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Abstract. Vascular segmentation in medical imaging plays a crucial role
in analysing morphological and functional assessments. Traditional meth-
ods, like the centerline Dice (clDice) loss, ensure topology preservation
but falter in capturing geometric details, especially under translation and
deformation. The combination of clDice with traditional Dice loss can
lead to diameter imbalance, favoring larger vessels. Addressing these chal-
lenges, we introduce the centerline boundary Dice (cbDice) loss function,
which harmonizes topological integrity and geometric nuances, ensuring
consistent segmentation across various vessel sizes. cbDice enriches the
clDice approach by including boundary-aware aspects, thereby improving
geometric detail recognition. It matches the performance of the boundary
difference over union (B-DoU) loss through a mask-distance-based ap-
proach, enhancing traslation sensitivity. Crucially, cbDice incorporates
radius information from vascular skeletons, enabling uniform adapta-
tion to vascular diameter changes and maintaining balance in branch
growth and fracture impacts. Furthermore, we conducted a theoretical
analysis of clDice variants (cl-X-Dice). We validated cbDice’s efficacy on
three diverse vascular segmentation datasets, encompassing both 2D and
3D, and binary and multi-class segmentation. Particularly, the method
integrated with cbDice demonstrated outstanding performance on the
MICCAI 2023 TopCoW Challenge dataset. Our code is made publicly
available at: https://github.com/PengchengShi1220/cbDice.

Keywords: Vascular segmentation, Centerline boundary loss, Diameter
balance

1 Introduction

Advancements in deep learning have remarkably enhanced medical image seg-
mentation, especially in vasculature, revolutionizing diagnostic and interven-
tional radiology. However, prevalent metrics frequently neglect domain-specific

https://github.com/PengchengShi1220/cbDice
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Fig. 1. Challenges in vascular segmentation across diverse datasets. Key fea-
tures are highlighted: (1) green centerlines for vessel connectivity; (2) blue circles
for morphological characteristics; and (3) light orange arrows within light blue
frames indicating branches with significant diameter differences.

needs, exposing significant deficiencies [10,15]. Vascular segmentation encounters
three significant challenges: (1) preserving the topology of the vascular network
to enable accurate hemodynamic analysis; (2) capturing the intricate geometric
morphologies vital for the diagnosis of conditions like stenosis; (3) attaining bal-
anced segmentation across vessel diameters and consistent width adjustments
within each branch to mitigate diameter imbalance (see Fig. 1).

In this paper, we seek to address a fundamental question: How to encompass
topology, geometry, and vessel diameter consistency in vascular segmentation?
Recent advancements in the field of vascular segmentation have been signifi-
cantly driven by the integration of deep neural networks that utilize both topo-
logical [4,13,20,17,11,7,14,2] and geometric [24,13,23,12,18,14] principles. While
significant strides have been made, particularly in designing loss functions to
mitigate data imbalance in medical image segmentation [6,28,22,27], a compre-
hensive analytical framework in this domain remains elusive. Our study aims
to bridge this gap by proposing the centerline boundary Dice (cbDice) loss
function. Distinctively, cbDice integrates boundary awareness with radius infor-
mation extracted from vascular skeletons. This methodology facilitates equitable
segmentation across vessels of differing diameters, critically preserving topologi-
cal integrity. Our contributions in this study are multifaceted: (1) We introduce
the unified clDice variants (cl-X-Dice) loss, a new framework combining topol-
ogy, geometry, and vessel diameter consistency for vascular segmentation. (2)
We refine the centerline Dice (clDice) loss with geometric considerations, equat-
ing its performance to the boundary difference over union (B-DoU) loss through
a mask-distance-based method that enhances traslation sensitivity. (3) We en-
hance the cbDice loss by integrating radius information from vascular skeletons.
This enables uniform adaptation to changes in vascular diameter, ensuring a bal-
anced impact on fractures or growth across various branches. (4) We conduct
a theoretical analysis to show the scrutinizing their responsiveness to geomet-
ric transformations among different cl-X-Dice implementations. Additionally, we
evaluate cbDice loss across a range of vascular segmentation datasets, covering
2D and 3D dimensions and both binary and multi-class segmentation tasks.
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Related works: (i) Topologically, maintaining connectivity, as underscored
by persistent homology [4,1,13,20], centerline or skeletonization techniques [17,11],
and Euler characteristic methods [7], is essential. The emergence of topology-
aware uncertainty estimation [2] has also played a significant role. Despite ad-
vancements, challenges remain. For example, the clDice loss function [17], though
effective in ensuring topological integrity, has limitations in capturing geomet-
ric nuances, especially during translation and deformation. This underscores the
need for approaches that harmoniously balance topological fidelity with precise
morphological representation in vessel imagery. (ii) Geometrically, bound-
ary precision is highlighted by methods such as the B-DoU loss [21] and edge-
reinforced networks [24]. Techniques such as dynamic snake convolution [13]
target fine, intricate features. In medical image segmentation, distance map-
based approaches are crucial, including shape-aware segmentation with signed
distance maps [25], and CNN integration of distance transform maps [9]. Recent
techniques that combine centerlines with distance maps have demonstrated the
capability to constrain both the skeleton and the geometric morphology in tubu-
lar structure segmentation [23,18]. However, they lack comprehensive integration
within a loss function, a crucial aspect for enhancing applicability and general-
ization, and have not been adequately linked with centerline-based metrics like
the clDice. Although the normalized skeleton distance transform (NSDT) clDice
loss [14] considers geometry based on clDice, this method overlooks the chal-
lenges posed by diameter imbalance. (iii) Imbalance is a common issue in
medical image segmentation, where traditional loss functions like the Dice loss
exhibit a bias towards larger anatomical structures. To address this issue, recent
studies have introduced a range of targeted solutions, including boundary loss
[6], focal Dice loss [28], combo loss [22], and unified focal loss [27]. These ap-
proaches are designed to mitigate imbalanced segmentation. However, they do
not specifically address the problem of imbalanced vessel diameter in vascular
segmentation, while also neglecting the connectivity of the vascular network.

