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A B S T R A C T

Transcranial photoacoustic computed tomography (PACT) holds significant potential as a neuroimaging
modality. However, compensating for skull-induced aberrations in reconstructed images remains a challenge.
Although optimization-based image reconstruction methods (OBRMs) can account for the relevant wave
physics, they are computationally demanding and generally require accurate estimates of the skull’s viscoelastic
parameters. To circumvent these issues, a learning-based image reconstruction method was investigated for
three-dimensional (3D) transcranial PACT. The method was systematically assessed in virtual imaging studies
that involved stochastic 3D numerical head phantoms and applied to experimental data acquired by use of
a physical head phantom that involved a human skull. The results demonstrated that the learning-based
method yielded accurate images and exhibited robustness to errors in the assumed skull properties, while
substantially reducing computational times compared to an OBRM. To the best of our knowledge, this is the
first demonstration of a learned image reconstruction method for 3D transcranial PACT.
. Introduction

Photoacoustic computed tomography (PACT) is an emerging imag-
ng modality that combines the rich contrast of optical imaging with
he high spatiotemporal resolution and imaging depth of ultrasonic
maging, enabling visualization of tissues in deeper regions compared
o purely optical high-resolution techniques [1]. The ability of PACT
o reveal both structural and functional information, such as vascular
onnectivity and tissue oxygen saturation, facilitates a broad range of
pplications, including those in neuroscience. Transcranial PACT brain
maging is one such application that is being actively explored for
reclinical [2–4] and clinical [5] applications.

The skull introduces significant challenges for accurate image recon-
truction in transcranial PACT of human subjects. As the photoacoustic
PA) pressure field that is induced within brain tissue propagates
utward through the skull, it undergoes not only acoustic absorption
nd scattering but also wave mode conversion at the soft tissue–skull
nterfaces, with longitudinal-to-shear conversion at the first interface
nd shear-to-longitudinal conversion at the second interface [6]. These
hysical factors introduce pronounced aberrations in the PA pressure

∗ Correspondence to: Department of Bioengineering, 1102 Everitt Lab, 1406 W. Green St, Urbana, IL 61801, USA.
E-mail address: maa@illinois.edu (M.A. Anastasio).

field. If these aberrations are not properly accounted for during image
reconstruction, artifacts are introduced that can degrade the quality of
the reconstructed images [7].

To mitigate the effect of skull-induced aberrations in transcranial
PACT, optimization-based reconstruction methods (OBRMs) have been
developed [7,8]. These methods are based on the acoustic–elastic wave
equation and can account for the relevant three-dimensional (3D) wave
physics. While the methods make use of the viscoelastic properties of
the skull, only estimates of these quantities are available in practice.
Inaccuracies in the assumed skull properties lead to modeling errors
that can yield artifacts in the reconstructed images [9]. Such model-
ing errors can be mitigated by certain OBRMs that jointly estimate
the skull properties along with the initial pressure distribution [9].
However, in any case, OBRMs are iterative in nature, where at each
iteration the 3D acoustic–elastic wave equation must be solved at least
twice. This can result in long image reconstruction times, even if high-
performance computing platforms are utilized [10]. This is particularly
undesirable in functional or dynamic brain imaging applications, where
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many image volumes must be reconstructed and therefore rapid image
reconstruction is essential.

Data-driven approaches offer an alternative to overcoming some of
the limitations of OBRMs, including long reconstruction times. For ex-
ample, an image-domain learning-based image reconstruction method
for 3D transcranial PACT was reported [11]. The method utilized an
mage-to-image translation network to map a preliminary estimate
f the initial pressure distribution that contained aberration-induced

artifacts to a higher-quality one. However, that study did not address
inaccuracies in skull property estimation and lacked validation with
experimental data.

In another approach, Zhang et al. [12] proposed a data-domain
earning-based method to mitigate skull-induced image aberrations.
heir learning-based method was trained on two-dimensional (2D)-
imulated photoacoustic measurements using simplified 2D numerical
ead phantoms, where the skull was modeled as a homogeneous vis-
oelastic medium surrounding the perimeter of the brain. However,

the method demonstrated a limited ability to mitigate aberrations in
the cortical brain region, which is the primary region of interest for
transcranial PACT. The stylized 2D study and nonphysical light delivery
esigns considered may have contributed to this. Additionally, the

study lacked validation with experimental data.
In summary, there remains a need to develop and validate data-

driven approaches for transcranial PACT that: (1) address the inher-
ently 3D nature of the problem; (2) can mitigate the impact of uncer-
tainty in the assumed skull properties of the to-be-imaged subject; (3)
reduce reconstruction times compared to OBRMs; and (4) are validated
using experimental data to ensure practical applicability.

This study aims to develop and investigate a data-driven method
or rapid image reconstruction in 3D transcranial PACT that addresses
he unmet needs stated above. In the proposed method, a prelimi-
ary estimate of the 3D initial pressure distribution is reconstructed
sing an approximate yet computationally efficient method based on
he adjoint of the PACT forward operator [13]. Notably, the adjoint

operator utilizes the provided skull geometry and nominal values of
the viscoelastic skull properties. The preliminary estimate of the initial
pressure distribution is then mapped to a high-quality, deaberrated one
through a deep neural network-based image restoration model. The

ethod is systematically investigated in virtual imaging studies that
nvolve ensembles of 3D numerical head phantoms (NHPs) [11,14].

Additionally, the method is evaluated by use of experimental data that
ere acquired by use of a physical head phantom containing a human

skull.
The remainder of the article is structured as follows. In Section 2,

an overview of the imaging physics and existing image reconstruction
methods for transcranial PACT is provided. In Section 3, the proposed
learning-based reconstruction method is described. The design of the
irtual imaging studies to evaluate the proposed method is elaborated
n Section 4, with the results presented in Section 5. The experimental

study using an ex-vivo human skull is presented in Section 6. Finally,
 discussion of the provided results and conclusions of our studies are

provided in Sections 7 and 8.

2. Background

2.1. Transcranial PACT imaging model

Let the photoacoustically-induced stress tensor at location 𝐫 ∈ R3

nd 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) denotes the stress in the 𝑖th direction acting on the plane
erpendicular to the 𝑗th direction within the object. Let 𝐯(𝐫, 𝑡) ∈ R3 rep-

resent the vector-valued acoustic particle velocity. In a heterogeneous
 D

2 
isotropic elastic medium with a diffusive acoustic absorption coefficient
distribution 𝛼(𝐫), the propagation of 𝝈𝑖𝑗 (𝐫, 𝑡) and 𝐯(𝐫, 𝑡) can be modeled
y the following elastic equations [15–18]:

𝜕𝑡𝐯(𝐫, 𝑡) + 𝛼(𝐫)𝐯(𝐫, 𝑡) = 1
𝜌(𝐫)

(∇ ⋅ 𝝈(𝐫, 𝑡))
𝜕𝑡𝝈(𝐫, 𝑡) = 𝜆(𝐫)𝐭 𝐫(∇𝐯(𝐫, 𝑡))𝐈 + 𝜇(𝐫)

