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Photoacoustic imaging (PAI) has been developed, and photoacoustic computed tomography
(PACT) is widely used for in vivo tissue and mouse imaging. Simulated annealing (SA) algorithm
solves optimization problems, and compressed sensing (CS) recovers sparse signals from under-
sampled measurements. We aim to develop an advanced sparse imaging framework for PACT,
which invloves the use of SA to ¯nd an optimal sparse array element distribution and CS to
perform sparse imaging. PACT reconstructions were performed using a dummy and porcine liver
phantoms. Compared to traditional sparse reconstruction algorithms, the proposed method
recovers signals using few ultrasonic transducer elements, enabling high-speed, low-cost PACT
for practical application.
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1. Introduction

Photoacoustic imaging (PAI) is a special existence
because its signal excitation and detection combine
the respective advantages of optical imaging and
ultrasound imaging, thus forming a hybrid imaging
technique. When the pulsed laser is irradiated
to the object, the light absorber inside the
object absorbs heat and locally thermally expands,
thereby generating sound waves propagating outward.

In practice, the source of image contrast in PAI

mainly comes from optical di®erences.1–7 Compared

with optical imaging, PAI can provide high-resolution

structural and functional imaging of deep tissues.8–10

It has been explored for clinical research including

breast, thyroid, joint and skin, internal organs of

special patients, etc.11–14

Photoacoustic computed tomography (PACT) is
one form of PAI. It can reconstruct the internal
photoacoustic source distribution from ultrasound
measurements in the detection plane. It can achieve
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fast, high-resolution imaging at several centimeters
of tissue depth.

Circular-array PACT can detect light absorbers
in the circular detection area. Human applications
include breast, brain, and joints. Whole body
imaging is possible for small animals. The ROI is
surrounded by the array, the photoacoustic waves
propagating in the region of interest can be detec-
ted. Compared with the linear array and the convex
array, the circular-array PACT does not have the
problem of limited viewing angle and can provide
high-quality images without losing boundaries.

Reliable sparse acquisition and reconstruction
algorithm are crucial for restoring high-quality
photoacoustic images. For the circular-array PACT
system, hundreds or even thousands of array ele-
ments are required to complete the collection of
photoacoustic signals according to the size of the
detector and the detection aperture. Moreover, the
data sampling speed is also limited by the data
acquisition equipment, and the multi-channel data
acquisition equipment is expensive, which will
greatly increase the cost of the equipment. Traditional
reconstruction methods include back-projection,
¯ltered back-projection (FBP), and time-reversal
reconstruction algorithms. These algorithms will
produce a large number of artifacts in the recon-
structed image when the data are incomplete, which
will a®ect the image quality.15–18

In the process of sparse photoacoustic signal ac-
quisition, domestic and foreign researchers generally
use the uniform sparse sampling mode, but the
premise that the photoacoustic signals collected by
each array element are di®erent is not considered.
This is a compromised sparse sampling scheme,
which will a®ect the subsequent imaging results.
Bergounioux et al. introduce how to position sensors
in thermo-acoustic tomography based on wave
equation.19 Privat et al. worked on the wave equa-
tion to solve the optimal array element distribu-
tion.20 In our work, we used SA to optimize sparse
element selection for di®erent imaging target
regions in sparse imaging problems based on the
prior information of the imaging target.

We adopted a reconstruction strategy based on
compressed sensing (CS) to replace the FBP that is
usually used for a circular-array PACT. In recent
years, CS has been widely studied and applied to
magnetic resonance imaging (MRI), di®use optical
tomography, and computed tomography (CT). For
example, Jean Provost et al. complete the CS

reconstruction algorithm based on circular-array
PACT.21 Michael Lustig et al. apply the CS to rapid
MR imaging.22 Liang Son et al. reported CS-based
photoacoustic reconstruction in frequency domains
with partially known support.23 All these studies
demonstrate that the CS-based reconstruction
technique can realize the reconstruction of high-
quality photoacoustic images in sparse sampling
mode.

