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Abstract—Given the importance of studying bifurcations in
3D anatomical trees (e.g. vasculature and airway), we propose
a bifurcation detector that operates by fitting a parametric
geometric deformable model to 3D medical images. A fitness
function is designed to integrate features along the model skele-
tons, surfaces and internal areas. To overcome local optima
while detecting multiple bifurcations in a single image, we
adopt genetic algorithm with a tribes niching technique. Results
on both VascuSynth data and clinical CT data demonstrate not
only high bifurcation detection accuracy and stability, but the
ability to locate parent and children branch directions and
vessel wall locations simultaneously.
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I. INTRODUCTION

Accurate localization and modelling of bifurcations within
3D medical images is important for fluid dynamics sim-
ulation, computer-aided diagnosis, patient-specific surgical
planning and other clinical applications. Bifurcation detec-
tion is also useful for guiding minimal path- or tracking-
based vascular and airway tree segmentation [1]. Besides,
bifurcations are crucial in tree labelling and registration al-
gorithms to serve as important landmarks [2]. The geometry
of bifurcations is also found to be highly correlated with
diseases like atherosclerosis, where plaques accumulate due
to slow blood flows, which further induces symptoms like
Pulmonary Arterial Hypertension and Chronic Thromboem-
bolic Pulmonary Hypertension in both small and primary
blood vessels [3].

Many methods for extracting 3D vasculature/airway bi-
furcations have been proposed in the past few years, but
very few of them explicitly built a bifurcation model for
geometrical description and none of them discussed utilizing
model-integrated image cues. Some machine learning based
pixel-wise classification methods were proposed in [1], [4],
however, limited geometrical information (e.g. direction)
were extraced. Some minimal path based methods either
handled bifurcation as principal directions [5], or graph
vertices which optimize graph networks using certain length
measurement [6]. Some level set based methods handled
bifurcations by using direction information extracted using
Hessian matrix [7], or required user input for locating

branching vessels [8]. A volume growing method was
proposed in [9], however, pulmonary veins were simply
modeled as cone-like objects, and there was no universal
mechanism for detecting bifurcations. An implicit model
of 3 super-positioning cylinders was proposed in [10], but
the result of the actual codimension bifurcation filter had
nothing to do with those cylinders, and like most pixel-
wise filtering method, it showed no indication of the par-
ent/children branch directions. Although a general surface
fitting method was proposed in [11], the method was quite
limited by requiring some rough skeleton locations as ini-
tialization.

In this paper, we argue that a good bifurcation de-
tection method should leverage our knowledge of (i) the
unique Y-shaped 3D geometry of bifurcations, (ii) anatom-
ically meaningful shape variability, and (iii) image cues
within the bifurcation model, along the surfaces as well
as the centerlines and interior regions (we refer to model
volumes in the later paragraphs). We adopt an accurate
3D deformable geometrical Y-shaped model parameterized
over anatomically-relevant shape variables (e.g. branch radii
and angles) [12], with physiologically-driven constraints
on these parameters (e.g. radius ratio between parent and
child branches [10], [13]). To fit such a single model to a
bifurcation, we rely on various image cues (image intensity,
gradient magnitude and direction, tubularness) as well as
model geometry (centerline location and direction, surface
location and normal direction). The above description of the
bifurcation and the corresponding fitness calculation, albeit
largely comprehensive, makes it infeasible to apply gradient-
descent-like optimizers for fitting a single bifurcation model
to image data, let alone optimizing numerous models in a 3D
volume. We therefore switch to an evolutionary computing
method, the genetic algorithm approach with a “tribes”-
based niching technique [14], [15] to handle the problem of
simultaneous identification of multiple bifurcations. In short,
this is the first work that sees bifurcations on a parametrical
as well as geometrical and physiological level.

We validated our method on both synthetic and clinical
datasets, which shows not only accuracy and stability in
quantitative experiments, but also displays elegancy with
the tribes representation, and demonstrates more merits as



simultaneously capturing parent/children branch directions,
vessel walls and radii.

