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요 약

희소성이 높은 신호를 압축센싱을 할 경우 기존의 Nyquist/Shannon 이론을 바탕으로 하는 샘플링 방법 보다 낮은 측정율 만으로도

신호의 복원이 가능하기 때문에 이를 활용한 많은 응용 연구가 이루어지고 있다. 영상신호의 경우 특히 블록기반 압축센싱 기법이 주

로 고려되고 있는데, 대부분의 경우 측정 영역에서의 공간적 유사도가 동일하다는 가정 하에, 각 블록에 동일한 측정율을 할당하여 왔

다. 이를 개선하기 위해, 본 논문에서는 프레임 내의 각 블록에 대하여 경계선 정보를 구하고, 각각의 특성에 따르는 적응적 샘플링

율 기법을 제안한다. 제안하는 방법은 측정영역에서의 블록 간 유사도를 구해서 경계선 정보를 많이 포함하는 블록일수록 많은 측정율

을 할당한다. 실험 결과, 자연영상에 대해 제안하는 적응적 율 할당 기법은 고정 측정율을 사용한 기존 방법에 비해 객관적 (최대

3.29 dB 향상) 및 주관적 화질이 뛰어나다는 것을 보여준다. 

Abstract 

Compressive sensing (CS) has drawn much interest as a novel sampling technique that enables sparse signal to be sampled 
under the Nyquitst/Shannon rate. By noting that the block-based CS can still keep spatial correlation in measurement domain, this 
paper proposes to adapt sampling rate of each block in frame according to its characteristic defined by edge information. 
Specifically, those blocks containing more edges are assigned more measurements utilizing block-wise correlation in measurement 
domain without knowledge about full sampling frame. For natural image, the proposed adaptive rate allocation shows considerable 
improvement compared with fixed subrate block-based CS in both terms of objective (up to 3.29 dB gain) and subjective qualities.

Keyword : Block-based Compressive Sensing, Adaptive Measurement Rate, Edge Detection.
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I . Introduction

Nyquist/Shannon sampling theorem is the basis for sig-
nal acquisition in digital signal processing, which tells that 
a band-limited signal should be sensed at a rate of being 
at least twice of the signal bandwidth for perfect recons- 
truction. However, for high dimensional signal, according 
to huge amount of samples, the cost of sampling and en-
coding thereafter might be impractical for some applica-
tions having limited sampling/encoding resources, such as 
surveillance camera or satellite imaging. Alternatively, a 
new signal sampling technique named compressive sensing 
(CS) overcomes this problem by sensing a sparse signal 
containing very few non-zero elements at a sub-Nyquist 
sampling rate while still guaranteeing exact reconstruction 
with sufficient amount of measurements. 

In CS for image/video, block-based CS (BCS) scheme, 
where non-overlapped blocks are sensed separately, re-
quires much less memory for storing measurement matrix; 
as a result, it deems to be more practical. However, con-
ventional BCS considers all blocks equally, i.e., all blocks 
are sampled at the same subrate, disregarding the fact that 
blocks in a frame with different sparsity level (due to their 
different contents) may need different number of measure-
ments for reconstruction. The subrate is the ratio of sample 
numbers used with and without compressed sensing 
scheme, so it is a number between 0 and 1. For example, 
a subrate of 0.5 means that the number of sampled data 
is reduced by half by using compressed sensing scheme. 
Note that, a smooth block has more compressible repre-
sentation in transform domain (e.g., Discrete Cosine 
Transform or Discrete Wavelet Transform) than a complex 
block having more edge, texture or detail; so that a smooth 
block needs fewer measurements than a complex block to 
achieve the same recovery precision.

In prior researches on adaptive CS of video [1-2], the 
adaptive subrate of block is conveyed from decoder to en-

coder via a feedback channel. However the feedback channel 
may not be always available in practical situation, especially 
in real time application due to its potentially high delay. In 
other approaches [3-4] for image/video, the authors proposed 
to assign an adaptive subrate for a block based on its edge 
information under availability assumption of the original im-
age (i.e., raw data that is fully sampled) for detecting edge 
pixels. Here, they somehow lose the advantages of CS (CS 
combines the sampling and compression into one step; 
hence, raw data is unavailable at encoder). 

