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Abstract. Thin vessel segmentation is challenging, where distinguish-
ing between background artifacts and vessel-like structures is ambigu-
ous. Recently, diffusion models have emerged as good candidates for
vessel segmentation but they suffer from tens of iterations and stochas-
tic noisy components. To overcome this, we formulate vascular segmen-
tation as a binary iterative flow matching method named as Binary
Flow Matching (BFM). BFM models segmentation updates as de-
terministic velocity fields in a Bernoulli parameter space, enabling sta-
ble refinement without iterative Gaussian noise injection. Through x1-
parameterization, BFM directly predicts the final clean mask at each
timestep, allowing supervision with segmentation-specific losses. In ad-
dition, we adopt straight-path regularization to enforce consistent up-
date trajectories. Across three X-ray coronary angiography datasets,
BFM achieves the best or highly competitive performance compared
with single-pass discriminative models and diffusion-based approaches
such as BerDiff in Dice, clDice, and Betti-0 error, while requiring only
5–10 iterative steps compared to 50-step diffusion sampling. These results
demonstrate that BFM offers a more efficient and topology-preserving
alternative to stochastic diffusion for vascular segmentation. Source code
is available at https://github.com/YongjunKim98/BFM.

1 Introduction

Segmentation of thin vascular structures is challenging due to ambiguity. Vessels
and background artifacts often share similar intensity profiles and tubular ge-
ometry, making discrimination from local appearance alone unreliable. In X-ray
coronary angiography, catheter shadows and guidewires frequently mimic vessel
structures [1, 2]. Similar challenges arise in the DCA1 dataset [3] where motion
artifacts and heterogeneous contrast generate vessel-like background patterns.
Resolving these challenges requires iterative structural reasoning beyond pixel-
level detection, particularly vessel connectivity and topology, which single-pass
segmentation models cannot revisit or refine.

https://github.com/YongjunKim98/BFM
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Fig. 1: Overview of our method. (i) BFM refines binary noise into vessel segmentation
via deterministic probability flow. (ii) Qualitative comparison shows improved vessel-
artifact disambiguation and structural consistency.

Even expert annotators require multiple iterations to confidently distinguish
vessels from artifacts, verifying connectivity with surrounding vascular topol-
ogy. Existing vessel segmentation methods [4,5,6,7] rely on single-pass inference
without any mechanism to revisit uncertain regions, leading to fragmented ves-
sels and false positives where background structures are mistaken for vessels.
Topological consistency has gained increasing attention, with recent losses such
as clDice [8] and cbDice [9] penalizing structural inconsistencies during training.
However, inference remains single-pass, and iterative generative refinement for
vascular segmentation remains largely unexplored.

Diffusion models [10, 11, 12] enable iterative refinement for general medical
segmentation. In particular, BerDiff [11] formulates binary segmentation within
a Bernoulli diffusion framework and demonstrates improved topological consis-
tency over single-pass models. However, reverse diffusion employs stochastic sam-
pling via Langevin dynamics, adding noise at each step that introduces additional
ambiguity for thin vessels. Moreover, diffusion objectives optimize noise recon-
struction rather than segmentation metrics [8]. Flow matching [13] constructs
deterministic ordinary differential equation (ODE) trajectories more consistent
with the deterministic nature of annotation, but recent methods [14, 15] oper-
ate in continuous spaces, introducing boundary blur that is suboptimal for thin
vessels.

To address these limitations, we present Binary Flow Matching (BFM), a
flow-based refinement framework for binary vessel masks. Unlike diffusion mod-
els that rely on stochastic noise injection, BFM performs deterministic probabil-
ity transport in the probability space. At each refinement step, the probability
state is projected to a binary mask via Bernoulli sampling for discrete-state
conditioning. This design reduces the accumulation of ambiguous intermediate
probabilities and promotes stable topology evolution. Furthermore, by predict-
ing the final clean mask at each timestep, BFM enables direct optimization with
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segmentation-oriented objectives, aligning training with evaluation metrics.
Our contributions are summarized as follows:

1. Bernoulli probability flow formulation. We model segmentation as de-
terministic transport in Bernoulli parameter space, where probability dy-
namics follow an ODE while discrete states are sampled at each step. This
design mitigates ambiguity accumulation and promotes topology-consistent
refinement.

