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Abstract: Vessel segmentation is a fundamental task in medical image analysis and plays an important role in
computer-aided diagnosis, lesion localization, vascular morphology analysis, and subsequent three-dimensional
reconstruction. However, blood vessels usually exhibit elongated shapes, complex branching patterns, significant scale
variations, and locally low contrast. Under challenging conditions such as complex backgrounds, noise interference,
and blurred boundaries, tiny vessels are prone to missed detection, while background textures and spurious edges are
easily misclassified as vessels, resulting in increased false positives. To address these issues, this paper proposes a
prior-guided vessel segmentation method with false positive suppression. The proposed method adopts an encoder-
decoder architecture as the backbone and introduces a Vessel False Positive Suppression Gate (VFPSGate) into the skip
connections during the decoding stage. By integrating vessel region priors and edge priors, the shallow features are
recalibrated in a suppression-oriented manner, thereby reducing the interference of background noise and non-vascular
high responses on segmentation results. In addition, a Vessel False Positive Suppression Loss (VFPSLoss) is designed to
impose extra constraints on abnormally high responses in background regions that are not supported by the priors, thus
enhancing the model’s targeted suppression ability against false positives at the optimization level. Experimental results
on the DCA dataset demonstrate that the proposed method achieves competitive performance, with loU, DSC, ACC, and
SEN reaching 66.49%, 79.72%, 97.88%, and 85.16%, respectively. Overall, the proposed method can more effectively
distinguish real vessels from pseudo-vessels, providing a feasible solution for vessel segmentation under complex

background conditions.
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1. Introduction

Cardiovascular diseases are among the major threats to human health worldwide, and medical image analysis
plays an essential role in early disease screening, accurate diagnosis, and treatment evaluation . As one

of the fundamental tasks in medical image analysis, vessel segmentation has important clinical applications
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in various scenarios, including retinal imaging, cerebral angiography, pathological sections, and X-ray
angiography . On the one hand, accurate vessel extraction can provide clinicians with clear anatomical
structural information and support quantitative analysis of morphological indicators such as vessel diameter,
curvature, and bifurcation angle, thereby offering reliable evidence for computer-aided diagnosis and lesion
localization . On the other hand, high-quality two-dimensional vessel segmentation is also a critical
prerequisite for subsequent three-dimensional vascular network reconstruction, hemodynamic analysis, and
related computer-assisted surgical planning "*.

However, vessel structures usually exhibit characteristics such as elongated morphology, complex
branching patterns, significant scale variations, and locally low contrast, which make vessel segmentation
a challenging task ', In particular, under conditions of complex backgrounds, imaging noise, and blurred
boundaries, tiny vessels are prone to discontinuity or omission, while background textures, noisy edges, and
other non-vascular high-response regions are often incorrectly identified as vessels, leading to increased false
positives ""'?. Such false detections not only reduce segmentation accuracy but may also disrupt vascular
topological continuity and interfere with subsequent morphological measurement and clinical quantitative
analysis "*). Therefore, how to effectively suppress false positives while preserving real vessel details as
much as possible has become a key issue in current vessel segmentation research.

Early vessel segmentation methods mainly relied on handcrafted features, such as region growing,
threshold-based segmentation, filtering enhancement, and morphological rules. Although these methods
can achieve certain effects in specific scenarios, their generalization ability is usually limited due to their
strong dependence on imaging conditions and expert-designed rules "'*'*. With the rapid development of
deep learning, especially the wide application of convolutional neural networks based on encoder-decoder
architectures in medical image segmentation, the performance of vessel segmentation has been significantly
improved "*"'®. In recent years, the introduction of attention mechanisms, Transformers, and related global
modeling techniques has further enhanced the representation capability of models for multi-scale features and
long-range dependencies, providing new technical pathways for the extraction of complex vascular structures
[19,20]

