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Towards efficient implementation of x-ray ghost imaging (XGI), efficient data acquisition and fast image reconstruc-
tion together with high image quality are preferred. In view of radiation dose resulted from the incident x-rays, fewer
measurements with sufficient signal-to-noise ratio (SNR) are always anticipated. Available methods based on linear and
compressive sensing algorithms cannot meet all the requirements simultaneously. In this paper, a method based on a mod-
ified compressive sensing algorithm with conjugate gradient descent method (CGDGI) is developed to solve the problems
encountered in available XGI methods. Simulation and experiments demonstrate the practicability of CGDGI-based method
for the efficient implementation of XGI. The image reconstruction time of sub-second implicates that the proposed method

has the potential for real-time XGI.

Keywords: x-ray ghost imaging, modified compressive sensing algorithm, real-time x-ray imaging

PACS: 42.30.Va, 42.30.Wb

1. Introduction

Correlation imaging, also known as ghost imaging (GI),
is a novel non-localized imaging method that has attracted
widespread attention and investigation during the recent
years.!!"l Combined with the lensless GI technology,>~7! x
ray ghost imaging (XGI) has the advantage of high spatial
resolution, 8101 deep penetration, high sensitivity and poten-
tially low radiation dose.!!""'> In order to break the resolution
limit of the detector to explore more subtle structure, Yu et
al. experimentally demonstrated the reconstruction of both the
amplitude and phase of a multi-slits sample with the slit width
smaller than the pixel size using Fourier-transform XGI.[?! So
far, these superiorities of XGI'>!3-13] have made it gradually
flourish in biomedicine and material science.

Towards the practical applications of XGI, especially for
biomedical imaging to live organisms in vivo and clinical di-
agnosis, it is indispensable to achieve XGI with high effi-
ciency which is reflected on efficient data acquisition and fast
image reconstruction!!®!8] together with high image quality.
The data acquisition time is determined by the refreshing fre-
quency of the modulating mask!'®! and the required number of
measurements to ensure reconstruction of high fidelity. Com-
putational XGI?Y provides a feasible solution in reducing
the data acquisition time. As long as the intensity distribu-
tion of the chaotic x-ray source can be pre-recorded!!?! or
calculated,®®! signals containing sample information can be
quickly collected through rotating the mask which can accel-
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erate the refreshing rate. Moreover, some other strategies in-
cluding splitting x-ray beams based on crystal diffraction!!314]
were proposed for the efficient implementation of XGI to
evade the tedious switch of samples in and out of a single x-ray
beam.[?! Since these signals in the object arm are registered
by a barrel detector with extremely high sensitivity and low
exposure time, it is theoretically possible to achieve ultra-low
acquisition time for per measurement. In addition, reducing
the number of measurements under the premise of high im-
age quality can further shorten the data acquisition time and
diminish the radiation dose imposed on the object. At present,
compressive sensing (CS) techniques utilizing the sparse prior
have been a credible choice to recover high-quality ‘ghost’ im-
ages with fewer measurements.

Since Katz et al.!*!1 put forward compressive ghost imag-
ing (CGI) which exploited the redundancy in the structure of
natural images, CS has been prevalent in single-pixel imag-
ing. According to sparsity constraints, CGI can restore high-
fidelity images with the number of measurements much less
than Nyquist—-Shannon criterion. Correspondingly, the data
acquisition time required for a high-quality reconstruction is
also dramatically reduced. In addition, fewer measurements
can simultaneously speed up the reconstruction for different
algorithms. Furthermore, CGI breaks the limitation that the
resolution of the recovered image is determined by the size of
speckles in the reference patterns in the traditional GI. How-
ever, CS techniques are confronted with an inherent problem
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that high-performance reconstruction by CS usually means an
increase in iterations, which results in huge computational cost
or long reconstruction time (RT) and prevent CGI from real-
time imaging. Hence, the measurement number and RT main-
tain the major stumbling obstacle towards real-time XGI with
high quality and efficient image reconstruction. In the visible
light regime, the irrelevant speckle patterns devised by spa-
tial light modulator (SLM) combined with the matching al-
gorithms can obviously speed up the reconstruction.?? Suit-
able optics such as SLM have not yet been found to modulate
the devised speckle patterns in x-ray regime. Accordingly, in
the algorithm framework suitable for universal situations, a
method based on a modified compressive sensing algorithm
with conjugate gradient descent method (CGDGI) is proposed
to retrieve ‘ghost’ images rapidly and robustly while ensuring
the reconstruction quality with few measurements and itera-
tions, aiming at efficient implementation of XGI concerning
the data acquisition and image reconstruction.

