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Model-Based 3-D X-Ray Induced Acoustic
Computerized Tomography

Prabodh Kumar Pandey , Siqi Wang , Leshan Sun, Lei Xing , and Liangzhong Xiang

Abstract—X-ray-induced acoustic (XA) computerized tomog-
raphy (XACT) is an evolving imaging technique that aims to
reconstruct the X-ray energy deposition from XA measurements.
Main challenges in XACT are the poor signal-to-noise ratio
and limited field-of-view, which cause artifacts in the images.
We demonstrate the efficacy of model-based (MB) algorithms
for 3-D XACT and compare with the traditional algorithms.
The MB algorithms are based on the matrix free approach for
regularized-least-squares minimization corresponding to XACT.
The matrix-free-LSQR (MF-LSQR) and the noniterative model-
backprojection (MBP) reconstructions were evaluated and com-
pared with universal backprojection (UBP), time-reversal (TR),
and fast-Fourier transform (FFT)-based reconstructions for
numerical and experimental XACT datasets. The results demon-
strate the capability of the MF-LSQR algorithm to reduce
noisy artifacts thus yielding better reconstructions. MBP and
MF-LSQR algorithms perform particularly well with the experi-
mental XACT dataset, where noise in signals significantly affects
the reconstruction of the target in UBP and FFT-based recon-
structions. The TR reconstruction for experimental XACT is
comparable to MF-LSQR, but takes thrice as much time and fil-
ters the frequency components greater than maximum frequency
supported by the grid, resulting loss of resolution. The MB algo-
rithms are able to overcome the challenges in XACT and hence
are vital for the clinical translation of XACT.

Index Terms—Biomedical imaging, least-squares (LS) problem,
model back-projection, model-based (MB) image reconstruction,
regularization, X-ray induced acoustic tomography (XACT).
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I. INTRODUCTION

X -RAYS are one of the widely used tools in clinics these
days, commonly employed for imaging the body to

investigate the structures of the internal organs [1], [2], [3],
as well as for radiotherapy for treating tumors by guiding
intense X-ray beams toward the tumor to destroy the malig-
nant cells [4], [5]. X-rays, being ionizing radiation, are known
to be carcinogenic [6], and hence, techniques for X-ray-based
medical procedures which minimize the radiation exposure are
desirable. Computed tomographic scans (commonly known as
CT scans) [1], [2], [3] are very commonly used in clinics
to obtain 3-D images of the organ/region of interest (ROI)
in the body. This is achieved by rotating the X-rays and
detectors around the body and collecting multiple projection
datasets. X-ray-induced acoustic computerized tomography
(XACT) is a modernistic imaging technique that aims to recon-
struct the X-ray energy deposition (XED) map from boundary
X-ray-induced acoustic (XA) measurements.

Absorption of pulsed X-ray radiation in tissues leads to ther-
moelastic expansion which produces XA waves [7]. These
waves can be sensed by ultrasonic transducers around the
irradiated ROI and fed to an XACT algorithm to reconstruct
the XED in the ROI. Propagation of acoustic waves is inher-
ently a 3-D phenomenon, and hence unlike CT scans, XACT
can potentially facilitate 3-D imaging from XA measurements
obtained from X-ray excitation from one direction, thereby
reducing the radiation exposure. Lower scattering of X-rays
and XA waves in tissues enables XACT [7], [8], [9], [10],
[11], [12], [13], [14], [15], [16], [17], [18], [19], [20], [21],
[22], [23], [24], [25], [26], [27] to image deeper in the body.
The potential clinical applications XACT is currently being
researched for are dose-monitoring during radiotherapy [11],
[12] and tomographic imaging [13], [14].

XACT was first demonstrated by Xiang et al. [7], where
a chicken tissue with targets embedded was irradiated with
X-ray pulses and the XA signals were collected by rotating
a transducer element around the tissue. The backprojection
(BP) algorithm was employed to evaluate 2-D reconstruc-
tions showing the embedded targets. Over the past ten years,
researchers have explored several potential tomographic imag-
ing applications of XACT, such as imaging microcalcifications
for breast cancer diagnosis [14], imaging tumors using fidu-
cial markers [15], and bone imaging [16]. XACT using a
synchrotron-based X-ray source was demonstrated in [17]
which overcomes the limitations of the traditionally used X-ray
sources, such as portable tubes and the linear accelerators
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(Linac). Typically, XACT signals require multiple averaging
and hence higher radiation exposure and scanning time. In
a recent publication [18], we demonstrated the capability of
2-D XACT reconstruction from ring array measurements with
a single pulse excitation of the sample. One of the bottle-
necks for in vivo XACT imaging in clinics is the poor SNR of
the XA signals. Choi et al. [19] demonstrated in situ XACT
using Gastrografin, a conventional CT contrast agent which
improved the SNR of the XA signals.

Radiation dosimetry is another application that XACT
researchers across the globe have delved into. The XED
and hence the strength of the collected XA signals are
directly proportional to the deposited dose in the tissue.
Several articles [11], [20], [21], [22], [23] discuss computa-
tional studies (both in 2-D and 3-D) exploring the feasibility
of radiation dosimetry using XACT. The early experimen-
tal studies demonstrated 2-D maps of the XED by Linac
X-ray pulse in water [24], [25] and veal liver tissue [26].
Kim et al. [12], [27] demonstrated the capability of dose mon-
itoring in 3-D by scanning a spherically focused transducer
element along a line at multiple depths. All these numeri-
cal and experimental studies indicate the potential of XACT
for medical imaging and dosimetry. Clinical X-rays have
been demonstrated to produce reasonable XA signal strength
and XA measurements can easily be carried out in clinics
by integrating a coupling medium and ultrasonic detection
grid.

The XACT setups in many of the aforementioned studies
use a single-element transducer for detecting the XA sig-
nals. Such transducers have larger aperture size and hence the
collected XA signals have reasonable SNRs. However, data
collection for imaging purposes needs the transducer to be
scanned around the ROI thus increasing the acquisition time
and the radiation exposure. To overcome this drawback, XACT
can employ a detection array of small transducer elements
facilitating multichannel data acquisition (DAQ), but at the
cost of decreased SNR.

