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Abstract. Visceral artery aneurysms (VAAs) are relatively rare but
potentially life-threatening vascular dilatations that are frequently de-
tected incidentally on abdominal CT, making opportunistic screening on
non-contrast CT (NCT) clinically important. However, automated VAA
detection on NCT is fundamentally challenging due to weak vessel–tissue
contrast, complex vascular branching, and the continuous transition be-
tween normal vessel wall and aneurysmal dilation. We reformulate VAA
screening as a dual-prior representation learning problem rather than a
pure segmentation task. Built upon a multi-label vascular segmentation
backbone, the proposed DeepVAA jointly learns two complementary pri-
ors defined in continuous target spaces: a geometric confidence prior that
models aneurysmal dilation as a smooth structural response along the
vessel wall, and an anatomical reliability prior that encodes geometry-
induced ambiguity, such as bifurcations and high-curvature segments, as
a continuous penalty field. During inference, the learned reliability prior
explicitly calibrates the confidence map through structured prior pro-
jection and multiplicative suppression, yielding a prior-calibrated lesion
probability. Extensive experiments on multi-center cohorts demonstrate
consistent performance improvements and strong cross-site generaliza-
tion, highlighting the robustness and effectiveness of the proposed dual-
prior framework for opportunistic VAA screening on NCT.

Keywords: Visceral artery aneurysm · Non-contrast CT · Multi-task
learning · Opportunistic screening

1 Introduction

Visceral artery aneurysms (VAAs) are dilatations of the celiac, superior mesen-
teric, inferior mesenteric, renal arteries or their branches [13, 20]. Although of-
ten asymptomatic, they carry a risk of rupture that may result in fatal intra-
abdominal hemorrhage [3]. In contrast to abdominal aortic aneurysm (AAA),
⋆ Co-first authors. ⋆⋆ Corresponding author.
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which benefits from established screening recommendations and population-
based strategies [2], there is no standardized screening protocol for VAAs. With
the widespread use of abdominal CT in routine practice, many aneurysms are
detected incidentally rather than through dedicated surveillance [20]. Therefore,
opportunistic screening from routine CT examinations is clinically meaningful.
Non-contrast CT (NCT) is fast, widely available, and frequently performed in
general diagnostic workflows [9, 29]. An automated VAA detection framework on
NCT could enable early identification without additional imaging burden.

Most automated aneurysm analysis pipelines are designed for AAA under
contrast-enhanced CTA [4, 16, 23, 30]. Early systems relied on rule-based or semi-
automatic lumen and thrombus segmentation [15]. More recent approaches adopt
deep learning to segment the abdominal aorta and perform screening based on
diameter measurement [25], while advanced architectures further refine boundary
delineation and volumetric assessment on CTA [21, 26, 27]. Radiomic analysis of
perivascular tissue has also been explored for progression evaluation [17]. Overall,
existing automated frameworks are largely tailored to AAA and leverage explicit
vascular enhancement for reliable lumen visualization. In contrast, studies on
visceral artery aneurysms (VAAs) are comparatively limited and often rely on
4D-CTA acquisition or hemodynamic simulation [5, 24], which are not feasible
for routine opportunistic screening in clinical practice using NCT.

Screening VAAs on non-contrast CT is fundamentally difficult. Without vas-
cular enhancement, aneurysms cannot be separated from vessels by intensity
contrast and must be inferred from subtle geometric dilation [18]. The com-
plex branching patterns and high anatomical variability of visceral arteries fur-
ther degrade vessel extraction and structural continuity [6, 20]. More critically,
aneurysmal dilation is not a discrete object but a continuous deformation along
the vessel wall. Under conventional voxel-wise classification, vessel and aneurysm
labels compete at their interface, leading to unstable boundary learning. In ad-
dition, VAAs occupy extremely small spatial support, which weakens gradient
accumulation and amplifies false positives at bifurcations and high-curvature
segments where normal geometry mimics dilation. These factors make direct
segmentation insufficient for reliable VAA screening on NCT.