In this paper, we propose a method to adapt the subrate 
of block for image system. Subrate of each block is as-
signed according to its characteristic so that complex 
blocks are assigned more measurement data than smooth 
blocks without assuming availability of original image. 
Note that properly designed CS system should be able to 
preserve signal information pretty well from spatial domain 
to measurement domain. Under this assumption, we exam-
ine each block for its characteristic by performing edge de-
tection in measurement domain with neither referring to 
raw data nor requiring feedback channel. The way we eval-
uate block's characteristic in measurement domain makes 
adaptive CS system become more simple and practical. 
Eventually, for image, the subrate assigned to each block 
is estimated proportionally to the number of edge pixels 
in the given block, i.e., the more edge pixels a block con-
tains, the higher subrate the block is assigned to. 
Experimental results manifest superior improvement of the 
proposed method compared with conventional scheme of 
a fixed subrate BCS.

The remainder of this paper is organized as following: 
Section II introduces the related works. Section III presents 
the proposed method of adapting subrate of BCS based on 
edge information. Experimental results and analyses are 
shown in Section IV. Finally, Section V concludes the 
paper.
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II . Related works

1. Compressive Sensing 

A finite-length signal ∈  is called -sparse if it has 
at most  non-zero coefficients for some ≪. Com- 
pressive sensing (CS) [5] is an emerging framework which 
can reduce the sampling cost; it is proved that a -sparse 
signal   can be recovered from far fewer measurements 

∈  (i.e.,     ) than the Nyquist/Shannon sam-
pling rate where the measurement vector  is a linear pro-
jection of the signal   by a measurement (or sensing) ma-
trix  as:

   (1)

The ratio of   is called the subrate (or, measurement 
rate), which represents how much sub-sampling is done 
since    . Note that, the measurement matrix  needs 
to satisfy the restricted isometry property (RIP)[6]. Matrix 
  satisfies RIP of oder- if there exits a ∈   hold-

ing for all -sparse vector   such that:

∥∥
 ≤∥∥

 ≤∥∥
 (2)

In fact, most of the natural signals are not exactly sparse, 
but can be sparsely represented in a proper transform do-
main, or compressible in some transform domains. By as-
sumption that the signal  , through a sparse transform with 

its kernel  , can be represented as    , where   is 
the transform coefficient of  , and the signal   is sparse 
(or at least compressible); the sparse vector   of the signal 
  can be recovered from the   measurements, 

      by  -minimization as following:

  min∥∥  such that    (3)

where the -norm ∥∥  is number of non-zero vector 

elements of  . However, the  -minimization is a non-con-

vex problem, which means potentially very difficult to 
solve, especially when the number of vector elements are 
large. Instead, CS solves (3) by  -minimization, which is 

a convex optimization problem, as:

  min∥∥  such that   (4)

Here, ∥∥ 
 



 is the -norm of  .

It is already known that CS can successfully recover a 
-sparse signal under the condition that the number of ac-
quired measurements   should satisfy [7]:

 log

 (5)

There are many algorithms to solve the CS re-
construction problem; for example, Matching Pursuit [8], 
Orthogonal Matching Pursuit [9], Multiple Candidate 
Matching Pursuit [10], SL0[18], or TVAL3[19] algorithms.

2. Block-based Compressive Sensing

In CS for image/video processing, the block-based CS 
(BCS) method has been proposed to reduce the complexity 
of system [11-13]. An input image is split into non-over-

lapping blocks denoted by ∈  

 where  is a block 

index,   is a column vector with    elements, each of 
which is a pixel value inside the -th ×  block. Then, 
blocks are compressively sampled into measurement do-

main as   
  where ∈ is a column vector 

measurement and   is a  ×
  measurement matrix; 

in this case, subrate of a block is calculated as a ratio of 


 . The measurement matrix of a whole frame is a 

block-diagonal matrix as:
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그림 1. 부드럽고 복잡한block에 대한 절대 DCT 계수의 내림차순 정렬
Fig. 1. Sorted descendance of absolute DCT coefficients of smooth and complex block.

 








⋱







For recovery, [11] suggests a procedure that combines 

projected Landweber iteration with smoothing in the form 
of Wiener filtering. The overall process of BCS sampling 
and SPL reconstruction are called BCS-SPL. An improve-
ment of BCS-SPL is also presented in [12].