2. Principle

Different from traditional GI''#! using ensemble average
on intensity correlation, differential ghost imaging (DGI) pre-
sented by Ferris er al.!?*! substitutes the total intensity with
the differential bucket signal, which is sensitive to intensity
fluctuation and can suppress background noise. As a result,
DGI can effectively extract the spatial information of the ob-
ject with higher signal-to-noise ratio (SNR). The formula for
DGI is described as following:

(Si)
(Ri)
where I; (p,q) and S; respectively represent the reference pat-

Gour(p.a) = (. 9)S;) —

(ILi(p;q)R;) , (D

terns recorded by spatially resolved detector and the total in-
tensity collected by the single-pixel detector during the i-th
realization. R; =Y, . Ii(p, q) denotes the total intensity on the
i-th reference pattern, i = 1,2,...,M, and M implies the total
number of measurements. The angle bracket (-) denotes the
ensemble average over all the measurements.

The image obtained by DGI does not completely satisfy
the inherent constraint S; =Y., . 1; (p,q) T (p,q), where T (p, q)
denotes the transmittance or reflectance of the intensity at the
pixel location (p,q) in the object plane. Moreover, due to the
background noise, the reconstructed image by DGI usually vi-
olates the prior that the gradient of natural images is sparse.
Therefore, on the basis of DGI result which is relatively close
to the ground truth, total variation (TV) regularization!?*! is
utilized to iteratively converge and satisfy the sparse prior
and inherent constraint simultaneously, which is expected to
further ameliorate the DGI image. In addition, the isotropic
TV term frequently used in the algorithm results in fewer
zig-zagging boundaries in reconstruction. However, the non-
differentiability and non-linearity of TV function make the

solution more complicated than greedy algorithms!>! or I,
minimization!?®! and cost much more data processing time.
In the modified CS algorithm, the square of the isotropic TV
term is selected as the new regularization term, and the corre-
sponding mathematical model is established as following:

Tegpar = min TV (T) subject to S = AT, )

where ACRY>*N means the measurement matrix composed of
M reference patterns with the size of N = Ny X N,, S cRMx1
denotes the observation vector consisted with M signals col-
lected from the bucket detector, where each element is S;, and
Tcapar represents the image to be restored by CGDGI and

TVX(T) = Y[T(p+1,9) =T (p,q9))
P9

+[T(p,g+1)—T(p,q)]*. 3)

Equation (2) can be solved by the equivalent unconstrained
problem given as

minQ(T) = S AT -SB+ 1TV, @
where A denotes the penalty coefficient to compromise the
regularization term and fidelity term. Generally, A is set to
be a smaller value to adapt to higher noise. As the regulariza-
tion term, TV?(T) is also isotropic and inherits the superiority
that preserves the clarity of the edges.

Due to that Q(T) is the quadratic function of T, con-
jugate gradient descent (CGD) can be used to achieve fast
convergence. Theoretically, CGD selects the global optimal
descent direction to speed up convergence, so sufficient ac-
curacy can be achieved through finite iterations. The gra-
dient g(T) = dQ(T)/dT = HT + C can be obtained simply
by firstly calculating Hessian matrix H and the corresponding
constant C, as shown below:

2’0 /
C=—MA'S, (5b)

where the superscript ’ denotes the transpose and E is a con-
stant matrix determined merely by the image size of Nj X N,.
Simplified calculation aims at shortening RT. The global opti-
mal descent direction d, known as the conjugate gradient de-
scent direction, can be obtained through

g;chl (T)gk41(T)

di1(T) = g1 (T) + 2 (T)gi(T)

di(T), 6)
where di(T) and gi(T) represent respectively the gradient and
conjugate gradient in the k-th iteration. The specific flow chart
of CGDGI algorithm is shown as follows.
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The flow chart of CGDGI algorithm.

