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Abstract: Iterative reconstruction algorithm based on finite element (FE) modeling is a powerful
approach in photoacoustic tomography (PAT). However, an iterative inverse algorithm using con-
ventional FE meshing of the entire imaging zone is computationally demanding, which hinders this
powerful tool in applications where quick image acquisition and/or a large image matrix is needed.
To address this challenge, parallel computing techniques are proposed and implemented in the field.
Here, we present an alternative approach for 2D PAT, which locoregionally reconstructs the region of
interest (ROI) instead of the full imaging zone. Our simulated and phantom experimental results
demonstrate that this ROI reconstruction algorithm can produce almost the same image quality as
the conventional full zone-based reconstruction algorithm; however, the computation time can be
significantly reduced without any additional hardware cost by more than two orders of magnitude
(100-fold). This algorithm is further applied and validated in an in vivo study. The major vessel
structures in a rat’s brain can be imaged clearly using our ROI-based approach, coupled with a
mesh of 11,801 nodes. This novel algorithm can also be parallelized using MPI or GPU acceleration
techniques to further enhance the reconstruction performance of FE-based PAT.

Keywords: photoacoustic tomography; optoacoustic tomography; localized reconstruction; finite
element modeling; iterative reconstruction algorithm; region of interest; algorithm acceleration

1. Introduction

Photoacoustic tomography (PAT), also referred to as optoacoustic tomography (OAT),
is an emerging non-ionizing and non-invasive imaging modality in the field of biomedical
imaging based on the physical principle of photoacoustic effect, where light energy is
converted into acoustic energy due to optical absorption and localized thermal expansion
in biological tissues [1]. As a hybridized imaging technique, PAT combines both merits of
optical imaging modality and the ultrasound imaging modality. By collecting ultrasound
waves generated directly from laser-illuminated target tissues (tumor, blood vessels, or-
gans, etc.), it can achieve a much better signal to noise level for greatly enhanced spatial
resolution in deep tissues (up to sub 100 µm at cm imaging depths) as ultrasound scattering
is two orders less than optical scattering in biological tissues [2–4]. Using laser–tissue
interaction, the optical properties (absorbed optical energy density, intrinsic absorption
coefficient, etc.) and associated physiological/functional information (oxygen saturation,
hemoglobin levels, etc.) can be resolved with single or multi-wavelength PAT. These
intrinsic optical properties and physiological/functional information may be important
for accurate diagnostic decision-making in the early stage of diseases. As a promising
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imaging tool in life science and clinic application, PAT has shown its great potential to
detect breast cancer, visualize joint abnormality, assess vascular and skin diseases, monitor
neural activities, including epilepsy in small animals, sound out fluorescent proteins, and
evaluate exogenous contrast agents in molecular imaging [5–20].

Thus far, several algorithms are implemented to reconstruct qualitative or quantitative
photoacoustic images, i.e., the distribution of absolute absorbed optical energies or initial
pressure waves that are proportional to the absorbed optical energies in the tissue. The
available algorithms include analytical model-based algorithms and optimization-based
iterative algorithms, such as backprojection, Fourier transform, P-transform, the k-wave
method, statistical approaches, finite element (FE) based modeling, the deep learning
algorithm, etc. [21–38] Analytical approaches are more computationally efficient; however,
they usually provide qualitative photoacoustic images, and accurate reconstruction using
analytical approaches requires idealized imaging scenarios, such as acoustic homogeneity
and a regular boundary. In contrast, the current finite element-based PAT algorithms
(FE-PAT) used in a number of studies, including FE-PAT in the frequency domain and
FE-PAT in the time domain [19–21,37–46], are optimization-based iterative algorithms
and seem to provide unrivaled advantages to accommodate geometric irregularity and
complex source representations. These algorithms reduce the reconstruction errors in
practical situations such as limited datasets or detecting locations, and quantitatively
recover multiple parameters (absorbed optical energy, optical absorption coefficient, total
hemoglobin levels, oxygen saturation, etc.) from one or a set of discretized photoacoustic
equations and optical propagation models [39,40]. Moreover, acoustic heterogeneity in
biological tissues can be recovered simultaneously with optical property by the finite
element-based algorithms when acoustic heterogeneity is taken into consideration in the
photoacoustic wave equation [1,41,42].