To address these limitations, we build a dual-prior representation learning
framework on top of a multi-label vascular segmentation backbone. Rather than
modeling aneurysms as an additional discrete class, we augment the segmen-
tation network with two prior-oriented branches that operate in continuous
target spaces. The first branch learns a geometric confidence prior that rep-
resents aneurysmal dilation as a smooth structural response along the vessel
wall, transferring lesion-specific geometric cues from the label domain into the
feature space. The second branch learns an anatomical reliability prior that en-
codes geometry-induced ambiguity, such as bifurcations and tortuous segments,
as a continuous penalty field. During inference, the reliability prior explicitly
calibrates the confidence map to suppress anatomy-driven false responses. By
integrating these dual priors into a unified segmentation framework, the pro-
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Fig. 1. Overview of DeepVAA. During training, a shared encoder learns vascular
anatomy through multi-label segmentation while two auxiliary branches learn a geo-
metric confidence prior and an anatomical reliability prior in continuous target spaces.
During inference, the reliability map calibrates the confidence map via multiplicative
suppression, and the calibrated response is thresholded to obtain the final VAA mask.

posed method separates dilation-sensitive responses from geometry-induced ac-
tivations, leading to more stable and precise VAA screening on NCT.

Specifically, our contributions are three-fold: First, we introduce a dual-prior
representation learning framework for NCT-based VAA screening, which jointly
learns a geometric confidence prior for aneurysmal morphology and an anatom-
ical reliability prior for ambiguity suppression. Second, we design a struc-
tured prior projection and calibration mechanism that amplifies lesion-sensitive
responses through confidence modeling while explicitly suppressing geometry-
induced false activations via reliability calibration, enabling stable detection un-
der severe sparsity and low contrast. Third, we conduct extensive evaluations on
multi-center cohorts, demonstrating consistent performance improvements and
strong cross-site generalization for opportunistic VAA screening on NCT.

2 Methodology

2.1 Problem Formulation

Given an abdominal NCT volume X ∈ RH×W×D defined over a 3D spatial
domain Ω, and its corresponding discrete anatomical label Y , conventional multi-
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label segmentation often struggles with the severe foreground sparsity and low
contrast of VAAs. Let x ∈ Ω denote a specific 3D voxel coordinate. Modeling
VAAs directly as an independent categorical class introduces label competition
at vessel–aneurysm interfaces, disrupting vascular continuity.

To elevate the learning paradigm from simple voxel-wise classification to
structurally-aware representation learning, we propose to decompose the VAA
screening task into the joint learning of vessel segmentation and two complemen-
tary prior representations, as shown in Fig. 1. Specifically, we use nnU-Net [11]
as the backbone to extract deep intermediate representations, denoted as F ,
from the input volume X. We define two label-space transformations: a geomet-
ric confidence transformation H(·) and an anatomical reliability transformation
R(·). Through task-specific branches built upon the Feature F , the framework
is optimized to map these intermediate representations into the two transformed
prior spaces simultaneously, thereby integrating continuous structural guidance
with knowledge-driven anatomical constraints.

2.2 DeepVAA: Dual-Prior Representation Learning

Target Space I: Geometric Confidence Prior (H). Clinically, a VAA is
not an isolated lesion but a focal, continuous dilation along the vascular wall. In
NCT screening, radiologists typically identify VAAs by tracing vessel continuity
and spotting gradual morphological bulges rather than searching for discrete
boundaries. To mimic this diagnostic intuition, we define the first transformation
H(Y ) to map the discrete VAA mask into a continuous, Gaussian-based spatial
confidence field H(x) evaluated at each voxel x ∈ Ω:

H(x) = H(Y )(x) =

{
d(x)

2×dmax
, x ∈ Ωaneurysm,

0, otherwise,

where d(x) denotes the Euclidean distance to the aneurysm boundary, and
Ωaneurysm represents the foreground VAA region. Crucially, because small VAAs
occupy an extremely sparse sub-region of the spatial domain Ω, standard uni-
form distance metrics (e.g., standard cross-entropy) fail to accumulate sufficient
gradient signals. Therefore, we couple this target space with a prior-modulated
objective Jh. Instead of treating the error at each voxel equally, we utilize the
continuous target field H(x) itself as a spatial modulator to redistribute the
gradient mass toward high-confidence dilation centers:

Jh(Ĥ,H) = Lreg(Ĥ,H) + α

∑
x(1− Ĥ(x))H(x)∑

x H(x)
,

where Ĥ = Φh(F ) is the predicted geometric confidence, and Lreg represents
the baseline regression loss (a combination of Dice and Focal losses). This in-
trinsic metric strictly forces the network to learn the aneurysmal dilation as a
geometry-aware response along the vessel wall.
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Target Space II: Anatomical Reliability Prior (R). On NCT volumes,
severe vascular tortuosity (high curvature) or complex bifurcations frequently
mimic VAAs, leading to radiological pitfalls. To digitize the radiologist’s “rule-
out” process, we construct a second target space R(Y ) that explicitly penalizes
these anatomically ambiguous regions. Instead of defining hard exclusion rules,
we construct a continuous penalty field through three intuitive steps:

1) Curvature Estimation: We first extract the vascular skeleton S from the
ground-truth vessel mask Yvessel. After necessary smoothing to ensure differen-
tiability, the local curvature response is computed to highlight tortuous regions:

κ(x) =
|∆S(x)|(

1 + ∥∇S(x)∥
)2 ,

where ∇S and ∆S denote the spatial gradient and Laplacian, respectively.
2) Hotspot Identification: We identify a sparse set of structurally unstable

hotspots, denoted as U . A voxel is assigned to U if it is a vascular bifurcation
(detected via neighborhood connectivity) or exhibits abnormally high curvature
(κ(x) exceeding statistical structural norms).

3) Continuous Penalty Generation: To translate these discrete sparse hotspots
into a differentiable target space, we apply a Gaussian-based spatial decay:

R(x) = R(Y )(x) = exp

(
−D(x, U)2

2σ2
geom

)
,

where D(x, U) denotes the shortest Euclidean distance from voxel x to the near-
est hotspot in U . This formulation guarantees that R(x) ∈ (0, 1], smoothly
assigning a penalty near 1.0 at ambiguous centers, which gradually fades as dis-
tance increases. Finally, the optimization objective for this space, Jr(R̂, R), is
defined as a standard regression loss to align the network’s predicted reliability
map R̂ = Φr(F ) with this geometry-induced target R(x).

2.3 Training and Inference Strategy

End-to-End Training Phase. The core philosophy of DeepVAA lies in trans-
ferring structural knowledge from the label space to the image representation
space. During training, the analytical prior transformations H(·) and R(·) are ap-
plied exclusively to the ground truth Y to construct the continuous target spaces:
H = H(Y ) and R = R(Y ). To approximate these targets, the shared nnU-Net
encoder Φenc maps the input volume X into the deep intermediate representa-
tion F = Φenc(X). From this shared feature space F , the standard multi-class
segmentation head Φseg outputs the vascular probability map P̂vessel = Φseg(F ).
Concurrently, the prior learning branches act as parameterized proxies, predict-
ing the continuous representations via Ĥ = Φh(F ) and R̂ = Φr(F ).

Let Lseg be the standard segmentation objective (a composite of Dice and
Cross-Entropy losses) to supervise the multi-label vessel prediction against the
discrete label Yvessel, the overall loss function shall be defined as:

Ltotal = Lseg(P̂vessel, Yvessel) + Jh(Ĥ,H) + Jr(R̂, R).
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Therefore, the end-to-end optimization can unify the anatomical segmentation
with the joint learning of these two prior spaces.

Prior-Calibrated Inference Phase. During inference, the explicit ground
truth Y is unavailable. Instead, the optimized network branches independently
perform the learned prior transformations directly on the input volume F , yield-
ing the predicted geometric confidence Ĥ = Φh(F ) and the anatomical reliability
penalty R̂ = Φr(F ). To derive the final lesion probability, we perform a prior-
calibrated fusion. The learned reliability map spatially modulates the geometric
confidence through a voxel-wise inhibitory mapping:

H̃(x) = Ĥ(x)⊙
(
1− R̂(x)

)
.

Mathematically, this multiplicative calibration explicitly penalizes activation re-
sponses located in geometrically ambiguous or anatomically implausible regions
(i.e., where R̂(x) → 1). The continuous calibrated field is subsequently binarized
via a threshold operator Ŷτ (x) = I

(
H̃(x) > τ

)
, followed by connected-component

analysis to extract instance-level VAA predictions.

