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Abstract—We report a method for real-time threedimensional monitoring of thermal therapy through the use
of noncontact microwave imaging. This method is predicated on using microwaves to image changes in the dielectric properties of tissue with changing temperature.
Instead of the precomputed linear Born approximation that
was used in prior work to speed up the frame-to-frame inversions, here we use the nonlinear distorted Born iterative
method (DBIM) to solve the electric volume integral equation (VIE) to image the temperature change. This is made
possible by using a recently developed graphic processing unit accelerated conformal finite difference time domain
method to solve the forward problem and update the electric field in the monitored region in each DBIM iteration.
Compared to our previous work, this approach provides a
far superior approximation of the electric field within the
VIE, and thus yields a more accurate reconstruction of tissue temperature change. The proposed method is validated
using a realistic numerical model of interstitial thermal therapy for a deep-seated brain lesion. With the new DBIM, we
reduced the average estimation error of the mean temperature within the region of interest from 2.5◦ to 1.0◦ for the
noise-free case, and from 2.9◦ to 1.7◦ for the 2% background
noise case.
Index Terms—Distorted Born, hyperthermia, inverse
scattering, microwave imaging, microstrip patch antennas,
thermal monitoring, thermal therapy.

I. INTRODUCTION
N RECENT years, thermal therapies have seen increased
use in the treatment of a variety of diseases, particularly
in cases of soft tissue cancers [1], [2]. Thermal therapies
can be classified into two types: hyperthermia and thermal
ablation. The first type, hyperthermia, commonly defined as
heating tissues from 40◦ C to 43◦ C for tens of minutes,
causes irreversible damage to cancer cells by altering the permeability of plasma membranes and denaturing proteins [3].
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Hyperthermia has shown therapeutic benefit as an adjuvant to
radiotherapy [4] and chemotherapy [5], as well as inducing both
apoptotic and necrotic cell death given a sufficient thermal dose
[3], [6]. The latter type, thermal ablation, employs more extreme temperatures over a shorter period to induce rapid and
localized tissue destruction. Ablative methods, which include
cryoablation, high intensity focused ultrasound (HIFU) [7], radio frequency ablation (RFA), microwave ablation, and laser
ablation [8], offer the potential to treat lesions that are not surgically accessible via traditional means due to the morbidity or
mortality associated with surgical excision.
In both hyperthermia and ablation, thermal monitoring is necessary to ensure the accuracy of both treatment location and
thermal dose, and a number of different methods of varying
complexity have been reported. In the simplest application of
RFA, ultrasound is used to guide the placement of an invasive probe, but no monitoring of thermal dose is employed.
Similarly, laboratory and clinical studies of a system using an
invasive electric-field probe to focus within a compressed breast
were reported by Dooley et al. [9] and Vargas et al. [10]. Fiber
optic sensors have been used in several systems to monitor thermal dose [11]–[13], but coverage is limited to the sensor tip and
inherently invasive. For full coverage of the treatment region,
Proton Resonance Frequency Shift (PRFS) Magnetic Resonance
Thermal Imaging (MRTI) has been used, as in the MR-guided
phased arrays demonstrated in Stauffer et al. [14], [15] and Dewhirst et al. [16], but the expense, complexity and compatibility
of using MRI has limited its use, particularly for patients with
MR incompatible implants such as pacemakers and artificial
heart valves where MR is not suitable for intra-operative monitoring. Except in the case of MR-guided focused ultrasound,
traditional MR imaging currently cannot be performed in realtime or near-real-time with the delivery of thermal therapy: the
patient is typically moved from the treatment apparatus to the
MR imaging tunnel, and back to the therapy apparatus, during
which time the temperature distribution will have changed, time
lost, and the patient and medical staff inconvenienced.
A. Real-Time 3D Microwave Monitoring
With the goal of addressing the limitations of the various
existing thermal monitoring methods, Haynes et al. reported
on a real-time microwave imaging method for non-invasive
temperature monitoring and validated the method using simple
phantoms in a prototype system [17]. This thermal monitoring
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method is predicated on using microwaves to image small
changes (detailed in Section II-F) in the dielectric properties
of tissue with temperature. When the tissue is heated during
thermal therapy, the change of tissue dielectric property produces a change in the scattered microwave electric fields that
can be measured in the form of scattered S-parameters. These
scattered S-parameters are linked back to the dielectric property of the tissue with an electric field volume integral equation
(VIE). In [17], Haynes et al. used the FEM solver of Ansys
HFSS to compute the incident electric field inside the monitored region, and adopted the Born approximation (BA) [18] to
construct a pre-computed linear inversion matrix, which solves
the VIE in real-time.
While this was an effective approach for validating the concept of real time microwave thermal monitoring, the linear Born
approximation in the inversion restricts the usage of this method
to the cases when the change of temperature is small. When
change of temperature is large, using the incident field to approximate the total field in the VIE is no longer valid and will
lead to inaccurate reconstruction. In addition, utilizing Ansys
HFSS as the forward problem solver poses difficulties in constructing and dynamically updating the forward model during
the monitoring process, which makes it impractical for clinical
use.
This paper reports a microwave thermal monitoring algorithm
using the nonlinear Distorted Born Iterative Method (DBIM)
[19]. Compared with the BA method used in [17], DBIM provides a far better approximation of the total electric field within
the VIE, accounts for the multiple scattering effects and utilizes
the evanescent wave information [20], which in turn produces
a more accurate nonlinear inversion result, especially when the
temperature change is large. A conformal finite difference time
domain (CFDTD) method [21] is used as an efficient and accurate forward problem solver, which addresses the modeling
issue of HFSS and provides the capability to dynamically update the forward model required by DBIM during the monitoring process. Furthermore, this method reduces the systematic
measurement drift error in calculating the differential scattered
S-parameter (details in II-C), as the time lapse between the total and incident S-parameter measurements is reduced. Finally,
Graphic Processing Unit (GPU) parallel computing is used to
accelerate the computation of both forward and inverse problems. Given sufficient computational power, which is within the
capability of the current state-of-the-art GPUs [22], this forward scattering model can be updated in real-time throughout
the thermal therapy procedure. As a demonstration, we report
the validation of this method for the clinically relevant scenario
of monitoring interstitial thermal therapy for the treatment of
deep seated brain lesions.
B. Interstitial Thermal Therapy
Unlike more common cancers with widely available screening tools (e.g. breast and prostate cancer), soft tissue, bone,
and brain cancers are often difficult or impossible to remove
with traditional surgical resection. In the case of brain lesions,
stereotactic radiotherapy (e.g. Gamma Knife or proton beam) is
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Fig. 1. The NeuroBlate System by the Monteris Medical, Inc., which
enables minimally invasive access for neurosurgical ablation under MRIguidance. Figures obtained from the Monteris Medical, Inc.