Despite the substantial progress achieved by existing methods in vascular feature representation and
structural recovery, explicit modeling of false-positive regions remains relatively insufficient. Specifically,
although skip connections in the decoding stage can supplement rich spatial detail information, they may also
transmit background textures, noisy edges, and non-vascular high responses into the subsequent segmentation
process, thereby increasing the risk of false detections ", Meanwhile, most existing methods still rely
primarily on data-driven feature learning, and the joint utilization of vessel region priors and boundary priors
remains inadequate. As a result, explicit structural constraints for distinguishing real vessel responses from
background pseudo-responses are still lacking. In terms of loss function design, commonly used losses such
as cross-entropy loss and Dice loss focus more on overall pixel classification accuracy or regional overlap,
but lack targeted optimization mechanisms for the specific error type of false positives **. In summary,
existing methods have paid more attention to enhancing vessel representation, while relatively less effort has
been devoted to systematically suppressing false positives from both the perspectives of structural constraints
and objective function design.

To address the above issues, this paper proposes a prior-guided false-positive suppression framework for
vessel segmentation. In the decoding stage, vessel region priors and edge priors are introduced to construct a
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Vessel False Positive Suppression Gate (VFPSGate), which performs suppression-oriented recalibration on
shallow features in the skip connections. By leveraging prior information, the proposed module identifies and
filters potential false-positive regions, effectively suppressing interference caused by background textures and
pseudo-edges while preserving responses that are more likely to correspond to real tiny vessels. Furthermore,
a Vessel False Positive Suppression Loss (VFPSLoss) is designed to impose additional constraints on
abnormally high responses in background regions that are not supported by the priors, thereby enhancing the
model’s false-positive suppression capability at the optimization level. Through the collaboration between
architectural design and loss design, the proposed method can more effectively distinguish real vessels from
pseudo-vessels under complex background conditions, thereby improving the accuracy, completeness, and

robustness of vessel segmentation results.

2. Method

This section describes in detail the proposed prior-guided false-positive suppression method for vessel
segmentation. Overall, the proposed framework suppresses false positives in vessel segmentation through
the joint design of network architecture and optimization objective. First, auxiliary information, including
a vessel region prior and an edge prior, is constructed to provide explicit region-level and boundary-level
structural constraints. Second, VFPSGate is introduced into the skip connections of the encoder-decoder
framework to perform suppression-oriented recalibration of shallow features. Finally, VFPSLoss is further
designed to enhance the model’s targeted suppression ability against background false detections from the
perspective of the optimization objective.

2.1. Overall framework

As shown in Figure 1, the proposed method adopts a classical encoder-decoder architecture as the backbone
and further incorporates a prior-guided false-positive suppression mechanism. The encoder progressively
extracts multi-scale contextual semantic features through multiple convolutions and downsampling
operations, while the decoder gradually restores spatial resolution through layer-by-layer upsampling and
feature fusion to generate the final vessel segmentation result. Unlike the conventional U-Net, which directly
transmits shallow encoder features to the decoder through skip connections, the proposed method embeds
VFPSGate into the skip connections at multiple decoding stages to selectively filter and recalibrate shallow
features, thereby reducing the interference of background textures, noisy edges, and non-vascular high-
response regions during subsequent decoding.

Specifically, given an input image, the encoder first extracts feature representations at different scales.
During decoding, before each decoder feature is fused with its corresponding encoder feature, the encoder
feature is first modulated by VFPSGate. At the current scale, this module jointly exploits encoder features,
decoder features, and the vessel region prior and edge prior constructed from the input image to perform
false-positive suppression-oriented recalibration of shallow features. The gated features are then fused with
decoder features for subsequent segmentation recovery. Meanwhile, during training, a dedicated false-
positive suppression loss is introduced to cooperate with the structural gating mechanism, so as to further

reduce false detections under complex backgrounds while preserving real tiny vessel structures.
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(a) Overall architecture of the proposed framework
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Figure 1. Overall framework of the proposed method.

2.2. Prior construction

To provide explicit region-level and boundary-level structural constraints for the network, a vessel region
prior and an edge prior are constructed based on the input image, as shown in Figure 1. Different from
purely data-driven feature learning, explicit priors provide more direct structural guidance before the gating
process, thereby helping the model better distinguish real vessel responses from background pseudo-
responses. Considering that vessels typically exhibit elongated, continuous, and tubular structures, while their
boundaries are easily affected by noise and pseudo-edges under complex backgrounds, prior information is
constructed from both region enhancement and boundary supplementation perspectives to improve the ability
of the subsequent gating module to identify real vascular structures.

