
  

 

Abstract—This paper presents a comparison between LULU 

and Median filters for impulse noise in images. Noise removal 

from images is always a challenging area of research. Different 

methods are being used for different image noises such as 

Wiener filter for Gaussian noise, Frost filter for speckle noise 

and median filter for impulse noise. LULU filters are widely 

being used for impulse noise too. LULU filters are nonlinear 

rank selector operators which are computationally more 

competent and the performance of the operator is 

straightforward to describe. The comparison between Median 

and LULU filters, in this paper, is performed using two 

different image quality metrics which are RMSE and PSNR. 

 
Index Terms— LULU filters, impulse noise, RMSE, PSNR.  

 

I. INTRODUCTION 

In the field of image processing, there are so many issues 

and complexities for the recovery of original data from the 

noise corrupted data. In general, image noise is the variation 

of color or brightness intensity which can be caused by 

different sources. In general, image sensors degrade the 

quality of the images. Faulty devices, troubles with the data 

collection procedure, and interfering natural cause can all 

corrupt the data. Moreover, noise can be caused by 

compression and transmission errors. Thus, noise removal is 

required and is the first step before images are analyzed. It is 

necessary to apply an efficient noise reduction method to 

compensate for such data corruption [1], [2]. Even though 

there are so many different methodologies in this field for 

noise removal, image denoising is still a big issue. Some 

noise filters cause blurring of the images, because in reality 

the nature of the noise is unknown or only known to some 

extent. 

Impulse noise results due to the malfunctioning of the 

image sensors and the transmission channels. It can be 

identified by black and white points in the image. So far, 

there are so many different algorithms that had been proposed 

to filter this type of noise such as median, switching median, 

weighted median, adaptive median, rank conditioned median, 

separable median and contra harmonic mean filter. There are 

different names for impulse noise which are salt and pepper 

as well as shot noise. 

In this work, we address impulse noise. Generally, median 

filter is used for reducing impulse noise. We compared four 

different LULU filters with median filter. This comparison 
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has been done through two different image quality measures 

which are; Root Mean Square Error (RMSE) and Peak Signal 

to Noise Ratio (PSNR) techniques. Two test images are used 

for experiment and they are shown in Fig. 1. 
 

 
Fig. 1. Test images, from left to right: baboon and cameraman images 

 

II. MEDIAN FILTER 

Median filter for images, as its name represents, substitutes 

the pixel value with the neighbor values of that pixel. Median 

filter is one of the most popular order statistics, nonlinear 

filters. It is extensively applied in digital image processing 

due to its property of protecting edges as well as at the same 

time eliminating noise but it causes the image to blur. But still 

Median filter causes significantly a smaller amount of 

blurring than linear smooth filters of the same size. In 

general, all Median filters produce reasonable results for both 

bipolar and unipolar impulse noise. They are nonlinear, 

non-idempotent smoother which is computationally less 

efficient than LULU. 

A. 1D Median 

In one dimensional arrays, median filter is given by: 
 

𝑀𝑛(𝑥)𝑖 = 𝑚𝑒𝑑𝑖𝑎𝑛{𝑥𝑖−𝑛 ,… , 𝑥𝑖 ,… , 𝑥𝑖+𝑛}            (1) 
 

The Fig. 2 illustrates the median operator in filtering a 

sequence. In this figure, the top one is the original signal and 

the bottom one shows the smoothed signals after applying 

median filter. 

B. 2D Median 
 

𝑀(𝑓(𝑥𝑖𝑗 ))

= 𝑚𝑒𝑑𝑖𝑎𝑛{𝑓 𝑥𝑖 ,𝑗−1 ,𝑓 𝑥𝑖 ,𝑗+1 ,𝑓 𝑥𝑖 ,𝑗  , 𝑓 𝑥𝑖−1,𝑗  ,𝑓(𝑥𝑖+1,𝑗 )} 

  (2) 

 

 
Fig. 2. a) Original signal, and b) Result of median filter on the signal 
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Fig. 3. a) Noisy image with impulse noise, and b) Filtered image with median 

filter 

 
Fig. 4. a) Noisy image with impulse noise, and b) Filtered image with median 

filter 

 

For images, i.e., two dimensional arrays, median filter is 

given in (2), where f refers to the image and (𝑥𝑖𝑗 )is the pixel. 

The effect of median filter after removing the impulse noise 

of baboon and cameraman images are shown in Fig. 3 and 

Fig. 4 respectively. 

 

III. LULU OPERATORS 

Rohwer and Toerien in late 1980s introduced a novel 

innovative non-linear smoother, named LULU smoothers, 

based on extreme order statistics [3]. Initially LULU 

operators were evaluated for removal of impulse noise of 

sequences in [4]. LULU filters are computationally suitable 

and theoretically simpler contrast to the median filters which 

are fenally considered to be the “basic” smoothers [5], [6]. 