(

∇𝐯(𝐫, 𝑡) + ∇𝐯(𝐫, 𝑡)𝑇 ) ,
(2)

subject to the initial conditions,

𝝈0(𝐫) ≡ 𝝈(𝐫, 𝑡)|𝑡=0 = −𝑝0(𝐫)𝐈, 𝐯(𝐫, 𝑡)|𝑡=0 = 0. (3)

Here, 𝑝0(𝐫) denotes the photoacoustically-induced initial pressure dis-
ribution, 𝜌(𝐫) represents the medium’s density distribution, and 𝜆(𝐫)

and 𝜇(𝐫) denote the distributions of Lamé’s first and second parameters,
respectively. The shear and longitudinal wave speeds are given by
𝑐𝑠(𝐫) ≡

√

𝜇(𝐫)∕𝜌(𝐫) and 𝑐𝑙(𝐫) ≡
√

(𝜆(𝐫) + 2𝜇(𝐫))∕𝜌(𝐫), respectively. In
 fluid medium such as soft tissue, shear waves can be neglected. In
his case, the second Lamé parameter 𝜇(𝐫) is set to zero, and therefore
𝑠(𝐫) = 0. The operator 𝐭 𝐫(⋅) in (2) calculates the trace of a matrix,

and 𝐈 ∈ R3×3 is the identity matrix. The explicit derivation of these
equations is detailed in [19].

Assuming idealized ultrasound transducers, in a PACT experiment,
he measured pressure data 𝑝(𝐫0, 𝑡) = − 1

3 𝐭 𝐫(𝝈(𝐫0, 𝑡)) are recorded at
transducer locations 𝐫0 ∈ 𝜕 𝛺, where 𝜕 𝛺 ⊂ R3 denotes the measurement
aperture. In its discrete-to-discrete (D-D) form, the forward operator
that maps the sought-after initial pressure distribution to the measured
ressure data can be expressed as [10,13]:

𝐠 = 𝐌𝐇wave
𝑢 𝐩0 ≡ 𝐇𝑢𝐩0. (4)

Here, the vector 𝐠 denotes the lexicographically ordered discrete mea-
surement data acquired at all transducer locations, the vector 𝐩0 rep-
resents a finite-dimensional approximation of the initial pressure dis-
tribution, 𝐇wave

𝑢 is the discrete wave propagation operator, and 𝐌
represents the discrete sampling operator. In this work, the action of
𝐇wave

𝑢 was computed using the 10th-order staggered grid [20] finite-
ifference time-domain (FDTD) scheme that involved an absorbing
oundary condition. The overall forward operator 𝐇𝑢 represents the
omposition of the sampling and wave propagation operators. Above,

the subscript 𝑢 is used to emphasize the dependence of the forward
operator on the medium’s acoustic and elastic property distributions,
denoted as 𝑢(𝐫) ≡ [𝜌(𝐫), 𝜆(𝐫), 𝜇(𝐫), 𝛼(𝐫)]. Note that, in practice, only
estimates of these property distributions are typically available, which
will be denoted by 𝑢̂(𝐫) = [𝜌̂(𝐫), 𝜆̂(𝐫), 𝜇̂(𝐫), ̂𝛼(𝐫)] and referred to as
nominal values.

2.2. Transcranial PACT image reconstruction

Many existing PACT image reconstruction methods do not account
for shear waves, which can result in image distortions [6] when applied
to transcranial PACT measurement data. The time-reversal method
addresses medium viscoelastic heterogeneity and can incorporate shear
wave physics [21,22]. However, its effectiveness relies on accurate
prior knowledge of the skull’s properties. In addition, time-reversal
methods are unsuitable for use with acoustically lossy media, for which
the time reversibility property does not hold. Furthermore, due to
anatomical constraints, transcranial imaging typically employs a hemi-
spherical array covering only the sides and top of the head. Accurate
image reconstruction from such data generally requires the use of
iterative methods [10,23].

To address these issues, OBRMs for transcranial PACT have been
proposed [7,9], in which estimates of 𝐩0 are computed by minimizing
an objective function. A commonly employed objective function is of
penalized least squared (PLS) form:

𝐩̂0,OBRM = ar g min
𝐩0

1
2
‖𝐠 −𝐇𝑢̂𝐩0‖22 + 𝛾 𝑅(𝐩0), (5)

where 𝐩̂0,OBRM is the estimated initial pressure distribution, 𝐇𝑢̂ is the
-D forward operator in (4) computed with the nominal acoustic and
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Fig. 1. The proposed reconstruction method (top), which consists of two steps: Computation of a 3D preliminary estimate by applying the adjoint operation with nominal skull
properties to the measured data (Step 1) and learned image restoration, where the aberrated cortical brain region within the preliminary estimate of the entire head phantom
(the input to the restoration model) is mapped to a deaberrated, high-quality image of the cortical brain region (Step 2). The learning-based method is trained on synthetic data
generated from virtual imaging of stochastic numerical head phantoms (bottom).
elastic property distributions 𝑢̂(𝐫), 𝛾 is a regularization parameter, and
𝑅(𝐩0) is the penalty term. Gradient- or proximal-based methods can
be employed to find approximate solutions of (5), which can yield
accurate estimates of the initial pressure distribution [24]. However,
inaccuracies in the assumed property distributions 𝑢̂(𝐫) can compromise
aberration correction and result in image artifacts. Moreover, OBRMs
are computationally intensive due to their iterative nature.

In this work, an OBRM for transcranial PACT is implemented as
a reference method, against which the proposed data-driven method
is compared. The method is designed to solve (5) for the case where
the penalty term is specified as the total variation semi-norm [25,26].
The fast iterative shrinkage-thresholding algorithm [26] is employed
to approximately solve the corresponding optimization problem. In the
special case where 𝛾 = 0 (no penalty term), Nesterov accelerated
gradient descent [27] is employed as the optimization method.

3. Learned image reconstruction method

A subject-specific, learning-based, image reconstruction method for
3D transcranial PACT is proposed. It is assumed that the geometry
of the skull is accurately known from adjunct X-ray CT or magnetic
resonance imaging [28] studies of the subject. The proposed method is
designed to mitigate the impact of forward modeling errors caused by
differences between the assumed nominal skull viscoelastic properties
and the true properties of the subject’s skull. The method will also pro-
vide a dramatic reduction in image reconstruction times as compared
to conventional OBRMs.