3 Experiments

3.1 Dataset & Implementation Details

Dataset. The dataset was collected from two hospitals: the First Affiliated Hos-
pital, Zhejiang University School of Medicine (Hospital A), and Anji County
People’s Hospital (Hospital B). Hospital A included 1000 cases and was used
as the internal cohort, with 800 for training and 200 for internal validation. Hos-
pital B with 100 cases was used entirely as the external validation cohort. The
internal cohort has two scanner brands GE, UIH, and the external cohort has
two more scanner brands Philips and Siemens. Train, valid and external datasets
contain 563, 124 and 81 lesions, respectively (celiac trunk 79%, superior mesen-
teric 11%, right renal 6%, left renal 4%) and follow a negative, positive patient
ratio of 1:1 ± 0.02. For each subject, both NCCT and CTA scans were collected,
with NCCT registered to CTA using the deeds algorithm [8, 1, 10]. Visceral ar-
teries and VAAs were manually annotated on CTA by two expert radiologists,
and independently reviewed by another radiologist.

Implementation Details. All data preprocessing was performed within the
nnU-Net framework [11]. During training, volumes were cropped to a fixed size
of (160 × 320 × 256), and the same cropping strategy was applied at inference
for consistency. We adopted the standard nnU-Net data augmentation pipeline,
including spatial transformations, Gaussian noise, Gaussian blur, brightness and
contrast adjustments, and random mirroring. The model was trained using Adam
optimizer [14] with an initial learning rate of 0.01 for 1000 epochs. All experi-
ments were implemented in PyTorch and conducted on NVIDIA H200 GPUs.



Title Suppressed Due to Excessive Length 7

Table 1. VAA screening performance against the state-of-the-art methods. In addition
to reporting the Dice scores for vessel and VAA segmentation, we evaluate VAA preci-
sion and recall at the lesion level based on connected components of the predicted VAA
segmentation. A predicted component is considered a true positive if it overlaps with
a ground-truth VAA by at least one voxel; otherwise, it is counted as a false positive.
We also compute the patient-level F1 score to assess case-wise detection performance.

Models Internal Cohort External Cohort
VAA
Prec

VAA
Recall

Patient
F1

VAA
Dice

Vessel
Dice

VAA
Prec

VAA
Recall

Patient
F1

VAA
Dice

Vessel
Dice

nnUNet [11] 72.79 86.29 88.12 61.28 90.16 65.88 77.46 85.98 58.23 89.92
SwinUNETR [7] 27.08 87.90 68.73 36.00 87.93 30.15 80.28 69.63 35.09 87.50
SegMamba [28] 45.74 90.32 79.48 47.14 89.44 37.43 81.69 78.83 45.79 88.75
MedNEXT [22] 65.85 85.48 85.02 55.98 89.62 59.14 76.06 81.08 51.55 88.99
UXNet [12] 24.87 70.97 65.25 17.30 82.71 23.28 54.93 59.32 17.70 82.40
U-Mamba [19] 69.81 89.52 89.22 62.51 90.06 51.30 83.10 84.21 52.28 89.31
Ours (τ = 0.05) 75.00 85.48 89.58 66.14 90.34 72.37 78.87 90.20 63.98 89.81
Ours (τ = 0.10) 78.46 85.48 90.43 66.08 90.34 76.39 77.46 90.20 64.03 89.81
Ours (τ = 0.15) 80.80 82.26 89.84 66.38 90.34 80.60 77.46 91.09 64.29 89.81
Ours (τ = 0.20) 81.97 81.45 90.32 66.80 90.34 82.81 76.06 91.09 64.57 89.81
Ours (τ = 0.25) 82.64 81.45 91.30 67.43 90.34 84.13 76.06 91.09 65.07 89.81
Ours (τ = 0.30) 86.21 80.65 91.21 67.89 90.34 86.67 74.65 92.23 65.84 89.81

Table 2. Ablation study on removing the
Geometric Confidence Prior (GCP) and
the Anatomical Reliability Prior (ARP).
Experiments were conducted with τ =
0.10 on the internal cohort.

