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Abstract - The paper presents a comparative analysis of 

random-valued impulse noise detectors for grayscale and color 
images. Experimental results demonstrate that vector median 
filter with directional detector outperforms other filters both in 
terms of objective criteria and visual appearance. The 
examples of reconstructed images are provided. 1 
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I. INTRODUCTION 

In many practical applications images are corrupted by 
noise caused either by faulty image sensors or due to 
transmissions corruption resulting from artificial or natural 
phenomena. Transmission noise, also known as salt-and-
pepper noise in grey-scale imaging, is modeled by an 
impulsive distribution. However, a problem in the study of 
the effect of the noise in the image processing community is 
the lack of commonly accepted multivariate impulse noise 
model. A number of simplified models have been introduced 
recently, to assist the performance evaluation of the different 
color image filters [1, 2]. 

Based on trichromatic color theory, color pixels are 
encoded as three scalar values, namely, red, green and blue 
(RGB color space). Since each individual channel of a color 
image can be considered as a monochrome image, 
traditional nonlinear image filtering techniques have 
involved the application of scalar filters on each channel 
separately [3-5]. However, this disrupts the correlation that 
exists between the color components of natural images. As 
such the color noise model should be considered as a  
3-channel perturbation vector in color space [5]. 

Let ix  be the vector, characterizing a pixel of a noisy 

image, iv  – the vector describing impulse noise model, iz  

is the noise-free color vector, p – impulse noise probability, 
then 
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Depending on the type of vector iv researchers consider 

either fixed-valued or random-valued impulse noise models 
[3-9]. 

In the case of fixed-valued impulse noise iv  is 

characterized by the following expression:  
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where d  - an impulse value and 1
4
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m

mp . 

Random-valued impulse noise can be defined in several 
ways. In this paper we use the following model: 
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where 321 ,, ddd  - uniformly distributed independent 

random numbers. 
The main approach for impulse noise removing is to use 

median-based filters [3]. However, these nonlinear filters 
also tend to modify pixels that are not affected by the noise. 
In addition, when impulse noise probability is high, they are 
prone to edge jitter, so that details and edges of the original 
image are usually blurred by the filter [6-11]. 

In order to improve performance of median-based filter 
approach, various decision-based filters have been proposed, 
where possible impulse noise pixels are first identified and 
then replaced by using median filter. The examples of 
decision-based filters for random-valued impulse noise 
removal from grayscale images are: adaptive center-
weighted median filter [10] and directional weighted median 
filter [11].  

The most popular vector filter is vector median filter 
(VMF). VMF is a vector processing operator that has been 
introduced as an extension of scalar median filter [4, 5]. To 
quantify relative magnitude differences of input samples, 
VMF utilizes either the well-known Euclidean distance or 
the generalized Minkowski metric.  

Neuvo and Ku proposed the first peer group based 
filtering method [12]. Peer group filter (PGF) is based on the 
evaluation of statistical properties of a sorted sequence of 
accumulated distances used for the calculation of vector 
median of samples belonging to the filtering window. PGF 
output switches between vector median and the original 
central pixel [13, 19, 20].  



 

 
 

 
 

Fig. 1. The scheme of vector median filter with directional detector 

 
Camarena et al. [14] proposed a fast peer group based 

filtering method in which a pixel is identified as non-
corrupted when the size of peer group is larger than a 
threshold in the fuzzy metrics context. Morillas et al. [15] 
used a reduced ordering of color vectors to detect and 
replace the corrupted pixels for simultaneous reduction of 
impulse noises and preservation of the textured edges. 
Camarena et al. [16] further proposed a two-stage peer 
group filtering method to detect the corruption status of a 
pixel [17]. 

In our previous work [18] we introduce a novel filter for 
the purpose of random-valued impulse noise removal from 
RGB-color images which utilizes the advantages of both 
weighted vector median and decision-making filtration 
schemes - vector median filter with directional detector 
(VMF-DD). This paper focused mostly on detailed 
comparison of random-valued impulse noise detectors. New 
results of detectors and filters simulation are presented for 
grayscale and color test images. 

