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ABSTRACT

Over decades, segmentation has remained a salient task in

most medical imaging applications confronting multi-faced

challenges including limited image quality. In this paper, we

present a new anisotropic region growing segmentation ap-

proach for vascular or other elongated structures. A funda-

mental challenge during tracing vascular structures is broken

continuity of structures by noise and other imaging artifact-

s coupled with leaking through blurring and soft boundaries.

Anisotropic region growing solves this problem using tensor

scale that captures local structure orientation and geometry

using an ellipsoidal model. A new fuzzy connectivity based

algorithm is developed that uses tensor scale to facilitate re-

gion growing along the local structure while arresting cross-

structure leaking. The performance of the method has been

quantitatively evaluated on non-contrast human pulmonary C-

T imaging and the results found are promising.

Index Terms— image segmentation, tensor scale, fuzzy

connectivity, local parameter control, anisotropic region

growing

1 Introduction
Analysis of vascular geometry is important in many medical

imaging research including pulmonary, cardiac and carotid

applications. Several segmentation approaches, including

manual outlining, boundary based [1], region-based [2], and

shape and model-based [3] techniques have been introduced

and subsequently modified and investigated in different ap-

plications. In this paper, we develop a new anisotropic region

growing algorithm with target application to segmentation

of vasculature and elongated structures. Region growing

approach was adopted for this purpose because - (1) high

inter-subject variations vascular shape and topology even for

a specific body region, (2) high complexity of vascular geom-

etry and topology.

The aim of this paper is to develop a local structure controlled

anisotropic region growing method. Fuzzy connectivity [4,5]

has become a popular method where, the region growing is

governed by a predefined fuzzy affinity relation. The fuzzy

connectivity theory was proposed by Rosenfeld which was

which was fundamentally remodeled and introduced in seg-

mentation by Udupa et al [5]. Saha and Udupa [6] introduced

the notion of scale in the fuzzy connectivity framework. A

fundamental challenge with this approach in the context of

tracing a vasculature in an image with limited signal-to-noise

ratio emerges out of broken continuity of structures by noise

and other artifacts coupled with blurring and soft boundaries.

The anisotropic region growing solves this problem using

tensor scale [7] that captures local structure orientation and

geometry using an ellipsoidal model. A new fuzzy connec-

tivity based anisotropic region growing algorithm has been

developed that uses tensor scale to facilitate region growing

along local structure while arresting cross-structure leaking.

In our approach, anisotropy of local structures through tensor-

scale is incorporated into the theoretical fuzzy connectivity

model through a new local parameter control strategy. The

notion of a tensor scale - a unified representation of local

structure size, orientation and anisotropy was introduced by

Saha [7]. Recently, a precise analytic definition of tensor

scale and an effective computational solution in 3- or higher-

dimensional images [8] have been developed. Tensor scale

carries the promise of serving as a rich parametric descriptor

of local geometry that may benefit several image processing

applications.

2 Theory and algorithms
In this section, we first briefly present fuzzy connectivity [5]

and tensor scale [7]. Subsequently, we introduce the theory

and algorithm of a new anisotropic region growing algorith-

m that combine the above two methods to facilitate along-

structure growing while constraining cross-structure leaking.

Let Z3 denote a three-dimensional (3D) cubic grid represent-

ing the image space where Z is the set of integers; each ele-

ment of Z3 is called a voxel. An image on Z
3 may be defined

by an image intensity function f : Z3 → Z
+, where Z

+ is

the set of positive integers. A fuzzy relation μα : Z3 × Z
3 →

{0, 1} referred to as adjacency is used to determine closeness

of two voxels in the image space. A path π is a sequence

〈p1, p2, ..., pl〉 where every two successive voxels are adja-

cent. Path strength μN (π) is defined as:
μN (π) = min

1≤i<l
μκ(pi, pi+1).
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where μK(p, q), referred to as fuzzy affinity, captures the lo-

cal hanging-togetherness between p and q, i.e., the strength of

the link 〈p, q〉. Fuzzy connectedness between two voxels p, q
is the strength of the strongest path between them, i.e.,

μK(p, q) = max
π∈P(p,q)

μN (π).

where, P(p, q) denotes the set of all paths between p, q.