III . Rate allocation for block-based 
compressive sensing

It is worth noting that BCS still keeps the block correla-
tion in spatial domain also in measurement domain [13-15]. 
S. Mun et al. empirically confirmed the high correlation 
among measurements of BCS using Lena image, which 
showed average correlation even larger than 0.95 [13].

Additionally, characteristic of natural image is changed 
from region to region. Some regions can be smooth, while 
others can be complex with many objects. As a result, the 
sparsity (or compressibility) of image is also changed with 

different regions. Fig. 1 shows us more clearly about this 
problem. From original Lena image, we extract two blocks 
with two different characteristics; the upper one locates in 
a smooth region and the lower one locates in a complex 
region with many edge information (see the edge image on 
the left side). And then, DCT transformation is applied for 
two those blocks. Obviously, the sorted in descending or-
der of absolute DCT coefficients of upper one decrease 
much quickly than the lower one. That means the upper 
one (smooth block) is more compressible than the lower 
one (complex block). As a result, smooth block needs less 
measurements than complex block to achieve equally re-
constructed performance. 

Motivated by the correlation among BCS measurements, 
we detect edges in image using the measurement data only. 
That is, if the block measurement data of blocks at an ini-
tial subrate   (i.e., same original subrate for all blocks) 

     is block-averaged as:

 


  (6)

where  is the measurement vector of a -th block , and
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그림 2. 측정 영역에서의 경계선 검출 (측정율 0.4에서 512x512 해상도 및 8x8 블록 크기를 갖는 Lena 영상)
Fig. 2. Edge detection in measurement domain (512x512 Lena image with block size 8x8, subrate 0.4)

   is a mean value of measurement vector . Then   

is reshaped into a form of 2D image   , 

we can see a roughly estimated original image in a low 

resolution (i.e.,   still has good spatial correlation 

among blocks in measurement domain). Subsequently, the 

reshaped image   is scaled up to original image size 

by a bicubic interpolation [16]   where   

is the bicubic interpolation operator. Interestingly, the inter-
polated image still clearly contains edges and boundaries 
of the original image, and therefore, a typical edge de-
tection algorithm is expected to identify those edge pixels 
well. 

Fig. 2 shows the whole process of edge detection in meas-
urement domain. Clearly, the detected edge image shows 
edges quite well. Thus, it is possible to characterize blocks 
based on the edge information, for example, a smooth block 
will contain very few edge pixels while a complex block will 
contain many edge pixels. By this way, it is expected that 
the more complex (less compressible) the block is, the more 
edge pixels the block contains. Therefore, in this paper, we 
estimate the sparsity of -th block proportionally with num-
ber of edge pixels in block as:

 
     

      
(7)

The bigger  means that block is less compressible.

On the other hand, the number of required measurements 

for CS reconstruction depends much on the sparsity of 
block as shown in (5); hence, a sparser block needs fewer 
measurements [1]. Thus we should look for a way to sam-
ple each block with its proper subrate adaptively. In this 
paper, the rate allocation for each block is based on the 
edge image - blocks containing more edges (i.e., more 
complex) are sampled with a higher subrate than otherwise. 

The whole proposed compressed sensing system is 
shown in Fig. 3; sparsity estimation is equivalent to edge 
detection process which determines the edge information in 
each block. The subrate of each block is assigned propor-
tionally to spasity of block as following:

그림 3. 제안하는 적응적 BCS 방법에 대한 블록 다이어그램
Fig. 3. Diagram of proposed adaptive BCS for image

 × (8)

where  is an adaptively selected subrate for -th block; 

  is the minimum subrate of block.   is firstly setup 

  × , ( is predefined parameter to determine how 
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Image Subrate

CS recovery
ISD [17] SL0 [18] TVAL3 [19]

Anchor Proposed ∆ Anchor Proposed ∆ Anchor Proposed ∆

Lena

0.2 21.91 24.41 2.50 23.77 25.60 1.83 26.35 28.05 1.70

0.4 28.92 30.44 1.52 28.05 29.77 1.72 30.29 32.33 2.04
0.6 33.47 35.15 1.68 31.61 33.18 1.57 34.11 35.82 1.71

Barbara
0.2 19.21 20.28 1.07 20.57 21.36 0.79 22.30 22.94 0.64

0.4 25.25 26.01 0.76 24.19 25.19 1.00 24.64 25.62 0.98
0.6 29.64 30.93 1.29 27.57 28.99 1.42 26.90 27.89 0.99

