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ABSTRACT

Morphological active contours for image segmentation have become popular due to their low
computational complexity coupled with their accurate approximation of the partial differential equations
involved in the energy minimization of the segmentation process. In this paper, a morphological active
contour which mimics the energy minimization of the popular Chan-Vese Active Contour without Edges is
coupled with a morphological edge-driven segmentation term to accurately segment natural images.  By
using morphological approximations of the energy minimization steps, the algorithm has a low
computational complexity.  Additionally, the coupling of the edge-based and region-based segmentation
techniques allows the proposed method to be robust and accurate. We will demonstrate the accuracy and
robustness of the algorithm using images from the Weizmann Segmentation Evaluation Database and
report on the segmentation results using the Sorensen-Dice similarity coefficient.
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1. INTRODUCTION

One goal of natural image segmentation is to accurately mimic the object recognition and scene
analysis of human visual perception.While organic perceptual systems efficiently segment images
into homogenous regions [1], obtaining similar results is a challenging problem for computational
image segmentation. The difficulty in computational processing of natural images can be
attributed to inherent statistical complexities of the image and a lack of homogeneity or saliency
of local features at the same spatial or quantization scale [2]. As a result, segmentation of natural
images remains a challenging task in image processing and computer vision.In recent literature,
methods for segmentation of natural images include active contours [3-5], clustering methods [6-
9],lossy data compression [10, 11] and graph cuts [12].

1.1. Active Contour Models

In this work, we are interested in unsupervised, active contour models for segmentation. The
method of image segmentation by active contours can be divided into three approaches:  edge
based, region based, and hybrid. Edge based active contours represented by [4]and the references
therein use an energy driven by attraction to the edges of regions of interest in the image. For
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accuracy, the object of interest should have obvious boundaries usually represented by a dramatic
change in the gradient values of the image.  In the case of natural images, edges of the object of
interest are not always clearly delineated and edge based methods often require more complex
algorithms to achieve some degree of accuracy in the segmentation.  Additionally, edge-based
algorithms must be carefully formulated so that image gradient changes due to lighting,
background objects, and noise do not cause the contour to inaccurately segment the image.  This
requirement also adds to the complexity of edge-based segmentation models.

Region based segmentation models [5, 13-18] use image statistics to partition the image into
regions. Ideally, the object of interest will have different statistics in comparison to surrounding
areas and can then be quickly segmented.  As is often the case, however, natural images have a
vast number of visual and textural patterns and are inherently noisy. Traditional methods work to
resolve the problem by incorporating local statistics in the contour evolution [16-18] which has
led to a new set of issues regarding the accuracy of the segmentation.  While accuracy is greatly
improved when statistical models include local information, these methods often still fail to fit the
contour to the object boundaries due to a lack of edge information and they are sensitive to the
size of the window used to calculate local statistics [15]. Other region based segmentation
algorithms frequently incorporate some type of texture analysis, e.g. [13] and its references, into a
pre-processing step prior to region segmentation. While the texture analysis greatly enhances the
accuracy of the model, it also contributes to the complexity and computational cost.

More recently, hybrid models which incorporate both edge and region information in their
segmentation algorithms have been introduced [19-23]. In hybrid models, a strong edge term
attracts the curve toward objects of interest while a region-based term propagates the curve when
the edge information is absent.   While hybrid methods have found success in medical
segmentation applications [19, 21-22], there is a lack of literature involving the accuracy of
hybrid methods with respect to natural images. To the authors’ knowledge, while [23] mentions
natural image segmentation and provides a simple example, a robust study of the effectiveness of
a hybrid strategy for natural image segmentation has not been conducted.  This may be due to the
shortcomings of both methods in conjunction with the intensity inhomogeneity and statistical
complexity of natural images does not allow an efficient, robust algorithm when attempted with
traditional hybrid methods. If one was to use a hybrid active contour method for natural image
segmentation, it could be construed that it would have to be a method which uses a simpler
computational scheme than the statistical and energy minimization schemes of regional and edge
based methods while enhancing the accuracy of the segmentation.