2 Methodology

Preliminaries. This method first processes an input X ∈ Rci×N through a
model to generate an output Y ∈ Rco×N , where ci and co denote the number
of input and output channels, respectively. Subsequently, the output Y is trans-
formed into a binary mask, denoted by V . Here, N signifies the total number of
pixels or voxels, defined as w × h for 2D images, or w × h × d for 3D volumes,
where w, h, and d represent width, height, and depth, respectively. The mask
V is defined as V = {vi, bvj | i ∈ [1, q], j ∈ [1, k]}, comprising q mask points
(v) with value 1, and k background points (bv) with value 0. The corresponding
skeleton S, derived from V , consisting of S = {si, bsj | i ∈ [1, n], j ∈ [1,m]} with
n skeletal points (s) valued 1, and m background points (bs) valued 0. Both V
and S belong to RN . The subscripts P and L respectively denote the prediction
and the reference. We begin by examining the traditional clDice[17], introduced



4 P. Shi et al.

Centerline False Positive

Centerline False Negative

Boundary False Negative

Boundary False Positive

𝑉𝑉L: Reference of Mask

𝑉𝑉P: Prediction of Mask

𝑆𝑆P: Skeleton of 𝑉𝑉P

𝑆𝑆L: Skeleton of 𝑉𝑉L

clDice

cl-M-Dice

cl-S-Dice

cl-MS-Dice cl-MI-Dice

Inverse 
Skeleton 
Radius

Reference

𝑟𝑟𝑖𝑖 � 𝑠𝑠𝑖𝑖

𝑑𝑑𝑖𝑖 � 𝑣𝑣𝑖𝑖

Prediction

Normalization

cbDice 
(cl-MIN-Dice)

Centerline + Boundary
Schematic

Topological + Geometric (Translation and Deformation) + Diameter Balanced

𝑄𝑄sp � 𝑄𝑄vl

𝑄𝑄sl � 𝑄𝑄vp

𝑆𝑆L

𝑉𝑉L

𝑅𝑅L

𝐷𝐷L

𝐼𝐼L

𝑆𝑆P

𝑉𝑉P

𝐷𝐷P

𝐼𝐼P

𝑅𝑅P

Fig. 2. This figure displays a segmented 2D retinal vessel, offering a visual ex-
ample of the different variables mentioned in Table 1. A 2D schematic depicts
the transition from clDice to cbDice, visualized as a bottle with varying radius.

for topology preservation:

Tprec(SP, VL) =
|SP ∩ VL|

|SP|
, Tsens(SL, VP) =

|SL ∩ VP|
|SL|

(1)

clDice(VP, VL) =
2× Tprec(SP, VL)× Tsens(SL, VP)

Tprec(SP, VL) + Tsens(SL, VP)
(2)

where VP and VL are the masks of predicted and labeled segments. The skeletons
SP and SL are extracted from VP and VL respectively.
Variations of clDice. Fig. 2 illustrates the stepwise evolution of the cl-X-