The inverse problem corresponding to XACT is to recon-
struct the XED map in an ROI from the XA signals collected at
various spatial locations around the ROI. This is traditionally
achieved using the BP algorithms [28]. BP algorithms, though
computationally efficient, carry certain drawbacks, such as
limited view, and noisy artifacts for low SNR XA data. Model-
based (MB) algorithms on the other hand, not only ameliorate
these artifacts but can also facilitate incorporating experimen-
tal attributes, such as acoustic inhomogeneity, finite detector
size, etc. In our recent article [29], we demonstrated the
first MB, 2-D XACT reconstructions from ring-array mea-
surements. We also demonstrated how MB reconstructions
can diminish the ring artifacts which occur because of the
nonuniform response among the detectors as a result of the
interference between the multichannel DAQ electronics [30].
In this work, we demonstrate MB 3-D XACT reconstruc-
tions and compare them with the traditional reconstructions.
The MB reconstruction algorithm employed in this work is
first validated on the numerical measurements generated using
the k-wave toolbox [31] in spherical and planar detection
geometries and then used to reconstruct a lead target from

experimental XACT measurements. This we believe is the first
illustration of 3-D XACT using the MB algorithm.

The physics of XACT is similar to that of photoacoustic
or optoacoustic tomography (PAT/OAT) [28]. The main dif-
ference between these two modalities is that XACT employs
X-ray radiation and aims to image the X-ray absorption-based
contrast, while PAT relies on optical radiation (∼ hundreds of
nanometers wavelengths) and images the optical absorption
contrast in the ROI. The penetration depth of PAT is limited
to a few centimeters due to high optical scattering in tissues.
X-rays on the other hand penetrate much deeper and high
energy X-rays can penetrate through the human body. Due
to the shallow penetration depths, PAT is typically used for
imaging soft tissues where the variation in sound speed is
very small (<10%) [32]. XACT on the other hand can have
bones within the ROI where the sound speed is about twice
of that in water and soft tissues [32]. Moreover, PAT typically
uses lasers with nanosecond pulse duration as the source while
the commonly used X-ray sources such as LINACs typically
have a pulsewidth of several microseconds. The shorter pulse
duration in PAT facilitates higher photoacoustic efficiency as
well as higher frequency content in the acoustic signals and
hence high-resolution imaging. XACT signals on the other
hand typically have lower SNRs and frequency content. The
high penetration depth of XACT also contributes toward low-
ering the frequency content of the XA signals because the
higher frequency components of the XA waves originating
deep in the tissue are strongly attenuated. These drawbacks
of XACT with respect to PAT motivate the need for superior
image reconstruction algorithms than the backprojection-based
ones, which are commonly employed in XACT. One of the
applications that XACT is being researched for is radiation
dosimetry which seeks a quantitative XED map in the organ
being treat during radiotherapy. This further emphasizes the
need for advanced image reconstruction algorithms which can
facilitate quantitative imaging.

MB reconstruction schemes are based upon a model that
relates the XED with the XA signals measured at detec-
tors and XACT can borrow the model used in PAT, a sister
modality that shares similar physics. MB reconstruction algo-
rithms have been reported to be very successful in PAT
and a detailed review of the 3-D PAT models and corre-
sponding reconstruction algorithms can be found in [33].
Here, we limit our discussion to discrete-to-discrete (D-D)
forward models with homogeneous sound speed, negligible
acoustic attenuation, and point detector assumptions. PAT
forward model is inherently a continuous-to-discrete (C-D)
mapping because the photoacoustic measurements are dis-
crete while the optical energy deposition (pressure source) is
continuous. To be able to employ the model in optimization-
based tomographic inversion, an equivalent D-D mapping is
desired. To achieve this, the heat/pressure source map H(�r)
needs to be represented in the discrete domain: H(�r) ≡ h.
This is achieved by using expansion functions that define
the variation of the pressure source in each discrete ele-
ment. Kaiser–Bessel (KB) window functions [34], [35], [36]
and linear interpolation functions [37], [38], [39], [40] are
some of the commonly used expansion functions used in PAT.
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In [29] and [30], we employed linear interpolation functions
for modeling and subsequent image reconstruction in 2-D
XACT. In this manuscript, we chose H(�r) to be constant within
each voxel to avoid computing the expansion coefficients dur-
ing the iterative image reconstruction algorithm. We observed
that with a high angular discretization for computing the sur-
face integral in the acoustic propagation operator (detailed later
in Section II-A), our model matches reasonably well with the
simulations done using the k-wave toolbox, a popular open
source PAT toolbox [31]. All the measurements (forward data)
used in the numerical studies in this article were also computed
using the k-wave toolbox to avoid inverse crime.

The D-D forward model is typically expressed in the form:
p =Mh, with M being the model matrix relating the discrete
domain XA measurements p with, h the discrete domain rep-
resentation of the XED. For 3-D problems as well as for prob-
lems involving high resolution and high sampling frequency,
the computation and assembly of the model matrix can be time
consuming and storing it can be computationally demanding.
Moreover, evaluation of reconstruction commonly involves
regularized inversion of M which further increases the compu-
tational demands [29]. In this article, we overcome these chal-
lenges by using a matrix-free (MF) approach for solving the
least-squares (LS) problem (matrix-free-LSQR (MF-LSQR))
corresponding to XACT. This method employs functions for
computing Mu and MTν (matrix-vector multiplications) in
MATLAB’s LSQR (LS with QR factorization) function to iter-
atively compute the minimizer to the XACT LS problem. We
also demonstrate a noniterative MB reconstruction (known as
model-backprojection (MBP) [29], [41], [42]) which is compu-
tationally efficient, but only provides the structural information
in the ROI.

In this manuscript, the theory and numerical implementa-
tion of the XACT forward model and corresponding tomo-
graphic problem are discussed in Section II. Section III deals
with the computational validation of the MB reconstruction
schemes and the phantom XACT experiments are described
in Section IV. Concluding remarks are offered in Section V.

II. MATHEMATICAL FORMULATION

A. Forward Problem

Propagation of the XA waves in acoustically homoge-
neous and negligibly attenuating media following XED under
thermal and stress confinement is governed by the wave
equation [28]:

∂2p(�r, t)

∂t2
− ν2∇2p(�r, t) = �H(�r)∂δ(t)

∂t
(1)

with �, ν, and H being the Gruneisen constant, the acoustic
propagation speed, and the XED map. Solution to (1) after
dropping the multiplicative constant can be written as [29]:

p(�r, t) = ∂

∂t

(
1

vt

∫
S(�r,t)

H
(�r′)dS′(t)

)
; ∣∣�r − �r′∣∣ = νt

(2)

Fig. 1. Demonstration of the method for computing the surface integral
in (3).

where S(�r, t) is a spherical surface centered at a detector
(located at �r) such that its radius at time t is R(t) =|�r−�r′| = vt.
Equation (2) can further be simplified to

p(�r, t) = ∂

∂t

(
vt

∫
S(�r,t)

H
(�r′)d�

)
. (3)

The ROI (commonly a cube/cuboid which contains (or is
expected to contain) the H(�r) map) is discretized into voxels
and the XED is expressed in the discrete domain as: H(�r) ≡ h.
The value of the XED (h(�r)) is given by

h(�r) =
Nν∑

k=1

hkNk(�r)