sometimes used when surgical resection is not possible; however, these therapies are limited to small tumors, can require surgical attachment of a guidance frame, and use highly specialized
equipment only available in a limited number of hospitals due to
cost and space requirements. Additionally, certain tumor typessuch as high grade glial neoplasms that account for as much as
fifty percent of primary central nervous system tumors are not
responsive to stereotactic radiation.
As an alternative, laser-induced interstitial thermal therapy
(LITT) (as shown in Fig. 1) has seen increased use in the treatment of surgically inaccessible lesions [23]. This procedure
currently relies on MRI for planning, targeting, monitoring, and
verification [24], which, while highly precise, limits its use to
locations and times where access to MRI machines is affordable
and available. As such, LITT presents an ideal target application
for microwave thermal monitoring.
C. Organization of Paper
The remainder of the paper is organized as follows: the general methodology of real-time microwave thermal imaging is
described in Section II-A, the implementation of the imaging
algorithm, including the new CFDTD-based forward scattering model and the GPU acceleration techniques employed, is
detailed in Sections II-B through II-E, an explanation of the
validation procedure for the case of interstitial thermal therapy monitoring is given in Section II-F, and the results of that
validation are discussed in Section III.
II. METHODS
A. Real-Time Microwave Thermal Imaging
Real-time microwave thermal imaging is based on the principle of using microwaves to measure relatively small changes
that occur in the dielectric properties of water molecules in
tissue as a result of changes in temperature. Multiple studies
have been performed to characterize the change in the dielectric
properties of water at microwave frequencies as a function of
temperature [25], [26]. In particular, within the range of thermal
therapy temperatures, the dielectric change of animal liver tissue
has been reported to be approximately 1% per C◦ at 915 MHz
[27]. When the dielectric property of the tissue is changed with
temperature, it produces a change in the scattered electric fields
that can then be measured in the form of scattered S-parameters
between a series of transmit and receive antenna pairs arranged
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Fig. 2. Microwave imaging cavity surrounding numerical head
phantom.

around the treatment region to be monitored (as shown in Fig. 2
for the case of monitoring thermal therapy of a brain lesion).
In microwave imaging, these scattered S-parameters are
linked back to the dielectric property of the tissue with an
electric field volume integral equation (VIE). In prior work,
the Born approximation (BA) was adopted in solving this VIE,
which approximates the total field in the VIE with the incident
field. However, this approach is only valid when the change of
temperature is small. In this paper, the DBIM is used, which refreshes the background dielectric property and the electric field
in the monitored region in each iteration. Thus, the DBIM provides a better approximation of the total field within the VIE
than BA and yields a more accurate reconstruction result, especially when the temperature change is large. The challenge
in using the more accurate DBIM method is twofold: first, in
the added complexity of passing the updated object properties
from the inversion step back to the forward problem solver and
dynamically updating the forward model in the monitoring process; second, in the computational power necessary to solve
the forward and inverse problem while still achieving real-time
imaging. In this paper, these issues are addressed respectively
by: (1) the use and integration of an in-house developed conformal FDTD forward solver into the real-time imaging algorithm,
which adds capability of solving the forward problem during
the monitoring process (indicated by solid vs. dotted line path
in Fig. 3) and provides a better approximation of the total field
in the VIE; (2) the use of GPU parallel computing to accelerate
solving both the forward and inverse problems, which enables
real-time imaging with the state-of-the-art GPU computation
power.
The steps in implementing this DBIM-based microwave thermal monitoring method are as follows. First, the dielectric properties of the tissue before heating are derived from prior imaging
studies – e.g. from the relative brightness of voxels in a CT/MR
image and/or from the fat-to-water ratio computed from methods
such as MRI IDEAL [28]. This voxelized dielectric map is used
as the initial background in the inversion, sub-sampled on the
grid of the CFDTD forward solver, and then used to construct the
initial waveport numerical vector Green’s function for inversion.
During the thermal therapy, the heated tissue produces scattered