1.2. Morphological Active Contours

One method of morphological segmentation is achieved through repeated median filtering with an
adaptive structuring element which has been shown to be a self snake [24].  While
mathematically sound, the process in itself has a high computational cost since it is achieved by
filtering pixel-by-pixel.  A less computationally expensive method of segmentation through
morphological structuring elements is the proven practice of using morphology to approximate
the partial differential equations used in traditional active contour models. The morphological
evolution solves the traditional partial differential equations but avoids many issues associated
with numerical algorithms.

In edge based active contour methods, the contour is composed of three components: a balloon
force, a smoothing force, and an edge attraction force. A region based active contour typically has
three terms as well:  a balloon force, a statistical region force, and a smoothing force. For the
morphological approximation of the forces, it is well known that erosion or dilation will
approximate the balloon force of the formulation.  The edge attractant force and region forces can
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be approximated discretelyby comparison of image gradients and region statistics, respectively.
However, until recently, there was not a morphological equivalent to the smoothing term and
pseudo-morphological active contours still used partial differential equations to smooth the
contour.

In partial differential equation formulations of active contours, the smoothing force regularly
takes the form of mean curvature motion and acts as a regularization term. The underlying
principal of mean curvature motion is the evolution of a simple closed curve whose points move
in the direction of the normal with specified velocity.

Figure 1:  Mean Curvature Motion

Catte, Dibos, and Koepfler [25] advanced the topic of creating a discrete smoothing force by
proving the two-dimensional mean curvature term can be replaced by the mean of two
morphological operators for a single iteration of the method. To do this, we let represent line
segments of set length then define the morphological continuous line operators as

( )( ) = ∈ ∈ + ( ), (1)( )( ) = ∈ ∈ + ( ). (2)

Using these operators, we thendefine the mean operator as

( )( ) = ( )+ ( )2 (3)

in which the scheme in [25] relates the mean operator with the mean curvature motion by( )( ) = ( ) + .25 |∇ | | | ( ) + ( ). (4)

Using a small h and subtracting u(x) from each side of (4) results in the infinitesimal generator of
the operator: lim → √ ( ) − ( ) = | | | | ( ). (5)

From (5) we can solve the mean curvature motion by means of the operator. However, since
the operator generates new level set values after a single iteration, it ceases to be
morphological.  In [26] and [27], Alarez et al. modify the Catte, Dibos, and Koepfler scheme with
the use of operator composition which states that given any two operators and , we have,
for a small h, ≈ 2 + 12 . (6)
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From this, Alarez et al. show that the non-morphological operator √ can be approximated by
the morphological operator √ √ with a base of . With this morphological operator in
place, it is now possible to develop a discrete morphological active contour for edge based and
region based active contours.Results of using discrete, morphological active contours in [26] and
[27] show a much lower computational cost and a subsequent increase in computational speed.

Unfortunately, approaching segmentation of natural images by a solely edge-based or region-
based morphological active contour does not result in any higher accuracyin segmentation results.
For example, the natural images used in [27]– of which there are two – still show the
segmentation flaws of their partial differential equation counterparts. Despite this, the
contributions of Alarez and his co-authors are extremely significant due to the mathematical
validation of a morphological mean curvature approximation and the formulation of discrete,
morphological algorithms for both edge based and region based methods.

1.3. Contribution

In our approach, we contend that a more accurate morphological active contour for natural images
can be obtained if we combine positives of the edge-based methods with region statistics.  The
proposed method uses the morphological equivalent of an edge-driven balloon force coupled with
region statistics and morphological mean curvature motion to segment natural images. The use of
morphological operators results in an efficient implementation of the algorithm while the hybrid
contour accurately segments natural images when compared to ground-truth.  Using the
Sorenson-Dice similarity coefficient to evaluate accuracy, we found our segmentation of the
images provided by the Weizmann Segmentation Evaluation Database averaged a 0.9302
similarity ratio.  In short, the proposed method is simple, efficient, and robust for the
segmentation of natural images.  Additionally, the use of morphological operators and edge-based
balloon forces resulted in accurate segmentation of multiphase images in the dataset.