In our research, we ¯rst used SA to ¯nd the op-
timal sparse array elements distribution for a spe-
ci¯c imaging target, then we can get the
photoacoustic signals collected from the optimized
sparse array elements.24–28 Next, we used the sparse
reconstruction algorithm based on CS to obtain
a high-quality photoacoustic image. This can
e®ectively suppress artifacts caused by under-
sampling, reduce equipment costs, and increase
imaging speed.

2. Method

2.1. Photoacoustic tomography

The generation process of the photoacoustic signal
and the process of propagating ultrasonic waves can
be described as follows:

r2 � 1

c2
@ 2

@t2

� �
pðr; tÞ ¼ �p0ðrÞ

d@ðtÞ
dt

; ð1Þ

where pðr; tÞ is the acoustic pressure signal at posi-
tion r and time t, p0ðrÞ is the initial acoustic pres-
sure generated by pulsed laser @ðtÞ excitation, and c
is the speed of sound. According to formula (1), the
forward problem of p0ðrÞ predicted by pðr; tÞ can be
expressed as follows:

pðr; tÞ ¼ @

@t

1

4�c3t

Z
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c
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;

ð2Þ
where r 0 refers to the position of the initial sound
pressure.

2.2. Intelligent selection of sparse
array elements

SA was ¯rst proposed by Kirkpatrick et al. in 1983.
It is derived from the principle of solid annealing, for
which a solid is heated above its recrystallization
temperature for a period of time and then slowly
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cooled. SA is a heuristic algorithm that has
advantages in solving optimization problems. It
uses Boltzmann probability distribution to jump
out of the local extreme value area, thereby in-
creasing the search for global extreme values. The
initial solution and the ¯nal solution are selected
randomly, which have good robustness and can
better ¯nd the optimal sparse array elements dis-
tribution. First, set the initial array elements dis-
tribution, randomly select a certain array element
to move in each cycle, determine whether to decide
a new solution according to the change of the
evaluation function, and ¯nally ¯nd the optimal
sparse array element distribution. The algorithm is
based on Metropolis criterion, the probability that a
particle tends to balance at temperature T is exp
(��E/T Þ, where T is the temperature and �E is
the change in internal energy. When using the
simulated annealing algorithm, one starts from the
initial array elements distribution X0 and the initial
value of the control parameter T , then iterates the
current solution in a loop until the approximate
optimal sparse array elements distribution is
obtained.29 It is a heuristic random search process
guided by the Monte Carlo iterative solution
method. Figure 1 shows the °ow chart of the in-
telligent selection algorithm for the sparse elements
of the circular array based on SA.

In the selection process of the sparse elements of
the circular-array PACT, SA is used to ¯nd the
optimal distribution of sparse elements for a speci¯c
imaging target. For each sparse array elements
distribution X, the energy function fðXÞ corre-
sponding to X is distributed, and the minimum
value of fðXÞ is found during a gradual change of
X. The energy function described in this paper is
the signal-to-noise ratio (SNR) of the photoacoustic
image reconstructed from the sparse photoacoustic
signal. The essence of this method is an iterative
process. During each iteration, whenX changes, the
changed X is accepted, if the energy function fðXÞ
decreases. If the energy function fðXÞ increases,
then one follows formula (3), and the Boltzmann
distribution probability accepts the new X value as
follows:

exp
fðXÞold � fðXÞnew

kT

� �
; if fðXÞnew > fðXÞold

1; else

8<
: ;

ð3Þ

where fðXÞnew represents the energy function
value after X changes, fðXÞold represents the
energy function value before X changes, k is the
Boltzmann's constant, and T is the system
temperature.

