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Abstract. To improve the resolution and reduce the noise in image, a framework 
of Multi-image super resolution reconstruction with Pepper and Salt noise is pro-
posed. In the low resolution imaging model, the processes of movement, blur, 
down-sampling and Pepper and Salt noise are considered. Firstly, for the multiple 
low resolution images, the Pepper and Salt noise in each image is reduced through 
median filtering method. Then, super resolution reconstruction is carried out on 
the multiple de-noised low resolution images through iterative back projection al-
gorithm. Experiments show that the visual effect and the peak signal to noise ratio 
(PSNR) of the super resolution reconstructed image is improved greatly.  
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1 Introduction 

Super resolution (SR) refers to reconstructing a high resolution (HR) image from 
one or multiple low resolution (LR) images, which is an efficient way to increase 
the spatial resolution with lower cost than hardware method.  

According to the number of the LR images, image SR mainly includes multi-
image SR and single-image SR [1-3]. As there are more complementary informa-
tion can be used, multi-image SR [4][5] is commonly researched to produce a HR 
image based on a set of images that were acquired from the same scene [6]. The 
degrading processes mainly include movement between the scene and the camera, 
the blur of the imaging system, the down sampling and system noise. In many pa-
pers, the movement with sub-pixel precision is estimated and utilized to recon-
struct a HR image [7] [8]. The blurring process is considered in some paper to im-
prove the quality of the SR image [9]. 
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In most of the SR reconstruction algorithms, the process of noise is seldom 
considered, which restrained the quality of the SR reconstructed image. The noise 
can worsen the quality of images and bring some difficulty to image analysis. 
Thus, noise should be considered in the framework of single-image SR reconstruc-
tion. 

In this paper, a framework of multi-image SR reconstruction method with Pep-
per and Salt noise is proposed. In the LR imaging model, the processes of move-
ment, blur, down-sampling and noise are all considered. The Pepper and Salt noise 
is reduced through median filtering method, and SR reconstruction is performed 
on the de-noised low resolution image by iterative back projection (IBP) algo-
rithm. 

2 Framework of multi-image SR reconstruction with Pepper  and 
Salt noise 

   The framework of multi-image SR reconstruction with Pepper and Salt noise 
is shown in Fig.1. Firstly, the original LR image is denoised through median filter. 
Then, SR image is reconstructed through iterative back projections algorithm. 

2.1 The LR Imaging Model 

According to the imaging process, the movement, blur, down-sample and noise 
are considered in the LR imaging model, as shown in Fig.1. The mathematical de-
scription of LR imaging model of multi-image SR reconstruction may be ex-
pressed as follows: 

Y=EBDF+N                                               (1) 
Where, F represent the HR image; Y represents the LR images; E is the movement 
process; B is the blur function; D is the down-sample process; N is the noise. 

Firstly, the HR image (F) is transformed by different movement parameters. 
Here, vertical and horizontal shift of camera are considered. Secondly, the trans-
formed images are blurred by convolving with a point spread function (PSF). 
Gaussian blur is the most common and is considered here. Thirdly, the blurred im-
ages are down-sampled by a given integer factor. Here, the down-sampled images 
are gained by taking the neighborhood average gray value of the blurred images. 
Finally, the down-sampled images are noised, and the final LR images are gained. 
Here, the Pepper and Salt noise is considered.   
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2.2 Iterative back projection method 

Among the current SR reconstruction methods, the iterative back projection 
(IBP) method has the virtues of small computational amount, fast convergent rate, 
good reconstruction effect, and so on. In addition, the estimated information about 
the LR imaging model can be well utilized in the IBP algorithm. If the LR imag-
ing model is estimated more accurately, the SR reconstructed image will achieve 
better quality.  

In IBP algorithm, by back projecting the estimation error between the esti-
mated LR image and the original image onto the HR image grid, the estimation er-
ror is gained to modify to estimated HR image. Repeating the above process until 
the iteration time is greater than a given number or the estimation error is less than 
a threshold, the SR image will be gained.  

According to this idea, the IBP algorithm may be expressed as follows:  

1
ˆˆ ˆ( )BP
k k kf f H y yλ+ = − −                                          (2) 

Here, the initial value of the estimated HR image ( 0̂f ) is taken as the interpo-
lated image of the reference LR image by Bilinear interpolation algorithm.  

2.3 Median filter algorithm 

The median filter algorithm is widely used due to good smoothing perfor-
mance for noise with long-tailed probability distribution and some image detail 
preserving capability. It is used to remove Pepper and Salt noise here. 