II. METHODOLOGY

A. Modeling the 3D Geometry of a Bifurcation

Figure 1: A bifurcation model comprises 7 typical parts:
parent branch; left and right transition regions; left and right
curved daughter branch segments; and left and right straight
branche segments.

Borrowed from the pulmonary airway architecture mod-
elling [12], We represent the generic vascular bifurcations
as Y-shape geometric objects comprise 7 parts: parent, two
transition regions, two curved children branches and two
straight children branches (see example in Figure 1). The
“transition zone” allows for a smooth transition between
parent and children branches and we adopt a polynomial
of degree d = 3 to describe radii changes. The list of
parameters, and the corresponding values we adopted in this
work, are given in the Table I. The reader is referred to [12]
for a more detailed description of those parameters. A shape
catalog is shown in Figure 2 with varying left and right
transition angles.

Within a 3D image, we apply a 3D affine spatial trans-
formation (translation, rotation and scaling) to the model.
The transformation parameters are listed in Table II. Both
the shape parameters in Table I and Table II will be used to
calculate the fitness function, as described in Section II-B.

B. Multi-objective Fitness Function

Given a particular setting of model shape parameters as
well as affine transformation parameters, a unique model
is generated in the 3D image space and we will be able to
evaluate the plausibility whether a bifurcation exists. To that

Notation Explanation value

Rp parent radius fixed as 0.5

Lp parent length fixed as 2

βT transition angles evolved via GA

βC curved branches angles fixed as [0, 0]

Rκ curved branches curvature fixed as [2, 2]

Rd straight branches radii evolved via GA

ld straight branches lengths fixed as [2, 3]

γ bifurcation exponent fixed as 0.67

Table I: Shape parameters. To reduce computational com-
plexity, we fix most of the parameters and only search on
βT and Rd axes during optimization.

Notation Explanation value

θx rotation along x-axis evolved via GA

θy rotation along y-axis evolved via GA

θz rotation along z-axis evolved via GA

r scaling ratio evolved via GA

tx translation along x-axis evolved via GA

ty translation along y-axis evolved via GA

tz translation along z-axis evolved via GA

Table II: Transformation parameters. All the parameters will
be evolved during optimization.

Figure 2: Catalog of sample 3D bifurcation shape models.

end, we construct a multi-objective fitness function utilizing
appearance cues, such as: intensity, gradient and vesselness,



on top of the model centerline, surface and internal areas.
We represent the 3D bifurcation model as B =

〈BC , BS , BV 〉, where BC is the centerline, BS is the
surface, BV is the model volume (volumetric region within
the model). We use V for Frangi’s vesselness [16], I for
image intensity, ~g for image gradient and ~n for inward
normal directions on the model surface. The fitness terms
could be categorized into three major types: fitness defined
along centerlines, on the surfaces, and over the whole model
volume.

1) Fitness Terms along Model Branch Centerlines:
a) Average vesselness on model branch centerlines:

FV (BC) =
1

length(BC)

∫
BC

V (c)dc (1)

b) Average image intensity on model branch centerlines:

FI(BC) =
1

length(BC)

∫
BC

I(c)dc (2)

2) Fitness Terms on Model Surface:
a) Average gradient magnitude on model surface

FG(BS) =
1

area(BS)

∫
BS

||~g(s)||2ds (3)

b) Average gradient alignment on model surface

FA(BS) =
1

area(BS)

∫
BS

< ~g(s), ~n(s) > ds (4)

3) Fitness Terms inside the Model Volume:
a) Mean intensity inside model volume

FI(BV ) =
1

volume(BV )

∫
BV

I(v)dv. (5)

The multi-objective fitness function is optimized as:

max
B(S,C,V )

F (S,C, V ) = max
B(S,C,V )

{ω1FV (BC)+ω2FI(BC)

+ ω3FG(BS) + ω4FA(BS) + ω5FI(BV )}. (6)