Nk(�r) =
{

1, if �r lies inside the kth voxel
0, otherwise

(4)

with Nν being the number of voxels in the domain.
To compute the integration over the spherical surface S(�r, t)

in (3), a unit sphere is first discretized into M uniformly
distributed triangular spherical elements, each characterized
by their centroids {β̂1, β̂2, . . . , β̂M}. The co-ordinates of the
quadrature points for a detector located at �r and at time t are
�αi = �r + vtβ̂i. The elements contributing to the integral over
the spherical arc in (3) are simply the �αis lying inside the ROI
(Fig. 1). To reduce the computational burden, h(�r) was con-
sidered to be constant over each contributing element [total
Me elements (say)]. Hence, the surface integral in (3) for the
mth detector location (�rm) and qth time instant is

I
(�rm, tq

) =
∫

S(�r,t)
H

(�r′)d� ≈
Me∑
i=1

H(�ri)	�i

=
Me∑
i=1

	�i

Nν∑
k=1

hkNk(�ri)

I(m,q) =
Me∑
i=1

	�i hi
k (5)

where H(�ri) denotes the XED at the centroid of the ith
contributing quadrature element, 	�i is the solid angle this
element subtends at �rm, and hi

k denotes the XED value at the
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voxel that contains �ri. Equation (5) can further be expressed
as follows:

I(m,q) = ν(m,q)T
h; h = [h1, h2, . . . , hN]T (6)

and the integrals for all the detectors at qth time instant
will be

I(q) = V(q); V(q) =
[
ν(1,q), ν(2,q), . . . , ν(Nd,q)

]T
. (7)

In the same way, the V(q=1,...,Nt) can be stacked into matrix
V and the integration for all the detectors at all time instances
will be

I = Vh; V =
[
V(1)T

,V(2)T
, . . . ,V(Nt)T

]T
. (8)

The differentiation in (3) can be written as:

p(�r, t) = ∂

∂t

[
vtI(�r, t)

] = vt
∂

∂t
I(�r, t)+ vI(�r, t)

≈ vI(�r, t)+ vt
I(�r, t +	t)− I(�r, t)

	t
. (9)

The XA measurements at all the detectors at the qth time
step, can thus be written as:

p(q) =M(q)h (10)

where

M(q) = νV(q) + vt(q)

[
V(q+1) − V(q)

	t

]

= vqV(q+1) + ν(1− q)V(q). (11)

The full XA measurement vector p (dimension: (Nd.Nt)× 1)

can thus be expressed as:

p =Mh, M =
[
M(1)T

,M(2)T
, . . . ,M(Nt)

T
]T

(12)

with M being the model-matrix (dimension: (Nd.Nt)× N).

B. Inverse Problem

Corresponding tomographic problem is to evaluate the XED
map (ĥ) in the ROI from the discrete time-domain XA data
(p

meas
) collected at detectors placed around the ROI. This

can be written in the form of a regularized LS minimization
problem [42], [43]

ĥ = arg min
h
||p

meas
−Mh||2

2
+ λ2||Rh||22 (13)

where ‖ · ‖2 is the L2-norm. R and λ denote the regularization
matrix and the regularization parameter, respectively. In this
article, we used the Laplacian regularization (R = Incidence
matrix). Solution to (13) can be obtained by evaluating

ĥ =
(

MTM+λ2R
T

R
)−1

MTp
meas

. (14)

For computationally demanding reconstruction problems
(with a large number of measurements or nodes in the ROI),
evaluating and storing M needs a lot of time and memory.
Therefore, evaluating the reconstructions via (14) gets unreal-
istic. The minimizer to (13) can also be evaluated using the

Algorithm 1 MF Evaluation of Mu
procedure Computing p =Mu;

p = [] (initialize)
for m = 1 to Nd do

for q = 1 to Nt do
�αi ← �r + vq	tβ̂i

find �αix
∣∣< x0

2 &|�αiy

∣∣ <
y0
2 &|�αiz| < z0

2
find the voxels in which each �αi lies in:
say voxel k (=1,2,. . . ,n) carries lk �αis
Iq =∑n

k=1
∑lk

i=1 	�iuk,
end for
ζ = [I2, 2I3, 3I4, . . . , (Nt − 1)INt , 0]T

μ = [0,−I2,−2I3,−3I4, . . . ,−(Nt − 1)INt ]
T

p←
[
pT , [ν(ζ + μ)]T

]T

end for
return p

end procedure

Algorithm 2 MF Evaluation of MTu

procedure Computing ω =MTu;
ω = zeros(Nodes, 1)] (initialize)
U= reshape(u, Nd × Nt)

for m = 1 to Nd do
ud ← [U(m, :)]T

for q = 1 to Nt do
�αi ← �r + vq	tβ̂i

find �αix
∣∣< x0

2 &|�αiy

∣∣ <
y0
2 &|�αiz| < z0

2
find the voxels in which each �αis lie in:
say voxel k(= 1, 2, . . . , n) carries lk �αis
γ = ud(q)(1− q)+ ud(q− 1)(q− 1)

∈ = zeros(Nodes, 1)

for k = 1 to n do
∈(k) = γ ν

∑lk
i=1 	�i,

end for
ω← ω + ∈

end for
end for
return ω

end procedure

iterative LSQR method which utilizes direct computations of
Mu and MTν, instead of using M explicitly.

The algorithms for matrix-vector multiplications: Mu and
MTν are given in Algorithms 1 and 2, respectively. We
also demonstrate a noniterative, model-based back-projection
(MBP) reconstruction [42], which is computed using

ĥ =MTp
meas

. (15)

MBP is an approximation to (14), when, MTM�λ2R
T

R,
with R = I (Tikhonov regularization).

III. NUMERICAL STUDIES

The detection geometries as well as the phantom consid-
ered in the numerical study are depicted in Fig. 2. To perform
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Fig. 2. Schematic of the full and partial view setting in (a) spherical and (b) planar detection geometries. (c) 3-D representation, (d) multiple slices, (e) z=0
plane slice of the phantom used in the numerical study.

the numerical validation of the developed algorithms, the
numerical XA measurements were generated using the k-wave
toolbox [31], and the algorithms for performing reconstruc-
tions were coded and executed on MATLAB R2020a. All
computations were performed on a workstation with AMD
Ryzen Threadripper 3960X 24-Core Processor (3.79 GHz),
256-GB installed RAM on Windows 10, 64-bit operating
system.

