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Abstract. Percutaneous thermal ablation is a localized treatment for
hepatic tumors for which multi-needle planning remains mostly man-
ual, while the di�culty grows sharply with the number of needles and
the complexity of the targets. We present a GPU-accelerated pipeline
that jointly optimizes all needle placements and ablation parameters in
a single run, to aim for a perfect burn. Our pipeline uses a decompo-
sition-based multi-objective particle swarm optimizer, with four clinical
objectives (coverage, e�ciency, safety, insertion depth), per-needle acti-
vation variables to optimize needle count, a CUDA-based �tness evalua-
tion, and Vulkan-rendered safety maps. Tested on 94 tumors, the method
achieves better coverage, larger distance to critical structures, and less
collateral damage than the expert plan, in less than 6 seconds. An ex-
pert rated 88% of auto-plannings as clinically acceptable as is (≥4/5)
and 99% as requiring only minor adjustments (≥3/5), with 97% judged
equivalent or superior to manual plans (87% preferred, 10% equivalent).

Keywords: Thermal ablation · Treatment planning · Multi-objective
optimization · GPU acceleration · Particle swarm optimization

1 Introduction

Percutaneous thermal ablation (PTA) is a �rst-line treatment for hepatic tu-
mors [9,6] in which a needle-like applicator delivers thermal energy at its tip to
induce localized tumor necrosis. Tumor recurrence depends critically on the min-

imal ablation margin (MAM), a 5�10mm layer of destroyed tissue surrounding
the tumor. Insu�cient MAM is an independent predictor of recurrence [11]. For
large or irregular tumors, multiple impacts, either through the same (pullback)
or di�erent applicators, may be needed to fully cover the margin. This complex
combinatorial problem involves a dozen decision variables per needle, and the
clinician must balance four con�icting objectives simultaneously. In practice, this
time-consuming task is performed mentally with limited 3D spatial reasoning.

For more than two decades, the literature has addressed mostly parts of this
problem. Trajectory-only methods [3,2,22,17] optimize single-needle insertion but
ignore needle count, ablation parameters, and composite multi-needle coverage.
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Sequential multi-needle methods [16,21,14] place needles in stages, preventing
revision of earlier decisions and potentially leading to suboptimal composite
plans. In the most recent study, Pan et al. [21] achieved automatic planning in
22 s using whale optimization with extensive clinical constraints, but prede�ned
needle targets and ablation dimensions. Lukes et al. [17] jointly optimized mul-
tiple trajectories with adaptive needle count but �xed ablation geometry and
relied on weighted-sum scalarization, which may overlook portions of the Pareto
front [10]. Simulation-based methods [15] improve accuracy via thermal model-
ing but incur prohibitive computational cost (∼480 s on CPU [15]), precluding
intraoperative replanning. Learning-based approaches [4,20] o�er fast inference
but remain limited to single needles or single targets. Recent surveys [23,8,27]
con�rmed that no existing method simultaneously provides: (a) joint optimiza-
tion of all needles, (b) true multi-objective Pareto optimization across coverage,
e�ciency, safety, and depth, (c) adaptive needle count including pullback ab-
lations, (d) safety-aware trajectory selection inside the optimization loop, and
(e) speed compatible with intra-operative use.

We address these gaps with the following contributions:

1. GPU-accelerated 4-objective pipeline that jointly optimizes multi-needle
trajectories, ablation parameters, and safety.

2. MOEA/D�PSO formulation yielding a clinically meaningful Pareto front.
3. Per-needle activation encoding with e�ciency-driven parsimony,

determining needle count within a single run.
4. Native support for pullback ablations, enabling multiple ablations at dif-

ferent depths along a single insertion via controlled retraction.
5. Evaluation on 50 clinical hepatic cases (94 targets, 3 di�culty tiers),

combining quantitative metrics with expert review.