C. Tribes-based Evolutionary Genetic Algorithm

To find optimal parameters for fitness function (6) to
locate bifurcations in a 3D image, we must search in a
high dimensional space for geometrical parameters as well
as transformational parameters (Table I and II). However,
it’s difficult to obtain ∇S,C,V F and a heuristic searching
method is prone to get trapped in local optima. To overcome
these difficulties, we adopt the genetic algorithm (GA) [17],
the idea of which originates from natural selection and
is efficient in solving constrained optimization problems.
With this algorithm, the parameter vector is encoded as a
chromosome, and random crossover and mutation is applied
to each (or each pair of) chromosome to evolve toward a

better off-spring [17]. The classical GA was only designed to
search for a single global optimum, but for our case, multiple
bifurcations/optima typically exist in the same image. To
handle multiple reoccurring bifurcations, we also adopt the
tribes niching technique [14], [15]. In a nutshell, a tribe is a
population of chromosomes with certain similarity - to our
case, the similarity is reflected in the 3D translation. For
each chromosome within the tribe, we restrict that it can
only evolve within a certain distance (along the 3D spatial
dimensions) from the tribe center. We initialize several
tribes simultaneously and evolve each tribe independently.
Eventually very close tribes will be merged with each other
and only tribes with the most elite chromosomes will be
kept to avoid redundancy and reduce errors. Thus each
tribe will represent a single bifurcation in the image, with
translation parameters representing the bifurcation location,
rotation parameter representing parent and children branch
directions, scale/model radii parameter representing the radii
for parent and children branches. In short, the genetic
algorithm explores the high dimensional parameter space by
creating a population of, in our case, bifurcation models that
are spread out, i.e. reoccurring, in the image domain, with
varying pose, scale, and shape parameters.

We use the following rules for evolving and merging
tribes:

a) if a chromosome after mutation is away from the
tribe center for more than distance R, the child
chromosome is discarded and the parent chromo-
some will be kept instead;

b) if the distance between two tribes’ centers is below
a threshold µ, the two tribes will be merged.

For all the following experiments, we first threshold the
vesselness at value 0.1, and then automatically initialize the
tribes’ spatial centers on the remaining pixels so that they
are R pixels apart. Both R and µ are set to be 10 pixels.

III. EVALUATION

A. Data Description

We use a synthetic dataset as well as a clinical CT dataset
for evaluation purposes. The synthetic dataset comprises
20 volumes generated by the VascuSynth 3D vascular tree
simulation software [18], [19] with different Gaussian noise
levels (SNR=20; 13.98; and 10.46, Figure 3). Each volume
is around 30 ∗ 30 ∗ 30 voxels in size and each contains two
bifurcations. The clinical dataset is composed of computed
tomography (CT) pulmonary volumes1, and each volume
is cropped to an ROI of size 50*50*50. Sixty two (62)
bifurcations and the directions of the 3 neighboring branches
per bifurcation were annotated manually by a graduate
student knowledgeable with 3D CT data and anatomical
trees.

1https://vessel12.grand-challenge.org/



(a) (b)

(c) (d)

Figure 3: Volume rendering of the VascuSynth images with
different noise levels: (a) original noise-free binary image;
(b) SNR = 20; (c) SNR = 13.98; (d) SNR = 10.46.

B. Quantitative Results

1) Evaluation Metrics: We use GT to represent the set of
all ground truth point locations. ∀x ∈ GT , ~VGP (x), ~VGL(x),
and ~VGR(x) are used to represent ground truth parent, left
and right children branch directions at x. DT is the set
of all detected bifurcation locations, and ~VDP (y), ~VDL(y),
and ~VDR(y) are the detected parent, left and right children
branch directions at detected location y. For the propose
method, the detected bifurcation location is the coordinate
of the center point on the cross sectional plane between the
parent branch and the transition zones.

