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Abstract: The present trend of signal processing maintains that 

according to the Nyquist–Shannon theory a signal must be 

sampled at a rate at least twice its highest frequency in order to 

be represented without error. However, it is very common to 

compress the data  just after sensing. This approach is very 

popular in the field of image acquisition. We compress images 

registered by a camera trading off signal representation 

complexity. Thus some of the information is simply thrown 

away.  

Sparse signal approximations have become a new tool in signal 

processing with wide range of applications. Recently, many 

algorithms for signal reconstruction have been developed, 

however, all of them need many parameters to be properly set 

before using. Setting proper parameters is crucial for 

preparing a real model of the single pixel camera as well as for 

fast and efficient image synthesis. Because of high complexity 

of image recovery algorithms based on compressed sensing 

method, image synthesis process needs to be optimized. 

Simulation results include quality parameters values of MSE, 

PSNR and SSIM and image reconstruction time. Integrated test 

environment can be used during the process of hardware 

selection as well as during camera tests with real signals. 
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1.  INTRODUCTION  
 

Compressed sensing (CS) [1] is a signal processing 

method based on the fact that an undersampled sparse 

signal can be reconstructed from a small number of 

measurements. Images fully satisfy all the conditions 

needed to use compressed sensing, thus it was proved 

that a camera using CS and a single pixel detector can be 

build [2,3]. The camera registers random projections of a 

scene. The CS method shows that a signal can be 

compressed during acquisition and still contain nearly all 

useful information. The compression means that the 

single pixel camera registers much less information than 

the traditional one during the acquisition process. 

From a hardware point of view the camera uses an 

optical modulator (micromirror array or LCD matrix) to 

optically calculate linear projections of the scene onto 

pseudorandom binary patterns. The key feature of the CS 

method is the ability to obtain an image with a single 

pixel detector by measuring the scene fewer times than 

the number of pixels. Evolution of the compressed 

sensing method and single-pixel camera has led to the 

development of new signal processing hardware and 

mathematical algorithms. Because of the high complexity 

of the image recovery algorithms based on the 

compressed sensing method, the image synthesis process 

needs to be optimized. In this case, the optimization 

means both optimization of image reconstruction 

accuracy and the efficiency of hardware image recovery. 

Optimization of signal acquisition and processing 

parameters can be achieved running various camera 

simulations. A versatile simulation tool for image 

synthesis of compressed sensing based camera was 

prepared to simplify and gain the imaging process. The 

prepared test environment makes it possible to run two 

kinds of test - simulation of image acquisition parameters 

(e.g. various bit resolutions) or simulation of image 

geometric transformations (e.g. rotation). The basic 

function of this tool is an image recovery. 

One of the simulator capabilities is proper image 

quality assessment. Because of the lack of one unified 

and versatile image quality metric, the simulation tool is 

able to compute the three most accurate [4] metrics – 

mean squared error, peak signal-to-noise ratio, and 

structural similarity index.  

The CS simulation tool can be used during the 

process of hardware selection as well as during camera 

tests with real signals. All tests can be run with a various 

number of iterations and for various image resolutions. 

 

2.  QUALITY ASSESMENT 
 

Describing a recovered image is not a simple task, 

especially when one tries to assess the image quality 

from the point of view of a human eye. There are very 

popular image quality metrics used mainly for comparing 

images such as mean squared error (MSE) and peak 

signal-to-noise ratio (PSNR).  

MSE is a function corresponding to the expected 

value of the squared error loss or quadratic loss, it is 

computed using following equation (1): 
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The PSNR is a logarithmic index, the ratio between 

the maximum possible power of a signal and the power 

of corrupting noise that affects the fidelity of its 

representation. The PSNR can be computed using MSE 

from the following equation (2): 
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Fig. 1. Reconstruction of 8-bit monochromatic image a) 10%, b) 20%, 
c) 30%, d) 40%, e) 50%, f) 60%, g) 70%, h) 80%, i) 90%, j) 100% 

iterations. 

 

In case of using them with CS – recovered images 

can be used for describing tendencies of quality. 

Assessing perceptual image quality is also connected 

with quantifying the visibility of differences between a 

distorted image and an original (reference) image. One 

very good metric for perceptual image quality assessment 

is structural similarity index (SSIM) [5] based on the 

degradation of structural information. SSIM can be 

computed using the following equation (3): 
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This index gives numerical information with values from 

-1 to 1 and value 1 is only achievable in the case of two 

identical sets of data. 

 

3. APPLICATION 
 

The theory of compressed sensing was basically 

described in [1]. Suppose we have available 

undersampled data about f of the following form (4): 

 
fy    (4) 

One would recover f by finding – among all coefficient 

sequences consistent with the data – the decomposition 

with minimum 1 –norm [1] (5): 

 min
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x such that yx  ~'   (5) 

From an application point of view, the 1 - norm 

minimization can be achieved using e.g. a conjugate 

gradient algorithm or gradient projection method. The 

compressed sensing simulation tool was originally 

designed and implemented as a script application using 

gradient projection method or conjugate gradient method.  

The basic functionality of the tool is an image recovery. 

The process of 8-bit image recovery with iterations from 

10% to 100% is shown on Fig. 1. 

 Values of image quality assessment metrics (SSIM 

and PSNR) for every iteration are shown on Fig. 2. It can 

be noticed that the SSIM index takes values from very 

low 0.18 up to very high 0.95. The highest value is very 

close to 1, which means that the image reconstructed 

from 100% of measurements is nearly the same with the 

original one. The PSNR unlike the SSIM shows values 

fluctuations.  
 

a) 

  
b) 

 
Fig. 2. Values of image quality indexes a) SSIM, b) PSNR. 