1 Initialize A, € and the maximum iteration steps K
2 Calculate Gpgr according to DGI algorithm, and T(o) = Gpar
3 Calculate H = 9>Q/d*T and h = 9Q/dT — HT
4 FiI‘Stly k=0, 8(0) = HT(()) +h, d(o) = £(0)>
5 While k < K & dy<e

) = & A/ (d{yHd )

Tery =Ty — Ay

81y =HT i1y +h

A1) = 8(k1) 8l 8+1)/ (8180 )ity

k<k+1

end

6 Return the last outcome 7(x)

Annotations
T(4) is the image to be reconstructed in the k-th iteration

H, h are constants

The superscript / denotes transpose

Different from the total variation minimization by
augmented Lagrangian and alternating direction algorithm
(TVAL3),?*] CGDGI accelerates the reconstruction by solv-
ing the main equation (Eq. (4)) in only a single loop. It is ob-
vious that CGDGI with a single loop structure can run much
quicker than TVAL3 with a nested loop structure. Moreover,
CGDGI can achieve higher convergence precision to obtain
better reconstruction with limited iterations through conjugate
gradient descent method, so that CGDGI is expected to recon-
struct high-fidelity images robustly and efficiently through few
iterations based on the DGI result as the initial input of the iter-
ations in CGDGI. The simplicity of DGI can save much RT for
CGDGI. The algorithm metrics including RT, peak signal-to-
noise ratio (PSNR),*”! structural similarity (SSIM)!?®! index
and meta-rate (MR)[?! are utilized to evaluate performances
of the proposed algorithm in comparison to other classical al-
gorithms.

3. Results and analysis
3.1. Simulation

To demonstrate the effectiveness of CGDGI proposed in
the paper, a numerical simulation is carried out prior to exper-
iments. Different algorithms are adopted to provide a compar-
ison for CGDGI including typical linear algorithms such as it-
erative denoising of ghost imaging (IDGI), 3! pseudo-inverse
ghost imaging (PGI),*! and classical CS algorithms such as
orthogonal matching pursuit (OMP),!?>! basis pursuit denois-
ing (BPDN)[?%! and TVAL3.1?* The schematic diagram for
the simulation is sketched in Fig. 1, which is similar to that
in Ref. [2]. In the numerical simulation, the pseudo-thermal
x-ray source is artificially generated by a sandpaper acting as
masks illuminated by a monochromatic x-ray beam collimated
by an aperture. The object was mounted a distance d; down-
stream the sandpaper and followed by a panel detector a dis-
tance dp away from the object. Theoretically, d» should be set
as zero to meet the confocal condition of real-space XGI that
the distance from source to object is equal to that from source

to the panel detector. However, the defocused distance dy# 0
is inevitable in this scheme of actual situations. In the simula-
tion, d» is set as 0.5 cm < d; = 45 cm to conform actual sit-
uations without excessively violating the confocal condition.
The reference patterns and object signals are respectively reg-
istered through shuttling the object into and out of the beam.
The reference patterns of stochastic speckles are produced by
the propagation of the field modulated by randomly distributed
irregular particles based on inference of the randomly scat-
tered radiation. The full width at half maximum (FWHM) of
the autocorrelation function for all the reference patterns is 5
pixels, and its maximum is approximately 1.95. The larger
the maximum of the autocorrelation function which represents
the fluctuation degree of the speckle intensity, the higher effi-
ciency and fidelity ‘ghost’ images can be retrieved.*3! On the
other hand, the object signals are also recorded by the same
panel detector which integrates the total intensity all over the
pixels as a bucket detector.

Aperture

Panel
detector

Object

Fig. 1. Schematic diagram of experimental setup. The object is tog-
gled in or out of the x-ray beam to record bucket signals and reference
patterns respectively.