The rest of the paper is organized as follows. In section 2, 
we shortly describe the vector median filter with directional 
detector. Section 3 focuses on comparison of random-valued 
impulse noise detectors performance for grayscale images. 

In section 4, we present new experimental results for color 
RGB- images. Section 5 concludes the paper.  

II. VECTOR MEDIAN FILTER WITH DIRECTIONAL DETECTOR 

The processing of each image pixel consists of two 
stages: impulse detection and filtration, as shown in fig. 1. 

The VMF-DD detector works as follows. Let ijx  be the 

current pixel of the distorted image with coordinates 

),( ji , ijy  - the corresponding pixel of the processed 

image. On the stage of detection four basic directions 

passing through the central pixel ijx  are chosen inside the 

filter sub-window. They are designated by indexes 
4...1k . For each direction two sums are calculated:  

 the sum of brightness value differences 

)4...1( kdL k
ij  between pixels lying on the given 

direction 
k

ijx and the central pixel ijx ; 



  

 the sum of angular distances )4...1( kdA k
ij  

between pixels lying on the given direction 
k

ijx and the 

central pixel ijx . 

The angular distance between two pixels we define as an 
angle between corresponding 3-channel vectors which 
contain color component values of pixels [21]: 






























2
23

2
22

2
21

2
13

2
12

2
11

231322122111

21

21
21

cos

,
cos,

xxxxxx

xxxxxx
arc

arc
xx

xx
xx

. 

The brightness of a pixel is calculated from its color 
component values by the following formula:  

BGRL 11.059.03.0)( x , 

where BGR ,,  - are red, green, and blue component values 

of pixel x . 

Among all calculated sums 
k

ijdL  the minimum is 

found: 4,...,1|min  kdLrL k
ij

k
. Similarly we find the 

minimum among all sums 
k

ijdA : 4,...,1|min  kdArA k
ij

k
. The resulted values 

rL  and rA  are compared to threshold values TL  and TA  
respectively. If both TLrL   and TArA  , then pixel 

ijx  remains without changes. Otherwise, the current pixel is 

considered distorted and is replaced by weighted vector 
median calculated inside the filter’s sub-window. 

III. SIMULATIONS ON GRAYSCALE IMAGES 

Detectors performance can be compared using five 
measures: recall, specificity, precision, accuracy and  
F-measure [17]. Recall measure (R) shows the ratio between 
correctly deduced corrupted pixels and the overall number 
of corrupted pixels. Specificity (S) is the relation between 
the total number of pixels, correctly deduced as non-
corrupted, and the number of non-corrupted pixels on the 
image.  Precision (P) is the proportion of true corrupted 
pixels within the deduced corrupted pixels. Accuracy (A) is 
the proportion of correctly deduced pixels within the total 
number of pixels on the image. The F-measure (F) is the 
harmonic mean of the recall and precision measures. Let TP 
and  TN be the number of pixels, correctly deduced as 
corrupted and non-corrupted respectively. FP and FN denote 
respectively the number of pixels that was falsely deduced 
as corrupted and non-corrupted. Using the notation, the 
measures can be given by: 
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The grayscale test images used are Peppers, Lena and 
Barbara. The resolution of all images is 512×512. An image 
is being corrupted by random-valued impulse noise. The 
corruption is carried out with different noise probability – p, 
and the proposed filter is tested using these increasingly 
corrupted images. The filters used for comparison are: 
adaptive center-weighted median filter (ACWMF) [10], 
signal-dependent rank-ordered-mean filter (SD-ROM) [8] 
and directional weighted median filter (DWM) [11].  

