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Abstract

Photoacoustic computed tomography using an ultrasonic array is an attractive noninvasive imaging modality for many biomedical
applications. However, the potentially long data acquisition time of array-based photoacoustic computed tomography—usually due
to the required time-multiplexing for multiple laser pulses—decreases its applicability for rapid disease diagnoses and the successive
monitoring of physiological functions. Compressed sensing is used to improve the imaging speed of photoacoustic computed
tomography by decreasing the amount of acquired data; however, the imaging quality can be limited when fewer measurements are
used, as traditional compressed sensing considers only the sparsity of the signals in the imaging process. In this work, an advanced
compressed sensing reconstruction framework with a Wiener linear estimation-based Gaussian scale mixture model was developed
for limited view photoacoustic computed tomography. In this method, the structure dependencies of signals in the wavelet domain
were incorporated into the imaging framework through the Gaussian scale mixture model, and an operator based on the Wiener
linear estimation was designed to filter the reconstruction artifacts. Phantom and human forearm imaging were performed to verify
the developed method. The results demonstrated that compressed sensing with a Wiener linear estimation-based Gaussian scale
mixture model more effectively suppressed the reconstruction artifacts of sparse-sampling photoacoustic computed tomography
and recovered photoacoustic images with a higher contrast-to-noise ratio and edge resolution than the traditional compressed
sensing method. This work may promote the development of low-cost photoacoustic computed tomography techniques with rapid
data acquisition and enhance the performance of photoacoustic computed tomography in various biomedical studies.
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has considerable potential for use in the early diagnosis of
cancer, the imaging of tumor angiogenesis, and the detection
of vulnerable arthrosclerosis plaques for preclinical and clin-
ical applications.**> Photoacoustic computed tomography
(PACT) is a major form of PAI in which the internal photo-
acoustic source distributions are recovered from the ultrasonic
measurements over a plane or a volume. Generally, PACT uses
either an unfocused ultrasonic transducer with mechanical
scanning or an ultrasonic transducer array to acquire the image
data.®” Then, the optical absorption of the imaged objects can
be recovered with a certain algorithm. For many biomedical
applications, PACT equipped with an ultrasonic array is of
particular interest because of its wide-field, multiscale, and
multiresolution imaging capabilities. This technique has been
successfully applied for several clinical applications, such as
the diagnosis and treatment monitoring of breast cancer.®’

However, when using the traditional back-projection (BP)
reconstruction method, the transducer elements of the ultraso-
nic array must be sufficiently dense to recover high-quality
PACT images which leads to long data acquisition and pro-
cessing times under the limitations of a lower laser repetition
frequency (approximately 10~ 20 Hz for deep PACT imaging
[depth >1 cm]) and data acquisition card (DAQ) multiplexing;
thus, the applications of PACT are limited in many fields, such
as hemodynamics.'® Moreover, a dense arrangement of numer-
ous transducer elements is required, which increases the fabri-
cation difficulties and system costs, particularly for PACT with
high-frequency ultrasonic arrays.'' To improve the detection
sensitivity of PACT for deep signals, larger sized transducers
are designed; however, such changes do not guarantee the
dense packing of transducers, which decreases the quality
of the photoacoustic images reconstructed by traditional
methods.'? Therefore, the development of advanced imaging
methods capable of recovering high-quality photoacoustic
images with sparse sampling data are becoming important for
enhancing the applications of PACT in biomedical imaging and
studies.

Compressed sensing (CS) is an effective method for reco-
vering signals that are sparse in a certain transform domain. In
recent years, many studies have been performed that demon-
strate the advantages of CS in signal processing and biomedical
imaging.'*'> Analyses aimed at leveraging the advantages of
CS for PACT have also been recently reported, with Provost
et al verifying the feasibility and effectiveness of CS for PACT
via mathematical proofs and phantom experiments.'® Many
researchers have subsequently explored the applications of
CS in different imaging systems using different reconstruction
models. For example, Dr Liang et al employed CS in a random
optical illumination PAI system'’; Dr Guo et al reported CS-
based PAI of the cerebral vascular of rats in vivo.'® Previously,
our group developed a reconstruction model of CS with par-
tially known support and then successfully applied it to the
acoustic and optical resolution PACT in vivo.'*?° All the
abovementioned studies show the advantages of CS in improv-
ing the data acquisition speed and decreasing the system costs
of PACT via the sparse-sampling mode.