The evaluation metrics are defined as follows:
a) Coherence metric: ∀x ∈ GT ,

MC(x) = min
y∈DT

1/(~VGP (x) · ~VDP (y)

+ ~VGL(x) · ~VDL(y) + ~VGR(x) · ~VDR(y)) (7)

b) Distance metric: ∀x ∈ GT

MD(x) = miny∈DT ||x− y||2 (8)

c) Dispersion metric: ∀x ∈ GT, y ∈ DT , if ||x −
y||2 < R, R is the tribe radius (see Section II-C),

MP (x, y) = ||x− y||2 (9)

Intuitively, the coherence metric MC measures the total
difference between the directions of the ground truth (GT)

branches and the directions of the three branches at the
detected bifurcation. The distance metric measures the dis-
tance between the detected bifurcation location and the GT
bifurcation location. For the proposed method, the detected
bifurcation location is determined using the transformed
model origin as decribed in [12]. The distance metric con-
siders the proximity of only the single detected bifurcation
that is closest to the GT and ignores the other false positives,
which results in a scalar for each x ∈ GT . The dispersion
metric, on the other hand, returns a vector approximating the
distribution of all the detected bifurcations around each GT
location, e.g., considering both “good” and “bad” detections.

To determine the weight values in (6), we do a brute force
search over a training set for the maximal fitness value. For
the synthetic data, the weights are chosen as {ω1 = 1, ω2 =
2, ω3 = 2, ω4 = 0.5, ω5 = 2}. For the clinical dataset, the
weights are chosen as {ω1 = 1, ω2 = 0.5, ω3 = 2, ω4 =
1, ω5 = 0.5}.

2) Results of Experiments on Synthetic Data: The results
of noise tests with the VascuSynth synthesized data are
shown in Tables III, IV and V. The proposed method
outperforms all competing methods, ISBI’07 [4], ISBI’14 [1]
and a scale space detector (MMBIA’12) [10] with regard
to metrics MC and MP . We approximate the normal dis-
tributions of metric value MP in Figure 4 (a-c) and the
red curves represent our proposed results. The red curves
are steeper and further left than the rest of the curves,
which means the bifurcation points detected by the proposed
method are more accurate and stable than those obtained by
the competing methods. In both experiments with synthetic
and clinical data, the tribes are empirically initialized with
Frangi’s vesselness [16] ≥ 0.1, each tribe with radius= 10
and at least 10 pixels apart with each other, so to balance
computation time and detection accuraty.

SNR=20 proposed ISBI’07 ISBI’14 MMBIA’12

MD mean(std) 2.75(1.18) 0.57(0.72) 1.07(2.35) 13.58(9.14)

MC mean(std) 0.35 (0.01) NA 0.55(0.21) NA

MP mean(std) 2.75(1.18) 7.44(1.92) 5.2(2.66) 6.71(3.29)

Table III: Results on VascuSynth data at SNR=20. ISBI’07
and MMBIA’12 do not return direction information, so the
values are not applicable (NA).

SNR=13.98 proposed ISBI’07 ISBI’14 MMBIA’12

MD mean(std) 3.73(4.91) 0.57(0.72) 0.97(1.71) 14.78(7.78)

MC mean(std) 0.36(0.09) NA 0.54(0.21) NA

MP mean(std) 2.66(1.08) 7.47(1.92) 5.29(2.58) 6.38(2.50)

Table IV: Results on VascuSynth data at SNR=13.98.

3) Results of Experiments on Clinical Data: The results
of experiments with clinical data are shown in Table VI.



SNR=10.46 proposed ISBI’07 ISBI’14 MMBIA’12

MD mean(std) 3.87(4.86) 0.64(0.72) 0.81(0.97) 12.80(4.50)

MC mean(std) 0.36(0.08) NA 0.52(0.18) NA

MP mean(std) 2.81(1.03) 7.44 (1.92) 5.61(2.52) 7.79(1.43)

Table V: Results on VascuSynth data at SNR=10.46.

