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ABSTRACT
A new user interaction method called interactive polygons is
presented in this paper. These interaction polygons are de-
signed for use with the Active Volume Model segmentation
method [1], which deforms with constraints from both Region
Of Interest (ROI) and image gradient information. The two
kinds of interaction polygons we apply are “merge polygons”
and “split polygons” which identify the foreground and back-
ground, respectively. Users are allowed to draw these poly-
gons to correct the original AVM segmentation results. These
interactive polygons are used to update the region statistics in
the original model and help the model deform to the desirable
boundaries.

Index Terms— Segmentation, interactive segmentation,
user interaction, active volume models, snakes

1. INTRODUCTION

Boundary extraction is an important task in medical image
analysis. The main challenge is to retrieve high-level infor-
mation from low-level image signals while minimizing the
effect of noise, intensity inhomogeneity, and other factors.
Model-based methods have been widely used with consider-
able success. We have proposed a novel deformation-based
method, called Active Volume Model (AVM)[1] which de-
forms with constraints from both Region Of Interest (ROI)
and image gradient information. The ROI, which represents
the predicted object, is obtained from a classification of im-
age features based on model-interior statistics. An approxi-
mation of the object appearance statistics, the model-interior
statistics are learned adaptively during model evolution.An
advantage of the AVM model is that its formulation allows
the ROI information to naturally become part of the Snake’s
external forces; in this way, rapid model deformations can
be derived by finding the solution of the Euler equations in a
variational framework [2]. Experiments show that the AVM
model performs better for most medical images than other
gradient-based active contour models in robustness and accu-
racy.

For some medical images, however, for example those
with complex objects in cluttered backgrounds, the AVM

model may fail due to similar appearance between the fore-
ground and some background objects. In these cases, user
interaction can help. For snake-like deformable models, the
traditional user interactive controls are so-called soft points
and hard points [3]. Soft points are attraction points which
can incorporate the external forces into the model. Hard
points are the points through which the segmentation contour
is forced to pass. Some deformable models [4] even allow
users to pull the controllable points to the correct positions.
Although these interaction methods are convenient, the inter-
action could be very tedious, for example, users may need to
add many attraction points to make the segmentation curve
deform to the right edges. Adding hard points or moving
the control points could make the segmentation contours no
longer smooth.

As for user interaction in our AVM method, we can take
advantage of the fact that AVM integrates the model-interior
statistics and deforms with constraints from ROI. In this pa-
per, we explore a new user interactive method which is similar
to the scribbles used in other interactive segmentation meth-
ods such as the random walker method [5] and many MRF
based methods [6]. Users can draw polygons in the back-
ground or the foreground in addition to the original deforming
contour. These polygons are called “merge polygons” if they
are drawn in the foreground, and “split polygons” if drawn in
the background. From these polygons, we calculate the statis-
tic information for ROI region or background region. Then
we incorporate these information into the original deformable
model. Thus, the performance of the deformable model can
be improved. The process can be iterated until the desired
contour is obtained.

We demonstrate that our interactive polygons can be very
helpful in segmenting imhomogeneous images. Although
there are some algorithms [7] which can automatically seg-
ment such images, these algorithms still have parameters
which must be manually adjusted to get good results. These
parameters are not very intuitive to users who are unfamiliar
with segmentation methods, while our interactive polygons
can be easily understood and manipulated until the desired
segmentations are achieved.



2. ACTIVE VOLUME MODEL

An active volume model is a deforming solid that mini-
mizes internal and external energy. The internal constraint
ensures the model has a smooth boundary. The external con-
straints come from image data, priors, and/or user-defined
features. Representing the model boundary parametrically,
v(s) = (x(s), y(s)), the internal energy term of AVM is
defined similar to Active Contour Models.

Eint =

∫ 1

0

(α(s)|vs(s)|
2 + β(s)|vss(s)|

2)ds (1)

The external energy function consists of two terms: the
gradient termEg and the region termER. So the overall en-
ergy function is:

E = Eint + Eext = Eint + k · (Eg + kext · ER) (2)

wherek is a constant that balances the internal and external
forces. kext is a constant that balances the contributions of
the gradient term and the region term.

The gradient data term can be defined using the gradient
map, edge distance map, or a combination of both. The re-
gion data term is a novel aspect of the active volume model,
in which it learns the appearance statistics of the object ofin-
terest dynamically and the model’s deformation is driven by
the predicted object-region boundary. This is also the focus
of our new interaction method.

