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Abstract

Purpose: MicroWave Ablation (MWA) modeling and simulation bear great potential for
loco-regional treatment of liver tumors. However, accurately positioning the antenna according
to a planned orientation/location is technically challenging. In cases of misplacement, main-
taining the original plan may cause incomplete ablation, while repositioning the antenna may
induce tumor seeding. In this work, we propose (i) a digital twin of MWA that simulates ab-
lation outcomes, and (ii) an optimizer that suggests corrections to MWA parameters without
antenna reinsertion, while ensuring complete tumor ablations.

Methods: A finite element scheme was used to solve the coupled microwave propagation
and heat transfer equations governing MWA, with personalized dielectric and thermal proper-
ties determined from preoperative CT and MRI images. We then proposed an optimization
algorithm able to adjust power input, ablation duration, and antenna position to correct for
antenna misplacement.

Results: The simulator and optimizer were evaluated against in vivo swine experimental
data. Three ablations were performed in liver regions with varying vascularization. The sim-
ulations accurately predicted the ablation zones despite the presence of large vessels near the
antenna, achieving Dice scores of 0.82, 0.81, and 0.79. In the case of replanning scenarios, our
optimizer predicted new parameter sets that led to Dice scores of 0.83, 0.83, 0.80, a correspond-
ing improvement of 20.3%, 40.7% and 48.1% in average over the initial ablation result.

Conclusion: This paper is the first to address intra-operative replanning of thermal abla-
tion therapy. It demonstrates that optimal ablation results can be achieved without requiring
antenna reinsertion by optimizing specific ablation parameters.

1 Introduction

Liver cancer is the third leading cause of cancer-related death in the world [18]. Although
surgical resection and liver transplantation are established as effective treatment options, they
remain unsuitable for more than 80% of the patients [11]. For these reasons, along with re-
duced costs and improved repeatability, minimally invasive locoregional treatments based on
thermal ablation have gained popularity in the last decades [15]. These techniques also enforce
parenchyma preservation, particularly when treating small tumors.

Microwave ablation (MWA) constitutes, to date, one of the most effective thermal ablation
modalities among the clinically available options [17]. MWA operates through a process known
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as dielectric hysteresis, where heat is generated from the friction and collision of water molecules
(inside biological tissues) as they spin to align with the rapidly changing electromagnetic field
propagating from the applicator antenna [15]. In comparison with other thermal ablation tech-
niques, MWA requires shorter times to produce higher temperature profiles, generally leading
to larger ablation zones that can be used to treat larger tumors safely. Moreover, MWA is less
susceptible to the heat-sink effect, where ablations in proximity to blood vessels are less efficient
due to temperature losses through advection [17, 15].

Treatment through MWA can only be successful under appropriate preoperative planning.
However, MWA planning in current clinical practice relies on geometrical models based on power
versus ablation-duration charts provided by antenna manufacturers. Since these geometrical
models completely disregard patient-specificity, they generally overestimate the ablation zones,
leading potentially to incomplete ablations that could cause tumor recurrence [20]. With the
emergence of computational models, it has become possible to simulate numerically the physi-
cal process of MWA in biological tissue. However, MWA involves various physical phenomena,
including electromagnetics, heat transfer, and computation of tissue damage. Several meth-
ods, like Finite Elements (FE), Finite Differences, and Lattice Boltzmann, constitute suitable
numerical frameworks for solving such multiphysics problems [1, 16, 3]. Yet, to achieve opti-
mal ablation outcome prediction, it is essential to account for patient-specific tissue properties
[14, §].

Once a plan has been established — via numerical simulation or otherwise — the antenna is
inserted into the liver under CT guidance. However, because of breathing motion, changes in
patient position, and insertion-induced deformation, it is practically impossible to position the
antenna as planned [13, 8]. This is particularly true when multiple antennas are required to
treat larger tumors. Thus, conforming to the preoperative plan often necessitates reposition-
ing the antenna, possibly through reinsertion, which is both time-consuming and dangerous.
Indeed, puncturing the tumor once, let alone several times, can lead to tumor seeding [10].
Fortunately, likely, an appropriate ablation zone can still be produced by fine-tuning ablation
power and duration parameters, while avoiding both antenna reinsertion and excessive damage
to healthy tissue. Omne can also consider slight displacements along the insertion axis, which
is reasonably safer than antenna reinsertion and repositioning. As these adjustments are typi-
cally determined empirically, a re-planning tool able to quantitatively compute them could offer
substantial clinical advantages.