In order to verify the robustness of CGDGI for recon-
struction of objects with complex structures, the grayscale im-
age ‘Lena’ with 64 x 64 pixels is employed as the target image
in numerical simulation, with additive Gaussian white noise of
different strengths. In the simulation, noise is directly added
to the speckle patterns and the bucket signals that contain the
object information, as shown in following:

N(p,q) =Li(p.q) + N} (p,q), (7a)
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S} =Y T(p.9)li(p,q) + NP (p,q), (7b)
pa
where IlN (p,q) indicates the speckle patterns with Gaussian
white noise NiR in the reference arm and S?I implies the bucket
signal contaminated by the noise Nl-O in the object arm during
the i-th realization. Ni0 obeys the same probability distribution
as NI-R, since both of them are introduced by the same detec-
tor. The superscript N indicates that the raw data IN (p,q) and
S}\I are noisy. The superscripts R and O represent the noise
N; in the reference arm and the object arm, respectively. The
strength of noise is represented by the mean iy and the stan-
dard deviation on. Generally, the fluctuation of the standard
deviation can well describe the noise strength. Accordingly,
noise with different standard deviations is introduced in the
simulation to demonstrate the robustness of the algorithms.
According to the common experience, the reconstruction
quality and RT of CGDGI will increase with the growing num-
ber of measurements. As shown in Fig. 2, both PSNR and
RT gradually grow with the iteration number and the mea-
surements at different noise level. However, the growth rate
of PSNR slows down significantly when the iteration number
exceeds 10 and the measurements surpass 600 despite of dif-
ferent noise level, as shown in Figs. 2(a) and 2(b). SNR is an
explicit index to evaluate the noise level. Therefore, according
to the definition of SNR, SNR for the reference speckle pat-
terns contaminated by noise with the mean y and the stan-

20
19

m

<

x 18

Z

n

[a —s—un =100, on =10
17} —e— N =100, ox =50

—a— un =100, onx = 100
16 1 1 1 1 1
0 5 10 15 20 25 30

Iterations

PSNR (dB)

0 5 10 15 20 25 30
Iterations

14

dard deviation oy is derived as

2 2
SNR = 10log;, (“;JFGSZ) 8)

where L5 and o5 (05 = ;) indicate the mean and the standard
deviation of the negative exponential distribution obeyed by
the reference speckle patterns. The average intensity s of the
speckle patterns is approximately 8984, so the Gaussian noise
with the mean un = 100 and the standard deviation on = 10,
50, 100 is converted into SNRs of 42.0 dB, 41.1 dB, 39.1 dB,
respectively. The values of the parameter A is set to 46, 42 and
39 respectively to obtain the optimal images under the above-
mentioned environments with different noise level.

While under the circumstances of different measure-
ments, PSNR’s rising tendency also slows down when the it-
eration number is larger than 10, as shown in Fig. 2(c). In the
other hand, RT also increases with the more measurements
which constitute a larger measurement matrix, as shown in
Fig. 2(d). Therefore, a suitable number of both iterations and
measurements should be chosen carefully. The iteration num-
ber for further simulation is set to 10 and the measurement
number M is set to approximately 600 to ensure efficient image
reconstruction under the premise of high fidelity. Certainly,
the conclusion is also instructive for the subsequent experi-

ments.
20} (b)
19}
m 18}
°
ot 17+
Z
2 16t —a—un =100, ox =10
5l —e— N =100, on =50
—a— un =100, on =100
14 L L L
0 200 400 600 800 1000
Measurements
[ (@)
| ]
o | ]
0 200 400 600 800 1000
Measurements

Fig. 2. Numerical simulation of ‘Lena’ with PSNR and RT varying with the iteration and measurement number, where (a) PSNR vs. iterations
with measurement number of M set to 1000, noise’s mean y = 100 and standard deviation o = 10, 50, 100 respectively, (b) PSNR vs.
measurements with the iteration set to 10, noise ¢ = 100 and ¢ = 10, 50, 100 respectively, (¢) PSNR vs. iteration with measurements set to
300, 600, 1000 respectively, and (d) RT vs. measurements when the iteration number is set to 10 according to the conclusion of (a) and (c).
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Lena reconstructed by different algorithms under the
noise levels with uxy = 100 and on = 10 are displayed in
Fig. 3. The measurement number M is set to 600, and the
images stand for target (a), DGI (b), IDGI (c), PGI (d), OMP
(e), BPDN (f), TVAL3 (g) and CDGGI (h), respectively. From
the visual perspective, these images retrieved by linear algo-
rithms listed above merely exhibit the blurred outlines but lose
the tiny details, as shown in Figs. 3(c) and 3(d). Moreover,
the IDGI image, looks evidently worse than the DGI image
as shown in Fig. 3(c). This was also demonstrated by PSNR
in which value for IDGI was 14.98 dB smaller than 15.36 dB
for DGI. Although the IDGI image is originally expected to
be ameliorated through several iterations after DGI, the re-
sult is not satisfactory due to the complex structure and rel-
atively low contrast in Lena. Compared with CGDGI, IDGI
not only spends as nearly twice time but also recovers an im-
age far worse under the computer configuration intel (R) Core
(TM) i9-9900K CPU @3.60 GHz. As shown in Fig. 3(d),
the random °‘salt and pepper’ throughout the whole image
severely deteriorate the PGI image which merely reproduces
the blurred morphology of Lena. As well known, PGI is vul-
nerable to environmental noise, which results in a poor PSNR.
The poor noise resistance of PGI will be further proved in the
following experiments. In addition, PGI spends nearly half
more time for reconstruction than CGDGI. In summary, for
all the typical linear algorithms, based on the explicit observa-
tion low image quality were achieved even though the image
reconstruction time is quite limited. This implicates that it is
hard to achieve high image quality and efficient reconstruction
with linear algorithms.