The proposed method involves two steps, as illustrated in Fig. 1
(top). In Step 1, the acoustic and elastic property distributions in the
subject’s head are numerically modeled by use of a parameterized
version of the skull geometry and nominal values of the acoustic and
elastic properties of the skull and surrounding soft tissues [11,14].
Based on this head model, a 3D preliminary estimate of the initial
pressure distribution 𝐩̃0 is reconstructed by applying the adjoint of the
forward operator in (4) to the measured data:

𝐩̃0 = 𝐇†
𝑢̂𝐠, (6)

where 𝐇†
𝑢̂ denotes the adjoint of the forward operator based on nom-

inal properties 𝑢̂(𝐫). Although the adjoint operator is not an accurate
image reconstruction operator, it can partially compensate for skull-
induced aberrations and can be computed relatively efficiently. Most
importantly, it transforms the measured data into the image domain,
streamlining the subsequent processing step.
3 
In Step 2, a learned image restoration model is employed to mitigate
the artifacts in 𝐩̃0 and yield a final high-quality estimate of the initial
pressure distribution. This is achieved as

𝐩̂0,learn = 𝐴𝜽(𝐩̃0), (7)

where 𝐴𝜽 denotes an image restoration network that is parameterized
by weights 𝜽 and maps the preliminary estimate 𝐩̃0 to the deaberrated,
higher-quality, estimate 𝐩̂0,learn as depicted in Fig. 1 (bottom).

The adopted architecture for the image restoration model was a
3D U-Net [29] with several modifications. Attention gates [30] were
incorporated to focus on the cortical brain region. The number of
output features in the first convolution layer was lowered from 64
to 24 to reduce the required GPU memory. Batch normalization [31]
was applied after each convolution to accelerate training and mitigate
overfitting [32]. Inspired by the VGG [33] and ResNet [34] models,
the max-pooling and upsampling layers were replaced with strided
convolution layers, each with a stride of 2.

The image restoration model is trained to minimize, with respect to
𝜽, the mean squared error (MSE) loss function:

𝐿(𝜽) = 1
2

𝐾
∑

𝑘=1
‖𝐴𝜃(𝐩̃𝑘0) −𝐖⊙ 𝐩𝑘0‖

2
𝐹 . (8)

Here, 𝐾 represents the number of training samples, ‖ ⋅ ‖𝐹 denotes
the Frobenius norm, 𝐖 is the masking matrix used to emphasize the
cortical region (the primary region of interest for transcranial PACT)
during the loss computation, ⊙ denotes the element-wise product, and
𝐩𝑘0 and 𝐩̃𝑘0 denote the 3D target and preliminary estimate of initial
pressure distribution for the 𝑘th training sample, respectively.

The image restoration model is trained in a fully supervised manner,
which requires the true (non-aberrated) initial pressure distribution
𝐩0 as the target. By building well-characterized physical phantoms
that incorporate clinical variability, it is conceptually possible to ex-
perimentally acquire pairs of target initial pressure distributions and
corresponding PACT measurement data. However, generating a large
number of such phantoms and measurement data required for training
is impractical due to the significant cost and time involved.

To make the generation of large training datasets feasible, stochastic
3D NHPs [11,14] and high-fidelity simulation of the PACT data acqui-
sition process are utilized in this study. The 𝑘th synthetic data sample
consists of {𝑢𝑘, 𝐩𝑘0 , 𝐠𝑘 = 𝐇𝑢𝑘𝐩𝑘0 , 𝐩̃𝑘0 = 𝐇†

𝑢̂𝐠
𝑘}, where 𝑢𝑘 corresponds

to the acoustic and elastic property distributions of the 𝑘th NHP. The
quantity 𝐩𝑘0 denotes the target image (i.e., ground truth initial pressure
distribution), while the restoration model input 𝐩̃𝑘 is computed via (6)
0
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from 𝐠𝑘. The generation of 𝐩𝑘0 and 𝐠𝑘, along with the virtual imaging
process involved, is detailed in Sections 4.1 and 4.2. The flexibility of
onfigurable stochastic 3D NHPs [11,14] and virtual imaging facilitates
he generation of synthetic data ensembles under various scenarios,
anging from ideal to more practical conditions. This capability enables
he systematic investigation of the proposed method in virtual imaging
tudies, as in Section 4.4.

To assess its practical applicability and effectiveness of the proposed
method, the learning-based reconstruction method is further evaluated
by use of experimental phantom data. Specifically, the method is
trained exclusively on synthetic data and employed directly to recon-
truct images from experimental data. The experimental data were ac-
uired by imaging a physical head phantom using an existing 3D PACT
maging system [35]. Details regarding the experimental validation and
esults are provided in Section 6.

4. Virtual imaging studies

This section provides details of the virtual (i.e., in-silico) imag-
ing studies conducted for the systematic investigation of the pro-
posed learning-based reconstruction method. The establishment of the
stochastic 3D NHPs for transcranial PACT and the virtual imaging
process performed to generate synthetic datasets are detailed in Sec-
tions 4.1 and 4.2, respectively. The training procedure for the learning-
ased method, which utilizes subject-specific synthetic data, is de-
cribed in Section 4.3. Details of the virtual studies conducted to assess

the reconstruction accuracy, computation time, and generalizability of
he learning-based method are provided in Section 4.4.

4.1. Generation of stochastic numerical head phantoms

Stochastic 3D NHPs were employed to generate a subject-specific
ynthetic dataset for model training, providing ground truth that is
ecessary for supervised learning but is typically unavailable in exper-
mental scenarios. A single NHP consisted of an optical phantom and
n acoustic phantom to model optical and acoustic/elastic properties,
espectively, of the head. The NHP was composed of soft tissues outside
he skull (scalp vessels and scalp tissue), the skull, and soft tissues
nside the skull (cortical vasculature and extravascular tissue within
he cortical brain region). The procedure for generating subject-specific
tochastic 3D NHPs is outlined below. Additional details can be found
n [11,14].

The subject’s skull geometry was assumed to be known from ad-
junct CT or magnetic resonance imaging (MRI). In this study, the
skull geometry was modeled as a three-plate, three-layer structure [9]
erived from adjunct CT data. Similarly, the geometry of soft tissues
utside the skull was also assumed to be known, as these tissues can
ften be reconstructed with high fidelity in practice without accounting
or the skull. In contrast, the geometry of cortical vasculature was
tochastically synthesized [11,14,36], which reflects that the configu-

ration of the cortical vessels in the subject is unknown. In summary,
n each realization of the subject-specific NHP, the geometry of the

cortical vasculature was distinct, while the geometry of the skull and
issues outside the skull remained fixed and specific to the to-be-imaged
ubject.

To form the optical phantom for each NHP, nominal values of tissue-
specific optical properties from the literature [11,14] were used. The
ssignment of optical properties was a deterministic process, in which

the same tissues in different NHPs were assigned the same optical
property values. To form the acoustic phantom for each NHP, the
acoustic properties of the soft tissues were assumed to be the same
as those of water. On the other hand, varying degrees of stochas-
ticity were considered when assigning viscoelastic properties to the
skull, corresponding to scenarios where the amount of uncertainty
in the nominal property values differed. Specifically, three distinct

statistical assumptions regarding the skull’s viscoelastic properties were

4 
Table 1
Nominal Acoustic and Elastic Properties of Skull and Soft Tissues in the In-silico Study
[9].

Medium 𝜌 𝑐𝑙 𝑐𝑠 𝛼
[kg∕mm3] [mm∕μs] [mm∕μs] [1∕μs]

Soft Tissues (Water) 1000 1.48 0 0
Diploë 1000 2.10 1.40 0.75
Frontal Bone 1850 2.03 1.40 0.5
Left Parietal 1850 2.76 1.50 0.5
Right Parietal 1850 2.55 1.45 0.5

employed, leading to three variants of NHPs.
In the first variant, the viscoelastic properties of each skull plate and

layer were deterministically assigned the nominal values specified in
Table 1. In this case, the corresponding skull components in different
coustic phantoms were assigned the same value. This represents an
dealized scenario where the nominal skull properties are assumed to
e accurate estimates of the true subject properties. The ensemble of
HPs created in this way is referred to as Dataset 1.