2. x1-parameterized objective for segmentation. We predict the final
clean mask at each timestep, enabling direct supervision with segmentation-
specific losses instead of noise reconstruction.

3. Straight-path regularization. We introduce a trajectory regularizer that
enforces locally linear probability evolution, improving refinement stability
and reducing the number of required inference steps.

Related Work: UNet [4] established the encoder-decoder paradigm for medical
image segmentation, and subsequent work has extended it in multiple directions.
nnU-Net [5] achieves strong results through automated training configuration,
while TransUNet [16] and Swin-UNet [17] incorporate transformer modules to
capture long-range dependencies. For vascular structures specifically, CS²-Net [6]
and DSCNet [7] design convolutional operations tailored to tubular geometry.
On the loss side, clDice [8] and cbDice [9] encourage topological consistency
by penalizing centerline disconnections. Despite these advances, all these meth-
ods perform single-pass inference and have no mechanism to revise uncertain
predictions.

Diffusion models [10, 11, 12] offer iterative refinement by reversing a learned
noise process. However, their reverse process relies on stochastic Langevin sam-
pling, injecting Gaussian noise σtzt, zt ∼ N (0, I) at every time step t, which
adds ambiguity rather than resolving it for thin vessels. Conditional Flow Match-
ing [13] instead learns a velocity field along deterministic ordinary differential
equation (ODE) trajectories dxt

dt = vθ(xt, t, c), where c denotes the conditioning
image. Recent applications to segmentation, FlowSDF [14] and LatentFM [15],
operate in continuous spaces that introduce boundary blur, making them sub-
optimal for thin vessel delineation.

2 Methods

Problem Setup: Given an input image c ∈ RH×W , where H and W denote
the height and width of the image, we aim to estimate a binary mask x̂1 ∈
{0, 1}H×W . We model segmentation as probability transport over a Bernoulli
parameter field pt ∈ [0, 1]H×W , where binary states are sampled as: xt ∼ B(pt).
The probability dynamics follow a deterministic ODE initialized from x0 ∼
B(0.5) with p0 = 0.5.

dpt

dt
= vθ(pt, t, c). (1)
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Algorithm 1 Training
Require: Model fθ, image c, GT x1

1: x0 ∼ B(0.5), t ∼ U(0, 1)
2: u ∼ U(0, 1)H×W

3: xt = x1 ⊙ 1[u < t] + x0 ⊙ 1[u ≥ t]
4: p̂1 = σ(fθ(xt, c, t))
5: Lseg = LBCE(p̂1, x1)+LDice(p̂1, x1)

6:
7: Straight-Path Regularization:
8: Sample ta, tb; tmid = (ta + tb)/2
9: vt = (p̂1 − pt)/(1− t+ ϵ)

10: pdirect
tb = pta + (tb − ta)vt

11: ptwo-step
tb

: advance ta → tmid → tb

12: Lreg = ∥pdirect
tb − ptwo-step

tb
∥22

13:
14: θ ← θ − η∇θ(Lseg + λLreg)

Algorithm 2 Inference (Euler)
Require: Image c, steps N , model fθ
1: pt0 ← 0.5, ∆t = 1/N
2: xt0 ∼ Bernoulli(pt0)
3: for k = 0 to N − 1 do
4: tk = k ·∆t
5: p̂1 ← σ(fθ(xtk , c, tk))

6: ptk+1 ← ptk +
p̂1−ptk
1−tk+ϵ

·∆t

7: ptk+1 ← clip(ptk+1 , 0, 1)
8: xtk+1 ∼ Bernoulli(ptk+1)
9: end for

10: x̂1 ← 1[ptN > 0.5]
11: return x̂1

Training via x1-Parameterization: Direct velocity regression in conditional
flow matching is not well-defined for binary masks, as valid states are restricted to
{0, 1}H×W . To address this limitation, we adopt an x1-parameterization strategy
and reformulate flow matching as direct final-mask prediction at each timestep.
Inspired by clean-sample prediction in diffusion models [18], this design is tai-
lored to Bernoulli probability transport for binary segmentation.