However, the FE-based algorithms are iterative optimization algorithms and are
computationally demanding using conventional FE meshing of the entire imaging zone,
particularly in inverse modeling where the coupling matrix is very dense compared to the
sparse matrix in forwarding modeling. The computational cost is even striking for FE-PAT
in the time domain, where the differentiation of signals in the time domain is needed instead
of a set of linear equations used by the frequency-domain counterpart [38]. It usually
requires hours to days for one set of images to be reconstructed with a typical mesh size for
in vivo applications such as finger joint imaging or breast imaging, which is unrealistic for
potential clinical applications where timely imaging and/or a large image matrix is needed.
As the scale increases to improve the spatial resolution, the cost of computational memory
and time grows dramatically. To overcome this challenge, parallel computation techniques
are proposed and implemented using a Message Passing Interface (MPI) among multiple
CPU processors or a Graphics Processing Unit (GPU) [43–45]. However, the improvement of
computation performance is linearly dependent on the number of processors or threats and,
herein, the hardware cost in parallel computation techniques. It is still highly demanded to
develop a powerful yet computationally efficient reconstruction algorithm for PAT.

To address the need in the field, here we propose an alternative approach based
on a novel algorithm to locoregionally reconstruct the region of interest (ROI) instead
of the full imaging zone used in the conventional FE-PAT algorithm. The idea of ROI
reconstruction is studied in the field of X-ray-based computed tomography (CT) [46,47];
however, no ROI-based reconstruction algorithms are proposed or discussed in the field
of photoacoustic tomography. Furthermore, truncated datasets are used in X-ray-based
CT, leading to localized reconstruction in the ROI. In contrast, a cost function with a
penalty term defined in the ROI will be used in our localized reconstruction algorithm,
which could be used by other optimization-based reconstruction algorithms where a
cost function needs to be iteratively minimized to obtain the optimized solution. A two-
dimensional (2D) algorithm is implemented to demonstrate the efficiency and accuracy
of this proposed algorithm. Simulation data and phantom experimental data are used in
the developed 2D algorithm to validate the accuracy and performance of this algorithm.
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This algorithm is further applied and validated in an in vivo study of a rat’s brain. This
novel algorithm can also be parallelized using multiple CPU or GPU accelerated high-
performance computing techniques to further enhance the reconstruction performance of
FE-based photoacoustic tomography.

2. Materials and Methods
2.1. Reconstruction Algorithm

Our 2D reconstruction algorithm is based on the following Helmholtz photoacoustic
wave equation and the absorbing boundary condition in the frequency domain [37]. ∇2P(

→
r , ω) + k2P(

→
r , ω) = ik cβΦ(

→
r )

Cp

∇P·n̂ = ηP + γ ∂2P
∂Φ2

(1)

where η = −ik0−3/2ρ+i3/8k0ρ2

1−i/k0ρ ; γ = −i/2k0ρ2

1−i/k0ρ ; φ is the angular coordinate at a radial position
ρ; k = v/c is the acoustic wave number defined by the angular frequency ω and the
average speed of the acoustic wave in the media c; β is the thermal expansion coefficient;
CP is the specific heat at constant pressure.

The finite element discretization of the above Equation (1) can be written as the fol-
lowing linear equations by choosing triangle elements and the associated basis function ψi.

[Aω ]{p} = {Bω}{ϕ} (2)

where

Aω
ij
=

∫
V
(∇ψj · ∇ψi)dV −

∫
V

k2ψjψidV −
∮

Γ
(ηψj + γ

∂2ψj

∂φ2 )ψids

Bω
ij = −ik

cβ

CP

∫
V

ψjψidV

p = {p1, p2, · · · , pN}T

ϕ = {ϕ1, ϕ2, · · · , ϕN}T

The above Equation (2) is used as the forward model in the FE-PAT algorithm, which
will compute the spatial variation of the acoustic pressure wave from the initial guesses
or iterative values of the absorbed optical energy distribution in image reconstruction. To
obtain a matrix equation capable of inversely solving the unknown distribution of absorbed
optical energy, a modified objective function is introduced for localized reconstruction

F(
→
ϕ∗) = ‖pc(

→
ϕ∗)− pm‖

2
+ λ‖→ϕ ∗ −→ϕ∗a‖

2
(3)

where
→
ϕ∗ = L

→
ϕ ;
→
ϕ∗a = L

→
ϕ

a
; [L]K×N is an introduced filtering matrix; N is the total

number of FE nodes in the entire imaging zone; K is the total number of FE nodes in the
region of interest (ROI) containing the photoacoustic targets.

→
ϕ and

→
ϕ

a
are the current

(calculated) and the actual distribution (unknown) of absorbed optical energy in the entire
imaging zone.