In this paper, we present a patient-specific simulation of MWA that can be used to simulate
and optimize the therapy. Sec. 2.1 presents the computational model, while Sec. 2.2 and 2.3
show its parametrization. The presented model is validated in Sec. 2.4. In Sec. 3.1 we address
the (re)planning solution, and present our results in Sec. 3.2.

2 Microwave ablation simulation

In this section, we describe how heat, generated by the MWA antenna, diffuses across soft
tissues. Then, we explain how the model’s parameters can be tuned to characterize both the
antenna and the organ, making our solution patient-specific.

2.1 Computational model

The Pennes Bioheat equation is the most widely used model for simulating heat transfer within
tissues following thermal ablation [16]. The governing equation of this model is given by:

or

T

= V- (kVT) — ppCowp(T —Tp) + Qm + Qeat, (1)

where p, C, x and T are the tissue density (kg/m®), specific heat capacity (J/kg/K), thermal
conductivity (W/m/K) and temperature (K) of the tissue, respectively; py, Cy and T}, correspond



to the same physical quantities for the blood entering the tissue, wp is the blood perfusion rate
(1/s) that allows modeling the heat sink effect [16], Qn is the metabolic heat source and Qeqt
is the external heat source.

A critical factor in MWA modeling is the temperature dependency of tissue parameters.
Indeed, the thermal effects of MWA induce essential changes in tissue (e.g. water evaporation,
coagulation, cellular denaturation), which alter both the microwave energy deposition and heat
transfer phenomena. Following previous works, this work accounted for tissue coagulation in
blood perfusion wy [7, 21], a thermal conductivity x linearly increasing with temperature [5], as
well as a water-content dependency for the heat capacity C [4].

In [7, 21], perfusion shutdown is modeled by a non-differentiable temperature threshold,
which leads to difficulties in numerical solvers. To preserve the same physical behavior while
ensuring differentiability, we replace the sharp switch by a smooth approximation

wo, T <60°C,
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where wp denotes the blood perfusion at 37°C

The metabolic heat source @, is usually neglected in thermal ablation modeling, since it is
tiny in comparison to the external heat source Qesz:. The latter models heating as microwaves
propagate through tissue, and is defined in relation to the specific absorption rate (SAR) by

—
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with E the solution to the microwave propagation problem described by the frequency-domain
Maxwell equation:

V x ur NV x E) — k2(er — j——)E =0, (4)
wEeop
where o is the electric conductivity (S/m), u, is the relative permeability, €, is the relative
permittivity, w = 27 f is the angular frequency (rad/s) for f = 2450 MHz, g0 = 8.854 x
10712 F/m is the permittivity in vacuum and ko = 51.35 m~! is the propagation constant in
vacuum, respectively.

Similar to the thermal properties in Eq. (1), dielectric properties also vary with temperature
[16]. Previous works have either neglected this dependency [14], or solved the coupled system
of equations using time-discretization schemes of varying degrees of complexity and stability
[3, 4]. Arguably, the most critical consequence of this temperature dependency is the decay of
the external heat source Q..+ with increasing temperature. Therefore, in the interest of saving
computational time while maintaining the temperature dependency, the effective external heat
source is approximated by:

1 O, = =
Qeat(T) = (1 " 1+ exp(6.583 — 0.0598 - T)) 2 (B E) )

where the exponentially decaying factor is adopted from the temperature-dependent electric
conductivity model in [3].

In Eq. (4), the power input from the generator is modeled by a port excitation boundary
condition at the entry point of the antenna’s coaxial waveguide, the conducting materials of
the antenna are idealized and modeled by Perfect Electrical Conductor boundary conditions at
their surfaces, and a first-order scattering boundary condition is applied at the remaining outer
domain boundaries to avoid reflection of electromagnetic waves. As for Eq. (1), all boundaries
were considered thermally insulated, except for the antenna/tissue interface, where a convection
boundary condition was applied to model the antenna’s cooling technology [4]. The validity of
the first-order scattering boundary condition was verified by a domain-size convergence study
of the electromagnetic problem, showing that boundary reflections become negligible near the




ablation zone for sufficiently large domains. In particular, beyond a transverse domain width
of 20 mm, the relative electric field L? error remained below 0.5%, indicating that residual
boundary artifacts do not affect the predicted ablation shape.

