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Abstract

:

Hadamard single-pixel imaging (SPI) employs the differential measurement strategy to eliminate the effect of negative value of Hadamard basis patterns but leads to doubling the number of measurements. To reduce the number of measurements, a Hadamard SPI method based on positive patterns is proposed. In this method, only the positive patterns are used to acquire measurement values and reconstruct images, so the number of measurements will be reduced by 1/2. Combined with the intensity correlation theory of ghost imaging, the average value of the acquired measures is found; this average value is subtracted from all the measurement values to obtain the spectral coefficients, thus the background noise is eliminated to ensure the imaging quality. Simulation and experimental results show that the proposed method has good noise robustness and can efficiently reconstruct high quality images.
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1. Introduction


Single-pixel imaging (SPI) [1,2] originated from quantum ghost imaging [3] and is an indirect imaging method. Unlike traditional direct imaging methods that use multiple pixel detectors, SPI uses a single-pixel detector to collect the transmitted or reflected light intensity of an object and then uses the light intensity with the illumination pattern to reconstruct the object image. Generally, SPI has two kinds of devices, in the first one, a spatial light modulator (SLM) is placed between the object and the detector, while in the second one, the modulation device is placed between the light source and the object, which is also known as computational ghost imaging [4]. Essentially, SPI and computational ghost imaging are based on the same principles and can use the same reconstruction algorithms. Compared with conventional imaging methods, SPI has advantages in non-visible and low-light imaging, is robust to light scattering, and has been widely used in 3D imaging [5,6,7], terahertz imaging [8,9,10], X-ray imaging [11,12,13,14], multispectral imaging [15,16], scattering medium imaging [17,18], LIDAR [19,20], and gas detection [21] fields. However, SPI requires the projection of a series of illumination patterns to reconstruct the image, a process that is time-consuming.



To overcome this drawback, the compressed sensing (CS) algorithm is used in SPI to reduce the number of measurements. Compressed sensing single-pixel imaging (CS-SPI) can restore the image under sub-Nyquist sampling and reduce the measurement time, but the imaging quality decreases as the number of measurements is further reduced. To ensure the imaging quality, researchers have proposed SPI methods based on orthogonal illumination patterns [22,23,24,25,26,27,28,29,30,31,32]. Compared with using random illumination patterns, orthogonal illumination patterns can achieve high quality reconstruction. Hadamard basis patterns, Fourier basis patterns, and discrete cosine basis patterns are typical of orthogonal illumination patterns. Hadamard basis patterns are binary patterns with only “+1” and ”−1”. The Hadamard SPI uses the Hadamard basis pattern for imaging, and since the modulator cannot load negative elements, a differential measurement strategy is required to split the Hadamard basis pattern into two patterns containing only “+1” and “0” elements. Therefore, for an   N × N   pixels image, the full sampling number is   2  N 2   . Unlike the Hadamard basis pattern, the Fourier basis pattern and the discrete cosine basis pattern are both grayscale patterns, and both basis patterns also include negative elements, so a differential measurement strategy is also required in the Fourier SPI and discrete cosine SPI methods, and the number of full samples is also   2  N 2    for an   N × N   pixel image. If the modulation device used in the experiment is a digital micromirror device (DMD), it is also necessary to convert the grayscale pattern to a binary pattern because the DMD cannot directly load the grayscale pattern, which will lead to poor image quality or consume more measurements, so Hadamard SPI is more suitable for the real environment.



In order to reduce the number of measurements of Hadamard SPI, this paper proposes a Hadamard SPI method based on positive patterns. Compared with existing differential measurement strategies, the proposed method uses only positive patterns to reconstruct images, which exploits the complementary properties of positive and negative patterns, and thus reduces the number of measurements by 1/2. At the same time, the proposed method combines differential measurement strategies with ghost imaging theory, thus eliminating environmental noise while obtaining Hadamard spectral coefficients. The proposed method can achieve high quality imaging in a noisy environment and significantly reduces the number of measurements compared with existing methods. Simulation and experimental results validate the effectiveness of the proposed method, which provides a new strategy for achieving high-quality and real-time single-pixel imaging.



