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Abstract. Accurate coronary artery segmentation plays a critical role
in coronary artery disease diagnosis and treatment planning. However,
existing deep learning approaches are predominantly formulated as point-
wise classification paradigms, where predictions are produced in a sin-
gle forward pass without an explicit inference-stage structured update
mechanism. This limitation becomes particularly evident in regions with
ambiguous image evidence or weak structural support. We propose an
Uncertainty-Guided Conservative Propagation (UGCP) framework that
reformulates segmentation inference as a finite-step, structure-aware state
evolution process in logit space via constrained neighborhood updates
guided by conservative-inspired local interaction. The update is driven by
local prediction discrepancies and modulated by voxel-wise uncertainty,
allowing high-confidence regions to guide structurally unstable areas in
a controlled manner. A source term anchors the update to the initial
logits, preventing excessive drift during structural correction. We eval-
uate the proposed framework on convolutional and Transformer-based
segmentation backbones using public 2D invasive coronary angiography
(ICA) and 3D coronary CT angiography (CCTA) datasets (616 ICA
images and 1,000 CCTA volumes). Experimental results demonstrate
consistent improvements in the Dice similarity coefficient (DSC), clDice,
and boundary metrics across architectures. The proposed framework en-
hances inference-stage structural consistency and shows potential for im-
proving the robustness of coronary artery analysis. Our code is available
at: https://github.com/chenzhao2023/UGCP.
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1 Introduction

Coronary artery segmentation plays a fundamental role in cardiovascular disease
assessment, as it enables precise delineation of arterial structure and plaque-
⋆ Corresponding author: czhao4@kennesaw.edu.
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related narrowing, supporting accurate assessment of disease severity and in-
formed clinical decision making [7,23]. Unlike conventional organ segmentation,
cardiovascular structures exhibit elongated tubular morphology and strong struc-
tural dependency, making predictions highly sensitive to connectivity and branch
integrity [11,21]. Even when global overlap metrics are high, local branch discon-
tinuities or spurious connections can significantly affect downstream functional
analysis and quantitative evaluation [28,27]. Therefore, coronary artery segmen-
tation concerns not only regional accuracy, but also structural coherence and
predictive stability, which continue to pose significant challenges.

Despite significant advances achieved by deep learning approaches in car-
diovascular segmentation [13,1,10], mainstream segmentation methods are pre-
dominantly formulated as point-wise classification models, where predictions are
produced in a single forward pass without an explicit inference-stage structured
update mechanism [3,4,24,9]. In regions with ambiguous boundaries or insuffi-
cient image evidence, models typically produce deterministic class decisions with-
out explicitly modeling predictive uncertainty, which can lead to over-confident
predictions in structurally unstable areas [17]. To mitigate structural inconsis-
tency, prior studies have introduced post-processing strategies or topology-aware
losses [16,2,18,25]. However, post-processing methods operate as independent
steps detached from the model’s prediction mechanism, whereas topology-aware
losses primarily influence parameter optimization during training, without mod-
ifying the inference-stage decision rule. Meanwhile, uncertainty quantification
(UQ) methods can characterize predictive confidence and affect training through
loss reweighting or reliability estimation [22,12,6]. Nevertheless, in most imple-
mentations, uncertainty information is not integrated into the prediction update
mechanism at the inference stage [5,14]. Consequently, existing approaches lack
an explicit inference-stage update framework that jointly integrates neighbor-
hood structural interaction and uncertainty-driven regulation.

To address these limitations, we propose an Uncertainty-Guided Conser-
vative Propagation (UGCP) framework that reformulates segmentation infer-
ence as a finite-step state evolution process through uncertainty-aware neigh-
borhood interaction. In classical interaction systems, quantities evolve through
local exchanges between neighboring states following structured update pat-
terns. Inspired by such conservative interaction principles [15], UGCP models
prediction generation as a finite-step discrete update system in logit space.
The contributions of this work are threefold: (1) we formulate inference as a
conservation-inspired local propagation process with an explicit source term, en-
abling neighborhood-coupled structural interaction; (2) we introduce uncertainty-
modulated propagation to adaptively correct structurally unstable regions; (3)
we propose a dimension-agnostic, backbone-independent framework validated on
both 2D Invasive Coronary Angiography (ICA) and 3D Coronary CT Angiogra-
phy (CCTA) datasets using representative convolutional and Transformer-based
backbones.
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2 Method