Dice. Our method models tubular structures as entities with variable radius:
employing normals to the skeleton line for depicting radius changes in 2D, and
using circular cross-sections aligned along the central line in 3D. This alignment
facilitates volume estimation through the application of set-based expressions.
The set D signifies the minimum distances from q mask points (v) in V to their
respective boundaries, defined as D = {di · vi, bvj | i ∈ [1, q], j ∈ [1, k]}, thus
forming the distance map. The set R, associated with skeletal points in S, is
defined as R = {ri · si, bsj | i ∈ [1, n], j ∈ [1,m]}, representing n skeletal points
(s) with corresponding skeletal radius (r). The radius of each skeletal point
in S is derived from the distance map D, resulting in the set R. Conversely,
I = { si

ri
, bsj | i ∈ [1, n], j ∈ [1,m]} denotes the set of inverse skeleton radius for

the same n skeletal points in S. D, R and I are elements of RN . To reconcile
differences between skeleton line and distance map computations, values in D
exceeding Rmax are adjusted to Rmax. Hence, the range of R is [0, Rmax] and
the range of D is [1, Rmax]. For the p mask points {vi | i ∈ Z, i ∈ [1, p]} located
either in a 2D plane perpendicular to the centerline or in a 3D cross-section,
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Table 1. Stepwise evolution of cl-X-Dice and comparison of 2D and 3D metrics.
The abbreviations include reference (L), prediction (P), centerline (cl), Dice
(D), skeleton (S), mask (M), inverse skeleton radius (I), normalized (N), and
centerline boundary (cb). cl-MIN-D is equivalent to cb-D in this study.
Metric cl-D cl-S-D cl-M-D cl-MS-D cl-MI-D cl-MSN-D cl-MIN-D

Dim 2D 3D 2D 3D 2D 3D 2D 3D 2D 3D 2D 3D 2D 3D

Qsl SL SL RL R2
L SL SL RL R2

L IL I2L RL,N R2
L,N IL,N I2L,N

Qsp SP SP RP R2
P SP SP RP R2

P IP I2P RP,N R2
P,N IP,N I2P,N

Qvl VL DL DL,N

Qvp VP DP DP,N

Qslvl SL RL RL,N

Qspvp SP RP RP,N

which include a skeleton point s with a corresponding skeleton radius r, the
distance di from each of the p mask points to the boundary is within the range
of [1, r]. The cl-X-Dice metric is designed to address segmentation challenges in
vasculatures of varying diameters:

Tprec(SP, SL, VL) =
|Qsp ∩Qvl|

|Qsp ∩Qspvp ∩ (U − SL)|+ |Qsp ∩Qslvl|
(3)

Tsens(SL, SP, VP) =
|Qsl ∩Qvp|

|Qsl ∩Qslvl ∩ (U − SP)|+ |Qsl ∩Qspvp|
(4)

cl-X-Dice(VP, VL) =
2× Tprec(SP, SL, VL)× Tsens(SL, SP, VP)

Tprec(SP, SL, VL) + Tsens(SL, SP, VP)
(5)

where we define U ∈ RN with each element set to 1. We introduce variables
Qsp, Qsl, Qvl, and Qvp to address geometric and vascular diameter imbalance
aspects in segmentation processes. These variables are crucial for the detailed
analysis of vascular structures. A comprehensive comparison of the cl-X-Dice for
vascular segmentation is available in Table 1. Key notations for Q are defined
as: sp = SP, sl = SL, vl = VL, vp = VP, slvl = SL ∩ VL, and spvp = SP ∩ VP.
Additionally, normalized ratios are represented as RN = R

Rmax
, IN = I

Imin
, and

DN = D
Rmax

. Figure 3 demonstrates how different metrics respond to translation,
deformation, and diameter imbalance. We extensively analyze the cl-X-Dice met-
ric’s theoretical response to geometric transformations. For a detailed proof, see
the supplementary materials.

3 Experiments

3.1 Datasets

We evaluate our proposed methodology across three vascular segmentation datasets.
The DRIVE dataset [19], a benchmark for 2D retinal vessel imaging, includes 40
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Fig. 3. (a) With translation-only perturbations, cb-Dice metric sensitivity to
cl-M-Dice variations, increasing alongside translation distance, is comparable
to B-DoU, while clDice remains near 1. (b) In uniform scaling (enlargement or
reduction), cbDice-Dice pairing ensures more consistent evaluations than clDice-
Dice, effectively adapting to scale changes. (c) For diameter imbalances, cbDice-
Dice consistently assesses varied diameter branches, outperforming clDice-Dice.