In CS algorithms such as OMP and BPDN, discrete co-
sine transform (DCT) is selected as an appropriate sparse ba-
sis and the parameters are optimized to achieve the best re-

(e)

construction in all kinds of CS algorithms. The images re-
constructed by CS algorithms were generally of higher fidelity
than that by linear algorithms, as shown in Fig. 3. However,
the fidelity improvement for CS algorithms is at the expense
of significantly increased time consumption. As shown in
Fig. 3(e), the raindrop-like artifacts all over the image severely
degrade the quality of Lena reconstructed by OMP, which
limits its practical application in noisy scenes. As shown in
Fig. 3(f), BPDN based on DCT basis still cannot evidently
eliminate the artifacts and will not distinguish the Lena’s fa-
cial contour clearly. However, RT of 9.44 s for BPDN is much
longer than that of around half a second for the linear algo-
rithms. Based on the property that the gradient of natural im-
ages is sparse, TVAL3 depicts more accurately the sparsity
of Lena, and the reconstruction by TVAL3 looks smoother as
shown in Fig. 3(g). Relative to BPDN, the RT for TVAL3 is
reduced to 6.28 s. The image quality for TVAL3 is sufficiently
high but the relatively long reconstruction time cannot still
meet the requirements of an efficient XGI. CGDGI is proposed
to improve the reconstruction efficiency of BPDN and TVAL3.
As shown in Fig. 3(h), Lena recovered by CGDGI reveals the
structure details with higher contrast especially textures on the
hat. While the image quality of CGDGI is comparable to that
of BPDN and TVALS3, and the RT is significantly reduced to
0.4 s. Considering the image acquisition time needed for all
the measurements, the subsecond RT of CGDGI can ensure
the efficient implementation of XGI. Certainly, for samples
with simpler structure than Lena, the requirements for mea-
surement number can be greatly reduced and accordingly the
efficiency for data acquisition in CGDGI is improved signif-
icantly. As a result, CGDGI based XGI with efficiency data
acquisition and image reconstruction is anticipated.

(h)

Fig. 3. Lena reconstructed by various algorithms under the noise level with ty = 100 and on = 10 and the measurement number M = 600,
where (a) target image. (b) DGI with RT of 0.02 s and PSNR of 15.36 dB, (c) IDGI with RT of 0.55 s and PSNR of 14.98 dB, (d) PGI with
0.54 s and 17.79 dB, (¢) OMP with 0.84 s and 17.6 dB, (f) BPDN with 9.44 s and 18.51 dB, (g) TVAL3 with 6.28 s and 19.37 dB, (h) CGDGI
with 0.40 s and 19.38 dB. For all the algorithms, the iteration number is set to 10.
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3.2. Experiments

