filter switches between the Gaussian and 
Impulse modes depending upon the Noise classification result. 
This paper presents a performance analysis of image denoising 
techniques in MR brain Image consists of two techniques such 
as improved Nonlocal Means (NLM) Based on Pre-
classification and Invariant Block Matching (IBM) [15], Self-
Learning Based Image Decomposition [16]. These two 
techniques remove Gaussian noise. Finally, Improved Nonlocal 
Means techniques give best result than self learning image 
decomposition [17].  

This paper is organized as follows: Section II describes the 
overall system architecture for noise detection and noise 
removal. Section III demonstrates the experimental results 
followed by conclusion in Section V. 

II. SYSTEM ARCHITECTURE 

A. System Achitecture 
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Fig.1.Enhanced Fuzzy Peer Group Filter 

The Fig.1 shows the enhanced fuzzy peer groups filter 
architecture. First, we create the peer group for each pixel and 
formative the fuzzy peer group. Each pixel is replaced by 
similarity concept. Best number of members for a fuzzy peer 
group calculated for each pixel. Then apply the fuzzy rule for 
the input pixel. If the pixel contains impulse noise to remove 
by using BDND Filter [ ].Improved Nonlocal Means (NLM) 
Based on Pre-classification and Invariant Block Matching [15] 
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to improve NLM by integrating Gaussian blur, clustering, and 
rotationally invariant block matching (RIBM) into NLM steps:  

• Gaussian Filter using Pre-Processing. Its remove the 
some Gaussian noise. 

• To apply Clustering based pre-classification using K-
means clustering. 

• To classify noise image into K-cluster. 

• To apply RIBM based Nonlocal Filtering rotationally 
invariant block matching within each cluster. 

• Calculate weighted averaging for each cluster. 

• Finally get the noise free image. 

B. Algorithm  
B.1. Fuzzy Similarity Detection and Best Member Detection 

1. Read input image to be denoised 
2. Repeat the steps for all pixels in the input image 
3. Get the input pixels 
4. Find the neighbors of the input pixel 
5. Find the fuzzy similarity for the input pixel 
6. Find the Best Member of that pixel based on the fuzzy        
    Similarity 

B.2. Noise Detection and Reduction 
1. Apply the Fuzzy Rule 1 on the Best members of the input 
pixels 
2. If the rule 1 is satisfied that pixel is considered as the salt    
& pepper Noise pixel 
3. Then apply BDND filter on the pixel 
4. Otherwise it is considered as the Gaussian pixel  
5. Then apply the Improved Non-Local means(INLM) for 
remove the Gaussian pixel 
6. Repeat the above steps for all input pixels 
7. Finally get the Noise free image 
 

III. EXPERIMENTS AND RESULTS 

A. Experiments and Results 
Experiments are conducted for images such as MRI brain 

image. Images are tested with noise levels ranges from 0.01 to 
0.1. The quality of the filtered image should be estimated by 
subjective tests. One of the subjective metrics is Mean Square 
Error (MSE), which is evaluated between original frame and 
reconstructed frame. The lesser the MSE value, the better is 
the prediction quality. 

Mean Square Error is given by 
            𝑀𝑆𝐸 = 1

𝑀𝑁
∑ ∑ (𝑓(𝑀,𝑁) − 𝑓 ′(𝑀,𝑁))2𝑁−1

𝑗=0
𝑀−1
𝑖=0           (1)                                     

where f(M,N) represents the original image and f^' (M,N) is 
the restored image with size M x N. Another widely used 
metric for comparing various image enhancement techniques 
is the PSNR. The mathematical formula for PSNR is    
          

  𝑃𝑆𝑁𝑅 = 10 𝑙𝑜𝑔10 �
�2𝑏−1�

2

𝑀𝑆𝐸
�                                   (2) 

 where b in the equation is the number of bits to represent a 
pixel. For 8-bit uniformly quantized image, b = 8. The higher 
the PSNR value, the better is the quality of the restored image. 
Another important performance metrics used is Structural 
Similarity Index Measure (SSIM).  
The SSIM is given by    

  

              SSIM = �2µxµy+c1�(2σxy+c2)
�µx2+µy2+c1�(σx2+σy2+c2)

                             (3)         

Where µx, µy the averages of x and y.σx2σy2 the variance’s of 
x and y.σxy the covariance’s of x and y. c1 = (K1L)2,c1 =
(K2L)2 two variables to stabilize the division with weak 
denominator is the dynamic range of the pixel-values K1 =
0.01 and  K2 =0.03 by default. 
Detection Time 