A. Validation of the MF-LSQR Algorithms

The forward and adjoint operator evaluations Mu and MTν

were validated for a simple 3-D problem for which the matrix
M could be computed and stored. In this problem, the ROI
was chosen to be a cube of 1-cm edge length, discretized with
0.25-mm grid resolution (41 × 41 × 41 nodes). On the surface
of a sphere of 4 cm, 80 detectors were placed, and the 106
temporal measurements for each detector were evaluated at 2-
MHz sampling frequency. For this problem, the model-matrix
M of size (80*106 × 413) was computed and stored. The
pressure source was chosen to be a sphere of radius 2.5 mm,
located at the center of the ROI. The discrete-domain represen-
tation of this pressure source was chosen as u. The validation
of the on-the-fly Mu function with the explicit matrix-vector
product evaluation is demonstrated in Fig. 3(a) and (b).

For the validation of the on-the-fly MTν function, ν was
chosen as a random vector of size (80*106 × 1) and the stem
plots of the on-the-fly function and the explicit matrix-vector
product MTν evaluation is demonstrated in Fig. 3(c) and the
difference between these quantities is shown in Fig. 3(d). The
magnitudes of these differences are ∼10−15 times smaller than
the values which validate the on-the-fly MTν function.

For this problem setup, we also perform a reconstruction for
the inverse crime scenario, where the measurements as well
as the MF-LSQR reconstruction, both were evaluated on the
same grid and using the same model without additive noise
or employing regularization. Fig. 3(e) shows the convergence
of the (log10 of the) relative residuals for 177 iterations when
the relative residual decreases <10−10.

B. Generating Measurements Using k-Wave Toolbox

As shown in Fig. 2, a cube with 2-cm edge length was cho-
sen as the ROI, and consisted of a cross (amplitude 1) and eight
spheres (amplitude 0.5) which were located in a larger cylin-
der (amplitude 0.2). We performed simulations for spherical
as well as planar detection geometries, depicted in Fig. 2(a)
and (b), respectively.

1) Spherical Detection: Sphere with 4-cm radius, with 1280
elements uniformly spread over the sphere (S1), upper
half of the sphere (z > 0) with 630 detectors (S2), and
a cup array with 312 detectors on the spherical surface
with 1 cm ≤ z ≤ 3 cm (S3).

2) Planar Detection: 10 cm × 10 cm grid (P1) and 4 cm ×
4 cm grid (P2), both with 2-mm separation between each
detection elements. The 3-D perspective view, multiple
slices, and the z = 0 slice of the phantom used for
the numerical validation are shown in Fig. 2(c)–(e),
respectively.

The computational domain was discretized into cubical vox-
els (size: h = 0.2 mm). Such a discretization leads to the
maximum supported frequency of f max = v/2h = 3.75 MHz.
The sampling frequency has therefore been chosen to be
fs = 10 MHz, satisfying the Nyquist criterion (fs>2f max).
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Fig. 3. (a) Pointwise matching of the model-matrix-based and on-the-fly Mu computation and (b) pointwise difference. Stem plots of (c) pointwise matching
of the model-matrix-based and on-the-fly MTν computation and (d) pointwise difference. (e) Convergence of the relative residual with increasing iteration
number for an inverse crime scenario.

The simulated signals were then contaminated with the white
Gaussian noise to have 5-dB SNR in the measurements.

C. Evaluating the Reconstructions

Universal backprojection (UBP) [28], time reversal (TR)
and fast Fourier-transform (FFT) based (both using the k-wave
toolbox [31]), and the MB algorithms (MBP and Laplacian
regularized MF-LSQR) were employed to evaluate the recon-
structions at 0.25-mm grid resolution. The k-wave toolbox
supports FFT-based reconstructions only for the planar detec-
tion geometry using the function kspacePlaneRecon for 3-D
(corresponding 2-D analog is kspaceLineRecon). For evaluat-
ing the MB reconstructions, the unit sphere [for numerically
computing the integration over the spherical arc in (3)]
described in Section II-A, was discretized into M∼5×105

elements.
The stopping criterion and the strategy to tune the regu-

larization parameter are essential for an iterative image recon-
struction algorithm. The functional one aims to minimize [(13)
in the manuscript] decreases with each LSQR iteration. The
computation time for LSQR minimization is directly propor-
tional to the number of iterations. Therefore, it is reasonable to
enforce the stopping criterion when the change in the minimiz-
ers (reconstructions in our case) becomes negligible between
the iterations. For the computational test cases considered in
the manuscript, we observed the variation of the correlation
coefficient [44] of the LSQR minimizer with respect to the
solution from the previous iteration. The plot corresponding
to test cases P2, S2, and S3 are provided in the supplemen-
tary material (Fig. SM1). Based on the plot we see >99.9%

correlation between subsequent updates after ∼10 LSQR itera-
tions and it also resulted reasonable reconstructions. Therefore,
throughout the manuscript, we used ten iterations for eval-
uating the MF-LSQR reconstructions. A similar number of
iterations were used for MB PAT reconstructions in [40]
and [42].

The regularization parameter (λ) is typically chosen based
on the tradeoff between the data fidelity ||p

meas
−Mh||2 and

the regularization term ||Rh||2. In medical imaging, it is more
common to choose regularization parameter that results in
images that are maximally useful for specified diagnostic tasks.
The L-curve method is one of the popular approaches for
evaluating the regularization parameter for optimization prob-
lems [45]. L-curve plots the log of the two terms from the error
functional (given in (13) in the manuscript): 1) log of the reg-
ularized solution norm (log(||Rh||2)) versus 2) the log of the
corresponding residual norm log||p

meas
−Mh||2 for multiple

regularization parameters (λ) with h being solutions obtained
for these λs. The optimal λ is the one that corresponds to the
corner of the L-curve. Therefore, the L-curve demonstrates
the tradeoff between minimizing these two terms, which is
the basic idea behind regularization.

As evident from its standard definition, plotting an L-curve
would need computing the solution h for multiple λs, which
would require high computation time and is unrealistic.
Alternatively, the toolbox [45] has a function “l_curve” which
takes the measurements (p

meas
) and the matrices U and s

obtained from the compact form of the singular value decom-
position (SVD) of the model-matrix M, given as: M =
U∗diag(s)∗V ′, where U is m × min(m, n), s is min(m, n)× 1,
and V is n×min(m, n). However, the algorithm presented in
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Fig. 4. Spherical geometry (S1, S2, and S3) reconstruction results. Column-I (a), (e), (i), (m), (q), and (u): TR, column-II (b), (f), (j), (n), (r), and (v): UBP,
column-III (c), (g), (k), (o), (s), and (w): MBP, and column-III: (d), (h), (l), (p), (t), and (x) MF-LSQR reconstructions.

this manuscript does not compute M explicitly, and hence this
method cannot be used for evaluating the appropriate regu-
larization parameter. Therefore, the regularization parameters
were chosen by tuning based on our computational experi-
ence. Future research will focus on the efficient evaluation of
an appropriate regularization parameter for MF-LSQR-based
XACT reconstruction.