However, in the traditional CS reconstruction, only the spar-
sity of the coefficients in the sparse domain is considered, and
the images are recovered by minimizing the number of nonzero
coefficients with the square error constraint between the mea-
surements and the estimated data. In this case, the artifacts with
amplitudes similar to those of the real signals may not be
suppressed effectively or were overly suppressed, which
resulted in the loss of many signals. Recently, an advanced
CS reconstruction model with wavelet-domain coefficient
dependencies (referred to as structured sparsity) was developed
for signal processing. In this method, a Gaussian scale mixture
model (GSM) was imported as a tool representing the struc-
tured sparsity of the wavelet coefficients.?'** Kim first devel-
oped the GSM-based CS (CS-GSM) model in the wavelet
domain and applied it to recover the digital image by sparse
sampling.”* Recently, the CS-GSM model was also applied for
coronary magnetic resonance imaging by Akgakaya, and
higher quality in vivo coronary images were obtained with
fewer measurements.”> Available CS-GSM reconstruction
models are generally calculated by the Bayesian least squares
(BLS) estimation, although, in practice, the BLS-based method
increases the complexity of the Bayes computation process. In
this work, we developed a convenient CS model with GSM
using a Wiener linear estimation (CS-wGSM) and adapted it
into the limited view PACT in vivo. To our knowledge, this
study is the first to incorporate the structured sparsity of the
wavelet coefficients into the PAI process. In this method, a
Wiener linear estimation-based GSM (wGSM) operator was
designed to estimate the clear signals of the wavelet coeffi-
cients, and then the image processed by the wGSM operator
was incorporated into the CS reconstruction framework as a
priori data. Phantom and in vivo experiments of a human fore-
arm were performed based on a PACT. The experimental
results demonstrated that our developed CS-wGSM-based
PACT incorporated the structure features of the wavelet coef-
ficients, and it suppressed the sparse-sampling artifacts more
effectively and recovered the PACT images with a higher accu-
racy than the traditional CS-based PACT.

Materials and Methods
Compressed Sensing PACT

In PACT, assuming that the measurement data are y and the
image to be reconstructed is 0, then the relationship between
them is expressed through the measurement matrix K: y = K6.
Based on the equation, the mathematical model of the CS-
based PACT (CS-PACT) can be written as follows?®:

[min||x][,s.2.[[y = ©x||, <], (1)
where ® = K\{~', which is referred to as the CS matrix;
represents the sparse transform; and x represents the sparse
coefficient vector. Generally, the sparse coefficients of the
images can be recovered by solving the following objection
function:
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Figure 1. Illustration of neighborhood choice of 1 wavelet coefficient.
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Furthermore, many applications demonstrate that the total
variation in the signals improves the imaging process; thus, the
more popular form of the CS-based reconstruction model is as
follows?’:

fargmin 7 = [|OX — y|[; + allxll, + BTV 0] ()

where o and B are regularization parameters that determine the
trade-off between data consistency and sparsity.

Wavelet Coefficient Dependencies

A wavelet is often used as an effective sparse transform mode
to implement signal processing; thus, it is usually the first
choice for the CS method. In the traditional CS-based PACT,
only the sparsity of the wavelet coefficients is considered. In
fact, one coefficient, C, in a subband in the wavelet domain has
statistical relationships with other coefficients from different
subbands and scales.”® Generally, these relationships hold for
pairs of coefficients at adjacent spatial positions (called
“siblings”), adjacent orientations (“cousins”), the same posi-
tion at a coarser scale (“parent”), and adjacent orientations at
coarser scales (“aunts”). All the related coefficients are called
“neighbors” of C, and the positions of these neighbors in the
steerable pyramid wavelet domain are illustrated in Figure 1.

Gaussian Scale Mixture Model

Many researchers have studied the statistical structure of the
wavelet coefficients of many types of images and found that the
wavelet subband coefficients have highly non-Gaussian statis-
tical properties.”® Photoacoustic images also have the same
statistical features; for example, Figure 2A is a typical vascular
B-scan photoacoustic image and Figure 2B is its wavelet

decomposition. The non-Gaussian characteristics of the photo-
acoustic image are analyzed using the histogram of 1 subband.
Here, the histogram and log histogram of the vertical subband
of the B-scan image are listed in Figure 2C and D, respectively.
The histogram curves exhibit an obvious non-Gaussian distri-
bution, that is, a sharp peak at zero with heavy tails. Further-
more, although the coefficients of the wavelet subbands are
approximately decorrelated, the wavelet coefficients are not
statistically independent. In fact, large magnitude coefficients
tend to occur in the surrounding spatial locations and also
emerge at the same spatial location in the subbands at adjacent
orientations and scales, and they represent the “neighbors”
discussed in the section of wavelet coefficient dependencies.
To utilize the coefficient dependency in signal processing, a
GSM model was developed to express the non-Gaussian beha-
vior of the subband coefficients.?’

Assuming that the image was decomposed into a wavelet
domain (in this work, a steerable pyramid was used), let C repre-
sent a coefficient of 1 subband and O represent its neighborhood
vector consisting of surrounding neighbors from different sub-
bands as illustrated in Figure 1. Then, the distribution of the
neighborhood vector O can be expressed by the following GSM?':

[0=X+ W =zU + W], (4)

where X represents the clear coefficients; z is a positive random
variable referred to as a hidden multiplier; U is a zero-mean
Gaussian random vector with a covariance matrix Cy, which is
independent of z; and W represents the noise or reconstruction
artifacts of the original image.