Again, the proposed method outperforms all competing
methods, ISBI07 [4], ISBI14 [1] and MMBIA’12 [10] with
regard to metrics MC and MP . We approximate the normal
distributions of metric value MP in Figure 4 (d) and the
red curves represent our proposed results. The red curves
are steeper and closer to the left than the rest of the curves,
which means the bifurcation points detected by the proposed
method are more accurate and stable than those obtained by
the competing methods.

clinical proposed ISBI’07 ISBI’14 MMBIA’12

MD mean(std) 3.15(2.84) 1.12(0.65) 0.01(0.13) 5.02(2.15)

MC mean(std) 0.37(0.03) NA 0.60(0.24) NA

MP mean(std) 3.17(2.35) 7.56(1.84) 5.56(2.5) 4.06(4.1)

Table VI: Results on clinical data.

(a) (b)

(c) (d)

Figure 4: ”Error” distributions of VascuSynth and clinical
data. (a)-(c): Normal distribution estimated using MP mean
and std in Table III-V. (d): Normal distribution estimated
using MP mean and std in Table VI.

C. Qualitative Results

Figure 5: An example of the Vascusynth data result
(SNR=10.46). 9 tribes were initialized and 2 tribes were
found. The original noise-free image is rendered purple
using an iso-surface. The best chromosome in each tribe
is rendered in red (parent), green (transition) and blue
(daughters).

(a) (b)

(c) (d)

Figure 6: An example of the clinical result, comparing the
proposed method and ISBI’14. (a)-(b): result of proposed
method. 30 tribes were initialized in (a) and 5 tribes were
found eventually. 36 tribes were initialized in (b) and 6 were
found eventually. The original image is rendered in iso-
surface as purple. Surface: red is the parent branch; green is
the transition zone; and blue shows the children branches.
(c)-(d): result of ISBI’14 method. Yellow dots are classified
as bifurcations, many of which are false positives.

Figures 5 and 6 show sample results obtained by the
proposed method. In Figure 6 (c-d), the yellow dots are clas-
sified by ISBI’14 as bifurcations, and we can observe many
are faraway from the true bifurcations. This illustrates that,
even though in Tables III-V and VI, the proposed method
has larger MD values, it still outperforms the competing
methods by giving more precise results with much fewer
false positives.



Finally, we note that the proposed method provides more
merits compared to competing methods as summarized in
Table VII. As shown in Figure 6, the proposed method not
only reports whether a point is a bifurcation, but also shows
where the parent branch and children branches lie, a type
of result none of the competing methods could achieve.
Although the ISBI’14 method implicitly returns branch
directions in its “vmf” feature, by observing the MC values
from Table III-VI, we can see they are far from accurate.
Also in Figure 6 we can see the model surfaces nicely
fit to the vessel walls with accurate parent/children scales
estimation, while the competing methods only returns a
single scale value at a given point and provide no estimation
to wall locations.

proposed ISBI0’7 ISBI’14 MMBIA’12

vessel walls × × ×

centerlines × × ×

parent/child scales single single single

directions × implicit ×

parent/child topology × × ×

Table VII: Comparisons among the proposed method and
three competing methods. For the competing methods, only
a single scale value is returned at each location, while the
proposed method provides scale estimation for all parent and
children branches. The ISBI’14 method doesn’t return the
directions of the neighboring branches directly, but its “vmf”
feature (c.f. [1]) implicitly implies the branch directions.

IV. CONCLUSION

We presented the first bifurcation detection method that
relies on constructing and fitting a 3D deformable Y-shaped
template to volumetric medical image data. Using a tribes
based evolutionary computing optimization, we were able to
detect multiple bifurcations in a volume simultaneously. No
regularization or shape prior terms were necessary in the
fitness function as such priors are already encoded in the
underlying shape model. Our method not only detects the
locations of the bifurcations, but also reports the parameters
of the 3D shape model (e.g. parent and child directions
and radii), which may be useful for fluid simulations.
Future work will involve applying dense deformations of
the bifurcation model surface to better match edges as well
as reconstructing the complete anatomical tree by detecting
inter-bifurcation branches.
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