In order to verify CGDGI'’s practical reliability, experi-
ments were carried out at BLO9B and BL13W1 beamlines of
Shanghai Synchrotron Radiation Facility (SSRF), as shown in
Fig. 4. The experiments were usually carried out at midnight
to ensure the stability of the x-ray source and the minimum
effect of the ground vibration. The energy of monochromatic
x-ray beam was set to 15 keV to generate speckle patterns with
violent fluctuations according to the property of alumina sand-
paper as shown in Fig. 4(b). The FWHM and maximum of the
autocorrelation function for all the speckle patterns are 72 pm
and 1.26, respectively, as shown in Fig. 4(c). The FWHM of
72 wm which corresponds to the point-spread function (PSF)
of traditional GI,*?) is consistent with the average particle
size of 75 pm in the sandpaper. The sample for the experi-
ments was placed 45 cm downstream of the sandpaper acting
as the mask, followed by the panel detector (HAMAMATSU,
ORCA-flash 4.0 C11440) which was located about 0.3 cm
away from the object. Magnified with microscopic objectives
of 2x or 10x, the effective pixel size of the panel detector is
3.25 pm or 0.65 pm respectively. Moreover, air-cooling was
replaced with water-cooling to degrade the thermal noise in-
troduced by the detector. High-contrast tungsten wire (TW)
with 64 x 64 pixels and low-contrast sample of character ‘5’
with 54 x 36 pixels in a resolution chart were selected as the
experimental samples to verify the reliability of the proposed
method for objects in different classifications. The speckle
patterns in the reference arm and the signals in the object arm
were collected in turn by toggling the object in and out of the
x-ray beam.

In the experiment of tungsten wire, the exposure time for

Z/3D distribution of 2-order correlation

a single speckle pattern was set to 6 s, which depends on the
flux density of incident x-ray, detector efficiency and mask ab-
sorption. Considering the bucket detector is synthesized by
integrating the total intensity all over the pixels of the detec-
tor, exposure time in the object arm was also set to 6 s. To-
gether with the time needed for the motor scanning, the av-
erage time required to collect a pair of data is 16 s. As a re-
sult, the total time for data acquisition of 660 measurements
is 2.9 hours. As for object of character °5°, the total time for
the data-acquisition is 2.4 hours, in which the exposure time
is 10 s with a 10x optical magnification and measurements of
360.

Due to the FWHM of 72 pum larger than wire’s diame-
ter 20 um, traditional GI cannot retrieve the image of TW
while the linear or CS algorithms could discern TW’s struc-
ture, as shown in Fig. 5. Firstly, the linear algorithms includ-
ing IDGI and PGI are employed to reconstruct the TW im-
age with 550 measurements. The result of DGI is shown in
Fig. 5(b) and the superposition of TW is fairly discriminated.
IDGI improves the contrast of the wire but with lower SNR,
as shown in Fig. 5(c). PGI retrieves the cross of the wire ev-
idently as shown in Fig. 5(d). However, the image is severely
deteriorated by the stochastic speckles, which implicates that
PGI is hard to be employed for the reconstruction of natural
sample with continuous and complex microstructures in noisy
background. Accordingly, the linear algorithms are unable to
implement XGI efficiently.

Instead of the linear algorithms, CS algorithms including
OMP, BPDN, and TVALS3 are used for the image reconstruc-
tion. In the OMP image as shown in Fig. 5(e), the background
wrinkles deform the image of wires significantly, which means

Object

Panel
detector

() 1.25
1.20
1.15
1.10
1.05
1.00

X,;e\\

x @

Fig. 4. Photographs for the experiments, where (a) experimental setup and (b) a speckle pattern in the reference beam, (c) autocorrelation of
the speckle pattern in which the FWHM and maximum are 72 pm and 1.26, respectively.
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(b)

®

() (h)

Fig. 5. TW reconstructed by various algorithms under 550 measurements: (a) target image, (b) DGI, (c) IDGI, (d) PGI, (¢) OMP, (f) BPDN,

(g) TVAL3, (h) CGDGI with the iteration number of 10 and A set to 0.9.