→
ϕ

a
is usually set equal to the calculated distribution of absorbed optical

energy at the previous iteration. Lij = 1 if the ith node in the preselected ROI is the same as
the node j in the entire imaging zone; otherwise, Lij = 0. pc and pm are the calculated and
measured acoustic pressures at each boundary site among the total M locations. The edge
of the preselected ROI can be estimated in several different ways. It can be chosen by an
educated guess from the approximated location and size of the targets. It can be quickly
estimated from the photoacoustic sinogram data. It can also be precisely preselected from
localizer/scout images, which can be acquired by coarse mesh-based quick reconstruction,
fast beamforming methods such as Delay and Sum (DAS), or guidance images such as
ultrasonography if an ultrasound-photoacoustic dual-modality imaging system was used.
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The optimized solution in the inverse problem is achieved by minimizing the above
modified objective function. By applying Taylor’s expansion and considering ∂F/∂ϕ∗ = 0 at
the minimum of the function F(

→
ϕ∗) (optimized solution), an inverse matrix can be derived[

JT J + λI
]
{∆ϕ̃∗} =

[
JT
]
{pm − pc} (4)

where ∆ϕ̃∗ = →
ϕ ∗ −→ϕ∗a is the update vector for the absorbed optical energy in the ROI;

JM×K is the Jacobian matrix defined by ∂pi/∂ϕ∗j at each frequency in the ROI; M is the
number of the measurement sites; K is the number of mesh nodes in the ROI; λ is the
regularization parameter determined by combined Marquardt and Tikhonov regularization
schemes; I is the identity matrix.

In our algorithm, the image formation task is used to update the distribution of
absorbed optical energy via the iterative solution of Equations (2) and (4) so that the
objective function F(

→
ϕ∗) defined in Equation (3) can be minimized. During the iteration,

→
ϕ∗a in the ROI is chosen as the absorbed optical energy in the previous iteration (or initial
guess in the first iteration), while the current absorbed optical energy

→
ϕ∗ in the ROI can be

updated from the solved ∆ϕ̃∗ in Equation (4). The current absorbed optical energy outside
of ROI is considered the background, which is simply approximated by the mean value
of
→
ϕ∗ around the edge of the ROI. Histogram analysis can be used in more complicated

cases. The regularization parameter λ is usually reduced at each iterative step to balance
the speed of convergence and accuracy around the minimum of the modified objective
function F(

→
ϕ∗).

2.2. Numerical Simulations

The above algorithm was first validated with simulation studies. To illustrate the
performance and accuracy of the above algorithm, a 2D circular mesh with 4489 nodes
and 8736 triangle elements was used in all the calculations on a desktop PC with an Intel
I7-4790 CPU, 3.6 GHz, and 8 GB RAM. The simulated acoustic pressure on the boundary
was generated by the forward calculation with Equation (2). The simulated photoacoustic
target was centered at x = 3 mm, y = 0 mm with a diameter of 4 mm and the optical
absorption coefficient was set as 3 (arbitrary unit). The simulated photoacoustic target
was embedded in the background, which had a radius of 15 mm and a uniform optical
absorption coefficient of 1 (arbitrary unit). Uniform light illumination was assumed in the
simulation, and the light fluence was assumed as I in an arbitrary unit for simplicity. The
speed of sound was uniformly assumed as 1495 m/s in the simulated tissue. A total of
60 detectors were used to uniformly cover the full circle on the boundary, 15 mm away
from the center. Photoacoustic signals at 50 frequency elements from 30 Khz–1.5 Mhz were
generated from the forward model. An additional 5% white noise was applied to simulate
the signal noise in real applications.

2.3. Phantom Experiments

Phantom experiments were further conducted, and the experimental data were fed
into the developed algorithm to further validate the accuracy and performance of the above
algorithm. The 2D mesh and the PC used in the experimental studies were the same as the
mesh and PC used in the simulation studies. The experimental data were obtained from
tissue mimic phantom scanned by a system previously described in detail. [48] Laser pulses
at a selected wavelength (700 nm) from a Surelite OPO Plus (Continuum Inc., San Jose, CA,
USA) were expanded to fully illuminate the phantom. The laser had a repetition rate of
20 Hz and a pulse duration of 10 ns. The energy density was controlled below 20 mJ/cm2.
The generated acoustic signals were detected by a piezoelectric transducer with a central
frequency of 1.0 MHz (Valpey Fisher, Hopkinton, MA, USA). The transducer was rotated
around the center at a distance of around 33.5 mm to cover 60 sites on the circular boundary.
In the experiment, we embedded a target with a diameter of 3 mm in a 30 mm diameter



Photonics 2022, 9, 337 5 of 16

solid cylindrical background phantom, which was fabricated using a previously reported
procedure. The optical absorption coefficient for the background phantom and target
were 0.01/mm and 0.07/mm, respectively. The reduced optical scattering coefficient was
1.0/mm for the target and the background.

