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Abstract — Compressed sensing cannot be sampled in real-time and is computationally intensive. This paper deals with image 
blocks, and makes some improvements for the traditional block approach. Under the same number of measured values we make 
the image to have higher reconstruction accuracy and shorter reconstitution time. We construct a block compressed sensing 
algorithm based on classification. First, according to the number of high frequency information, the image block is divided into two 
types of texture blocks and flat blocks. Then, the texture block adopts more measured values and number of iterations, and the flat 
block uses less measured value and number of iterations. Finally, an improved total variation algorithm is used to remove the false 
boundaries between image blocks. Experiments show that the reconstructed images using this method have a good visual effect, 
which improves the signal to noise ratio by 2.6dB - 3.2dB. 
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I. INTRODUCTION 

Image processing is the processing of image information, 
in order to meet the requirements of human vision, 
psychological and practical applications. Image processing 
can bapply optics method, can also apply electronically 
method. From the beginning of the 1960s, with the 
development of computer technology, digital image 
processing gained rapid development. Digital signal 
processing technology opens up new and broad road for 
image processing, making it more convenient according to 
the needs of people working on a variety of images or 
extractting a variety of information from the image. The date 
of which is yet to produce, image processing technology has 
been applied to various fields including industry, agriculture, 
meteorology, oceanography, geology, environmental 
protection, communications, law, biology, medicine, 
military, etc.. it plays more in the production and life of 
human society to the more extensive and significant role [1-
2]. 

Spatial resolution is an important indicator of image 
quality. High resolution means higher pixel density and fine 
detail. This will not only be able to provide more information 
[3], but also conducive to further analysis and processing. 
Since the 1970s, CCD image sensor has been widely used in 
digital image acquisition. People want to the image quality 
getting from the sensor can be close to 35 mm analog film. 
Enlarge the image does not appear square effect. Therefore, 
to improve the spatial resolution of the image has a very 
urgent need [4]. 

With the continuous development of science and 
technology, massive data processing requirements continue  
to increase [5]. Especially for the sample images and video, 
they are tend to produce large amounts of data. This has put 
forward higher requirements for sampling data compression 

technology. Most of today's sampling compression 
technology is completed under the constraint of Nyquist 
sampling theorem [6]. Nyquist sampling theorem states that 
when the sampling frequency is greater than or equal to 
twice the highest frequency of the signal, sampling the later 
digital signal is just able to fully retain the original 
information of the signal [7]. In other words, the signal must 
be band-limited signal, otherwise the signal can not be 
accurately restored. In nature many of the signal bandwidth 
is very large, and even many ultra-bandwidth signals, such as 
radar signals. This requires great physical device sampling 
rate. But this will increase the cost of sampling and the cost 
is great. Moreover, quantized compression for a large 
number of data samples may reduce the quantization 
accuracy and the reconstructed signal quality will decline [8-
9]. 

The rest of the paper is organized as follows. In Section 
II, the image registration principle and process analysis are 
summarized briefly. In Section III, the geometric 
transformation model of image is described. In Section IV, 
experiments are presented and the results are discussed. 
Finally, a conclusion is provided in Section V. 

II.  THE IMAGE REGISTRATION PRINCIPLE AND 

PROCESS ANALYSIS 

Image registration refers to the matching process at the 
corresponding point for the reference image and the image in 
the same scene. Registration algorithm is the mapping that 
can accurately correspond to two image in this matching 
process [10]. The reference image and the image are 
represent by two-dimensional array , respectively and  . Then 
the mapping relationship between two images can be 
expressed as: 

                         
2 1( x, y) g( ( f ( x, y) ) )A A           (1) 
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Of which, f is the two-dimensional space coordinate 
transformation, and g is the gradation transformation 
function [11]. In general, image registration can be divided 
into four steps: 

1) extracting image features; 
2) matching image features; 
3) estimating image geometric transformation model; 
4) the image inserted; 
To achieve image registration, we must first use a 

similarity measure to determine the degree of match between 
the image features. Different images types correspond to 
different similarity measurments. Different similarity 
measurments also correspond to different methods for 
registering. Depending on the similarity measure, we can 
summarize the regional registration method for two, 
respectively based registration and feature-based methods. 

A.  Registration method Based area 

Similarity measure of this method is calculated using the 
gray level information derived registered images, and need to 
search the entire image. When search that a similarity 
measure of mage pixel takes the most i value, it is considered 
that the transformation model is the optimal registration 
parameters estimates. The advantage of this method is that 
the use of all the gray-scale information of the image, and 
not to extract the salient features of the image registration 
can be performed. Therefore, it has relatively high estimation 
accuracy, better robustness. However, due to the need to 
compute all of the matching points within the area around the 
gradation information, the amount of calculation is relatively 
large, slow. So it is more suitable for small window image 
registration. 

According to the criteria in information theory concepts 
and maximize the amount of information on mutual 
information for image registration algorithm is called mutual 
information. For different illumination image registration of 
this method is more suitable. For the reference image A and 
image B to be registered, which mutual information may be 
defined as: 

                       ( A, B) H( B) H( B| A)MI            
(2) 

 represents the entropy of A. 