For the vessel region prior, since vessels in medical images usually appear as elongated and continuous
tubular structures, the Frangi filter is employed to enhance the input image and highlight vessel-like
responses ). The Frangi filter selectively enhances tubular structures based on the eigenvalues of the
Hessian matrix and is able to emphasize regions consistent with vessel morphology under multi-scale
settings. Compared with general edge detection or intensity enhancement methods, the Frangi filter focuses
more on the geometric characteristics of the target rather than solely on local intensity variations, thereby
providing relatively stable candidate information for vessel regions. After normalization, the resulting map is

regarded as the vessel region prior. P,, which indicates the prior likelihood of each location belonging to a
vessel region.
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For the edge prior, to further supplement local variation information related to vessel boundaries,
contours, and fine structures, the Sobel operator is used to compute the gradient magnitude of the input image
41 After normalization, the resulting map is regarded as the edge prior P, . The Sobel operator can effectively
reflect the intensity of local grayscale changes and is sensitive to fine boundaries and contour transitions,
making it suitable as boundary-level structural supplementary information. Different from the vessel region
prior, which mainly provides regional support, the edge prior pays more attention to local boundary variation
and structural continuity, and can provide additional contour discrimination cues in regions with low contrast,
blurred boundaries, or complex background textures.

Overall, the vessel region prior and the edge prior are highly complementary. The former emphasizes
regional consistency and the distribution of tubular structures, whereas the latter emphasizes boundary
rationality and local contour continuity. By jointly introducing these two types of priors, the model can not
only determine whether a location is likely to belong to a vessel region, but also further assess whether it
exhibits a plausible boundary pattern. These two priors are finally fed into the subsequent VFPSGate to
provide explicit guidance for positive gating construction and false-positive suppression from both region
and boundary perspectives, thereby enhancing the model’s ability to distinguish real vessels from pseudo-

vessels under complex background conditions.

2.3. Vessel false positive suppression gate

In a standard encoder-decoder architecture, skip connections provide rich, shallow detail information for
the decoder, which is crucial for recovering tiny vessels. However, while preserving textures and edge
information, shallow features may also contain background noise, pseudo-edges, and other non-vascular
high-response regions. If such features are directly passed to the decoder, they may amplify false positives
during subsequent segmentation. To address this issue, the proposed VFPSGate performs prior-guided
recalibration of shallow encoder features in the skip connections. By combining decoder features, the vessel
region prior, and the edge prior, the module identifies and suppresses potential false-positive regions while
retaining responses that are more likely to correspond to real vessels. The overall computational process is

illustrated in Figure 1.

First, at the current scale, the encoder feature F

en

and the decoder feature F, are fused, and a coarse

vessel prediction is generated through a lightweight prediction branch P, :
})c :G(fc ([F;n’Fde])) (1)

where [-] denotes channel-wise concatenation, /. () denotes the coarse vessel prediction branch, and o (-) denotes the Sigmoid
activation function. P is not the final segmentation output, but rather an initial estimation of vessel regions at the current scale, which

serves as the basis for subsequent false-positive candidate localization.

After obtaining the coarse vessel probability map, the vessel region prior P, and the edge prior P, are
further incorporated to construct a positive gating branch, which is used to select responses that are more
likely to correspond to real vessels from the perspectives of both regional consistency and boundary

is generated jointly from the coarse vessel prediction and the two

08

structural rationality. The positive gate G,
priors:

G,.=o(f,([2.P.P])) @)
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where fp () denotes the positive gate generation branch. Different from relying solely on the coarse prediction, the positive gate
simultaneously integrates region-level and boundary-level prior constraints, thereby more effectively highlighting responses

associated with real vessels and providing guidance for the construction of subsequent false-positive candidate regions.