 
TABLE I 

COMPARISON OF DETECTORS PERFORMANCE FOR GRAYSCALE IMAGES 

“Peppers” “Lenna” “Barbara” 

p 

M
ea

su
re

 

ACWMF SD-ROM DWM ACWMF SD-ROM DWM ACWMF SD-ROM DWM 

R 91,46 90,46 4,06 90,54 89,60 5,32 86,38 86,04 5,65 

S 99,03 98,19 98,86 99,27 98,03 98,79 94,42 90,51 96,57 

P 91,28 84,78 27,71 93,27 83,47 32,84 63,18 50,21 15,46 

A 98,27 97,42 89,36 98,40 97,19 89,45 93,61 90,07 87,47 

0,1 

F 91,33 87,50 7,07 91,80 86,38 9,16 72,94 63,38 8,28 

R 85,10 86,57 5,62 85,40 86,44 5,43 81,05 83,13 5,72 

S 98,88 97,70 98,85 98,85 97,24 98,78 94,08 88,92 96,55 

P 95,02 90,41 54,87 94,98 88,72 52,59 77,44 65,28 29,31 

A 96,12 95,47 80,19 96,16 95,08 80,10 91,47 87,76 78,37 

0,2 

F 89,77 88,44 10,19 89,90 87,56 9,84 79,18 73,12 9,57 

R 80,60 85,24 5,98 80,30 84,68 5,89 76,37 81,93 6,21 

S 97,76 96,11 98,81 97,99 95,78 98,74 93,05 86,62 96,61 

P 93,99 90,39 68,29 94,56 89,60 66,72 82,52 72,39 43,94 

A 92,61 92,85 70,96 92,68 92,45 70,90 88,05 85,21 69,50 

0,3 

F 86,77 87,74 10,99 86,85 87,07 10,83 79,32 76,86 10,88 



According to the results presented in Table 1, the 
following conclusions can be made. In terms of recall the 
SD-ROM algorithm demonstrated the best results, slightly 
outperform ACWMF. Low recall of DWM caused by the 
huge number of false negative errors. All of the detectors 
have about the same specificity (except highly detailed 
image “Barbara”, for which the worst performance shows 
SD-ROM detector). The ACWMF has significantly higher 
precision. However precision is depend on the test image 
and for all detectors precision is lower for highly detailed 
images. In terms of accuracy and F-measure the results of 
ACWMF and SD-ROM detectors are comparable and much 
lower for DWM (which is also caused by the huge number 
of false negative errors). 

Presented results show that ACWMF and SD-ROM 
detectors outperform DWM detector. Fig. 2 shows the 
restoration results for grayscale “Lena” image in terms of 
peak signal to noise ratio (PSNR). The ACWMF 
outperforms other two filters for noise probability p<0.15, 
while the DWM has better performance for p>0.15. 

IV. SIMULATIONS ON COLOR IMAGES 

In this section, we provide the similar analysis of impulse 
noise detectors for color RGB-images. The color test images 
used are Peppers and Baboon. Each vector pixel is of  
24 bits, with 8 bits for every channel. The resolution of all 
images is 512×512.  

The filters used for comparison are: directional weighted 
median filter, applied for each color channel; peer group 
filter, and vector median filter with directional detector. The 
simulation results presented in Table 2.  

Based on the simulation results, the following conclusions 
can be made. The VMF-DD has significantly higher recall 
(because of the less number of false negative errors). For 
highly detailed images the PGF has the minimum number of 
false positive errors and respectively the higher specificity. 
Meanwhile the DWM has highest specificity for low-
detailed images. According to the results presented in  
Table 2, PGF outperforms other detectors for highly detailed 
and  low-detailed images in terms of remaining three 
criteria. 

Fig. 3 shows the restoration results for color “Peppers” 
image in terms of PSNR. For low impulse noise probability 
p<0.1 the proposed VMF-DD algorithm wins against PGF 
2-4 dB in terms of PSNR metric. For the increased impulse 
noise probability p>0.1  the values of PSNR metric, 
measured for images processed by the proposed VMF-DD 
filter, are 1-2 dB higher than for images filtered by PGF. 

Let’s consider visual results of test images restoration. 
Test image “Caps” and its corrupted version with random-
valued impulse noise probability p = 0.15 are presented in 
fig. 4. Normalized color difference (NCD) criterion [22-23] 
was used for restored images quality assessment. 