2.4. In Vivo Experiments

The developed RO-based localized reconstruction was further applied and validated
in an in vivo experimental study. A Harlan Sprague Dawley rat was used in this in vivo
experiment. The in vivo experimental protocol and procedure were approved by the
IACUC committee at the University of Florida. The experiment system and data acquisition
procedure were previously described in detail [21]. Briefly, the rat was anesthetized, and
its head was placed into the imaging region through an opening covered with a piece of
polyethylene membrane at the bottom of a water tank. In the photoacoustic tomography
system used in this study, the light source was a pulsed Nd: YAG laser (Altos, Bozeman,
MT, USA) with a 4 ns pulse duration and 10 HZ repetition rate. The diameter of the laser
beam was expanded to 30 mm by a lens, and the light power was adjusted to 15 mJ cm−2

at the surface of the rat’s brain. An acoustic transducer (Valpey Fisher, Hopkinton, MA,
USA) was immersed in the water tank and driven by a motorized rotator to receive light-
induced acoustic signals. The central frequency of the transducer was 1.0 MHz, and the
bandwidth was 80% at 6 dB. The acoustic signals at 175 detecting locations uniformly
distributed along the boundary covering a total of 350 degrees were collected and used for
later image reconstruction.

3. Results
3.1. Simulation Results

The simulated data were fed into both full zone-based FE-PAT and localized FE-PAT
algorithms. Three different ROIs containing the target were chosen in the localized FE-PAT
algorithm: R = 10.0 mm, R = 7.5 mm, and R = 4.0 mm. An initial value of 0.01 was used as
the absorbed optical energy at each node for all the reconstruction processes in our simula-
tion studies, including the reconstruction process based on full zone-based FE-PAT and
reconstruction process based on localized FE-PAT in various ROI sizes. The reconstructed
photoacoustic images were obtained from the fifth iteration when the reconstruction error
was low and stable. Furthermore, the reconstructed photoacoustic image (distribution of ab-
sorbed optical energies) was spatially filtered to reduce the reconstruction noise associated
with finite element modeling. The photoacoustic image reconstructed by conventional full
zone-based FE-PAT is shown in Figure 1a, while the photoacoustic images reconstructed by
localized FE-PAT in various ROI sizes are shown in Figure 1b–d. The accuracy of the full
zone-based FE-PAT in the frequency domain was previously evaluated and reported [37].
As shown in Figure 1a, the simulated target and background were clearly reconstructed
by the full zone-based FE-PAT. From the results in Figure 1b–d, we can see that the target
can also be clearly reconstructed using localized FE-PAT in various ROI sizes (R = 10.0 mm,
7.5 mm, and 4.0 mm). The targets reconstructed by localized FE-PAT in the ROI, ranging
from 10.0 mm to 4.0 mm in radius (Figure 1b–d), were visually identical to the target
reconstructed by conventional full zone-based FE-PA (Figure 1a) in terms of the positions
and the sizes of the target. The positions and the sizes of the reconstructed targets were also
visually in agreement with the actual location and size of the simulated target (D = 4.0 mm
centered at x = 3 mm, y = 0 mm). From Figure 1a–d, we can also see that the signal variation
in the background (noise) appeared in the entire image zone for the full zone-based FE-PAT
algorithm while it only appeared in the chosen ROI for the localized FE-PAT algorithm,
as the average signal intensity was assigned to the background that is outside of the ROI.
However, the averaged signal intensity in the background (inside and outside of the ROI)
appears to be identical for both the full zone-based FE-PAT algorithm and localized FE-PAT
algorithm in various ROI sizes.
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Figure 1. Reconstructed photoacoustic images of the simulated target by using full zone-based
FE-PAT algorithm (a) and localized FE-PAT algorithm in a ROI with radii of 10.0 mm (b), 7.5 mm
(c) and 4.0 mm (d).

Further quantitative analysis of the reconstructed results is shown in Figure 2, where
the absorbed optical energy (photoacoustic intensity) along a horizontal transect line
through the center of the target (x = 3 mm, y = 0 mm) was plotted. As shown in Figure 2, the
distribution of the absorbed optical energies in the target reconstructed by localized FE-PAT
in various ROI sizes (R = 4.0 mm to R = 10.0 mm in Figure 2) was in great agreement with
that reconstructed by the full zone-based FE-PAT (Full-zone in Figure 2). The reconstruction
error between the full zone-based FE-PAT algorithm and the localized FE-PAT algorithm
in different ROI sizes was calculated and listed in Table 1 by applying the reported error
measurement formula along the transect line. The reconstruction errors were less than 5%
(in the range of 2.84–4.47%) for ROI sized from 4.0 mm to 10.0 mm in radius, demonstrating
the reconstruction accuracy of localized FE-PAT in comparison with the full zone-based
FE-PAT. The diameter of the reconstructed target was further analyzed using the full width
at half maximum (FWHM) method. The measured diameter of the reconstructed target,
the computational time, and the mesh information for different FE-PAT algorithms used in
this simulation study are all listed in Table 1. As shown in Table 1, the recovered target size
(the diameter) was between 4.08 mm and 4.14 mm using localized FE-PAT in various ROI
sizes and has an error between 3.03% and 4.55%, in comparison to the recovered target size
(3.96 mm) using the full zone-based FE-PAT algorithm. Compared to the actual diameter
(4.0 mm) of the simulated target, it is obvious that the target was reconstructed with high
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accuracy in terms of the location/size by all the imaging algorithms. The results of the
quantitative analysis demonstrated the high reconstruction accuracy of the localized FE-
PAT algorithm in various ROI sizes, in terms of the reconstructed photoacoustic intensities
(the absorbed optical energies) and the size of the reconstructed target, in comparison to
the full zone-based FE-PAT algorithm.
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Table 1. Mesh parameters and performance comparison between conventional full zone-based
FE-PAT algorithm and localized FE-PAT algorithm in various ROI sizes for simulation studies.