2 Method

2.1 Problem Formulation

Given T target tumor meshes {Mt}Tt=1, K obstacle meshes {Ok}Kk=1, and a skin
surface S, we seek a plan P optimizing four objectives f1 to f4. P contains an
optimal number of needlesN , and for each needle i = 1, . . . , N , a tip position pi∈
R3, an orientation (θi, ϕi) in spherical coordinates, and an ablation preset ai.
Each target is optimized independently and combined into a uni�ed plan.

The four objectives re�ect the placement criteria most commonly adopted in
PTA decision-making:

f1(P) =
nTP

nTP + nFN
(Coverage or Sensitivity) (1)

f2(P) =
nTP

nTP + nFP
(E�ciency or Precision) (2)

f3(P) =

∑
i si e

−ksi∑
i e

−ksi
(Safety) (3)

f4(P) = 1− 1

N

∑N

i=1
d̂ 2
i (Depth) (4)
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Fig. 1. Three-stage pipeline overview: (1) safety-map generation, (2) MOEA/D�PSO
optimization, and (3) metrics computation against tumor and margin.

where nTP/nFP/nFN are respectively the true positive, false positive, and
false negative voxel counts sampled on a grid over the ablation and margin vol-
umes, si ∈ [0, 1] a per-trajectory safety, N the active needle count, and d̂i the
insertion depth, clamped to [40, 200]mm and normalized to [0, 1]. Safety (3) uses
a Boltzmann softmin (k=5), ensuring the optimizer cannot hide one dangerous
trajectory behind several safe ones. Needle parsimony is implicitly included in ef-
�ciency (2): in general additional needles add false positives (collateral damage),
lowering this score. Coverage is evaluated against the MAM during optimization.

Our approach models this multi-needle planning problem as a joint multi-
objective search, in which all needles associated with a given tumor are optimized
simultaneously, rather than placed sequentially. To achieve this, we propose a
pipeline in three stages (Fig. 1): (1) safety-map generation via Vulkan GPU �sh-
eye rendering, (2) MOEA/D�PSO optimization with CUDA �tness evaluation,
and (3) metrics computation.

2.2 Safety Map Generation

Safety is integrated in the optimization objective by pre-computing a dense safety
map as a texture via GPU �sheye rendering (Fig. 2). Directions are sampled on

a

b

occluded tumor - attainable tumor - risk structures

c

0.0 (unsafe) 1.0 (safe)

Fig. 2. (a) Safety map texture applied on the 3D mesh of the skin (color range from
green=safe to red=unsafe). (b) Sphere safety map as a texture. (c) Occlusion rendering
of anatomy and tumor from one speci�c entry point.



4 J. Mehtali et al.

a 256×128 sphere texture. For each direction, a camera is placed on the skin
surface looking inside the body and renders a 2562 �sheye depth map in two
passes: (1) obstacle MIN-blend and back-face target MAX-blend, yielding safety
as the unoccluded target ratio; (2) liver-margin clearance (<10mm discarded).
Validated points are indexed in a 32×16-bin spherical grid for O(1) lookup.
The map is computed once per case before optimization and remains static
throughout the search, with needle safety queried per-particle by a single texture
fetch during GPU �tness evaluation.

2.3 MOEA/D�PSO Optimization

With four competing objectives, dominance-based algorithms such as NSGA-II
su�er from weak selection pressure in high-dimensional objective spaces [29].
We adopted a Multiobjective Evolutionary Algorithm based on Decomposition
(MOEA/D) [29] with Particle Swarm Optimization (PSO) as the search oper-
ator. While decomposition-based multi-objective PSO has been explored pre-
viously in other contexts [28,1], our contributions lie in the clinical planning
formulation and domain-speci�c operators described below.

PSO is a population-based search method in which candidate solutions (�par-
ticles�) iteratively move through the decision space by combining their own mo-
mentum with attraction toward known good positions. Rather than comparing
solutions via dominance, MOEA/D decomposes the 4-objective problem into
Nw scalar sub-problems, each de�ned by a weight vector λ = (λ1, . . . , λ4) that
assigns a di�erent relative priority to the four objectives (λi ≥ 0,

∑
i λi = 1).