A fuzzy connected objet O in an image is defined as the re-

gion grown from a predetermined set of seeds, say S. Thus,

the membership-function of O may be defined as follows:

μO(p) = max
s∈S

μK(p, s).

It has been shown in [9], that fuzzy connectivity is a simil-

itude fuzzy relation and an efficient computational solution

was presented in [5].

Tensor scale is defined on an image I in 3D continuous s-

pace R
3, where R denote the set of real numbers. I is con-

sidered as the union of multiple objects which are defined

as partitions by M 2D pseudo-Riemannian manifolds, say,

m1,m2, ...,mM ; we refer to these manifolds as partition-
ing manifold. Now, let us first consider a point p ∈ R

3

and the subspace Wi formed by a set of i orthogonal vectors

τ1(p),τ2(p), ...,τi(p) with p being the origin. An image with

partitioning manifolds W⊥
i ∩m1,W

⊥
i ∩m2, ...,W

⊥
i ∩mM

is formed over the orthogonal complementW⊥
i ofWi. Let us

refer to this image as as orthogonal complement image of the

vectors τ1(p),τ2(p), ...,τi(p) at p. Finally, tensor scale at a

point p ∈ R
3 is an ordered sequence of 3 orthogonal vectors

〈τ1(p),τ2(p),τ3(p)〉 inductively defined as follows:

1. τ1(p) is the vector from p to the closest point on a parti-

tioning manifold of I.

2. Given the first i orthogonal vectors, τ1(p),τ2(p), ...,τi(p),
the (i+1)th vector τi+1(p) points from p to the closest point

on a partitioning manifold in the orthogonal complement im-

age of I induced by τ1(p),τ2(p), ...,τi(p) at p.

τ1(p), τ2(p) and τ3(p) will be referred to as primary, sec-

ondary and tertiary tensor vectors of p. The notion of tensor

scale defined as above is schematically illustrated in Fig. 1

with a 3D rabbit femur bone surface m1. The primary vector

τ1(p) (red) defines the direction and distance to the closest

point on the femur surface. The orthogonal complement plane

W⊥
1 and the 1D partitioning manifold W⊥

1 ∩m1 on W⊥
1 are

shown in the figure; note that the 1D partitioning manifold

(cyan) is essentially the intersection between the plane W⊥
1

(blue) and the partitioning surface m1 (the femur bone sur-

face) in the 3D image. The secondary t-vector τ2(p) (yellow)

is defined by the point on W⊥
1 ∩m1 that is closest to p. Once

τ1(p) and τ2(p) are found, the line (dotted green) on which

the tertiary t-vector τ3(p) (green) lie is confirmed; the final

direction and the length of τ3(p) is defined by finding the

closest point on the partitioning surface along the line.

2.1 Tensor scale based anisotropic region growing

Effectiveness of fuzzy connectivity is highly dependent on the

choice of the affinity relation. A major challenge with fuzzy

Fig. 1: An illustration of tensor scale using a rabbit femur bone sur-

face (dark off-white) forming a 2D manifold m1. The candidate spel

p is shown as a red dot; see text for detail.

connectivity analysis of pulmonary vasculature is that vessels

form a tree-like structure of tubular paths and at fine scales,

the diameter of these paths may be comparable to voxel res-

olution. Therefore, these tubular paths, especially at finer s-

cales, are vulnerable and may get broken by noise or other

imaging artifacts and the continuity of vascular structure may

be lost using a region growing rules suitable for other regions.

On the other hand, softening the rules to capture the broken

continuity may cause leaking through other regions. Howev-

er, a human expert may capture the broken continuity implic-

itly using the contextual knowledge of local structures. Here,

we develop an anisotropic region growing algorithm where

the growing rules adapt to local structure geometry. To solve

this problem, we use tensor scale that gives an ellipsoidal rep-

resentation of the local structure at every image point and

construct a local structure-adaptive formulation of the fuzzy

affinity function as described in the following.