Based on the principle that the model may produce high responses in regions unsupported by the priors,
a false-positive candidate map M, is further constructed. If a location exhibits a high response in the coarse
vessel prediction and still maintains strong vessel-related activation after positive gating, but shows a weak
response in the vessel region prior, then this location is more likely to correspond to a false-positive

background response rather than a real vessel. The false-positive candidate map M, is defined as

My, =G OPcQ(l_Pv) 3)

pos

where © denotes element-wise multiplication. This design explicitly extracts suspicious regions that the model considers vessel-like

but are not supported by the vessel prior, thereby providing direct evidence for the subsequent negative suppression gate.
Subsequently, a negative gating branch is constructed using. F,,, F, , and M, to suppress responses that

en

are more likely to be background false detections. The negative gate is formulated as
Gneg :G(f;t ([F;n’Fde’MFP])) (4)

where f,(-) denotes the negative gate generation branch. Unlike the positive gate, which focuses on preserving real vessel responses,
the negative gate is specifically designed to model potential false-positive regions, thereby enabling explicit suppression of

background high responses and pseudo-edge interference.
Finally, to preserve real vessel details while suppressing false-positive background responses, an
asymmetric recalibration strategy is adopted to update the shallow encoder features:

F,,=F,0(1+5G,, -aG,,) 5)

where F kip denotes the gated skip connection feature, Ol and B are learnable parameters. According to preliminary experiments,
they are initialized as 2.0 and -1.0, respectively. Through this asymmetric dual-path gating mechanism, VFPSGate can preserve fine
vessel and boundary details while effectively reducing the interference of background textures, noisy edges, and non-vascular high-
response regions during subsequent decoding, thereby improving the accuracy and structural integrity of vessel segmentation under

complex backgrounds.

2.4. Vessel false positive suppression loss

To further enhance the model’s targeted suppression ability against false-positive regions, a Vessel False
Positive Suppression Loss is designed and jointly optimized with VFPSGate. Different from traditional
segmentation losses that rely only on final output supervision, the overall loss function in this work
simultaneously considers the final segmentation output, intermediate coarse vessel predictions, and
background false-detection penalties, thereby constraining the learning process from both output-level and
intermediate-level perspectives.

First, the main segmentation loss is used to constrain the consistency between the final output and the
ground-truth label. In this work, a combination of binary cross-entropy (BCE) loss and Dice loss is adopted
as the basic supervision term to account for pixel-level classification accuracy and region overlap quality
[25,26]

jointly
L

main

=L, (Y, Y) +L,,. (Y, Y) (6)
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where YA denotes the final prediction and Y denotes the ground-truth label.

Second, to improve the reliability of the intermediate coarse vessel predictions in each VFPSGate,
auxiliary supervision is imposed on the coarse predictions at multiple decoding stages. Let P¥ denote the
coarse vessel prediction at the k-th scale and Y denote the corresponding ground-truth label at that scale.
The auxiliary supervision loss is defined as
L, =131 (P, Y (7

K seg Ny 2T x

aux
k=1

where K denotes the number of VFPSGate modules involved in auxiliary supervision. Consistent with the main segmentation loss,
the auxiliary loss also adopts the combination of BCE loss and Dice loss. By applying segmentation supervision to these intermediate
predictions, they are not merely internal variables of the gating module, but also carry explicit vessel semantic information. More
reliable coarse predictions contribute to more stable positive gating construction and false-positive candidate generation, thereby

enhancing the stability and interpretability of the entire gating mechanism.

On this basis, a false-positive penalty term is further designed to constrain regions that satisfy the
following conditions explicitly: they belong to the background in the ground-truth label, are not supported by
the vessel region prior, but still receive high responses in the coarse vessel prediction. For the k-th scale, if a
location corresponds to the background in Y®1It has a low response in P, but still exhibits a high value in
P" Then the model tends to misclassify this background region as a vessel. Accordingly, the multi-scale
false-positive penalty term is defined as