Fig. 3. Real-time microwave thermal monitoring process. The process
is broken into two stages: (1) an initialization stage where a dielectric
map of the unheated tissue is fed into the forward solver to produce the
initial unheated scattering model, and (2) the monitoring stage where
S-parameter data are continuously being collected and processed to
produce real-time thermal images. Since running the forward solver is
the most time-consuming computational step, it may not be feasible to
update the forward scattering model as quickly as new data are collected.
Rather than limit the frame rate, the dotted line indicates the potential to
skip the model update step for that image frame and simply reuse the
forward model from the prior imaging frame (as described in more detail
in Section II-C).

electric fields, which are measured in the form of S-parameters
by the Vector Network Analyzer (VNA). Using the same VNA
data acquisition scheme as described in [17], the measurement
of S-parameters for all the transmit-receive pairs can be finished within 1 second. DBIM is used to solve the nonlinear
inverse scattering problem with the scattered S-parameters and
to reconstruct the differential change of the dielectric of the tissue. Both the dielectric background and the total electric fields
within the VIE are refreshed when the forward problem is solved
in the DBIM. Last, the differential change of the dielectric is
mapped to the change of temperature to produce the image of
heat change. The details of the thermal monitoring algorithm
with DBIM are given in the appendix.
B. Forward Scattering Model
The forward model uses the reciprocity principle to link the
measured scattered field S-parameters to the dielectric properties of the monitored region. This is done by using a numerical
vector Green’s function kernel with waveport excitation in the
volume integral equation [29]. This waveport vector Green’s
function contains all scattering interactions between the background object, imaging cavity, and source excitation, effectively
providing the system with an absolute characterization. In addition, this waveport vector Green’s function is fully integrated
into the conformal FDTD forward solver and accounts for

CHEN et al.: REAL-TIME THREE-DIMENSIONAL MICROWAVE MONITORING OF INTERSTITIAL THERMAL THERAPY

531

S-parameters between transmitters and receivers with different modes, geometries and impedances. The VIE with the
numerical vector Green’s function is given by,

scat
2
Sm ,n (ω) = kb
O(r  )Gm ,n (r  , ω) · E n (r  , ω)dV  (1)

directly use the measured S-parameters to solve inverse scattering problem and perform microwave imaging of the monitored
region.

where r  is the imaging region position vector. The vector E n is
the total field in the imaging region due to the transmitter n. The
quantity kb is the lossless background wavenumber with kb2 =
ω 2 μ0 b , and b is the background permittivity with b = 0 r b ,
where r b is the background relative permittivity. The dielectric
contrast function O is defined as,

Depending on the computational power available and the microwave measurement speed, it may be advantageous to solve
the forward problem at a lower rate than the image refresh rate.
Therefore, to distinguish between these two refresh rates in the
case of asynchronous imaging, we define i frames as those in
which the thermal image is refreshed and j frames as those in
which the forward scattering model is refreshed.
Therefore, from (4), the VIE to be solved when refreshing each imaging frame during thermal monitoring can be
represented as

j
ij
2



=
Ck
(6)
ΔOi (r  )E bj
ΔSm
,n
b
m (r ) · E n (r )dV

O(r  ) = Δ(r  ) +
Δ(r) =

Δσ(r  )
,
jωb

(r) − b
b

(2a)
(2b)

Δσ(r) = σ(r) − σb

(2c)

where Δ(r  ) and Δσ(r  ) are the change of permittivity and
conductivity in the heating region relative to the background.
The numerical vector Green’s kernel is defined as,
Gm ,n (r  , ω)
=

ωμ0


An


jE bm (r  , ω) Zn (ω)
etn (r) ×

t
h̄n (r)f (ω)


· dA Zm (ω)

(3)

where the integration in the denominator is over the surface area
An of transmitting waveport n, f (ω) is the frequency domain
t
response of the source signal waveform, etn and h̄n are the electric and magnetic field mode template used to excite transmitting
port n in the CFDTD solver, which produces a uni-directional
propagating wave into the waveport. The vector E bm is the total
field in the heat monitoring region when exciting receiver m
t
with the desired magnetic field mode template h̄m . By choosing the electric and magnetic field mode template to excite the
transmitting and receiving waveport respectively, we acquire
the scattered S-parameter between two ports with the desired
modes. In the case of the coaxial feeds used in our heat monitoring system, the TEM field mode template is used for both
the transmitting and receiving ports. In addition, Zm (ω) and
Zn (ω) are used to characterize the transmitting and receiving
ports with different impedances.
During the imaging of temperature change in the monitored
region, E bm and E n are updated in each iteration. Substituting
(3) into (1) and reorganizing the equation, the VIE becomes

scat
2
Sm
(ω)
=
C(ω)k
O(r  )E bm (r  , ω) · E n (r  , ω)dV  (4)
,n
b
where
C(ω) =

