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Abstract. Accurate extraction of curve skeletons provides a compact
one-dimensional representation of complex three-dimensional structures
and plays a fundamental role in numerous medical image analysis and
machine intelligence applications. Despite its importance, robust cen-
terline extraction from volumetric medical images remains challenging,
particularly in the presence of segmentation artifacts, small vessels, and
complex vascular topology. In this work, we propose a fully automated
framework for centerline detection of complex branching airway trees
from 3D segmentation masks. Starting from a root node in the trachea,
the method propagates two wavefronts with distinct cost functions: the
first is used to identify terminal endpoints, while the second is used
to trace the centerline paths back towards the root by following the
medial structure of the airway tree. The proposed approach accurately
recovers full airway topology, including branching points and tree hier-
archy at arbitrary depth, and provides a robust out-of-the-box imple-
mentation applicable to any arbitrary 3D airway segmentation without
additional adaptation. The source code is publicly available at https:
//github.com /maltesilber /AirwayParser!
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1 Introduction

Three-dimensional centerline extraction is a fundamental step in the analysis
of tree-like structures [3JTOJI9]. In biomedical imaging, the accuracy of the ex-
tracted centerline directly propagates to downstream analyses. In airway analy-
ses the computation of morphological biomarkers [GIII] and segmentation qual-
ity metrics are generally derived from the centerline [9I23]. Deviations from the
true medial axis can compound through analysis pipelines, leading to unreliable
quantitative outcomes.

We noticed a gap between methodological advances in skeletonization algo-
rithms [I8] and the availability of robust, ready-to-use software implementa-
tions. Especially with the rise of deep learning in medical imaging [I5] and the
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dominance of Python-based ecosystems in modern pipelines. Off-the-shelf imple-
mentations [2008] are error-prone for airways. They suffer from spurious branches
under boundary noise, loops inherited from mask handles, and anisotropy-blind
operation on the voxel lattice. Other more advanced general-purpose methods [6]
also stop at the medial axis and leave the parsing into a structured tree, branch
point detection, generation assignment to the user. Researchers therefore either
rely on ad hoc post-processing rules, re-implement published methods, or build
custom solutions [24], creating barriers to adoption, limiting reproducibility, and
hindering fair comparison across studies.

To address these gaps, we propose a robust airway tree parsing framework at
sub-voxel resolution. From a root node in the trachea, we propagate two wave-
fronts with distinct cost functions. The first identifies the terminal endpoints as
the most distal points of the tree, while the second traces each endpoint back
to the root along its medial axis (Fig. . The branch hierarchy emerges from
the paths that trace to the same root node. This enables an intuitive recovery
of the airway topology. The method is provided as a ready-to-use Python imple-
mentation, allowing straightforward integration into modern imaging and deep
learning workflows.

Fig. 1. High-level overview of the proposed method. Given a 3D airway segmentation,
we first extract all centerline paths by tracing back from every endpoint to the root
node. These paths are then parsed into a curve skeleton from which branching points
and tree hierarchy are extracted.

2 Related Work

The predominant approach to curve-skeleton extraction is iterative thinning due
to its simplicity and availability in ready-to-use software [820]. While preserv-
ing connectivity, these methods are sensitive to boundary noise and operate on
the voxel grid. Airway pipelines [I2J2T4] built on thinning [I3] and address
limitations in post-processing. Sub-voxel accuracy is recovered only afterwards
by re-centering and spline fitting, and spurious branches and loops resulting
from boundary noise are stripped by dedicated passes such as graph-search loop
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removal and breadth-first pruning. The branch hierarchy is read off from each
skeleton voxel’s neighborhood connectivity, where a single spur or one-voxel gap
misroutes the parse. With implementations distributed in MATLAB, outside the
Python and deep-learning ecosystems now standard in medical imaging. In [24]
a simple Python tool parses a thinned segmentation into branches by deleting
skeleton voxels with more than three skeleton neighbors, cutting the skeleton at
every fork, and iteratively merges the branches that violate the expected tree
topology. AirMorph [22] replaces the thinning with the parameter-dependent
path-cost skeletonization of TEASAR [16] but retains the same tree parser.