Saha and Udupa [6] presented a thorough discussion on fuzzy

affinity using local scale. However, local structure anisotropy

to control affinity function in a direction-dependent fashion

was not addressed. As recommended in [7], the following

formulation of affinity function is used:

μκ(p, q) =

{
1, if p = q;

μα(p, q)
√
μψ(p, q)μφ(p, q), otherwise.

where μα, μψ and μφ are adjacency, homogeneity and object

feature based components of ”local hanging-togetherness” in

the fuzzy affinity function.

Here, we present tensor scale based formulation of these func-

tions. The adjacency function μα is defined using tensor s-

cale as follows μα(p, q) = 1, if p and q fall inside each oth-

er’s tensor scale ellipsoid and ’0’ otherwise. μψ(p, q) cap-

tures homogeneity between p and q and μφ(p, q) gives the

hanging-togetherness of p and q in the target object based on

likeliness of their feature values with respect to the expected

feature distribution of the target object. It was argued in [7]

that the function μψ should be chosen to reflect the measure
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of the fuzzy proposition ”x is small” while the other func-

tion μφ should be chosen to reflect the measure of the fuzzy

proposition ”x is close to an expected value”. The following

functional forms are used here.

μψ(p, q) = e
− |f(p)−f(q)|2

2σ2
ψ , and

μφ(p, q) = min

(
e
− |f(p)−m|2

2σ2
φ , e

− |f(q)−m|2
2σ2
φ

)
,

where σψ and σφ are two different standard deviation param-

eters used for homogeneity and object feature distribution and

m is the mean object feature value. When these parameters

are large, the object grows more generously and possibilities

of leaking through boundaries increase. On the other hand,

when small values are used for these parameters, the growth

process works conservatively and the chance of breaking ob-

ject continuity due to noise and other imaging artifacts in-

creases. In the conventional region growing methods [10,11],

these parameters was kept fixed and fine control on and adap-

tivity to local structural properties was lacking. The key idea

and contribution of our anisotropic region growing is to lo-

cally adapt these two parameters σψ and σφ in an orientation-

adaptive manner using local tensor scale to enhance compli-

ance of region growing with the context of local structures.

Specifically, the two controlling parameter σψ and σφ are de-

termined by local tensor scale in a space- and orientation-

variant manner as follows:

σX(p, q) = σX,stationary + χ (max (ζp(q), ζq(p)))σX,adaptive,

where X ∈ {ψ, φ}, ζp(q) is the size of tensor scale ellipsoid

at p along pq. χ is a monotonically non-decreasing function,

e.g.,

χ(x) =

{
1, if x > xmax;
1+x

1+xmax
, otherwise.

The value of xmax is determined as the rough estimate of

the maximum scale of the target object. The two parame-

ters σX,stationary and σX,adaptive are the stationary and adaptive

components in the control parameter; here, we have used one

third of the total control parameter remain stationary while

the two-third fraction is varied by local tensor scale; thus, the

ratio of σX,stationary and σX,adaptive 1 : 2. Finally, the total val-

ue of the control parameter, i.e., σX,stationary + σX,adaptive is

determined following the description in [12].

3 Results
Results of several qualitative and quantitative evaluative ex-

periments are presented. Fig. 2 presents the results of appli-

cation of the new method and its comparison with the con-

ventional fuzzy connectivity region growing [5] on a 2D pho-

tographic image of a coral reef containing a complex tree-

like network of locally elongated fuzzy branch structures. As

shown Fig. 2(a), one seed (red-cross) was manually select-

ed on the main trunk of the coral reef tree and the results

of application using the conventional and the anisotropic re-

gion growing methods are shown in Fig. 2(b,c), respectively.

As observed in Fig. 2(b,c), the new method (Fig. 2(c)) cap-

tures more branch structures, especially at low-contrast re-

gions where the vessel got broken by imaging artifacts and

noise and it is more prominent in the zoomed in displays of

Fig. 2(d-f).

Fig. 2: 2D Segmentation results on an image of coral reef (a); the

red-cross indicates the seed. The new anisotropic region growing has

captured more branches (c) as compared to the conventional algo-

rithm (b). (d-f) Zoomed-in display of (a-c) over the regions marked

by the red box in (a).