 
 

 
 
 
 

TABLE II 
COMPARISON OF DETECTORS PERFORMANCE FOR COLOR IMAGES 

«Peppers» «Baboon» 

p 

M
ea

su
re

 

DWM PGF VMF-DD DWM PGF VMF-DD 

R 44,01 73,71 86,11 40,14 82,68 83,66 

S 88,98 89,98 73,58 99,21 95,89 94,72 

P 30,74 44,97 26,59 85,02 69,36 63,51 

A 84,48 88,35 74,83 93,30 94,67 93,51 

0,1 

F 36,19 55,86 40,63 54,54 75,85 71,83 

R 44,20 70,22 86,85 40,40 80,43 83,00 

S 88,83 90,80 70,08 99,16 95,35 93,04 

P 49,73 65,61 42,05 92,34 81,23 74,89 

A 79,9 86,68 73,43 87,41 92,37 91,03 

0,2 

F 46,81 67,84 56,67 56,21 80,83 78,74 

R 44,35 67,08 88,01 40,09 75,70 83,42 

S 88,67 91,84 65,38 99,11 95,69 89,85 

P 62,66 77,89 52,14 95,12 88,29 77,90 

A 75,38 84,41 72,17 81,41 89,69 87,92 

0,3 

F 51,94 72,08 65,49 56,41 81,51 80,56 

 
 



  

 
Fig. 2. Restoration performance (PSNR, dB) vs. probability  

of random-valued impulse noise for the grayscale “Lena” image 

  

 
Fig. 3. Denoising performance (PSNR, dB) vs. probability  

of random-valued impulse noise for the color “Peppers” image 

 

  
(a) NCD = 0 (b) NCD = 144.8 

Fig. 4. Test image “Caps”:  (a) original image, (b) image corrupted by impulse noise (p = 0.15) 

 
Fig. 5 shows enlarged fragments of test image “Caps” 

after their processing by different algorithms. After DWM 
filtration restored images turn out to be less blurred but they 
still contain some amount of impulse pixels. Better 
restoration results are achieved by the application of PGF 
algorithm which preserves image details and almost 
completely removes impulses from an image. The proposed 
VMF-DD algorithm demonstrates visual results close to that 
of PGF algorithm excelling the least in image edges 
preservation and the number of removed impulses. The 
values of NCD quality metric, presented in fig. 5, 

corroborate the conclusions drawn after the analysis of 
visual data.  

Thus, from shown filtration results it is possible to draw a 
conclusion that VMF-DD algorithm, applied to random-
valued impulse noise removal from color RGB-images, 
allows to achieve a significant increase of restored image 
quality in terms of both objective and subjective quality 
assessment criteria. Moreover experiments show that 
computational complexity of the proposed VMF-DD filter is 
lower than computational complexity of DWM and PGF 
filters. 

 

 
(a) NCD = 12.2 (b) NCD = 11.2 (c) NCD = 8.3 

Fig. 5. Zoomed restoration results of test image “Caps” corresponding to Figure 4:  
 (a) DWM output, (b) PGF output, (c) VMF-DD output 

 



V. CONCLUSIONS 

The following conclusions can be drawn based on the 
obtained simulation results. The ACWMF and SD-ROM 
algorithms achieve better detection ability for grayscale 
images. Meanwhile, the DWM filter demonstrates better 
image restoration abilities in terms of PSNR.   

The PGF algorithm is effective in noise detection for 
color RGB-images. Besides, earlier proposed VMF-DD 
algorithm outperforms PGF in terms of PSNR and NCD. 
Visual results of  restored images prove the results of 
objective quality assessment.  

The experimental results demonstrate the possibility for 
further improvement of the filters with detectors dealing 
with random-valued impulse noise removal from color 
images. Because of its low computational complexity, the 
proposed VMF-DD algorithm can be integrated in real-time 
denoising systems. 
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