A finite element numerical scheme was implemented using the open source library FEniCSx!
to solve the coupled microwave propagation and heat transfer equations governing MWA. Axial
symmetry was assumed for the microwave propagation problem, since low variability of the
electric field solution to variations in dielectric properties has been reported in previous work
[5]. Thanks to the temperature-dependent external heat source Qeq: introduced in Eq. (5),
the microwave propagation and heat transfer problems are only weakly coupled, and a single
resolution of the linear system in Eq. (4) is required. The validity of this approximation was
quantitatively verified by comparison with a strongly coupled formulation, in which the Maxwell
equation is re-solved with updated dielectric properties at each thermal iteration. The resulting
differences in temperature and ablation zones were found to be negligible across a wide range of
blood perfusion values, with a maximal temperature RMSE below 0.83°C and a maximal Ar-
rhenius factor RMSE below 1.6 x 1072 units. In addition, comparisons between heterogeneous
and homogeneous electromagnetic models, as well as between 3D and interpolated 2D electro-
magnetic solutions, showed that tissue heterogeneity and dimensional reduction introduce only
minor errors in the temperature and damage, achieving RMSE values as small as 1,07°C for the
temperature, and 6.6 x 10~2 units for the damage. These results justify the proposed weakly
coupled, axisymmetric electromagnetic modeling, which captures the dominant heating mech-
anisms while significantly reducing computational cost. An implicit time-discretization scheme
was implemented to solve the nonlinear system in Eq. (1), requiring a Newton resolution per
time increment (dt = 10s).

2.2 Antenna characterization

The geometry of the antenna strongly influences the pattern of the generated electromagnetic
field, and thus the specific absorption rate, which dictates the resulting extent and shape of
the ablation zone. The precise design of MWA antennas is, unfortunately, generally unknown,
besides their external geometry. It is therefore essential to estimate the antenna characteristics
as accurately as possible.

Since MWA antennas are designed to optimize the Si1 reflection coefficient (which measures
the efficiency of energy delivery), the unknown antenna geometry parameters were estimated
through a constrained optimization problem. The objective was to minimize the the reflection
coefficient S11, by varying the antenna geometry while accounting for estimates of some of
its characteristics: quarter wavelength choke, 50 Ohm impedance inner/outer conductor radii,
total radius. The specifics of this optimization process are out of the scope of this paper, but
interested readers are referred to [6] for further details.

2.3 Patient-specific parametrization

This work relies on a patient-specific, multi-compartment anatomical model built from preop-
erative medical images. Experimental data were acquired to personalize and validate our MWA
simulations. All preclinical data were obtained from in vivo experiments on swine models fol-
lowing a protocol closely aligned with the standard of care. A pre-treatment contrast-enhanced
CT (CE-CT) scan was performed to identify the target ablation location and extract the swine
anatomy for material property assignment.

For the microwave propagation problem, all the patient-agnostic parameters related to the
antenna materials and liver tissue were obtained from publicly available databases [2]. For the
heat transfer problem, the thermal properties of each tissue type were derived from the literature
[19, 5, 2] and assigned to the corresponding anatomical compartments, as reported in Table 1.

Thttps://fenicsproject.org/



Particular attention was given to the blood perfusion parameter wo, since it greatly influences
the solution of the Pennes Bioheat equation. Although a constant value is typically used for
the vessels, a wide range of values for the healthy liver tissue can be found in the literature
[5, 1, 2, 8], from 0.015s7* to 0.071s™!. This variability can lead to ablation volume differences
as large as 18 cm®. To address this issue, a calibration of the parameter wo was performed
on a baseline ablation far from the large vessels using the same objective function as the one
later employed in the optimization problem described in Sec. 3. A post-treatment multiphase
CE-CT scan was then collected to assess this baseline ablation. The antenna was left in place
during imaging, ensuring its visibility in the post-ablation scan. This patient-specific estimated
value of wp was then used in all following simulations.