Das�Dennis vectors [7] distribute these weights uniformly on the 4-simplex by
discretizing each component into multiples of 1/H; with granularity H=8 this
yields Nw =

(
4+H−1

H

)
= 165 vectors, each de�ning one sub-problem optimized

by a dedicated particle. Boundary vectors are added to better cover extreme
Pareto regions (e.g. pure coverage or pure safety).

Each sub-problem converts its 4-objective evaluation into a single scalar via
Penalty-based Boundary Intersection (PBI) scalarization [29]: gPBI = d1+ϑ ·d2,
where d1 is the projection of the objective vector onto the weight direction
(measuring convergence toward the ideal point z∗) and d2 is the perpendicular
distance from that direction (penalizing deviation from the assigned trade-o�).
The ideal point z∗ = (z∗1 , . . . , z

∗
4) tracks the best value found so far and is

updated every iteration. We set ϑ = 5.0, providing strong diversity pressure to
prevent sub-problems from collapsing on the same region of the Pareto front [29].
Particle velocity is updated via the Clerc�Kennedy constriction rule [5]: vt+1 =
χ(vt + c1r1(pbest − xt) + c2r2(gbest − xt)), with c1 = c2 = 2.05 and χ ≈ 0.7298,
ensuring stable convergence without inertia tuning.

Each particle encodes a plan as a vector with 12 variables per needle: direction
(θ, ϕ) in spherical coordinates, tip position (px, py, pz), primary burn size scalar
s∈ [0, 1] (mapped to ellipsoid dimensions via manufacturer-calibrated pro�les),
number of burns n∈1, 2, 3 along the direction of the needles to allow for pullback
ablation strategies, pullback spacings δj , per-burn sizes sj , and activation a
(≥ 0.5: active, otherwise suppressed). Total dimensionality is Nmax × 12, with
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Nmax the maximum number of needles allowed. The needle tip is the decision
variable anchor; the ablation epicenter is derived as e = p − d̂ · δo�set, and
pullback burns are positioned along the shaft at cj = e+ d̂ ·

∑j
k=1 δ

k.
Each particle maintains Tn = 20 weight-vector neighbors; gbest is the best-

PBI particle among the Tn neighbors, with nr = 2 replacements per iteration.
Domain-aware continuous mutations (direction rotation up to π rad, position
±15%, size ±20%; probability 0.1 per needle) and needle-level crossover (ev-
ery 7 iterations) preserve geometric structure. Discrete structural mutations
(add/remove/replace, every 13 iterations) enable variable needle count. Opti-
mization terminates via multi-criteria early stopping: all four objectives must
individually stagnate (<0.1% improvement over 100 iterations) after a 25% grace
period, con�rmed over 5 consecutive checks.

2.4 GPU Fitness Evaluation

The evaluation of Nw candidate plans per iteration, each requiring volumetric
coverage assessment, constitutes a computational bottleneck. We accelerated this
with CUDA, using a signed distance �eld (SDF) at ∼2mm resolution uploaded
as a 3D texture for mesh-accurate containment queries via trilinear interpolation.
A single kernel evaluates all particles in parallel: needle ellipsoids are decoded
into shared memory, the tight union bounding box is sampled on an adaptive
grid and each point is tested for ellipsoid and target membership. To avoid local
recurrence, full coverage of a MAM of at least +δ =5mm from the tumor sur-
face is mandatory [11,25]. However, in practice, the multi-objective optimization
tends to produce ablations that conform too tightly to the MAM surface, occa-
sionally leaving irregular parts of the margin under-covered. To guarantee full
margin coverage, we chose to in�ate δ by an additional 3mm during optimiza-
tion. Values for nTP/nFP/nFN are accumulated via shared-memory reduction.
Safety is evaluated by associating each needle's position and direction to the
corresponding insertion point on the safety map.

Prior methods �xed needle count a priori or estimated it from volumet-
ric ratios before optimization [16,13,14], committing structural decisions before
the full plan is known. In our approach, all Nmax needles are encoded in every
particle; the activation variable determines which are active (ai≥0.5). The opti-
mizer selects the appropriate count: adding a super�uous needle increases false
positives, lowering e�ciency (2), while discrete mutations (add/remove/replace)
explore di�erent counts across the Pareto front.