2. HYBRID MORPHOLOGICAL ACTIVE CONTOUR

The idea to combine edge and region information in a segmentation algorithm is not new.
Usually, the combination results in increased computational complexity to mitigate the
shortcomings of either edge based or region based segmentation or both[15]. The advantage of a
hybrid morphological contour is both the edge based and region based methods have low
complexity and circumventing a method’s shortcoming does not significantly add to the
computational cost. For example, in order to control illumination issues or noise, one need only
alter the structuring element in either the balloon force or smoothing term. The hybrid method
uses a zero level set of a binary piecewise constant function u: → {0,1}. The morphological
operators act on u and implicitly evolve the curve.

2.1. Balloon Force

The edge-based portion of the method is represented by an edge-driven balloon force. In edge
based methods, the contourflow is often represented with= ( )|∇ | + ∇ ( )∇ + ( )|∇ | ∇|∇ | (7)

where ( )|∇ | is the balloon force, ∇ ( )∇ is the edge attraction force, and( )|∇ | ∇|∇ | is mean curvature motion. ( )represents an edge image obtained from an

edge detector, udenotes the contour, and vis an inflation (or deflation) constant. Focusing on the
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balloon force, ( ) could be obtained from any edge detector appropriate for the image.
Traditionally, one would use an edge detector which is low in the edges of the image such as( ) = 11+ ∇ ∗ . (8)

In the proposed method, morphological operations of dilation and erosion are used to
approximate the balloon force. The dilation of a function is defined as ( )( ) =∈ ( − ) while erosion is defined by ( )( ) = ∈ ( − ).  The radius of the
operator is denoted by h and B is a disk structuring element of radius one.The function : ×→ where ( , ) = ( ) is the solution to= |∇ | (9)

for the initial condition (0, ) = ( ) [28].  As a result, is the infinitesimal generator of
(9).  Using a comparable rational, we have the function : × → where ( , ) =( ) is the solution to = −|∇ | (10)

withinitial condition (0, ) = ( ).  Using the morphological operators and , we can
now solve level set evolution PDEs like equations 9 and 10. In the balloon force term, ( )
manages the balloon force in individual sections of the curve.  The smaller ( ) becomes, the
closer the curve is to the edge.  With the use of a threshold, factor ( ) can be discretized into the
morphological formulation.  The product | | leads to equations the PDES in equations 9 and
10. If is positive, the PDE becomes the dilation PDE.  Likewise, if is negative, then the
erosion PDE is used.  Therefore, the solution to the balloon force PDE applied over the contour: → {0,1} can determined with the following morphological method using discrete dilation,

and discrete erosion :

( ) = ( )( )if ( )( ) > and > 0( )( )if ( )( ) > and < 0otherwise . (11)

2.2. Region Statistics

In the proposed hybrid method, the coupling of the strong edge term and region statistics creates a
symbiotic relationship.  When the edge term is low, the curve is attracted toward the region of
interest.  However, when the curve is far away from an edge, the region statistics take control of
the curve evolution and the contour resists becoming a stationary model.  While there are several
different statistics that can be of use in region based segmentation, the use of intensity statistics
provided accurate and efficient guidance for our segmentation experiments.

A common region based model, the Chan-Vese Active Contour without Edges [29], gives the
following functional of a curve :( , , ) = ( ) + ( ) + ∫ | − |+ ∫ | − |
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where and are the average intensity levels inside and outside the contour. The constant
penalizes the length of the contour while limits the area inside the contour. Parameters and
weight the importance of the regions inside and outside the curve, respectively. To ease

computation of the minimization of the functional, it is noted that{ ≥ 0} = ∫ ( ) (12)

in which ( ) is a signed, step function known as the Heaviside function and Ω is the image
domain.  The impact of equation 12 for the intensity terms of the Chan-Vese function is
demonstrated in the following equations:∫ | − | = ∫ | − | = ∫ | − | ( ) (13)∫ | − | = ∫ | − | = ∫ | − | (1 − ( )) (14)

In short, the intensity terms can now be computed using the image domain rather than the region
domain.

In [27], it is shown that the Active Contours without Edges functional can be minimized with a
morphological active contour. Once again, the functional is comprised of three energies: balloon
force, region force, and a smoothing force. The balloon force is represented by ( ), the
region force is denoted by ( ).  The morphological equivalence of the balloon force
is given by

( ) = ( )( ) > 0( )( )p < 0
otherwise .