ωμ0

j


An


Zn (ω)

C. Asynchronous Imaging and Differential Scattering


t
etn (r) × h̄n (r)f (ω) · dA Zm (ω)

where i stands for the ith frame that the scattered S-parameters
are measured, the change of the tissue dielectric property is
solved in the inverse problem, and the temperature change in
the monitored region is refreshed. The index j stands for the
jth frame that the forward problem is solved with the most
recent estimated object dielectric property, Oi . From this solution, the E jn , E bj
m in the monitored region and the incident
j
field S-parameters Sm
,n are updated. Meanwhile, by solving
the inverse problem at the jth frame, we acquire the new reconstruction background Oj of the monitored region. Thus, in
every jth step, both the electric fields within the VIE and the
reconstruction background, Oj , are refreshed. These forward
model parameters are then used in all subsequent i frames until
the next j frame.
The differential scattered S-parameter used in solving for the
temperature change in each image frame is given by
ij
i
j
ΔSm
,n = Sm ,n − Sm ,n

ij
where ΔSm
,n stands for the differential scattered S-parameter
which is the difference between the S-parameter measured in the
current monitoring frame i and the S-parameter measured in the
jth frame when the forward problem was most recently solved.
ij
With ΔSm
,n , we use (6) to solve the object material contrast
ij
ΔO between the jth frame and the current frame i. The process
of solving (6) is described in more detail in Section II-D below.
From ΔOij , the current tissue material property is

Oi = Oj + ΔOij

The newly derived VIE (5) provides an absolute source characterization of the thermal monitoring system, and enables us to

(8)

Last, we map the object material contrast ΔOij to get the temperature change ΔT ij between the ith frame and jth frame, and
find the current temperature:
T i = T j + ΔT ij

(5)

(7)

(9)

Throughout the imaging process, both the total electric field
within the VIE and the differential imaging background are
updated in every j frame, which is essentially the distorted
Born iterative method.
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D. Solving the Inverse Problem
To estimate the dielectric map using (6), we formulate the
cost function that measures the difference between the forward
modeling and the measurement data,
F (m)= Gm − d2D + m2M

(10)

where Gm − d2D is the weighted L2 norm of the difference
between the right-hand-side and left-hand-side of (6). Vector d
represents the measured differential scattered S-parameter. The
complex vector m contains the differential dielectric property
of the monitored region. The matrix G is a linear operator which
links the object dielectric properties to the S-parameters. The
term m2M is used to smooth the imaged differential object
and serves as a regularization term. The weighted vector norms
D and M are defined by the inverse data and model co−1
−1
variance matrix C −1
D and C M , where C D can be interpreted
−1
as the measurement noise and C M can be interpreted as the
uncertainty in the forward model. To solve (10), we use the conjugate gradient (CG) method [30]. Model parameters and search
direction updates are given by
mi+1 = m − αi v i

(11)

v i = γ i + βi v i−1

(12)

where i is the CG iteration, v is the search direction, and α is
the step length. The quantity γ is the steepest decent vector and
is related to the gradient g of the cost function by γ = C M g.
The coefficient β is chosen so that the current gradient of the
cost function is linearly independent from all previous gradients.
Here we use the Polak and Ribiere expressions for β
βi =

i
i−1
)
γ ∗i C −1
M (γ − γ
−1 i−1
∗i−1
γ
CM γ

(13)

The value of the step length α is obtained through a linear search
that minimizes the cost function along the search direction
given by
αi =

i
γ ∗i−1 C −1
M v
−1
i
∗
(Gv ) C D (Gv i )

(14)

If every measurement datum and image pixel are independent;
and the measurement noise and pixel uncertainties are constant,
−1
then the covariance matrix C −1
D and C M are equal to scalars
2
2
1/σd and 1/σm , respectively. If we let λ = σd /σm , then the
cost function can be simplified to,
F (m)= Gm − d2 + λ2 m2
2

2

(15)

where the term λ m serves as the common Tikhonov regularization. This can also be solved with the conjugate gradient
method described above, while each iteration requires less computation. In the validation section of this paper, (15) is used as
the cost function in the inversion.
The complete DBIM-based asynchronous differential scattering algorithm for thermal monitoring is provided in the appendix. This algorithm includes two parts: part 1 (i frames)
solves the linear inverse problem, updates the change of dielectric material and refreshes the thermal monitoring frame in real
time; part 2 (j frames) runs the forward solver with the most