the incapability of OMP for the efficient implementation of
XGI. As shown in Fig. 5(f), the advantage of BPDN’s noise
resistance improves the SNR of the retrieved image obviously
compared to that of OMP as shown in Fig. 5(e). However,
the image background is still noisy to some extent. According
to Fig. 5(g), TVALS3 retrieves the image with a smooth back-
ground, but also with an additional thickening of the wires es-
pecially at the superposition. The apparent thickening effect
will reduce the fidelity of TVAL3 for the image reconstruc-
tion. Finally, CGDGI is employed to reconstruct the image of
TW with A set to 0.9 and the result is shown in Fig. 5(f). Com-
pared to Figs. 5(d) and 5(g), the problems encountered by PGI
and TVALS3 are overcome successfully by CGDGI and the best
image quality among all the algorithms mentioned above are
achieved according to the intuitive analysis. To compare ef-
fect of the algorithms quantitatively, PSNR, SSIM and MR are
chosen to qualify the retrieved images and the results are listed
in Table 1. Evidently, CGDGI gains the best value of the qual-
ity metrics against all the other algorithms. This implicates
that CGDGI has the great potential for the efficient implemen-
tation of XGI. In addition, data processing efficiency of the
algorithm is also critical to the implementation of ghost imag-
ing. According to the value of RT listed in Table 1, the time
needed by CGDGI is comparable to that of PGI but much less
than TVAL3. Comprehensively, CGDGI is the best candidate
for the efficient implementation of XGI.

Measurements required by XGI determines the data ac-
quisition efficiency directly. Moreover, radiation dose is crit-
ical for XGI and fewer measurements is always anticipated.
For all the CS based algorithms, RT and PSNR vs. number
of measurements are calculated and exhibited in Fig. 6. Ac-
cording to Fig. 6(a), image RT for CGDGI is at the similar
level with OMP and much less than that of BPDN and TVAL3.
Furthermore, RT of CGDGI does not increase clearly with the
measurements. PSNR is employed to pursue the optimized

measurements for the algorithms. As shown in Fig. 6(b), for
the algorithms except BPDN, the PSNR value increases with
the measurements in general and flattens out while the mea-
surements reach to a critical value. According to Fig. 6(b),
CGDGI dominates the best PSNR among all the CS algo-
rithms with the variation of measurements and its PSNR ar-
rives at almost a maximum while the measurements reach to
550. The correspondent sampling rate is 13.4%, which implies
that low radiation dose can be achieved by CGDGI. Compre-
hensively, owing to the advantages of high PSNR, rapid image
reconstruction and low sampling rate, CGDGI is practicable
for the efficient implementation of XGI. Moreover, low sam-
pling rate of CGDGI signifies high efficiency in data acquisi-
tion and low radiation dose.

Table 1. Performances of different methods for tungsten wire with the mea-
surements of 550.

Method DGI IDGI PGI OMP BPDN TVAL3 CGDGI
PSNR (dB) 11.60 8.32 824 12.09 1334 1515 15.85
SSIM 0.6663 0.5466 0.4423 0.7270 0.7854 0.8831 0.8878
MR 0.9564 0.9452 0.9344 0.9692 0.9736 0.9823 0.9856
RT (s) 0.012 0470 0344 0073 2994 6.112 0.213

Common samples for x-ray imaging are not pure absorp-
tion like tungsten wires. Therefore, a character ‘5’ in a res-
olution chart (model: JIMA RT RC-02B) for x-ray imaging
is taken to demonstrate the proposed method. The character
‘5’ is made of 1 pum-thick tungsten film plated on a silicon
base. Obviously, tungsten film with 1 wm thickness implies
that character ‘5’ is a low-contrast object. In the experiments,
the character ‘5’ in the resolution chart is imaged with a field
of view of 54 x 36 pixels. The total measurement number is
set to 360 which corresponds to the sampling rate of 18.5%.
The effective pixel size of the detector used for the experi-
ments is 0.65 um and the average absorption of the object is
9%. To ensure the reliability of the signal containing the ob-
ject information in the signal arm, the exposure time for each
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frame is up to 10 s. Figure 7 shows the images of the character
‘5’ retrieved by the linear and CS algorithms, with the target
image supplied for comparison as shown in Fig. 7(a). The re-
sults of linear algorithms are shown in Figs. 7(b)—(d) respec-
tively. It is no doubt that low contrast increases the difficulty
of reconstruction, and none of the linear algorithm including
DGI, IDGI and PGI can retrieve the contour of ‘5’. Then the
CS based algorithms are employed to retrieve the object and
the images are shown in Figs. 7(e)-7(h) respectively. From
Fig. 7(e), the character of ‘5’ cannot be figured out in the im-
age reconstructed by OMP. BPDN can retrieve the profile of
‘5’ but with a very noisy background, as shown in Fig. 7(f). At
last, both TVAL3 and CGDGI could successfully restore the
object, but CGDGI achieves higher image quality than TVAL3
with the coefficient A set to 0.8, as shown in Figs. 7(g) and
7(h). As presented in the figure caption, the PSNR for CGDGI
is 15.4 dB, e.g., the highest value among all the algorithms,
which is consistent with the intuitive judgement. The RT of
0.04 s for CGDGI signifies the efficient image reconstruction
of the proposed algorithm. As a result, for low-contrast ob-
jects, CGDGI could still obtain high-fidelity images with 1 to
2 orders of magnitude less time than the other CS algorithms,
which demonstrates the applicability of the proposed method
for low-contrast objects.