3 Dataset and Metrics

The dataset used in this study was built from the Colorectal-Liver-Metastases
(CRLM) database of pre-segmented images [26]. Filters were used to select cases
as per the COLLISION classi�cation of ablability [12]: Tier 1 has single tumors
with simple access and lowest risk; Tier 2 includes intermediate cases with either
multiple lesions or bilobar distribution; Tier 3 contains multi-lesion and bilobar
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tumors, with the highest planning complexity. A total of 50 cases, comprising
94 individual tumors, was selected by an expert clinician among cases with no
extrahepatic disease and maximal tumor diameter ≤ 4.3 cm, with the following
distribution: Tier 1: 25 cases (50%), Tier 2: 15 cases (30%), Tier 3: 10 cases
(20%). Mean tumor diameter was 12.0 ± 6.6mm. The average distance to the
closest critical structure across tumors was 4.8±4.4mm, hepatic vessels (hepatic
veins, portal vein, inferior vena cava) being the nearest obstacle in 64% of cases.
In 59% of cases, the tumor was located < 5mm from the liver surface, requiring
angled insertions through parenchyma before reaching the tumor. Mean distance
to the skin surface was 54.3 ± 25.3mm, re�ecting the range of insertion depths
encountered in clinical practice.

For each case, all segmented structures (liver, tumors, vasculature, skin, and
15 organs) were reconstructed as 3D surface meshes. A manual plan was created
by a hepato-biliary surgeon under clinical routine conditions, placing needles
interactively on 2D slices using Medtronic Emprint microwave presets identical
to those available to the auto-planner. The full dataset has been made publicly
available at: https://�gshare.com/s/13c01677c744eb1625c6.

Because our optimizer aims to cover the MAM, we computed metrics mostly
against the margin. Coverage, e�ciency, and Dice similarity coe�cient (DSC)
quantify the voxel overlap between the ablation zone and the margin volume.
All overlap metrics were computed at 0.5mm isotropic resolution. The 95th-
percentile Hausdor� distance (HD95), less sensitive to outliers than the full
Hausdor� distance, measures boundary agreement. We additionally computed
the distance from needle to closest critical structure (DTC, in mm), a stan-
dard safety metric [24,13] and the average needle insertion depth (mm). Finally,
Cohen's d and q-value were computed to evaluate signi�cance of the results.

To complement quantitative metrics, the same surgeon-scientist indepen-
dently reviewed all 94 auto-planner targetsand assessed: (1) Acceptability on a 5-
point Likert scale (1=unacceptable, 2=major changes needed, 3=minor changes
needed, 4=minor optional, 5=fully acceptable), and (2) Preference, indicating
which plan they would follow clinically (Auto-planner, Expert or Either). Free-
text comments were collected to identify recurring clinical concerns and planning
biases.

4 Experiments and Results

All experiments were run on a dedicated workstation equipped with an Intel
Core i9 processor, 32.0 GiB of RAM, and an NVIDIA RTX 4080 SUPER graphics
processing unit. Median per-target optimization time was 5.2 s (mean 5.4 s), with
a one-time safety map pre-computation of 2.8 s per case.

Table 1 shows paired results. The auto-planner achieved full MAM coverage
in 100% of cases, signi�cantly improving DSC (0.892 vs. 0.525), and maintaining
wider safety margins (DTC 6.0 vs. 4.4mm) (Fig. 3B). E�ciency shows that
expert plans caused ∼61% collateral damage on healthy tissue vs. ∼17% for

https://figshare.com/s/13c01677c744eb1625c6
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Table 1. Per-case comparison between automatic and expert planning averaged over
94 targets from 50 cases: Average (SD) are reported with di�erence (∆) and statistical
signi�cance (Wilcoxon signed-rank test, Benjamini�Hochberg FDR correction).

