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Abstract. With the increasing interest in thermal ablation therapies,
patient-specific predictive simulations have become crucial for improv-
ing both preoperative planning and intraoperative corrections. Planning
strategies typically rely on the solution of an inverse problem, yet high-
fidelity finite element simulations remain computationally prohibitive
when embedded within an optimization loop under strict clinical time
constraints. In this work, we introduce a real-time deep learning surro-
gate model for predicting liver microwave ablation outcomes, trained ex-
clusively on synthetic data and personalized through 3D perfusion maps
that encode patient anatomy and local perfusion rates. This surrogate
model takes as input the antenna position, power and ablation duration,
and outputs the predicted necrosis volume within a few milliseconds.
Once integrated into an optimization loop, it becomes possible to propose
antenna trajectories and ablation settings that maximize tumor cover-
age while minimizing damage to healthy tissue. We demonstrate this on
clinical data via a physics-based optimization framework that computes
optimal ablation parameters in under 2 minutes, critical for preoperative
planning or intraoperative re-planning in microwave ablation. The sur-
rogate model was validated on in vivo pre-clinical data where it achieved
an average Dice coefficient of 0.82 for necrosis mask prediction.
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1 Introduction

Over the last decades, percutaneous thermal ablation has emerged as a pri-
mary minimally invasive alternative to surgical resection [11]. While Radiofre-
quency Ablation (RFA) has long been the dominant modality, Microwave Abla-
tion (MWA) is increasingly preferred for large tumors due to its ability to gen-
erate higher temperatures and larger ablation zones within shorter treatment
times [16]. Ablation outcomes in MWA depend on both intervention-dependent
factors (e.g. microwave generator power, ablation duration and antenna geome-
try) and patient-specific variables (e.g. tumor proximity to vessels, dielectric and
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thermal properties). Yet, in practice, clinicians plan MWA parameters follow-
ing manufacturer-provided charts, which ignore patient-dependent factors and
therefore often overestimate ablation sizes. This is particularly important when
ablating highly-perfused organs such as the liver or kidney [18,6], where nearby
vessels cause temperature loss via advection, i.e. the heat-sink effect.

To mitigate these limitations, computational models have been proposed to
simulate ablation outcomes [14,2]|. Although these models demonstrate superior
accuracy over geometric approximations [5,10], their clinical utility is hindered
by the prohibitive computational cost of the numerical schemes (e.g. finite ele-
ment method (FEM)) used to solve the underlying partial differential equations
(PDEs). This limitation gets further amplified in MWA planning or intraop-
erative guidance scenarios, where multiple simulations (potentially hundreds)
are required for solving the associated inverse problems. Consequently, there is
a need for efficient strategies that approximate these outcomes in the shortest
possible amount of time.

Recently, surrogate models based on physics-guided neural networks have
emerged as a computationally efficient solution, enabling lesion-extent prediction
in milliseconds. Such developments include deep networks based on U-Net archi-
tectures [13], neural cellular automata [8], and DeepONet-style operator learning
[9]. However, these existing frameworks focus on RFA applications, where power
control is not possible, and optimization is essentially restricted to probe place-
ment. In contrast, MWA outcomes are strongly sensitive to ablation power and
duration [12], requiring these additional control variables to be optimized for
improved conformity between the predicted ablation zone and the clinical tar-
get. Current methods also often neglect patient-specific vascularization, which
influence has been identified as key in the heat-sink effect [4].

In this work, we propose a deep learning surrogate model for liver MWA
outcome prediction. The model is conditioned on both intervention- and patient-
specific parameters, and outputs 3D thermal damage maps and ablation zones in
milliseconds. We demonstrate its potential for inverse problem-solving in MWA
through two clinical applications: (i) an end-to-end physics-based MWA planning
solution and (ii) an intraoperative MWA re-planning solution for optimizing ab-
lation parameters after antenna misplacement. To ensure generalization without
requiring vast clinical datasets, the network is trained exclusively on simulated
MW ablations performed on synthetic anatomies, including tumors and vascular
structures. To our knowledge, this is the first study to provide a real-time deep
learning surrogate for MWA outcome prediction, enabling optimization-based
personalization within clinical time constraints.
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2 Methods

2.1 Computational model for microwave ablation simulation

Heat distribution and thermal evolution during MWA is typically modeled using
Pennes’ Bioheat equation [14]. Disregarding metabolic effects, it reads

pC%—Zj =V- (KVT) — prbwb(T — Tb) + Qext7 (1)
where p, C, T, pp, Cp and T, denote the tissue density (kg/m3), specific heat
capacity (J/kg/K) and temperature (K) of the tissue, and for the blood entering
the tissue respectively. x represents the thermal conductivity (W/m/K), wp is
the blood perfusion rate (1/s) that allows modeling the heat sink effect and Q1
is the external heat source.