(15)

The authors of [27] did not use the Heaviside equation in the calculation of the region statistics.
Using the image intensity terms from the original Chan-Vese equation, the region term can be
discretely modelled by

= 1 |∇ |[( ( − ) − ( − ) ]( ) < 00 | |[( ( − ) − ( − ) ]( ) > 0 (16)

where and are the mean of the values of intensity inside and outside the contour.  However, in
terms of computational stability and robustness, the use of equations 13 and 14 in our proposed
hybrid method greatly increase the accuracy of the method.  As a result, our region statistics term
uses the following to compute and :

= ∫ ∗ ( )∫ (17)

= ∫ ∗ ( )∫ (18)

2.3. Mean Curvature Motion

The smoothing term in the hybrid morphological active contour takes the form of the
morphological equivalent of mean curvature motion. Recall from the geodesic active contour
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method expressed in equation 7, the mean curvature motion is given by ( )|∇ | ∇|∇ | .

Using equations 5 and 6 and a simple threshold for ( ), the morphological evolution of the mean
curvature motion is

= ( ) ( ) ( )( ) >. (19)

Both and have a discrete version of , denoted , which is a collection of four discretized
segments centered at the origin of a set length. A natural explanation of the morphological mean
curvature motion operator involves applying it to a binary image.  In a binary image, works
only on white pixels and works on black pixels.  Suppose ( ) is a black pixel.  Then∈ ( ) will be zero for every segment Lin .  Similarly, does not affect white pixels.

For every white pixel, , in a binary image, the operator looks for line segments of a set pixel
length which cover . This search is done in an eight-connected component pattern.  If no line
exists, then the pixel is made black.  For black pixels, performs similarly. The composition

first eliminates unconnected black pixels with and then repeats the procedure for
white pixels with . The result is a smoothing of the contour for eachrepetition of the
algorithm.

3. IMPLEMENTATION

The hybrid morphological active contour is comprised of two edge based terms and one region
based term.  Using an edge attraction term, region statistics with and computed with the
Heaviside function, and the morphological mean curvature motion, we can formulate the active
contour algorithm.

3.1. Algorithm

In PDE based active contours, the balloon, image attraction, and smoothing forces are combined
through addition of the terms.  Our hybrid morphological active contour will combine them by
iteratively interchanging their discretized formulations.  In every iteration, we will first apply the
balloon force with the edge attraction energy (11), then apply the region force (16), and finish
with the mean curvature motion (19) over the embedded level set function .  Given the contour
evolution at iteration , : → {0, 1}, we define using the following steps:

Step 1: ( ) = ( )( )if ( )( ) > and > 0( )( )if ( )( ) > and < 0
otherwise .

(20)

Step 2: = 1 ∇ [( ( − ) − ( − ) ]( ) < 00 [( ( − ) − ( − ) ]( ) > 0( )
where = ∫ ∗ ( )∫ and = ∫ ∗ ( )∫

Step 3: = ( ) ( ) ( )( ) >( ) .
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which is the morphological formulation of the hybrid active contour PDE.  The constant in Step
1 allows us to control the balloon force separate from the smoothing operator.  From this, we can
directly control the strength of the balloon operator.

3.2. Implementation Details

The execution of (20) is trivial, but some specifics regarding the details of the implementation are
worth mentioning. First and foremost, regarding the edge detector, our experiments use the built-
in Matlab function edge(Img, ‘canny’,[thresh1  thresh2],sigma).  The input image is a RGB color
image, thresh1=0.2, thresh2=0.6, and sigma=1.  We maintained these settings for all of our
experimental results. The Canny edge detector finds edges by looking for local maxima of the
gradient of the image which is calculated using the derivative of a Gaussian filter.  Thresh1 and
thresh2 are used to detect strong and weak edges.  Weak edges are only included in the edge
image if they are connected to strong edges.  Sigma is used for the Gaussian kernel.

Also, while it would be simple to extend the morphological operations to grayscale values, the
morphological operations used in our implementation are defined as binary operations.  The
embedded level set is also defined as a binary function. As such, the structuring element for a 3
by 3 window in the mean curvature motion is a square of values of 1.

(−1, −1), (0,0) , (1,1)(−1,1) , (0,0), (1, −1)(0, −1), (0,0), (0,1)(−1,0)(0,0)(1,0)=
Figure 2:  Morphological mean curvature structuring element and associated discrete line

segments.