Detection Time is the time needed to calculate for detecting 
the nodes. It is the calculation of the starting time and the 
ending time. It is expressed as, 

         Detection Time=Starting Time-Ending Time           (4)  
 

 
Fig.2 Original Image Fig.2.1Gaussian Noise affected Image 

Fig2.2 Gaussian Noise Removed Image 

 
Fig.3 Original Image Fig.3.1 Impulse Noise affected Image 

Fig3.2 Impulse Noise Removed Image 

 
Fig.4 Original Image Fig.4.1 Mixed Noise affected Image 

Fig4.2 Mixed Noise Removed Image 

 

Some of the experimental images and their results are 
shown in Fig. 2, 3 and 4 it shows the original image, Fig.2.1 
shows the Gaussian noise affected image, Fig.3.1 shows the 
impulse noise affected image and Fig.4.1 shows the mixed 
noise (both Gaussian and impulse) affected image. noisy 
image of noise level 0.1 and the filtered image. From Fig. 2.2, 
3.2, 4.2 it is clear that the quality of the filtered image in the 
proposed technique is visually better.  
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From the Table I, Table II and III, it is clear that the PSNR 
obtained by the EFPGF technique is better than the PSNR 
obtained by existing filters. We consider three types of noise 
affected Images and four denoising filters applied to remove 
the Noises from MRI Image. The EFPGF filter gives the best 
result for removing the Gaussian, Impulse, and Mixed Noises. 
The table I, II, III shows the Performance Analysis of filter. 
The Performance of the above filters compared using some 
performance metrics. They are PSNR, MSE, SSIM, and Time. 

 

 
 

Fig2.PSNR Value for Gaussian Noise Removed Image 

Fig.2. It is shows that EFPG Filter is considered as the best 
method. Because it has higher PSNR value for Removing the 
Gaussian Noise. 
 

 
 
 

Fig2.1 MSEValue for Gaussian Noise Removed Image 

Fig.2.1.It is shows that the EFPG Filter is considered as the 
best method. Because it has Lower MSE value for Removing 
the Impulse Noise. 

 

 
 

Fig2.2 SSIM Value for Gaussian Noise Removed Image 

Fig.2.2. It is shows that EFPG Filter is considered as the 
best method. Because it has higher SSIM value for Removing 
the Gaussian Noise. 

 

 
 

Fig2.3 TIME Value for Gaussian Noise Removed Image 

Fig.2.3. It is shows that EFPG Filter is considered as the 
best method. Because it has higher TIME value for Removing 
the Gaussian Noise. 
 

 
 
 

Fig2.4 PSNR Value for Impulse Noise Removed Image 

Fig.2.4. It is shows that EFPG Filter is considered as the 
best method. Because it has higher PSNR value for Removing 
the Gaussian Noise. 
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Fig2.5 MSE Value for Impulse Noise Removed Image 

Fig.2.5.It is shows that the EFPG Filter is considered as the 
best method. Because it has Lower MSE value for Removing 
the Impulse Noise. 
 

 
 
 

Fig2.6 SSIM Value for Impulse Noise Removed Image 

Fig.2.6. It is shows that EFPG Filter is considered as the 
best method. Because it has higher SSIM value for Removing 
the Gaussian Noise. 

 

 
 

 
Fig2.7 TIME Value for Impulse Noise Removed Image 

Fig.2.7. It is shows that EFPG Filter is considered as the 
best method. Because it has higher TIME value for Removing 
the Gaussian Noise. 

 

 
 

Fig2.8 PSNR Value for Mixed Noise Removed Image 

Fig.2.8. It is shows that EFPG Filter is considered as the 
best method. Because it has higher PSNR value for Removing 
the Gaussian Noise. 

 
 

Fig2.9 MSE Value for Mixed Noise Removed Image 

Fig.2.9.It is shows that the EFPG Filter is considered as the 
best method. Because it has Lower MSE value for Removing 
the Impulse Noise. 

 

 
 

Fig2.10 SSIM Value for Mixed Noise Removed Image 
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Fig.2.10. It is shows that EFPG Filter is considered as the 
best method. Because it has higher SSIM value for Removing 
the Gaussian Noise. 
 

 
 

Fig2.11 TIME Value for Mixed Noise Removed Image 

Fig.2.11. It is shows that EFPG Filter is considered as the 
best method. Because it has higher TIME value for Removing 
the Gaussian Noise. 

