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Abstract: We present an architecture for an image acquisition process that enables to acquire and compress 
high resolution visual data, without fully sampling the entire data at its highest resolution, using significantly 
less measurements. In some cases, our approach simplifies and improves upon the existing methodology of the 
new and emerging field of compressed sensing, by replacing the ‘universal’ acquisition of pseudo-random 
measurements with a direct and fast method of adaptive wavelet coefficient acquisition. The main advantages of 
this direct approach are that the decoding algorithm is significantly faster and that it allows more control over 
the compressed image quality, in particular, the sharpness of edges. 

 
 
 



1. Introduction 
 

1.1.   Exisiting image acqusition architecture 
 
 
Today’s acquisition devices are producing larger and larger datasets. There is a clear market demand for 

increase of resolution in digital cameras and videos. There are is also an increasing number of applications for 
multi-sensor architectures, producing even larger signal dataset. The traditional approach to dealing with this 
data explosion is to apply compression methods after(!) the acquisition process of the huge dataset. 

Let use focus on the example of the digital camera. Assume x  is a digital image consisting of N  pixels that 
we wish to acquire. Some digital cameras perform the acquisition using an array of N  Charged Coupled 
Devices (CCDs). After exposure to the optical image, the charges on its pixels are read row by row, fed to an 
amplifier and then undergo an analog-to-digital conversion. Another technology, Complementary Metal Oxide 
Semiconductor (CMOS) allows Today’s professional cameras to acquire about 12 million pixels 
( 3000 4000× ). 

Once the digital image x has been acquired, it is usually compressed. In most digital cameras the user has 
the capability to control the compression/quality tradeoff, through the camera settings. The standard 
compression algorithms JPEG and JPEG2000 are both ‘transform-based’ and work as follows: 

a. Apply a transform to the image Tx c=  (wavelet in the case of JPEG2000, local Discrete Cosine in the case 
of JPEG), thereby obtaining N  coefficients. One obtains exactly N  coefficients for ‘critically-sampled’ 
transforms and possibly more for redundant transforms when using frames.  

b. Apply a quantization process to the transform coefficients c , such that we are left with a sparse 
representation consisting of approximations to only k  of the coefficients, with k N<<  ( k  significantly 
smaller than N , in relative sense).  

c. Apply entropy coding to the quantized coefficients, thereby generating a compressed bit-stream. Typically, 
the compression ratio, i.e. the ratio between the size of the compressed image and the size of the image is 
k N  for grayscale images. 

In Figure 1 we see a sparse wavelet representation of the image Lena and a compressed version of this image, 
where the compression algorithm was based on the sparse representation. Note how the significant wavelet 
coefficients, i.e. the coefficients with the relatively large absolute value, are located on strong edges of the 
image.  

 



 
                              (a)  Sparse wavelet representation                 (b) Compressed image 

Figure 1 (a) Sparse wavelet representation of an image. Black- significant coefficient, white – insignificant 
coefficient (b) JPEG2000 compressed image based on the sparse representation of (a) with compression 

ratio of 1:23. 
 

1.2. The Compressed Sensing Paradigm  
 

As we have seen, roughly speaking, today’s acquisition devices are obtaining very large datasets, which are 
immediately reduced by signal processing techniques to a smaller dataset. A new signal acquisition paradigm, 
Compressed Sensing (CS) ([ 1], [ 3], [ 4], [ 6]) tries to improve this process by providing mathematical tools that, 
when coupled with specific acquisition hardware architectures, can perhaps reduce the acquired dataset sizes, 
without reducing the resolution or quality of the compressed signal. The mathematical framework of CS is as 
follows: 

1. Acquire n N<<  measurements, using a ‘special’ sampling matrix Φ , by computing for a signal x  
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2. Since the dimension of vector of the acquired samples y  is ‘substantially’ smaller than the dimension of the 

signal, we obviously obtain some initial compression, which can be further augmented by applying lossy or 
lossless compression to the vector y .  