B.  Method based on image features 

As many gray image features vary greatly, preclude the 
configuration based on gray with less effective. Therefore, 
based on image feature registration method is used more 
approach. There are some notable image feature points, such 
as edge points, corner points. This method is that the image 
registration is performed by extracting the feature points as a 
reference. 

Because it extracted from the image obvious feature 
points, without calculation of gray, so the small amount of 
calculation, the registration rate, and is suitable for different 
variations of gray images. However, because of the gray 
images using only small part, so the method for feature 
extraction and feature matching higher accuracy 

requirements. This requires a more reliable method of 
extracting features and adaptability good match strategy. 

C. Vandewalle frequency domain image registration 

Vandewalle proposed a new frequency-domain image 
registration algorithms. Taking into account the low-
frequency portion of the highest signal to noise ratio without 
the presence of aliasing, LR algorithm uses only the low-
frequency image information arithmetic. 

It was found that, compared with the frequency domain 
methods proposed by Lucchese et al and the airspace method 
proposed by Keren et al, Vandewalle frequency-domain 
registration method has more accurate estimate for LR image 
sequences displacement and rotation parameters. When the 
image has a strong directionaa, this algorithm has more 
obvious advantages, as shwon in figure 1. 

      

Figure 1 (Left) Frequency Values of the Original Super Resolution Image 
(Right) Frequency Values of the Rotated Super Resolution Image 

III.  GEOMETRIC TRANSFORMATION MODEL OF 

IMAGE 

After the success of the feature point matching,needs to 
estimate the geometric transformation model between the 
image and the reference image, making that the image and 
the reference image are matched in the same coordinate. 
Geometric transformation model means selecting a 
transformation model to fit this deformation, by estimating 
the geometric distortion of two registered images. The 
transformation model is called the geometric transformation 
model. Which need to be addressed is to select the 
appropriate geometric transformation model and solve the 
transformation parameters. According to the characteristics 
of the imaging system and registration accuracy, choose 
geometric transformation model (Hua Huang,, et al, 2011). 

Image geometric transformation can be divided into two 
types: global transformation and local transformation. Global 
transformation model can estimate the whole image 
transformation using only one transformation function. The 
partial transformation model must divide the whole image 
into many small blocks (such as triangles), estimate the 
transformation parameters for each individual small images. 
 Common global geometric transformations are the 
following: 

(1) Translational transformation 
Assuming that the input image and the output image are 

represented by ( x , y )i iI  and 
o( x , y )oO  . Their 
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transformation relation is related to the relative offset 
between the two images. The conversion relation is: 

               

1 0 0

, , 1 , , 1 0 1 0

0 0 1
i ix y x y

 
         
             (3) 

(2) Scaled transformation 
Scaled of image space size can be calculated according to 

the following relationship: 

         

0 0

, , 1 , , 1 0 0

0 0 1

x

i i y

f

x y x y f

 
 

        
 
         (4) 

(3) Rotation transformation 
The input image is rotated around the origin of the 

Cartesian coordinate system, and its coordinate 
transformation is performed as follows: 

              

cos si n 0

, , 1 , , 1 si n cos 0

0 0 1
i ix y x y

 
 

 
          
      

(5) 

IV.  COMPUTATIONAL RESULTS AND 

COMPARISONS 

In the case that image sparsity is well, after M has been a 
certain extent, then increase M will not have much help for 
image quality. Therefore, using the same M to textured block 
for will result in waste of resources. Texture block can also 
cause low reconstruction accuracy because of the using of 
the same sparse strong smoothing block M. Therefore, in the 
case of overall image of the same number of measured 
values, the number of smoothing block value measurements 
can be reduced, increasing the number of texture blocks 
measured values. Similarly, we can reduce the number of 
iterations of smoothing block during the reconstruction, 
increasing the number of iterations of textured blocks.  

 

Figure 2. Image Reconstruction SNR 

In the same measured value and the number of iterations 
of the whole image, Figure 3 is the PSNR value result of a 
smooth block and detail block atfer classification processing 

and unsorted processing. Can be found after the 
classification process, PSNR value can be increased by about 
0.9dB, enhance the overall image of the visual effects. 

Figure 4 is reconstruction image result of using block 
compression algorithm of this article and one kind of 
classical algorithm. You can find that the inamge using the 
image reconstruction algorithm of this article is significantly 
better than the reuslt of other classical algorithms. 

 

Figure 3. The PSNR Results of Image Classified and Unclassified 

       

Figure 4. General reconstruction algorithm result (left) and Block 
Compressed Sensing-Based reconstruction algorithm result (right) 

V.  CONCLUSION 

In this paper, for the problem that compressed sensing 
cannot real-time sampling and is computationally intensive, 
this article will deal with image block, then makes some 
improvements for the traditional block approach, under the 
same number of measured value, making that the image has 
higher reconstruction accuracy and shorter reconstitution 
time. This paper constructs block compressed sensing 
algorithm based on the classification. First, according to the 
number of high frequency information, the image block is 
divided into two types of texture blocks and the flat block. 
Then, the texture block adopts more measured values and the 
number of iterations, and the flat block uses less measured 
value and number of iterations. Finally, an improved total 
variation algorithm is used to remove the false boundaries 
between image blocks. 
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