Radius of
ROI (mm)

No. of ROI
Nodes Time Cost (s) Target Size

(mm)
Error of

Target Size
Reconstruction

Error

* 4489 7745 3.96 - -
10.0 2009 1144 4.08 3.03% 2.84%
7.5 1119 317 4.13 4.29% 3.67%
4.0 323 49 4.14 4.55% 4.47%

* Full zone-based FE-PAT algorithm. The radius of the imaging zone is 15 mm.

The efficiency of the localized FE-PAT algorithm was further analyzed based on the
computational time listed in Table 1. As shown in Table 1, it took only 49–1144 s to generate
one full set of images using the localized FE-PAT algorithm, depending on the sizes of the
ROI, while it took 7745 s to generate one full set of images using the full zone-based FE-PAT
algorithm. The acceleration rate was increased from 7-fold to 24-fold and 158-fold as the
radius of the ROI was reduced from 10.0 mm to 7.5 mm and 4.0 mm. It clearly demonstrated
that the localized FE-PAT algorithm offers a significant improvement in computation time
compared to the full zone-based FE-PAT algorithm, while the reconstruction error remains
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very low. The acceleration performance is further plotted and fitted in Figure 3. Using a
one-term power series model, the acceleration performance can be estimated by α4.696 or
β2.364, where α and β are the ratios of the radius and number of nodes between the ROI
and the entire imaging field, respectively; β ≈ α2 is the number of nodes and is almost
squarely proportional to the radius of the ROI for a relatively uniform 2D mesh. It is
worth noting that the computational frame of 3D FE-PAT is based on the forward equations
and inverse equations similar to the equations used for 2D FE-PAT (Equations (2) and (4)),
although the formula to calculate the stiffness matrix (A in Equation (2)) is different in
3D PAT. As such, this localized reconstruction approach can be further adapted to 3D
PAT, and the acceleration performance can be predicted from the power series model
established in 2D-based localized reconstruction. The expected acceleration performance
for 3D mesh-based localized FE-PAT can be estimated by α7, as the number of nodes in
a relatively uniform 3D mesh is almost cubically proportional to the radius of the ROI,
i.e., 2.364 × 3 ≈ 7. It is expected that the improved imaging speed might even be striking
in 3D mesh-based localized FE-PAT, as around 1/3 ROI (α ≈ 1/3) can lead to more than
1000-fold (37) acceleration.
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3.2. Phantom Experimental Results