The remaining sections of this paper are organized as follows. Section 2 presents the principles of the proposed method. Section 3 shows the simulation and experimental results. Section 4 presents the discussion of our experimental results. Section 5 concludes the whole paper.




2. Methods


A   M × M   Hadamard basis pattern   P  (  x , y ; u , v  )    can be obtained by applying an Inverse Hadamard Transform (IHT) to a delta function   δ  (  u , v  )   ,


  P ( x , y ; u , v ) =  H  − 1   { δ ( u , v ) }  



(1)




where    (  x , y  )    is the coordinate in the spatial domain and    (  u , v  )    is the coordinate in the Hadamard domain,    H  − 1   { }   denotes an IHT, and


  δ ( u , v ) =  {    1 , u =  u 0  , v =  v 0      0 , otherwise      



(2)







In the initial basis pattern   P ( x , y ; u , v )  , the element values are “+1” and “−1”, but the DMD cannot modulate the negative light intensity values. On the other hand, the background illumination may generate noise and reduce the reconstruction quality, so it needs to be solved by the differential measurement method. Dividing   P ( x , y ; u , v )   into two patterns: positive pattern    P +  ( x , y ; u , v )   and negative pattern    P −  ( x , y ; u , v )  , satisfies the following relationship:


  P ( x , y ; u , v ) =  P +  ( x , y ; u , v ) −  P −  ( x , y ; u , v )  



(3)




where


   P +  ( x , y ; u , v ) = [ 1 +  H  − 1   { δ ( u , v ) } ] / 2  



(4)






   P −  ( x , y ; u , v ) = [ 1 −  H  − 1   { δ ( u , v ) } ] / 2  



(5)







Subsequently, the illumination pattern is projected onto the target scene, and a series of different voltage signals are detected using a single-pixel detector and recorded using a data acquisition (DAQ) device. The reflective modulation signal can be expressed as:


  D ( u , v ) = E + k   ∑  x = 0   M − 1      ∑  y = 0   M − 1    O ( x , y ) ⋅ P ( x , y ; u , v )      



(6)




where  k  is a scale factor whose value is determined by the size and position of the detector’s detection surface;   O ( x , y )   is the target object; and  E  represents the detector’s response to the background light.



After performing the differential operation on the above equation, the following equation is obtained:


     D H  ( u , v ) =  D +  ( u , v ) −  D −  ( u , v )      = k   ∑  x = 0   M − 1      ∑  y = 0   M − 1    O ( x , y ) ⋅  P +  ( x , y ; u , v )     − k   ∑  x = 0   M − 1      ∑  y = 0   M − 1    O ( x , y ) ⋅  P −  ( x , y ; u , v )        



(7)




where    D +  ( u , v )   is called the positive coefficient and    D −  ( u , v )   is called the negative coefficient. According to Equation (7), each spectral coefficient of the reconstructed image is obtained and the ambient noise is eliminated. Then, the reconstructed image can be obtained by using IHT on the spectrum. However, this differential measurement method doubles the number of measurements.



Considering the complementary properties of positive and negative patterns and adding the positive and negative coefficients in the ideal environment, we have:


      D +   (  u , v  )  +  D −   (  u , v  )     =   ∑  x = 0   M − 1      ∑  y = 0   M − 1    O  (  x , y  )  ⋅  P +   (  x , y ; u , v  )      +   ∑  x = 0   M − 1      ∑  y = 0   M − 1    O  (  x , y  )  ⋅  P −   (  x , y ; u , v  )           =   ∑  x = 0   M − 1      ∑  y = 0   M − 1    O  (  x , y  )  ⋅ 1     =  D H  ( 0 , 0 )    



(8)