recent material estimate, refreshes the differential imaging background and updates the electric field in the monitored region,
which provides a better linear approximation for the nonlinear
inverse problem. Part 1 and Part 2 of the algorithm are expected
to run in parallel, and they communicate through the variable
F lag. When F lag == 1, the forward solver in Part 2 is finished.
Part 2 then waits until the current inversion in Part 1 has finished.
With Parts 1 and 2 mutually paused, object and field updates are
swapped: the forward solver receives the latest object estimate
from Part 1, and the inversion receives the latest electric fields
and background material from Part 2. After the swap is complete,
we set F lag = 0 and the two parts run independently again.
E. GPU Acceleration
Achieving real-time imaging for thermal monitoring is predicated on how fast the forward and inverse problems are solved.
Here we leverage the cost-effective parallel computing capability of GPUs to accelerate the computation of both forward and
inverse problems.
Compared with CPU, GPU has many more cores, while each
core has a simpler architecture and less cache [31]. Essentially,
GPUs devote many more transistors to data processing rather
than data caching and flow control, which makes it suitable for
single program multiple data (SPMD) type parallelism. When
solving the forward problem in this paper, the conformal FDTD
method is used, which is highly suitable for this type of parallel
computing because it has a relatively simple calculation in each
Yee cell and a large number of cells need to be solved. A major
limitation with GPU computing is the limited cache memory
within each core and the high cost to fetch data from global
memory to the cores and even higher cost to fetch data from
CPU RAM. As FDTD is a stencil-like problem, we can optimize the parallel computing of the algorithm by storing the data
that can be reused in the next time step in the shared memory to
reduce the high latency from accessing global memory. In addition, when the updated total electric field in the imaging domain
is too large to be stored in the GPU global memory, we transfer it from GPU memory to CPU RAM asynchronously during
FDTD computation, which hides the high latency of transferring
data from GPU to the CPU RAM [32]. For the inverse problem,
most of the computation lies in matrix-vector and vector-vector
multiplication for constructing the VIE and running the conjugate gradient solver, which are also highly suitable for parallel
computation using GPU.
In our parallel computing implementation, the Nvidia Tesla
C2075 GPU is used with 448 cores and a peak 1 Tera-flop
computation speed using single precision. In our FDTD simulation, for a region with 85 × 54 × 85 Yee cells and 10 thousand
time steps, the GPU accelerated code can finish one transmitter calculation in 12 seconds, which is equivalent to a FDTD
computation speed of 325 million cells per second. In solving
the inverse problem, the GPU accelerated VIE construction and
conjugate gradient algorithm requires less than 0.5 seconds to
solve 2000 unknowns in 30 iterations. We estimate that with the
state-of-the-art Pascal GPU with 10 Tera-flops single precision
computation speed and a newly developed NVlink which boosts
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Fig. 5.

2D Slice of anatomical model used in multiphysics solver.

Fig. 6.

(a) Probe in tumor. (b) Instantaneous electric field magnitude.

Fig. 4. Validation process of the DBIM based microwave thermal monitoring method.

the communication between GPU and CPU memory by a factor
of 5 to 12 [22], the FDTD solver can solve for one transmitter
within 1 second. As each transmitter excitation is independent
of each other, the forward problem with regard to exciting each
transmitter can be solved in parallel. If the forward problem
computation of each transmitter is assigned to one GPU, with
enough GPUs, the forward problem for all the transmitters can
be solved in parallel in one second, thus achieving a real-time
imaging refresh rate of approximately 1 frame/second.

TABLE I
DIELECTRIC PROPERTIES OF TISSUES IN ANATOMICAL PHANTOM

F. Validation Procedure
Material

To validate the methodology described above, a time series of
temperature maps was generated using an anatomically-accurate
multiphysics model of the thermal treatment of a brain lesion
using an interstitial microwave probe. This time series of temperature distributions was then used to create a corresponding
series of dielectric maps of the treatment region and its surroundings. Next, these dielectric maps were used as unknown objects
to test the real time microwave imaging described herein, and
lastly, the recovered maps of dielectric were mapped back to
predicted maps of change in temperature over time during the
course of the thermal therapy. The temperature maps predicted
using real time microwave thermal imaging were then compared
to the original maps. A flow chart outlining this process is shown
in Fig. 4, and the procedure for each step is described in detail
below.
1) Predicting Microwave Heating in Realistic Human Anatomical Model: For the purposes of generating a
realistic time series of heat maps for the case of interstitial thermal therapy in the brain, we modeled the heating of a brain
tumor from an interstitial microwave probe in clinical use described in [33], operating at 40 Watts of continuous power at a
frequency of 1.9 GHz. To construct the background dielectric
model of the head (as shown in Fig. 5), we used the VHP-Female

Grey Matter
White Matter
Cerebellum
Skin
Fat
Skull
Eye
Trachea (Air)
Tumor

Electrical Permittivity

Electrical Conductivity

52.3
38.6
48.9
40.9
5.5
12.4
68.9
1
70

0.99 S/m
0.62 S/m
1.31 S/m
0.90 S/m
0.05 S/m
0.16 S/m
1.67 S/m
0 S/m
2.0 S/m

2.2 tissue-segmented FEM model [34] sourced from the highresolution cryosection image dataset from the Visible Human
Project [35] and validated by a board of medical experts [36].
The full geometry of the interstitial microwave probe, along with
a tumor model imported from the BRATS 2015 tumor database
[37], were then added to the model, as shown in Fig. 6(a). Last,
published dielectric properties from Gabriel [38], shown in Table I, were assigned to their respective tissue types. A voxelized
version of this model was also used in the initialization of the
forward scattering model.
Using this anatomically realistic model, a time series of heat
maps was generated in a two step process. First, the microwave
power absorption in the heated region due to the interstitial mi-
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crowave therapy probe was computed using a conformal FDTD
solver (sample instantaneous electric fields around the probe are
shown in Fig. 6(b)). The modeled microwave power absorption
was then used as a distributed heat source to solve Penne’s Bioheat Equation [39] in the time domain with CST Microwave
Studio using the default material parameters for brain tissue
(consistent with prior studies such as [40]).
ρc