Minimum-cost-path methods [7J6] instead evolve a front through the seg-
mented object, guided by a medial function, and trace minimum-cost paths
through the arrival-time field, resulting in a global, topology-aware formulation
well-suited to tubular structures such as airways. Its accuracy hinges on the me-
dial function, e.g., distance-transform formulations [4J7] are conceptually simple
and efficient but degenerate to medial sheets in 3D. Hence, paths from differ-
ent branches can run in parallel rather than converging at the true bifurcation,
delaying branch detection and corrupting downstream airway measurements.

In [6] this is addressed by a medial axis that is chosen based on the magnitude
of Gradient Vector Flow (GVF) [2I]. Here the GVF serves as a vector field that
smoothly propagates local boundary information into the interior and forms a
flow towards one medial curve insensitive to boundary noise. We use the diver-
gence of the GVF [2I] inside the airway mask. Regions where airway branches
merge exhibit a convergence of the inward-directed flow from several directions.
Consequently, these junctions generate strong negative sinks in the vector field.
This property makes the formulation particularly suitable for airway analysis
as it encourages the shortest paths to merge as soon as possible and therefore
preserves the branching topology.

3 Methods

Given an airway segmentation mask with the domain 2 C R3, we aim to retrieve
a skeleton that encodes its topology. Airways extend outwards from a root node
X, € R, the common proximal origin of the airway tree, into one of the: =1, ..., n
endpoint nodes e; of n different terminal branches of the structure. Its medial
axis constructs a graph G that connects each endpoint with the common source.
Therefore, the problem of constructing G can be reformulated as the task of
finding the individual medial axis between each pair of nodes {(x,,e;)}?_;. The
union of all curves forms a tree graph corresponding to the centerline of the
entire structure. This simplifies the problem down to locating the root node,
each endpoint and then computing the medial axis between each pair.

3.1 Shortest Path Finding

The medial axis between two points can be computed as a minimum-cost path
through the domain [7], where the cost function enforces the centeredness of the
path by favoring locations close to the object center.
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Let xg € R™ be a source point and x be an arbitrary point in the domain. A
path v from xg to x is a continuous curve v : [0, L] — R™ with v(0) = x¢ and
~v(L) = x, where L is the arc length of the path.

The minimum-cost function 7'(x) is defined as the minimum cumulative
travel cost over all possible paths connecting x( to x

T(x) = min /0 U(v(s))ds (1)

YiXo—X

where U : R® — RT is a cost function that assigns a cost density to each point
in the domain, and ds is the arc length element along the path. The solution
T'(x) satisfies the eikonal equation with a speed function F,

IVI(x)[F(x) =1,  F(x)=1/U(x). (2)

where the speed function is the reciprocal of the cost U.

The Fast Marching Method (FMM) [I] provides an efficient approximation
of by solving the corresponding Eikonal formulation Equation . Lastly,
to extract centerlines, we design the cost function to penalize paths near object
boundaries and favor paths through the center:

U(x) = exp(—am(x)), (3)

where m(x) is a medial function with high values in the center and o > 0 controls
the attraction strength towards the centerline.

Root and Endpoint Detection: The quality of the extracted centerline
strongly depends on the choice of the medial function. We formulate a medial
function based on the divergence of the GVF [21]. The GVF provides a globally
smooth vector field that propagates local edge information into regions where
the image gradient is weak or absent.

Let f : R? = R be a scalar image function and let the GVF field be repre-
sented as the vector field V(x) = [u(x), v(x), w(x)]T. The GVF is defined as the
minimum of the energy functional:

V)= [[[ (VP + 100 + [T ) "

+IVIE)PIV(x) - VF(x)] dx,

where p > 0 controls the smoothness and f(x) is an edge map. The first term
encourages smoothness of the vector field, whereas the second term forces the
field to remain close to the image gradient in regions with strong image variation.
For our purposes we choose f(x) = 1xecpp where {2 is the segmentation, so that
the vector field propagates from the edges inwards to the medial axis.