LULU filters are being widely used in statistics as shown 

in [7] and recently it is implemented in object extraction of 

images by applying DPT method in [6], [8] and [9]. They are 

local, non-linear filters used for the elimination of salt and 

pepper noise. LULU operators combined the two basic 

operators L (low) und U (upper) with special arrangement in 

different filters.  

LULU operators can be used for signals in one 

dimensional arrays as well as images in two dimensional 

arrays for smoothing or filtering the image and also for object 

detection and extraction (by using DPT) with composition of 

different L and U operators. 

A. 1D-LULU 

LULU filters the signal by performing a simple assessment 

method to remove the local peaks and valleys. For a 

particular bi-infinite sequence ξ = (ξi)iЄZ, the one dimensional 

LULU operators are defined as follows [9]: 
 

(Ln ξ)i = max {min{ ξ i−n ,..., ξ i},min{ ξ i, ,..., ξ i+n} },  i   Z       (3) 

 

(Un ξ)i = min {max{ ξ i−n ,..., ξ i},max{ ξ i ,..., ξ i+n }},  i   Z    (4) 
 

Fig. 5 illustrates the results of L and U operators in filtering 

the sequence. In this figure, the top one is the original signal 

while the middle and the bottom one show the smoothed 

signals after applying L and U operators respectively. 
 

 
Fig. 5. a) Original signal, b) Result of L smoother on the signal, and c) Result 

of U smoother on the signal 

B. 2D-LULU 

For applying LULU on images, we need to compare any 

single pixel with all the neighbors in the selected window. 

We can classify the neighborhood of a pixel in different ways 

such as the ones shown in the Fig. 6. 
 

 
Fig. 6. Four different neighboring regions of pixel (i, j) 

For more explanation about 2D processing using LULU 

operators, an example is shown as follows. We segment the 

neighbors of the pixel I(i,j) to four different parts as shown in 

(5) to (8) and Fig. 7. 
 

 I1=[I(i-1,j-1), I(i-1,j), I(i,j), I(i,j-1)]                   (5) 

 

I2=[I(i-1,j+1), I(i-1,j), I(i,j), I(i,j+1)]                  (6) 

 

I3=[I(i,j-1), I(i,j), I(i+1,j-1), I(i+1,j)]                  (7) 

 

I4=[I(i,j+1), I(i,j), I(i+1,j), I(i+1,j+1)]                (8) 

 
Fig. 7. Illustration of neighbors for (3) to (6), a) I1, b) I2, c) I3,and d) I4 

a) b)
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Then we applied the L and U operators as follow: 
 

L (i,j)=max(min(I1),min(I2),min(I3),min(I4))           (9) 
 

U (i,j)=min(max(I1),max(I2),max(I3),max(I4))        (10) 
 

The order of applying L, U operators depends on the 

design of filter, for example, LU filter perform opening 

between L and U operators or in a simple way, we can say 

that after applying L on the image, we apply U on the result of 

L operator and the final result is LU filter result. For detailed 

discussion of properties of LULU operators, as well as their 

proofs, check references [5], [6].  

The Fig. 8 a) illustrates a randomly generated binary image 

and Fig. 8 b) and Fig. 8 c) show the filtered images after 

applying L and U filters separately on the binary image. In 

this example, the binary image has balanced number of black 

and white parts. After applying L smoother on the image, we 

can see that the black parts are greater than before. It can be 

explained based on (9). L operator gets the most out of the 

minimums of the neighborhood which actually removes the 

lower peaks (this is the reason that Fig. 8 b) has more black 

marks than the original image). U smoother is opposite to L 

smoothers. We see that Fig. 8 c) is whiter in compare with the 

original image. Other examples are given in Fig. 9, to 

illustrate the concept of L and U filters on corrupted images 

with impulse noise. 
 

 
Fig. 8. a) Original binary image, b) Result of L smoother on the image, and c) 

Result of U smoother on the image  

 

 
Fig. 9. a) Corrupted image with impulse noise, b) Result of L smoother on 

the image, and c) Result of U smoother on the image 

IV. IMPULSE NOISE REMOVAL 

LULU filters are compared with the median filter with the 

noise density of impulse noise varying from 0.01 to 1.00 with 

0.05 step size increment each time. Some of the normalized 

comparison results are illustrated and compared in Fig. 10 

and Fig. 11. 

 

 
Fig. 10. RMSE and PSNR results in comparison of LULU and median filter 

for baboon image 

 

 
Fig. 11. RMSE and PSNR results in comparison of LULU and median filter 

for cameraman image 

 

V. CONCLUSION 

In this work we have compared LULU filters with Median 

filter for image denoising. The input captured images were 

assumed to be corrupted by impulse noise.  Two different 

image quality measures, RMSE and PSNR are used to 

compare the result of LULU and median filters. The obtained 

result shows that LULU filters are not always performing 
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better than other filter. Generally, the result of median and 

LULU are comparable for different impulse noise densities. 

In future, we plan to test LULU filters for various 

applications like 3D recovery [10], microscopic applications 

[11], communication [12], medical imaging [13], [14], etc.  
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