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ABSTRACT
Photoacoustic tomography (PAT) is a relatively recent imaging
modality that is promising for breast cancer detection and breast
screening. It combines the high intrinsic contrast of optical radiation
with acoustic imaging at submillimeter spatial resolution through
the photoacoustic effect of absorption and thermal expansion. However, image reconstruction from boundary measurements of the
propagating wave field is still a challenging inverse problem.
Here we propose a new theoretical framework, for which we
coin the term eigensensing, to recover the heat absorption profile
of the tissue. One of the main features of our method is that there
is no explicit forward model that needs to be used within a (usually)
slow iterative scheme. Instead, the eigensensing principle allow us to
computationally obtain several intermediate images that are blurred
by known convolution kernels which are chosen as the eigenfunctions of the spatial Laplace operator. The source image can then
be reconstructed by a joint deconvolution algorithm that uses the
intermediate images as input. Moreover, total variation regularization is added to make the inverse problem well-posed and to favor
piecewise-smooth images.
Index Terms— Photoacoustic Tomography, Wave equation,
source imaging, joint sparsity, deconvolution, total variation
1. INTRODUCTION
All imaging modalities have their strengths and drawbacks. To overcome the individual deficiencies and to combine their strengths, recently, a variety of the so called “hybrid methods” have been introduced and studied. Probably the most developed both experimentally and mathematically is photoacoustic tomography (PAT) [1].
Basically, photons are absorbed and create a thermally induced pressure jump that leads to ultrasonic waves that can be reconstructed
with surprisingly high spatial resolution due to low scattering. PAT
is non-ionizing, just as ultrasound CT, but its excitation process has
been replaced by optical radiation that leads to clean and specific
sources of pressure wave fields [2].
The major challenge in PAT resides in the reconstruction of the
heat source function. From a physical point-of-view, PAT represents an inverse source problem belonging to the field of diffraction
tomography. Therefore, various algorithms used in PAT have borrowed from other imaging modalities such as ultrasound, x-ray and
optical tomographies. Numerous approaches have been suggested
to reconstruct the initial pressure rise to the photoacouctic effect
in the tissue due to absorbed incident light. Among others, Radon
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transform approaches [3], back-projection algorithm [4], Fourier and
time-domain algorithms are all successful in recovering the source
function, but mostly they require extensive computation of the forward problem within an iterative framework.
From a mathematical point-of-view, PAT belongs the inverse
problem of generalized spherical Radon transform. In general, this
approach provides a satisfactory result only for the regions that are
near the center of the detection geometry where the approximation
quality of the Radon transform does not deviate too much from the
approximation. Xu et al. [5] explained what parts of the image can
be stably recovered in the limited-view imaging theoretically. Finch
et al. [6] showed exact inverse solutions based on the Radon transform approximation with full-view data.
Numerous approaches have been proposed for the inverse problem of PAT in discrete form. The standard linear system solutions
are incorporated in the reconstruction of the source function [7]
mostly through iterative algorithms. Compared with the approximation methods, iterative techniques give more accurate results, in
particular, when prior knowledge about the source function is known
and used to regularize the solution [8]. Finch et al. [9] recently reported a filtered back-projection type algorithm to recover the initial
source function from spherical means of the wave field over spheres
centered on the boundary of the measurement surface.
In most of the recent work, the sparsity has played a key role in
regularizing the solution for the inverse problem. In particular, point
source localization methods have also been developed and applied
in this setting [10]. Ammari et al. [11] developed the mathematical
modeling in PAT of small absorbers and propose MUSIC-type of
algorithms for the estimation of the location of the absorbing regions.
Badia and Nara [12] reported the uniqueness and the local stability
of the point source localization problem.
In this paper, we propose a new reconstruction framework to
extract the optical absorption profile of the breast tissue with high
accuracy from PAT data. The proposed framework allows for efficient recovery of the local absorption image of the breast tissue
without explicit forward model of the wave propagation. Moreover,
any prior knowledge about the characteristics of the image can be incorporated into a regularization framework that allows the recovery
of smooth and fine detailed images.
The paper is organized as follows. In Section 2, we introduce the
inverse problem of PAT. In Section 3, we provide the fundamentals
of Eigenensing framework. In Section 4, we develop the the proposed method for a 2D imaging setup. In Section 5, the feasibility
of the porposed method is demonstrated with a 2D numeric phantom
representing spatial absorption map of a breast.

2. INVERSE SOURCE PROBLEM IN PAT
Optical radiation absorbed by the tissue deposits thermal energy.
Due to the photoacoustic effect, the subsequent thermal expansion
can be modeled as a heat source H(r, t) that gives rise a pressure
field u(r, t) governed by the wave equation in an acoustically homogeneous medium: (under the condition of thermal confinement)
∇2 u(r, t) −

1 ∂ 2 u(r, t)
β ∂
=−
H(r, t),
c2 ∂t2
Cp ∂t

(1)

where β is the isobaric volume expansion coefficient [K −1 ], Cp is
the specific heat [J/(K kg)], and c is the speed of sound. Human
breast is made of soft tissue with speed variations in the range of
10% and can thus be considered as an homogeneous medium [2].
The heating function can be further decomposed as the product
H(r, t) = A(r)ge (t),
where A(r) is the spatial absorption function and ge (t) the temporal illumination function, which is known by the optical excitation
protocol. The spatial absorption function is to be recovered from the
boundary measurements of the pressure wave u.
3. FUNDAMENTALS OF EIGENSENSING
We further assume that the region-of-interest is Ω with boundary
∂Ω. We can then write the time harmonic solutions of the PAT wave
equation as
ω2
∇2 U (r, ω) + 2 U (r, ω) = −(jω)A(r)Ge (ω),
(2)
c
which is the inhomogeneous Helmholtz equation. The problem
at hand is to recover the source function A(r) from the Cauchy
data (U |∂Ω , ∇U · e∂Ω ), which consists of the pressure field and its
normal derivative along e∂Ω being the unit outward normal to the
boundary, respectively.
Without loss of generality, we can now consider a specific frequency ω with corresponding wave-number k = ω/c. We also denote α = (jω)Ge (ω). From Green’s second identity for the wave
field U and a test function Ψ(r), we obtain a link between the source
term and the surface measurements as follows
Z
I
(U ∇2 Ψ − Ψ∇2 U )dV =
(U ∇Ψ − Ψ∇U ) · e∂Ω dS. (3)
Ω

∂Ω

Next we introduce the source distribution in the left hand-side by
using (2), resulting in,
Z
I


U (∇2 Ψ + k2 Ψ) + αAΨ dV =
(U ∇Ψ−Ψ∇U )·e∂Ω dS.
Ω

where ∗ is the 2-D or 3-D convolution operator and we have compensated for the factor α (which is known). We can thus compute
the sensing image IΨ at any r by the surface integral (7) using the
boundary measurements, which represents an interaction (6) of the
source function with the eigensensor. In sum, the boundary measurements have been mapped to volumetric information without an
explicit forward model as in conventional methods.
4. 2D IMAGE RECONSTRUCTION
To demonstrate the feasibility of the proposed method, we developed
our method in an instructive 2-D setting. Let us first derive the separable eigenfunction of the 2-D Laplace operator in polar coordinates
(r, φ):




1 ∂
∂
1 ∂2
r
+ 2
Ψ(r, φ) = −k2 Ψ(r, φ).
(8)
r ∂r
∂r
r ∂φ2
Using the separation of variables method and the non-singularity requirement at the origin, we get the eigenfunction of the Laplace operator in polar coordinates as the basis function for the polar Fourier
transform on the whole space
r
k
k
Jm (kr)ejmφ ,
(9)
Ψm (r, φ) =
2π
where Jm are the mth -order Bessel functions (m = 0, 1, . . .). To
better appreciate the meaning of the eigensensors, we provide the
Fourier transform of Ψm
(−i)m imϕ0k
F{Ψkm }(k0 , ϕ0k ) = δ(k − k0 ) √
e
,
2πk

(10)

where k0 and ϕ0k are the radial and angular parts of the polar Fourier
space and which is nonzero only on a circle of radius k. Alternatively, this states that plane waves of the same wavenumber, as the
basis function for the normal Fourier transform, can be superposed
to get a so-called cylindrical wave.
We can then formulate the image reconstruction problem as
a joint deconvolution of multiple sensing functions degraded by
known eigensensors by means of their known frequency domain
localization. In particular, given the set of sensing functions
IΨkn computed from the measurements using eigensensors Ψkmn ,
m
m = 1, . . . , M and at finitely chosen photoacoustically measurable
wavenumbers such that 0 < kl ≤ kn ≤ kh , n = 1, . . . , N where kl
and kh represents the lower and upper limits of k, we solve for

∂Ω

(4)
By construction, we then choose the test function Ψ such that it is a
“free space” solution of the homogeneous Helmholtz equation
∇2 Ψ + k2 Ψ = 0,
which is equivalent to Ψ being an eigenfunction of the spatial
Laplace operator ∇2 Ψ = λΨ, with λ = −k2 . Therefore, we coin
the term “eigensensor” for Ψ. Additionally, since the Laplace operator is shift-invariant, we can “sense” the source function at different
spatial positions and construct the sensing function
1
(5)
IΨ (r) = (A ∗ αΨ) (r)
α
Z

=
Ψ r − r0 A(r0 )dr0
(6)
Ω
I




1
=
U ∇Ψ r − r0 − Ψ r − r0 ∇U · e∂Ω dS, (7)
α ∂Ω
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Â = arg min
A

N X
M
X

IΨkn − A ∗ Ψkmn
m

n=1 m=1

2
2

+ µJreg (A)

(11)

where the first term measures the data fidelity (under the `2 -norm)
and the second term regularizes the source function with parameter
µ ≥ 0 controlling the relative weights of the two terms. The regularization term is used to favor some solutions by penalizing the
other by measuring the lack of smoothness and sparseness with differential operators. We choose the regularization term as the total
variation (TV) semi-norm
Z
JTV (A) =
k∇A(r)k2 dr,
(12)
R2

which favors sparseness in the gradient of A. Recent advances in
convex optimization theory have led to efficient algorithms for such
minimization problem.

4.1. Minimization Algorithm
The main difficulty in solving (11) is due to the non-differentiability
of the regularization term. Standard approaches are to approximate
the TV semi-norm with a smooth and differentiable one or to approximate it with a quadratic penalty technique. Here, we choose to use
the alternating direction method of multipliers (ADMM) for which
convergence has been proved [13]. For the sake of completeness, we
briefly review the application of the ADMM method for the current
problem.
Hereafter, we assume a discrete setting and replace (11) with the
following problem noticing that eigensensors for the same order m
are mutually disjoint in the frequency domain
â = arg min
a

M
X
1 X
||FIΓm − Γm Fa||22 + µ
||Di a||2
2 m=1
i

(13)

where a is an n × n gray-scale image representing the absorption
map, F is
discrete Fourier transform matrix and
PaNtwo-dimensional
kn
th
Γm =
n=1 FΨm is the Fourier transform of m -order joint
eigensensor, i.e., it represents a weighted
PN selection matrixth in k-space
according to (10) and IΓm =
n is the m -order obn=1 IΨk
m
P
servation of a. Next,
i ||Di a||2 is a discretization of the total
variation (TV) of a with the common TV-L2 model where Di a =
[(D(1) a)i ; (D(2) a)i ] denotes the discrete gradient of a at pixel i with
D(1) and D(2) representing the two first order forward finite difference operators under periodic boundary conditions for a.
Algorithm 1: ADMM minimization algorithm
Data: IΓm ; Γm ; µ > 0; p > 0
Result: a
begin
Initialize: α0 , z 0
while Not Converged do
ak+1 ←− argmin Lp (a, z k , αk ) by solving (15)
a

z k+1 ←− argmin Lp (ak+1 , z, αk ) by solving (16)
z

αk+1 ←− αk + Dak+1 − z k+1
Next , we first introduce auxiliary variables zi = ((z1 )i ; (z2 )i )’s
which is an approximation of Di a and then replace (13) with a constrained minimization problem
min
a,zi

M
X
1 X
||FIΓm − Γm Fa||22 + µ
||zi ||2
2 m=1
i

s.t. zi = Di a, ∀i.

Relaxing the equality conditions and penalizing their violations by
quadratic functions we get the scaled form [13] of the corresponding
augmented Lagrangian
Lp (a, z, α) =

M
X
1 X
||FIΓm − Γm Fa||22 + µ
||zi ||2
2 m=1
i
p
+ ||Da − z + α||22
2

(14)

a

M
p
1 X
||FIΓm − Γm Fa||22 + ||Da − z + α||22 .
2 m=1
2

for which the minimizer is given by the two dimensional shrinkage
formula[14]. We provide a summary of the method in Algorithm 1.
5. EXPERIMENTAL RESULTS
For PAT breast imaging system, the detection geometry is typically
assumed to have a 8cm radius and the generated pressure field is
sampled with fast ultrasound transducers capable of linear and planar
measurements of the wave field. The surface integral (5), which is
the core of the eigensensing framework, can be approximated thanks
to the high sampling densities that are achieved in current devices
[2]. For signals in the typical PAT range of 0.1–3MHz, the wavenumber k will be between 500-12’500/m assuming constant speed of
sound in soft tissue,i.e., c = 1500m/s which imposes approximately
0.4mm spatial resolution of the sensing functions to be constructed.
We perform numerical experiments to evaluate the performance
of our reconstruction algorithm on a numerical phantom of size
4096 × 4096 for the absorption map of a 16cm × 16cm breast tissue
given in Fig. 1 (a). We choose only the zeroth order eigenfunction
Ψk0 in (9) for different wavenumber, k from the specified PAT range.
In our framework, each eigenfunction will perform a selection of
partial Fourier measurements only on a circle of radius k in the
k-space.
Due to incapability of most standard ultrasound transducers, detectors miss the low frequency components– frequencies less than
0.1MHz– that are necessary for characterization of different tissues.
Therefore, we propose to compare the reconstruction result and the
original absorption map after a normalization process. We coin the
term SNR improvement (iSNR)
P ¯
||â − ā||2
iSNR = 10 log10 P i ¯
,
(17)
2
i ||â0 − ā||
where a, â and â0 are the original image, the reconstructed image
and the initial back-projected image, respectively, which are all normalized with respect to the mean and standard deviation of the data,
i.e., ā = (a − η)/σ where η is the mean and σ is the standard deviation of the data.
For the experiments, we use the breast phantom in Fig. 1 (a) and
the image is scaled to [0, 1] followed by a degradation with additive
white gaussian noise at 20dB. We assume that the surface integral
(7), is well-approximated and we solve for (13) for a regularization
parameter µ = 8 using partial Fourier samples along a number of
circles that corresponds to chosen wavenumbers from the range of
PAT. From Table 1, we demonstrate the results of the reconstruction
quality with respect to number of evenly chosen frequencies on the
Fourier domain. As it is expected, the quality of the reconstruction
Table 1: Comparison of reconstruction quality in terms of iSNR with respect
to number of wavenumber used (#k) evenly spaced on the k-space in the
range of PAT.

where α is a scaled dual variable and p is the penalty parameter.
Despite more decision parameters compared to (13), problem (14) is
easier to minimize with respect to z and a. First for a fixed z, the
minimization of (14) for a becomes the least square problem
min

Secondly, for a fixed a, the second and third terms are separable with
respect to zi , so minimizing (14) for z is equivalent to solving


p
min ||zi ||2 + ||Di a − zi + α||22 , ∀i,
(16)
zi
2

(15)
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#k
5
10
15
20
25

iSNR (dB)
3.19
4.74
5.79
5.88
6.21

#k
30
35
40
45
50

iSNR (dB)
6.26
6.27
6.28
6.29
6.30

(a)

(b)

(c)

(d)

Fig. 1: Reconstruction of heat absorption profile of a breast phantom; (a) original phantom (b) partial frequency sampling along 15 evenly chosen wavenumbers
from the range of PAT using eigensensing principle, (c) inverse Fourier transform of the measured partial Fourier data with iSNR 0dB (d) reconstruction with
total variation (TV) regularization iSNR 5.79dB

increases as the the number of chosen wave numbers increases which
allows more coverage of partial Fourier measurements. The results
in Table 1 also released that the necessary numbers of wavenumbers
to be be used are limited for images composed of piecewise smooth
absorption regions.
In Fig. 1, we show the reconstruction result for a case where we
evenly select 15 frequencies from the k-space. We observe the corresponding joint mask in the Fourier plane in Fig. 1 (b) and the corresponding inverse Fourier of the measured partial frequency data with
0 dB iSNR by (17). Finally, in Fig. 1 (d), we provide our solution
with 5.79 dB iSNR with respect to normalized data as explained earlier. The result shows that reconstruction of fine spatial details while
preserving sharp boundaries is achieved with the proposed method
thanks to the TV regularization which is well-suited to the purpose
of reconstruction of images composed of piecewise smooth regions.

proposed method for real PAT data for imaging heat absorption profile of the breast tissue.
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