2.3. Compressed sensing photoacoustic
imaging

2.3.1. Compressed sensing matrix

An important application premise of CS is that the
signal or its transformation in a certain transform
domain is sparse or compressible. When a signal x 2
RN only has elements of nonzero value ðs � NÞ, it
is said to be s sparse, then the signal can be
reconstructed with higher quality on the basis of
much lower than the Nyquist sampling frequency.
Actually, most biomedical images can be sparsed in
a certain domain if we can ¯nd a suitable sparse
transform. Most of the coe±cient values in the
transform domain are very small, and only a small
proportion of large coe±cients can represent most of

Fig. 1. Flow chart of the simulated annealing algorithm.
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the information in the image. So, in the process of
photoacoustic image reconstruction, those small
coe±cient values can be discarded, and only a few
large coe±cients can be used to restore the original
signal. Previous studies have shown that many
sparse transformations can transform photoacoustic
images into the sparse domain, including numerical
derivative (ND), wavelet transform, etc. The mea-
surement matrix K is as follows:

Kðm; tÞði;jÞ ¼
1

2�c
� t� ri;j � rm

�� ��
c

� �
;

m ¼ 1; 2 . . . ; p; t ¼ s�t; s ¼ 1; 2; . . . ; qs;

ð4Þ

where ri;j represents the coordinate value of the
Cartesian coordinate system of the pixel point of the
imaging area, rm represents the position coordinate
of the ultrasonic transducer, p represents the num-
ber of ultrasonic transducers, c represents the speed
of sound, and qs represents the photoacoustic, re-
spectively. The sampling point of the signal is in the
time domain.The imaging area and circular-array
coordinate system of circular-array PACT are
shown in Fig. 2.

The detection radius of circular-array in Fig. 2 is
R, a1–a2 represent the N pixel grid of the imaging
area, each pixel grid width is b, and the coordinates
of pixel B in row i and column j are ðxi;j; yi;jÞ.
The coordinate value of point A of the position
of the mth ultrasonic transducer array element

can be expressed as ðR cosððm� 1Þ � 2�p Þ � xi;j;

R sinððm� 1Þ � 2�p Þ � yi;jÞ. The distance between

point A and B can be expressed as follows:

RA;B ¼ jABj

¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
R cos ðm� 1Þ � 2�

p

� �
� xi;j

� �
2

þ R sin ðm� 1Þ � 2�
p

� �
� yi;j

� �
2

vuuuuut :

ð5Þ
The � in Fig. 2 represents the angle between the

line segment AB and the center line of the ultra-
sonic transducer, which can be expressed as follows:

�ði;jÞ;m ¼ arccos
R2

A;B þR2 � ðx2
i;j þ y2

i;jÞ
2RA;BR

 !
: ð6Þ

The smaller �ði;jÞ;m indicates that the pixel value
contributes more to the photoacoustic signal col-
lected by the array element at that point. Therefore,
the sensitivity factor is de¯ned here to indicate the
degree of contribution, and it decreases as �ði;jÞ;m
increases, as shown in the following formula:

wði;jÞ;m ¼ cosð�ði;jÞ;mÞ; 0 � �ði;jÞ;m � �=2
0; other

�
; ð7Þ

where � is the receiving angle of the ultrasonic
transducer.

The traditional measurement matrix is im-
proved, and the sensitivity factor is added to make
the measurement matrix more accurate. The im-
proved measurement matrix is as follows:

Kðm; tÞði;jÞ ¼ wði;jÞ;m � 1

2�c
� t� jri;j � rmj

c

� �
;

m ¼ 1; 2 . . . ; p; t ¼ s�t; s ¼ 1; 2; . . . ; qs:
ð8Þ

Therefore, the CS equation can be written as
y ¼ K 0� ¼ K 0�s, and � ¼ K 0� is called the sensor
matrix. Practice has proved that for each pair of
hK 0;�i, the low coherence between the two is
helpful for the restoration and reconstruction of
high-quality signals.

