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Abstract. Intracranial aneurysms exhibit substantial variability in size,
morphology, and anatomical location, limiting the availability of diverse
and balanced training data for CTA-based learning tasks such as detec-
tion and segmentation. Existing synthesis and augmentation approaches
either lack explicit spatial control or struggle to generate anatomically
consistent aneurysms in 3D angiography volumes. We propose ReScan-
IA, a spatially-adaptive 3D diffusion framework for controllable aneurysm
synthesis. We frame aneurysm inpainting as a virtual re-scan, where a
clinically plausible aneurysm is introduced into an existing CTA volume
as if it had been captured in a repeat acquisition. ReScan-IA integrates
spatially-adaptive conditioning to control aneurysm placement and mor-
phology. A binary vessel prior promotes vascular continuity, while multi-
class Circle of Willis labels are used during synthetic sampling to se-
lect anatomically corresponding vessel territories, insertion sites, and
aneurysm templates. We train on 1,223 multi-center CTA volumes from
the LargeIA and RSNA datasets and evaluate utility on two independent
external datasets under real-only, synthetic-only, and augmented train-
ing settings. Augmenting 250 real cases with synthetic samples improves
voxel-wise Dice on External A from 41.1% to 62.2%, while reducing false
positives per case from 5.07 to 1.83 and improving recall over the real-
only baseline across both external cohorts. Implementation is available
at: https://github.com/9xEzreaL/ReScan-IA
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sion Models.
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1 Introduction

Intracranial aneurysms (IAs) exhibit substantial variability in size, morphol-
ogy, and anatomical location [9]. Accurate detection and segmentation in CTA
volumes require diverse and well-balanced training data. However, annotated IA
datasets are limited, highly imbalanced, and subject to cross-center domain shift
[1, 5, 12], restricting the generalization of learning-based models.

Generating synthetic training samples has emerged as a promising solution to
address data scarcity and improve model robustness in medical imaging [2, 3, 10].
However, existing data augmentation strategies, including geometric transforma-
tions and intensity perturbations, fail to introduce novel aneurysm morphologies
[4, 14]. GAN-based synthesis methods often operate in 2D and lack explicit spa-
tial controllability [16]. Recent diffusion-based inpainting approaches improve
visual fidelity but do not enforce vascular structural consistency [13, 15], leading
to unrealistic pathological insertions in 3D CTA volumes.

To address these limitations, we propose ReScan-IA, a spatially-adaptive 3D
diffusion framework for controllable aneurysm synthesis. We formulate aneurysm
insertion as a re-scanning process, where a clinically plausible aneurysm is in-
troduced into an existing CTA volume while preserving surrounding vascular
anatomy. The model incorporates dual conditioning: (1) a vessel segmentation
prior to enforce anatomical continuity, and (2) a spatial control mask that enables
precise localization and morphology control via decoder-level spatial modulation.

Our contributions are: (1) We introduce a spatially-adaptive diffusion frame-
work for structure-aware 3D aneurysm pathology synthesis. (2) We design a
dual-conditioning architecture that combines input-level anatomical priors with
feature-level spatial modulation. (3) We demonstrate that controllable synthetic
augmentation significantly improves downstream IA segmentation and detection
under low-data and cross-dataset settings.

2 Methods

2.1 Problem Formulation

As illustrated in Fig. 1(a), we formulate aneurysm synthesis as anatomically
guided inpainting in 3D CTA volumes. Let x0 ∈ R1×H×W×D denote an original
3D CTA scan. Given an inpainting mask m, our goal is to generate a modified
volume x̂ that preserves vascular anatomy outside the mask while synthesizing
a plausible aneurysm inside.

Structural guidance is provided by a binary vessel mask v ∈ {0, 1}1×H×W×D

encoding vascular geometry. The model is further conditioned on a spatial control
mask s ∈ {0, 1}1×H×W×D that specifies aneurysm location and morphology.
During training, s corresponds to the ground-truth aneurysm region; during
inference, it serves as a user-defined control signal. The generative process of
ReScan-IA is formulated as learning the conditional probability

pθ(x̂ | x0,m, v, s). (1)
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Fig. 1. Overview of the ReScan-IA framework. (a) Training procedure of the diffu-
sion model with vessel-aware and spatial conditioning. (b) Illustration of the spatially-
adaptive feature modulation mechanism. (c) Downstream synthetic data generation
and mask sampling strategy during inference.