The external heat source Q¢,; represents the thermal energy absorbed by the
tissue during MWA. It is related to the electric field intensity E (V/m) of the
propagating microwaves and the tissue’s electric conductivity o (S/m) by:

Qe = 5o (B, EY). @

The electric field intensity E is the solution to the microwave propagation
problem described by the frequency domain Maxwell equations:
1 2 . 0
Vxu, (VxE)—kile —j—)E=0, (3)
wWep
where w is the angular frequency (rad/s), p, is the relative permeability, e, is
the relative permittivity, £¢ is the permittivity in vacuum (F/m), and ko is the
propagation constant in vacuum (1/m).

We solved the coupled system of PDEs using a FE numerical scheme imple-
mented on FEniCSx [1], with boundary conditions appropriate for MWA and a
computational reduction strategy described in our previous work [10]. Finally,
we use the Arrhenius model to compute tissue damage and necrosis maps.

2.2 Deep learning surrogate model

We introduce a supervised deep learning surrogate model to achieve clinically
compatible computation times. Instead of adopting a physics-informed neural
network (PINN) formulation where the governing PDEs are embedded directly
into the loss, we rely on a fully supervised approach. Indeed, the coupled elec-
tromagnetic-thermal problem described above would make a PINN approach
particularly intricate and computationally expensive. By contrast, once trained,
our network can be deployed without per-case retraining.

Inputs/Outputs: The network processes both spatial and procedural in-
puts, consisting of a 3D volumetric perfusion map encoding both anatomy and
voxel wise perfusion, along with an oriented 3D Gaussian heatmap representing
the antenna tip and insertion axis. Since the Pennes bioheat equation is highly
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Fig. 1. Overview of the proposed 3D U-Net architecture with FiLM and MHA blocks.

sensitive to the perfusion parameter [4], explicitly incorporating it into the input
is essential for accurate predictions. The network jointly predicts a 3D thermal
damage map and a binary necrosis mask.

Architecture: The network is based on a 3D U-Net with feature-wise linear
modulation (FiLM) layers and a multi-head self-attention layer (Fig. 1). The
encoder consists of three downsampling stages (3% convolutions, group normal-
ization and leaky ReLU activations) with channels progressively increasing from
32 to 256. The decoder mirrors this structure, using transposed convolutions
for upsampling and skip connections. A bottleneck of four convolutional blocks
(256 channels) is followed by a multi-head self-attention block to capture long-
range spatial interactions. The procedural parameters (power and duration) are
injected at each decoder level via small MLPs that map these inputs to scale
and bias vectors modulating the FiLM layers. Finally, a 1% convolution layer
produces the two output volumes.

Loss function: The network is supervised on both thermal injury and ab-
lation zone maps through the following loss function:

2 | M, r N M, r
L = wiMSE(Dtarget; Dpred) + w2 (1 - 2o . ed|) W

|Mtarget U Mpred |

where Diarget and Dpreq denote the target and predicted damage maps, Miarget
and Mpreq denote the target and predicted ablation masks, and wi,ws are
empirically-tuned weighting factors. The supervision over the damage map com-
plements the discrete necrosis map with smooth information of thermal injury.
This is the rationale we used for keeping both quantities in the network’s output.
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2.3 Synthetic dataset generation

The network is trained only once on a large and diverse computer-generated
dataset. By exposing the model to a sufficiently rich distribution of anatomical
configurations, perfusion maps, and procedural parameters, we promote gen-
eralization across patients and clinical scenarios without requiring per-case re-
training. This design enables fast inference at deployment while retaining the
predictive fidelity of the underlying physics-based simulations.

The generated dataset consisted of 2400 samples derived from 1200 synthetic
perfusion map volumes. For each sample, two randomly generated curved trajec-
tories traversed the volume of interest to represent the portal vein and the vena
cava. Additional branches were randomly generated from these primary trajec-
tories to approximate hepatic vascular trees. Each vessel segment was dilated to
radii sampled from a normal distribution based on physiological literature [3].
These vessels structures were assigned a perfusion value of 0.2 s~! [4], while the
remaining healthy tissue was assigned values ranging from 0.015 to 0.075 s~ 1.
Finally, for each volume, a tumor with irregular boundaries was generated and
assigned a perfusion value 1.5 times of the healthy tissue perfusion [17].