In the second variant of NHPs, the viscoelastic properties of each
skull plate and layer were assigned stochastically. In this case, the
corresponding skull components in different acoustic phantoms were
assigned, in general, different values that were specified by sampling
from a distribution. Specifically, the properties of each skull plate and
layer were modeled as normally distributed, with nominal values listed
in Table 1 as mean values and standard deviation values of 5% of the
ominal values. The ensemble of NHPs created this way is referred
o as Dataset 2. In the third variant of NHPs, an identical procedure
as followed but the standard deviations were increased to 10% of

he nominal values. This represents a scenario in which there is an
increased degree of uncertainty associated with the assumed nominal
roperty values. In this case, the ensemble of NHPs is referred to as
Dataset 3.

Datasets 2 and 3 are relevant to practical scenarios where the
ominal (but not necessarily true) skull properties are known, but

variations in these values are considered when generating training data.
A learned reconstruction method trained using such data may exhibit a
certain robustness to errors in the assumed nominal skull properties.
This will be investigated in the virtual imaging studies described in
Section 4.4.

A total of 1000 NHPs were generated for each of the three datasets.
The generated NHPs had dimensions of 500 × 154 × 385 voxels (187.5 ×
57.75 × 144.375 mm3) with a voxel size of 375 μm. Additional details
related to NHP construction can be found elsewhere [11,14].

4.2. Virtual transcranial PACT imaging

A 3D physics-based simulation framework was utilized to virtu-
ally image the NHPs in Datasets 1–3 and produce pairs of initial
pressure maps and corresponding synthetic PA measurement data.
This framework involved simulating optical illumination to generate
the 3D optical fluence distribution, followed by simulations of acous-
tic and elastic wave propagation and sampling associated with data
acquisition.

The virtual imaging was performed by emulating a real-world 3D
maging setup [7]. A schematic of the simulated PACT imaging system
s illustrated in Fig. 2. For light delivery, an optical laser cone beam

was employed, positioned above the head, and directed downward.
he cone beam had a half-angle of 46◦ and a pulse energy of 2.2 J.
coustic measurements were acquired using an arc-shaped ultrasonic

transducer probe that rotated around the head in 2012 discrete steps,
orming a hemispherical measurement geometry. The probe, with a

radius of 13 cm, was equipped with 256 transducer elements, resulting
in a total of 515,072 transducer element locations. Data acquisition
spanned 160 μs following optical exposure, with a sampling frequency
of 30 MHz, yielding 4800 time samples.
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Fig. 2. Schematic of the PACT imaging system, illustrating the placement of the
numerical head phantom within the simulated measurement geometry.

Based on the configuration described above, optical illumination
was simulated using the Monte Carlo eXtreme (MCX) library [37] to
compute the 3D optical fluence distribution and the resulting initial
pressure distribution. An example of the simulated initial pressure
distribution is illustrated in Fig. 3. In this example, the initial pressure
in the scalp vasculature was an order of magnitude higher than that
in the cortical vasculature due to optical attenuation. This difference
in magnitude required the application of field-of-view (FOV) masking
to effectively visualize the cortical brain region. Subsequently, the D-D
imaging operator 𝐇𝑢 defined in (4) was utilized to compute noiseless
pressure time-traces at each transducer location. The imaging operator
was implemented using the FDTD open source library, Devito [38,39].
The simulation domain for both the optical and acoustic physics simu-
lations had a voxel size of 375 μm and dimensions of 704 × 352 × 704
voxels.

To simulate noisy PA pressure data, electronic noise was simulated
and added to the noiseless pressure data. The noise was modeled as
additive, independent, and identically distributed Gaussian white noise,
with its standard deviation, i.e., noise level, determined based on the
signal-to-noise ratio (SNR) of the real imaging system [5]. Using the
maximum pressure amplitude observed across the entire ensembles of
cortical vasculature as the signal strength, the computed SNR was 1.83.
Two additional noise levels corresponding to SNRs of 0.92 and 0.37
were also considered.

4.3. Implementation and training

The adjoint of the forward operator 𝐇†
𝑢̂ employed in Step 1 of the

proposed method was implemented using the Devito framework [38,
39]. The learning-based image restoration model 𝐴𝜽 in Step 2 was
implemented using Pytorch [40]. To train the image restoration model,
the MSE loss function in (8) was minimized by use of the Adam
optimizer with decoupled weight decay regularization [41]. The dataset
was divided into a training set for updating model weights and a valida-
tion set for calculating the validation loss at each epoch. Training was
terminated when the validation loss did not decrease for 10 consecutive
epochs.

All computations were performed on a compute node equipped with
an Intel Xeon Gold 5218 CPU and eight Nvidia Quadro RTX 8000 GPUs.
For the evaluation of computation speed across different reconstruction
methods, only a single GPU was employed.

4.4. Study designs

Studies were conducted to systematically evaluate the performance
of the learning-based method under different assumptions regarding
the subject’s skull properties. In Study 1, the subject’s skull properties
were assumed to be known. This represents an idealized scenario.
Study 2 addressed a more practical scenario in which the subject’s
5 
Fig. 3. 3D rendering of the initial pressure distribution without (left) and with cortical
field-of-view masking (right) of one example NHP in virtual imaging studies. In the
right image, the field-of-view was cropped from the left image to visualize the cortical
brain region. Paraview [42] was used for volume rendering.

true skull properties were unavailable but were known statistically.
Specifically, the properties of each skull plate and layer were modeled
as normally distributed, with nominal values listed in Table 1 defining
the means and standard deviation values specified as 5% of the nominal
values. Both training and testing data were created by use of the
same statistical skull model and were therefore statistically consistent.
Similarly, in Study 3, the true skull properties remained unknown and
were prescribed statistically. However, unlike in Study 2, an additional
scenario was considered in which the assumed statistical skull model
employed to create the training data was not correctly specified. Specif-
ically, the statistical properties of the training and testing data differed
due to inaccurately specifying the degree of uncertainty in the nominal
skull property values when creating the training data. Finally, in Study
4, the model trained in Study 2 was re-evaluated on different testing
data in which the previously employed nominal optical property values
of scalp vessels differed from the true values. This mismatch in the scalp
vessel optical properties can arise due to variations in the imaging setup
and physiological conditions.

Note that Studies 1 and 2 correspond to in-distribution assessments,
in which the testing data characteristics matched those of the training
data. In contrast, Studies 3 and 4 were conducted under more practical
and challenging out-of-distribution conditions, where the testing data
were statistically distinct from the training data.