During synthesis, context preservation is enforced by

x̂ = (1−m)⊙ x0 +m⊙ x̃, (2)

where x̃ denotes the denoised content within the masked region. This formu-
lation preserves anatomical context outside the mask while enabling controllable
aneurysm synthesis.

2.2 Dual-Conditional Diffusion Architecture

To model the conditional distribution pθ(x̂ | x0,m, v, s), we adopt a masked 3D
diffusion-based inpainting framework. ReScan-IA employs a 3D U-Net denoiser
ϵθ to predict the Gaussian noise injected during the forward diffusion process
[6]. The forward process progressively perturbs x0 to obtain xt at timestep t ∈
{1, . . . , T}.

At each denoising step, the network receives

Cin = concat(xt ⊙m+ x0 ⊙ (1−m), xbg, v), (3)

where
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xbg = (1−m)⊙ x0. (4)

Here, the masked noisy input xt ⊙m + x0 ⊙ (1 −m) enables diffusion pro-
gressive refinement within the target region, while xbg explicitly preserves the
surrounding vascular anatomy. The vessel mask v provides structural guidance
to maintain vascular continuity.

Let
he = Encoder(Cin, t), (5)

denote the hierarchical latent representations extracted by the encoder, where
t is encoded using sinusoidal timestep embeddings. While input-level condition-
ing enforces global anatomical consistency, explicit morphology and location con-
trol are introduced via feature-level spatial modulation in the decoder (Sec. 2.3).

2.3 3D Spatially-Adaptive Feature Modulation

The proposed spatially-adaptive modulation mechanism is illustrated in Fig. 1(b).
To achieve fine-grained spatial control over aneurysm placement, we integrate a
3D spatially-adaptive feature modulation mechanism within the decoder of the
U-Net. Inspired by SPADE [11], we extend spatial modulation to volumetric fea-
ture maps using 3D convolutions. Let h ∈ RC×D×H×W denote an intermediate
decoder feature map. Given a binary spatial control mask s ∈ {0, 1}1×D×H×W ,
resampled to match the resolution of h, we compute spatially varying modulation
parameters γ(s) and β(s) via lightweight 3D convolutional layers. Specifically, a
shared embedding is first extracted as

A = ReLU
(
Conv3×3×3(s)

)
, (6)

followed by

γ(s) = Convγ(A), β(s) = Convβ(A). (7)

The feature map is then modulated through an affine transformation:

h′ = h⊙
(
1 + γ(s)

)
+ β(s), (8)

where ⊙ denotes element-wise multiplication. This modulation injects spatial
control signals directly into decoder features, allowing the network to adaptively
synthesize aneurysm structures at user-specified locations.

Notably, spatial modulation is applied exclusively in the decoder, forming
an asymmetric design: the encoder extracts stable anatomical representations
from Cin, while the decoder integrates pathological structures guided by s. This
design ensures precise spatial control while preserving global vascular context.



ReScan-IA: Controllable 3D Aneurysm Inpainting 5

2.4 Training Objective

The diffusion model is trained with an ℓ1 masked denoising objective to pre-
dict injected Gaussian noise. To focus the generative capacity on the aneurysm
synthesis region while preserving the surrounding healthy anatomy, we define a
spatially masked loss:

L = Ex0,ϵ,t

[∥∥m⊙
(
ϵ− ϵθ(Cin, t, s)

)∥∥
1

]
, (9)

where m denotes the inpainting mask and ⊙ represents element-wise multi-
plication. By restricting the loss computation to voxels where m = 1, gradients
are propagated only within the designated synthesis region, thereby preserving
anatomical structures outside the mask.

2.5 Diffusion Training Details

The diffusion model was trained for 100,000 iterations on an NVIDIA L40 GPU
using Adam (lr 5 × 10−5) with T = 1000 timesteps and a linear schedule [13].
Training used 963 patches (batch size 1), and inference used 1283 patches for
increased spatial context.