MWA simulations were performed (see Sec. 2.1) with and without tumors,
with antenna configurations sampled in the vicinity of the tumor center. Abla-
tion parameters were varied to avoid the need for per-patient or per-procedure
retraining, with power levels ranging from 30 to 100 W and durations from 180
to 500 s. The dataset was split into 85% for training and 15% for validation.

2.4 Clinically-motivated inverse problem-solving

In clinical practice, the antenna insertion direction is chosen carefully to max-
imize ablation outcome and avoid critical structures. Before MWA, this choice
relies either on clinical expertise and/or geometric planning tools to minimize
insertion risk given the patient’s anatomy [7]. During MWA, because of human
error, there is no guarantee that the insertion direction will match the planned
path and antenna misplacement can occur. In both cases, it is necessary to find
optimal ablation parameters appropriate for the tumor under treatment, and
given the antenna insertion direction. Here, we propose solutions to these two
clinical contexts by efficiently solving the following minimization problem:

. |Mtumor N Apred|) ( 2 ‘Mtumor N Apred|>
argmin A\ (1— ———F"——— | 4+ X (1— , )
Pg,T,t ! < |Mtumor| 2 |Mtumor U Apred| ( )

where Aprea(P,T,t) is the ablation zone predicted by our surrogate model for
a given power P, ablation duration 7" and antenna translation along its axis t,
Miymor s the target tumor mask, A, Ao are empirically-tuned weighting factors.

The first term maximizes tumor coverage (|Miumor N Apred|/|Miumor|), while
the second minimizes damage to nearby structures via the Dice Similarity Co-
efficient (DSC) (2 |Miumor N Apred|/|Miumor U Apred|). We solved (5) using the
CMA-ES genetic algorithm, with a population size of 15 and 500 maximum
iterations.
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End-to-end preoperative MWA planning solution: Following [7], the
algorithm finds a feasible antenna trajectory satisfying geometric and clinical
constraints, including rib avoidance and protection of adjacent organs. In con-
trast to [7] that relied on a custom genetic algorithm, we employ a standard
NSGA-IT implementation to reduce optimization overhead. Using the geomet-
rically optimized insertion direction, the algorithm determines the optimal an-
tenna tip position along with ablation power and duration.

Intraoperative MWA re-planning solution: We build upon our previous
work where we compensated for antenna misplacement during MWA without
antenna reinsertion by adjusting power, duration, and axial translation [10].
Here, thanks to our surrogate model, the algorithm can identify new ablation
parameters after antenna misplacement within 30 s, which significantly enhances
the clinical feasibility of such a re-planning solution.

3 Results and discussion

3.1 Evaluation of the surrogate model

We evaluated the surrogate model’s performance in three scenarios: (i) FE sim-
ulations on synthetic anatomies, (ii) FE simulations on patient anatomies, and
(iii) 4n vivo porcine ablation experiments, with the approval of the local ethics
committee. In addition, an ablation study of key network components was also
conducted, including a variant using only FiLM layers (NNg) and a simplified
baseline (NNp) without FiLM layers where power and duration inputs are passed
directly to the bottleneck as additional channels. These results are summarized
in Table 1.

Table 1. Evaluation of ablation predictions for the surrogate model (NN) and its
variants. Average runtimes and DSCs are reported for the three scenarios.

FE & synth. | FE & patient | Porcine in vivo experiments Avg.
anatomies anatomies Abl. 1 Abl. 2 Abl. 3 Runtime
FE - - 0.83 0.83 0.80 ~ 260 s
NN 0.944+0.1 0.944+0.1 0.81 0.85 0.78 ~ 2.8 ms
NNpg 0.944+0.1 0.944+0.1 0.80 0.84 0.77 ~ 2.8 ms
NNgp 0.93+0.1 0.93+0.1 0.80 0.84 0.73 ~ 2.4 ms

In the first scenario, synthetic anatomies similar to the training set were used
for evaluation. The surrogate model demonstrated high accuracy with an aver-
age DSC of 0.94 on the predicted ablation zones. In the second scenario, real
patient anatomies extracted from the 3D-IRCADb-01 database [15] were used
to evaluate the model. Using FE simulations with varying ablation parameters,
one ablation was performed for each volume, resulting in a dataset of 123 vol-
umes of size 100 x 100 x 100. The model maintained robust performance with
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Fig. 2. Ablation zone predictions for one in vivo porcine experiment. Ablation zones
corresponding to the ground truth (blue), FE prediction (magenta) and surrogate
model prediction (green) are shown on a CT slice and 3D reconstructions of the liver.

an average DSC of 0.94, indicating strong generalization to real-patient anatom-
ical structures despite being trained exclusively on synthetic data. Finally, in
the third scenario consisting of three in vivo porcine ablations, we compared
both the FE simulation and the surrogate model predictions against manually
segmented lesions. The predicted ablation zones showed close agreement with
experimental observations in shape and volume, yielding average DSCs of 0.82
across experiments, consistent with FE simulations. This is illustrated in Fig. 2
via 2D and 3D comparisons of the ground truth ablation zone against both FE
and surrogate model outcomes.