(a)

——
(e)

(f)

(a) 10
— OMP
gb— BPDN
—— TVALS3
_ gl——ccpar

O rl - =
110 220 330 440 550 660
Measurements
(b) 16 F—— OMP
—e— BPDN
—v— TVAL3
o 14| ——cCGDCI
% 14
[ )
o]
4
A, 12
10 B [ ]

0 110 220 330 440 550 660
Measurements

Fig. 6. Performance of CS algorithms versus measurements for the re-
trieval of TW, where (a) RT and (b) PSNR of CS algorithms including
OMP, BPDN, TVAL3 and CGDGI.

(g)

Fig. 7. Character ’5’ in the resolution chart is reconstructed by various algorithms with the measurement number M = 360: (a) target image,
(b) DGI with RT of 0.01 s and PSNR of 9.91 dB, (c) IDGI with 0.10 s and 9.37 dB, (d) PGI with 0.13 s and 1.79 dB, (d) OMP with 0.03 s
and 11.16 dB, (f) BPDN with 5.79 s and 12.19 dB, (g) TVAL3 with 2.83 s and 14.31 dB, (h) CGDGI with 0.04s and 15.40 dB with iteration

number set to 10 and A set to 0.8.
4. Conclusion and perspectives

Towards efficient implementation of x-ray ghost imag-

ing, efficient data acquisition and fast image reconstruction

together with high image quality are preferred. In view of
radiation dose resulted by the incident x-rays, fewer measure-
ments with sufficient SNR are always anticipated. Available
linear and compressive sensing algorithms cannot meet all the
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requirements simultaneously. In this paper, a method based on
a modified compressive sensing algorithm, e.g., the so called
CGDGQI, is developed to solve the problem encountered in the
efficient implementation of XGI. The conjugate gradient de-
scent method is integrated into the CS algorithm to accelerate
the reconstruction, which not only satisfies the sparse property
of natural samples but also meet the inherent constraints.

To improve the reconstruction fidelity and meanwhile re-
duce the reconstruction time, image reconstructed by DGI is
selected as the initial input of the iterations in CGDGI. Nu-
merical simulation demonstrates that the image reconstruction
time of CGDGI is significantly reduced to subsecond while the
image quality is comparable to that of a typical CS algorithm
called TVAL3. Experiments with high-contrast object demon-
strate that owing to the advantages of high PSNR, rapid im-
age reconstruction and low sampling rate in comparison to all
the other linear and CS algorithms, CGDGI is practicable for
the efficient implementation of XGI. Moreover, low sampling
rate of CGDGI signifies high efficiency in data acquisition and
low radiation dose. Experimental results of low-contrast ob-
ject verify that CGDGI could still retrieve high-fidelity images
with 1 to 2 orders of magnitude less time than the other CS al-
gorithms, which further demonstrates applicability of the pro-
posed method for low-contrast objects.

In conclusion, the CGDGI based method shows great po-
tential in the efficient implementation of XGI. In general, the
need of numerous measurements and tedious image recon-
struction time is considered to be the main constraints in XGI
for efficient and low-dose radiology compared to conventional
imaging methods. The proposed method should be an effec-
tive solution for these problems encountered currently. The
difficulty in manufacturing a dedicated spatial modulator for
x-rays limits the direct use of computational imaging for XGI.
Take sandpaper as the spatial modulator, collect the modulated
patterns in reference arm with high resolution detector in ad-
vance, repeat the modulator scanning process and record the
correspondent patterns very quickly in the signal arm with low
resolution or bucket detector. Consequently, the efficiency in
data acquisition of XGI can be improved significantly. After
integrating these processes into the proposed CGDGI based
method, x-ray ghost imaging to dynamic evolution in samples
is also predictable.
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