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ABSTRACT

Segmentation methods based on energy minimization tech-
niques like geodesic active contour model generally needs
manual intervention to provide initial points to calculate
minimal paths. In this paper, we propose complete automa-
tion of segmentation. Seeds and Tips are automatically de-
tected, and geodesics are calculated using Anisotropic Fast
Marching algorithm. Fast Marching algorithm computes in
a single pass, the evolution of the front, at a speed locally
given by its position. Anisotropic Fast Marching (AFM) is a
variant of Fast Marching, in which the the measure of path
length (and the front speed) depends not only on the path
position, but also on path direction and orientation. In this
work, a gradient based metric has been defined and AFM is
evaluated iteratively over a set of points which are automat-
ically detected on the object boundary. Geodesic voting is
then applied to get the segmented structure.

Index terms— Segmentation, Anisotropic Fast March-
ing algorithm, Geodesic voting, Riemannian metric.

1. INTRODUCTION

Energy minimization techniques have been widely applied
to solve various problems in image processing and computer
vision. Minimal paths [1] based segmentation is very pow-
erful and robust against noisy images and have the added ad-
vantage of global minimizers. Vessel tree structure extrac-
tion is trademark application of this method [2]. Although it
has many advantages, complete automatic segmentation is
still a challenging task, as it needs at least one user/manual
input. In this paper, a novel approach has been proposed for
automatic segmentation of natural images. This paper de-
scribes/focuses on three main important techniques/aspects
of the approach: firstly, on the algorithm which computes
the front evolution itself; secondly, the algorithmic details
of automatically detecting Seeds and Tips; thirdly it focuses
on removing the erroneous bridges between parallel edges.

2. BACKGROUND

2.1. Minimal path model

Given a 2D image I : Ω → R+ and two points p1 and p2,
a crucial step of the minimal paths [1] is to build a potential
P : Ω → R+ with lower values near the features. The
minimal paths model is formulated to find geodesic paths γ
to minimize the following energy functional E : Ap1,p2 →
R+:

E(γ) =

∫
γ

(P(γ) + w)ds =

∫
γ

P̃(γ)ds (1)

Where Ap1,p2 is the set of all paths linking p1 and p2, s
is the arc-length parameter and w is a positive constant. A
minimal path can be defined as a curve connecting p1 and
p2 that globally minimizes the energy (1). The solution of
this optimization problem is obtained through the computa-
tion of the minimal action map U : Ω→ R+. The minimal
action map is the minimal energy integrated along a path
between p1 and any point x of the domain Ω:

U(x) = min
γ∈Ap1,x

∫
γ

P̃(γ)ds, ∀x ∈ Ω (2)

And U satisfies the Eikonal equation:{
‖∇U‖= P̃(γ) ∀x ∈ Ω
U(p1) = 0

(3)

The Fast Marching Algorithm (FMM) [3] [4] can be adapted
to solve this Eikonal equation and compute the evolution of
the front. The shortest path or minimal geodesic, joining
an arbitrary point p2, to the front source p1 can then be
extracted by a gradient descent on the image of front ar-
rival times. Minimal geodesic paths were used extensively
for interactive segmentation (ref [5]). Also some work used
a set of minimal paths to get a more complete segmenta-
tion [6] [7].

2.2. Anisotropic Fast Marching Algorithm (AFM)

AFM is an efficient method used for computation of shortest
paths or geodesics within a domain Ω ⊂ Rd. It is a variant
of FMM, as the measure of path length (and the front speed)



depends not only on the path position, but also on the path
direction and orientation [8]. Path length is measured lo-
cally via a metric:F , which associates to each point z ∈ Ω a
norm Fz on Rd. The length of a smooth path γ : [0, 1]→ Ω
is

Length(γ) :=

∫ 1

0

Fγ(t)(γ′(t)) dt. (4)

The distance between two points p1,p2 ∈ Ω is defined as
the length of the shortest path joining these points:

D(p1,p2) := inf{Length(γ); γ : [0, 1]→ Ω,

γ(0) = p1, γ(1) = p2}. (5)

AFM algorithm allows to estimate the map D(x0, ·) : Ω →
R+ of distances from a given Seed x0 ∈ Ω to any other
point, and to extract the corresponding shortest paths. It
can take Riemannian or Finsler metrics as input, which are
potentially anisotropic and asymmetric [9] [10]

Fz(u) =
√
〈u,M(z)u〉, (Riemannian Metric)

Fz(u) =
√
〈u,M(z)u〉 − 〈ω(z), u〉. (Finsler Metric)

Riemannian metrics are defined through a field M : Ω →
S+
d of symmetric positive definite matrices. The imple-

mented family of asymmetric Finsler metrics, involves in
addition a vector field ω : Ω→ Rd [10].

3. APPROACH

3.1. Scooping

In an image I : Ω → R+ of an object Ω0 ⊂ Ω, the image
gradient of I: V (z) = ∇I(z) = [ ∂I∂x ,

∂I
∂y ]T is strong on the

object boundary ∂Ω0, and points outwards of it. A speed
function s(z) := 1 + ‖V (z)‖α (for some parameter α >
0) is defined, which takes higher values at positions having
larger gradient magnitude. A gradient based Riemannian
Metric M(z) [9]

M(z) :=
Id2

s(z)2
+

(
1− 1

s(z)2

)
V (z)V (z)T

‖V (z)‖2
. (6)

is made in such a way that it prescribes the path speed s(z)
in the direction orthogonal to V (z), hence tangentially to
the object boundary ∂Ω0: Anisotropic Fast Marching basi-
cally takes Metric (M(z)), Seeds and Tips as Input. These
Seeds and Tips are usually given manually on the GUI or
hard-coded. In our paper, we propose a method to auto-
matically detect these points. We define this process as
Scooping, as in each iteration of AFM, a circular region
in the image having interest points are scooped out. All
the pixels(points) whose gradient magnitude: |∇I(z)| =√(

∂I
∂x

)2
+
(
∂I
∂y

)2
greater than certain threshold T , are con-

sidered to be in the set of potential points P . Each point

pi ∈ P is considered as start (Seed) point for AFM. And,
all the points(pr) within certain radius r, are taken as Tips
for pi. The object boundary between two points (a Seed(pi)
and a Tip(prk), where 0 ≤ k ≤ n and n is the number of
points in the region r)∈ ∂Ω0 is then extracted by AFM as
the shortest path between these points with respect to the
Anisotropic metric of speed function s(z) [9]. In each exe-
cution of AFM, all geodesics are extracted between the Seed
and Tips.

(a) (b) (c) (d)

Figure 1: Scooping and Geodesic Voting. (a) Object with all
the points P (b) Scooped part having Seed, Tips and region
of interest (c) Geodesic density with no threshold (d) with
threshold 10 (see text).

3.2. Geodesic Voting

AFM is run iteratively over all the points in P , resulting in
a set of minimal paths yk for each execution. Each path of
yk for each iteration of AFM is then analysed and a vot-
ing scheme is applied (for details of Geodesic voting, re-
fer [2][11][12][13]). When backtracking each path, 1 is
added to each pixel we pass over in the image domain. At
the end of this process, pixels on the boundary of the ob-
ject will have high vote, since many paths pass over it. On
the contrary, pixels in the background will generally have a
low vote since very few paths pass over them. The result of
this voting scheme is called the geodesic density [2]. This
means at each pixel the density of geodesics that pass over
this pixel. The segmented structure correspond to the points
with high geodesic density. We define the voting score or
the geodesic density at each pixel p of the image by:

µ(p) =

n∑
i=1

δp (yk) (7)

where the function δp (y) returns 1 if the path y crosses the
pixel p, else 0. Once the geodesic voting is made the ob-
ject structure is obtained by a simple threshold on geodesic
density µ (see Figure 1).
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Figure 2: AFM Early abort case 2. (a) original image (b) all points P (c) geodesic density with no threshold (d) with 10
threshold (e) with 50 threshold

4. EARLY ABORT AFM: FRONT TERMINATION
APPROACH

Anisotropic Fast Marching algorithm estimates the distances
D(x0, ·) for the entire image domain in a single pass, with
approximate complexity O (N lnN), where N denotes the
cardinality of the discrete domain [9].