At every training iteration, we sample an initial binary state and timestep,
x0 ∼ B(0.5) and t ∼ U(0, 1), followed by a pixel-wise random switch variable
u ∼ U(0, 1)H×W . The intermediate binary state is then constructed as:

xt = x1 ⊙ 1[u < t] + x0 ⊙ 1[u ≥ t]. (2)

The network predicts the clean mask probability map:

p̂1 = σ(fθ(xt, c, t)), where p̂1 ∈ [0, 1]H×W . (3)

Rather than directly regressing the velocity with a velocity-MSE objective, the
network predicts the clean mask probability, from which the probability-space
refinement direction is analytically computed as:

vt =
p̂1 − pt

1− t+ ϵ
, (4)

which represents the deterministic update direction toward the final mask, with
ϵ > 0 denoting a small constant for numerical stability. This formulation enables
direct optimization using segmentation-specific objectives, where the segmenta-
tion loss is defined as Lseg = LBCE(p̂1,x1) + LDice(p̂1,x1).
Straight-Path Regularization: Segmentation is inherently a deterministic
prediction task, yet iterative refinement models often require many update steps
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Fig. 2: Overview of Binary Flow Matching (BFM). (i) Training via stochastic binary
interpolation and x1-parameterization. (ii) Straight-path regularization for efficiency
as well as accuracy. (iii) Inference through deterministic Euler updates, clipping, and
Bernoulli sampling.

for stable convergence. To mitigate this dependency, we encourage the induced
probability flow to follow straight trajectories in Bernoulli parameter space, in-
spired by rectified flow formulations [19].

Let pdirect
tb

denote the probability map obtained via a direct update from
ta to tb, and ptwo-step

tb
the result of a two-step update through an intermediate

timestep. We define the regularization objective as:

Lreg = Eta,tb

[∥∥pdirect
tb

− ptwo-step
tb

∥∥2
2

]
, (5)

which penalizes trajectory curvature in probability space. This constraint pro-
motes stable mask evolution under a small number of refinement iterations. The
model is trained with the objective Lseg + λLreg, where λ controls the regular-
ization strength (The complete procedure is summarized in Algorithm 1).
Inference with Binary Sampling: At inference, we initialize from random
binary noise x0 ∼ B(0.5) and set p0 = 0.5. At each timestep t, the network
predicts the clean mask probability p̂1 = σ(fθ(xt, c, t)), which defines the up-
date direction toward the final mask. The probability map is then updated as
pt+∆t = pt+∆t (p̂1−pt)/(1− t+ ϵ) followed by element-wise clipping to ensure
pt+∆t ∈ [0, 1]. We subsequently sample the next binary state xt+∆t ∼ B(pt+∆t).
Although the probability dynamics are defined in terms of pt, the network op-
erates on sampled binary states xt. Conditioning on discrete states encourages
structural consistency during refinement and mitigates the accumulation of am-
biguous intermediate probabilities.

Binary sampling is utilized by stochastically resolving uncertain predictions:
pixels with intermediate probabilities are naturally driven toward discrete states,
mitigating the accumulation of ambiguous structures across refinement steps.
The full inference procedure is summarized in Algorithm 2.
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3 Experiments

3.1 Dataset

We evaluate on three public X-ray coronary angiography datasets [3, 20, 21] to
demonstrate robustness across different imaging protocols, institutions, and an-
notation standards. The XACV dataset [20] consists of high-resolution frames
extracted from angiography videos with expert annotations, yielding 155/20/46
train/validation/test images. The DCA1 dataset [3] contains 134 expert-annotated
vessel masks from IMSS (UMAE T1–León), split into 94/10/30. The SBCD
dataset [21] provides 300 images at 512 × 512 resolution from the Second Peo-
ple’s Hospital of Shenzhen, and is split into 210/30/60. All datasets undergo
intensity normalization and standard augmentation (rotation, flipping, intensity
jitter). We report Dice and IoU for pixel-wise accuracy, clDice [8] for connec-
tivity, and Betti-0 error [22] for topological consistency. We focus on Betti-0
error because vessel disconnection and branch fragmentation are the dominant
topological failures in 2D coronary angiography.

3.2 Experiments and Results

Implementation and Benchmarks: We compare BFM with representative
segmentation models across different paradigms. For discriminative approaches,
we include CNN-based models such as CE-Net [23], VesselNet [24], CS2-Net [6],
and DSCNet [7], as well as transformer-based architectures including Tran-
sUNet [16] and nnU-Net v2 [25].