In Equation 4, the random variables U and W are indepen-
dent; thus, the covariance of the neighborhood vector can be
written as follows:

[Co:CX+CW:ZCU+CW]a (5)

where Cp and Cjy are the covariance matrices of O and W,
respectively. Cy, can be estimated as follows:

[Cw = o31), (6)

where o is the standard noise variance. Assuming HH repre-
sents the high-pass residual subband, then it can be estimated as

follows:
[ow = median(abs(HH))/0.6745]. (7)

For each subband, we can estimate C; from Equation 5,
where Cy can be estimated by the following equation:

1 & R
EZ 00 =~ Cp = 2Cy + Cy |, (8)
k=1

where O, is the neighborhood vector of the kth wavelet coeffi-
cient in 1 subband; K is the total number of the neighborhood
vectors; and Z is the expected value of z. Without a loss of
generality, Z can be absorbed into the covariance matrix Cy,
and then Cy; can be estimated as follows:
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Figure 2. Analysis of wavelet coefficients for photoacoustic images. (a) An in vivo B-scan photoacoustic image; (b) wavelet decomposition of
the B-scan image with 3 scales and 3 directions; (c) 256-bins sub-band coefficients histogram (vertical subband), (d) log-domain histogram of

the vertical sub-band coefficients
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0,0} — Cy|. (9)
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Wiener Linear Estimation of Clear Signals

To estimate the clear signals of the noisy image using the GSM
model, the z value related to each wavelet coefficient should be
calculated first. In PAI with sparse sampling, the image noises
mainly result from the reconstruction artifacts; thus, the noises
are correlated with the image signals. In this case, z is estimated
by the Cholesky decomposition of Cy and the eigenvalue
decomposition of Cy;.>° Let S be the square root of Cy such
that C = S7—S, and let Q be the orthogonal matrix formed by
the eigenvectors of Cyy and A be the diagonal matrix containing
the associated eigenvalues A, of Cy such that
Co = OAQT) (10)
Then, the maximum likelihood estimation Z of z can be
obtained by solving the following equation®:

N
X,,vﬁ M

2D+ 17 Dt 1

0l, (11)

where v, is the nth component of the vector ¥ = 0S~'O and N
is the number of elements of the neighborhood vector. Then,
the optimal estimation of the clear coefficient of C can be
obtained by the well-known linear (Wiener) solution:

&2
Xc = ﬁxc ) (12)
Gy + oy
where 6% = 2(0)&?%, and 67, is the diagonal component of C; and
xc is the original wavelet coefficient value of C. Using the wGSM

operator, all clear wavelet coefficients were calculated and then the
filtered image was obtained by the inverse wavelet transform.

Reconstruction Model and Algorithms

To incorporate the wGSM into PACT to improve its perfor-
mance when using sparse sampling, an advanced CS recon-
struction model was developed as follows:

largmin F = [|0X — ¥ ||, + o [MyaX[], + BI| TV (¥~ X)[],],
(13)

where My is a diagonal matrix, which includes prior infor-
mation of the structured sparsity of the wavelet coefficients that
are updated after every CS reconstruction process

X" = argmin|0X — ¥[],? + of My X1, + BTV (¥ X)) (14)
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Figure 3. Illustration of CS-wGSM reconstruction method for pact. (A) Flowchart of the CS-wGSM reconstruction process; (B) comparisons of
wavelet coefficient images with steerable pyramid wavelet transform, (1) and (2) are the wavelet-coefficient images of 1 B-scan before and after
the wGSM operator. CS-wGSM indicates compressed sensing with Wiener linear estimation-based Gaussian scale mixture model.

where X" is the estimate of the wavelet coefficients after the
rth CS reconstruction. Then, the diagonal entries of the MV%
used in the next CS reconstruction process are updated by the
wGSM operator as follows:

My (0) = 1/ IwGSM (X ) (1) +el], (15)
where €is a small positive value to avoid division by zero. In
the CS-wGSM reconstruction process, My is initialized by the

identity matrix and then refined after each CS reconstruction
using Equation 15.

The flowchart of the CS-wGSM reconstruction for PAI is
illustrated in Figure 3. The input of this imaging process
includes the measurement matrix K, the measurement data Y,
and the wavelet transform . Certain variables used in the
imaging process were also initialized as follows: The image
and its sparse signal were initialized to zero; the weighted
matrix Mé% was initialized by an identity matrix; the variable
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r, representing the rth CS-wGSM reconstruction, was initia-
lized to 1; and the required total execution number of CS-
wGSM was represented by R, with its value adaptive to the
practical experiments. The whole reconstruction process is
summarized in the following steps.

Step 1: Perform the CS reconstruction using Equation 14
with the current weighted matrix MV(V’:” and obtain the
reconstructed wavelet coefficients X,

Step 2: Filter the sparse-sampling artifacts of the wavelet coef-
ficients X"by the wGSM operator and obtain the calculated
clear wavelet coefficients X . In this operator, the noise
variance G was initialized by the photoacoustic image recon-
structed by the first CS reconstruction and then updated by
scale factor A in the subsequent CS reconstruction process.

Step 3: Update the weighted matrix M| (VZ ) using the estimated

clear coefficients X ) by Equation 15;
Step 4: Calculate r = r + 1; if » > R, then the process is
complete; otherwise, return to step 1.