Table 2. Comparison of DRIVE dataset results via nnU-Net over 20 epochs.
Our methods are highlighted in light yellow, with best scores in bold.

Loss
X – – B-DoU B-DoU cl-M-Dice clDice cbDice cbDice cbDice
α 0 1 0 1 1 1 1 1 1
β 0 0 1 1 1 1 0.5 1 2

Overlap ↑ Dice 81.8 82.4 82.2 82.3 82.4 82.3 82.5 82.4 82.3
clDice 81.2 82.3 81.9 82.1 82.3 82.2 82.3 82.4 82.2

Topology ↓ βerr 345 360 339 343 356 355 358 361 351
µerr 631 599 620 611 599 605 590 601 607

Distance ↑ NSD 86.1 86.9 87.0 87.1 87.1 86.8 87.2 87.0 86.9

color fundus photographs (584x565 pixels), split into 16 training, 4 validation,
and 20 testing images. For 3D CT pulmonary artery segmentation, the MIC-
CAI 2022 Parse Challenge dataset [8] comprises 100 CT scans (512x512x228
to 512x512x376 pixels), with 80 for training and 20 for validation and testing.
Lastly, the MICCAI 2023 TopCoW Challenge dataset [26] consists of 90 brain
MRA cases (approximately 481x586x185 pixels), with 72 for training and 18 for
validation and testing.

3.2 Setup

We conducted our experiments using PyTorch 2.1, utilizing NVIDIA V100 for
increased computational efficiency. All experiments were trained from scratch
on the nnU-Net V2 framework [5]. In standardizing our experimental setup, we
opted not to use deep supervision, set the batch size to 2, and adjusted other
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nnU-Net
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Ours α = 0,𝛽𝛽 = 0Ground TruthInput Image α = 1,𝛽𝛽 = 0clDice, α = 1,𝛽𝛽 = 1

Fig. 4. Comparative visualization of results on the TopCoW 2023 dataset. Yel-
low arrows mark areas of segmentation false negatives, green arrows point to
false positives, and red arrows identify areas of misclassification.

parameters according to the default configurations of nnU-Net for each dataset.
Additionally, for the TopCoW 2023 dataset, we disabled mirror augmentation
to prevent the incorrect flipping of left and right labels. We rigorously assessed
the effectiveness of the cbDice loss across a range of state-of-the-art segmen-
tation models from the TopCoW 2023 Challenge [26] and from other recent
studies. This assessment included nnU-Net [5], SwinUNETR [3] and NexToU
[16]. The comparative study involved several loss functions: standard Dice loss,
clDice loss [17], B-DoU loss [21], and our proposed cl-M-Dice and cbDice loss.
Segmentation performance was evaluated using key metrics in overlap (Dice
and clDice [17]), topology (Betti Number error and Betti Matching error [20]),
and distance (Normalized Surface Distance (NSD) at 1.0mm tolerance, follow-
ing [12,10]). βerr and µerr correspond to the Betti number error and the Betti
matching error, respectively. We adopted the topology preserving differentiable
skeleton extraction algorithm described in [11], and implemented the Euclidean
distance transform using a GPU-accelerated approach with the cuCIM library.
Aligning with nnU-Net, we maintain the Cross Entropy (CE) loss. The loss func-
tion is L = 0.5× CE + α

2×(α+β) · Dice + β
2×(α+β) · X, where X denotes cl-X-Dice

or B-DoU [21]. Parameters α and β are non-negative numbers; with both set to
0, it reverts to CE loss.

3.3 Results

Our method demonstrates effectiveness in 2D and 3D binary segmentation tasks.
Detailed analysis of the DRIVE dataset, as presented in Table 2, demonstrates
that the cbDice loss significantly improves overlap metrics. Specifically, it achieves
the highest Dice score of 82.5% and a clDice score of 82.4%. Additionally, the
cbDice variant with β = 0.5 reaches a top NSD of 87.2%. In parallel, cl-M-Dice
performs comparably to B-DoU. Within the Parse 2022 dataset, the cbDice loss
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Table 3. Comprehensive comparison of results on the Parse 2022 and TopCoW
2023 datasets. Here, L denotes large (non-communicating) arteries, and S rep-
resents small (communicating) arteries [26].