∂Tt
= ∇· (kt ∇Tt ) + ρcω(Ta − Tt ) + qm et + qext
∂t

(16)

where ρ = 1030 kg/m3 is the density of brain tissue, c = 3675
J/K/kg is the specific heat of brain tissue, kt = 1.13 W/K/m is
brain tissue thermal conductivity, ω = 40 kW/K/m3 is the local
blood perfusion rate, Tt is the current tissue temperature, Ta is
the arterial blood temperature of 37 ◦ C, qm et = 7.1 kW/m3 is the
local metabolic heat generation rate, and qext is the volumetric
heat source due to the ablation probe.
The thermal distribution was recorded at several sample time
steps and volumetric temperature maps at each time were exported to file at a 2 mm resolution. These temperature maps
were then converted to dielectric maps as described below.
2) Temperature and Dielectric: Based on prior studies
of the relationship between tissue temperature and dielectric
[26] [27], we apply a decrease of 1% in complex dielectric (relative to the initial unheated dielectric of that tissue) per degree
Celsius increase in temperature. This relation is used to convert
between temperature and dielectric in both the multiphysics
thermal model above and real-time microwave imaging. The
resulting dielectric maps are shown in Fig. 7 below.
3) Real Time Microwave Thermal Imaging: For the
application of monitoring the thermal treatment of brain lesions, we designed a microwave imaging cavity tailored to the
geometry of the head. Other imaging cavity designs may be appropriate for the monitoring of therapies in other regions of the
body, but the general principles remain the same. In this case,
the imaging cavity contained a total of 96 rectangular patch
antennas whose geometries were optimized both for radiation
efficiency and optimal modeling efficiency (i.e. alignment with
CFDTD forward solver grid), which is shown is Fig. 2. The
antennas were arranged in 3 rows of 8 antennas each for 24
antennas on each of the four vertical sides of a 25 × 15 ×
25 cm3 cavity. The antenna measurements were taken at a single
frequency of 880 MHz. In this validation, 36 antennas were used
as transmitters and 36 were used as receivers, for a total of 1296
S-parameter measurements. The monitored region is a rectangular region of the size 4 × 5.3 × 4 cm3 around the hottest spot
of the heating probe. The location of the probe is assumed to
be known and the probe is removed from the monitored region
during the inversion process.
In this validation, the dielectric maps of the brain tissue during the thermal therapy are generated at 0, 5, 10, 20, 30, 60,
90, 120, and 150 seconds from the start of heating. The dielectric maps from these 9 time frames are then imported to
the CFDTD solver to simulate the S-parameters measurements
between different transmitting and receiving antennas. As the
inferred dielectric constant maps from the heat solver is on
uniform 2 mm hexaheral mesh grid, while the CFDTD is on a

Fig. 7. Coronal slice of relative dielectric constant maps directly adjacent to interstitial probe over time during thermal therapy. The middle
column are the true dielectric maps. The left and right column are the
reconstructed dielectric using BA and DBIM, respectively. Spatial units
are centimeters.

nonuniform hexahedral mesh grid with cell length varying from
3.6 to 4.5 mm, we sub-sampled dielectric constant of the brain in
each time slice inferred from the heat solver to the mesh grid of
the CFDTD solver using the nearest point method. We assume
the location of heat probe is known and enforce the probe area to
be PEC throughout the simulation. In our DBIM reconstruction,
we solve the forward problem and image the time slice at 5, 10,
20, 30, 60, 90, 120, and 150 seconds. For each time slice, we
use the reconstructed dielectric map and the total electric field
in the monitored region from the previous time slice for reconstruction. The forward problem is solved more frequently at the
early time, because the change of temperature is steeper. Lastly,
since the temperature prediction is dependent on both the initial
accuracy of the prior imaging study and the inferred dielectric
properties of the tissue from that study, the entire procedure was
repeated for the case where a 2% random error is assumed in
the background dielectric map.
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III. RESULTS AND DISCUSSION
In this section, we present the validation results of the
proposed microwave thermal monitoring method. The reconstructed dielectric and temperature maps using DBIM and BA
are compared. The mean temperature within a defined treatment region is quantitatively evaluated, which represents how
accurately we can monitor the thermal dose delivered in the region of interest (ROI). The mean percentage error of the reconstructed pixels within the monitored region is also evaluated,
which demonstrates the accuracy of the reconstruction algorithm. Last, we present the evaluation of a reconstruction when
there is a 2% error in the derived dielectric background from the
imaging study at the beginning of the monitoring of process.
First, we provide a visual comparison of the reconstructed
results using the prior real-time microwave imaging method and
the proposed method in this paper. Fig. 7 shows a comparison
between the actual and reconstructed relative dielectric constant
maps over time for a coronal slice taken directly adjacent to
the interstitial probe during thermal therapy. The center column
shows actual values, the left column the reconstructed maps
from the prior linear BA method, and the right column the
maps from the new nonlinear DBIM with asynchronous updates
of the forward scattering model. Each dielectric map figure
contains the reconstructed differential dielectric added to the
current background dielectric (including the brain model). This
creates the new dielectric background for the current time frame,
which is then imported to the CFDTD forward solver to compute
the new total field within the VIE to be used in the differential
reconstruction in the next frame. As can be seen from the figure,
the dielectric map reconstructed using DBIM is visually closer
to the true dielectric than the one using BA.
Fig. 8 shows a comparison between the corresponding actual and reconstructed temperature maps over time for the same
coronal slice shown in Fig. 7. Again, the center column shows
actual values, the left column the map from the prior method
(BA), and the right column the temperature maps from the new
method (DBIM). It can clearly be seen that the estimated temperature using DBIM is closer to the true temperature than the
one derived from BA method. After visually comparing the
reconstructed results using the two methods, we now do a quantitative comparison of the two methods. Here, we add the case
which has a 2% random error in the derived dielectric background from prior imaging studies, where we are reconstructing
using an erroneous dielectric background from the beginning of
the monitoring. According to MRI IDEAL [28], we expect this
to be a conservative estimate of the upper bound of the errors of
the inferred background dielectric.
Then, we compare the mean temperature within a rectangular
region of the size 1.2 × 1.8 × 1.2 cm3 around the hottest spot
of the thermal probe. A side view of this rectangular region of
interest is shown as the region within the black box in Fig. 9. We
define this ROI as the treatment region, where the temperature
of each pixel within this region is not more than 10 degrees
lower than the hottest pixel throughout the treatment process.
In addition, this ROI is defined within the resolution limit of
the current monitoring system. With 880 MHz incident signal
and a background dielectric value varying from 70 to 40 during