2.3.2. Compressed sensing reconstruction

model

According to CS theory, the reconstruction of
photoacoustic images can be obtained by solving
the following constrained optimization problem:

min jj��jj1 s:t: jjK 0�� yjj2 < �; ð9Þ

Fig. 2. Schematic diagram of measurement matrix calculation.
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where � is the signal to be reconstructed, K is the
measurement matrix, � is the sparse transforma-
tion matrix, y is the measurement value, and � is the
maximum allowable reconstruction error. The
above formula can be changed to an optimization
problem of an objective function:

argmin
�

F ¼ jjK 0�� yjj22 þ �jj��jj1: ð10Þ

A large number of experiments have proved that
in the process of CS signal restoration and recon-
struction, after a certain ¯xed sparse transforma-
tion has been adopted, the addition of total
variance (TV) can further improve the quality of
the reconstructed signal, so the objective function
used in this paper is as follows:

argmin
s

F ¼jj�s�yjj22þ�jjsjj1þ�TV ð��1�Þ: ð11Þ

There are three parts in the objective function F .
The ¯rst one is the square error between the
measured value obtained by the reconstructed
image through the measurement matrix and the
measured value obtained by the actual system
experiment. The second term represents the l1 norm
of the photoacoustic image in the sparse domain.
The three items are full variation penalty items, �
and � are regularization parameters to ensure
the weight balance between the sparsity and
consistency of the reconstructed image.

3. Results and Quantitative Analysis

First, we investigated the optimal sparse array ele-
ments selection for a speci¯c imaging target. In the
dense photoacoustic signal acquisition process of the
circular-array PACT, we use a circular-array
ultrasound transducer with 256 elements to collect
the photoacoustic signals. In our experiments, we
assumed that 256 elements were required for full
sampling, and in the sparse imaging mode, we col-
lected photoacoustic signals of 20 elements for
image reconstruction. The selection of these 20
sparse array elements distribution often followed
the mode of uniform sampling, that is, sampling at
equal angle intervals. But, we ignored the premise
that the information collected by each sensor was
di®erent. For di®erent imaging targets, the photo-
acoustic signals collected by each array element are
di®erent. Choosing di®erent sparse array elements
will produce di®erent reconstruction e®ects. Therefore,

we ¯nd the optimal sparse array element distribu-
tion for speci¯c imaging targets to achieve the best
imaging results. This section describes how we use
SA to ¯nd the optimal sparse array elements
distribution from 256 array elements to achieve the
best imaging e®ect.

If the shape of the imaging target is circular and
if the light absorption coe±cient is uniformly dis-
tributed, as shown in Fig. 3(a), the photoacoustic
signals collected by the ultrasonic transducers
located at various angles are equally important.
The uniform sparse sampling is the optimal solution
at this time. But, if the imaging target shown in
Fig. 3(b) is at the scanning center, the shape is not a
regular circle, and the photoacoustic signal collected
by the array element is di®erent, then the uniform
sparse sampling is not the optimal solution. If the
imaging target locates at the position shown in
Fig. 3(c), it will be di±cult to achieve good imaging
results with uniform sparse sampling.

We used SA to ¯nd the optimal sparse array
elements distribution that achieves the best imaging
e®ect when one or both of the following two con-
ditions are present: (1) The imaging target is ir-
regular and (2) the imaging target is not in the
center of the imaging area. Figure 4 shows a typical
imaging target. Next, we ¯nd the optimal sparse
array element distribution for the target imaging
based on SA.

We used SA to optimize the distribution of
sparse array elements. We set the initial tempera-
ture T ¼ 1000, the Markov chain length L ¼ 100,
the attenuation parameter K ¼ 0:99, and the
number of sparse array elements to 60, 40, and 20.
We set the initial value PreBest X to the array
element distribution of uniform sparse samplings.
Our strategy for changing the position of the array
elements is to randomly select an existing sparse
array element each time, take each array element
interval of the full array element as the unit dis-
tance, and randomly move a unit distance in the
positive or negative direction. We used a cost
function to calculate the SNR between the photo-
acoustic image reconstruction based on sparse
photoacoustic signal and the photoacoustic image
reconstruction based on a fully sampled photo-
acoustic signal. Figures 5(a) and 5(b) show the
distribution of 40 and 20 optimized sparse array
elements found of the imaging target shown in
Fig. 4.