3. Similarly to standard transform-based compression techniques, the paradigm of CS is based on the 
assumption that the signal x  has a sparse representation in some basis such as wavelets. This means that we 
assume that there exists a known fixed transform T , such that from the N  (or more) transform coefficients 
c Tx= , only k n<  coefficients are significant. Working under this ‘sparsity’ assumption an approximation 
to x  can be reconstructed from y  by ‘sparsity’ minimization, such as 1l  minimization 
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                                                              (1.1) 

 



The theory of CS tells us this can actually work pretty-well (see references provided above). There are 
results which show that under certain conditions exact reconstruction of x  is possible, i.e. when a vector of 
dimension N  can be exactly recovered by the minimization process (1.1) from the smaller number of n  
measurements. There are also results that say when exact reconstruction is possible with very high 
probability or when the solution to the minimization problem (1.1) provides a good approximation to the 
real solution. A key assumption in the theory of CS is that the sampling process determined by the matrix 
Φ  and the sparsity transform T  are ‘incoherent’. Roughly speaking, this means that if a signal has a sparse 
representation in one, then it must have a dense representation in the other and visa versa, but a signal 
cannot have a sparse representation in both.  
 We now describe how the CS framework has been applied within the framework of a new experimental 
architecture for a ‘single pixel’ digital camera in [ 10] as depicted in Figure 2.  
 
 
 

 
 

Figure 2 The architecture of the CS digital camera in [ 10] 
 
 
The CS camera replaces the CCD and CMOS acquisition technologies by a Digital Micro-mirror Device 
(DMD). The DMD consists of an array of electrostatically actuated micro-mirrors where each mirror of the 
array is suspended above an individual SRAM cell. Each mirror rotates about a hinge and can be positioned 
in one of two states: +12 degrees or  −12 degrees from horizontal. Using lenses all the reflections from the 
micro-mirrors at a given state, say +12 degrees, are focused onto and collected by a single photodiode to 
yield an absolute voltage. The output of the photodiode is amplified through an op-amp circuit and then 
digitized by a 12-bit analog-to-digital converter. This value should be interpreted as 
 

12
1

 
i

N

i
i

v x DC offsetθ =+
=

= +∑ 1 , 

 
where ( )1, , Nx x x= …  is a digital image,  the indicator function 12iθ =+1  obtains the value 1 if the i -th micro-
mirror is at the state +12 and 0 otherwise and the DC offset is the value outputted when all the micro-
mirrors are set to -12.  



In [ 10], the rows of the CS sampling matrix Φ  are in fact a sequence of n  pseudo-random binary 
masks, where each mask is actually a ‘scrambled’ configuration of the DMD array (see also [ 2]). Thus, the 
measurement vector y , is composed of dot-products of the digital image x  with pseudo-random masks. As 
we see in Figure 2, the measurements are collected into a compressed bitstream with possible lossy or 
lossless compression applied to the elements of y . At the core of the decoding process, that takes place at 
the viewing device, there is a minimization algorithm solving (1.1). Once a solution is computed, one 
obtains from it an approximate ‘reconstructed’ image by applying the transform 1T −  to the coefficients. In 
[ 10], the authors choose the transform T  to be a wavelet transform, but note the universality property of 
their sampling process. This means that any transform T  which is in incoherence with a process of pseudo-
random masks Φ  (almost all reasonable transforms have this property) and in which the image has a sparse 
representation will lead to a reconstruction with good approximation to the original image. 
 The CS architecture of [ 10] we have just reviewed has two significant drawbacks: 
 
1. Poor control over the quality of the outputted compressed image – From the theory of wavelet 

approximation, it is very clear that the error of n-term wavelet approximation is determined by the 
‘weak-type smoothness’ of the image as a function in a Besov space [ 5]. In less mathematical terms, this 
means that the more visual activity in the image, edges and texture parts, the more wavelet coefficient 
terms are needed to achieve a specified level of visual quality. However, the CS architecture of [ 10] is 
not adaptive and the number of measurements is determined before the acquisition process begins, with 
no feed-back during the acquisition process on the progressive quality.  