2.1 State Update Formulation

Conventional segmentation models produce predictions via point/voxel-wise clas-
sification. Given an input image x on a discrete spatial domain Ω ⊂ Zd with
spatial dimension d, a segmentation backbone B extracts features h = B(x). A
point-wise linear projection Ws(·) is then applied to the initial logits at each
spatial location, yielding s

(0)
p = Ws(hp) for every p ∈ Ω. Under this paradigm,

class probabilities are obtained from logits through a standard normalization
operation, and prediction is produced in a single forward pass without explicit
structural interaction among spatial locations.

As illustrated in Fig. 1, UGCP instead models inference as a finite-step dis-
crete evolution in logit state space. According to the initial logit field s(0) =

{s(0)p | p ∈ Ω} obtained via the projection s(0) = Ws(h), the state evolves
through iterative structured updates, as denoted in Eq. (1).

s(t+1) = s(t) + θ U
(
s(t)
)
, s.t. t ∈ {0, 1, . . . , T − 1}. (1)

where T is the number of update steps, θ is a hyperparameter controlling the
step size, and U(·) is a local spatial operator that aggregates neighborhood inter-
actions in logit space. Thus, the prediction is obtained through the iterative state
evolution rather than a single-shot local decision. The terminal state s(T ) is sub-
sequently transformed into class probabilities through the Dirichlet expectation
to produce the final prediction.

2.2 Evidential Representation and Uncertainty Modeling

To quantify predictive uncertainty during state evolution, we adopt evidential
learning [20] and parameterize a Dirichlet distribution whose concentration pa-
rameters are derived from the logit state at each iteration. For spatial location
p ∈ Ω and class index k ∈ {1, . . . ,K}, the Dirichlet concentration parameter
and its corresponding expected class probability are denoted by α

(t)
p,k and π

(t)
p,k,

respectively, as shown in Eq. (2).

α
(t)
p,k = softplus

(
s
(t)
p,k

)
+ 1, π

(t)
p,k =

α
(t)
p,k∑K

j=1 α
(t)
p,j + ε

(2)

where ε > 0 ensures numerical stability. The total concentration reflects
the aggregated class evidence, and its inverse naturally defines a continuous
uncertainty scalar field, as shown in Eq. (3).

u(t)
p =

K∑K
j=1 α

(t)
p,j + ε

. (3)

In UGCP, the uncertainty field directly modulates directional gating and
source stabilization during iterative updates. The Dirichlet expectation at t = T
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Fig. 1. Overview of UGCP. A 4-neighborhood is used in 2D and extended to a 6-
neighborhood in 3D. The arrows illustrate local directional information flow between
adjacent spatial locations.

yields the final class probability vector used for segmentation. Unlike entropy
computed from normalized probabilities, the Dirichlet concentration is directly
derived from logits and jointly encodes evidence magnitude and class proportion,
yielding a more stable and propagation-consistent uncertainty measure.

2.3 Uncertainty-Guided Logit Update Operator

We instantiate the local operator U(·) in Eq. (1) through uncertainty-guided
neighborhood interaction with source stabilization.

On the discrete domain Ω, we define the axis-aligned neighborhood N (p) =
{ q ∈ Ω | ∥q − p∥1 = 1 }, corresponding to the 4-neighborhood in 2D and the
6-neighborhood in 3D. For adjacent locations p and q ∈ N (p), we introduce
directional UQ gates as shown in Eq. (4).

γ(t)
q→p = σ

(
u
(t)
p − u

(t)
q

τ + ε

)
, γ(t)

p→q = σ

(
u
(t)
q − u

(t)
p

τ + ε

)
(4)

where σ(·) denotes the sigmoid function and τ > 0 is a temperature parameter.
This asymmetric gating increases the incoming weight γ(t)

q→p when u
(t)
p > u

(t)
q ,

promoting information flow from more confident to more uncertain locations.
To suppress unreliable cross-boundary propagation, we introduce an edge

factor based on an additional feature projection f = Wf (h) that captures local
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structural discrepancies beyond logit confidence.

φp,q = tanh
(
w⊤(fp − fq)

)
, (5)

where w is a learnable vector with the same feature dimension as fp, and fp, fq
denote decision-aligned features at locations p and q. The edge factor is applied
to the incoming component to attenuate unreliable cross-boundary propagation.