Boat

0.2 20.60 21.74 1.14 21.73 22.98 1.25 24.75  25.67 0.92

0.4 26.36 27.23 0.87 25.49 26.50 1.01 28.29  29.59 1.30

0.6 30.57 31.91 1.34 28.67 30.00 1.33 31.86  33.01 1.15

Cameraman

0.2 21.58 24.87 3.29 22.45 25.66 3.21 25.40 27.50 2.10

0.4 29.37 31.86 2.49 28.72 31.79 3.07 29.72 32.90 3.18
0.6 36.27 39.31 3.04 34.80 37.92 3.12 34.26 37.28 3.02

표 1. 블록크기 8x8에서의 여러 CS복원 방법에 대한 실험 결과 [PSNR in dB] 
Table 1. Experimental results with various CS recovery methods for block size of 8x8 [PSNR in dB]

small the minimum subrate assigned for each block is, 
    ). The meaning of   is to guarantee that the sub-

rate assigned for each block is not so small compared with 
  which can make unstably or inaccurately in reconstruction 

and we may not get the improvement. Parameter  is a con-
trol parameter (its value is calculated below)

The subrate of each block is adjusted so that the final 
subrate of whole image is not changed compared with   

such that:


  



 × (9)

where   is the number of blocks in image . From (8) 
and (9):


  



 ××
  



 × (10)

⇒ 


  





× 

(11)

The value of  in (11) is then substituted into (8) to cal-

culate subrate of each block. However, if the assigned sub-
rate for a block exceed 1 (which is nonsense  in CS system 
since number of measurements is not higher than signal 
length),   is adjusted by increasing  (note that   is still 

smaller than 1), and then subrate assigned for each block 
is re-calculated. 

As a result, a smooth block may be assigned a smaller 
subrate than   while a complex block is assigned a higher 

subrate than  . Finally, since smooth blocks are assigned 

subrate lower than  , we only take required number of 

measurement  × from . Otherwise, those complex 

blocks are assigned with higher subrate than  , we have 

to sample more  ×   measurements. 

IV. Experimental results

In this section, performance of the proposed method is 
presented using four 512x512 gray natural images, namely, 
Lena, Barbara, Boat, and Cameraman. At encoder, the in-
put image is split into small non-overlapped blocks and 
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Image Subrate

CS recovery
ISD [17] SL0 [18] TVAL3 [19]

Anchor Proposed ∆ Anchor Proposed ∆ Anchor Proposed ∆

Lena
0.2 25.66 26.65 0.99 24.52 25.61 1.09 28.06 28.71 0.65

0.4 30.83 31.72 0.89 28.89 29.76 0.87 32.61 33.34 0.73

0.6 35.05 36.22 1.17 32.32 33.43 1.11 36.18 37.26 1.08

Barbara

0.2 22.92 23.07 0.15 21.72 21.98 0.26 22.80 22.88 0.08

0.4 27.52 28.04 0.52 25.61 26.19 0.58 24.93 25.55 0.62

0.6 31.86 32.43 0.57 29.32 30.02 0.70 27.19 27.88 0.69

Boat

0.2 23.17 23.74 0.57 22.13 22.45 0.32 25.84 26.41 0.57

0.4 27.70 28.31 0.61 25.69 26.30 0.61 30.02 30.46 0.44

0.6 31.87 32.39 0.52 29.25 29.87 0.62 33.54 34.02 0.48

Cameraman

0.2 25.42 27.45 2.03 24.32 26.27 1.95 27.34 28.98 1.64

0.4 32.43 34.56 2.13 31.11 33.07 1.96 32.77 34.96 2.19

0.6 39.25 41.13 1.88 38.16 40.11 1.95 37.48 39.36 1.88

표 2. 블록크기 16x16 에서의 여러 CS 복원 방법에 대한 실험 결과[PSNR in dB]  
Table 2. Experimental results with various CS recovery methods for block size of 16x16 [PSNR in dB]

Image Subrate

CS recovery
ISD [17] SL0 [18] TVAL3 [19]