1 & Z(l_yﬂf))(l_PVﬂf))Pcﬂf)
L, = E; S TPy ®)

where K is the number of scales involved in auxiliary supervision, Y™ | Pv(k) s PC(") and denote the ground-truth label, vessel region
prior, and coarse vessel prediction at the k-th scale, respectively, and € is a smoothing constant. This loss term imposes an additional
penalty on locations in background regions that violate prior constraints, thereby enabling targeted suppression of false positives.
Unlike traditional segmentation losses, which mainly focus on overall region overlap, this term directly addresses the specific error

type of “background being misclassified as vessel,” and is therefore more consistent with the design objective of this work.
Finally, the main segmentation loss, auxiliary supervision loss, and false-positive penalty term are

combined in a weighted manner to form the overall optimization objective:

L=L, .+ AL +A,L, )

main aux™" aux

where 7\-a and 7bfp denote the weighting coefficients for the auxiliary supervision term and the false-positive penalty term,

ux

respectively. Through the joint optimization of these loss terms, the network is able not only to learn more accurate vessel
segmentation representations but also to explicitly reduce abnormally high responses in prior-unsupported regions during training,

thereby improving the accuracy, completeness, and robustness of vessel segmentation results under complex background conditions.

3. Results

3.1. Experimental settings and evaluation metrics

Experiments were conducted on the DCA dataset to validate the effectiveness of the proposed method ",
This dataset contains coronary angiography images and their corresponding vessel segmentation annotations,
and can well reflect practical segmentation challenges such as complex backgrounds, low contrast, and
abundant fine vessel structures. The dataset was divided into training, validation, and test sets with a ratio of

7:1:2. To improve the generalization ability of the model, data augmentation strategies including random 90°
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rotation, random horizontal flipping, and random vertical flipping were adopted during training. All input
images were resized to 256 x 256.

To comprehensively evaluate the effectiveness of the proposed method, several representative medical
image segmentation models were selected for comparison, including the classical convolutional architectures
UNet, ResUNet, UNet++, the attention-based Attention UNet, and models with stronger feature modeling
capability, including TransUNet, Swin UMamba, and UKAN 5341 For fair comparison, all methods were
trained and tested under the same dataset and unified experimental settings.

To assess segmentation performance from different perspectives, Intersection over Union (IoU), Dice
Similarity Coefficient (DSC), Accuracy (ACC), and Sensitivity (SEN) were adopted as evaluation metrics >
. Among them, IoU and DSC mainly reflect the overlap between the prediction and the ground truth, ACC
measures overall pixel-wise classification accuracy, and SEN emphasizes the detection ability for true vessel
regions, thereby better reflecting the model’s capability to preserve fine vessels and low-contrast vessels.

All experiments were implemented in PyTorch and conducted on an NVIDIA RTX 4090 GPU. During
training, the batch size was set to 8, and the initial learning rate was set to 1x10* The Adam optimizer was
adopted, and the total number of training epochs was 400. For loss function configuration, VFPSLoss was
used as the overall optimization objective, where the weight of the auxiliary supervision term 4,,=0.2, and the

weight of the false-positive penalty term A, =0.05..

3.2. Comparison experiments

Table 1 presents the quantitative comparison results between the proposed method and several mainstream
segmentation models on the DCA dataset. As can be seen, the proposed method achieved the best
performance across all evaluation metrics. Specifically, the proposed method reached 66.49%, 79.72%,
97.88%, and 85.16% in terms of IoU, DSC, ACC, and SEN, respectively. These results indicate that the
proposed method not only improves the overall overlap quality of segmentation but also enhances the
detection ability for vessel regions.

Table 1. Quantitative comparison of different methods for vessel segmentation on the DCA dataset

10U DSC ACC SEN

UNet 65.43 78.95 97.85 82.53
ResUNet 65.59 79.08 97.84 83.48
UNet++ 65.99 79.33 97.85 84.26
Attention UNet 66.22 79.54 97.85 84.89
TransUNet 66.39 79.67 97.90 84.19
Swin UMamba 63.90 77.83 97.68 83.84
UKAN 65.34 77.58 97.68 81.76
Our 66.49 79.72 97.88 85.16

From the performance trends, the improvements achieved by the proposed method are particularly
noticeable in terms of DSC and SEN. The improvement in DSC indicates a higher overall overlap between
the prediction and the ground-truth vessel region, while the clear gain in SEN suggests that the proposed
method is more effective in preserving real vessels, especially fine vessels, low-contrast vessels, and
branching structures. Considering that there is usually a trade-off between fine-detail recovery and false-
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positive suppression in vessel segmentation, the proposed method still maintains relatively high ACC and
IoU while improving SEN. This indicates that the gain in sensitivity is not achieved by simply enlarging the
predicted vessel regions, but rather by effectively suppressing false-positive responses in background regions
while preserving real vessels.