For generative refinement models, we consider diffusion-based methods such
as SegDiff [26], MedSegDiff [10], ColdSegDiff [12], and the Bernoulli diffusion
model BerDiff [11]. We further compare with flow-based segmentation meth-
ods including FlowSDF [14]. On DCA1 [3] and SBCD [21], we compare against
DSCNet, TransUNet, MedSegDiff, and BerDiff. All models follow comparable
optimization settings, with method-specific objectives: BCE+Dice for discrim-
inative baselines and BFM, MSE-based noise/velocity objectives for SegDiff,
MedSegDiff, and FlowSDF, and BCE for BerDiff.

BFM adopts the U-Net backbone from MedSegDiff, where the input image
and binary state are encoded separately, Fourier encoded, and fused at each
encoder stage. Time conditioning uses sinusoidal embeddings followed by a two-
layer MLP and is injected into ResNet blocks via scale-shift modulation.

All models are trained with the AdamW optimizer (weight decay 1 × 10−5,
initial learning rate 2 × 10−4) and ReduceLROnPlateau for 300 epochs with a
fixed batch size of 6. Model capacity is controlled by adjusting base channel
dimensions to keep trainable parameter counts in a similar range. Exponential
Moving Average (EMA) is applied only to diffusion-based and flow-based mod-
els following standard practice [27]. All experiments use identical data splits and
preprocessing and are conducted on a single NVIDIA A6000 GPU. For BFM,
the straight-path regularization weight is set to λ = 0.1 based on validation per-
formance.
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Table 1: Quantitative comparison on the XACV dataset. ↑ higher is better, ↓ lower is
better. Best in bold, second-best underlined.

Paradigm Methods (Year) Dice↑ IoU↑ clDice↑ β0 err↓ Iters Params (M) Inference Time (ms)

CNN/
Transformer

CE-Net [23] (2019) 0.84±0.04 0.73±0.06 0.83±0.05 34.9±13.4 1 12.8 37.35
VesselNet [24] (2019) 0.84±0.04 0.72±0.06 0.82±0.05 28.8±10.6 1 13.0 32.41
CS2-Net [6] (2021) 0.83±0.05 0.71±0.07 0.80±0.06 57.2±19.8 1 8.4 60.54
TransUNet [16] (2021) 0.84±0.04 0.72±0.06 0.82±0.05 47.0±15.1 1 11.2 98.62
DSCNet [7] (2023) 0.84±0.05 0.72±0.07 0.82±0.06 42.0±12.6 1 8.1 309.46
nnU-Net v2 [25] (2024) 0.82±0.06 0.70±0.08 0.79±0.07 53.41±12.16 1 7.8 83.80

Diffusion

SegDiff [26] (2021) 0.82±0.06 0.69±0.08 0.80±0.07 19.1±14.7 50 10.6 7101.06
MedSegDiff [10] (2022) 0.82±0.05 0.70±0.07 0.80±0.06 10.5±9.0 50 10.6 4213.98
ColdSegDiff [12] (2024) 0.81±0.06 0.68±0.08 0.79±0.07 38.3±14.6 50 10.7 6240.17

Bernoulli
Diffusion BerDiff [11] (2023) 0.83±0.06 0.71±0.07 0.83±0.06 20.2±3.9 50 14.4 12951.67

Flow
BFM (Ours, Normal) 0.86±0.04 0.76±0.06 0.86±0.04 3.3±2.4 10 10.7 890.81
BFM (Ours, Faster) 0.86±0.04 0.76±0.06 0.86±0.04 3.7±2.3 5 10.7 407.10

Fig. 3: Qualitative comparison on the XACV dataset. Colored arrows indicate frag-
mented (red), ambiguity-induced (yellow), and false-positive (blue) errors.

Quantitative and Qualitative Evaluation on XACV: Table 1 and Fig. 3
present quantitative and qualitative comparisons on the XACV dataset. BFM
achieves the best performance among the compared methods across both pixel-
wise and topological metrics. Compared to single-pass discriminative models [6,
7, 16, 23, 24, 25] that perform direct prediction in a single forward pass, BFM
achieves higher overlap accuracy while reducing topological errors, indicating
that iterative refinement can be beneficial for preserving vascular connectivity.