2.6 Datasets and Preprocessing

ReScan-IA was trained on 1,223 multi-center CTA volumes, including 287 sub-
jects from the RSNA Intracranial Aneurysm Detection challenge dataset [12]
and 936 subjects from LargeIA [1]. An additional 250 held-out LargeIA sub-
jects were excluded from ReScan-IA training and used as the internal pool for
downstream segmentation and detection experiments. Cross-dataset generaliza-
tion was assessed on two non-overlapping LargeIA external test cohorts, Ex-
ternal A (n=71) and External B (n=67), which were distinct from all subjects
used for ReScan-IA training, synthetic sample generation, and model selection.
All volumes were resampled to isotropic 0.5 mm spacing, skull-stripped using
SynthStrip [7], clipped to [-50, 450] HU, and linearly normalized to [-1, 1]. The
same preprocessing pipeline was applied to all datasets.

2.7 Downstream Experimental Setup

We evaluated the utility of ReScan-IA for data augmentation through controlled
downstream experiments on aneurysm segmentation and detection tasks using
nnU-Net [8]. All models were trained with the 3d_fullres configuration (patch
size = 96 × 96 × 96) under a 5-fold cross-validation setup for 100 epochs with
identical hyperparameter settings. The voxel spacing and preprocessing pipeline
followed Sec. 2.6.

We defined four controlled training regimes based on subjects from the LargeIA
internal validation set:

(1) Real-10: 10 real CTA subjects were used for training.
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Table 1. Segmentation and detection performance on External Datasets A and B.
Best results per dataset are highlighted in bold.

Methods Segmentation Detection

Dice (Voxel-wise) Dice (Case-wise) FP / case Precision Recall

External A

Real-10 35.90 10.24
(4.10–16.38)

1.93
(1.42–2.44)

9.26
(3.36–15.16)

30.00
(16.26–43.74)

Synthetic-250 42.83 21.95
(15.45–28.45)

11.71
(10.50–12.92)

5.39
(4.12–6.67)

88.89
(79.34–98.44)

Real-250 41.11 11.17
(4.82–17.51)

5.07
(4.49–5.66)

3.81
(1.73–5.88)

30.00
(16.26–43.74)

Real+Synthetic
(250+250) 62.24 24.65

(16.27–33.03)
1.83

(1.49–2.16)
19.02

(12.22–25.82)
58.89

(44.11–73.67)

External B

Real-10 19.46 9.88
(4.39–15.37)

1.72
(1.15–2.28)

12.81
(5.35–20.28)

27.78
(14.36–41.20)

Synthetic-250 35.20 18.80
(13.12–24.49)

12.16
(11.30–13.03)

5.15
(3.93–6.36)

87.04
(77.32–96.76)

Real-250 28.58 12.00
(6.47–17.53)

5.28
(4.67–5.90)

4.85
(2.61–7.08)

38.89
(24.61–53.17)

Real+Synthetic
(250+250) 28.06 16.57

(9.48–23.67)
1.82

(1.51–2.14)
18.08

(11.17–24.98)
51.11

(36.26–65.96)

(2) Synthetic-250: For each of the 10 subjects, 25 synthetic volumes were
generated using ReScan-IA, yielding 250 synthetic-only samples. Synthetic mor-
phologies were sampled from real aneurysm masks and inserted into anatomically
corresponding vessels.

(3) Real-250: 250 real CTA subjects were used for training.
(4) Real+Synthetic (250+250): The 250 real subjects from (3) were

augmented with the 250 synthetic volumes generated in (2).
All trained models were evaluated on two independent external test cohorts

(External A and External B) to assess cross-dataset generalization performance.
For segmentation evaluation, we report both case-wise Dice and voxel-wise Dice.
Case-wise Dice was computed per subject and averaged across the test set with
95% confidence intervals. Voxel-wise Dice was computed by summing true posi-
tives, false positives, and false negatives across all cases before applying the Dice
formula, corresponding to voxel-wise aggregation over the entire dataset.
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Fig. 2. Qualitative ablation comparison. From left to right: real CTA image, aneurysm
mask, Palette diffusion inpainting, ReScan-IA without spatially-adaptive modulation,
and the proposed ReScan-IA. Palette fails to preserve vascular continuity, while re-
moving spatially-adaptive modulation leads to poor morphological control. ReScan-IA
achieves anatomically consistent and controllable synthesis.