Structure Metric Auto Expert ∆ Cohen's d q-value

Target Coverage 1.000 (0.000) 0.988 (0.038) +0.012 0.31 0.003

Margin

Coverage 1.000 (0.000) 0.939 (0.100) +0.061 0.61 <0.001
E�ciency 0.829 (0.067) 0.394 (0.159) +0.435 3.00 <0.001
DSC 0.892 (0.040) 0.525 (0.145) +0.366 2.75 <0.001

DTC (mm) 6.0 (3.1) 4.4 (2.8) +1.6 0.51 <0.001
Depth (mm) 102.5 (23.3) 98.0 (20.5) +4.5 0.20 0.214
HD95 (mm) 5.9 (1.0) 9.1 (2.6) −3.2 −1.23 <0.001

the auto-planner. Both methods provided comparable insertion depth (102.5 vs.
98.0mm, q=0.214), indicating equivalent complexity of execution.

The di�erence between methods increased with case di�culty (Fig. 3A). Ex-
pert DSC dropped from 0.578 on Tier 1 to 0.450�0.464 in Tiers 2�3, while the
auto-planner maintained DSC at 0.899, 0.875, and 0.898. Expert e�ciency de-
clined from 0.445 (Tier 1) to 0.314�0.336 in complex cases (Fig. 4), whereas the
auto-planner maintained conformal plans regardless of target count. The auto-
planner achieved consistently lower HD95 (Fig. 3C) suggesting better centering
of ablations and less over-treatment. Figure 4 shows representative plans across
tiers. Auto-planned ablation zones conform more closely to the margin boundary
while expert plans show over-ablation, particularly in multi-target cases.

The expert clinical review yielded a mean acceptability of 4.4±0.8 across all
94 targets: 88% scored ≥ 4 (acceptable with at most minor optional improve-
ments) and 99% scored ≥ 3 (minor changes at most). The auto-planner was
preferred in 87% of targets, while 10% were rated as equivalent, the expert plan
being preferred in only 3%. Acceptability remained stable across tiers (Tier 1:
4.4± 0.9, Tier 2: 4.5± 0.7, Tier 3: 4.5± 0.7), con�rming that clinical quality did
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Fig. 3. Quantitative results per tier: (A) Margin DSC, (B) DTC, (C) Margin HD95.
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Burns: 2 | DSC: 0.58 | DTC: 2.5mm

f

Burns: 3 | DSC: 0.51 | DTC: 2.5mm

Fig. 4. Qualitative comparison across tiers. Top: auto-planner; bottom: expert. Tumors
and margins (green), ablation zones and needles (blue/yellow), translucent organs.

not degrade with case complexity. The most frequent reason for preferring the
auto-planner was inadequate coverage of the margin in the expert plan, explic-
itly noted in 40% of targets, underlining both the di�culty of planning manually
from 2D slices and the importance of a full MAM coverage.

Recurrent concerns included trajectories leaving the liver (10%), super�u-
ous applicators (13%), and overly tangential approaches (7%), suggesting future
constraints on intrahepatic path length and entry angle. The reviewer also noted
cognitive biases in manual plans (in-plane trajectory bias, landmark bias), high-
lighting the value of automated planning.

5 Conclusion

We presented a GPU-accelerated pipeline that jointly optimizes multi-needle
placement, ablation parameters, and trajectory safety for percutaneous thermal
ablation. A 4-objective MOEA/D�PSO formulation with per-needle activation
encoding determines needle con�gurations and count in a median of 5.2 s per
target without sequential commitment of individual needles.

On 50 paired clinical hepatic cases, the auto-planner improves on almost all
metrics compared to the expert. Multi-target planning, where clinicians must
mentally coordinate high-dimensional trade-o�s, is where the method o�ers the
largest measured improvement. An expert review con�rmed clinical acceptabil-
ity with minor or no adjustments in 99% of cases (single-reviewer assessment;
multi-reader validation remains future work). A few outliers remain, indicating
potential gains from added constraints suggested through the questionnaire, or
multi-run selection. To get even closer to the perfect burn, in future work we
intend to integrate our fast physics-based ablation zone simulations [19,18], that
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account for multi-needle thermal interaction e�ects where overlapping zones are
not simply additive.
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