The sparse array elements selection in sparse imaging
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We used the ¯ltered back-projection (SA-FBP)
and compressed sensing (SA-CS) to reconstruct the
photoacoustic image based on the sparse photo-
acoustic signal. SA-FBP is based on FBP recon-
struction, and the photoacoustic signal required for
reconstruction comes from the sparse array ele-
ments selected by SA. Similarly, SA-CS can be
known. We used Eq. (11) as the basic CS recon-
struction model, obtained the measurement matrix
using Eq. (8), and used the wavelet transform as the
sparse transform base to transform the photo-
acoustic images.

For the imaging target of the type shown in
Fig. 4, ¯rst we use SA to complete the optimal se-
lection of sparse array elements, and then recon-
struct the initial sound pressure distribution based

(a) (b) (c)

Fig. 3. Di®erent imaging targets located in di®erent imaging areas. (a) The circular imaging target is located in the center of the
imaging area. (b) Irregular imaging target is located in the center of the imaging area. (c) Irregular imaging target is located at the
edge of the imaging area.

Fig. 4. A typical imaging target for a full-angle photoacoustic
image reconstruction rendering.

(a) (b)

Fig. 5. Optimized sparse array elements distribution. (a) Distribution of 40 sparse array elements and (b) Distribution of 20 sparse
array elements.
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on the photoacoustic signals collected by these
array elements. In order to re°ect the e®ect of the
algorithm in this paper, the reconstruction results of
SA-FBP and SA-CS are compared with the results
of FBP and CS. Figure 6 shows that higher quality
photoacoustic images can be obtained; Figs. 6(a)–6(c)

show the PAI results reconstructed by FBP based
on 60, 40, and 20 array elements; the PAI results
reconstructed by SA-FBP based on 60, 40, 20 array
elements are shown in Figs. 6(d)–6(f), the PAI
results reconstructed by CS based on 60, 40, 20
array elements are shown in Figs. 6(g)–6(i), and the

Fig. 6. PAI results. (a)–(c) PAI results reconstructed by FBP based on 60, 40, 20 array elements. (d)–(f) PAI results reconstructed
by SA-FBP based on 60, 40, 20 array elements. (g)–(i) PAI results reconstructed by CS based on 60, 40, 20 array elements. (j)–(l)
PAI results reconstructed by SA-CS based on 60, 40, 20 array elements. (m) PAI result reconstructed by FBP based on 256
elements. (n) The values extracted from the cyan line in picture Figs. 8(c), 8(f), 8(i), and 8(l).
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PAI results reconstructed by SA-CS based on 60,
40, 20 array elements are shown in Figs. 6(j)–6(l).
Figure 6(m) shows the PAI result reconstructed by
FBP based on 256 elements, and Fig. 6(n) shows the
values extracted from the cyan line in pictures for
Figs. 6(c), 6(f), 6(i), and 6(l). The table in Fig. 6(n)
shows the signal-to-noise ratio of the cyan-dotted
pixel intensity value distribution.

In our work, the reconstructed image SNR and
Structural Similarity (SSIM) were selected to eval-
uate the reconstruction e®ect. Table 1 shows that
when the number of array elements used is less, the
improvement of the reconstruction e®ect of the al-
gorithm proposed in this paper is more obvious.
This is because a smaller number of elements results
in a larger variance in data acquisition. Therefore,
choosing an appropriate sparse array elements dis-
tribution is particularly important in sparse recon-
struction. In the FBP reconstruction algorithm, the
quality of the photoacoustic image reconstructed by
the optimized 20 sparse array elements is close to
that of the photoacoustic image reconstructed by 40
uniformly distributed sparse array elements. Ap-
plying the optimal selection of sparse array elements
to the CS reconstruction algorithm can also improve
the reconstruction e®ect to a certain extent.