Equation (8) shows that the sum of the positive coefficient and its corresponding negative coefficient is the spectral coefficients corresponding to the all-one matrix, and substituting Equation (8) into Equation (7), we have:


     D H   (  u , v  )   = 2   D +   (  u , v  )  −  D H  ( 0 , 0 )       = 2  k   ∑  x = 0   M − 1      ∑  y = 0   M − 1    O  (  x , y  )  ⋅  P +   (  x , y ; u , v  )      −  D H  ( 0 , 0 ) + E    



(9)







Equation (9) shows that all spectral coefficients can be obtained equally by all Hadamard positive patterns. However, considering the noise factor, Equation (9) cannot eliminate the ambient noise as the differential measurement, which will affect the reconstructed image results. Ref. [33] proposes a filtering method to eliminate the noise in the spectral components obtained by Equation (9), but this method increases the complexity of image reconstruction.



From the ghost imaging intensity correlation algorithm, it is known that the detection value is subtracted from the average of all measurements to obtain a high-contrast image. Inspired by this property,    D H  ( 0 , 0 )   is replaced by   2  D ¯   , and    D ¯  =     ∑  u = 0   M − 1      ∑  v = 0   M − 1     D H  ( u , v )      /   M 2      represents the average of all measurements, so that Equation (9) can be expressed as:


   D H   (  u , v  )   = 2   D +   (  u , v  )  − 2  D ¯   = 2   [  k   ∑  x = 0   M − 1      ∑  y = 0   M − 1    O  (  x , y  )  ⋅  P +   (  x , y ; u , v  )      −  D ¯   ]   



(10)







With Equation (10), the spectral coefficients of the object can be obtained with the positive pattern only, while eliminating the ambient noise. The method is also applicable to negative patterns, which are not discussed here.



Finally, the IHT is used to reconstruct the target image, and the reconstruction equation can be expressed as:


   I O  =  H  − 1   {  D H  }  



(11)




where    I O    denotes the reconstructed image;    D H    is the spectrum composed of spectral coefficients.



The proposed method can be summarized as the following four steps:



(1) Calculating and generating a series of positive patterns.



(2) Loading the illumination patterns onto the spatial light modulator to modulate the object in turn, measuring the reflected light intensities with a single-pixel detector.



(3) Generating the Hadamard spectrum based on the measured intensities by (10).



(4) Reconstructing the image by (11).



The above process is shown in Figure 1.




3. Results


3.1. Simulation Results


To test the imaging performance of the proposed method, single-step Hadamard transform single-pixel imaging (SHT), single-step Hadamard transform single-pixel imaging after noise suppression (SHTN) [33], and differential Hadamard transform single-pixel imaging (DHT) [27] are used for comparison with the proposed positive Hadamard transform single-pixel pixel imaging (PHT). In this case, all the above methods use the inverse Hadamard transform for image reconstruction. Under-sampling and full-sampling simulations are performed using an image (Cameraman) with a resolution of 64 × 64 pixels as the simulation object. The number of measurements required for a 100% sampling rate is defined here as 4096. Since the DHT method requires eliminating the “−1” element from the Hadamard matrix, the number of measurements is doubled, and the number of measurements at full sampling is 8192, corresponding to a sampling rate of 200%. Peak signal-to-noise ratio (PSNR) and structural similarity index (SSIM) are used to evaluate the image quality. Higher values indicate better reconstruction.