In the above CS-wGSM reconstruction process, the wGSM oper-
ator was used to suppress the sparse-sampling artifacts of the wavelet
coefficient, and it is described using the following algorithm:

Wiener linear estimation-based GSM operator (WGSM)

Input: wavelet coefficients X and noise variance of X, which is

calculated by Equation (7)

Output: the calculated clear wavelet coefficients X
For each subband (except the low-pass residual one)

1. Calculate the neighborhood noise covariance Cy, by Equation 6
using the noise variance estimation cfrom the high-pass
residual sub-band

2. Estimate the noisy neighborhood covariance Cp by Equation 8
using the neighborhood vectors

3. Calculate Cy from Cp and Cy by Equation 9

Calculate A and Q from Cy by Equation 10
5. For each wavelet coefficient X, and its surrounding
neighborhood O in this sub-band:
i. Calculate Z2(O) numerically by Equation 11
ii. Calculate the variance of the wavelet coefficient
X = o% =2(0)67,, where &7, is the diagonal element of
Cy
iii. Replace the noisy wavelet coefficient X with the linear
Wiener estimation of X¢ by Equation 12

»

To demonstrate the effect of this operator, 1 in vivo B-scan
datum was selected as an example, and its wavelet coefficient
images before and after the wGSM operator are shown in Fig-
ure 3B. Figure 3B — 1 is the wavelet coefficient image of the
B-scan before the wGSM operator, and the sparse-sampling arti-
facts are apparent. After wGSM filtering, the artifacts of every
wavelet subband were greatly suppressed (see 2 in Figure 3B).

In Vivo Studies on Human

All experiments in our work were performed based on a clinical
PAI system (EC-12R; Alpinion Medical Systems, Republic of

Korea).*'*? This system consists of a tunable optical para-
metric oscillator (OPO) laser pumped by a Q-switched Nd:
YAG laser (Phocus, OPOTEK, Carlsbad, California), a linear
ultrasound array with 128 transducer elements (center fre-
quency, 7.5 MHz) and a 64-channel DAQ. The wavelength
of the OPO range converts from 680 to 930 nm, and its laser
output is initially coupled with bifurcated fiber bundles, which
are then integrated with the ultrasonic array. To obtain volu-
metric PACT images, a motorized scanner (STM-1-USB, ST1)
was used for 1-dimensional mechanical scanning along the
elevational direction. At each scanning position, we acquired
the raw data from 1 B-mode photoacoustic image. More dis-
cussions and applications of the imaging system can be found
in Kim ef al and Park et al.*'~?

To investigate the preclinical applications of the developed
CS-wGSM method, we photoacoustically imaged a volunteer’s
forearm based on the low-frequency PACT system illustrated
earlier, and we have obtained the written consent from the
volunteer. Initially, the forearm was positioned on a custom-
made holder. We placed a 15-mm thick gelatin standoff atop
the forearm to effectively deliver the light to the region of
interest. The volumetric PACT images were acquired by mov-
ing the imaging probe using the motorized scanner within a
range of 60 mm and at a step size of 0.4 mm. An excitation
wavelength of 850 nm with an output energy of 2.2 mJ/cm?,
which is much less than ANSI safety limits (ie, 40 mJ/cm?” at
this wavelength), was used to acquire the PACT images. All the
human experiments were conducted in accordance with proto-
cols approved by the institutional review board of Pohang
University of Science and Technology (approval number:
PIRB-2016-A002).

Results

Phantom

A blood vessel-mimicking phantom was fabricated by embed-
ding a mesh of silicone tubes (508-001, Dow Corning, Corning,
New York) filled with red dyes in an intralipid-gelatin phan-
tom. The inner and outer diameters of the tubes were 300 and
640 pum, respectively, and they were positioned 2 cm beneath
the phantom surface. During volumetric PACT imaging, the 3-
dimensional (3D) data were acquired by moving the imaging
probe along the elevational direction with a step size of
0.5 mm, an excitation wavelength of 700 nm, and a laser pulse
energy 2.2 mJ/cm?. Figure 4 shows the photoacoustic images
of the phantom reconstructed by the different methods, and (A
— B) are the MAP images reconstructed via BP with the data
from the full sampling and 1/2 sampling rate, respectively.
Here, the sparse-sampling data were acquired from part of the
transducer elements homogeneously distributed in the ultraso-
nic array. In addition, (C — D) are the MAP images of the
phantom reconstructed with a 1/2 sampling rate by the CS and
CS-wGSM methods, respectively. When using the 1/2 sam-
pling rate, the quality of the reconstructed images via BP dete-
riorated and the signal edges was blurred with many serrated
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Figure 4. Photoacoustic images of the phantom. (A — B) map images reconstructed by BP with data from full sampling and 1/2 sampling rate;
(C — D) map images reconstructed by CS and CS-wGSM with 1/2 sampling rate; (E) plots of the photoacoustic amplitudes of (A) — (D) along the
vertical dashed line shown in (A), insets: contrast-to-noise ratios of 2 selected signal peaks; (F) plots of the photoacoustic amplitudes of the

selected segments of signals (indicated by the arrow in A) and their resolution analysis by FWHM. “full” means full sampling, “1/2” means 50%
sampling rate. CS indicates compressed sensing; CS-wGSM, compressed sensing with Wiener linear estimation-based Gaussian scale mixture

model.