D. Reconstruction Results

The TR, FFT, UBP, MBP, and MF-LSQR reconstruc-
tions of the phantom obtained from the spherical and planar

detection geometries [Fig. 2(a) and (b)] are demonstrated
in Figs. 4 and 5, respectively. The time taken for comput-
ing the reconstructions (τ ) and the correlation coefficients
(ρ) [44] w.r.t. the original phantom are tabulated in Table I.
As expected, both the back-projection algorithms (UBP and
MBP) and the FFT-based algorithm, being noniterative in
nature, are more efficient in evaluating the reconstructions
than the MF-LSQR algorithm. The TR algorithm takes the
longest for evaluating the reconstructions because it needs
to evaluate wave-propagation for each time step. The struc-
tures in the cross-section are reasonably reconstructed for
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Fig. 5. Planar geometry (P1 and P2) reconstruction results. Column-I: (a), (f), (k), and (p) FFT based, Column-II: (b), (g), (l), and (q) TR, Column-III: (c),
(h), (m), and (r) UBP, column-IV: (d), (i), (n), and (s) MBP, and column-V: (e), (j), (o), and (t) MF-LSQR reconstructions.

TABLE I
COMPUTATION TIME (τ ) AND CORRELATION COEFFICIENT (ρ) FOR NUMERICAL STUDIES

all the algorithms. However, the UBP and FFT reconstruc-
tions carry strong noisy artifacts which are further amplified
in the limited view settings and therefore have a lower cor-
relation w.r.t. the original phantom. The MBP does better
than the UBP and FFT in terms of suppressing the noise
and hence yields relatively better correlation coefficients in
comparison to the UBP. As mentioned in Section I, MBP is
not a quantitative reconstruction and this is indicated in the
contrasts of the reconstructed entities. For example, the back-
ground region (0.5 cm < |x| < 1 cm) where the true value
is 0 unit, MBP reconstructs ∼ 0.2 units. Similarly the con-
trast of the spheres and the cross w.r.t. the rectangular region
(−0.5 cm < x < 0.5 cm) in MBP reconstructions are ∼1.6
and 3, respectively; corresponding true values are 2.5 and 5,
which were found to be reasonably well reconstructed by
UBP and MF-LSQR as these both are quantitative reconstruc-
tion algorithms. The MF-LSQR reconstructions were evaluated
with the Laplacian regularization, which assisted in ame-
liorating the noisy artifacts. TR reconstruction is based on
the pseudospectral wave propagation [31] and restricts the

frequency components higher than the maximum frequency
supported by the spatial resolution (f max = v/2h) which for
h = 0.25 mm resolution, comes out to be 3 MHz. This inher-
ent low-pass filtering leads to reduced noisy artifacts in the
TR reconstructions. However, it also leads to the loss of
information of the edges of the target which are encoded in the
high-frequency components (Fig. 4 column I and Fig. 5 col-
umn II). Moreover, the TR reconstructions were found to be
highly susceptible to the limited view problem and the detector
sparsity. To further support this point, the TR reconstruction
for S1 geometry, with the pressure measurements interpolated
all over the spherical detection surface is demonstrated in the
supplementary material Fig. SM2. Across all numerical eval-
uations performed in the study, MF-LSQR yielded the best
reconstructions and hence higher ρ values w.r.t. the TR, FFT,
UBP, and MBP counterparts.

The ease of computation associated with the UBP makes it
computationally most efficient. Although, MBP is also termed
as “backprojection,” the operator corresponding to MBP evalu-
ation given in Algorithm 2, is computationally more involving
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Fig. 6. Schematic of the XACT experiment.

than the UBP, and hence takes longer to compute. Moreover, at
this point, while our UBP implementation has been vectorized
and made efficient, improving the MB algorithms is a work in
progress. We do expect to accelerate the MBP computation to
achieve the performance similar to UBP. MB algrothms though
computationally rigorous, offer the flexibility of incorporating
regularization and experimental attributes, such as finite detec-
tor size, acoustic heterogeneity, etc. in the model and hence
are desirable. As discussed in Section II-B, the MBP needs
a single evaluation of MTν. The MF-LSQR is an iterative
scheme and each iteration requires a {Mu, MTν} evaluation;
MTν being computationally more demanding. In our work,
the MF-LSQR algorithm was found to converge at ∼ 10 iter-
ates. Therefore, in all the test cases, MF-LSQR takes ∼10–15
times longer than MBP.

IV. XACT EXPERIMENT AND RECONSTRUCTION

The developed MB schemes were employed to evaluate
reconstructions from experimental XACT data. The schematic
of the setup is depicted in Fig. 6. A “+” shaped lead target
(thickness: 1/16 inch) was placed at the center of a phan-
tom prepared using 3% agar (BactoTM, Becton, Dickinson
and Company, NJ, the United States). This phantom was
submersed in water and excited using a portable and battery-
driven pulsed X-ray source (XR200, Golden Engineering, IN,
USA) with tube energy: 150 kVp and 40◦ beam divergence
which emits X-ray pulses with 50-ns pulse-width at 10-Hz
repetition rate. The averaged dose at the target located at ∼
30.5 cm from the source was estimated to be 2.6 mR/pulse for
the diverging X-ray pulse. The x-ray source was shielded in
a cage and was controlled through a remote from the outside.
A 256-element planar array transducer (size: 4 cm × 4 cm;
Doppler Electronic Technologies Company Ltd., Guangzhou,
China) with 1-MHz central frequency was used to collect
the XA signals. These signals were then directed to a cus-
tomized 256-channel DAQ device (Legion ADC, Photosound
Technologies Inc., Houston, the United States) which had
a 256-channel preamplifier integrated to enhance the SNR
of the XA signals. A scintillator (Ce:Lu2SiO5 crystal, MTI
Corporation, CA, USA) was placed behind the water tank to

TABLE II
COMPUTATION TIME (τ ) AND CNRS (C1 AND C2) FOR EXPERIMENTAL

XACT RECONSTRUCTIONS

collect the X-rays exiting the water tank. The scintillator con-
verts the collected X-rays to visible light. The photons were
then detected by an integrated variable-vain, InGaAs avalanche
photodetector (APD410C, Thorlabs, NJ, USA) which sends
the trigger signal to a wave generator which further relays the
trigger to the Legion ADC DAQ system as square pulsed with
4-V strength for precise timing control.