Fig. 8. Coronal slice of the temperature maps directly adjacent to interstitial probe over time during thermal therapy. The middle column are
the true temperature maps. The left and right column are the reconstructed temperature using BA and DBIM, respectively. Spatial units are
centimeters.

Fig. 9. Side view of the monitored region (yellow box) and region of
interest (black box). The dimension of the monitored region is 4 × 5.3 ×
4 cm3 . The dimension of the region of interest is 1.2 × 1.8 × 1.2 cm3 .
Spatial units in the figure are centimeters.

the heating, the wavelength of electromagnetic wave is between
4.1 to 5.4 cm. From [20], the DBIM could reach a reasonably
expected super-resolution of 0.25 λ which is between 1.03 to
1.35 cm in this case. Thus we choose the ROI that is within this
monitoring resolution limit.
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Fig. 10. Comparison of the mean temperature in ROI over time. The
true temperature and the estimated temperature using BA, DBIM with
and without 2% background error are presented. The underestimation
of the reconstructed temperature is due to the resolution limits and the
L2 norm used in the inversion, which has an effect of low pass filtering
and spreading the energy of the object dielectric contrast.

As shown in Fig. 10, both DBIM and BA tend to underestimate the temperature within the ROI which is expected
from microwave inverse scattering using L2 norm in the cost
function, which has an effect of low-pass filtering and spreading
the energy of the object dielectric contrast. The reconstructed
average temperature within the ROI using DBIM is closer to the
true average temperature than the one obtained using BA, which
means that the DBIM provides a better estimation of the thermal
dose delivered to the ROI. The maximum estimation error of
the mean temperature within the ROI through the monitoring
process for BA, DBIM, BA with 2% background errors and
DBIM with 2% background errors is 3.4, 1.5, 3.7, and 2.2
degrees, respectively. The average estimation error of the mean
temperature within the ROI through the monitoring process for
BA, DBIM, BA with 2% background errors and DBIM with 2%
background errors is 2.5, 1.0, 2.9, and 1.7 degrees, respectively.
In addition to comparing the average temperature within the
ROI, we also evaluate the standard deviation (STD) of temperature within the ROI for each case and compare with the true
value. The standard deviation in this case is not an indication of
uncertainty, but rather a measure of the spatial distribution of the
temperature. As the region is heated, both the spatial gradient
and variability of the temperature within the ROI increase, and
as shown in Fig. 11, the DBIM method is more accurately capturing the distribution of the temperature within the ROI than
the BA in both the noise-free and 2% noise case, respectively.
Moreover, to translate the improved temperature monitoring
accuracy to its medical significance, we use the thermal dose
metric CEM43 ◦ C to evaluate the improvements. CEM43 ◦ C is
the defined as the cumulative equivalent time at 43◦ C to provide
the same thermal dose, which can be written as:
CEM 43 ◦ C =

n

i=1

ti · R(43−T i )

(17)

Fig. 11. Comparison of the standard deviation of the temperature within
the ROI for all cases. This result indicates that the DBIM method is
providing a better estimate of the temperature distribution within the ROI
than the BA method.

