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ABSTRACT

Photoacoustic computed tomography (PACT) is an emerging computed imaging modality that exploits optical
contrast and ultrasonic detection principles to form images of the photoacoustically induced initial pressure
distribution within tissue. The PACT reconstruction problem corresponds to a time-domain inverse source
problem, where the initial pressure distribution is recovered from the measurements recorded on an aperture
outside the support of the source. A major challenge in transcranial PACT brain imaging is to compensate
for aberrations in the measured data due to the propagation of the photoacoustic wavefields through the skull.
To properly account for these effects, a wave equation-based inversion method should be employed that can
model the heterogeneous elastic properties of the medium. In this study, an iterative image reconstruction
method for 3D transcranial PACT is developed based on the elastic wave equation. To accomplish this, a
forward model based on a finite-difference time-domain discretization of the elastic wave equation is established.
Subsequently, gradient-based methods are employed for computing penalized least squares estimates of the initial
source distribution that produced the measured photoacoustic data. The developed reconstruction algorithm is
validated and investigated through computer-simulation studies.

Keywords: Photoacoustic computed tomography,image reconstruction, transcranial imaging, elastic wave equa-
tion

1. INTRODUCTION

Photoacoustic computed tomography (PACT) is a noninvasive imaging modality that exploits the optical ab-
sorption contrast of tissue with the high spatial resolution of ultrasound imaging techniques.1,2 In PACT, a
short laser pulse is used to irradiate a biological sample, upon which optical absorption by tissues results in
emission of pressure waves through the photoacoustic effect. These pressure waves are subsequently detected by
broadband ultrasound detectors. The image reconstruction problem in PACT is to estimate the spatially variant
optical absorption properties of the tissue from the measured pressure waves. Such an image may be of great
importance as there exists a strong correlation between electromagnetic absorption in tissue and the pathological
condition of tissue.3–5

Transcranial brain imaging represents an important application that may benefit significantly by the develop-
ment of PACT methods. Existing human brain imaging modalities include X-ray computed tomography (CT),
magnetic resonance imaging (MRI), positron emission tomography (PET), and ultrasonography. However, all
these modalities suffer from significant shortcomings. X-ray CT, PET, and MRI are expensive and employ bulky
and generally non-portable imaging equipment. Additionally, X-ray CT and PET employ ionizing radiation and
are therefore not suitable for longitudinal studies and MRI-based methods are generally slow. Ultrasonography
is an established portable pediatric brain imaging modality that can operate in near real-time, but its image
quality degrades severely when employed after the closure of the fontanels. On the other hand, PACT can be
implemented in near real-time, does not employ ionizing radiation, is much less costly than either MRI, PET or
X-ray CT, and can provide both anatomical and functional information.
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The majority of the currently available photoacoustic computed tomography (PACT) reconstruction algo-
rithms are based on idealized imaging models that assume a lossless and acoustically homogeneous medium.6–9

However, in transcranial imaging applications, these assumptions are violated as induced photoacoustic wave-
fields undergo absorption, scattering and longitudinal-to-shear wave mode conversion due to the presence of the
skull.10,11 Hence, the reconstructed images contain significant distortions and artifacts if the acoustic properties
of the skull are not accounted for in the reconstruction algorithm. In order to model the acoustic heterogeneity
of skull, some studies have developed subject-specific imaging models that use adjunct X-ray CT data to specify
the skull morphology and composition.12 However, a limitation of such work is that it assumes a fluid medium
and therefore assumes a simplified wave propagation model in which longitudinal-to-shear-wave mode conversion
within the skull, which is an elastic solid, is negelected.13,14

To circumvent limitations of previous approaches, in this work an image reconstruction algorithm in transcra-
nial PACT based on an elastic wave equation that describes an linear isotropic, lossy and heterogeneous medium
is developed and investigated. The availability of massively parallel implementations of the matched forward and
adjoint operator pair using multiple GPUs15 permits the application of iterative reconstruction algorithms that
can model the imaging physics accurately as well as effectively mitigate image artifacts due to data incomplete-
ness and noise. In this study, an iterative image reconstruction algorithm that seeks to minimize a penalized
least squares (PLS) cost function was developed and investigated through computer-simulation studies.