The minimization of the energy functional can be obtained iteratively using
an explicit time discretization parameter ¢ and evolving the vector field as de-
scribed in [6]. We furthermore normalize the vector field so the magnitude of the
GVF is unity everywhere.
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Medial Function: After solving the GVF optimization problem, the result-
ing vector field v(x) is smooth due to the diffusion term in the GVF energy.
Therefore, spatial derivatives of the field can be computed and the divergence
operator can be computed via:

div V(x) = 31;(;) + ag(yx) + agix).

()

It describes the local expansion or contraction of the vector field.
Since the GVF vectors converge towards the medial curve, these regions
exhibit negative divergence. Therefore, we compute an initial medial response
Vx € (2 using
(x) = {O div (V(x)), if div (V(x)) <0, (6)
, otherwise.

and then min-max normalize the response over (2 giving us the medial func-
tion m(z). The magnitude of the medial function is determined by the local
convergence of the GVF field. At the center of a tubular structure, vectors from
opposite sides of the boundary are directed towards the same location, producing
a local contraction of the field. Using @ in we find the solution of T

Backtracking: Given the travel-time field 7'(x) obtained by solving (2)) with
the source placed at the root x,, so that T'(x,) = 0, the medial axis to an
endpoint e; is recovered by gradient descent on T. Because the minimal-cost
path coincides with the steepest-descent curve of the arrival time, the centerline
is the solution of the ordinary differential equation

dy(s)
ds

VT(x)

= f('y(s)), f(x) = —W, ~¥(0) = e, (7)

integrated until v reaches x,. Numerically, @ is solved with a second-order
Runge-Kutta scheme similar to [6]. The iteration terminates once ||y — x| < 1.
Integration is constrained to remain within {2 and falls back to the grid if needed.

Root and Endpoint Detection: The root x, is taken to be the centroid of
{2 in the 10th axial slice that intersects the segmentation, which yields a stable
seed inside the trachea.

The n endpoints {e;}? ; are not known a priori. We discover them jointly
with their centerlines through an iterative procedure that repeatedly extracts the
deepest remaining branch. We first compute the Euclidean distance transform
D. We solve the eikonal equation a second time with D substituted for m in
the cost , producing the arrival-time field Tp.

The cost Tp provides a robust, monotone measure of geodesic depth from x,.
whose largest value lies at the end of the longest centered path and thus marks
the most distal tip. The cost T, built from the medial function m, supplies the
well-centered gradient used for backtracking.

Starting from an empty visited set O = (), we iterate the following steps as
long as a reachable, unclaimed voxel remains {x € 2\ O : T(x) < oo} # 0.
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1. we choose the deepest unclaimed voxel as e = arg maxx ¢ o\0 Tp(%).
2. we trace back from e to x, according to (7).
3. then we extend O

O+~ 0u U B(x, D(x) + o(x)), (8)

X e Ce%xr

where B(x,r) = {y € 2 : ||®(y) — &(x)|| < r} is a ball with radius r and
point x with @(i,j, k) = (iAx,jAy, kAy) mapping voxel indices to physical
coordinates, so the dilation radius respects anisotropic spacing. The margin o
decreases linearly along the branch from op,.x at the root (0) to omin at the
tip (L), with 0(s) = 0max — 7 (Omax — Omin). Every extracted path runs to x,.
and hence shares its proximal portion with branches found earlier. The margin
o prevents off-center voxels from being re-selected as spurious endpoints. Figure
displays the algorithm on an example airway.

Fig. 2. This plots highlights O over time. From the first three to the last iteration.

3.2 Branch Point Detection

From Section [3.1| we retrieve n centerlines {C;}}_,, each a discrete line from the
root x, to a distinct tip. We then compute branching points by walking the
paths outward from the root and detecting where they split.