The PSNR is calculated by the formula:


  PSNR = 10 ⋅   log   10    {    M A  X 2    1 / M N   ∑  i = 1  M     ∑  j = 1  N     [  I 0  ( i , j ) − I ( i , j ) ]  2         }   



(12)




where    I 0    is the original image of the target scene, consisting of   M × N   pixels,  I  is the reconstructed image and   M A X = 1   is the maximum pixel value of the double-type image. SSIM is calculated by


  SSIM ( x , y ) =   ( 2  μ x   μ y  +  c 1  ) ( 2  δ  x y   +  c 2  )   (  μ x 2  +  μ y 2  +  c 1  ) (  δ x 2  +  δ y 2  +  c 2  )    



(13)




where  x  is the original image;  y  is the reconstructed image;    μ x    and    μ y    are the mean values of the original image and the reconstructed image, respectively;    δ  x y     is the covariance of  x  and  y ;    δ x 2    and    δ y 2    are the variances of  x  and  y , respectively;    c 1    and    c 2    are two constants that avoid zero denominators.



The simulation results for Cameraman images are shown in Figure 2. From the images, DHT recovered images with severe mosaicization under low sampling rates; this is because it requires twice the number of measurements compared with other methods. SHT, SHTN, and PHT benefited from the low number of measurements and had better image quality at all sampling rates. From the comparison of quantitative results, the PSNR values and the SSIM values of recovered images by DHT are all lower than those of SHT, SHTN, and PHT. The quantitative results of recovered images by SHT are the same as SHTN, except at a 100% sampling rate. The quantitative results of recovered images by PHT are approximately the same as SHT and SHTN.



Furthermore, the noise robustness of the proposed method to noise is investigated by simulating a real environment and applying noise to the measured values. First, we add white Gaussian noise to the raw data. The addition of white Gaussian noise is implemented by using the built-in function awgn() of MATLAB(9.8.0.1323502 (R2020a), creator: sunrui, location: Jiangmen, China). The DHT, single-step Hadamard transform single-pixel imaging (SHT), and single-step Hadamard transform single-pixel imaging after noise suppression (SHTN) [33] are compared with the proposed method under full sampling conditions. The results are shown in Figure 3. The noise robustness of the proposed PHT is worse than that of DHT but better than that of SHTN and SHT.



Then, to simulate random noise in the environment, we add random noise to the raw data. The fundamental noise is first generated using the rand() function of MATLAB and then multiplied by 5×, 10×, 20×, and 40×, respectively. The results are shown in Figure 4. The noise robustness of the proposed PHT is worse than that of DHT but better than that of SHTN, and the SHT method is almost impossible to image in the noise case.




3.2. Experimental Results


In order to verify the effectiveness of the proposed method, practical experiments are carried out. The experimental system is shown in Figure 5, using a white LED as the light source and a printed USAF resolution image with a toy duck as the imaging object. The generated Hadamard patterns are loaded by a DMD (ViALUX V-9601, 1920 × 1200), and the refresh rate of the DMD is set to 16,384 Hz. Since the resolution of the DMD is 1920 × 1200, a series of 128 × 128 pixels Hadamard patterns are upsampled to form a 1024 × 1024 pixels pattern.



The modulated light intensity signal is received by a photodetector (Thorlabs PDA100A), and a data acquisition card (NI USB-6366) converts the light signal into a digital signal that can be processed by a computer, which is the measured light intensity value that makes up the Hadamard transform spectrum of the image, and finally IHT is performed to reconstruct the image. Using the experimental system described above, SHT, SHTN, and DHT are compared with the proposed PHT method using sampling rates of 5%, 10%, 15%, and 20%.



The image reconstruction results are shown in Figure 6. We can see that SHT is not able to obtain the reconstructed images at all four sampling rates because of high noise. Despite the fact that partial noise is removed by SHTN, the contrast of re-constructed image is still poor, which confirms the results in ref. [34]. DHT and PHT can obtain good images at all four sampling rates, which means both methods have good noise robustness. From the quantitative analysis results, we can conclude that the proposed PHT method shows better performance compared with the other three methods, which is consistent with the analysis of the simulation results and indicates that the proposed method has good imaging efficiency when applied to the actual SPI system.