 

4. GEOMETRIC TRANSFORMATIONS 
 

Geometric transformations of images are considered 

as a rearrangement of the pixels in the image, particularly 

the image rotation. For the test purposes, multiples of 90
0
 

were taken as a rotation angle. 

a) b) c) 

d) e) f) 

g) h) i) 

j) 
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Fig. 3. Rotated images a) 0 degrees, b) 90 degrees, c) 180 degrees, d) 
270 degrees, recovered with 100% iterations. 

 

Being able to recover a geometrically transformed 

image using the CS method is crucial for all the 

applications where the image may be misaligned.  

Every recovered image can be stored as a 24-bit 

bitmap file or as a MAT file. Rotated MRI images 

recovered (image resolution 64x64 pixels) with 100% of 

iterations using the simulation tool are presented on Fig. 

3. Image quality metrics are computed for every image. 

SSIM values for rotated images are presented on Fig. 4.  

 

5.  PARAMETERS OF SIGNAL ACQUISITION 
 

The process of building a camera is preceded by a set 

of decisions that have to be made very precisely. Most of 

these decisions consider parameters of hardware such as 

analog-to-digital converters or number of detectors. 

Because a camera based on compressed sensing registers 

images with single detector, the problem of matrix 

resolution is not relevant. Parameters of analog-to-digital 

converters, such as bit resolution are crucial, especially 

when the camera is about to acquire minimum amount of 

data. The simulation tool offers the possibility to recover 

images with data sampled with chosen bit resolution (e.g. 

6 bit resolution).   

During the simulations six different possibilities were 

tested (4, 6, 8, 10, 12, 16 bit). Sample images 

reconstructed from 4-bit and 6-bit resolution data are 

presented on Fig. 5 and Fig. 6.  
 

 
Fig. 4. SSIM values of 8bit rotated images. 

 
Fig. 5. Reconstruction with 4-bit data a) 10%, b) 20%, c) 40%, d) 70%, 

e) 100% of iterations. 

 

According to the simulation results and the quality 

metrics values, the image recovery can be done almost as 

well with 4-bit resolution as with 16-bit (original image). 

 

 
Fig. 6. Reconstruction with 6-bit data a) 10%, b) 20%, c) 40%, d) 70%, 

e) 100% of iterations. 

 

Images recovered with CS method can be assessed by 

human eye of by mathematical metric. CS recovered 

images should be assessed by perceptual metric, because 

the possible loss of data always mean lower values of 

traditional metrics like PSNR or MSE. This is the reason 

why SSIM index is used to evaluate images recovered 

with CS.  

 

 
Fig. 7. Values of SSIM for 4-bit and 6-bit reconstructed image. 

a) b) c) 

d) e) 

b) c) 

e) 

a) 

d) 

a) b) c) 

d) 
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Fig. 8. Values of SSIM for 8-bit, 10-bit and 12-bit reconstructed image. 

 
Diagrams of SSIM values for every iterations are 

presented on Fig. 7. One can noticed that SSIM values 
for 4-bit data are in the range between 0.17 and  0.85. 
The same results for 6-bit data are respectively bigger, 
between 0.19 to 0.93. The difference is noticeable 
nevertheless quality loss can be compensated by 
registering more measurements.  

The differences between SSIM values for 8, 10 and 
12 bit data are almost unnoticeable (Fig. 8).  

The results presented above are the first step for 
building an efficient single-pixel camera working with 
non-expensive elements. The future research will lead to 
experimental confirmation of presented results. If the 
hardware tests confirm the simulation results it will mean 
that CS-based cameras can be built with non-expensive 
elements (low bit resolution ADCs are relatively not 
expensive). This also means that there are new 
application possibilities for the single-pixel cameras. 

 

6.  SPECTRAL IMAGES 
 

Most of the CS applications consider grayscale 
images acquisition. The compressed sensing – based 
camera can be used to acquire coloured images e.g. RGB 
or multispectral. This can be achieved by using multiple 
spectral filters with only one single-pixel detector or by 
using a few low band single-pixel detectors without 
filters. The reconstruction of colour images as well as 
multispectral images can be the topic for further 
algorithm development. 
 

7.  SUMMARY 
 
Compressed sensing is a very complex algorithm 

[9,10]. Its possibilities are enormous thus need to be 
investigated. Computer simulation is the first stage of 
building a single pixel camera based on compressed 
sensing. Before applying CS in hardware, simulation of 
various possibilities need to be run. This was the reason 
for building a simulation tool which can be used to 
reconstruct images with various geometric 
transformations, various noise types with selected levels 
or with different bit resolution. Resulting images can be 
automatically evaluated by three most accurate image 
quality metrics.  

Simulation results can be helpful in the process of 
hardware selection. Recent results give a good 
perspective of using low bit resolution (even 4 bit) 
analogue-to-digital converters.  

The recent work in the field of compressive sensing 
enabled effective image reconstruction from a subset of 
the measurements. The software architecture is flexible 
and extensible. 

The paper described a flexible software platform 
which we are developing for dynamically capturing and 
registering images. 

Another step in the research process is building a 
hardware test environment of the compressed sensing 
based camera. This means selecting the most apropriate 
hardware and confirming the computer simulation results 
with laboratory equipment. 

The simulation tool will allow to define a noise level 
and the type of noise (with uniform or normal 
distribution). By adding generated noise to an image we 
will simulate the cumulative image noise and test the 
algorithm ability to reconstruct the image without noise. 
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