We also used the algorithm proposed in this
paper to test the performance of the new imaging
target shown in Figs. 7 and 8.

Figure 7 shows the optimized sparse array ele-
ments distribution based on SA for a new imaging
target. The new imaging target is more complex,
and this experiment veri¯es the universality of the
algorithm in this paper. Figures 7(a) and 7(b) show
the distribution of 40 and 20 optimized sparse array
elements distribution, respectively. Figure 8 shows
the PAI results reconstructed by FBP based on 60,
40, and 20 array elements (Figs. 8(a)–8(c)), the PAI
results reconstructed by SA-FBP based on 60, 40,
20 array elements (Figs. 8(d)–8(f)), the PAI results
reconstructed by CS based on 60, 40, 20 array ele-
ments (Figs. 8(g)–8(i)), and the PAI results recon-
structed by SA-CS based on 60, 40, 20 array
elements (Figs. 8(j)–8(l)). Figure 8(m) shows the
PAI result reconstructed by FBP based on 256
elements, and Fig. 8(n) shows the values extracted
from the cyan line in pictures for Figs. 8(c), 8(f), 8(i),
and 8(l). The table in Fig. 8(n) shows the SNR of
the cyan-dotted pixel intensity value distribution.
We can ¯nd that the pixel value intensity on the
cyan-dotted line of the photoacoustic image recon-
structed by SA-CS is the closest to the label image.

Table 1. Quantitative analysis of PAI results.

FBP SA-FBP CS SA-CS

SNR SSIM SNR SSIM SNR SSIM SNR SSIM

20 array elements 6.75 dB 0.3895 9.43 dB 0.4456 13.36 dB 0.5832 14.48 dB 0.6125
40 array elements 13.18 dB 0.5610 14.19 dB 0.6001 17.25 dB 0.7174 17.85 dB 0.7305
60 array elements 20.56 dB 0.7713 20.67 dB 0.7938 22.12 dB 0.9024 22.16 dB 0.9103

(a) (b)

Fig. 7. Optimized sparse array element distribution. (a) Distribution of 40 sparse array elements. (b) Distribution of 20 sparse
array elements.
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For the new imaging target, we still choose
the SNR and SSIM of PAI results to evaluate the
reconstruction e®ect, the data are shown in Table 2.
Similar to the ¯rst imaging target, the algorithm in
this paper also achieves a good improvement e®ect
on complex imaging targets. It can be seen from
Table 2 that the e®ect is particularly obvious on
the imaging based on 20 sparse array elements.
Using SA to optimize the selection of sparse array

elements can improve the imaging quality of FBP
and CS.

Figure 9 shows the PAI results based on pig liver
model that we used to verify the e®ectiveness of the
algorithm proposed in this paper. We used a 532 nm
wavelength laser with a repetition rate of 20Hz and
calculated the light energy distribution on the
sample to be 13.5mJ/cm2, which is below the ANSI
safety limit (20mJ/cm2). The experiment uses a

Fig. 8. PAI results. (a)–(c) PAI results reconstructed by FBP based on 60, 40, 20 array elements. (d) and (f) PAI results
reconstructed by SA-FBP based on 60, 40, 20 array elements. (g)–(i) PAI results reconstructed by CS based on 60, 40, 20 array
elements. (j)–(l) PAI results reconstructed by SA-CS based on 60, 40, 20 array elements. (m) PAI result reconstructed by FBP
based on 256 elements. (n) The values extracted from the cyan line in picture Figs. 8(c), (f), (i), (l).
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128-element half-circular array probe, the center
frequency is 5.5MHz, and the lighting method is
annular uniform illumination. From the above
experiments, it can be found that the algorithm in

this paper is more suitable for application scenarios
with large sparsity. Therefore, for the imaging of
isolated pig liver, compared with 40 and 60, we
chose to use 20 sparse array elements for imaging.