 
2. Computationally intensive reconstruction algorithm – It is known that all the algorithms for the 1l -

minimization (1.1) are very computationally intensive. Therefore, the client application that is 
performing the decoding of the CS bitstream for the purpose of viewing, analysis or conversion purposes 
should have sufficient computation resources especially for the case of image sequence or video stream. 

 

2. Adaptive and direct image compressed sensing using wavelet trees  
 

Our proposed architecture aims to overcome the drawbacks of the existing CS approach and achieve the 
following design goals: 

1. An acquisition process that captures n  measurements, with n N<<  and ( )n O k= , where N  is the 
dimension of the full high-resolution image which is assumed to be ‘k -sparse’. 

2. An acquisition process that allows to adaptively take more measurements if needed to achieve some 
compressed image target quality. 

3. A decoding process which is not more computational intensive than the existing algorithm in use today such 
as JPEG or JPEG2000 decoding. 

 

We now present our direct and adaptive approach to compressed sensing. Instead of acquiring the visual 
data using a representation that is incoherent with wavelets, such as pseudo-random binary masks, we sample 
directly in the wavelet domain. This might seem as a paradox to the reader familiar with signal processing, since 
computing the fast wavelet transform of an N  pixel image requires ( )O N  computations, whereas we want to 



take only n  measurements with n N<< . Furthermore, computing even one single low-frequency wavelet 
coefficient requires an integration calculation over a significant portion of the image pixels, again an operation 
requiring ( )O N  computations. This paradox is in fact solved by using the DMD array architecture in a very 
different way than in the prior art [ 10]: 

1. Any wavelet coefficient is computed from a fixed number of specific measurements (2-4) of the DMD 
array.  

2. We take advantage of the ‘feed-back’ architecture of the DMD where we make decisions on future 
measurements based on values of existing measurements. This adaptive sampling process relies on a well-
known modeling of image edges using a wavelet coefficient tree-structure and so decisions on which 
wavelet coefficients should be sampled next are based on the values of wavelet coefficients obtained so far. 

First we explain how the DMD architecture can be used to calculate a wavelet coefficient from a fixed 
number of measurements. We recall that the univariate Haar scaling function φ  and wavelet ψ  are given by: 
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The univariate orthonormal Haar basis is given by  
 

( )2
, : 2 2j j
j k x kψ ψ= − ,  ,j k ∈ ] . 

 
The bivariate tensor-product orthonormal Haar basis { },

e
j kψ , j ∈ ] , ( ) 2

1 2,k k k= ∈ ]  and 1,2,3e = , is give by 
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Modeling an image as a function ( )2
2f L∈ \ , we have the wavelet representation  
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The wavelet coefficient associated with a Haar wavelet of type 1 can be computed as follows 
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This implies that for the purpose of computing a wavelet coefficient of the first type using a binary 
DMD array, we simply need to rotate and collect twice, into the photodiode, responses from two subsets of 
micro-mirrors, each supported over neighboring rectangular regions corresponding to the scale j  and location 
k . By (2.2), the value of the wavelet coefficient we wish to acquire is simply the difference of these two 
outputs multiplied by 2 j . Similar computation shows that sampling the wavelet coefficient of the second kind 
also requires two measurements, while the third kind requires four.  

Moreover, there exist DMD arrays with the functionality where which micro-mirror can produce a 
grayscale value, not just 0 or 1 (contemporary DMD can produce 1024 grayscale value). We can use these 
devices for computation of of arbitrary wavelet transforms, where the computation of each coefficient requires 
only two measurements, since the result of any real-valued functional acting on the data can be computed as a 
difference of two ‘positive’ functionals, i.e. where the coefficients are positive.  