Two non-contrast pulmonary human CT images acquired with

voxel size of 0.55 × 0.55 × 0.5mm3 and in-plane matrix

of 512 × 512 was used to quantitatively evaluate the new

method’s performance in comparison with Shikata’s method

[13]. One seed point in the cardiac region was manually s-

elected for applying the new anisotropic diffusion algorithm

for vascular segmentation. Initial results of anisotropic region

growing are shown in Fig. 3(b). The new method has success-

fully captured structures at a wide range of scales including

those at high and small scales. Pulmonary vessel was separat-

ed from cardiac and other tissue regions by putting a separator

on pulmonary trunk and separating the pulmonary vasculature

from the rest of the tissue using the multi-scale opening algo-

rithm [14]. Result of pulmonary vasculature after removing

the heart and other body regions is shown in Fig. 3(c) and (e).

Results of vascular segmentation using Sikata’s method are

shown in Fig. 3(d) and (f).

Although, the method by Shikata was able to capture medium

scale vessels, its performance was somewhat compromised at

fine and large scale. 3D rendition of vasculature using our

method and Shikata’s method are presented in Fig. 3(e,f), re-

spectively. 3D rendition confirmed our observations in 2D.

Vessel segmentation results using anisotropic region growing

algorithm capture more details at large and small scales and

also maintain better vascular topology around the pulmonary

entry region as compared to Shikata’s method due to the com-

promised behavior of the later method at large scales.

To quantitatively evaluate the performance of the two meth-

ods, we used manually selected points inside and outside vas-

cular regions those were used as ground truth for accuracy

1034



Fig. 3: Results of vascular segmentation in non-contrast human pul-

monary CT imaging. (a) A 2D CT image slice. (b-c) Vessel segmen-

tation on the matching slice using the anisotropic region growing (b:

before peripheral tissue removal; c: final vessel segmentation) and

the Shikata’s (d) algorithms. (e,f) 3D renditions of vasculature using

the new (e) and Shikata’s (f) methods.

and error evaluation. Specifically, 1000 points were manu-

ally selected by an expert inside the vascular region on ran-

domly picked slices; another set of 1000 points were selected

outside the vascular region. Visually confirmed vessels over

the entire range of scales were used to select these points; fi-

nally, the points outside the vessels were selected no further

than 3 voxels from the vessel region as determined visually.

Let V denote the set of points manually selected on vascu-

lar region and let B denotes the set of points manually se-

lected outside the vascular region. Let VC and BC denote

the set of points on vascular region on its complement de-

rived using a given algorithm. Accuracy = |V ∩VC |+|B∩BC |
|V |+|B| ,

Error = |V ∩BC |+|B∩VC |
|V |+|B|

Table 1: Results of accuracy analysis of vessel segmentation by the

two methods.

Data set 1 Data set 2

T-scale Shikata T-scale Shikata

Accuracy 97.6% 91.5% 96.9% 79.0%

Error 2.4% 8.5% 3.1% 21.0%

T-scale computation is a computationally involved task and it

takes approximately 60 minutes for a 512×512×676 image.

Once it is computed, the anisotropic region growing is rela-

tively fast and takes only 2-3 minutes for such images. Perfor-

mance measures for the two methods on two different dataset-

s are presented in Table 1. The new method has produced

high accuracy for both datasets while the Shikata’s method

produced significantly lower accuracy for the second dataset

which was caused by missing an entire vascular branch due

to its compromised performance at large scales.

4 Conclusion
A new fuzzy connectedness based anisotropic region grow-

ing algorithm has been developed that combines tensor scale

with fuzzy connectivity facilitating region growth along lo-

cal structures while arresting cross-structure leaking. By in-

corporating tensor scale information, the algorithm locally

adapts and governs the fuzzy segmentation process so that

it can capture vascular structures more robustly in the pres-

ence of noise and other imaging artifacts. Application of the

method to pulmonary images demonstrates promising quan-

titative results. In our future research, we will use additional

structural features to further improve the performance of the

current scheme.
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