These results are consistent with the design objective of the proposed method. First, the vessel region
prior provides region-level structural support, helping the model emphasize candidate regions that are
more consistent with tubular morphology. Second, the edge prior further supplements local contour and
boundary information, enabling the model to distinguish real vessel boundaries from background pseudo-
edges better. Finally, VFPSLoss imposes additional penalties on regions that belong to the background and
are unsupported by the prior but still receive high model responses, thereby further reducing false detections
at the optimization level. As a result, the structural gating mechanism and the targeted loss constraint
complement each other, endowing the model with a stronger capability to identify real vessels and suppress
false positives under complex background conditions.

To provide a more intuitive comparison of segmentation performance, Figure 2 shows the visualization
results of different methods on two representative samples. As can be observed, although the compared
methods can extract the main vessel trunks to a certain extent, they still show deficiencies in recovering
fine branches, curved boundaries, and low-contrast regions, and may also produce false detections in local
background areas. In contrast, the proposed method achieves better performance in terms of main trunk

continuity, fine branch completeness, and background suppression.

UNet ResUNet UNet++ Attention UNet

Original

®.

Ground Truth TransUNet SwinUMamba UKAN Our

Original

4

Ground Truth UKAN Our

Figure 2. Visual comparison of vessel segmentation results produced by different methods.
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Specifically, in the first sample, the proposed method preserves the fine branches within the curved
main trunk more completely, produces smoother and more continuous segmentation contours, and yields
fewer scattered false responses in the background. In the second sample, when faced with regions containing
more bifurcations and more complex structures, the proposed method better maintains the connectivity
among branches while reducing erroneous responses in non-vascular regions. Overall, the segmentation
results generated by the proposed method are cleaner, more continuous, and more consistent with the true
morphological characteristics of vessels.

3.3. Ablation studies

To further verify the individual contributions of each component and their collaborative effect, ablation
studies were conducted on the DCA dataset. Specifically, based on the baseline model, the vessel region
prior, the edge prior, the false-positive suppression loss, and the complete model were introduced step by
step. The experimental results are shown in Table 2.

Table 2. Ablation study of different components of the proposed method on the DCA dataset

Vessel Edge VFPSLoss 10U DSC ACC SEN
- - - 65.43 78.95 97.85 82.53
\ 66.31 79.57 97.92 82.63
\ \ 66.03 79.38 97.90 82.71
\ \ 66.09 79.43 97.84 85.06
\ \ \ 66.49 79.72 97.88 85.16

Each component improves the model performance to a certain extent. When only the vessel region
prior is introduced, loU, DSC, and ACC all improve, indicating that the region prior can provide effective
structural guidance for the model. After introducing the false-positive suppression loss, SEN increases from
82.53% to 85.06%, demonstrating that this loss plays an important role in both real vessel detection and
background false-positive suppression. In comparison, the improvement brought by the edge prior alone
is relatively limited, but it still provides useful supplementary information for local contour and boundary
modeling.

When the vessel region, edge prior, and false-positive suppression loss are used together, the complete
model achieves the best performance. Compared with the baseline, loU, DSC, ACC, and SEN are improved
by 1.05%, 0.77%, 0.03%, and 2.63%, respectively. These results indicate that the proposed components are
complementary to each other and can collaboratively suppress false positives from both the perspectives
of structural constraint and optimization objective, thereby improving the overall vessel segmentation
performance.