3 Results

3.1 Qualitative Ablation

Qualitative comparisons between Palette diffusion, ReScan-IA without spatially-
adaptive modulation, and the full ReScan-IA are presented in Fig. 2.

Palette produces discontinuities along vessels and unrealistic aneurysm struc-
tures. Removing spatially-adaptive modulation results in plausible textures but
inaccurate adherence to the intended spatial mask. The full ReScan-IA preserves
vascular continuity and generates aneurysms aligned with the specified control
region.

3.2 Quantitative Results

Segmentation Performance. On External A, Real+Synthetic achieved the high-
est voxel-wise Dice (62.24%), compared to Real-250 (41.11%) and Synthetic-250
(42.83%). Case-wise Dice followed a similar pattern (24.65 vs. 11.17 and 21.95).
On External B, Synthetic-250 obtained the highest voxel-wise Dice (35.20%),
exceeding Real-250 (28.58%) and Real+Synthetic (28.06%).
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Fig. 3. Qualitative comparison of downstream segmentation task. Synthetic-only train-
ing increases sensitivity but yields more false positives, while real+synthetic training
improves boundary accuracy and suppresses spurious detections.

Detection Performance. On External A, Real+Synthetic achieved the lowest
false positives per case (1.83) and the highest precision (19.02%), with recall
of 58.89%. Synthetic-250 achieved the highest recall (88.89%) but resulted in
higher false positives (11.71). On External B, Synthetic-250 achieved the high-
est recall (87.04%), while Real+Synthetic reduced false positives (1.82) and
achieved higher precision (18.08%). Across both datasets, Synthetic-250 consis-
tently achieved the highest recall, whereas Real+Synthetic yielded the highest
precision.

3.3 Qualitative Segmentation Comparison

Qualitative comparisons across training regimes reveal distinct detection be-
haviors (Fig. 3). Models trained with only 10 real cases exhibit limited sen-
sitivity. Synthetic-only training improves lesion detection but introduces more
false positives. Training with 250 real cases reduces spurious detections, yet re-
mains susceptible to boundary under-segmentation. In contrast, the combined
Real+Synthetic regime achieves more accurate delineation with fewer false pos-
itives.

4 Discussion and Conclusion

We presented ReScan-IA, a spatially-adaptive 3D diffusion framework for con-
trollable aneurysm synthesis in CTA volumes. By combining vessel-aware con-
ditioning with decoder-level spatial modulation, the model enables anatomically
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consistent and location-specific aneurysm inpainting for structured synthetic
data generation. This local inpainting formulation is motivated by the inher-
ently localized nature of intracranial aneurysms, making 3D diffusion training
more practical despite its computational cost while improving data efficiency by
focusing model capacity on the pathology region rather than the full volume.

Across two external cohorts, controllable synthetic augmentation improved
downstream segmentation and detection under limited-data and domain-shift
settings. Synthetic-only training increased sensitivity, whereas combining real
and synthetic data reduced false positives and improved precision, resulting in
more balanced detection behavior.

The performance differences between External A and B may reflect variations
in aneurysm size distribution. Since voxel-wise Dice is computed via dataset-level
voxel aggregation, larger lesions contribute more strongly to the overall score
due to greater voxel support. In contrast, case-wise Dice reflects per-subject
segmentation consistency and is more sensitive to small or difficult lesions.

Limitations include dependence on accurate vessel/control masks and patch-
based synthesis that may limit global context. Future work will explore stronger
geometric priors and broader validation across additional datasets. Overall, ReScan-
IA highlights the potential of controllable pathology-aware diffusion models to
enhance the robustness and generalization of clinical IA detection systems under
data scarcity and domain shift.

Disclosure of Interests. The authors have no competing interests.
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