In median filter algorithm, the isolated noise points are eliminated by making 
the gay values be close to their real values. The gray value at a given point is re-
placed by the median gray value in the sliding window. In the sliding window, the 
gray values are sorted in ascending or descending way. The median filter may be 
expressed as follows: 

0( , ) { ( , ), ( , )}y i j med y i m j n m n W= − − ∈                  (3) 

Where, 0 ( , )y i j is the noised image; ( , )y i j  is the denoised image; W is a two di-
mensional sliding window. The sliding window is often taken as a K×K rectangle, 
where K is often an odd number. 

2.4 Framework of Multi-image SR 

According to the LR imaging model proposed in this paper and the idea of IBP 
algorithm, the framework of the multi-image SR reconstruction method with noise 
is shown in Fig.1. Here, k is the iteration time; f̂ is the estimated SR image; y is 
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the observed LR image; ŷ  is the simulated LR images of f̂  passed through the 
LR imaging model; B and D are the matrix forms of the motion blur and down-
sampling respectively; n  is the system noise; 1E− , 1B− ,  1D−  and 1n−  denote the 
inverse operation of E, B ，D and n; BPH  is the back projection operation; 
ŷ y−  is the difference of simulated LR image and the denoised LR image; λ  is 

the gradient step. 
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Fig. 1 Framework of Multi-image SR reconstruction with noise 

3. Exper iments 

Experiments are performed on simulated LR image to test the algorithm objec-
tively and subjectively. In order to avoid boundary effects caused by movement, 
the test image ‘lena.bmp’ of size 256×256 pixels as shown in Fig.1 is added with 
a zero-window zero window with size of 16 pixels around it, which results in a 
simulated high-resolution image of size 288×288 pixels as shown in Fig.3.  

The simulated HR image in Fig.3 is passed through the LR imaging model as 
shown in Fig.1 to simulate 5 LR images. Firstly, the HR image is shifted horizon-
tally and vertically with a range of [-5,5] pixels respectively. The movement pa-
rameters are shown in table 1. Secondly, the 5 transformed images are convolved 
by a Gaussian PSF with size of 7 and standard deviation of 0.1 respectively. 
Thirdly, the blurred images are down-sampled by a factor of 2 in horizontal and 
vertical direction. Finally, Pepper and Salt noise with density of 0.1 is added. The 
generated LR images with size 144×144 are shown in Fig.4.  
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             Fig.2 Original HR image.                   Fig.3 Simulated HR image. 
 

 
Table 1 The movement parameters in horizontal and vertical directions. 

Parameters E1 E2 E3 E4 E5 

Horizontal shift 0 -4.3487 2.4547 -2.6452 4.3456 

Vertical shift 0 -2.5463 -3.5671 3.2747 -3.6857 
 

         
   (a)                                   (b)                                     (c) 

    
  (d)                                (e) 

Fig.4 The simulated LR images. 
Taking the first LR image as the reference image, using the method proposed 

in this paper, the SR reconstructed image is shown in Fig.5. The peak signal to 
noise ratio (PSNR) of the SR image is 34.5077dB. If image denoising process 
isn’t performed, the SR of the LR image, and the 2 times Bilinear interpolated im-
age of the denoised reference LR image is shown in Fig.6. The 2 times Bilinear in-
terpolated image of the LR image is shown in Fig.7. The mean square error (MSE) 
and PSNR of these three methods are shown in Table 2. 
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      The experimental results show the effectiveness of the proposed method. The 
Pepper and Salt noise is restrained in the SR reconstructed image. The SR recon-
structed image has better visual effect and higher PSNR than other two methods. 
 

      

 

     

 
Table 2. The MSE and PSNR of different methods. 

Performance 
parameters Fig.5 Fig. 6 Fig.7 Fig.8 

MSE 23.0307 24.7700 69.6092 34.7155 
PSNR (in dB) 34.5077 34.1915 29.7041 32.7256 

Fig.6 The interpolated image of de-
noised  reference LR image. Fig.5 The SR reconstructed image of 

the denoised LR images. 

Fig.7 The SR reconstructed image of 
the LR images. 

Fig.8 The interpolated image of the 
reference LR image. 
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 4. Summary 

    A framework of multi-image SR reconstruction with Pepper and Salt noise is 
proposed. The degrading processes of movement, blur, down sample and noise are 
considered in the LR imaging model. The gained LR image is denoised by median 
filter. The SR image is reconstructed through IBP algorithm, in which the LR im-
aging processes are considered. The Pepper and Salt noise are well restrained in 
the SR reconstructed image, and the PSNR is improved. In future work, how to re-
serve the detail information when removing noise will be researched to make fur-
ther efforts in improving the SR reconstructed image. 
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