The acquired experimental XA data were then used to eval-
uate the TR, FFT, UBP, MBP, and MF-LSQR-based XACT
reconstructions. The results thus obtained are demonstrated
in Fig. 7, which shows the 3-D reconstructions (first row),
maximum intensity projections [(MIPs)—second row], and the
reconstruction slice (at a plane 3.5-cm away from the detection
grid—third row) from the TR, FFT, UBP, MBP, and MF-
LSQR reconstructions, respectively. The evaluation times and
contrast-to-noise ratios (CNRs) [46] are provided in Table II.
The CNRs (C1 and C2) were computed for two regions in
the blue and yellow rectangles, respectively, w.r.t. the back-
ground (green rectangle). The weak XACT signal is corrupted
with strong noise. In addition to the low SNR, the detection
geometry has a very limited view for collection. Therefore,
the resolution in the reconstructed images is poor as expected.
The noisy artifacts overshadow the reconstructed target in the
UBP reconstructions and hence UBP reconstruction has low
CNRs in the slice as well as the MIP.

The FFT-based reconstructions perform marginally better
than the UBP which also reflects in the CNRs given in
Table II. While the target is barely perceivable in the UBP
reconstruction, it is clearly visible in both the MB and TR
reconstructions, thus yielding higher CNRs as compared to
the UBP. The Laplacian regularization has stronger noise ame-
liorating capability and hence the MF-LSQR reconstruction
yields better CNRs than UBP, FFT, and MBP for the chosen
regions. As mentioned earlier in Section III-D, TR recon-
struction restricts the frequency components higher than the
maximum frequency supported by the spatial resolution (f max
= v/2h) which for h = 0.25 mm resolution, comes out to
be 3 MHz. This leads to reducing the noise in the recon-
structions and hence TR yields the best CNR values among
all the other reconstructions. However, it also leads to the
loss of information of the edges of the target which are
encoded in the high-frequency components thus the resolu-
tion is adversely affected. It is evident in Fig. 8, where the
reconstructed profiles [across four locations displayed by white
lines in Fig. 7(o)] are compared for MF-LSQR and TR algo-
rithms. The FWHM of these profiles were also calculated by
fitting them to Gaussians and displayed in the legends of each
plot. For each of the plots, the FWHMs of TR reconstructions
were ∼15%–35% larger than the MF-LSQR counterparts.
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Fig. 7. XACT experimental results: (a)–(e) 3-D view, (f)–(j) MIP, and (k)–(o) reconstruction slice (at a plane 3.5-cm away from the detection grid) from the
TR, FFT-based, UBP, MBP, and MF-LSQR reconstructions, respectively.

Fig. 8. Cross-sectional profile plots of the LSQR and TR reconstruction along (a) line 1 (b) line 2 (c) line 3, and (d) line 4 shown in Fig. 7(o). The FWHM
of the profiles (given in each figure legend) were obtained by Gaussian fitting the reconstructed profiles.

Moreover, the TR takes about thrice as much time as the MF-
LSQR does. In order to take higher frequency components into
account, the spatial grid size (h) for TR needs to be decreased
accordingly which will further increase the computation time.
The Laplacian regularization has noise ameliorating capability
and hence the MFLSQR reconstruction yields good CNRs for
the chosen regions without compromising the resolution of the
reconstructed structures.

The electromagnetic interference in the DAQ is the main
source of the noise in the XA signals. Additionally, the reflec-
tions of the head wave and the XA waves between the phantom
and detection array and inaccuracy in the co-ordinates of the
elements in the planar detection grid also contribute to the
artifacts in the XACT reconstructions.

V. CONCLUSION

MB algorithms were employed for evaluating 3-D XACT
reconstructions and their efficacy was demonstrated on
numerical and experimental datasets. Unlike the traditional
MB algorithms which require explicit computation and stor-
age of the measurement-matrix (M), the algorithm used

(MF-LSQR) employs routines for on-the-fly evaluation of
{Mu, MTν} to solve the Laplacian-regularized LS problems,
thus reducing the computation times and memory costs cor-
responding to the evaluation and storage of M. Algorithm for
evaluating noniterative MBP reconstruction is also provided.
The MB schemes were used to evaluate the reconstructions
for numerical and experimental XACT datasets which were
compared with the traditional UBP, FFT-based, and TR recon-
structions. Due to the regularization, MB algorithms were
able to ameliorate the noisy artifacts, while the structures in
UBP and FFT-based reconstructions were overshadowed by
the noisy artifacts. The difference between the performance
of MB and the traditional UBP and FFT-based algorithms is
even more evident in the experimental XACT reconstructions,
where the target is clearly visible in the MB reconstructions,
while it is barely discernible in the UBP reconstruction and
the FFT-based algorithm performing marginally better than
the UBP.

The TR restricts frequency components higher than the
maximum frequency supported by the grid spacing used
for wave propagation which leads to reduced noise in the
reconstructions. Therefore, TR yields the best CNRs for the

Authorized licensed use limited to: Access paid by The UC Irvine Libraries. Downloaded on January 04,2024 at 23:48:53 UTC from IEEE Xplore.  Restrictions apply. 



542 IEEE TRANSACTIONS ON RADIATION AND PLASMA MEDICAL SCIENCES, VOL. 7, NO. 5, MAY 2023

experimental XACT. However, it also leads to the loss of
information of the sharp structures and edges of the target
which are encoded in the high-frequency components thus
the resolution is adversely affected. We found out that the
FWHMs of TR reconstructions were ∼15%–35% larger than
the MF-LSQR counterparts. The TR is based upon wave-
propagation at each time step, and hence the evaluation of
TR reconstruction takes much longer than the FFT, UBP, and
MBP algorithms. For evaluating the experimental reconstruc-
tions, TR took about thrice as much time as the iterative
MF-LSQR did. In order to take higher frequency components
into account, the spatial grid spacing (h) for TR needs to be
decreased accordingly which will further increase the compu-
tation time. Moreover, the simulation results also demonstrate
that TR is more susceptible to the limited view problem and
low detector density. The iterative MF-LSQR performed the
best across all the test cases due to the superior noise sup-
pression by the Laplacian regularizer without compromising
the resolution of the reconstructed structures.

To the best of our knowledge, the results shown in this arti-
cle are the first demonstration of the MB 3-D XACT. The
computational efficiency of the proposed MB algorithms is
governed by the functions for {Mu, MTν} computations. Work
is ongoing to accelerate these functions using GPUs in order
to facilitate high-resolution/real-time/large-scale XACT imag-
ing. Unlike the conventional reconstruction algorithms, such
as UBP, FFT-based, and TR, MB algorithms can facilitate
incorporating experimental attributes, such as acoustic hetero-
geneity distribution, finite detector aperture, etc. Integrating
such attributes in the MB algorithms will be the focus of the
future research, which we believe is the right step toward the
clinical translation of XACT.