We further introduce a source gate to control the activation of the source
term, as shown in Eq. (6).

r(t)p = σ

(
u0 − u

(t)
p

τ + ε

)
, (6)

where u0 is a predefined uncertainty threshold. The corresponding source term
r
(t)
p

(
s
(0)
p − s

(t)
p

)
anchors the evolving state to the initial logits and prevents ex-

cessive deviation during propagation.
Combining the UQ gates, edge factor, and source term, the local operator in

Eq. (1) is defined as

U(s(t)p ) =
∑

q∈N (p)

(
γ(t)
q→p φp,q s

(t)
q − γ(t)

p→q s
(t)
p

)
+ r(t)p

(
s(0)p − s(t)p

)
. (7)

This interaction follows an in–out exchange structure, where the incoming contri-
bution at one location corresponds to an outgoing component at its neighbors,
yielding a conservation-inspired local exchange update in the absence of the
source term. The source term introduces a controlled non-conservative compo-
nent that anchors the evolution to the initial logits.

For binary coronary artery segmentation, the update is restricted to the
foreground channel, whereas the decision boundary is determined by the fore-
ground–background logit contrast. The resulting operator remains fully differ-
entiable and locally defined, allowing the entire propagation process to be inte-
grated into the segmentation network and optimized in an end-to-end manner.

3 Experiments and Results

3.1 Experimental Setup

We conduct experiments on two public coronary artery segmentation datasets,
including the 2D ICA dataset (616 images) [29] and the 3D CCTA dataset (1,000
cases) [26]. ICA images have resolution 512 × 512 and CCTA volumes have in-
plane resolution 512 × 512 with slice numbers ranging from 206 to 275. All
CCTA volumes are resampled to 0.5 mm isotropic spacing. Intensity values are
windowed using window level 300 and window width 800 followed by normaliza-
tion to [0, 1]. For ICA, standard data augmentation including random flipping,
contrast, and brightness adjustment is used. For CCTA, online random patch
sampling with patch size 128 × 128 × 128 is applied, sampling 16 patches per
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Table 1. Quantitative comparison on 2D ICA and 3D CCTA datasets. Best results
are shown in bold.

Dataset Method DSC ↑ clDice ↑ HD95 (mm) ↓
ICA UNet2D+Lbase .8839 ± .0063 .8788 ± .0058 6.53 ± .38

UNet2D+LUQ .8816 ± .0084 .8760 ± .0082 6.65 ± .42
UNet2D+LUQ + UGCP .8890 ± .0047 .8811 ± .0057 6.32 ± .35

ICA SwinUNetR2D+Lbase .8759 ± .0104 .8651 ± .0076 7.88 ± .67
SwinUNetR2D+LUQ+ UGCP .8803 ± .0076 .8697 ± .0065 7.60 ± .64

CCTA UNet3D+Lbase .8147 ± .0051 .8553 ± .0038 8.89 ± .56
UNet3D+LUQ .8105 ± .0039 .8488 ± .0072 9.07 ± .51
UNet3D+LUQ+UGCP .8188 ± .0040 .8585 ± .0045 8.76 ± .43

CCTA SwinUNetR3D+Lbase .8160 ± .0067 .8513 ± .0079 8.83 ± .60
SwinUNetR3D+LUQ+ UGCP .8189 ± .0064 .8601 ± .0035 8.56 ± .42

case, and sliding-window inference with overlap 0.5 is adopted. Five-fold cross-
validation is employed for all experiments, and mean±standard deviation are
reported. Evaluation metrics include Dice similarity coefficient (DSC), center-
line Dice (clDice), and 95th percentile Hausdorff distance (HD95).

We evaluate the convolution-based UNet [19] and the Transformer-based Swi-
nUNetR [8] as backbones, i.e. B. UGCP is further integrated with each backbone
model to construct the proposed segmentation framework, without altering the
original architectural design. All models are trained for 400 epochs using Adam
with initial learning rate 10−3, weight decay 10−4, cosine scheduling, and batch
size 4. Early stopping with patience 50 is applied based on validation DSC.
Unless otherwise stated, all hyperparameters are shared across 2D and 3D ex-
periments. We set the number of update steps to T = 2 to balance local correc-
tion, over-propagation risk, and computational cost. The uncertainty threshold,
temperature, and step size are set to u0 = 0.5, τ = 0.1, and θ = 1, respectively.