artifacts. Observing the results reconstructed by traditional CS
(Figure 4C), the artifacts showed a considerable amount of
suppression, although the signals still presented serrated noise.
Surprisingly, when CS-wGSM was used, the reconstruction
artifacts were greatly suppressed (Figure 4D). To clarify the
comparisons between the reconstructed results, we present 4-
fold enlarged subimages, which are indicated by the rectangle
box in Figure 4A. Figure 4E plots the photoacoustic amplitudes
of the selected vertical dashed lines (see Figure 4A) of all

reconstructed photoacoustic images for the quantitative analy-
sis, and the contrast-to-noise ratios (CNRs) of the 2 signal
peaks were calculated and are listed in the insets. Compared
to the BP method, CS effectively improved the CNR of the
signals and the CS-wGSM operator provided an even higher
CNR with full sampling. In addition, our developed CS-wGSM
method was also able to improve the resolution of the recon-
structed photoacoustic images, which were intuitively observed
in the reconstructed images. In addition, the quantitative values
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Figure 5. Photoacoustic imaging of a human forearm. (A) Map image reconstructed by BP with full sampling; (B — D) map images reconstructed
with data from 1/2 sampling rate, by BP, CS, and CS-wGSM, respectively; (E — G) map images reconstructed with data from 1/3 sampling rate,
by BP, CS, and CS-wGSM, respectively. BP indicates back-projection; CS, compressed sensing; CS-wGSM, compressed sensing with Wiener

linear estimation-based Gaussian scale mixture model.

of the imaging resolution were estimated using the index of the full
width with half maximum (FWHM). To calculate the FWHM, the
segments of the representative signals from the reconstructed
images, which are indicated by the arrows in Figure 4A, were
selected as the samples. The plots of photoacoustic amplitudes of
the selected signal segments are listed in Figure 4F, and the values
of the FWHM of these segments were calculated and are shown in
this figure. Compared to the BP method, the resolution of the
photoacoustic images reconstructed by the CS-wGSM operator
showed an improvement of approximately 25%.

Imaging a Human Forearm

In practical applications, the penetration depth of the PACT for
human forearm imaging can reach3.35 cm.*! In this experiment,
the 3D imaging volume was approximately 20 mm x 60 mm X
15 mm, and each 3D image consisted of 140 B-scans, with each
B-scan image having 256 x 128 pixels. Figure 5 shows the
photoacoustic images of the human forearm reconstructed by
the different methods. Figure SA is the MAP image, with the
maximum photoacoustic amplitudes projected along the depth
direction to the surface of the forearm, and it was reconstructed
by BP with full measurements. To validate the imaging ability of
CS-wGSM, sparse-sampling experiments were performed. Fig-
ure 5B-D shows the reconstructed results using the 1/2 sampling
data by the BP, CS, and CS-wGSM methods, respectively. Com-
pared to the reconstructed results from the full measurements,
the quality of the reconstructed images by BP with 1/2 sparse-
sampling data decreased, and the signals became blurred and
some sparse-sampling artifacts emerged in the MAP images

(Figure 5B). As expected, these artifacts were effectively sup-
pressed by both the CS and the CS-wGSM methods (Figure 5C
and D), and the CS-wGSM provided more clear images than CS.
To further evaluate the potential of the CS-wGSM operator for
sparse-sampling PAI, imaging experiments were performed with
heavier sparse sampling data from only one-third transducer
elements, and the reconstructed results are listed in Figure SE-
G. With a decrease in sampling data, more artifacts were pro-
duced in the results reconstructed by the traditional BP method
(Figure 5E). Although, many of these artifacts were suppressed
by the traditional CS (Figure 5F), the CS-wGSM method recov-
ered higher quality photoacoustic images with fewer artifacts.
To clarify the comparison between the reconstructed results
from the different methods, a subregion from the MAP images
indicated by the rectangle box in Figure SA was selected, and the
enlarged images of the corresponding subregions from all MAP
images are exhibited in this figure. These enlarged subimages
clearly show that the CS-wGSM method better suppresses arti-
facts than the BP and CS methods.

To specifically evaluate the reconstructed photoacoustic
images, representative B-scans recovered by the different
methods are listed in Figure 6. Figure 6A and B shows 2 B-
scans selected from the MAP image along the vertical dashed
lines of Figure 5A. Figure 6A1 to A6 is reconstructed scans of
Figure 6A by the different methods with the 1/2 or 1/3 sam-
pling, and Figure 6B1 to B6 is the result corresponding to
Figure 6B. When the 1/2 sampling data were used, the quality
of the photoacoustic images reconstructed by the BP decreased,
whereas both the traditional CS and our developed CS-wGSM
methods effectively suppressed the sparse-sampling artifacts
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BP with full
sampling data 3mm
1/2 sampling data
(al) (ad)
BP

(a2)

Cs

(a3)
CS-wGSM

BP with full (b)
sampling data

1/2 sampling data
(bl)

)

(b3)