GCP ARP VAA
Prec

VAA
Recall

Patient
F1

VAA
Dice

Vessel
Dice

% % 73.05 78.23 82.52 61.41 89.78
! % 70.34 84.68 83.74 62.87 90.12
% ! 77.60 77.42 85.13 65.69 89.93
! ! 78.46 85.48 90.43 66.08 90.34

Table 3. Ablation study on the loss ratio
α. Experiments were conducted with τ =
0.10 on the internal cohort..

α
VAA
Prec

VAA
Recall

Patient
F1

VAA
Dice

Vessel
Dice

0.00 77.69 77.42 85.13 65.69 89.93
0.05 78.57 79.84 86.37 65.32 90.07
0.1 79.36 81.85 88.02 66.11 89.62
0.5 78.46 85.48 90.43 66.08 90.34
1 76.39 86.29 89.58 65.44 89.89

3.2 Experimental Results

Comparison against the State-of-the-art. Table 1 and Fig. 2 compare our
DeepVAA framework against state-of-the-art medical image segmentation mod-
els. Our approach consistently achieves the best overall performance across mul-
tiple threshold settings. On the internal cohort, it reaches a peak Patient F1 of
91.30% and a VAA Dice of 67.89%, clearly surpassing nnUNet and U-Mamba by
optimizing the precision-recall balance rather than merely maximizing recall. On
the unseen external cohort, where baseline methods show noticeable performance
degradation, our DeepVAA framework demonstrates strong robustness and gen-
eralization. While nnUNet and U-Mamba experience significant drops in VAA
Dice, our framework maintains stable performance across threshold variants and
achieves a peak Patient F1 of 92.23%. By adjusting the threshold parameter
τ , the model provides controllable sensitivity–specificity trade-offs while consis-
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Fig. 2. Qualitative comparison of VAA and vessel segmentation (Red: VAA). Our
method effectively detects the small VAA while reducing false positives.

tently delivering superior combined detection quality. τ 0.3 was predefined on
validation data, maximizing the Youden Index at the ROC elbow.

Ablation on Prior Components. We performed an ablation study to val-
idate the contributions of the GCP and ARP modules in Table 2. The baseline
model achieves a VAA Dice of 61.41% and a Patient F1 of 82.52%. Integrating
only the GCP module improves VAA Recall to 84.68%, enhancing sensitivity
to visceral artery aneurysms. Conversely, using only the ARP module effectively
suppresses false positives, boosting VAA Precision to 77.60%. Adding ARP alone
decreased recall because one 7 mm VAA was missed among 124 subjects. How-
ever, given the marked reduction in false positives, missing a sub-10 mm VAA
may be acceptable, as such lesions are typically not clinically critical. GCP and
ARP are explicitly implemented as learnable branches optimized by losses which
help the network genuinely learn anatomical representations. Overall, the full ar-
chitecture yields the best performance across all metrics.

Ablation on Loss Ratio α. Table 3 investigates the impact of the hyper-
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parameter α. The results indicate that incorporating this component (α > 0)
consistently enhances both visceral artery aneurysm detection and segmentation
accuracy compared to α = 0.00. Specifically, α = 0.5 achieves the best overall
performance, yielding peak Patient F1 (90.43%) and Vessel Dice (90.34%).

4 Conclusion

In this work, we propose a dual-prior representation learning framework for
opportunistic screening of VAA on NCT. Instead of treating VAA detection
as a pure segmentation problem, we model aneurysmal dilation and anatomi-
cal ambiguity in two continuous prior spaces. The geometric confidence prior
enhances dilation-sensitive responses, while the anatomical reliability prior sup-
presses geometry-induced false activations through explicit calibration at infer-
ence. Experiments on multi-center cohorts demonstrate consistent improvements
in lesion-level and patient-level performance, as well as strong cross-site gener-
alization. Our results suggest that structured prior learning provides a reliable
and clinically meaningful solution for early VAA detection on routine NCT, with
potential to support large-scale opportunistic screening in practice.

Disclosure of Interests. The authors have no competing interests to declare
that are relevant to the content of this article.
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