Both visual and quantitative assessments were performed. Par-
aview [42] was used to visualize reconstructed initial pressure distri-
butions within cortical brain regions through 3D volume rendering.
Quantitative assessments were conducted using MSE and structural
similarity index (SSIM). Ensemble-averaged evaluation metrics were
computed for Studies 1–3.

4.4.1. Study 1 implementation details
Dataset 1 and the associated simulated measurement data were

employed in this study. Four versions of the learning-based method
were individually trained on noiseless PA measurements and noisy
measurements at three distinct noise levels, corresponding to SNRs
of 0.37, 0.92, and 1.83. For each model, 400 data pairs of initial
pressure maps and corresponding pressure measurements were used for
training, while 60 pairs from the same dataset were used for validation.
Quantitative evaluation was conducted on a test set of 20 NHPs.

The images reconstructed using the learning-based method were
compared to those reconstructed using the universal backprojection
(UBP) method, the adjoint operator (the same operator used in Step 1
of the learning-based method), and the OBRM defined in Section 2.2. In
all reconstruction methods that demanded skull properties, the nominal
values in Table 1 were employed. In all cases, the images retained the
same dimensions and voxel size as those of the simulation domain.
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Fig. 4. The results of the virtual imaging Study 1 when skull properties were known accurately. The estimated initial pressure distributions reconstructed from noiseless PA
measurements using the UBP method, the adjoint operator, the OBRM, and the learning-based method (first to fourth from left) are presented. The true initial pressure distribution
(far right) is provided as a reference. When the skull properties were accurately known, the learning-based method (fourth) effectively compensated for artifacts caused by
skull-induced aberrations, achieving image quality comparable to the OBRM (third).
In the UBP method, the speed-of-sound value that yielded the
lowest MSE between the normalized true and estimated initial pres-
sure distributions within the whole head region was selected through
parameter scanning. The stopping criterion for the OBRM required that
the squared Frobenius norm of the difference between two successive
iterations ‖𝐩(𝑖)0 − 𝐩(𝑖−1)0 ‖

2
𝐹 , normalized by its maximum max𝑙≤𝑖 ‖𝐩

(𝑙)
0 −

𝐩(𝑙−1)0 ‖

2
𝐹 over the previous iterations, fell below a user-defined threshold

of 𝜖 = 2 × 10−4. This criterion is equivalent to monitoring the norm of
the gradient in smooth optimization [43]. The regularization parameter
was determined through parameter scanning to provide the lowest MSE
between the true and estimated initial pressure distributions within
the skull. While this criterion is impractical as the true distribution
is typically unknown, it was intentionally applied in virtual imaging
studies to provide the most accurate possible reference estimate. The
regularization parameter was estimated for each measurement noise
level considered. During the optimization, a positivity constraint was
applied. Due to the high computational burden of the OBRM, quanti-
tative assessments were performed on a test set of 20 NHPs at only a
single noise level corresponding to an SNR of 1.83.

4.4.2. Study 2 implementation details
Dataset 2 and the associated noisy measurement data corresponding

to an SNR of 1.83 were employed in this study. The OBRM, defined in
Section 2.2, with the regularization parameter determined in Study 1,
served as the reference method. The learning-based method was trained
on 900 data pairs and validated with 60 pairs from the same dataset.
For image reconstruction with both the OBRM and learning-based
method, nominal skull property values (i.e., ensemble mean values)
were employed. Quantitative evaluation metrics were calculated from
the reconstructed images of 20 test NHPs to compare the performance
of the learning-based method to that of the OBRM.

4.4.3. Study 3 implementation details
Datasets 1–3 and the associated noisy measurement data corre-

sponding to an SNR of 1.83 were employed in this study. As defined in
Section 4.1, these data sets varied in the level of uncertainty associated
with the skull properties in the NHPs: Datasets 1 (no uncertainty), 2
(moderate uncertainty), and 3 (high uncertainty). Three versions of
the learning-based method were trained separately on measurement
data corresponding to each of the three datasets. The trained models
were then tested across all three datasets, resulting in nine groups of
reconstructed images. As in Study 2, the nominal values of the skull
properties were used for image reconstruction. Quantitative measures
were calculated using 20 test NHPs from each dataset.
6 
4.4.4. Study 4 implementation details
In practice, the optical properties of scalp vessels can depend on

factors such as the laser wavelength used and physiological conditions,
including oxygen saturation. To examine the impact of inaccuracies
in the assumed scalp optical properties on the learned reconstruction
method established in Study 2, testing data from twelve additional
NHPs were generated from a single NHP in Dataset 1. These additional
NHPs differed in the optical absorption coefficients of their scalp ves-
sels. Specifically, the absorption coefficient value used in the NHPs
differed by 5% increments from each other, ranging from −30% to
+30%, relative to the nominal value specified in [11,14] that was
employed in Studies 1–3. These NHPs were virtually imaged, and
pressure data were simulated at a noise level corresponding to an
SNR of 1.83. Qualitative and quantitative assessments of the learning-
based method’s robustness to uncertainties in the optical absorption
properties of the scalp vessels were conducted based on the images
reconstructed from these data.

5. Virtual imaging results

5.1. Study 1 results

As described in Section 4.4.1, the learning-based image recon-
struction method was first evaluated under idealized conditions in
which the subject’s skull properties were known. Fig. 4 shows es-
timates of the 3D initial pressure distributions within the cortical
brain region, reconstructed from noiseless measurements. From left
to right, the estimates correspond to the UBP method (first), the ad-
joint operator (second), the OBRM defined in Section 2.2 (third), and
the learning-based method (fourth). The true initial pressure distri-
bution is provided on the far right of the figure. When using the
UBP method, designed for an acoustically homogeneous and lossless
inviscid medium, the cortical vasculature was strongly contaminated
by image artifacts resulting from skull-induced aberrations. The pre-
liminary estimate computed using the adjoint operator in Step 1 of
the learning-based method also exhibited significant artifacts. In con-
trast, the OBRM successfully mitigated the artifacts caused by the
skull-induced aberrations, reconstructing the cortical vasculature with
high fidelity when the skull properties were accurately known. The
learning-based method produced results comparable to the OBRM,
demonstrating similar effectiveness in compensating for skull-induced
aberrations.

One major advantage of the learning-based method over the OBRM
is its substantially reduced computation time. The computation times
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Fig. 5. The results of Study 1 when measurement noise was considered. The estimated
initial pressure distributions reconstructed using the OBRM (first row) and the learning-
based method (second row) are presented at different noise levels corresponding to
SNRs of 1.83, 0.92, and 0.37 (left to right). The learning-based method (second row)
demonstrated relatively consistent image quality across varying noise levels, unlike the
OBRM (first row).

Table 2
Computation Time Comparison in In-silico Study.

Method Computation time

Learning-based method Prelim. Est. Deaberration Total

0.258 h <1 s 0.258 h
OBRM Per iteration # of iterations Total

0.639 h 150 96 h

Table 3
Ensemble-averaged MSE and SSIM Comparison in Study 1.

Method Noise level MSE (×10−4) SSIM (×10−2)

Learning-based
method

Noiseless 1.73 ± 0.27 99.776 ± 0.015
SNR=1.83 1.71 ± 0.26 99.767 ± 0.016
SNR=0.92 1.82 ± 0.31 99.766 ± 0.019
SNR=0.37 2.16 ± 0.36 99.704 ± 0.026

OBRM SNR=1.83 16.83 ± 1.26 92.856 ± 0.111

for producing the results in Fig. 4 are summarized in Table 2. Once
trained, the learning-based method was 350 times faster than the
OBRM in image reconstruction. Although reconstruction times for the
OBRM can vary depending on the imaging system configuration, the
Lipschitz constant, and stopping criteria, the learning-based method is
still expected to offer substantial acceleration. Establishing the training
dataset (500 data pairs) and training the method required approx-
imately 258 h and 40 h, respectively, but these only need to be
performed once for a given subject. Further discussion is provided in
Section 7.

Images reconstructed from noisy measurements are provided in
Fig. 5. While the quality of the images produced by the OBRM (top
row) degraded as the noise level increased, the quality of the images
produced by the learning-based method (bottom row) remained high
across all three noise levels.

To further quantify the quality of images reconstructed by use of the
learning-based method, the ensemble-averaged MSE and SSIM values
are provided in Table 3. As the noise levels increased, the images
reconstructed using the learning-based method showed a slight rise in
MSE and a decrease in SSIM, indicating degradation. For each noise
7 
Fig. 6. The results of Study 2 when inaccuracies were present in the assumed nominal
skull properties. True (left) and estimated initial pressure distributions reconstructed
using the OBRM (middle) and the learning-based method (right) are shown for two
example NHPs (first and second rows). The OBRM-reconstructed images (middle)
exhibited significant degradation, with artifacts caused by modeling errors due to
skull property mismatches. In contrast, the learning-based method (right) effectively
mitigated these artifacts, demonstrating enhanced robustness to inaccuracies in the
assumed skull properties.

Table 4
Ensemble-averaged MSE and SSIM Comparison in Study 2.

Method MSE (×10−4) SSIM (×10−2)

Learning-based method 4.43 ± 1.60 99.466 ± 0.137
OBRM 69.12 ± 36.07 83.156 ± 3.264

level, the learning-based method outperformed the OBRM.

5.2. Study 2 results

As described in Section 4.4.2, the performance of the learning-
based method was assessed when the subject’s skull properties were
only known statistically. The nominal property values assumed by the
OBRM will generally differ from the actual skull property values of the
subject, and this can cause artifacts in the reconstructed images. Two
examples are shown in Fig. 6, where the images reconstructed using the
OBRM exhibited strong artifacts that significantly deteriorated image
quality. In contrast, the learning-based method effectively mitigated
these artifacts, although minor degradation in the reconstructed thin
vasculature was observed.

The ensemble-averaged MSE and SSIM values are presented in
Table 4. These data corroborate that, in the presence of skull property
mismatches, the learning-based method significantly outperformed the
OBRM.

5.3. Study 3 results

As described in Section 4.4.3, the accuracy of the learning-based
reconstruction method was evaluated under conditions where the sta-
tistical properties of the training and testing data differed. This con-
dition arose from inaccurately specifying the extent of uncertainty in
the nominal skull property values when creating the training data.
Three versions of the learning-based method were trained by use of
Datasets 1–3 and the associated noisy measurement data, and employed
to reconstruct images from noisy measurement data from a Dataset
2 sample. The resulting images, which are shown in Figs. 7 (a)–(c),
correspond to scenarios of underestimated, accurately estimated, and
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Fig. 7. The reconstructed initial pressure distribution of Study 3 when uncertainty
in the distributions of human skulls properties were unknown. The results were
reconstructed using the learning-based method under scenarios of (a) underestimated,
(b) correctly estimated, and (c) overestimated uncertainties in the skull’s viscoelastic
properties. The blue and green boxes highlight regions where differences between
the scenarios are noticeable. When the uncertainty in the skull properties was
underestimated, the learning-based method introduced image artifacts, as shown in
(a).

Fig. 8. Ensemble-averaged MSE (left) and SSIM (right) calculated from nine groups of
initial pressure distributions reconstructed using the learning-based method. Brighter
colors in both color bars indicate higher accuracy. Diagonal components represent
cases where the level of skull property uncertainty (i.e., skull property statistics) was
accurately estimated, while the bottom-left and top-right corners represent scenarios
with underestimated and overestimated uncertainty, respectively. When skull property
statistics are not well characterized, underestimating uncertainty may lead to significant
image quality degradation, as reflected in the MSE and SSIM metrics.

overestimated skull property uncertainty, respectively. Compared to
the accurately estimated scenario in Fig. 7 (b), underestimating skull
property uncertainty resulted in artifacts in the reconstructed image, as
illustrated in Fig. 7 (a). These artifacts were particularly noticeable in
the frontal bone area, where relatively large mismatches in properties
were observed between the training and test sets. In contrast, when
the skull property uncertainty was overestimated, only minor image
degradation was observed, as shown in Fig. 7 (c). Such degradation
primarily affected thin vasculature, as highlighted by blue and green
boxes in Fig. 7 (c).

As explained in Section 4.4.3, nine groups of images were re-
constructed using the learning-based method. Each group contains
20 estimated initial pressure distributions, representing a particular
combination of training and testing conditions across the three levels
of skull property uncertainty reflected by Datasets 1–3. Fig. 8 shows
the ensemble-averaged MSE (left) and SSIM (right) of the nine groups.
Diagonal components represent situations where the skull property
uncertainty was matched between training and testing data, while
the bottom-left and top-right corners represent situations where the
skull property uncertainty was underestimated or overestimated, re-
spectively. The performance of the learning-based method for the un-
derestimated uncertainty group was inferior to that in both the properly
estimated and overestimated groups. Notably, the MSE and SSIM results
from the overestimated group were comparable to those from the
8 
accurately estimated group. These findings align with the observations
in Fig. 7, suggesting that accounting for greater uncertainty when
producing training data may be prudent when the statistics of human
skull properties are not well understood.

5.4. Study 4 results

As described in Section 4.4.4, the performance of the learning-based
reconstruction method established in Study 2 was re-evaluated when
applied to noisy measurement data produced by NHPs whose scalp
vessels had optical absorption properties that differed from those in the
training data. When the variations in the scalp vessel absorption coef-
ficients of the testing data were ±10% relative to the nominal value,
the images reconstructed using the learning-based method (Figs. 9 (c)
and (e)) exhibited comparable visual image quality to the one in which
the optical properties of the training and testing data were fixed at the
nominal value (Fig. 9 (d)). However, noticeable artifacts emerged in
the reconstructed images when the variation reached ±20% or more,
as illustrated in Figs. 9 (a), (b), (f), and (g).

The MSE and SSIM of the reconstructed images are shown in Fig. 10.
For reference, the MSE and SSIM values from Study 2 are also included
(solid line: mean; dashed lines: ±𝜎). Performance degradation was evi-
dent as the difference in the optical absorption coefficient of the scalp
vasculature increased, indicated by rising MSE values and decreasing
SSIM values. This trend is consistent with subjective assessments of the
images in Fig. 9. For a ±10% variation, the metrics remained within
the reference range, suggesting that the learning-based method, despite
being trained with fixed nominal scalp optical properties, demonstrated
some tolerance to changes in the scalp properties. The relevance of
this to physiological variability in transcranial PACT is discussed in
Section 7.

6. Validation using experimental phantom data

The learning-based reconstruction method was further validated by
use of experimental data corresponding to a physical head phantom
that contained a human skull.

6.1. Experimental setup

A physical head phantom based on an adult human skull was
employed as displayed in Fig. 11. To simulate cortical vasculature, a
black wire was placed beneath the skull. Three variations of the head
phantom were created by altering the shapes of wire mimicking the
cortical vasculature. The wire was positioned at a distance from the
skull ranging from 3 to 16 mm. The extravascular tissue within the
cortical brain region was represented by water. No scalp tissues were
included, except for fiducial photoacoustic markers implanted on the
skull to ensure accurate spatial registration with the adjunct CT image.
The phantom was imaged by use of the experimental setup illustrated
in Fig. 11. To improve the SNR of the PA signal from the black wire, an
internal light source emitting diffused light at a wavelength of 1064 nm
was utilized to illuminate the region of interest from inside the skull, as
illustrated in Fig. 11. Details of the imaging system and data acquisition
procedures can be found in [35]. Reference images were obtained by
acquiring additional PACT measurements without the skull, with each
wire positioned identically to its location in the physical head phantom.

6.2. Application of the learning-based method

As explained in Section 3, the proposed learning-based method,
trained on synthetic data, was validated by use of the experimental
data. To generate synthetic training data that were representative of
the physical head phantom, 3D NHPs were created by registering
the adjunct CT data based on the fiducial markers on the skull of
the physical head phantom. In the 3D NHPs, cortical vessels were
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Fig. 9. Initial pressure distributions reconstructed using the learning-based method for NHPs with the optical absorption coefficient values of the scalp vasculature adjusted to
−30%, −20%, −10%, 0%, +10%, +20%, and +30% (a to g) relative to the nominal value specified in [11,14]. Additional image artifacts appeared when the absolute variation
in the optical absorption coefficient of the scalp vasculature reached or exceeded 20%.
Fig. 10. MSE (left) and SSIM (right) of the reconstructed images for different optical
absorption coefficients of scalp vessels. The solid line represents the mean metric value
for the learning-based method in Study 2, with the dashed lines indicating the mean
± standard deviation. The learning-based method demonstrated robustness to ±10%
variations in the optical absorption coefficients of scalp vessels, despite being trained
with fixed optical properties.

Fig. 11. A photograph and adjunct CT image of the ex-vivo human skull used in the
experimental study (left) and a schematic of the PACT imaging system (right).

synthesized within the region corresponding to the region of interest,
where the black wire was positioned in the physical head phantom. The
optical and acoustic phantoms for each NHP were formed by assigning
nominal property values from the literature [11,14,44] to each tissue
type. Particularly, the viscoelastic properties of each skull plate and
layer were modeled as normally distributed with means equal to the
nominal values specified in Table 5 and standard deviation values equal
to 10% of their respective nominal values. In Table 5, the density and
wave speed values of the skull plate layer were adopted from [44] as
specified in [35].

As detailed in Section 6.1, the physical head phantoms included
the wire and optical fiducial markers, with the remaining medium
consisting of the skull and water, and internal illumination was em-
ployed in the experiment. This configuration led to minimal optical
attenuation within the water region. Based on these experimental char-
acteristics, the initial pressure distributions corresponding to the NHPs
9 
Table 5
Acoustic and Elastic Properties of Skull and Soft Tissues in the Ex-vivo Study.

Medium 𝜌 𝑐𝑙 𝑐𝑠 𝛼
[kg∕mm3] [mm∕μs] [mm∕μs] [1∕μs]

Soft Tissues (Water) 1000 1.465 0 0
Diploë 1000 2.1 1.4 0.75
Frontal Bone 1800 2.8 1.35 0.5
Left Parietal 1800 2.8 1.35 0.5
Right Parietal 1800 2.8 1.35 0.5

were computed using a two-region approach, with different methods
applied to the regions inside and outside the skull. Assuming a uniform
optical fluence within the cortical brain region, a constant fluence value
was determined as follows to align with the experiment. Five NHPs
were randomly chosen, and their estimated initial pressure distributions
were computed via (6), assuming an optical fluence value of 1. The
ratio between the maximum values of these estimates and those of the
experimental data was calculated, and the optical fluence value was
adjusted to ensure that the mean of the maximum values was consistent
between the synthetic and experimental data. This nominal optical
fluence value was then applied to all synthetic data. For regions outside
the skull, where optical markers were the primary sources of initial
pressure, estimates obtained using the OBRM were adopted. Simula-
tions of acoustic and elastic wave propagation and sampling associated
with data acquisition were conducted as described in Section 4.2.

The learning-based method was trained using 400 data pairs of
initial pressure maps and corresponding noiseless pressure measure-
ments, while 60 pairs were used for validation. Subsequently, images
were reconstructed from experimental pressure data by use of the
UBP method, the adjoint operator, the OBRM, and the learning-based
method. All but the UBP method (that assumes a homogeneous acoustic
medium) used the nominal acoustic and elastic properties of the skull
in Table 5. Additionally, in the OBRM, the regularization parameter
was determined through parameter scanning and empirically chosen
due to the lack of ground truth. Reference images were obtained by
reconstructing high-quality images of the cortical targets using the UBP
method from experimental pressure data collected without the skull
present.

In addition to visual assessment, quantitative evaluation was per-
formed using the Pearson correlation coefficient (PCC) and Dice sim-
ilarity coefficient (DICE). A challenge in this quantitative assessment
was the presence of small registration errors and intensity differences
between the reference images acquired without skull and those ac-
quired with the skull present. These intensity differences arose due
to variations in the optical fluence field. To mitigate these practical
limitations of the experimental setup, the reference image and the
corresponding reconstructed images in the presence of the skull were
co-registered based on OBRM results using the SimpleITK package [45].
Furthermore, scale-invariant image quality measures were preferred
over conventional metrics, such as MSE or SSIM, to account for optical
fluence variations. Specifically, PCC was computed as the covariance of



H.-K. Huang et al. Photoacoustics 43 (2025) 100698 
Fig. 12. Ex-vivo experimental results. Photographs of the three black wires included in the phantoms (first column) and images reconstructed from experimental pressure data
measured without the skull employing the UBP method (second column) are provided as references. Images reconstructed from experimental pressure data measured with the skull
using the UBP method, the adjoint operator, the OBRM, and the learning-based method (third to sixth columns) are presented for comparison. All reconstructed images are displayed
as maximum intensity projections along the 𝑧-axis. The learning-based method effectively mitigated artifacts caused by skull-induced aberrations and produced reconstructed images
visually comparable to those of the finely tuned, state-of-the-art OBRM, while offering a two-order magnitude acceleration.
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pixel intensities between the reference image and the image acquired
with the skull present, normalized by the product of the standard
deviations of the pixel intensities in each image. A PCC value close
to 1 indicates that the two images are nearly identical up to a scaling
factor. The DICE metric was calculated following segmentation using
Otsu’s thresholding [46] to specifically assess the similarity of vascular
structures while reducing the influence of intensity differences caused
by variation in optical fluence distributions.