To explain how our adaptive acquisition process works we first provide some background on the 
modeling of image edges by wavelet tree-structures. As can be seen in Figure 1, most of the significant wavelet 
coefficients are located in the vicinity of edges. Indeed, wavelets can be regarded as multi-scale local edge 
detectors, where the absolute value of a wavelet coefficient corresponds to the local strength of the edge, i.e. the 
height of the discontinuity jump. We impose the tree-structure of Figure 3 to the wavelet coefficients. It is well 
known in the art of image compression (see [ 9], [ 8]) that if a wavelet coefficient at a low frequency (top left 
direction in the diagram) is insignificant (relatively small absolute value), then with very high probability its 
four children at the next higher frequency will also be insignificant. Modeling of wavelet tree structures over 
image edges has been already used in the context of CS in [ 7], but in a very different and implicit way, to speed 
up the reconstruction algorithm (1.1). In contrast, we use the model in a more direct and explicit way, namely at 
the time of the acquisition. 

  



 
Figure 3 Wavelet coefficient tree structure across the subbands 

 

Our adaptive CS algorithm works as follows:  

1. Acquire the values of all low-resolution coefficients up to a certain low-resolution J . Each such 
computation is done using a fixed number of DMD array measurements as in (2.2). In one embodiment the 
initial resolution J  can be selected as  

2log
2
N const  +  

. 

In any case, J  should be bigger if the image is bigger. Note that the total number of coefficients at 
resolutions J≥  is ( )2 12 J N− , which is a small fraction of N . 

2. Initialize a ‘sampling queue’ containing the indices of each of the four children of significant coefficients at 
the resolution J , as depicted in Figure 3.  

3. Process the sampling queue until it is exhausted as follows: 

a. Compute the wavelet coefficient corresponding to the index ( ), ,e j k  at the beginning of the queue 
using a fixed number of DMD array measurements as per (2.2).  

b. If the coefficient’s resolution in bigger than 1 and the coefficient’s absolute value is above a given 
threshold, then add to end of queue the indices of its four children ( )( )1 2, 1, 2 ,2e j k k− , 

( )( )1 2, 1, 2 ,2 1e j k k− + , ( )( )1 2, 1, 2 1,2e j k k− +  and ( )( )1 2, 1, 2 1,2 1e j k k− + +  as depicted in Figure 3. 
In some embodiments, one can use a different threshold for each resolution. 

c. Remove the processed index from the queue and go to (a). 

                                                   
Observe that the algorithm is output sensitive. Its time complexity is of the order n  where n  is the total 

number of computed wavelet coefficients, which can be substantially smaller than the number of pixels N . The 
number of samples is influenced by the size of the threshold(s) used by the algorithm in step 3.b. It is also 
important to understand that the number of samples is influenced by the amount of visual activity in the image. 



If there are more significant edges in the image, then their detection at lower resolutions will lead to adding 
higher resolution sampling to the queue. In a way, our algorithm can be regarded as an adaptive edge 
acquisition device where the acquisition resolution increases only in the vicinity of edges! 
 In some embodiments of our algorithm it is possible to add to the sampling queue child coefficients that 
have significant ancestors in the tree-structure, other than their direct parent. Assuming the parent is indexed by 
( ), ,e j k , then an example for such an ancestor is the coefficient indexed by ( ), ,e j k′ , with e e′ ≠ . This is a 
coefficient with the same scale and support as the direct parent, but of a different type (different subband). 
Another possible modification of the algorithm is to add to the queue children coefficients of an insignificant 
parent indexed by ( ), ,e j k  if the dot-products of the image x  with certain local shifts of the wavelet are 

significant. For example, if the parent indexed by ( )1, ,j k  is found to be insignificant, then one can test for 
significance the dot-products  

( )( ) ( )1 1 2 2,2 2 2j j jf x k x kψ δ φ− + − , 

( )( ) ( )1 1 2 2,2 2 2j j jf x k x kψ δ φ− − − , 

for some 1/ 2δ < . 
These types of modifications increase the number of measurements taken by the algorithm, but improve 

the robustness of the algorithm by increasing the probability of not missing important high resolution details of 
significant features. 