Further experimental validation with tissue mimic phantom is shown in Figures 4 and 5.
The experimentally measured signals on the boundary were remapped to the corresponding
virtual detectors on an R = 15 mm mesh with high accuracy, as the far-field condition
remained valid for the generated and propagated photoacoustic/ultrasound waves. The
signals were transformed into the frequency domain by Fourier transform, and the first
50 frequency elements (30 Khz–1.5 Mhz) were used in the image reconstruction. The speed
of sound was assumed uniformly in the phantom during the image reconstruction, and
the value 1510 m/s was used for the best reconstruction results. As in the simulation
study, an initial value of 0.01 was used as the absorbed optical energy at each node for
both the full zone-based FE-PAT and localized FE-PAT. The reconstructed photoacoustic
images were obtained from the fifth iteration when the reconstruction error was low and
stable. Furthermore, the reconstructed photoacoustic image (distribution of absorbed
optical energies) was spatially filtered to reduce the reconstruction noise associated with
finite element modeling. A threshold of zero was used to remove the negative values, as
the photoacoustic intensity (absorbed optical energy) should be positive.
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The reconstructed images of the phantom are shown in Figure 4a,b using the full
zone-based FE-PAT algorithm and localized FE-PAT algorithm in a ROI with a radius of
4.0 mm. From the results, we can see that the target can be clearly reconstructed by the
localized FE-PAT algorithm (Figure 4b) and was visually identical to the image obtained
from the full zone-based FE-PAT algorithm (Figure 4b). Further quantitative analysis
of the reconstruction results is shown in Figure 5, where the absorbed optical energy
(photoacoustic intensity) along a horizontal transect line through the center of the target
(around x = −0.5 mm, y = −2 mm) is plotted. As shown in Figure 5, the distribution of the
absorbed optical energies reconstructed by the localized FE-PAT was in great agreement
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with that reconstructed by the full zone-based FE-PAT. The reconstruction error between
the full zone-based FE-PAT algorithm and the localized FE-PAT algorithm was 3.72%,
applying the reported error measurement formula along the transect line with values close
to zeros excluded. As in the simulation study, the FWHM method was used to determine
the diameter of the reconstructed target in the phantom. The measured diameter of the
reconstructed target, the computational time, and the mesh information are all listed in
Table 2. As shown in Table 2, the recovered target size (the diameter) was determined as
3.22 mm using the localized FE-PAT, and it had an error of 0.31% in comparison to the
recovered target size (3.23 mm), which was generated using the full zone-based FE-PAT
algorithm. Compared to the actual diameter (3 mm) of the target in the phantom, it seems
that the target was reconstructed accurately in terms of the location/size by both the
localized FE-PAT and the full zone-based FE-PAT algorithm. The results of the quantitative
analysis demonstrated the high reconstruction accuracy of the localized FE-PAT algorithm,
in terms of the reconstructed photoacoustic intensities (the absorbed optical energies) and
the size of the reconstructed target in the phantom, in comparison to the full zone-based
FE-PAT algorithm.

Table 2. Mesh parameters and performance comparison between the conventional full zone-
based FE-PAT algorithm and the localized FE-PAT algorithm in various ROI sizes for phantom
experimental studies.

Algorithm * No. of ROI
Nodes Time Cost (s) Target Size

(mm)
Error of

Target Size
Reconstruction

Error

Full-zone 4489 7730 3.23 - -
Localized 328 49 3.22 0.31% 3.72%

* The radius of the full zone-based FE-PAT algorithm is 15 mm. The radius of the ROI used in the localized FE-PAT
algorithm is 4.0 mm.

The efficiency of the localized FE-PAT algorithm was further demonstrated based on
the computational time listed in Table 2. As shown in Table 2, it took only 49 s to generate
one full set of images using the localized FE-PAT algorithm, while it took around 7730 s to
generate one full set of images using the full zone-based FE-PAT algorithm. The reconstruc-
tion speed was accelerated 158-fold using the localized FE-PAT algorithm (R = 4.0 mm)
compared to the conventional full zone-based FE-PAT algorithm. The results clearly demon-
strate that the localized FE-PAT algorithm offers a significant improvement in computation
time compared to the full zone-based FE-PAT algorithm, while the reconstruction error
remains very low for phantom experimental data.

3.3. In Vivo Experimental Results

The localized reconstruction algorithm was further applied and validated in an in vivo
experimental study. The measured acoustic signals at 174 locations were transformed
into frequency-domain signals by Fourier transform. The first 50 frequency elements
(41.5 Khz–2.075 Mhz) and the first 100 frequency elements (41.5 Khz–4.15 Mhz) were used
in two separated image reconstruction cases with the goal of comparing the impact of the
frequency range on the quality of the reconstructed image. The frequency-domain signals
were fed into the developed algorithm using a 2D circular mesh with a radius of 15 mm.
The 2D mesh had 11,801 nodes and 23,240 triangle elements. A ROI with a radius of 6 mm
was selected based on an educational guess from the location and size of the rat’s brain
and confirmed using the quick beamforming method Delay and Sum (DAS). A desktop PC
with an Intel I7-4790 CPU, 3.6 GHz, and 8 GB RAM was used in the reconstruction of the
in vivo rat’s brain.