2. BACKGROUND

Let the photoacoustically-induced stress tensor at location r ∈ R3 and time t ≥ 0 be defined as

σ(r, t) ≡

 σ11(r, t) σ12(r, t) σ13(r, t)
σ21(r, t) σ22(r, t) σ23(r, t)
σ31(r, t) σ32(r, t) σ33(r, t)

 , (1)

where σij(r, t) represents the stress in the ith direction acting on a plane perpendicular to the jth direction.
Additionally, let p0(r) denote the photoacoustically-induced initial pressure distribution within the object,
and u̇(r, t) ≡ (u̇1(r, t), u̇2(r, t), u̇3(r, t)) represent the vector-valued acoustic particle velocity. Let ρ(r) denote
medium’s density distribution and λ(r), µ(r) represent the Lamé parameters that describe the full elastic tensor
of the linear isotropic media. All functions in this work are assumed to be bounded and compactly supported.
In a 3D heterogeneous linear isotropic elastic medium with a diffusive acoustic absorption coefficient α(r), the
propagation of u̇(r, t) and σ(r, t) can be modeled by the following two coupled equations:16,17

∂tu̇ (r, t) + α (r) u̇ (r, t) =
1

ρ (r)

(
∇ · σ (r, t)

)
(2a)

and
∂tσ (r, t) = λ(r)tr(∇u̇ (r, t))I + µ(r)(∇u̇ (r, t) +∇u̇ (r, t)

T
), (2b)

subject to the initial conditions

σ0(r) ≡ σ(r, t)|t=0 = −1

3
p0(r)I, u̇ (r, t) |t=0 = 0. (2c)

Here, tr (·) is the operator that calculates the trace of a matrix and I ∈ R3×3 is the identity matrix. In Eqn. 2c,
it has been assumed that the object function p0(r) is compactly supported in a fluid medium where the shear
modulus µ(r) = 0. In transcranial PACT, this corresponds to the situation where the initial photoacoustic
wavefield is produced within the soft tissue enclosed by the skull.

Consider that p(r, t) ≡ tr(σ(r, t)) be the pressure recorded outside the support of the object for r ∈ dΩ and
t ∈ [0, T ], where dΩ ⊂ R3 denote a continous measurement aperture. In this case, the imaging model can be
described as a continous-to-continous (C-C) mapping as:

p(r, t) =MHp0(r), (3)
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Figure 1: A staggered-grid FD cell with positions of the wavefield variables18

where H : L2(Ω) → L2(Ω × [0, T ]) is a linear operator that denotes the action of the wave equation given by
Eqn. (2), p(r, t) ∈ L2(dΩ× [0, T ]) denotes the measured data function and the operator M is the restriction of
H to dΩ× [0, T ].

In practice the detected pressure wavefield is discretized spatially and temporally at specific transducer
locations. Let p ∈ RNrL denote the discretized pressure signal. Hence, a continous-to-discrete (C-D) imaging
model can be generally expressed as

[p]kL+l = p(r, t)|r=rk0 ,t=l∆
t (4)

for k = 0, 1, 2, ..., Nr − 1 and l = 0, 1, 2, ..., L − 1. Here, L is the total number of temporal samples, ∆t is the
temporal sampling interval, and the vectors rk0 ∈ R3, k = 0, 1, 2, ...., Nr − 1, represent the position vectors of the
Nr receivers on the aperture dΩ.

To obtain a discrete-to-discrete (D-D) imaging model for use in numerically simulating PA wavefield prop-
agation, a finite-dimensional approximate representation of the object function p0(r) as well as the medium
properties α(r), λ(r), µ(r), and ρ(r) needs to be introduced. The way in which the material parameters
α(r), λ(r), µ(r), and ρ(r) as well as the object function p0(r) is discretized to form lexicographically ordered
vector representations α, λ, µ, ρ and p0 ∈ RN×1, respectively, is dictated by the numerical method employed
to solve the elastic wave equation. Here, N represents the total number of grid points in the 3D grid. In this
study, we employ a 4th-order staggered-grid finite difference time domain method (FDTD) to solve the initial
value problem defined in Eqn. (2). For the staggered-grid finite difference (FD) scheme, the material properties,
stress, and particle velocity functions are sampled at different points of the staggered FD cell of Fig. 1. Thus,
given α, λ, µ, ρ and p0, a D-D imaging model is given by,

p = MHp0, (5)

where H ∈ RNL×N is the discrete approximation of the wave operator H that solves the initial value problem
defined in Eqn. (2). Here, M ∈ RNrL×NL is a sampling matrix that models the PACT data acquisition process.
For simplicity, we assume that the transducers are point-like in this study. When the receiver and grid point
locations do not coincide, an interpolation method is required. Hence, the elements of M are chosen such that
trilinear interpolation is performed. The goal of image reconstruction in a discrete setting is to determine an
estimate of p0 by use the measured data p.