4. Discussion

The experimental results on the DCA dataset demonstrate that the proposed prior-guided false-positive
suppression strategy can effectively improve vessel segmentation performance. By combining quantitative
results with visual analysis, it can be observed that the proposed method not only improves the overlap

between the predictions and the ground truth but also enhances the detection of fine vessels, low-contrast
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vessels, and complex branching structures. Meanwhile, the visualization results further show that, while
maintaining the continuity of the main vessel trunks and the integrity of fine branches, the proposed method
can more effectively reduce scattered false responses and erroneous connections in background regions.
These findings indicate that the performance gain of the proposed method does not stem from simply
enlarging the predicted vessel area, but rather from the simultaneous enhancement of real vessel preservation
and background false-positive suppression.

From the perspective of the method design, this performance improvement mainly benefits from the
collaboration between the architectural design and the loss design. On the one hand, the vessel region
provides region-level structural support, enabling the network to focus more on candidate regions that
are consistent with tubular morphology. The edge prior further supplements local contour and boundary
information, thereby improving the discrimination between real vessel boundaries and background pseudo-
edges. On the other hand, VFPSGate performs suppression-oriented recalibration of shallow features in the
skip connections, which helps preserve fine details while weakening the interference caused by noisy textures
and non-vascular high responses. In addition, VFPSLoss imposes additional constraints on high responses in
background regions that are not supported by the priors, thereby enhancing the model’s targeted suppression
ability against false-positive regions at the optimization level. The fact that the complete model achieves the
best performance in the ablation experiments also indirectly verifies the good complementarity among the
proposed components.

Another advantage of the proposed method lies in its practicality and scalability. For tasks such as
coronary angiography, where the background is complex, the boundaries are ambiguous, and fine vessels
are abundant, reducing false positives is beneficial not only for improving segmentation accuracy but also
for enhancing the reliability of subsequent morphological analyses such as vessel diameter, curvature,
and bifurcation measurement. Moreover, the prior-guided false-positive suppression idea proposed in this
work does not rely on a specific backbone network. In principle, it can be conveniently transferred to other
encoder-decoder-based segmentation frameworks, indicating a certain degree of general applicability.

Nevertheless, the proposed method still has some limitations. First, the model performance depends to
some extent on the quality of the vessel region prior to and the edge prior to. When the input image contains
stronger noise or even lower contrast, the priors themselves may be degraded, which may further weaken the
gating effect. Second, in regions containing extremely weak vessels, severe structural overlap, or complex
lesion interference, the difference between real vessel responses and background pseudo-responses may still
be subtle, leaving room for further improvement in discrimination capability. Finally, the experiments in this
work were mainly conducted on the DCA dataset, and the cross-dataset generalization ability of the proposed
method has not yet been systematically evaluated on more diverse vessel segmentation tasks.

Future work can be carried out in three directions. First, more adaptive prior construction strategies can
be explored, extending the current priors generated by traditional image processing methods to learnable
or dynamically updated prior representations. Second, based on false-positive suppression, topological
continuity or structural consistency constraints can be further introduced to better balance fine vessel
preservation and overall connectivity. Third, the proposed framework can be extended to retinal vessel,
cerebrovascular, and other multimodal vessel segmentation tasks to validate its generality and clinical
application potential further.
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5. Conclusion

This paper proposes a prior-guided false-positive suppression framework to address the problems of missed
detection of fine vessels and increased false positives under complex backgrounds in vessel segmentation.
The proposed method introduces VFPSGate into the skip connections of the encoder-decoder architecture
and combines vessel region priors and edge priors to recalibrate shallow features. In addition, VFPSLoss
is designed to impose extra constraints on abnormally high responses in background regions that are not
supported by the priors, thereby effectively reducing background false detections while preserving real vessel
details.

Experimental results on the DCA dataset demonstrate that the proposed method achieves competitive
performance across multiple evaluation metrics. Quantitative comparisons, visual analyses, and ablation
studies further verify the effectiveness of each component and its collaborative effect. Overall, the proposed
method can more effectively distinguish real vessels from pseudo-vessels, thereby improving the accuracy

and robustness of vessel segmentation under complex background conditions.
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