The reconstructed images are shown in Figure 6a,b, where a threshold of zero was
used to remove the negative values as the photoacoustic intensity (absorbed optical energy)
should be positive. As shown in the images, the blood vessels in the rat brain and the
middle cerebral artery were clearly imaged by our localized reconstruction algorithm
in both frequency ranges (Figure 6a,b). However, there was no visual difference in the
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reconstructed results between 50 frequency elements (41.5 Khz–2.075 Mhz) and the first
100 frequency elements (41.5 Khz–4.15 Mhz). Moreover, the reconstruction time for the
localized reconstruction algorithm with 50 frequency elements was around 11.5 min (685 s),
while the reconstruction time for the localized reconstruction algorithm with 100 frequency
elements took around 20.5 min (1215 s). The computation performance of the counterpart
full zone-based FE-PAT was not available, as the dense mesh (11,801 nodes) used for our
in vivo studies is out of the computational capability of full zone-based FE-PAT on a regular
PC. The quantitative profile of the reconstructed photoacoustic images across the middle
cerebral artery (MCA) further demonstrated that there is no significant difference in the
reconstruction results between 50 frequency elements (41.5 Khz–2.075 Mhz) and the first
100 frequency elements (41.5 Khz–4.15 Mhz). The diameter of the reconstructed MCA was
further analyzed using the FWHM method, and it was 0.387 and 0.381 mm for 50 frequency
elements (41.5 Khz–2.075 Mhz) and the first 100 frequency elements (41.5 Khz–4.15 Mhz),
respectively. The reason that the recovered vessel size was larger than the exact size and
the increased frequency range did not improve the spatial resolution might be due to the
limited spatial resolution of the mesh we used in our reconstruction. The low nominal
frequency (1 MHz) of the transducer used in our experiment may result in lower spatial
resolution as well.
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4. Discussion

Computational cost is one of the major issues that hinder the translation of the pow-
erful finite element-based algorithms (FE-PAT algorithms in frequency domain and time
domain) in practical applications of photoacoustic tomography. It usually requires hours to
days for one set of images to be reconstructed with a typical mesh size for in vivo studies
such as finger joint imaging or breast imaging [37,38,44]. Due to the high computational
cost, it is unrealistic to apply this powerful imaging tool to any clinical applications where
timely imaging and/or a large image matrix is needed. The proposed method here is
based on localized optimization in the region of interest (ROI), where the cost function
was modified with a penalty term restricted in the ROI. It is worth noting that only a
fraction of pixels/voxels need to be updated in the inverse process using our localized
reconstruction algorithm, while all the pixels/voxels in the imaging zone must be updated
indistinguishably by currently available full zone-based FE-PAT algorithms as the cost
functions are defined in the entire imaging zone. In most practical PAT applications, detec-
tors are usually placed in the far-field to allow for better spatial resolution in the targets.
Furthermore, in most commercial PAT scanners, PAT is integrated with ultrasonography,
where ultrasonography provides tissue anatomy, and PAT provides molecular/functional
information in the region of interest. As such, the ROI containing targets to be photoacous-
tically imaged is much smaller than the entire imaging zone, and this localized algorithm
may significantly reduce the computational cost due to restricted inverse modeling in ROI
only. Other computational efficient optimization methods, such as the finite difference
method, can also be used to quantitatively reconstruct photoacoustic images. However,
they are not as powerful as FEM algorithms, as the finite difference method is based on
regular rectangular grids and can easily run into problems handling curved boundaries.

The localized FE-PAT algorithm was implemented and then validated with both nu-
merical simulations and phantom experiments in our studies. In our studies, we focused on
the comparison between our localized reconstruction algorithm and conventional full zone-
based reconstruction algorithm. The dataset (frequency range, number of detectors, etc.)
and the same mesh were used in the localized reconstruction algorithm and conventional
full zone-based reconstruction algorithm. As seen in the simulation study, the reconstruc-
tion error of the photoacoustic image (absorbed optical energies) by the localized FE-PAT
algorithm in various ROI sizes was less than 5% in comparison with the image recon-
structed by the conventional full zone-based FE-PAT. The error of the target size recovered
by the localized FE-PAT algorithm in various ROI sizes was also less than 5% in comparison
to the actual size or the target reconstructed by the conventional full zone-based FE-PAT
algorithm. The very low reconstruction error demonstrates the accuracy of the localized
FE-PAT algorithm. The phantom experimental study further confirmed the accuracy of
the localized FE-PAT algorithm. However, the reconstruction speed can be accelerated
by up to 158-fold, and the reconstruction time of the FE-PAT algorithm can be reduced
from around 2–3 h to less than 1 min. As shown in Figures 1 and 2, the size of the chosen
ROI does not affect the image quality if the targets are contained in the ROI, but it may
affect the imaging speed. As such, our algorithm allows for high flexibility in selecting ROI.
The localized reconstruction algorithm was further applied and validated in an in vivo
experimental study of a rat’s brain. Our results demonstrate that the major vessels can
be imaged clearly using our localized reconstruction algorithm coupled with a mesh of
11,801 nodes and 23,240 triangle elements. The total size of the image depends on the nodes
used in the reconstruction. As such, the reconstructed image of the in vivo rat brain using
11,801 nodes was larger than the reconstructed image of simulation/phantom experimental
studies using 4489 nodes. The size of the middle cerebral artery (MCA) was found to be
around 0.381–0.387 mm. Similar to the conventional full zone-based FE-PAT, the spatial
resolution of our localized reconstruction algorithm depends on both the size of each finite
element and the frequency range of detected acoustic signals. The frequency components
chosen in our reconstruction covered the major bandwidth of the generated acoustic signals
from the simulated target and ex vivo phantom subject and demonstrated high image
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quality in our studies compared to the ground truth of the targets. Due to the fact that a
transducer with a low nominal frequency was used in in vivo study, both frequency ranges
(41.5 Khz–2.075 Mhz and 41.5 Khz–4.15 Mhz) covered the major bandwidth of the detected
acoustic signals from the rat’s brain and resulted in similar spatial resolution (0.381 mm vs.
0.387 mm). Similar to the conventional full zone-based FE-PAT, the spatial resolution of our
localized reconstruction algorithm can be improved using a denser mesh and a transducer
with a higher nominal frequency.