3. ITERATIVE IMAGE RECONSTRUCTION

By use of the proposed D-D imaging model defined in Eqn. (5), a variety of image reconstruction algorithms
can be employed for determining estimates of p0. In this work, we utilize an iterative PACT reconstruction
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algorithm that seeks to compute penalized least squares estimates by solving an optimization of the form

p̂0 = argmin
p0

||p−MHp0||22 + γR(p0), (6)

where γ is a regularization parameter and R(p0) is a regularizing penalty term. For this study, the total variance
(TV) semi-norm penalty, given by

R(p0) = ||p0||TV ≡
N∑
n=1

{
([p0]n − [p0]n1−)2 + ([p0]n − [p0]n2−)2 + ([p0]n − [p0]n3−)2

} 1
2

, (7)

was employed. Here, [θ]n denotes the nth grid node, and [θ]n1− , [θ]n2− , and[θ]n3− are the neighboring nodes be-
fore the nth node along the first, second and third dimension, respectively. The fast iterative shrinkage/thresholding
algorithm (FISTA)19 was employed to solve the optimization problem in Eqn. (6).

4. COMPUTER-SIMULATION STUDIES

Computer-simulation studies were conducted in which the performance of the iterative reconstruction algorithm
was compared with a canonical backprojection (BP) reconstruction algorithm.6,7 The BP method is based on a
continuous PACT imaging model for an acoustically homogeneous fluid media and thus cannot account for the
presence of skull.

Figure 2: Figure showing the position of the hemispherical shell with respect to the transducer array.

4.1 Methods

A numerical 3D (24 mm× 24 mm× 24 mm) phantom, as shown in Fig. 3a, was employed for the initial pressure
distribution in the computer simulation studies. The numerical phantom consisted of a point source placed inside
a elastic isotropic lossy hemispherical shell (ρ = 1850 kg

m3 , λ = 13.87 GPa, and µ = 4.163 GPa, α = 0.1 1
µs ), and

the background medium was set to be water (ρ = 1000 kg
m3 , λ = 2.25 GPa, and µ = 0.0 GPa, α = 0.0 1

µs ). The
propagated pressure wavefield was recorded at 4400 transducers, uniformly placed on a hemispherical surface
enclosing the shell. The location of hemispherical shell relative to the transducer array is shown in Figure 2. The
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Figure 3: (a) The first row of images represents the maximum intensity projections of the initial pressure
distribution along the z-, y- and x-axis, respectively. The second row of images represents the maximum intensity
projections of the images reconstructed using the iterative algorithm along the z-, y- and x-axis, respectively.
The third row of images represents the maximum intensity projections of the images reconstructed using the BP
method along the z-, y- and x-axis, respectively. All images are shown in a grayscale window of [0,1]. (b) The
line profiles along the z-axis through the phantom and the reconstructed initial pressure distributions.

simulated pressure data at each transducer consisted of 1600 temporal samples that were sampled at a frequency
of 200 MHz.

To study effectiveness of the proposed iterative algorithm in 3D transcranial PACT, we conducted non-
inverse crime computer-simulation studies, where different discretization strategies were employed to generate
the measured data and to reconstruct the initial pressure distribution.20 The forward data was generated using an
uniform grid of size 0.075 mm and was corrupted with white gaussian noise before applying the reconstruction
algorithm. The iterative reconsturction algorithm was applied to the noisy forward data using a grid size of
0.15mm.

4.2 Results

The reconstructed images for the computer simulation study are shown in Fig. 3a. Images were obtained by use
of the iterative reconstruction algorithm with a regularization parameter of γ = 0.01. The reconstructed images
produced by use of the iterative algorithm as wll as the BP algorithm are shown in Fig. 3a. In both cases,
the results were displayed as maximum intensity projection (MIP) images along three mutually perpendicular
directions. These results demonstrate that iterative algorithm can more effectively mitigate skull-induced image
distortions than can the BP algorithm. The image reconstructed using the iterative algorithm possesses a much
cleaner background and contains far fewer artifacts than the image reconstructed using the BP algorithm. This
can also be seen quantitatively in the line profile shown in Fig. 3b.
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5. CONCLUSION

We demonstrated a full-wave approach to iterative image reconstruction in PACT with acoustically heterogenous
elastic isotropic lossy media. The developed reconstruction methodology was investigated by use of computer-
simulation studies. The results demonstrated that the reconstruction methodology can effectively mitigate image
artifacts induced by presence of elastic isotropic media. The proposed image reconstruction method could greatly
improve the accuracy of reconstructed images for transcranial PACT applications.
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