4. Discussion


We have developed a PHT SPI method. In contrast to existing Hadamard SPI methods [25,33], the proposed method is derived from the classical differential measurement strategy theory, which firstly exploits the complementarity of positive and negative patterns, and secondly combines the averaging property in the ghost imaging intensity correlation algorithm. Therefore, the PHT method can achieve high-quality imaging in a noisy environment, and significantly reduce the number of measurements.



However, it is also clear that the PHT reduces the number of measurements by half compared with the DHT, but the noise robustness is weaker than the DHT. This indicates that the number of measurements and the noise robustness are interacted. In future research, it will be critical to improve the noise robustness of PHT, which will facilitate the application of the method in various environments.



As a new method, PHT has a broad application scope. Besides the results demonstrated in this work, the principle of PHT is readily applicable to improve imaging speed, such as in 3D imaging [7] and multispectral imaging [16] in SPI.




5. Conclusions


In this paper, a Hadamard single-pixel imaging method based on positive patterns is proposed. In this method, the image can be reconstructed using only positive patterns by exploiting the complementarity of Hadamard base patterns and the intensity correlation theory of ghost imaging. The proposed method has both good noise robustness and reduces the number of measurements by half compared with differential measurement and single-step measurement strategies. Simulation and experimental results demonstrate the effectiveness of the method. The method can be widely applied to single-pixel imaging of static and dynamic targets.
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Figure 1. The light intensities are collected by the detector after the action of positive patterns with the object, then the light intensity values are formed into a spectrum. Finally, IHT is performed on the spectrum to obtain the reconstructed image. 
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Figure 2. Reconstructed images and corresponding PSNRs and SSIMs for the Cameraman image by SHT, SHTN, DHT and PHT at sampling rates between 10% and 200%. 
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Figure 3. Reconstructed images and corresponding PSNRs and SSIMs for the Cameraman image by SHT, SHTN, DHT and PHT under different Gaussian noise levels of 0 dB, −10 dB, −20 dB and −30 dB. 
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Figure 4. Reconstructed images and corresponding PSNRs and SSIMs for the Cameraman image by SHT, SHTN, DHT and PHT under different random noise levels of 5, 10, 20 and 40. 
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Figure 5. Schematic of the experimental system of the proposed method. A white LED illuminates the target, positive Hadamard patterns loaded on the DMD encode the target, then the detector collects the light intensity signals, finally the computer reconstructs the image. 
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Figure 6. Reconstructed images and corresponding PSNRs and SSIMs for the test image by SHT, SHTN, DHT and PHT at sampling rates of 5%, 10%, 15% and 20%. 






Figure 6. Reconstructed images and corresponding PSNRs and SSIMs for the test image by SHT, SHTN, DHT and PHT at sampling rates of 5%, 10%, 15% and 20%.



[image: Photonics 10 00395 g006]













	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2023 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file4.png
10% 25% 50% 100% 200%

. sy
: .

SHT

PSNR: 21.22dB 23.91dB 28.54dB 283.86dB

SSIM: 0.891 1.000
Cameraman ‘ SHIN

PSNR: 21.22dB 23.91dB 28.54dB

SSIM: 0.609 0.768 0.891

‘ DHT
PSNR: 21.82dB 23.91dB 28.54dB  287.51dB
SSIM: 0.657 0.768 0.891 1.000
LA =
PSNR: 21.19dB 23.89dB 28.51dB 52.58dB

SSIM: 0.603 0.763 0.888 0.998





nav.xhtml


  photonics-10-00395


  
    		
      photonics-10-00395
    


  




  





media/file2.png
Original image Patterns

F )
SOl |
g b

Spectrum Reconstructed image






media/file5.jpg
SHT

PSNR:

SSIM:

SHTN

PSNR:

SSIM:

DHT

PSNR:

SSIM:

PSNR:

SSIM:

0dB -10dB -20dB -30dB

20.80dB  1492dB  13.90dB  12.10dB

0.699 0435 0.229 0.108
& &

2324dB  17.38dB  14.384B  11.81dB
0752 0434 0217 0.118

2641dB  19.03dB  1525dB  12.29dB

0.848 0527 0283 0.138

2698dB  18.59dB  14.46dB  12.22dB
0.763 0459 0227 0117






media/file3.jpg
SHT

PSNR:
SSIM:

SHTN

PSNR:
SSIM:

DHT

PSNR:

SSIM:

PSNR:

SSIM:

212248
0.609

212248
0.609
-,

19738
0539

21,1948
0.603

25%

239148
0.768

23.91dB
0.768

=y
=y

21.82dB
0.657

23.894B
0.763

50%

28,5448
0.891

28.54dB.
0.891

239148
0.768

28.51dB.
0.888

100%

283.86d8
1000

103.14dB

1000

28.54dB
0.891

52.584B
0998

200%

287.51dB
1000





media/file1.jpg
Original image Patterns

Py

Spectrum Reconstructed image

- -






media/file7.jpg
L=5 L=10 L=20

SHT

PSNR: 758dB 692dB  651dB 6.28dB

SSIM: 0.176 0.126 0.097
Cameraman SHIN

PSNR: 2088dB  1491dB  8.89dB 2.76dB

SSIM: 0.666 0469 0276 0.125

DHT

PSNR: 2433dB 2046dB  17.47dB  14.67dB

SSIM: 0.755 0566 0397 0258

PR SO
PSNR: 23444 20.10dB  1634dB  14.16dB

SSIM: 0.662 0484 0322 0.202





media/file10.png
Computer





media/file12.png
5% 10% 15% 20%

= ..--

PSNR: 12.82dB 12.58dB 11.30dB 12.78dB
SSIM: 0.297 0.285 0.254 0.282
PSNR: 13.38dB 14.46dB 15.25dB 15.51dB

SSIM: 0.312 0.326 0.322

DHT

PSNR: 15.51dB 12.83dB 14.16dB 15.61dB
SSIM: 0.516 0.639
PSNR: 12.62dB 15.96dB 15.12dB 16.69dB

SSIM: 0.545 0.634 0.654 0.679





media/file9.jpg
LED

DMD \\ Detector

f\ . 4
DAQ

\I

Computer





media/file0.png





media/file8.png
Cameraman

SHT

PSNR:

SSIM:

SHTN

PSNR:

SSIM:

DHT

PSNR:

SSIM:

PSNR:

SSIM:

L= L=10 =20 =40

7.58dB 6.92dB 6.51dB 6.28dB
0.256 O 176 0.126 0.097

14.91dB
0.666 0.469 0.276 O 125

20. 46dB
0.755 0.566

23.44dB 20.10dB 16 34dB 14. 16dB
0.662 0.484 0.322 0.202





media/file11.jpg
SHT

PSNR:
SSIM:

SHTN

PSNR:
SSIM:

DHT

PSNR:
SSIM:

PHT

PSNR:
SSIM:

5% 10% 15% 20%

1282dB  1258dB  1130dB  12.78dB
0297 0285 0254 0.282

1338dB  1446dB  1525dB  15.51dB
0312 0319 0326 0.322

1551dB  12.83dB  14.16dB  15.61dB

0.516 0549 0597 0.639

1262dB  1596dB  15.12dB  16.69dB
0.545 0.634 0.654 0679





media/file6.png
Cameraman

SHT

PSNR:

SSIM:

SHTN

PSNR:

SSIM:

DHT

PSNR:

SSIM:

PSNR:

SSIM:

0dB -10dB -20dB -30dB

Sy e E
K L T

12.10dB
0.108

AT . W ADE
il . E " y -
.-l‘ e .—_JJ___ Yo

13.90dB
0.229

11.81dB
0.752 0.434 0.217 0.118

y " L
el o i S
' »

12.29dB
0.138

26.41dB 19.03dB 15.25dB

0.848 527 0.283
e

26.98dB 18.59dB 14.46dB 12.22dB
0.763 0.459 0.227 0.117