CS-wGSM

1/3 sampling data

1/3 sampling data

_1  background

(»  peak signal

CNRs

B-scan-2
BP_full 20.58 23.03
BP_1/2 19.82 20.56
CS 12 22.22 21.31
CS-GSM_1/2 27.99 23.75
BP 1/3 14.50 20.10
CS 1/3 15.27 21.87
CS-GSM_1/3 17.71 26.22

Figure 6. Two representative B-scan photoacoustic images selected from the map images in Figure 5 along the vertical dash lines of Figure 5A. a
and b, 2 B-scans reconstructed by BP with full measurements; (al-a3), the B-scans of A reconstructed by BP, CS, and CS-wGSM, respectively,
with 1/2 sampling data; (a4) — (a6) the B-scans of A reconstructed by BP, CS, and CS-wGSM, respectively, with 1/3 sampling data; (b1) — (b6)
are those results corresponding to B with different methods and sampling data. BP indicates back-projection; CS, compressed sensing; CS-
wGSM, compressed sensing with Wiener linear estimation-based Gaussian scale mixture model.

and recovered acceptable photoacoustic images. However,
when fewer measurements were used (such as with 1/3 sam-
pling data), although the traditional CS could not effectively
filter the artifacts, the CS-wGSM method still exhibited excel-
lent artifact suppression and photoacoustic image recovery and
presented a higher CNR and resolution. To further quantita-
tively evaluate the image quality, the estimated CNRs of the B-
scans were also calculated and are shown in Figure 6. The
selected peak signals and backgrounds of the CNRs are indi-
cated by circles and rectangular boxes, respectively, in Figure
6A and B. As the amount of sampling data declines, the CNRs
of the reconstructed images decreased considerably with the
BP, were effectively improved by the CS, and showed the
highest values with the CS-wGSM. The CNRs of the CS-
wGSM were even higher than those of the control, which led
to more effective direct artifact suppression.

Discussion

The experiments performed in our work demonstrated the
advantages of the developed CS-wGSM method in improving

the imaging speed of PACT using sparse sampling. However,
several factors that affect image reconstructions by the CS-
wGSM method should be discussed. First, the noise variance
o is an important parameter for evaluating the noise level. In
practice, a small o cannot effectively reduce artifacts, whereas
a large 6 may result in a distortion of the signals. In our limited
view PACT with sparse sampling, the artifacts in the recon-
structed images were inhomogeneous with the nonstructure
features, and the noise characteristics in the different subbands
were also different. Therefore, in our work, the noise variance
was set adaptively for each subband in the wGSM operator
according to the test, with the initial noise estimation obtained
by Equation 7 used as a baseline. Table 1 lists the values of the
noise variances used in our experiments. Second, the hyper-
parameters a, 3, and A are also important for the performance
of the CS-wGSM-based PACT. Both o and 3 are regularization
parameters that determine the trade-off between data consis-
tency and sparsity, and they must be determined appropriately
because overweighed values result in a distortion of the recon-
struction. The parameter A was used to update the noise var-
iance for each reconstruction of CS-wGSM, and it represented
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Table 1. List of the Parameter Values Used in the CS-wGSM Recon-
struction Process.

Table 2. Comparisons of Imaging Speed for Different Reconstruction
Methods.

Experiments
Wavelet Phantom Human Forearm
Scales
(Steerable Sub- 1/2 Sam-  1/2 Sam-  1/3 Sam-

Parameters Pyramid) bands pling Data pling Data pling Data

Noise Scale 1 A\ 5o 20 o
variance ND c c 0.5c
H 0.60 0.5c 0.3c
PD o 0.7c¢ 0.5¢
Scale 2 A% 15¢ 200 13c

ND 200 9c 4c

H 9o 40 20

PD 18c 10c 6c
Scale 3 A% 200 18c 10c

ND 170 l4c 60
H 20c 18c 10c
PD 170 l4c 60
High-pass 6 130 1.5¢
residual

o 0.1 0.1 0.1
B 0.1 0.1 0.15
A 0.97 0.95 0.95

the rate of decline of the noise level with successive reconstruc-
tions by the CS-wGSM. Currently, an effective method of cal-
culating the optimal values of these parameters is not available,
and the values are generally set by performing tests. The values
of the parameters used in this work are listed in Table 1. Third,
the number of CS-wGSM reconstructions should be set adap-
tively according to the practical sampling rate and the noise
levels. In our phantom experiments with 1/2 sparse-sampling
data, 2 reconstructions were sufficient, and for the human fore-
arm imaging with 1/2 and 1/3 sparse-sampling data, 2 and 3
reconstructions were required, respectively. Finally, the choice
of the neighborhood of the wavelet coefficients is also impor-
tant to the CS-wGSM reconstruction. The measurement matrix
used in the CS/CS-wGSM method is constructed by the idea of
BP, and thus the detected photoacoustic signals will be back-
projected to an arc on which the signals were collected by the
transducers (the center angle of the arc is determined by the
divergence angle of the transducer of the ultrasonic array). As a
result, the distribution of the artifacts in the sparse-sampling
photoacoustic images is not homogeneous and almost consis-
tent with the direction of the arc. To suppress the artifacts
adaptively, 3 principles for neighborhood choosing were used
in our work: (1) In the neighborhood defined in the same sub-
band to 1 wavelet coefficient, the positive and negative diag-
onal coefficients will not be included in its neighborhood
vector; (2) in the neighbors not in the negative or positive
sub-bands, the corresponding wavelet coefficients located in
the “cousin” position will not be included in its neighborhood
vector; (3) the parent coefficients in the adjacent scales of the
wavelet coefficient (except the high-pass residual) are all
included in its neighborhood vector.

Full Sampling 1/2 Sampling 1/3 Sampling

(Seconds/ Rate (Seconds/  Rate (Seconds/
Frame) Frame) Frame)
BP 1.97 1.17 0.73
CS NA 15.82 13.81
CS-wGSM NA 20.53 24.68

Abbreviations: BP, back-projection; CS, compressed sensing; CS-wGSM,
compressed sensing with Wiener linear estimation-based Gaussian scale mix-
ture model.

To better evaluate the CS-wGSM method, the imaging
speed comparisons for different reconstruction methods with
different sampling rates are provided in Table 2 and the pro-
grams performed on a PC with an Intel Core E5-1620 CPU of
3.4 GHz. It can be seen the reconstruction time of CS is much
more than the BP method because of the iteration process, and
CS-wGSM is about 1.5-fold of the traditional CS method due to
the computation of wGSM operator. In our future work, a
parallel computation method with a graphic processing unit
will be implemented as a tool for improving the reconstruction
speed of the CS/CS-wGSM method.

Conclusion

Overall, the CS-wGSM is a more effective approach for reco-
vering higher quality photoacoustic images using sparse-
sampling data than the BP and traditional CS, and it represents
a promising method for developing new PACT methods with
rapid data acquisition and low system costs and has potential
for use in many biomedical studies. However, the implemen-
tation of the CS-wGSM method requires rigorous reasoning
and a significant amount of dedicated work for the following
reasons: (1) For limited view PACT, the neighborhood of the
wavelet coefficients should be selected appropriately to
improve the consistency with the characteristics of the artifacts
and (2) the noise variance must be set adaptively for the spe-
cific imaging data and the different subbands through testing.
Nevertheless, one beauty of the method is that, for a specific
PACT system, the abovementioned parameters mentioned in
(1) and (2) require to be set only once in a certain application.

Declaration of Conflicting Interests

The author(s) declared no potential conflicts of interest with respect to
the research, authorship, and/or publication of this article.

Funding

The author(s) disclosed receipt of the following financial support for
the research, authorship, and/or publication of this article: This work
was supported in part by the National Natural Science Foundation of
China grants No. 61308116, No. 81522024, No. 81427804, the China-
ROK joint research program (NRF-2013K1A3A1A20046921), the
MSIT (Ministry of Science and ICT), Korea, under the ICT Consili-
ence Creative program (IITP-2018-2011-1-00783) supervised by the



Meng et al

IITP (Institute for Information & communications Technology Pro-
motion), the grant of the Korea Health Technology R&D Project
(HI15C1817) through the KHIDI (Korea Health Industry Develop-
ment Institute), funded by the Ministry of Health & Welfare, Republic
of Korea, and the Opening Project of Key Lab of Health Informatics of
Chinese Academy of Sciences.

ORCID iD

Jing Meng, PhD

http://orcid.org/0000-0002-6991-8878

References

1.

10.

11.

12.

13.

14.

Wang X, Witte RS, Xin H. Thermoacoustic and photoacoustic
characterizations of few-layer graphene by pulsed excitations.
Appl Phys Lett. 2016;108(14):143104.

. Moon H, Kim H, Kumar D, et al. Amplified photoacoustic per-

formance and enhanced photothermal stability of reduced gra-
phene oxide coated gold nanorods for sensitive photoacoustic
imaging. ACS Nano. 2015;9(3):2711-2719.

. Nie L, Wang S, Wang X, et al. In vivo volumetric photoacoustic

molecular angiography and therapeutic monitoring with targeted
plasmonic nanostars. Small. 2014;10(8):1585-1593.

. Kruizinga P, van der Steen AF, de Jong N, et al. Photoacoustic

imaging of carotid artery atherosclerosis. J Biomed Opt. 2014;
19(11):110504.

. Xia J, Wang LV. Small-animal whole-body photoacoustic tomo-

graphy: a review. [EEE Trans Biomed Eng 2014;61(5):
1380-1389.

. Wang XD, Pang YJ, Ku G, et al. Noninvasive laser-induced

photoacoustic tomography for structural and functional in vivo
imaging of the brain. Nat Biotech. 2003;21(7):803-806.

. Razansky D, Buehler A, Ntziachristos V. Volumetric real-time

multispectral optoacoustic tomography of biomarkers. Nat Pro-
toc. 2011;6(8):1121-1129.

. Zhang M, Kim HS, Jin T, et al. Ultrasound-guided photoacoustic

imaging for the selective detection of EGFR-expressing breast
cancer and lymph node metastases. Biomed Opt Express. 2016;
7(5):1920-1931.

. Heijblom M, Steenbergen W, Manohar S. Clinical photoacoustic

breast imaging: the twente experience. [EEE Pulse. 2015;6(3):
42-46.

Li CH, Aguirre A, Gamelin J, et al. Real-time photoacoustic
tomography of cortical hemodynamics in small animals. J Biomed
Opt. 2010;15(1):010509.

Song L, Maslov K, Wang LV, et al. Ultrasound-array-based real-
time photoacoustic microscopy of human pulsatile dynamics in
vivo. J Biomed Opt. 2010;15(2):021303.

Wang B, Xiang L, Jiang MS, et al. Photoacoustic tomography
system for noninvasive real-time three-dimensional imaging of
epilepsy. Biomed Opt Express. 2012;3(6):1427-1432.

Yang Y, Liu F, Xu W, et al. Compressed sensing MRI via two-
stage reconstruction. /[EEE Trans Biomed Eng. 2015;62(1):
110-118.

Jin A, Yazici B, Ntziachristos V. Light illumination and detection
patterns for fluorescence diffuse optical tomography based on

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

compressive sensing. I[EEE Trans Image Process. 2014;23(6):
2609-2642.

Niu T, Ye X, Fruhauf Q, et al. Accelerated barrier optimization
compressed sensing (ABOCS) for CT reconstruction with
improved convergence. Phys Med Biol. 2014;59(7):1801-1814.
Provost J, Lesage F. The application of compressed sensing for
photo-acoustic tomography. /IEEE Trans Med Imaging. 2009;28:
585-594.

Liang D, Zhang HF, Ying L. Compressed-sensing photoacoustic
imaging based on random optical illumination. ZJFIPM. 2009;2:
394-406.

Guo ZJ, Li CH, Song L, et al. Compressed sensing in photoacous-
tic tomography in vivo. J Biomed Opt. 2010;15(2):021311.
Meng J, Wang LV, Liang D, et al. Compressed-sensing photo-
acoutic computed tomography in vivo with partially known sup-
port. Opt Express. 2012;20(15):16510-16522.

Meng J, Wang LV, Liang D, et al. In vivo optical-resolution
photoacoustic computed tomography with compressed sensing.
Opt Lett. 2012;37(22):4573-4575.

Portilla J, Strela V, Wainwright MJ, et al. Image denoising using
scale mixtures of Gaussians in the wavelet domain. /EEE Trans
Image Process. 2003;12(11):1338-1351.

Yun S, Yoo CD. Loss-scaled large-margin gaussian mixture mod-
els for speech emotion classification. I[EEE Trans Audio Speech
Lang Processing. 2012;20(2):585-598.

Srinivasan L, Rakvongthai Y, Oraintara S. Microarray image
denoising using complex Gaussian scale mixtures of complex
wavelets. [EEE J Biomed Health Inform. 2014;18(4):1423-1430.
Kim Y, Nadar MS, Bilgin A. Wavelet-based compressed sensing
using a Gaussian scale mixture model. /EEE Trans Image Pro-
cess. 2012;21(6):3102-3108.

Akcakaya M, Nam S, Hu P, et al. Compressed sensing with wave-
let domain dependencies for coronary MRI: a retrospective study.
IEEE Trans Med Imaging 2011;30(5):1090-1099.

Donoho DL. Compressed sensing. /[EEE Trans Inf Theory. 2006;
52(4):1289-1306.

Tsaig Y, Donoho DL. Extensions of compressed sensing. Signal
Process. 2006;86(3):533-548.

Buccigrossi RW, Simoncelli EP. Image compression via joint
statistical characterization in the wavelet domain. [EEE Trans
Image Process. 1999;8(12):1688-1701.

Lyu S, Simoncelli EP. Modeling multiscale subbands of photo-
graphic images with fields of Gaussian scale mixtures. /[EEE
Trans Pattern Anal Mach Intell. 2009;31(4):693-706.

Strela V, Portilla J, Simoncelli E. Image denoising using a local
Gaussian scale mixture model in wavelet domain. Proc SPIE-Int
Soc Opt Eng. 2000;4119:363-371.

Kim J, Park S, Jung Y, et al. Programmable real-time clinical
photoacoustic and ultrasound imaging system. Sci Rep. 2016;6:
35137.

Park S, Jang J, Kim J, Kim YS, Kim C. Real-time triple-modal
photoacoustic, ultrasound, and magnetic resonance fusion ima-
ging of humans. /EEE Trans Med Imaging. 2017;36(9):
1912-1921.


http://orcid.org/0000-0002-6991-8878
http://orcid.org/0000-0002-6991-8878
http://orcid.org/0000-0002-6991-8878


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 266
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 175
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50286
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 266
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 175
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50286
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 900
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 175
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50286
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (U.S. Web Coated \050SWOP\051 v2)
  /PDFXOutputConditionIdentifier (CGATS TR 001)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /CreateJDFFile false
  /Description <<
    /ENU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 9
      /MarksWeight 0.125000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
  /SyntheticBoldness 1.000000
>> setdistillerparams
<<
  /HWResolution [288 288]
  /PageSize [612.000 792.000]
>> setpagedevice