Table 2. Quantitative analysis of PAI results.

FBP SA-FBP CS SA-CS

SNR SSIM SNR SSIM SNR SSIM SNR SSIM

20 array elements 5.75 dB 0.3572 8.39 dB 0.4321 12.57 dB 0.5975 13.29 dB 0.6123
40 array elements 11.23 dB 0.5598 12.49 dB 0.5864 16.23 dB 0.7036 17.51 dB 0.7128
60 array elements 19.83 dB 0.7532 20.01 dB 0.7863 21.58 dB 0.8745 21.65 dB 0.8887

Fig. 9. Pig liver phantom and circular-array PAI results. (a) Pig liver phantom. (b) PAI result reconstructed by FBP based on 128
elements. (c) PAI result reconstructed by FBP based on 20 array elements. (d) PAI result reconstructed by CS based on 20 array
elements. (e) PAI result reconstructed by SA-CS based on 40 array elements. (f) PAI result reconstructed by FBP based on 40 array
elements. (g) The values extracted from the white line in picture Figs. 9(b)–9(f).
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The pig liver was put into the agar phantom to
make the pig liver phantom shown in Fig. 9(a). The
PAI results shown in Fig. 9 prove that the algo-
rithm proposed in this paper has obvious e®ect on
the imaging of isolated tissue. Figure 9(b) shows the
label image. Figure 9(c) shows the PAI result
reconstructed by FBP based on 20 sparse array
elements, Fig. 9(d) shows the PAI result recon-
structed by SA-CS based on 20 sparse array ele-
ments, Fig. 9(e) shows the PAI result reconstructed
by FBP based on 40 sparse array elements. Figure 9(f)
shows the pixel value intensity distribution of the
white dotted line in Figs. 9(b)–9(e) to re°ect the
detail recovery e®ect. We can ¯nd that the photo-
acoustic image reconstructed by SA-CS based on
the sparse photoacoustic signals can better display
the image details. Table 3 presents quantitative
information of the PAI results. We use mean
squared error (MSE), SNR, and SSIM for quanti-
tative evaluation. It can be seen from Table 3 that
the images reconstructed based on SA-CS have a
great improvement in both MSE and SNR. Based
on the algorithm in this paper, the PAI result with
20 elements is better than the PAI result with 40
elements based on the FBP.

4. Conclusion and Discussion

It can be seen from the above experimental results
that using SA to ¯nd the optimal sparse array ele-
ment distribution can e®ectively improve the im-
aging e®ect of FBP and CS. The improvement is
especially signi¯cant for FBP reconstruction algo-
rithm, which greatly reduces the artifacts caused by
incomplete data. At the same time, the sparse array
elements selection based on SA can be adapted to
most imaging algorithms and can be integrated into
other imaging algorithms as an auxiliary imaging
module. At this stage, the selection of optimized
sparse array elements based on SA is mainly for
speci¯c imaging targets that require more prior

information and lack °exibly. For real-time imag-
ing, our next step is to divide the imaging area into
multiple small sub-imaging areas and use SA to
obtain the optimal sparse array elements distribu-
tion for imaging in each small imaging area. We will
obtain the optimal sparse array element distribu-
tion corresponding to each sub-region within the
imaging range to form a complete sample library. In
practical experiments, the appropriate sparse array
element distribution can be directly selected
according to the area where the imaging target is
located. It also can be applied to 3D imaging, take a
small part of slices for full sampling imaging and
obtain the corresponding optimal sparse array ele-
ment distribution, and then guide the sparse array
elements distribution of other slices for sparse
imaging.
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