ACKNOWLEDGMENT

All the authors declare that they have no known conflicts of
interest in terms of competing financial interests or personal
relationships that could have an influence or are relevant to
the work reported in this article.

REFERENCES

[1] J. M. Boone, A. L. C. Kwan, K. Yang, G. W. Burkett, K. K. Lindfors,
and T. R. Nelson, “Computed tomography for imaging the breast,”
J. Mammary Gland Biol. Neoplasia, vol. 11, no. 2, pp. 103–111,
Apr. 2006.

[2] A. Momose, T. Takeda, Y. Itai, and K. Hirano, “Phase–contrast X–ray
computed tomography for observing biological soft tissues,” Nat. Med.,
vol. 2, no. 4, pp. 473–475, Apr. 1996.

[3] W. A. Kalender, “X-ray computed tomography,” Phys. Med. Biol.,
vol. 51, no. 13, p. R29, Jun. 2006.

[4] L. W. Brady and C. A. Perez, Perez & Brady’s Principles and Practice
of Radiation Oncology. Philadelphia, PA, USA: Lippincott Williams
Wilkins, May 2013.

[5] E. B. Podgorsak and K. Kainz, Radiation Oncology Physics: A
Handbook for Teachers and Students, Int. Atom. Energy Agency, Vienna,
Austria, May 2003.

[6] C. B. Dracham, A. Shankar, and R. Madan, “Radiation induced sec-
ondary malignancies: A review article,” Radiat. Oncolo. J., vol. 36,
no. 2, pp. 85–94, Jun. 2018.

[7] L. Xiang, B. Han, C. Carpenter, G. Pratx, Y. Kuang, and L. Xing, “X-ray
acoustic computed tomography with pulsed x-ray beam from a medical
linear accelerator,” Med. Phys., vol. 40, no. 1, Jan. 2013, Art. no. 10701.

[8] E. Robertson and L. Xiang, “Theranostics with radiation-induced ultra-
sound emission (TRUE),” J. Innovat. Opt. Health Sci., vol. 11, no. 3,
May 2018, Art. no. 1830002.

[9] P. Samant, L. Trevisi, X. Ji, and L. Xiang, “X-ray induced acoustic com-
puted tomography,” Photoacoustics, vol. 19, Sep. 2020, Art. no. 100177.

[10] S. Wang, “Radiation-induced acoustic imaging system development
and applications,” M.S. thesis, School Comput. Electr. Eng., Univ.
Oklahoma, Norman, OK, USA, 2019.

[11] S. Hickling, M. Hobson, and I. E. Naqa, “Feasibility of X-ray acoustic
computed tomography as a tool for noninvasive volumetric in vivo
dosimetry,” Int. J. Radiat. Oncol. Biol. Phys., vol. 90, no. 1, p. S843,
Sep. 2014.

[12] C. H. Kim et al., “ Water dosimetry device using x-ray induced ultrasonic
waves,” U.S. Patent 16 488 236, Dec. 19, 2019.

[13] L. Xiang, S. Tang, M. Ahmad, and L. Xing, “High resolution
X-ray-induced acoustic tomography,” Sci. Rep., vol. 6, May 2016, Art.
no. 26118.

[14] S. Tang, K. Yang, Y. Chen, and L. Xiang, “X-ray-induced acoustic com-
puted tomography for 3D breast imaging: A simulation study,” Med.
Phys., vol. 45, no. 4, pp. 1662–1672, Apr. 2018.

[15] H. Shirato et al., “Feasibility of insertion/implantation of 2.0-mm-
diameter gold internal fiducial markers for precise setup and real-time
tumor tracking in radiotherapy,” Int. J. Radiat. Oncol. Biol. Phys.,
vol. 56, no. 1, pp. 240–247, 2003.

[16] E. Robertson, P. Samant, S. Wang, T. Tran, X. Ji, and L.
Xiang, “X-ray-induced acoustic computed tomography (XACT): Initial
Experiment on bone sample,” IEEE Trans. Ultrason., Ferroelectr., Freq.
Control, vol. 68, no. 4, pp. 1073–1080, Apr. 2021.

[17] S. Choi, E.-Y. Park, S. Park, J. H. Kim, and C. Kim, “Synchrotron X-ray
induced acoustic imaging,” Sci. Rep., vol. 11, no. 1, p. 4047, 2021.

[18] S. Wang, V. Ivanov, P. K. Pandey, and L. Xiang, “X-ray-induced acoustic
computed tomography (XACT) imaging with single-shot nanosecond
x-ray,” Appl. Phys. Lett., vol. 119, no. 18, 2021, Art. no. 183702.

[19] S. Choi et al., “In situ X-ray-induced acoustic computed tomography
with a contrast agent: A proof of concept,” Opt. Lett., vol. 47, no. 1
pp. 90–93, 2022.

[20] F. Forghani et al., “Simulation of x-ray-induced acoustic imaging for
absolute dosimetry: Accuracy of image reconstruction methods,” Med.
Phys., vol. 47, no. 3, pp. 1280–1290, Dec. 2019.

[21] S. Hickling, P. Léger, and I. E. Naqa, “On the detectability of acoustic
waves induced following irradiation by a radiotherapy linear accelera-
tor,” IEEE Trans. Ultrason., Ferroelectr., Freq. Control, vol. 63, no. 5,
pp. 683–690, May 2016.

[22] Y. Zheng et al., “X-ray-induced acoustic computed tomography for guid-
ing prone stereotactic partial breast irradiation: A simulation study,”
Med. Phys., vol. 47, no. 9, pp. 4386–4395, May 2020.

[23] M. Wang et al., “Towards in vivo dosimetry for prostate radiotherapy
with a transperineal ultrasound array: A simulation study,” IEEE Trans.
Radiat. Plasma Med. Sci., vol. 5, no. 3, pp. 373–382, May 2021.

[24] S. Hickling, H. Lei, M. Hobson, P. Léger, X. Wang, and I. El Naqa,
“Experimental evaluation of x-ray acoustic computed tomography
for radiotherapy dosimetry applications,” Med. Phys., vol. 44, no. 2,
pp. 608–617, Feb. 2017.

[25] S. Hickling, M. Hobson, and I. E. Naqa, “Characterization of X-ray
acoustic computed tomography for applications in radiotherapy dosime-
try,” IEEE Trans. Radiat. Plasma Med. Sci., vol. 2, no. 4, pp. 337–344,
Jul. 2018.

[26] H. Lei et al., “Toward in vivo dosimetry in external beam radiotherapy
using X-ray acoustic computed tomography: A soft-tissue phantom study
validation,” Med. Phys., vol. 45, no. 9, pp. 4191–4200, Sep. 2018.