Table 1: Multi-compartment material properties for thermal transfer problem

Tissue type  ro [W/m/K] Co [J/ke/K] p [kg/m) w0 [1/5]
Liver Tissue 0.52 3540 1080 0.079 (fitted value)
Blood vessels 0.54 3770 1060 0.2

2.4 Ablation simulation results

We validated our results using in vivo swine experiments with three ablations scenarios at
the IHU of Strasbourg, with the approval of the local ethics committee. Although limited
to three ablations, these in wvivo experiments are intended as a qualitative validation of the
proposed modeling framework under realistic physiological conditions, and not as a statistical
or population-level study. The three ablations (100 W during 5 minutes) were performed in
regions with different degrees of vascularization: 1) away from any big vessels to calibrate the
wo parameter and to constitute a baseline (labeled B); 2) near the hepatic vein (HV) and 3)
near both hepatic and portal veins (HPV). This choice was made to estimate robustness to the
heat sink effect. The antenna used in this study was a 15-gauge Medtronic Covidien Emprint™
antenna with water-cooling technology, delivering up to 150W at a frequency of 2.45GHz.

The solution of the bioheat equation (1) is a time-dependent temperature field, which can
only be measured experimentally using MR thermometry. This imaging modality is rarely
available and prone to measurement errors. As an alternative, we evaluate our results against
the actual ablation region. To achieve this, we simulate the ablation using the Arrhenius thermal

injury model:
¢ —AE
Q) = /0 Aexp (RT(T) )dT, (6)

where A = 7.39 x 10%°s7! is a frequency factor, AE = 2.577 x 10°J mol~?! is the activation
energy, R = 8.314J mol 'K ™! is the universal gas constant and T(7) is the temperature at time
7 [14]. The cell death probability 64 is then computed as 8 = 1 — e~ *® where the threshold
0q > 0.98 is used for indicating cell necrosis [14].

All experimental ablations were replicated via simulation: same antenna location, power
input (100 W), and ablation duration (5 min). The predicted ablation zones, as per Eq. (6),
were compared with the post-treatment CE-CT segmentations to measure their accuracy. Fig. 1
presents qualitative results for the HPV ablation case, with 2D and 3D comparisons of the ground
truth ablation zone, against the predicted ablation zones from our model and the manufacturer’s
geometrical model. Table 2 summarizes the quantitative results of our validation:

Our simulator outperformed the manufacturer’s prediction across all ablations. It achieved
substantial Dice coefficient improvements of 32% (B ablation), 22% (HV ablation), and 36%
(HPV ablation), while the diL distance was reduced by 2.4mm on average. The simulator
achieved lower d” values than the antenna manufacturer’s model on all ablations but one (HV);




Table 2: Dice similar coefficient (Dgim., Dman.), standard Hausdorff distances (d_, d, ), and
Hausdorff distances with 95" percentile (d95 im. s d95 man.) for the simulated and manufacturer’s
ablation zones with respect to in vivo experlmental ground truth for the ablations B (baseline far

from large veins), HV (near the hepatic vein) and HPV (near the hepatic and portal vein)

Dsim. d95 sim. dgm Dman. d95 man. dgan
B 0.82 1.7 mm 5.9 mm 0.62 4.7 mm 8.0 mm
HV 0.81 2.8 mm 8.1 mm 0.66 4.2 mm 7.3 mm
HPV 0.79 2.7 mm 6.4 mm 0.58 5.5 mm 8.2 mm

Figure 1: Visual and quantitative comparison of ablation segmentation models for the HPV case.
(a) CT slice with outlines: ground truth (blue), our prediction (red), and manufacturer’s prediction
(green). (b) 3D visualization of the ground truth ablation (blue) with surrounding vasculature (red).
(¢) Our model’s prediction (red) vs. ground truth (blue) (Dice = 0.79). (d) Manufacturer’s model
(green) vs. ground truth (blue) (Dice = 0.58)

however, the simulator’s dgf being lower on this ablation suggests that this difference is likely
due to an outlier. In fact, d is more sensitive to isolated boundary deviations than di%.

Overall, the Dice coefficients were high (around 0.8), and the di5 values remained very low
(around 2mm), indicating clinically acceptable precision. Even with the heat sink effect present
in the HV and HPV ablations, the simulator’s performance was not notably reduced: both D
and di values remained within the same range as the baseline ablation. These results suggest
that the simulator robustly models perfusion, and the combination of high Dice scores and low
diL values supports the validity of the simulation model.