Baseline segmentation methods are optimized using

Lbase = LDice + LBCE, (8)

where LDice denotes Dice loss and LBCE denotes binary cross-entropy loss.
To incorporate evidential uncertainty modeling, we adopt a Dirichlet-based ob-
jective defined as

LUQ = LDice + LNLL +
1

2
LKL, (9)

where LNLL denotes the negative log-likelihood computed from the Dirichlet
expected class probabilities, and LKL denotes the Kullback–Leibler divergence
between the predicted Dirichlet distribution Dir(α(T )) and a uniform Dirichlet
prior Dir(1), which regularizes the evidence parameters. UGCP relies on the
uncertainty field derived from evidential modeling and is therefore trained under
LUQ.

3.2 Results and Analysis

Table 1 summarizes quantitative results on 2D ICA and 3D CCTA datasets.
UGCP consistently improves DSC and clDice while reducing HD95 across both
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Fig. 2. Comparison of segmentation results on the 2D ICA dataset. Regions susceptible
to coronary artery discontinuity are highlighted for detailed comparison.

Table 2. Component ablation study of UGCP on 2D ICA using UNet 2D as the
backbone.

UQ Gate Edge Factor Source Term DSC ↑ clDice ↑ HD95 (mm) ↓
× × × .8782 ± .0091 .8691 ± .0082 7.10 ± .44
✓ × × .8834 ± .0086 .8766 ± .0087 6.64 ± .41
✓ ✓ × .8869 ± .0095 .8783 ± .0064 6.50 ± .39
✓ ✓ ✓ .8890 ± .0047 .8811 ± .0057 6.32 ± .35

UNet and SwinUNetR backbones. On 2D ICA, DSC increases by 0.51 and 0.44
percentage points for UNet 2D and SwinUNetR 2D, respectively. On 3D CCTA,
DSC increases by 0.41 and 0.29 percentage points for UNet 3D and SwinUNetR
3D, respectively. The consistent clDice improvement, especially from 0.8513 to
0.8601 on SwinUNetR 3D, indicates improved centerline-level structural con-
sistency. In contrast, the Dirichlet-based uncertainty objective alone does not
yield comparable improvements, suggesting that uncertainty modeling is most
effective when coupled with structured inference updating.

Figures 2 and 3 present qualitative comparisons on the 2D ICA and 3D
CCTA datasets. Baseline predictions exhibit branch fragmentation, spurious con-
nections, and ambiguous boundaries. UGCP produces more continuous arterial
structures with fewer false positives and clearer boundary delineation, particu-
larly in thin-vessel regions.

Table 2 reports the component ablation study on the 2D ICA dataset. Using
the update without the UQ gate, edge factor, and source term results in the
lowest performance, indicating that propagation without uncertainty and struc-
tural modulation is insufficient. Enabling the UQ gate yields a clear performance
improvement, highlighting the importance of uncertainty-guided regulation. Fur-
ther incorporating the edge factor and source term leads to progressive gains in
DSC and clDice, together with consistent reductions in HD95. The full config-
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Fig. 3. Comparison of segmentation results on the 3D CCTA dataset. Regions suscep-
tible to coronary artery discontinuity are highlighted for detailed comparison.

uration achieves the best overall performance with reduced variance, suggesting
that uncertainty modulation, structural interaction, and source stabilization play
complementary roles in producing stable and structurally coherent predictions.

4 Conclusion

Coronary artery segmentation remains challenging due to thin, elongated ves-
sels and delicate structural dependencies. This work reformulates segmentation
inference as a structured logit-space update process and introduces uncertainty-
guided conservative-inspired propagation for controlled local refinement. Experi-
ments on 2D ICA and 3D CCTA datasets demonstrate consistent improvements
across convolutional and Transformer-based backbones, while ablation analysis
verifies the complementary roles of uncertainty modulation, structural interac-
tion, and source stabilization. These findings suggest the value of structured
inference mechanisms for improving structural consistency in computer-aided
cardiovascular analysis. Future work will further investigate topology-specific
behavior, comparisons with classical and tubular-structure refinement methods,
and efficiency and sensitivity in broader cardiovascular analysis scenarios.
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