[27] J. Kim et al., “X-ray acoustic-based dosimetry using a focused ultra-
sound transducer and a medical linear accelerator,” IEEE Trans. Radiat.
Plasma Med. Sci., vol. 1, no. 6, pp. 534–540, Nov. 2017.

[28] M. Xu and L. V. Wang, “Universal back-projection algorithm for photoa-
coustic computed tomography,” Phys. Rev. E, Stat. Phys. Plasmas Fluids
Relat. Interdiscip. Top., vol. 71, no. 1, Jan. 2005, Art. no. 016706.

[29] P. K. Pandey et al, “Model-based X-ray-induced acoustic computed
tomography,” IEEE Trans. Ultrason., Ferroelectr., Freq. Control, vol. 68,
no. 12, pp. 3560–3569, Dec. 2021.

[30] P. K. Pandey, H. Om Aggrawal, S. Wang, K. Kim, A. Liu, and
L. Xiang, “Ring artifacts removal in X-ray-induced acoustic com-
puted tomography,” J. Innovat. Opt. Health Sci., vol. 15 no. 3, 2022,
Art. no. 2250017.

[31] B. E. Treeby and B. T. Cox, “K-Wave: MATLAB toolbox for the simu-
lation and reconstruction of photoacoustic wave fields,” J. Biomed. Opt.,
vol. 15, no. 2, Mar 2010, Art. no. 21314.

Authorized licensed use limited to: Access paid by The UC Irvine Libraries. Downloaded on January 04,2024 at 23:48:53 UTC from IEEE Xplore.  Restrictions apply. 



PANDEY et al.: MB 3-D XACT 543

[32] “Tissue properties, speed of sound.” IT’IS Foundation. Accessed: Sep.
25, 2022. [Online]. Available: https://itis.swiss/virtual-population/tissue-
properties/database/acoustic-properties/speed-of-sound/

[33] J. Poudel, Y. Lou, and M. A. Anastasio, “A survey of compu-
tational frameworks for solving the acoustic inverse problem in
three-dimensional photoacoustic computed tomography,” Phys. Med.
Biol., vol. 64, no. 14, 2019, Art. no. 14TR01.

[34] G. Paltauf, J. A. Viator, S. A. Prahl, and S. L. Jacques, “Iterative
reconstruction algorithm for optoacoustic imaging,” J. Acoust. Soc.
America, vol. 112, no. 4, pp. 1536–1544, 2002.

[35] P. Ephrat, “Three-dimensional photoacoustic imaging by sparse-array
detection and iterative image reconstruction,” J. Biomed. Opt., vol. 13,
no. 5, 2008, Art. no. 54052.

[36] K. Wang, R. W. Schoonover, R. Su, A. Oraevsky, and M. A. Anastasio,
“Discrete imaging models for three-dimensional optoacoustic tomogra-
phy using radially symmetric expansion functions,” IEEE Trans. Med.
Imag., vol. 33, no. 5, pp. 1180–1193, May 2014.

[37] J. Zhang et al., “Effects of different imaging models on least-
squares image reconstruction accuracy in photoacoustic tomogra-
phy,” IEEE Trans. Med. Imag., vol. 28, no. 11, pp. 1781–1790,
Nov. 2009.

[38] X. L. Deán-Ben, A. Buehler, V. Ntziachristos, and D. Razansky,
“Accurate model-based reconstruction algorithm for three-dimensional
optoacoustic tomography,” IEEE Trans. Med. Imag., vol. 31, no. 10,
pp. 1922–1928, Oct. 2012.

[39] K. Wang, C. Huang, Y.-J. Kao, C.-Y. Chou, A. A. Oraevsky,
and M. A. Anastasio, “Accelerating image reconstruction in
three-dimensional optoacoustic tomography on graphics processing
units,” Med. Phys., vol. 40, no. 2, 2013, Art. no. 23301.

[40] L. Ding, D. Razansky, and X. L. Dean-Ben, “Efficient 3-D model-based
reconstruction scheme for arbitrary optoacoustic acquisition geometries,”
IEEE Trans. Med. Imag., vol. 36, no. 9, pp. 1858–1867, Sep. 2017.

[41] P. K. Pandey, S. Wang, and L. Xiang, “Model based reconstruction algo-
rithm for x-ray induced acoustic tomography,” in Proc. SPIE Med. Imag.
Phys., Feb. 2021, Art. no. 115953V.

[42] L. Ding, D. Razansky, and X. L. Dean-Ben, “Model-based reconstruc-
tion of large three-dimensional optoacoustic datasets,” IEEE Trans. Med.
Imag., vol. 36, no. 9, pp. 2931–2940, Sep. 2020.

[43] A. Buehler et al., “Model-based optoacoustic inversions with incomplete
projection data,” Med. Phys., vol. 38, no. 3, pp. 1694–1704, Mar. 2011.

[44] A. Klose, “Optical tomography based on the equation of radiative
transfer,” M.S. thesis, Dept. Phys., Freie Universitat, Berlin, Germany,
2002.

[45] P. C. Hansen, “Regularization tools: A MATLAB package for analysis
and solution of discrete ill-posed problems,” Numer. Algorithms, vol. 6,
no. 1, pp. 1–35, 1994.

[46] L. Ding, X. Deán-Ben, C. Lutzweiler, D. Razansky, and V. Ntziachristos,
“Image reconstruction in cross-sectional optoacoustic tomography based
on non-negative constrained model-based inversion,” in Proc. Eur. Conf.
Biomed. Opt. Opt. Soc. America, 2015, Art. no. 953919.

Authorized licensed use limited to: Access paid by The UC Irvine Libraries. Downloaded on January 04,2024 at 23:48:53 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /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 true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /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 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Helvetica-Condensed-Bold
    /Helvetica-LightOblique
    /HelveticaNeue-Bold
    /HelveticaNeue-BoldItalic
    /HelveticaNeue-Condensed
    /HelveticaNeue-CondensedObl
    /HelveticaNeue-Italic
    /HelveticaNeueLightcon-LightCond
    /HelveticaNeue-MediumCond
    /HelveticaNeue-MediumCondObl
    /HelveticaNeue-Roman
    /HelveticaNeue-ThinCond
    /Helvetica-Oblique
    /HelvetisADF-Bold
    /HelvetisADF-BoldItalic
    /HelvetisADFCd-Bold
    /HelvetisADFCd-BoldItalic
    /HelvetisADFCd-Italic
    /HelvetisADFCd-Regular
    /HelvetisADFEx-Bold
    /HelvetisADFEx-BoldItalic
    /HelvetisADFEx-Italic
    /HelvetisADFEx-Regular
    /HelvetisADF-Italic
    /HelvetisADF-Regular
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /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 true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice




