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An accelerated Photo-Magnetic Imaging reconstruction
algorithm based on an analytical forward solution and a fast
Jacobian assembly method
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1Tu and Yuen Center for Functional Onco-Imaging, Department of Radiological Sciences,
University of California, Irvine, CA, USA

2Department of Biomedical Engineering, University of California, Irvine, CA, USA

3Department of Physics, Bogazici University, Bebek, Istanbul, Turkey

Abstract

We previously introduced Photo-Magnetic Imaging (PMI), an imaging technique that illuminates
the medium under investigation with near-infrared light and measures the induced temperature
increase using Magnetic Resonance Thermometry (MRT). Using a multiphysics solver combining
photon migration and heat diffusion, PMI models the spatiotemporal distribution of temperature
variation and recovers high resolution optical absorption images using these temperature maps. In
this paper, we present a new fast non iterative reconstruction algorithm for PMI. This new
algorithm uses analytic methods during the resolution of the forward problem and the assembly of
the sensitivity matrix. We validate our new analytic-based algorithm with the first generation
Finite Element Method (FEM) based reconstruction algorithm previously developed by our team.
The validation is performed using, first synthetic data and afterwards, real MRT measured
temperature maps. Our new method accelerates the reconstruction process 30-fold when compared
to a single iteration of the FEM-based algorithm.

Keywords
photon propagation; diffuse optical tomography; photo-magnetic imaging

1. Introduction

Diffuse optical tomography (DOT) is an optical imaging technique principally used to
recover the spatial distribution of optical absorption and scattering of biological tissue [1-9].
This technique is able to probe several centimeters deep tissues owing to low tissue
absorption in the near-infrared (NIR) spectral window [10]. This advantage makes DOT a
suitable functional imaging technique for a variety of applications ranging from breast [11-
13] and brain functional imaging [14-17] to small animals imaging [18-20].

Despite its high sensitivity, DOT is characterized with a very poor spatial resolution. This is
principally caused by high tissue scattering affecting the pathlength of the photons
propagating inside the tissue. In addition, DOT image reconstruction is based on the
resolution of a highly ill-posed inverse problem yielding to non-unique solutions [21].
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Basically, this arises from the DOT measurement acquisition scheme where the light sources
and detectors are placed on the tissue boundary. Moreover, the most complex task in the
resolution of the DOT inverse problem is assembling and inverting the sensitivity matrix.
This matrix describes the change observed at each measurement site due to slight variations
in the internal optical properties of a given point inside the medium. Since the number of
unknowns, points inside the medium, are much higher than the number of measurements, the
sensitivity matrix is non square [22]. Therefore, its inversion requires the use of unstable
pseudo inversion methods [23,24]. It would be ideal to perform internal measurements at all
points, which makes the number of unknowns and measurements equal. Such data
acquisition scheme showed a drastic improvement in the quality of the reconstructed
tomographic images as demonstrated by other modalities [25]. Practically, this configuration
increases the number of measurements, which reduces the under-determination of the
inverse problem and makes the inversion of the sensitivity matrix more stable.

Accordingly, we previously introduced a new high resolution diffuse optical imaging
technique termed Photo-Magnetic Imaging (PMI) [26]. In fact, PMI uses an alternative
concept compared to the conventional photon fluence detection at the boundary. It monitors
the internal temperature variations induced by the optical absorption of the medium when
illuminated with NIR light. Later, the optical absorption of the medium is obtained by
minimizing the difference between the spatiotemporal simulated and measured temperature
maps. First, the spatiotemporal distribution of temperature inside the medium is recorded
using Magnetic Resonance Thermometry (MRT). Fundamentally, proton resonance
frequency (PRF) decreases when hydrogen bonding decreases due to the temperature
increase. By using one of the phase sensitive MRI sequences, a proportional relationship is
established between the phase accumulation and temperature change between successive
frames [27,28]. Afterwards, the simulated spatiotemporal temperature maps are generated by
solving the combined diffusion and Pennes’ bio-heat equations [2,29-31]. Based on the
principle of optical absorption of the medium, this system of equations models the
distribution of photons inside the medium and conversion of their energy to bio-heat [28,32].
Therefore, solving the forward problem of PMI consists in the resolution of this system of
equations, generally performed using Finite Element Method (FEM).

Although our first generation PMI reconstruction algorithm can provide high resolution
optical absorption images, two main aspects need to be improved. First, the FEM-based
reconstruction algorithm cannot utilize the full measured data provided by the high
resolution MRT images. The FEM procedure is initiated by mapping the measured MRT
temperature maps on the FEM mesh nodes. During this step, the spatial resolution of the
measurements is drastically degraded due to the fact that the number of nodes is much
smaller than the number of pixels of MRT images. In fact, this degradation can be reduced
using extra fine meshes. However, increasing the number of nodes makes the sensitivity
matrix considerably larger and amplifies the complexity of the inverse problem that prolongs
the overall reconstruction time.

The second weakness of the FEM-based algorithm is related to the resolution of the inverse
problem, which starts by assembling the sensitivity matrix. In DOT, the number of
unknowns is much higher than the number of measurements and the assembly of the
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sensitivity matrix is generally performed using the adjoint-method to accelerate the process
[2,22]. On the other hand, using MRT, the number of unknowns is equal to the number of
measurements which makes the use of the adjoint-method inadequate as will be explained in
the following sections. Therefore, the sensitivity matrix is computed using the perturbation
method, by sequentially varying the absorption at each node and then solving the forward
problem to determine the induced temperature change. This method is very time consuming
and requires very heavy computational resources.

These two weaknesses can be overcome using analytic methods. Both diffusion [33-45] and
Pennes’ bio-heat equations [46-50] have been extensively solved analytically on regular
geometries such as cylindrical, spherical and infinite or semi infinite slabs. These methods
directly provide continuous spatiotemporal distribution of temperature inside the studied
medium [51]. Using these analytic solutions not only accelerates the resolution of the
forward problem but allow us to take advantage of the full high resolution data as well. Here,
we present the framework of the second generation PMI reconstruction algorithm. In this
new algorithm, the forward problem is solved analytically. This allows us to avoid MRT-to-
mesh mapping of the high resolution MRT temperature measurements. Also, analytic
solutions are not only fast but provide solutions as accurate as FEM. Unlike our first
generation PMI algorithm, this new reconstruction algorithm is not iterative and provides the
absorption map of the medium directly. Moreover, a new analytic technique is used to
assemble the sensitivity matrix, which considerably reduces the computation time. The
performance of our new analytic-based reconstruction algorithm is evaluated using both
simulated and experimental data. Finally, the acceleration in the computation time is
quantified by comparing reconstruction times of our first and second generation algorithms.

2. Methods

PMI uses a NIR light to heat the probed medium and monitor its internal temperature
increase with MRT. A dedicated forward model generates the spatiotemporal temperature
maps using the combined diffusion and Pennes’ bio-heat equations system to model the
photon migration and heat diffusion, respectively. These simulated temperature maps are
later used during the resolution of the inverse problem.

2.1. Forward problem

The PMI image reconstruction algorithm requires the resolution of a combined diffusion and
bio-heat equations system. PMI uses a continuous wave (CW) laser to warm up the medium.
The CW light propagation in turbid media is generally modeled by the CW form diffusion
equation [22,33]

—VDVO@) + pu,®r) = Sr). (1)

S S
3T, + a ol e

absorption coefficient, and the reduced scattering coefficient, respectively. Sis the isotropic

Here, ®, D(r) = u; are the photon density, the diffusion coefficient, the
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light source positioned 1/ under the surface as imposed by diffusion approximation as

shown in figure 1.

The temperature variation and propagation within the medium can be modeled by the
Pennes’ bio-heat equation. Although the photon density within the medium is steady,
temperature is a function of time that requires the solution of the following time-dependent
form

D~ Gy T 01 +EC). ()

Here, p, cand krepresent the density, specific heat and thermal conductivity, respectively.
The thermal energy absorbed from the laser heating is given by the product of the absorption
distribution and the light fluence rate, £(r) = u, ®(#) [32]. It is important to note that the
blood perfusion is omitted in this work but needs to be accounted for during /n-vivo studies.

In our previous work [45], we obtained a comprehensive analytical solution for the diffusion
equation based on an integral method for the Robin boundary condition. This solution is
obtained by deriving a particular Green’s function based on the integral method. Based on
the assumption that the diffusion coefficient is spatially invariant, equation (1) becomes

—V2o(r) + %@(r) = %5@, )y (3)

for a point light source modeled by the Dirac delta function &(7; /') where /' and y are the
position and the strength of the light source, respectively.

The solution of the homogeneous diffusion equation in 2D cylindrical polar coordinates for
a Dirac delta like point source was previously presented [45]. Implementing this photon
density solution in equation (2), and using the separation of variables method lead to the
final expression describing the laser induced temperature variations [51].

[oe] o0
—k
T(r.0.0=T+ Y L@, ) cos(mH)[l—exp(E/llzt)]. 4)

m= —ool=0~K4Y

Here,
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Hq
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Y COS (m9i)
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XS, (Pr)2DPESRY ,, _(BR) + (R = 2DmE)Y , (fR)]
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b (8) = R DpelY,, _(BR) =Y, (BRI +Y, (BR)
P =7 2D[2DBER],, _(PR) + (R — 2Dm&)J, (BR)]

XJ,,(pr;) cos (md), (7)

¢lB) = = 557, (Br) cos (m0)  (8)

Hq .. . : . .
where g = i\/g, /is the complex number, R is the radius of the medium, € is a constant

corresponding to the mismatch refractive index between the medium and its surrounding, J,
and Y, are the Bessel functions of the first and second kind, respectively. During the
derivation of this final solution, equation (4), the following heat convection boundary
condition is used
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where #and T are the heat transfer coefficient and the surrounding temperature,
respectively. During the derivation of this solution, we assumed that all optical and thermal
properties are homogeneous. We also assumed that the spatial and temporal parts of the heat
equation can be separable since we utilized the separation of variables method. Moreover,
we approximated the light source by the Dirac delta function [51].

2.2. Inverse problem

High resolution absorption maps are obtained by solving the inverse problem of PMI.
Technically, it consists in minimizing the quadratic difference between the measured MRT
and the simulated temperature maps according to the following objective function

N
p
Qu)= Y ITY F I’ (10)
p=1

where A, represents the total number of pixels within the medium. TQ/I is the high resolution

MRT temperature measured at pixel p. The forward operator F, provides the simulated
temperature at pixel p=1, 2, ... N, using the spatial distribution of the absorption coefficient
Uz as expressed by equation (4). Equation (10) is minimized using the Levenberg-Marquard
minimization [23,52]

Ay =TT 4207 TS F (X)) (A1)

with AugN, x 1) being the update to the unknown vector of i, obtained considering the
initial distribution of absorption Xj,;» A is the regularization parameter and /is the identity
matrix. Jis the sensitivity matrix also called Jacobian, describing the effect of an absorption
variation at any point within the medium on the measured temperatures [2]

oT

J = .
Hq  Ou,

(12)

2.3. Analytic sensitivity matrix

It is generally established that when performing DOT reconstructions using FEM, the
sensitivity matrix is computed using the adjoint-method [22]. This method states that the
influence of a source “s” on a detector “¢” is the same as the influence of “&” on “s” when
“a” is used as source and “s” as detector. Using this formulation, the Jacobian is simply
obtained by solving the forward problem Ngs+ Nptimes, where Ngand Np are the number
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of sources and detectors, respectively. This adjoint-method significantly reduces the
Jacobian assembly time and the overall computation time [7]. Using MRT to measure the
internal spatiotemporal temperature of the medium is equivalent to placing a detector at each
node of the FEM mesh. This configuration makes the use of the adjoint-method inadequate
for the computation of the Jacobian since it loses its advantage due to high number of
detectors. Therefore, the Jacobian is computed using the perturbation approach by varying
the absorption at each node individually then solving the forward problem to establish a
relationship between the absorption change at this node and the induced temperature
variation at any point. Evidently, this straightforward method is very time consuming and
requires very heavy computational resources.

Obtaining the Jacobian analytically requires the implementation of a new solution that can
perform on a homogeneous medium with an absorbtion perturbation at a single point then
deriving it. To our knowledge, such an analytical computation would be very complex and
has not been done yet. Therefore, we introduce a new method to analytically assemble the
Jacobian and implement it into our new analytic-based PMI reconstruction algorithm. Our
analytic solution to the combined diffusion and bio-heat equation systems, is derived using a
homogeneous absorption distribution within the medium. Hence, we first utilize the FEM-
based algorithm to understand the dependence of the shape and amplitude of the Jacobian at
any point as a function of optical and thermal properties of the medium. Please note that
medium properties are varied over a wide range during these calculations. This empirical
approach allows us to understand the relationship between these parameters and the shape as
well as the amplitude of the Jacobian.

During this empirical approach, the first step is to compute the Jacobians for all the NFEM
nodes (J, n=1, 2, ..N), using our FEM-based solver while varying the optical and thermal
properties of a synthetic phantom. Although we repeat these calculations over a wide range
of optical and thermal properties, here we will present an example case with a certain set of
parameters to explain this step in detail. Figure 2 shows a 40 mm diameter circular synthetic
phantom whose absorption and reduced scattering coefficients are set to 0.01 mm~ and 0.8
mm~1, respectively. Meanwhile, the phantom is assumed thermally homogeneous where the
density, specific heat and thermal conductivity are set to 1000 kg m=3 and 4200 J (kg C°)71,
and 0.5 1073 W (mm C°)~1, respectively. The light is illuminated from the bottom of the
phantom and the laser power is optimized in order to allow a maximum heating under 2 C°
at the illumination site as shown in figure 2(a).

Figure 2(b) shows the temperature simulated after 8 seconds of heating with light using our
FEM-based algorithm. This simulation uses a very fine mesh (Mesh_1) which consists of
65536 triangular elements connected at 33025 nodes. The Jacobian J, at each node is
computed using the perturbation method. After that, each individual Jacobian is mapped into
a 200 pixel x 200 pixel grid to express them in cartesian coordinates. As an example, figure
2(c) shows the Jacobian J, obtained at one of the nodes whose coordinates are xp =0 mm
and yp = —15 mm. Unlike the banana shape sensitivity matrix observed in diffuse optical
tomography [22], the obtained Jacobian J, consists in a kernel centered at this point as
shown in figure 2(c).

Phys Med Biol. Author manuscript; available in PMC 2018 April 03.
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The Jacobian for each set of optical and thermal properties is first calculated for all nodes
and then mapped into the Cartesian grid. Afterwards, extensive series of fitting are
performed to investigate all the aforementioned parameters. Based on these fittings, we
establish that the distribution of the Jacobian J, at any node (X, Jp) can be expressed as

Jn(-xv y) = An(-x07 y())‘]s(x - XO’ y - yO) (13)

where A(xo,)0) is the amplitude of the kernel and J; is the shape of the kernel, which is
obtained by normalizing the kernel fitted on the Jacobian computed on that node 7(xg, Jg).
This shows that the amplitude and the normalized shape of each Jacobian can be
independently studied. Accordingly, we investigate them separately as a function of the
parameters of the medium and the spatial position within the phantom.

2.3.1. Shape of the Kernel (J5)—To investigate the shape of the kernels, a series of
fittings is performed on all the Jacobians computed with FEM at each node n(xg, Jp). Figure
3(a) shows an example of the fitted kernel on the Jacobian J, obtained at a particular node (x
=0 mm, y=-15 mm) as shown in figure 2(c). After normalizing the fitted kernels, we
observe that the shape of the kernel is found to be governed only by the optical and thermal
properties of the phantom and is totally independent from the strength of the laser source
and the spatial position within the medium. In other words, the normalized shape of the
kernel is found to be the same for a given set of optical and thermal properties. The
normalized shape of the kernel, J; = J,/max(J;), is given by

0.27
J(x,y) = exp [( - 3.12p0% — 2.41)(%) \/(x —x)’+ -yl (14)

The profiles performed on both Jacobians J, and J, are in very good agreement as shown in
figure 3(b). Please note that these fittings are verified not only for each node in a particular
synthetic phantom but also for a large range of optical and thermal properties. Although the
fitting is performed on Jacobians computed at the nodes, it is important to mention that
equation (14) is valid for any point within the medium and allows us to calculate J; at any
point (x, ) in the cartesian grid.

2.3.2. Amplitude of the Kernel (A)—Unlike the shape of the kernel, J,, its amplitude,
A, exhibits a strong dependence on the spatial position within the medium in addition to the
dependence on the optical and thermal properties. Implementing an analytical formula to
obtain the amplitude of the kernel, A, with respect to its spatial position and background
optical properties is complicated. In this paper, we propose an alternative method that allows
us to obtain A, in two steps.

Since analytic solutions can be obtained only on homogeneous media, first the so called
Total Jacobian, J; is computed using equation (12) by varying the absorption coefficient of
all pixels simultaneously instead of varying it locally at a given pixel. Since this step is
performed using analytic methods, cartesian coordinates are used and all the positions are
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defined as pixels that belong to the 200 x 200 grid. Accordingly, the 7otal Jacobian, Jr,
corresponds to the sum of all the individual Jacobians J, centered at each pixel 7(xg, Jp) and
can be written as:

Nx Ny
Iy =) D J,xy)  (15)

x=0y=0

where Ay and A, are the size of the grid describing the domain, containing the phantom, in
the x— and )~ directions, respectively. By substituting equation (13) into equation (15), we
obtain

N_ N
x Y

Ty = D Y Ay (k= xp,y =g (16)
x=0y=0

Equation (16) shows that by definition, Jrat any pixel is then given by the convolution of
the normalized kernel J{x, }) and the amplitude of the kernel A, (X, Jp) at pixel n(xg, Jp) SO
that we can write

Jp=A,®J,. (17)

From equation (17), A4(x, J), the amplitude of the kernels at any position within the
phantom is simply obtained by deconvolving the normalized kernel J; from the Total
Jacobian, Jr

A=J,071.

n N

(18)

Figures 4(a)-4(c) show the Total Jacobian (J7) map, the normalized analytic kernel (Jg), and
the maximum amplitudes (A, of the individual Jacobians obtained using our new algorithm.
Since both J;and Jrare noise free, the deconvolution can be performed using any
deconvolution method without any difficulty. In the following calculations, the
deconvolution is performed using the Lucy-Richardson deconvolution algorithm [53]. Once
the maximum amplitudes A, are obtained analytically, the analytic Jacobians are assembled
using equation (13).

To validate our approach, we compare the computed maximum amplitudes using equation
(18) with the amplitude of the FEM-based individual Jacobians chosen at random points.
Figure 4(d) shows that the profile of A, along the white dashed-line, matches perfectly the
amplitudes obtained with the FEM-based algorithm at nodes (x= 0 mm, y=-17.5, -15,
=12.5 mm). In summary, our new analytic Jacobian assembly method is performed
following these steps. First, the distribution of the Jacobian Js is obtained using equation
(14). Secondly, the 7otal Jacobian Jris obtained using equation (12) by varying the

Phys Med Biol. Author manuscript; available in PMC 2018 April 03.
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absorption coefficient of the whole medium instead of a local variation at one given position.
Afterwards, the amplitude of the Jacobian at each pixel A, is obtained by simply
deconvolving J; from J7. Following that, the Jacobian Jat any point m(xp, Jp) is obtained
using equation (13), multiplying the shape function by its corresponding amplitude at that
particular point (X, yp). Finally, the obtained Jacobian Jis used in the PMI inverse problem
as expressed by equation (11).

2.4. Simulation studies

The performance of our new PMI reconstruction algorithm is first tested with simulation
studies. Using our FEM-based forward solver, synthetic measurements are generated by first
calculating the photon density distribution in the medium using equation (1) then simulating
the photon thermal energy deposition and the temperature propagation at any point and any
time using equation (2). The numerical phantom used in this study mimics the phantom used
in the validation of the forward problem of our FEM-based solver [54]. The same 40 mm
diameter cylindrical synthetic phantom described in section 2.3 is utilized for this study. In
order to model an optical heterogeneity, however, two 5 mm diameter cylindrical inclusions
are embedded 4.5 mm below the illuminated surface of the phantom (edge-to-center) and
positioned 8.5 mm apart as shown in Figure 5. The absorption of both inclusions is set to be
four times higher than the background (u,; = 0.04 mm~1) while no scattering contrast is
introduced. Figure 5 shows a cross- section of the cylindrical phantom and the laser beam
used to heat it up. The laser power and the irradiated area are matched to those used in the
previous experimental studies [54].

2.5. Experimental studies

A dedicated small animal PMI system has been developed in our laboratory as shown in
figures 6(a) and 6(b). A customized animal interface, with four ports for illumination
purpose, is placed in the center of a Philips 3 Tesla Achieva MR scanner. An 808 nm, high
power fiber coupled laser (Focuslight, China) is used to illuminate the imaged phantom.
Although our system is equipped with 4 laser ports, only the port at the bottom of the
phantom is used in this experiment. The high power laser is placed on a copper heat sink
with TEC thermoelectric cooler using temperature feedback control. The laser, its driver,
TEC cooling unit and computer that generates signals for MRI synchronization are all
positioned in the control room due to the high magnetic fringe field. Light is transported
from the laser to the surface of the phantom via 15-meter long optical fiber. A 35 mm
diameter Newport aspherical lens is placed at the end of the fiber to collimate the output
laser in order to provide uniform illumination over a spot diameter of 13.5 mm. The laser
power level is set to 1.2 W resulting in a power density of 840 mW/cm? at the surface.

The laser-induced temperature is measured by MRT using the proton resonance frequency
shift method. A temperature map is acquired every 8 seconds using a gradient echo sequence
with a repetition time (TR) and echo time (TE) set to 80 ms and 48 ms, respectively. Figure
6(c) shows the timeline for MRT acquisition. First, a T1 weighted sequence is performed to
precisely locate the laser position in the axial direction. Following that, a dynamic imaging
set consisting of multiple frames (8 seconds each) is started. The first image of the dynamic
MRT set is acquired prior turning the laser on and used as the baseline phase map (frame 1).

Phys Med Biol. Author manuscript; available in PMC 2018 April 03.
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Once it is completed, the laser is then turned on and the second frame is acquired. Post
processing is performed afterwards to calculate the laser induced temperature variation
based on the phase shift between the second frame and baseline [54]. This high resolution
temperature map is used as measured data in the PMI image reconstruction algorithm,
equation (11).

3.1. Simulation results

In order to validate our new method, absorption maps are obtained using our new analytic-
based reconstruction algorithm and compared with those obtained with our FEM-based
reconstruction algorithm. For both FEM- and analytic-based algorithms, the synthetic
temperature map is generated using our FEM-based PMI forward solver as shown in figure
7(b). This temperature map clearly shows the laser induced temperature increase under the
illumination site. Also, this map already reveals the position of both inclusions prior to any
reconstruction process. In fact, due to their higher absorption, the temperature rises more
within the inclusions [55]. However, the low spatial resolution of the temperature map,
mainly due to heat diffusion, does not allow a precise localization of the inclusions. In order
to overcome the effect of diffusion and obtain quantitative absorption maps, the PMI inverse
problem needs to be solved.

First, in order to optimize the computation time of our FEM-based reconstruction algorithm,
a coarser mesh (Mesh_2) is used rather than Mesh_1, which is utilized to generate the
synthetic temperature map. Mesh_2 consists of 8192 triangular elements connected at 4225
nodes. Figures 7(c) and 7(d) show the reconstructed high resolution absorption maps
obtained by our FEM-based reconstruction algorithm at the first and the second iterations,
respectively. Actually, the algorithm is stopped automatically when the stop criteria -no
more than 1% improvement- is met at the end of the second iteration. Figure 7(c) shows that
the FEM-based algorithm is able to recover 71% of the true absorption value at the first
iteration and a second iteration is needed to recover an additional 22% of the true absorption
value as shown in figure 7(d). This can be clearly seen on the profiles carried-out along the
dashed line passing by the center of the two inclusions as shown in figure 7(f). However, it is
important to note that this iterative step is very time consuming. In fact, performing an
additional iteration approximately doubles the overall computation time.

Figure 7(e) shows the reconstructed high resolution absorption map obtained using our new
analytic method. This map shows that in addition to being non iterative, our new method
provides comparable results to those obtained at the end of the FEM-based reconstruction
algorithm. Quantitatively, the FEM-based algorithm recovers an absorption coefficient of
0.0365 + 0.0063 mm~1 and our new method recovers a similar absorption of 0.0365+0.0064
mm~L. However, our new results are much better than the results obtained at the first
iteration of the FEM-based algorithm which only recovered an absorption value of
0.0287+0.0049 mm™1 as can be seen of the profiles presented in figure 7(f).

Although the meshes used by the FEM-based method for reconstruction and data generation
are different, using the same method in both steps gives the FEM-based reconstruction
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algorithm an additional advantage. Despite this unfair advantage allowed for the FEM-based
algorithm, our new method still seems more suitable considering the quality of its
reconstructed images and its fast computation time. In fact, it is very important to emphasize
that our new method is non iterative and requires only 2.8% of the computation time of one
single iteration of the FEM-based reconstruction algorithm. In fact, only 51 seconds are
necessary to provide an absorption map from a 200 pixel x 200 pixel MRT temperature map.

3.2. Experimental results

Figure 8(b) shows the 200 pixel x 200 pixel MRT temperature map measured on the agarose
phantom used in the validation of the forward problem of our FEM-based solver [53]. The
geometry of the phantom contains A, = 31401 pixels of the MRT image. Similar to the
simulated temperature map, the localization of both inclusions is possible on the MRT image
prior to any reconstruction process. This is due to the higher increase in their temperature
compared to the background of the phantom [55]. However, the temperature increase inside
the inclusions is strongly dependent on the distance from the laser source, which necessitates
the resolution of the PMI inverse problem. In the following, our new algorithm is
experimentally validated by comparing the analytically reconstructed absorption maps with
those obtained using our FEM-based algorithm. The FEM-based reconstructions are
performed using Mesh_2. In order to initialize the measurements for the FEM-based
algorithm, the 31401 measured MRT temperature map pixels are mapped to Mesh_2 which
results in 86% loss of data. The reconstructed absorption maps obtained by our FEM-based
algorithm with one and two iterations are presented in figures 8(c) and 8(d), respectively. On
the other hand, our new analytic method is a pixel based reconstruction algorithm. Using a
pixel size of 0.2 mm, the geometry of the numerical phantom fits inside a 200 pixel x 200
pixel grid, indicated by black dashed line in figure 8(a), of those 31401 pixels are within the
circular geometry (gray area as shown in figure 7(a)). All these 31401 measured MRT
temperature map pixels are directly used to initialize the measurements for the analytic-
based method, and no mapping nor interpolation is needed yielding to no data loss. Despite
the noise present in the measured MRT map, the inclusions are recovered successfully on all
three reconstructed absorption maps and their locations are in very good agreement with the
cross-section of the phantom presented in figure 8(a). However, the FEM-based algorithm is
not able to correctly recover the circular shape of the inclusions as shown in figures 8(c) and
8(d). Moreover, the absorption map obtained at the first iteration recovered only 58.25% of
the real absorption and a second iteration is needed to recover an additional 12.75%, Table 1.

Figure 8(e) shows that our new method is more robust to noise due to the higher amount of
data used in the resolution of the inverse problem. In fact, in addition to being very fast, our
new method recovers the circular shape of the inclusions more successfully with high
quantification accuracy, Table 1. It is however important to note the slight artifact observed
at the boundary under the illumination site. Actually, the laser is collimated and has a beam
diameter of 13.5 mm at the surface of the phantom while our analytic-based method models
the laser as a point source. This difference in the source beam size is responsible for these
slight artifacts under the illuminated surface. Nevertheless, these slight artifacts do not
degrade the quantification accuracy of our method as you can see on the profiles presented
in figure 8(f). These profiles show that our new method provides better results than those
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obtained at the end of the FEM-based algorithm. In addition, our new analytic-based results
are obtained approximately 30 times faster than one single iteration of the FEM-based
algorithm.

4. Conclusion

We have previously introduced PMI, a new multi-modality technique that provides high
resolution optical absorption maps. By combining MRI and optical imaging, PMI leverages
the high spatial resolution of MRI and the high sensitivity of optical imaging. The main
innovation of PMI is the interaction between optical and MRI modalities to break optical
scattering barrier and produce higher resolution optical absorption images. The superior
performance of our FEM-based PMI was demonstrated with both simulation and
experimental studies earlier [26,55]. The bottleneck of the FEM-based image reconstruction
algorithm is mainly the assembly of the Jacobian matrix during the iterative resolution of the
inverse problem. In fact, the Jacobian is assembled using the perturbation method that
consists in solving the forward problem for each node after varying its absorption. Thus, our
FEM-based PMI reconstruction process requires heavy computational resources and long
computation time.

In this paper, we present a new fast and non iterative analytical based reconstruction method
for PMI. First, our new algorithm uses an analytic method to solve the forward problem and
gain considerable computation time by avoiding any mesh generation or system matrix
assembly, which are necessary and time-consuming processes in FEM. However, this
analytical method can perform only in homogeneous media. This limits our new
reconstruction algorithm to a single iteration which is equivalent to linearizing the nonlinear
PMI inverse problem. Nevertheless, our analytic method has the advantage of avoiding the
inefficient mapping of the high resolution MRT temperature measurements to the FEM
mesh. This allows the direct use of the whole MRT measurements and eliminates the data
loss in the mapping step. In addition, the major advantage of this new algorithm consists in
the fast analytical implementation of the Jacobian matrix which drastically reduces the
computation time. In fact, an acceleration of 30-fold is obtained which yields a high
resolution absorption image (200 pixel x 200 pixel) in 51 seconds. This reconstruction time
can be reduced even farther by either increasing the pixel size, i.e. by reducing the
resolution, or by parallelizing the codes on a graphic processing unit.

The PMI optical absorption maps can be used for diagnostic purposes. In fact, intrinsic
tissue contrast can be used to identify cancerous tissue based on its higher absorption
contrast. Alternatively, highly absorbing contrast agents such as gold nanoparticles can be
utilized to differentiate diseased tissue for diagnostic purposes. Moreover, PMI can play a
key role in providing therapy guidance. For instance, these high resolution optical absorption
maps can be utilized to optimize the laser pulse duration and the mean power density for
laser thermal therapy. Our future work would focus on the implementation of new Jacobian-
free optimization method and the adaptation of this algorithm for multi-wavelength, and in-
vivo PMI applications.
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Figure 1.
Schematic of the geometry of a homogeneous medium with a delta function source in 2D.
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Figure 2.
a) Schematic showing the synthetic phantom and the position of the laser source. b) The

simulated temperature obtained by solving the FEM-based PMI forward problem, 8 seconds
after turning on the laser. ¢) The Jacobian computed with the FEM-based algorithm at a
particular node (x=0 mm, y=-15 mm).
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Figure 3.
The analytic Jacobian J, fitted on J, the Jacobian obtained using our FEM-based solver at a

particular node (x=0 mm, y= -15 mm). b) The normalized profiles performed on J,and J.
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Figure 4.
a) The Total Jacobian, Jr, obtained by changing the absorption simultaneously at all nodes.

b) The normalized shape of the kernel obtained using equation (15). ¢) A, of the individual
Jacobians obtained using our new algorithm. e) The profile carried-out on A, along the
white dashed-line, matches the maximum amplitude of the individual Jacobians computed
using the FEM-based algorithm at nodes (x=0 mm, y=-17.5,-15,-12.5 mm). The arrows
show that the amplitudes of the kernels computed using both the analytic-based and the
FEM-based algorithms are in perfect agreement.
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Figure 5.
Schematic of the 40 mm diameter cylindrical phantom containing two 5 mm diameter

inclusions placed 8.5 mm apart and 4.5 mm below the illuminated surface. The absorption of
both inclusions is set to be four times higher than the background, while no scattering
contrast is introduced.
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Figure 6.
a) Schematic of the PMI setup showing the optical instrumentation, the RF coil for MRI

acquisition and the phantom inside the MRI bore. b) Picture of the PMI interface placed on
the bed of a Philips 3 Tesla Achieva system. There are four ports for laser illumination with
collimator lenses. c) The schematic of PMI data acquisition timeline.
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Figure 7.
a) Schematic of the double inclusion numerical phantom. The two times more absorbent

inclusions are shown with red circles while the limits of the pixel grid is shown in a black
dashed line. b) The synthetic temperature map simulated at the end of the heating cycle (8
seconds after turning on the laser). ¢) The reconstructed absorption map using one iteration
of the FEM-based algorithm. d) The final reconstructed absorption map using the FEM-
based algorithm. e) The reconstructed absorption map using our analytic-based algorithm. f)
The reconstructed absorption profiles along the centers of the two inclusions: real (dashed
green line), reconstructed using the new analytical method (red line with circle marker),
reconstructed using one iteration of the FEM-based algorithm (dash-dot black line) and
reconstructed at the final iteration of the FEM-based algorithm (blue line).
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Figure 8.
a) Schematic of the double inclusion agar phantom. The two times more absorbent

inclusions are shown with red circles while the limits of the pixel grid is shown in a black
dashed line. b) The high resolution MRT temperature map measured at the end of the
heating cycle (8 seconds after turning on the laser). c) The reconstructed absorption map
using one iteration of the FEM-based algorithm. d) The final reconstructed absorption map
using the FEM-based algorithm. €) The reconstructed absorption map using our analytic-
based algorithm. f) The reconstructed absorption profiles along the centers of the two
inclusions: real (dashed green line), reconstructed using the new analytical method (red line
with circle marker), reconstructed using one iteration of the FEM based algorithm (dash-dot
black line) and reconstructed at the final iteration of the FEM based algorithm (blue line).
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