In terms of computational efficiency, the average runtime for a single FE
simulation was approximately 260 s, whereas the surrogate model required only
2.8 ms per inference. While performance was comparable across network vari-
ants, our ablation study indicates that FiLM and self-attention layers enhance
generalization, a benefit most evident in the in vivo evaluation. Overall, these
results indicate that the proposed surrogate model achieves near-FE accuracy
while reducing computational cost by nearly five orders of magnitude.

3.2 Evaluation of the MWA planning and re-planning solutions

The planning solution proposed in Sec. 2.4 was evaluated using real patient
tumors. Only tumors treatable with a single ablation (below 40 mL including
5 mm safety margin) and lying inside the liver were considered, resulting in a
total of 112 tumors. Because no clinical ground truth exists for these cases, we
evaluated our method by comparing it against a standard clinical baseline. First,
we performed geometric planning to determine antenna placement and used
manufacturer-provided charts to select the corresponding power and duration.
The surrogate model was then employed to compare the ablation outcomes of
this baseline approach against our proposed optimization solution.

On the 112 tumors, the average DSC was improved from 0.62 + 0.12 to
0.8040.07 when using optimal parameters, which substantially increases healthy
tissue preservation. Likewise, the coverage was improved from an average of
0.58 + 0.11 to 0.90 4+ 0.09. Suboptimal coverage occurred primarily in tumors
with elongated shapes or near the 40 mL limit, which would likely require more
than one ablation. Nevertheless, even in these challenging cases, the proposed
physics-informed planning strategy significantly outperformed a geometry-based
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Table 2. Evaluation of MWA re-planning solution. Mean relative retrieval errors for
power and antenna translation for re-planning solutions based on FE and the surrogate
model (NN), for three porcine in vivo experiments and 100 distinct initial conditions.

Experiment| Power (FE) Power (NN) | Trans. (FE) | Trans. (NN)
Ablation 1 2.3% +0.0% 2.6% £0.2% 0.5% +0.0% 0.8% +0.0%
Ablation 2 2.3% +0.0% 3.3% +0.4% 2.1% £0.0% 0.1% £+0.0%
Ablation 3 4.7% +0.0% 4.1% +0.4% 1.1% +0.0% 0.1% +0.0%

planning approach. The algorithm found optimal solutions in less than 2 minutes,
including at least 30 s for the geometric planning optimization. Regarding the
intraoperative re-planning solution, we followed the evaluation protocol from
our previous work [10]. For an in vivo ablation experiment with known ablation
parameters, we artificially shift the antenna tip along its axis, and use the in vivo
ablation as tumor target to solve (5). The relative errors of optimal to known
ablation parameters are reported in Table 2. The proposed solution achieved
results consistent to our previously proposed FE-based re-planning solution [10],
but at a fraction of the time: the total optimization time was reduced from more
than 50 min to approximately 30 s.

4 Conclusion

This work presents a deep learning surrogate model for predicting MWA out-
comes. By leveraging a 3D U-Net architecture enhanced with FiLM conditioning
and self-attention, the model effectively encodes 3D perfusion maps and pro-
cedural ablation parameters to provide patient-specific predictions in real-time.
Although trained exclusively on synthetic data, the model demonstrated remark-
able generalization to both in vivo porcine experiments and human anatomies,
achieving an average DSC of 0.82 on pre-clinical data. Due to its training on
a wide range of power settings and physiological conditions, the model adapts
well to patient-specific variables, requiring retraining only if new antenna hard-
ware is introduced. In the context of MWA planning, by identifying optimal,
tumor-covering ablation parameters in under 2 minutes, our work demonstrates
significant potential for clinical translation. And while our work has focused on
liver MWA, our approach remains generic and extensible to other organs. Fur-
ther, by priorizing classical optimization over black-box approaches, we promote
interpretability: in the last iterations of the optimization loop, the surrogate
model can be replaced with the FE solution to compensate for model errors.
This strategy enhances reliability, a key feature for clinical applications.

A primary limitation of this work lies in its focus on single-probe config-
urations, whereas large or irregular tumors may require the simultaneous or
sequential use of multiple antennas. Future research will extend the framework
to account for cumulative thermal effects and overlapping necrosis zones. Such
advancements will likely require architectural modifications to the network to
handle the non-linear interactions between multiple electromagnetic sources.
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