6.3. Experimental results

Fig. 12 presents the photographs of the cortical-vessel-mimicking
structures included in the phantoms (first column), reference images
obtained without the skull by use of the UBP method (second col-
umn), and images reconstructed with the skull present by use of the
UBP method, the adjoint operator, the OBRM, and the learning-based
method (third to sixth columns, respectively). Given the large am-
plitude differences in the initial pressure distributions between the
skull-absent and skull-present cases, images are displayed in amplitude-
normalized form.

As illustrated in Fig. 12, the images reconstructed using the UBP
method (third column) exhibited significant degradation due to skull-
induced aberrations, which were partially mitigated in preliminary
images estimated using the adjoint operator (fourth column). Both the
OBRM with fine-tuned skull properties (fifth column) and the learning-
based method (sixth column) effectively reduced these aberration-
induced artifacts. Notably, the learning-based method, despite being
trained exclusively on simulated data, achieved a level of deaberration
comparable to that of the OBRM. The quantitative metric results,
presented in Table 6, further confirm that the learning-based method
achieved image quality comparable to the OBRM while significantly
outperforming both the UBP method and the adjoint operator.

In addition, the learning-based method yielded a two-order of mag-
nitude reduction in reconstruction time compared to the OBRM. The
 p

10 
Table 6
Quantitative Metric Results in the Ex-vivo Study.

Method Phantom 1 Phantom 2 Phantom 3
PCC DICE PCC DICE PCC DICE

UBP 0.33 0.01 0.43 0.01 0.28 0.02
Adj 0.46 0.08 0.48 0.20 0.34 0.12
OBRM 0.66 0.59 0.69 0.54 0.60 0.54
Learning-based 0.66 0.62 0.67 0.51 0.59 0.54

able 7
omputation Time Comparison for the Ex-vivo Study.
Method Computation time

Learning-based method Prelim. Est. Deaberration Total

0.167 h <1 s 0.167 h
OBRM Per iteration # of iterations Total

0.375 h 80 30 h

omputation times for producing the results in Fig. 12 using the com-
utational hardware specified in the virtual imaging studies are sum-
arized in Table 7. Establishing the training dataset (500 data pairs)

n this study required approximately 188 h, with a total training time
f approximately 8.7 h. Further discussion is provided in Section 7.

. Discussion

In this study, a learning-based image reconstruction method was
xplored for 3D transcranial PACT. The method significantly reduces
omputational time and demonstrates robustness to inaccuracies in the
ssumed skull properties. The method was systematically evaluated
hrough virtual imaging studies using stochastic 3D numerical head
hantoms. In Study 1, the results showed that the learning-based
ethod performed comparably to a baseline OBRM when the skull
roperties were accurately known. In Study 2, the method achieved
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accurate image reconstructions when inaccurate skull property values
ere used, a scenario where OBRMs (model-based reconstruction meth-
ds) often fail due to model mismatches (Fig. 6). In Studies 3 and 4,
he learning-based method also demonstrated robust generalizability to
ariations in the viscoelastic property statistics and optical properties

of the scalp vasculature assumed in the training dataset.
Importantly, the method effectively mitigated skull-induced im-

ge artifacts in experimental studies (Fig. 12), despite being trained
solely on computer-simulated data. This highlights the potential of the
method for practical applications. To the best of our knowledge, this
study represents the first experimental validation of a learned image
reconstruction method for 3D transcranial PACT.

The learning-based method demonstrated a two-order of magnitude
reduction in reconstruction times as compared to the OBRM. This
s particularly important for practical applications of 3D transcranial
ACT, such as functional and dynamic imaging, which require the rapid
omputation of numerous images. Although preparing the training

dataset and training the learning-based method are necessary, these
are one-time computational tasks and do not need to be repeated for a
given subject and imaging configuration.

The proposed method is subject-specific, designed to fully utilize
prior information about the subject (e.g., adjunct CT data) for effective
aberration mitigation. However, this subject-specific nature requires
establishing a training dataset and training the method for each subject.
Fortunately, generating a subject-specific training set is relatively in-
expensive, which requires computational resources comparable to per-
forming 6–10 model-based reconstructions in numerical and validation
studies. In future studies, the approach could potentially be extended
to accommodate stochastic variations in skull and scalp anatomy.

One limitation of the synthetic PACT data used for training the
earning-based method is the reduced-dimensional skull model, which
ssumes piecewise constant properties and may therefore not fully
apture the heterogeneity of the viscoelastic properties within each
kull plate. This limitation could potentially be addressed by using
he adjunct CT data along with nominal average skull properties to
stimate more detailed spatial distributions of the skull properties [47].

The extent to which such refinements in skull modeling may improve
reconstructed image quality remains a topic for future investigation.
A systematic investigation of the impact of skull registration errors on
image reconstruction accuracy represents another important topic for
future investigation.

The results from virtual imaging Study 4 demonstrated the general-
izability of the learning-based method with respect to differences in the
scalp optical properties in the training and testing data. This is relevant
to practical applications, where variations in the optical absorption
coefficient of the scalp vasculature may be present even across different
scans of the same in-vivo subject. While the results demonstrated that
the proposed method is robust to variations of ±10% in the optical
absorption coefficient of the scalp vessels (Fig. 10), future work may
consider more realistic NHP in which optical properties are spatially
varying and randomly sampled within physiological ranges for each
tissue type.

Future research should also include investigating the proposed
method via more complex ex-vivo studies and extending it to in-vivo
pplications. As a next step, physical phantoms incorporating tissues
oth inside and outside the skull would provide a more realistic
epresentation of the human head. In addition, using tubes filled with
lood at varying oxygen saturation levels would allow for a thor-
ugh investigation of the proposed method’s feasibility for functional
maging.

8. Conclusion

In this study, a learning-based image reconstruction method for
3D transcranial PACT was investigated, demonstrating its capability
to compensate for image artifacts caused by skull-induced aberrations.
11 
The proposed method effectively mitigated the impact of modeling
rrors when the skull’s viscoelastic properties were not precisely known

and achieved a two-order magnitude acceleration in image recon-
struction time compared to conventional model-based approaches. To
the best of our knowledge, this study provides the first experimental
validation of a learned image reconstruction method for 3D transcranial
ACT. This study marks a significant advancement in transcranial PACT

and may facilitate the clinical translation of this emerging modality.
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