3 Intervention replanning through optimization
In this section, we propose an intraoperative strategy to adjust specific ablation parameters

— namely, power, ablation duration, and electrode translation — in the event of electrode
misplacement.



3.1 Ablation replanning method

Placing the antenna at the intended position and orientation constitutes a significant technical
challenge. Indeed, the liver may have deformed significantly during antenna insertion with
respect to the preoperative plan, and this is due to the antenna itself, breathing, and/or patient
repositioning. Consequently, it is not unrealistic to consider that, in many cases, the antenna
position and orientation deviate from their intended positions after an initial insertion.

Considering this antenna misplacement context, the strategy introduced here allows the
computation of a new ablation plan, while avoiding the complete withdrawal of the antenna
that would otherwise introduce risks of tumor seeding. Specifically, it determines an optimal
translation * along the antenna’s shaft, together with an updated power P* and ablation
duration T — within realistic clinical bounds —, as to achieve a complete tumor ablation while
minimizing damage to healthy tissue. The general workflow for the proposed MWA replanning
strategy is illustrated in Fig. 2.

a)

P=PolT=To P=p*|T=TH|E=F*

Figure 2: Illustration of the replanning workflow. (a) The ideal initial plan (Py,Tp) achieves full tu-
mor coverage (b) Using the same configuration when the antenna is misplaced may cause incomplete
tumor coverage (¢) The proposed replanning tool suggests a translation t* of the antenna along the
same axis with updated power P* and duration T* to ensure complete ablation

For a new ablation plan to be admissible, the simulated ablation zone should match as
closely as possible the originally planned target ablation zone. In this work, this was achieved
by maximizing the Dice similarity coefficient, denoted by D, while simultaneously minimizing
a modified Hausdorff distance [12], denoted by dif, between the simulated and target ablation
zones. More precisely, our replanning strategy finds a new set of optimal parameters P*, T*, t*
via the following minimization problem

1 - 1 -
arg min — (1 -D (Asim (P7 T7 t ) »Atarget)) + stl)qS (Asim (P7 T: t ) 7Atarget) ) (7)

P,T,T

where Agim(P,T,t) denotes the simulated ablation zone corresponding to a given power P,
ablation duration 7', antenna translation along its axis f: and Atarges is the target ablation zone.

In addition, some clinically relevant constraints were imposed : a) the power input must
remain within 20 W and 150 W; b) the ablation duration is limited to 15 minutes; and c) the
antenna translation along its axis is restricted to [—5, 5] cm. Because the optimization problem is



highly non-linear and lacks sufficient regularity for gradient-based algorithms, genetic algorithm
was employed [9]. The population size was set to 15, and the maximum number of iterations to
100, with an average optimization iteration of 55 seconds, the total computation time for the
optimization algorithm ranged between 50 and 95 minutes. This computational cost reflects a
proof-of-concept re-planning framework and is not intended to demonstrate real-time or intra-
operative feasibility, which would require surrogate or reduced-order models beyond the scope
of this work.

3.2 Ablation replanning results

The most natural way of validating the proposed replanning strategy would be to re-plan an
ablation after a failed attempt of antenna positioning in the tumor, as illustrated in Fig. 2.
However, reproducing such scenario in swine models (which generally do not have tumors) was
not possible. As an alternative, we conducted experiments on a healthy pig, and considered the
ground-truth ablated zones directly as the target ablation zones Agarget in (7). The optimizer
was then evaluated by providing it with an antenna placement intentionally shifted from the
true experimental position.

Under these considerations, a perfect optimization should find a new plan (power/time/-
translation) that (i) corrects the initial translation, and (ii) predicts an ablation zone identical
to the target ablation zone. The Dice coefficient between these two ablation zones would then
be a solid way to evaluate the replanning strategy. However, the optimization problem (7) is
ill-posed, since several sets of parameters (P, T, T ) could yield the same simulated ablation zone
Agim. Although this issue has no significance in a real scenario where the objective is tailored
towards the target ablation zone Agarges (any couple of parameters is admissible), it does intro-
duce a bias in the evaluation of the proposed ablation replanning strategy. For this reason, the
ablation duration T" was fixed at 5 min during replanning, as in the experimental ablations, and
only the power input P and translation  were optimized.