IV. CONCLUSION AND FUTURE WORK 
 

In this paper, different types of Noise detection and 
reduction techniques were implemented and the results were 
compared by using four performance metrics. They are Peak-
Signal-to-Noise-Ratio, Mean Square Error and structural 
similarity index measure, time. The experimental results show 
that the EFPG Denoising technique performed well than the 
other techniques. 

In this work have remove the low density Noise levels, and 
while mainly developed for grayscale Images. In future our 
method will helpful to achieve denoising color images as well 
as improve the performance. And also our method has been 
focused to reduce the High Density Noise levels for gray and 
color images. 
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TABLE I.  PERFORMANCE ANALYSIS OF GAUSSIAN NOISE TABLE

 

 

TABLE II. PERFORMANCE ANALYSIS OF IMPULSE NOISE TABLE 

 

TABLE III. PERFORMANCE ANALYSIS OF MIXED NOISE TABLE 
 

 

Filters Metrics 
Noise Ratio 

0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 1.0 

FPGF 

PSNR 24.0531 24.0530 24.0530 24.0527 24.0476 24.0462 24.0481 24.0471 24.0468 24.0443 

MSE 15.9914 15.9915 15.9916 15.9920 16.0014 16.0041 16.0006 16.0024 16.0030 16.0075 

SSIM 0.9189 0.9187 0.9185 0.9181 0.9186 0.9184 0.9183 0.9180 0.9178 0.9175 

Time(ms) 40.0971 40.0110 39.9210 39.8860 39.7634 38.4098 37.6540 36.4536 35.8942 34.5897 

EFPG 
Filter 

PSNR 34.110 33.729 33.028 32.921 32.569 32.007 31.770 31.337 30.457 29.899 

MSE 10.4021 10.4572 10.4960 10.5394 10.5876 10.6278 10.6831 10.7618 10.8297 10.8771 

SSIM 0.9189 0.9187 0.9071 0.6872 0.9027 0.9012 0.8990 0.8988 0.8984 0.8919 

Time(ms) 
148.1979 145.5390 146.1715 149.6979 146.6605 146.4971 149.3906 145.3840 145.8830 147.1845 

Filters Metrics 
Noise Ratio 

0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 1.0 

FPGF 

PSNR 23.4284 21.3876 19.952 18.8577 17.983 17.2722 16.5743 16.0665 15.5412 15.0826 

MSE 17.1208 21.7351 25.639 29.084 32.1267 34.9083 37.8289 40.1341 42.6071 44.9168 

SSIM 0.7198 0.7196 0.7195 0.7099 0.7071 0.6357 0.6211 0.6092 0.6081 0.6020 

Time(ms) 10.5698 12.5698 19.4586 21.5687 30.5681 36.4789 46.2589 50.9671 66.5473 75.2348 

EFPG Filter 

PSNR 36.324 35.152 35.003 34.195 33.432 33.267 32.894 32.182 31.732 31.034 

MSE 20.3004 21.1307 23.553 23.5025 24.9928 25.4690 27.7820 28.1983 30.2620 32.2180 

SSIM 0.9189 0.9187 0.9071 0.9027 0.9012 0.8990 0.8993 0.8988 0.8984 0.8819 

Time(ms) 
11.2290 38.1689 67.2963 103.6754 130.3813 160.9687 177.9273 202.0668 221.5070 241.6231 

Filters Metrics 
Noise Ratio 

0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 1.0 

FPGF 

PSNR 23.5429 23.3820 22.9515 21.9837 21.6764 21.4741 20.9693 19.5235 19.0814 19.0157 

MSE 21.3498 25.0287 28.7715 31.5032 34.2152 36.9262 39.2711 41.7700 43.9005 45.7883 

SSIM 0.9175 0.9163 0.9141 0.9119 0.9097 0.9085 0.9070 0.9053 0.9034 0.9017 

Time(ms) 10.5689 12.3698 13.5678 12.3698 12.5647 11.2598 10.2358 9.6547 8.2353 8.1257 

EFPG Filter 

PSNR 35.6206 35.0012 34.7894 33.8241 33.1979 32.8138 32.3820 31.5825 30.9031 30.0040 

MSE 18.4818 18.5134 18.5591 19.0237 19.6723 20.2182 20.3401 20.8293 21.5401 21.9261 

SSIM 0.9175 0.9163 0.9141 0.9119 0.9097 0.9085 0.9070 0.9053 0.9034 0.9017 

Time(ms) 15.0136 15.3317 14.5261 13.3882 13.4126 12.6042 11.9546 10.3244 9.8210 9.2310 
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