Anchor Proposed ∆ Anchor Proposed ∆ Anchor Proposed ∆

Lena

0.2 0.773 0.822 0.049 0.814 0.854 0.040 0.862 0.896 0.034

0.4 0.929 0.936 0.007 0.918 0.929 0.011 0.947 0.957 0.010

0.6 0.974 0.978 0.004 0.961 0.966 0.005 0.978 0.982 0.004

Barbara

0.2 0.682 0.722 0.040 0.731 0.767 0.036 0.766 0.793 0.027

0.4 0.891 0.895 0.004 0.878 0.887 0.009 0.870 0.889 0.019

0.6 0.957 0.965 0.008 0.938 0.949 0.011 0.926 0.939 0.013

Boat

0.2 0.714 0.733 0.019 0.741 0.785 0.044 0.828 0.847 0.019

0.4 0.895 0.897 0.002 0.881 0.887 0.006 0.927 0.933 0.006

0.6 0.961 0.964 0.003 0.941 0.947 0.006 0.969 0.971 0.002

Cameraman

0.2 0.816 0.872 0.056 0.837 0.897 0.060 0.893 0.925 0.032

0.4 0.950 0.961 0.011 0.946 0.960 0.014 0.961 0.975 0.014

0.6 0.988 0.992 0.004 0.984 0.989 0.005 0.987 0.991 0.004

표 3. 여러 CS 복원 방법에 대한 실험 결과 [SSIM index]   
Table 3. Experimental results with various CS recovery methods [SSIM index]

then mapped into measurement domain by an i.i.d. random 
Gaussian. In our experimental results, we tested three sub-
rates 0.2, 0.4, 0.6 with two block sizes of 8x8 and 16x16. 
Performance of the proposed method is evacuated using 
three reconstructed algorithms: Iterative Support Detection 
(ISD) [17], Smoothed L0 Norm (SL0) [18], and total varia-

tion (TVAL3) [19]. For edge detection, Canny edge de-
tection algorithm is used considering its good performance 
compared with other edge detection algorithms [20]. 
Additionally, value of 2/3 is assigned for the initiation of 
parameter . More detail result of the experiments is shown 
in Table 1, Table 2, Table 3 and Fig. 4.
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(a) Original image
(b) Fixed subrate
PSNR=26.35 dB; 

SSIM=0.862

(c) Proposed method
PSNR = 28.05 dB;

SSIM=0.896

그림 4. 블록크기 8x8 및 측정율 0.4에서 TVAL3 기반 복원 알고리즘을 통해 산출된 영상 간 화질 비교
Fig. 4. Visual quality comparison using TVAL3 CS recovery algorithm with block size 8x8. subrate 0.2 

Table 1 shows performance of various CS recovery 
method with a block size of 8x8. Clearly, the proposed 
method gains remarkably compared with the case of fixed 
subrate BCS. Those images with much detail, like Barbara, 
show PSNR improvement of 0.64 dB to 1.42 dB. With 
smooth images, like Cameraman, the improvement is up to 
3.29 dB (subrate 0.2 with ISD algorithm).

Additionally, Table 2 shows the performance of CS re-
covery with block size of 16x16. Obliviously, performance 
of the proposed method is better than the fixed subrate 
BCS; however, improvement of the proposed method with 
block size of  16x16 is lower than that with block size of 
8x8. It is because the block size of 8x8 is better in keeping 
the block correlation and the spatial information is also pre-
served well in measurement domain than the block size of 
16x16. The proposed adaptive subrate assignment for each 
block becomes more accurate leading to higher perform-
ance in CS recovery.

Moreover, Table 3 shows visual comparison between the 
fixed subrate BCS and the proposed method by SSIM in-
dex with block size 8x8; it is obvious that, in all cases, 

the proposed method presents better performance. For more 
clearly, Fig. 4 illustrates an example of cropped Lena im-
age at subrate 0.2 and TVAL3 algorithm. Fig. 4(c) shows 
better in visual quality (the fine detail becomes much clear-
er) compared with Fig. 4(b), especially in some complex 
regions which contains much edge information (subrate for 
those blocks in this region is high) leading to good re-
constructed block both in subjective and objective qualities. 

V. Conclusion

In this paper, an adaptive rate allocation for BCS of 
images is proposed. The characteristic of block is defined 
based on edge detection and then subrate of each block 
is assigned commensurably to how many edge pixels it 
contains in the edge image - blocks containing more 
edges are assigned more measurement data than others. 
The experimental results showed remarkable improve-
ment of the proposed method compared with the fixed 
subrate BCS.
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