It is not outside the realm of possibility to use line segments of greater length.  However, to
maintain experimental integrity we use the structuring element in Figure 2 to obtain all of our
experimental results.

The region statistics areacquired from the RGB color image rather than its grayscale counterpart.
The segmentation algorithm is ran as an unsupervised method in which = ( ), = = 1,
and = −1. The threshold for the balloon force and the mean curvature motion is set to 0.8∗( ). Finally, |∇ | is approximated by the magnitude of the gradient, namely + where

and are computed using finite differences.

3.3. Experimental Results

Using the natural images available at the Weizmann Segmentation Evaluation Database [30], we
performed our algorithm for the images and computed a Sorensen-Dice similarity coefficientfor
each image when compared to the provided image ground truth. The average over the
segmentation of the data set was 0.9302 which, to the authors’ knowledge, is the best Dice score
in the literature regarding natural image segmentation. Adjustment of the parameters would
naturally have led to better segmentation results for the images which segmented under a 0.9700
similarity coefficient.Table 1 lists statistical information regarding the segmentation of the 204
images in the dataset – 102 images for one object segmentation and 102 images for two object
segmentation – while Table 2 gives the segmentation results and Sorensen-Dice coefficients for

1 1 1
1 1 1
1 1 1
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twelve randomly selected segmented images. Figure 3 demonstrates the frequency of the
Sorensen-Dice coefficients for the 204 images.

Table 1:  Sorensen-Dice Coefficient Results

Sorensen-Dice
Similarity
Coefficient

1 Object
Segmentation

2 Object
Segmentation

Minimum 0.6884 0.4813
Maximum 0.9999 0.9999

Median 0.9582 0.9692
Mean 0.9253 0.9153

Figure 3:  Frequency of Sorensen-Dice Similarity Coefficient for segmentations of 204 images in the
dataset when compared to the dataset ground truth.
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Table 2:  Segmentation Results of Twelve Randomly Selected Images

RGB Image Segmentation Dice
RGB Image

Segmentatio
n

Dice

0.985 0.999

0.988 0.987

0.982 0.986

0.973 0.983

0.994 0.961

0.986 0.955

As an example of images in which the proposed method with the stated parameters did not
perform well, Table 3 lists the two worst segmentation results from the dataset.  While both of the
segmentations in Table 3 would have benefitted from parameter tuning, they demonstrate two
distinct shortcomings of the method.
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Table 3: Two worst segmentation results from the dataset

RGB Image Segmentation Dice Score

0.688

0.481

The first image has a clear area of textural homogeneity divided by a sharp intensity difference.
As a result the edge term and region term gravitated to the regions with a homogenous intensity.
In the second image, there is a clear textural difference between the foreground and background.
However, the edges of the region of interest are weak due to the intensity homogeneity across the
entire image.  As a result, the edge term did not greatly affect the segmentation of the image. To
counteract both of these shortcomings, the method could use textural image statistics rather than
or in conjunction with intensity statistics. However, incorporating complex region statisticscould
negatively impact the overall computation cost of the algorithm.

4. CONCLUSIONS

This paper introduces a hybrid morphological active contour model.  Based on the edge attraction
term and mean curvature motion of the Geodesic Active Contour and the region statistics model
of the Chan-Vese Active Contour without Edges, the hybrid method accurately and efficiently
segmented the natural images in the Weizmann Segmentation Evaluation Dataset.  While a few of
the dataset images did not segment well with the static parameter settings used for the
experiment, the overall Sorenson-Dice similarity coefficient was 0.9302, the highest, to the
authors’ knowledge, similarity coefficient score for segmentation of natural images in a dataset.
Additionally, manual modification of the parameters would yield better segmentation for images
that segmented at a lower similarity ratio.

The experiments we have conducted are very promising.  The flexibility of the method in the
parameter settings and types of statistics that could be incorporated in the region portion of the
algorithm could potentially allow for the segmentation of images with sharp intensity gradients
across regions of interest or weak edges in areas of intensity homogeneity. In future work, we
will experiment with other region statistics for segmentation and extend the method to
multispectral images.
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