Network Loss Parse 2022 (50 epochs) TopCoW 2023 (100 epochs, classes average)

X α β Dice clDice βerr NSD Dice(L) Dice(S) clDice βerr NSD(L) NSD(S)

nnU-Net

– 0 0 82.55 68.91 331.5 78.51 81.51 7.012 90.10 – 89.78 14.08
– 1 0 85.05 80.11 277.7 86.04 84.03 0 88.22 – 91.90 0

clDice 1 1 85.30 80.23 263.4 86.20 84.21 38.46 90.72 – 92.45 47.85
cbDice 1 1 85.46 80.76 266.1 86.57 84.11 41.55 91.34 0.96 92.21 50.42
cbDice 1 2 84.91 80.02 275.8 85.98 84.01 43.38 91.95 0.98 91.99 54.11
cbDice 1 3 84.97 78.98 285.6 85.26 84.18 42.68 90.63 0.95 92.67 51.76

SwinUNETR

– 0 0 78.91 58.53 508.7 70.80 61.22 0 88.64 – 70.64 0
– 1 0 81.94 69.87 496.9 78.33 83.19 37.32 90.18 1.40 89.55 46.36

clDice 1 1 82.06 70.12 499.4 78.80 83.16 34.72 90.03 1.31 90.73 43.65
cbDice 1 1 82.19 71.04 476.5 79.36 82.29 37.34 90.21 1.43 89.51 46.49
cbDice 1 2 81.88 69.96 469.0 78.89 82.86 38.38 90.56 1.29 90.70 48.37
cbDice 1 3 81.59 68.62 477.5 77.54 83.09 38.85 90.24 1.27 90.67 47.52

NexToU

– 0 0 81.33 64.80 387.7 75.35 56.33 0 89.93 – 67.79 0
– 1 0 85.08 79.39 288.5 85.49 84.52 42.37 90.44 0.99 92.30 51.82

clDice 1 1 84.88 79.27 274.3 85.23 84.30 43.90 90.19 0.66 92.02 53.31
cbDice 1 1 85.19 80.07 248.95 85.88 84.32 44.51 90.72 0.68 92.18 55.62
cbDice 1 2 85.22 79.72 216.2 85.56 84.37 47.39 90.45 0.65 92.37 57.71
cbDice 1 3 85.05 79.18 289.6 85.31 84.21 48.43 90.89 0.66 92.30 58.91

is effective in maintaining both topology and geometry in vascular structures,
as evidenced by improved segmentation Dice scores, increased NSD scores, and
reduced topological errors.

The cbDice loss approach has substantially improved vascular segmentation,
especially in precision and topological integrity of small structures. This is par-
ticularly significant in the TopCoW 2023 dataset, as shown in Table 3. The
metric βerr, denoted by ’–’, is not calculated for multi-class segmentation if not
all classes are segmented. Our comparative visualization for the TopCoW, as
shown in Figure 4, effectively highlights segmentation errors, with arrows indi-
cating false negatives, false positives, and misclassifications. Our loss function,
which incorporates cbDice, contrasts starkly with the standard CE and Dice loss
(α=1, β=0) and the combination of CE, Dice, and clDice loss (X=clDice, α=1,
β=1). It exhibits superior performance, particularly in multi-class segmentation
and enhancing connectivity among different vessel classes. The cbDice approach
outperforms conventional Dice and clDice methods in terms of scores, while
also reducing false positives and negatives. For example, nnU-Net with cbDice
achieves Dice(S) scores as high as 43.38% at α and β values of 1 and 2, sur-
passing clDice’s 38.46%. Similarly, NexToU with cbDice attains a peak Dice(S)
of 48.43% at α = 1 and β = 3. Overall, the cbDice loss approach represents
a significant advancement in accurately segmenting small and complex vascu-
lar structures across diverse datasets. For 2D binary segmentation, setting the
hyperparameter β to 0.5 or 1 offers advantages. In 3D binary segmentation, β
values of 1 or 2 are more effective. For 3D multi-class imbalanced segmentation,
a β value of 2 or 3 is recommended. Its effectiveness in maintaining structural
integrity and precision underscores the need for tailored β values to optimize
performance for specific network architectures and datasets.
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4 Conclusion

In this study, we introduce the cbDice loss, an innovative advancement within the
clDice loss framework, further elaborated through a series of cl-X-Dice metrics.
These developments specifically cater to the complexities of vascular segmen-
tation in medical imaging. Extensive evaluations across diverse datasets have
validated the efficacy of our method in preserving topological integrity, cap-
turing geometric detail, and maintaining balanced diameter representation in
vascular segmentation tasks. Comparative analysis against leading models and
loss functions have demonstrated the superior capability of the cbDice loss in
meeting the intricate demands of vascular segmentation.
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