Diffusion-based approaches partially improve topology over single-pass mod-
els, supporting the value of iterative generation. However, their pixel-wise ac-
curacy remains limited. In contrast, BFM preserves both structural coherence
and boundary precision through deterministic probability flow with binary re-
finement. BFM further remains stable under reduced inference steps as shown
in BFM (Faster) method of Table 1. Even when reducing the refinement steps
by 50% (from 10 to 5), segmentation quality and β0 errors remain consistent,
suggesting well-behaved probability trajectories under coarse discretization. We
further evaluate inference variance across five random seeds using the same
trained checkpoint on the XACV test set. BFM shows negligible variability:
Dice 0.86±0.04, and β0 error is also stable at 3.27±0.31, indicating robustness.
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Table 2: (i) Multi-dataset evaluation and (ii) Ablation on XACV. Best in bold.
(i) DCA1 [3] SBCD [21]

Methods Dice↑ clDice↑ β0 err↓ Dice↑ clDice↑ β0 err↓

DSCNet 0.77±0.04 0.84±0.05 7.4±4.0 0.87±0.03 0.79±0.06 45.2±53.3

TransUNet 0.79±0.03 0.85±0.04 6.6±4.0 0.87±0.03 0.79±0.06 46.7±48.7

MedSegDiff 0.77±0.04 0.85±0.04 4.8±4.6 0.84±0.03 0.75±0.05 39.4±52.0

BerDiff 0.77±0.03 0.84±0.05 1.7±1.8 0.86±0.04 0.76±0.05 40.5±48.0

BFM (Ours) 0.80±0.04 0.87±0.05 1.3±1.9 0.89±0.02 0.82±0.05 18.80±24.81

(ii) XACV (Ablation)

Methods Dice↑ clDice↑ β0 err↓

FlowSDF [14] (2025) 0.840±0.06 0.831±0.07 64.7±13.6

Vanilla FM [13] (2023) 0.839±0.06 0.830±0.07 15.5±8.3

+Binary 0.860±0.04 0.857±0.07 5.1±6.2

+Reg. 0.864±0.04 0.862±0.04 3.3±2.3

Fig. 4: Qualitative comparison on challenging cases. (i) DCA1 example exhibiting
vessel-like artifacts, where several methods produce false positives near ambiguous
regions (red arrows). (ii) SBCD example with complex vascular topology, showing con-
nectivity disruptions and structural inconsistencies.

Multi-Dataset Evaluation: Table 2(i) reports quantitative results on the
DCA1 and SBCD datasets, where all models are trained and evaluated indepen-
dently. Despite differences in image characteristics, BFM consistently demon-
strates strong accuracy. On the DCA1 dataset, which contains vessel-like arti-
facts and ambiguous background structures, BFM produces more accurate pre-
dictions compared to competing methods as shown in Fig. 4(i). Reduced β0

errors suggest that our method effectively preserves vessel connectivity under
artifact-induced ambiguity.

On the SBCD dataset, characterized by complex vessel distributions and
topology, Fig. 4(ii) shows that BFM maintains accurate connectivity patterns.
These results suggest that the proposed probability flow formulation shows con-
sistent performance across datasets.

Ablation Study: Table 2(ii) analyzes the contribution of each component
within the proposed framework. Vanilla flow matching serves as the baseline,
while successive variants evaluate the impact of the Bernoulli parameterization
and straight-path regularization.

Transitioning from the continuous formulation to the Bernoulli-based param-
eterization improves both segmentation accuracy and structural stability. This
result indicates that probability transport in Bernoulli space is better aligned
with binary vessel segmentation. Introducing the straight-path regularizer fur-
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ther enhances performance across overlap and topological metrics. By discourag-
ing curved probability trajectories, the refinement dynamics become more stable,
leading to improved connectivity preservation reflected by reduced β0 error.

4 Conclusion

We presented Binary Flow Matching (BFM), a probability-flow–based frame-
work that performs iterative refinement through deterministic probability dy-
namics and discrete binary sampling. By adopting an x1-parameterization strat-
egy, BFM enables segmentation-oriented optimization while maintaining stable
probability transport. The proposed regularization further improves refinement
stability, allowing predictions even under reduced inference steps. Overall, BFM
demonstrates an effective and flexible approach for topology-preserving medi-
cal image segmentation. Future work includes extending BFM to 3D volumetric
segmentation and using Betti-1 (β1)-based evaluation to better assess loop-like
vascular structures.
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