The antenna positions from the three performed experimental ablations were artificially
shifted by 5 mm along the antenna axis. Hence, the optimal “new” plan should correspond to
the original power input (P = 100 W) and the correct translation shift (= —5 mm). For each
ablation, the optimization was run 50 times, each with a different random seed for the genetic
algorithm in order to assess optimizer robustness. Average values and standard deviations of
the Dice coefficient, Hausdorff distances, and relative errors (normalized by permissible ranges:
20:150W for power, -50:50mm for translation) in power and translation predictions are listed in
Table 3.

Table 3: Dice similarity coefficient D, standard Hausdorff distances df, and Hausdorff distances
with 95" percentile dif for the proposed ablation replanning strategy for the ablations B (baseline
far from large veins), HV (near the hepatic vein), and HPV (near the hepatic and portal vein) Diyitial
corresponds to Dice coefficient without replanning.

D dgg, df Power relative error  Trans. relative error  Dipitial
B 0.83+0.002 1.67 £0.1 mm 5.2 £0.5 mm 2.3% +0.0 0.5% =40.0 0.69
HV 0.83 £0.003 1.63 £0.1 mm 5.7 £0.5 mm 2.3% £0.0 2.1% £0.0 0.59
HPV 0.80+0.015 2.17 £0.3 mm 6.3 £0.8 mm 4.7% 40.0 1.1% £0.0 0.54

The optimizer recovered the target translation and power input with acceptable accuracy
across all three ablations. The Dice coefficients ranged from 0.80 to 0.83, improving over the
ablation predictions without replanning by 36.6% in average.

For the translation parameter, the optimizer achieved high accuracy for ablation B, with a
mean relative error of 0.5%. Ablations HV and HPV exhibited slightly larger errors, with relative



translation errors of 2.1% and 1.1%, respectively. Despite the increased vascular complexity
in these scenarios, the variability remained negligible, suggesting stable convergence toward
clinically acceptable solutions.

Power estimation showed similarly stable behavior. Relative power errors were limited to
approximately 2.3% for ablations B and HV, and increased to 4.7% for HPV. The higher error
observed in the HPV case is consistent with the presence of multiple large vessels in close
proximity to the target, which increases the sensitivity of the thermal field to power variations.
Nevertheless, the high Dice coefficients and low Hausdorff distances indicate that the optimizer
successfully identifies power—translation combinations that compensate for these effects and
accurately reproduce the ground-truth ablation shapes.

4 Conclusion

In this study, we introduced a patient-specific MWA simulator that accurately predicts abla-
tion zones from in vivo experiments with Dice scores ranging from 0.79 to 0.82, and Hausdorff
distances of approximately 2 mm. In comparison with the ablation geometrical predictions
provided by the antenna manufacturer, our simulations demonstrated consistently higher ac-
curacy, especially in challenging situations where the ablations are targeted in the vicinity of
large vessels, such as the hepatic or portal veins. Furthermore, a replanning optimizer that
could be used intra-operatively — to the best of our knowledge, the first of its kind — was pre-
sented and validated using in vivo ablations. In most clinical settings, it is almost impossible to
replicate the planned antenna position exactly. The presented optimizer introduces a potential
intraoperative correction for suboptimal or failed plans, which could achieve complete tumor
ablation with high accuracy. This optimizer was validated using ablations on a healthy animal
and achieved high accuracy and low parameter-recovery errors.

There is one limitation to the current forward simulation approach: the calibration of the
wp parameter requires an ablation to be performed beforehand. While this was feasible in our
swine experiments, it would not be the case in a clinical setting. Fortunately, several approaches
exist that estimate the wo parameter directly from CT images. Such methods would personalize
blood perfusion values, but they were not investigated in this work, as they fall outside the
scope of this study.

The simulator presented in this paper can already serve as an effective planning tool in
simple clinical settings. Its future applications are up-and-coming, as it could serve as a basis
for planning more complex interventions. For instance, completely avoiding tumor seeding
through no-touch techniques is a promising perspective, which would require thorough planning
to account for multiple impacts and necrosis coagulation.

Regarding the replanning tool, we identified several areas for improvement. First, the current
method does not account for heterogeneous tissues, in particular, the presence of a tumor. An
upcoming clinical study will bring an opportunity to develop further and validate our method.
Further, the computation time could be improved through the use of GPUs or surrogate deep
learning models.
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