More specifically, at each step we partition the current vertices {C;[k]} by
single-linkage clustering in physical space, treating two vertices as connected
when [|®(C;[k]) — P(C;[k])|| < 7. As long as the vertices form a single cluster,
the paths still coincide, so we average them into a centroid that marks our
final centerline. When the vertices fall into two or more clusters, a bifurcation
is detected and we repeat the process from the new branches. The resulting
tree carries averaged centroids as centerline points, their branching points and a
generation label per branch, making the hierarchical topology of the airway tree
explicit.

4 Results

We parameterize the GVF p = 0.15, At = 0.5 and optimize for 500 steps. In cases
of higher resolution scans we lower At and increase the number of steps by factor
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of change. We set a = In(1¢6) to enforce "medialness" and for backtracking we
use h = 0.5. For the path masking we choose o,x = max D(x) and o, = 5.
Lastly, we set 7 = 2 as the radius for branch point detection. The runtime per
scan for each scan was 6.63s for our method vs. 21.41s for the baseline per scan
on average over all 326 scans.

We evaluate our method against classical 3D thinning [§] and the airway
tree parser provided by [24] to extract the branch information. The tree parser
uses ad-hoc rules to correct errors produced by the skeleton and neighborhood
connectivity to detect branching points. Both methods are applied to the same
ground truth segmentations from publicly available datasets ATM22 [23] and
AeroPath [I7]. ATM22 provides 299, while AeroPath adds 27 manually anno-
tated CTs. We provide only a qualitative evaluation of our method due to the
absence of ground truth centerlines.

Fig. 3. Each plot presents a projection along the y axis onto the coronal plane. We
display each voxel in the segmentation mapped to their closest branch and the evolution
of generations. Here (a) shows our method, while (b) is achieved by thinning [8] and
parsing [24].

Figure 3| contrasts the extracted branches of the two methods on a single air-
way. Noise in the segmentation causes the thinning algorithm to produce skele-
ton errors that the subsequent parsing could not recover, whereas our method
extracts a clean skeleton that follows the topology of the airway.

We observe the same behavior across various cases with varying topology and
airway size in Figure 4] In a few instances, e.g., case two, the post-processing
manages to recover the correct branch from a faulty skeleton, but more com-
monly, the thinning errors propagate into the branch detection and corrupt the
recovered hierarchy. We argue that this reflects a fundamental limitation of hav-
ing to refine thinning-based approaches. Such corrections operate on a skeleton
with already incorrect topological information. Our method sidesteps this prob-
lem by recovering the branch hierarchy directly from the centerlines and no
repair stage is required.

The margin o, must be large enough to exclude every voxel along a traced
path from endpoint detection, since an unmasked voxel could otherwise be se-
lected as a spurious endpoint. This condition is easily met, but an overly large o
introduces the opposite risk of masking peripheral airways, leaving it untraced.
We accept this trade-off and regard the loss of small airways as the the preferred
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error mode, as it renders the recovered topology locally incomplete rather than
incorrect.

Fig. 4. Each column again displays a projection along the y axis. Each row shows
the extracted centerline and each voxel mapped to their closest branch. The upper row
shows our method and the bottom row the baseline. (1)-(3) show samples from ATM22
[23] while (4)-(6) show airways from Aeropath [17]

5 Discussion

The proposed method recasts centerline extraction as a set of minimum-cost
paths through a centeredness field. Centerlines are obtained at subvoxel resolu-
tion and follow the continuous descent of the arrival time, so they are smooth
rather than constrained to the voxel grid. The skeleton is thus not reconstructed
from the voxel mask but revealed as the geometry of a field defined on it.

Every path shares a common root, branches coincide along their proximal
course and separate only at bifurcations, so the branch and generation structure
follows from the paths themselves rather than from a post-hoc parsing step. This
convergence at bifurcations is induced by the medial function as the divergence of
the GVF forms a sink wherever the inward flow from adjoining branches meets,
ensuring that branches that share an anatomical course coincide in the extracted
skeleton. The use of physical units throughout makes the extraction robust to
anisotropic voxel spacing.

An implementation is publicly available at https://github.com/maltesilber
/AirwayParser| as a ready-to-use tool.
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