Fig. 12. Comparison of relative pixel percentage error of the monitored
region from BA, DBIM, BA with 2% background error and DBIM with 2%
background error.

where ti is the i-th time interval, R is related to the temperature dependence of the rate of cell death (R(T < 43◦ C) = 1/4,
R(T > 43◦ C) = 1/2) and T is the average temperature during
time interval ti [41]. Dewhirst et al. [6] reported that for brain
tissue, a CEM43 ◦ C thermal dose in the range of 41-80 minutes
is sufficient to achieve cytotoxicity. As a preliminary test of
their relative accuracy in estimating thermal dose, we therefore
computed the time in seconds necessary to achieve a CEM43
◦
C of one hour as predicted by each imaging method and found
that, compared to the true time of 55 seconds, DBIM estimated
62s, DBIM (with 2% background error) estimated 67 seconds,
BA estimated 75 seconds, and BA (with 2% background error)
estimated 78 seconds.
Last, we evaluate the relative pixel error of the whole monitored region (as shown in the yellow box of Fig. 9) using
each reconstruction method. As the expected resolution using
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880 MHz signal is around 1.35 cm, while the pixel size of reconstructed image is around 0.42 cm, we integrate the small
pixels from the image to create large pixels closer to the size of
resolution. The average relative error Per r of the large pixel is
defined in (18) below,

N 
1   (in v (r) − tr u e (r))dV i 

(18)
Per r =

N i=1 
tr u e (r)dV i
where in v and tr u e is the reconstructed and true dielectric
value of the pixel, respectively. V i is the area of the ith large
pixel. Here, we integrate 3 × 3 × 3 small pixels to obtain a
large pixel. N is the number of large pixels within the monitored region. As shown in the figure, the maximum relative
pixel error of the 8 time frames using BA, DBIM, BA with
2% background error and DBIM with 2% background error
are 2.7%, 1.8%, 4.4%, and 3.4%, respectively. These relative
pixel errors are directly related to how accurate the temperature change is estimated. It is shown that DBIM outperforms
BA with regard to the pixel reconstruction accuracy within the
whole monitored region. The reasons are two-fold, 1) during
the inversion, the DBIM provides a better approximation of the
total field within the VIE by solving the forward problem in
each iteration, 2) compared to BA, DBIM can utilize evanescent waves and multiple scattering effects which provide increased resolution [20]. The effect of the 2% background error
from prior imaging studies is clearly shown from the start of
the purple and yellow error line., This can be interpreted as
an initial offset error, which may be correctable with in-situ
calibration.
IV. CONCLUSION
We present a real-time 3D microwave thermal imaging
method and validate it with simulated monitoring of interstitial thermal therapy. Compared with prior work using BA, the
new DBIM based method solves the forward problem for a
nonlinear inversion and provides a better total field approximation inside the monitored region. Moreover, DBIM utilizes
evanescent waves and multiple scattering effects to provide improved resolution. In addition, an in-house developed conformal
FDTD solver is used, which provides the capability and flexibility to dynamically import the dielectric material and update
the forward model in each iteration. GPU parallel computing
is utilized to accelerate the computation of both the forward
and inverse problem to achieve real-time imaging. Last, the proposed thermal imaging method is validated with the simulation
of monitoring interstitial thermal therapy. Comparison of the reconstructed temperature map using BA and DBIM are provided
and discussed. With the new DBIM, we reduced the average
estimation error of the mean temperature within the ROI from
2.5 to 1.0 degrees for the noise-free case, and from 2.9 to 1.7
degrees for the 2% background noise case. In addition, we improved the maximum relative pixel error within the entire monitored region from 2.7% with BA to 1.8% with DBIM for the
noise-free case, and from 4.4% to 3.4% for the 2% background
noise case.
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Next, we plan to further develop the thermal monitoring algorithm for clinical application by investigating improved methods
to correct the initial background dielectric error and refining the
process of mapping relative dielectric to temperature. In particular, we will perform dielectric phantom studies of mapping
MRI IDEAL to complex dielectric, and develop an empirical
model of the nonlinear relationship between relative dielectric
and tissue temperature, first using in vitro tissue samples and
later with in vivo animal model studies.
APPENDIX
DBIM-based asynchronous differential scattering thermal
monitoring algorithm
Algorithm 1: DBIM thermal monitoring algorithm: Solving
inverse problem.
1: Initialize j = 0, T j = body temperature, Oj =
unheated background material, F lag = 0
2: Run FDTD in unheated background, store
j
j
E bj
m , E n , Sm ,n
3: for i = 1 to N do
i
ij
i
j
4: Measure Sm
,n , ΔSm ,n = Sm ,n − Sm ,n
ij
i
5: Solve Eq. (6) for ΔO with CG, O = ΔOij + Oj
6: Map Δ to ΔT , T i = T j + ΔT
7: if F lag == 1 then
8:
j = j




bj
bj
bj
9:
Oj = Oj , S j = S j , E bj
m = Em , En = En ,
update VIE
10:
j = i

11:
Oj = Oi
12:
F lag = 0
13: end if
14: end for

Algorithm 2: DBIM thermal monitoring algorithm: Running forward solver.
1: if i < startf rame then
2: wait ()
3: end if
4: j  = i

5: Oj = Oi
6: while i < N do
7: if F lag == 0 then

8:
Run FDTD with new Oj containing new




background material jb and σbj , Store


9:
10:
11:
12:
13:
14:



E bj
E bj
m ,
n ,
F lag = 1
else
wait ()
goto Step 6
end if
end while

Sj
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