It is worth noting that the targets in our studies were qualitatively reconstructed with
high accuracy in terms of the location/size by the localized FE-PAT algorithm. However,
the quantitative values of the absorbed optical energies (photoacoustic intensities) in the
targets might be underestimated for both the full zone-based FE-PAT algorithm and lo-
calized FE-PAT algorithms. For example, the absorbed optical energies in the simulated
target were around 2.8, determined using both full zone-based FE-PAT algorithm and
localized FE-PAT algorithms, which is lower than the actual absorbed optical energy (3 in
arbitrary unit) in the target. As the FE-based reconstruction algorithm is one of the iterative
optimization algorithms, the target can be qualitatively reconstructed with high accuracy
in the first several iterations, but the quantitative accuracy of the absorbed optical energies
in the target may require more iterations and longer computational time. Furthermore, the
localized reconstruction algorithm in the ROI is a variant of the conventional finite element-
based photoacoustic tomography. Similar to other finite element-based PAT algorithms,
it could provide not only qualitative photoacoustic images (pixel intensities proportional
to the absorbed optical energy at each location) but also quantitative values (the absolute
values of absorbed optical energy or inherent optical absorption coefficient at each loca-
tion) from one or a set of discretized photoacoustic equations and optical propagation
models. It can also potentially accommodate geometric irregularity and complex source
representations, reduce the reconstruction errors in practical situations such as limited
datasets or detecting locations, and quantitatively recover multiple parameters (optical and
acoustic contrasts, total hemoglobin concentrations, oxygen saturation, etc.). Moreover, the
localized reconstruction algorithm is capable of significantly accelerating the computational
speed of finite element-based photoacoustic tomography without any additional hardware
cost. It can provide quantitative images in a timely manner (within minutes, seconds, or
real-time). For a small target area or ROI in molecular/functional imaging, our localized
reconstruction algorithm may have a temporal resolution of seconds. However, using an
additional computational approach such as integration with multiple CPU or GPU-based
parallelized computing techniques, our algorithm could also potentially provide real-time
imaging capability and provide fast quantitative images for scenarios where large ROI
or real-time/video-rate imaging is needed. As our algorithm is a quantitative imaging
algorithm, it can provide quantitative information in molecular/functional imaging (con-
centration of molecular imaging probe, oxygen saturation, total hemoglobin levels, etc.),
similar to conventional FE-PAT algorithms. The reconstructed images from our ROI-based
approach can be further quantitatively analyzed like other quantitative imaging algorithms.
In contrast, most commonly used algorithms such as filtered backprojection usually provide
qualitative images, i.e., the initial peak of the generated acoustic signals proportional to the
absorbed optical energy in the local tissue, or quantitative information based on the ratio
of the qualitative images. The significantly enhanced computational efficiency of using
our localized FE-PAT may facilitate the translation of this powerful model-based imaging
tool to real-world preclinical/clinical studies with a large number of subjects, including
instant tumor detection using handheld ultrasound-photoacoustic probes, the localization
of tumor margins during surgery, and image-guided cancer treatments.

5. Conclusions

We presented a localized FE-PAT algorithm and successfully demonstrated its accuracy
and performance in comparison with conventional full zone-based FE-PAT algorithms. The
computation time was dramatically reduced, and image quality remained almost the same.
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The work presented here suggests that this localized FE-PAT algorithm can accelerate
image reconstruction a hundredfold without any additional hardware cost, making it
promising for higher resolution, higher dimension, or real-time imaging. The localized
reconstruction algorithm was further applied and validated in an in vivo experimental
study of a rat’s brain. Our results demonstrate that the complex vessels in the rat’s brain
can be imaged clearly within around 11.5 min using our localized reconstruction algorithm
coupled with a mesh of 11,801 nodes and 23,240 triangle elements. Furthermore, this
localized reconstruction algorithm can be parallelized using multiple CPU or GPU schemes
to further enhance the reconstruction performance of FE-based photoacoustic tomography,
which may facilitate the translation of this promising imaging tool into clinical studies with
a large number of subjects.
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