Let us consider that each constraint corresponds to a prob-
abilistic boundary prediction module and suppose we haven

independent external constraints, the feature used in thekth

constraint isfk, andL(v) denotes the label of a pixelv, our
approach to combining the multiple independent modules in-
volves the Bayes rule in order to evaluate the final confidence
rate:

Pr(L(v)|f1, ..., fn) =
Pr(f1, ..., fn|L(v))Pr(L(v))

Pr(f1, ..., fn)

∝ Pr(f1|L(v))...P r(fn|L(v))Pr(L(v)) (3)

For each independent module, the probabilityPr(fk|L(v)) is
estimated based on the active volume model’s interior statis-
tics. Considering a module using intensity statistics, theob-
ject region can be predicted according to the current model-
interior intensity distribution. For instance, for a pixelv with
intensity feature valueI(v) = i wherei ranges from0 to 255,
we have:

Pr(i|I) = Pr(i, obj|I) + Pr(i, non obj|I)

= Pr(i|obj, I)Pr(obj|I)

+ Pr(i|non obj, I)Pr(non obj|I) (4)

In the equation, the intensity distribution over the entireim-
ageI, Pr(i|I), is known, and we estimate the object-interior

distributionPr(i|obj, I) by the current model-interior inten-
sity distribution. Therefore, the background distribution can
be derived:

Pr(i|non obj, I) =
Pr(i|I) − Pr(i|obj, I)Pr(obj|I)

Pr(non obj|I)
(5)

Assuming a uniform prior,Pr(obj|I) = Pr(L(v) = obj) =
0.5 and Pr(non obj|I) = Pr(L(v) = non obj) = 0.5,
in Eqn. 5, we are able to compute the background prob-
ability Pr(i|non obj, I). Applying the Bayesian Decision
rule, we can obtain a binary mapPB that represents the pre-
dicted object region; that is,PB(v) = 1 if Pr(i|obj, I) ≥
Pr(i|non obj, I), andPB(v) = 0 otherwise. We then apply
a connected component analysis algorithm onPB to retrieve
the connected component that overlaps the current model.
This connected region is considered as the current ROI. Let
us denote the signed distance transform of the current model’s
shape asΦM , and the signed distance transform of the ROI
shape asΦR, the region-based external energy term is:

ER =

∫ 1

0

ΦM (v(s))ΦR(v(s))ds (6)

The multiplicative term provides two-way balloon forces that
deform the model toward the predicted ROI boundary.

3. MOTIVATION FOR EMPLOYING USER
INTERACTION

In this section, we discuss some failure cases using AVM and
give an analysis as to why AVM fails. Fig. 1 shows a synthetic
example for which AVM fails. As can be seen, the left part
of the polygon is missing in the projected ROI. In the current

(A)

(B)
(1) (2) (3) (4)

Fig. 1. Synthetic example segmentation using AVM. (A) The
model on the original image. (B) The binary mapPB esti-
mated by intensity-based likelihood maps and applying the
Bayesian Decision rule. (1) Initial model. (2) The model af-
ter 12 iterations. (3) Final result after 26 iterations without
interactive polygons (p = 0.74, q = 0.97). (4) Final result
with interactive polygons (merge polygon in yellow and split
polygon in green) (p = 0.99, q = 0.98). (Note: all figures in
the paper are best viewed in color)

AVM, we only calculate the intensity distribution of the fore-
ground and background and use them to obtain a ROI binary
map. The idea works fine for most medical images where the



assumption that the intensity is homogeneous within the ob-
ject holds. For certain non-homogeneous images, AVM may
be confused when pixels with a certain intensity in one area
of the image belong to the foreground while other pixels with
the same intensity belong to the background in a different part
of the image. Using the image in Fig. 2 as an example, pixels
in the area A have the same intensity as pixels in the area B
while they belong to the foreground and the background, re-
spectively. We plot the intensity distribution of the foreground
and the background in Fig. 2(b). As can be seen, the distri-
bution of the background shown in the blue box dominates
the distribution of the foreground, thus we treat pixels with
intensity values in the blue box as the background ones and
the left portion of the polygon is mistakenly marked as the
background in the ROI binary map. The segmentation con-
tour could not deform to the left part of the polygon because
of the external forces coming from the region term.

(a) (b)

Fig. 2. Synthetic example (a) The intensity overlap. (b) The
intensity distribution of the foreground (green) and the back-
ground (red).

Similar situations arise in some medical images. One ex-
ample is magnetic resonance (MR) images, which exhibit in-
tensity inhomogeneity due to the bias field. The bias can
cause serious misclassification when intensity-based segmen-
tation algorithms are used. Essentially, the misclassification
is due to an overlap of the intensity ranges of different tissues
introduced by the bias field, so that voxels in different tissues
are not separable based on their intensities. Intensity inhomo-
geneities also often occur in images of other modalities, such
as X-ray and computed tomography images [7]. Fig. 3 shows
a failure case in a spine image where the part in the red circle
is mistakenly left out.

4. INTEGRATING USER INTERACTION TO AVM

The analysis in the previous section suggests that intensity
information itself is not sufficient for segmentation of inho-
mogeneous images. User interaction can help in these cases
since human eyes are normally good at distinguishing the
background and the foreground with high reliability. The in-
teraction we introduce here are polygons that the user draws
in the background or in the foreground to help the active con-
tour deform to the desired boundary. The polygons in the
background, i.e., split polygons, are there to prevent the ac-
tive contour from leaking to the background. The polygons

(A)

(B)
(1) (2) (3)

Fig. 3. X-ray spine image segmentation using AVM. (A) The
model on the original image. (B) The binary mapPB es-
timated by intensity-based likelihood maps and applying the
Bayesian Decision rule. (1) Initial model. (2) The model after
23 iterations. (3) Final result after 84 iterations.

in the foreground, i.e., merge polygons, are there to help the
active contour flow into the foreground.