Executing it iteratively for all the points is not only re-
dundant but also very computationally expensive and time
consuming. In order to reduce the computation time, we
have proposed an early abort mechanism which not only
reduces the time but also avoids the bridges between the
parallel edges. A two different abort systems have been im-
plemented, both of them limits the front propagation within
the radius region r.

1. Early abort: All Tips reached

2. Early abort: First Tip at r reached.

4.1. Early abort: All Tips reached

In this approach, the front propagation is terminated when
all the Tips (pr) within radius r are reached from the source
pi. The elapsed time for one complete pass for this ap-
proach has been reduced by one-third (from 925.76 seconds
to 299.15 seconds). The AFM in this case takes an addi-
tional group of boundary points on the circle, at which it
stops.

4.2. Early abort: First Tip at r reached

The first approach is fast, but as geodesics are extracted lo-
cally within a region, it leads to bridges in case of parallel
edges as can be seen in Figure 4 (Top). The front propagated
from the source point by AFM actually progresses in ellip-
tical shape, with velocity (1/P̃), where

∫
γ
P̃ is geodesic ac-

tive contour energy, and γ is the path joining the two points.
As a result, equidistant points within r from the source are

Figure 3: AFM early abort: yellow points on the parallel
edge are not reached as the front terminates when it reaches
the first Tip at radius r.

reached at different times. Eventually, the Tips on the par-
allel edges are reached almost at the last. Based on this
behaviour of the front propagation, a second approach is
proposed where the front is aborted well before they reach
the Tips on the parallel edges (see Figure 3 and Figure 2).
Here the AFM aborts when the first boundary point at ra-
dius r is reached. As a result the computation time is also
decreased compared to case 1. The comparison of the re-
sults from both methods are shown in the Figure 4, where
the images on the top are from the first approach and below
are from second approach.

5. EXPERIMENTS

The binary image generated as a result of geodesic voting
process shows the segmented structure of the object in the
image. The quality of the structure extracted varies, if the
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Figure 4: Comparison of two approaches of AFM early abort(see text). It is clearly seen that bridges between parallel edges
are removed in bottom figures.

Figure 5: (Left) Threshold vs number of active pixels for different radii. (Right) Calibration curve

threshold on the geodesic density is increased it leads to
an increasing number of active pixels (remaining pixels left
after a threshold on geodesic density). The quality of the
segmentation also depends on the radii r considered, the
larger the radius the better the gaps are covered, but also
leads to false structures protruding from the object at lower
geodesic density threshold. The smaller the radius the bet-
ter the bridges are avoided but at the cost of breaks in the
structure at higher geodesic density threshold. A trade-off
is obtained using a calibration curve to get the best quality
structure threshold at any given arbitrary radius. This cali-
bration curve is obtained by finding a normalizing threshold
for few different discrete radius values resulting in the same
number of active pixels(≈ P , the total number of potential
points left after a gradient magnitude threshold (T ) on orig-
inal image domain) (see Figure 5). Calibration curve aug-
ments automation of segmentation to even find the possible
best segmented structure.

6. CONSLUSION AND FUTURE WORK

In this paper we have presented a novel way of image seg-
mentation using Anisotropic Fast Marching algorithm with-

out any manual intervention. We have also improvised AFM
to decrease speed of computation and also remove false bridges
between parallel edges, a calibration curve is made to find
the best possible parameters for better quality of segmen-
tation. We focus on defining metrics to evaluate and com-
pare the quality of segmentation with other state-of-the art
and classical methods using gold standard datasets in future
work.
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