In some embodiments, the hardware architecture and algorithm are parallelized by using several DMD 
arrays, each covering a different sector of the optical input (with possible overlaps), whose responses are 
collected into a designated photodiode. Since we’re using wavelets with compact support the recursive tree 
structure of the algorithm implies we can work on different sectors of the image simultaneously and in parallel. 

In some embodiments of our method, the directly sampled wavelet coefficients are further quantized and 
entropy encoded using their tree-structure as in the so-called ‘zero-tree’ compression algorithms of [ 8] and [ 9]. 
As in JPEG20000, , local groups of wavelet coefficients at given scales can be compressed into separate data-
blocks, thus allowing, during an interactive viewing session,  to extract the partial data from the bitstream that is 
required for the rendering of a specified Region-Of-Interest (ROI). One can also apply progressive 
compression of the wavelet coefficients, such that the entire image or specific ROIs can be transmitted over 
low-bandwidth networks with the rendering quality improving as more bits are coming in. It is even possible to 
create a JPEG2000 compliant compressed bitstream from the sampled coefficients, such that JPEG2000 enabled 
viewing devices can decode and render the compressed image with no additional software installations. 

Finally, it is possible to use the method for the purpose of acquiring and compressing a video stream, 
where we acquire 2D wavelet coefficients per each frame. In some embodiments 3D wavelet coefficients are 
computed from the 2D wavelet coefficients, by applying intra-frame wavelet filters. It is well-known that 
encoding this 3D representation can yield substantial improvement of the compression performance when there 
is some correlation between the frames. A good example is a piece of over-imposed text that remains constant 
over a number of frames. 
 
 



3. Experimental results 
 

A good method to evaluate the effectiveness of our approach is to benchmark it using the optimal n -
term wavelet approximation. It is well known [ 5] that for a given image with N  pixels, the optimal orthonormal 
wavelet approximation using only n  coefficients is obtained using the n  largest coefficients 
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Obviously to find the best n -term approximation one needs to compute all wavelet coefficients and then select 
from them the n  largest. Even if the conceptually simpler threshold method is applied, one still needs to 
compute each and every coefficient and test if its absolute value is above the threshold. In any case, both 
methods require of the order of N  computations, whereas our adaptive compressed sensing algorithm is output 
sensitive and requires only order of n  computations.  
 To simulate our algorithm in software, we first pre-compute the entire wavelet transform of a given 
image. However, we strictly follow the recipe of our adaptive sampling algorithm and extract a wavelet 
coefficient from the pre-computed coefficient matrix only if its index was added to the adaptive sampling 
queue. In Figure 4 we see a comparison between an optimal and direct CS n -term Haar approximations were 
we have 2n k= , i.e. we sample twice as many as in the sparse representation we compare to. In Figure 5 we 
show a zoom-in on a specific edge of the same approximation results.  
 
 

                        
                          (a) Optimal 7000-term                                               (b) Direct CS 14,000-term              

Figure 4  (a) Best 7000-term Haar approximation, PSNR=29 dB (b) Direct 14,000-term Haar 
approximation, PSNR=27.8 dB. 

 



            
                                   (a) Optimal                                                      (b) Direct CS 

Figure 5 Zoom in on Lena’s shoulder (a) Optimal 7000-term Haar approximation, (b) Direct CS 14,000-
term Haar approximation  

 

In Figure 6 below, we see a simulation result of our adaptive compressed sensing algorithm using the [9,7] 
biorthogonal wavelet basis which is known to provide excellent compression performance and is also the 
default basis used for lossy coding in JPEG2000.  

 

  
 
                                 (a) Peppers                                 (b) Direct CS with a biorthogonal wavelet basis 

Figure 6 (a) Peppers image (b) Direct adaptive CS using the [9,7] wavelet basis, sampling ratio of 1:19, 
PSNR=28.92. 
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