With merge/split polygons, we cannot assume uniform
priors anymore in Eqn. 5. Instead, we calculate the priors
for each pixel according to its distances to the merge or split
polygons. We use the following notations to describe how to
calculate binary ROI mapPB using the priors ofPr(obj|I),
Pr(non obj|I).

1. Let s(n,m) be a pixel on imageΩ. s’s position is
(n,m), n = 1, ..., N,m = 1, ...,M . s’s intensity is
i = I(n,m);

2. Pk, k = 1, ...,K: K merge polygons drawn by users
including the original deformable contour which is
viewed as foreground;

3. Ql, l = 1, ..., L: L split polygons drawn by users;
4. PB(n,m): binary ROI image;
We incorporate the spatial information into the distribu-

tion function by adding priors which are functions of the dis-
tance to interactive polygons. The original contour and inter-
active polygons can deform in parallel or separately by users’
choices. In our interactive model, merge/split polygons can
also be deformed using AVM. The region statistics of the orig-
inal contour are incorporated in a similar way since we treat
the original contour as a special case of a merge polygon. If
a pixel is in a merge or split polygon, then the correspond-
ing pixel in the ROI binary map is set to 255 or 0 respec-
tively. Otherwise, if the intensity value of a background pixel
in the original contour appears in both the background and
foreground (for instance, pixels in the blue box in Fig. 2(b))
we then calculate its priors according to its distances to the
split polygon and the merge polygon, if they exist, as shown
in Eqn. 7.

Pr(obj|I) =
d(s, P )−1

d(s, P )−1 + d(s,Q)−1

Pr(non obj|I) =
d(s,Q)−1

d(s, P )−1 + d(s,Q)−1

(7)



Whered(s, Pk) is defined as the distance between pixels

and polygonPk, sod(s, P ) = mink d(s, Pk) andd(s,Q) =
minl d(s,Ql).

Then we use Eqn. 5 to calculatePr(i|non obj, I). Alg.1.
summarizes our algorithm.

Algorithm 1 Calculate binary ROI mapPB

for n = 1 to Ndo
for m = 1 to M do

if s(n,m) inside anyPk, k = 1, ...,K then
PB(n,m) ⇐ 255

else ifs(n,m) inside anyQl, l = 1, ..., L then
PB(n,m) ⇐ 0

else
if Pr(obj|i) for any Pk, k = 1, ...,K 6= 0 and
Pr(obj|i) for anyQl, l = 1, ..., L 6= 0 for current
background pixelsthen

Pr(obj|I) ⇐ d(s,P )−1

d(s,P )−1+d(s,Q)−1

Pr(non obj|I) ⇐ d(s,Q)−1

d(s,P )−1+d(s,Q)−1

Pr(i|non obj, I) ⇐ Pr(i|I)−Pr(i|obj,I)Pr(obj|I)
Pr(non obj|I)

else
Pr(obj|I) ⇐ 0.5
Pr(non obj|I) ⇐ 0.5

Pr(i|non obj, I) ⇐ Pr(i|I)−Pr(i|obj,I)Pr(obj|I)
Pr(non obj|I)

end if
if Pr(i|obj, I) ≥ Pr(i|non obj, I) then

PB(n,m) ⇐ 255
else

PB(n,m) ⇐ 0
end if

end if
end for

end for

(A)

(B)
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Fig. 4. Segmentation using AVM. (A)The X-ray spine image.
(B) The MRI wrist image. (1) Segmentation result without
interaction (Spine:p = 0.98, q = 0.98; Wrist: p = 0.97,
q = 0.62). (2) The initial contour and interactive polygons.
(3) Final result (Spine:p = 0.99, q = 0.99; Wrist: p = 0.98,
q = 0.97).

5. EXPERIMENTS

Fig. 4(A) shows our experiment with only merge polygons
for the spine image. Fig. 4(B) shows the experiment with
only split polygons for the image. Fig. 5 shows the result
with both merge polygon and split polygon for an x-ray leg
image. These experiments show that AVM can perform rea-
sonably well for some complicated images with convenient
user interaction. We use sensitivity (p) and specificity (q) to
measure the accuracy between segmentations with and with-
out interactive polygons.

6. CONCLUSION

In this paper, we introduce a new user interaction method
called interactive polygons to help with the segmentation of
inhomogenous medical images. The novelty of this inter-
action method is to integrate region statistics for interactive
polygons with the original deformable model. Thus the orig-
inal deformable model can deform to the desirable boundary
despite ambiguity. In our future work, we will also explore
adding user scribbles as interaction methods.

(A)

(B)
(1) (2) (3)

Fig. 5. segmentation using AVM. (A)The x-ray wrist image.
(B) The binary ROI image. (1) Segmentation result without
interaction (p = 0.78, q = 0.95). (2) The initial contour and
interactive polygons. (3) Final result (p = 0.97, q = 0.99).
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