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Edge Enhancement Based on an Active
Contour Model for the Segmentation of Brain
Tumors in MRI Images
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ABSTRACT

Tumor segmentation is one of the most important
tasks in brain image analysis due to the significant in-
formation contained in the tumor region. Therefore,
many methods have been proposed during the last
two decades for segmenting tumors in MRI images.
In this paper, an automated method is proposed
using an active contour model, created using edge
sharpening, thresholding, and morphological opera-
tions. Four methods of edge detection are utilized in
the sharpening process (Sobel, Roberts, Prewitt, and
Canny) and their performance investigated in terms
of Dice, Jaccard, and F1 score. The experiments
implemented on BRATS datasets use both HGG
and LGG images. The results of the study indicate
that sharpening the edges using detection is essential
for improving segmentation of the tumor region,
especially when employed with an active contour
model. The results demonstrate the effectiveness of
the proposed method which outperforms some of the
existing techniques.

Keywords: Brain Tumor, Edge Detection, Active
Contour, Thresholding, Morphological Operations,
Image Segmentation

1. INTRODUCTION

In computer-aided diagnoses, the segmentation
of brain tumors is significant due to the beneficial
information obtainable from the tumor region for
utilization by radiologists in clinical applications
[1]. The segmentation process can be implemented
manually or automatically. In manual segmentation,
expert radiologists extract the tumor region using
their visual experience. The main disadvantages of
manual segmentation are the time needed to process
MRI slices and the lack of reliability and availability
[2]. Besides, manual segmentation relies mainly on
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the radiologist’s decision and results may be different
for the same tumor from one expert radiologist to
another [3]. Consequently, automatic brain tumor
segmentation is necessary for improving the diagnosis
process and effective analysis of the tumor region
[4]. In automatic brain tumor segmentation, the
computer controls the process without any human
intervention using soft computing algorithms [5].
Developing a fully automatic system for the segmen-
tation of brain tumors in MRI images can reduce the
workload of the physician or radiologist and increase
accuracy. However, as a challenging task, it attracts
many researchers in different fields such as machine
learning, pattern recognition, and medical image
processing. In recent decades, many algorithms have
been proposed to solve the problem [4]. There are
four main methods for brain tumor segmentation:
threshold-based, region-based, pixel classification,
and model-based [5]. Thresholding is an easy and
effective tumor segmentation technique, in which a
threshold value is used to separate the image by
comparing the intensities of a specific region with that
threshold. The threshold value is calculated using
either global thresholding [6-8] or local thresholding
[9-11]. However, threshold-based segmentation is
incapable of employing all the information provided
by an MRIL.

In region-based segmentation, the image pixel
values are utilized to generate different regions by
merging homogeneous pixels using a specific rule for
similarity. Region growing [12-14] and watershed
segmentation [15—19] are both region-based methods
[5]. Region-based methods show the lowest degree of
accuracy since they are sensitive to noise and require
prior knowledge of the anatomical tumor region.

Pixel classification and clustering is another type
of segmentation method. In the literature, many
algorithms have been suggested, employing clustering
techniques, such as fuzzy C-means (FCM) [20],
k-means [21], and statistical methods using Markov
random fields (MRFs) [22]. Supervised methods
include support vector machines [23,24], artificial
neural networks (ANNs) [25,26], and deep learning
[1,27-29]. The previous classification methods are
limited by their inability to process raw data like
images. In addition, expert knowledge is required
to extract handcrafted features from raw data and
convert it into a feature vector from which the input
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Fig. 1: Block diagram of the proposed system for tumor segmentation.

patterns can be classified.

In model-based segmentation, a connected model
is constructed by integrating prior knowledge of the
object such as its shape, location, and orientation.
Deformable models are an example of model-based
segmentation, and can be divided into two categories:
parametric (active contour models or snakes) and
geometric or level sets [5]. Deformable models
take advantage of the features associated with
region or edge detection in the images. Regional
characteristics along with the largest gradients can
be exploited to find the tumor boundary. An
active contour is an example of a deformable model
for tumor segmentation. Different algorithms have
been suggested for performing the segmentation
process. A fluid vector flow model solves the problem
of inadequate convergence in concavities [30]; a
content-based active contour utilizes the intensity
and texture information to capture a large region in
the image [31]. A localized active contour model
incorporating the additional step of background
intensity compensation is proposed by [32]. An active
contour neighborhood-based graph cuts model is
suggested by [33] to solve problems such as boundary
leakage, over-smoothness, local convergence, and
asymmetry. In [34] a local region-based active
contour method is suggested to introduce segmen-
tation using the Bayesian framework and a priori
information into the data energy term to improve the
robustness of noisy image segmentation. Although
the model-based techniques present highly accurate
and fully automatic segmentation, they suffer from
expensive computation.

In this paper, a new algorithm is suggested
for segmenting tumors in MRI images using a
combination of edge detection, thresholding, mor-
phological operation, and active contour techniques.

Firstly, image sharpening is performed by adding the
denoised image to one with edges only. Secondly,
a mask is created from the sharpened image using
thresholding and morphological operations. Finally,
the generated mask along the sharpened image is
applied to the active contour model to obtain the
segmented image. The remainder of this paper is
organized as follows: Section 2 presents the methods
used to create this algorithm, while the experimental
setup is explained in Section 3. Section 4 discusses
the simulated results and Section 5 presents the
conclusion.

2. METHOD

To address the problem of brain tumor segmen-
tation, an active contour model combined with the
morphological operation is introduced in this paper.
Fig. 1 illustrates the framework of the proposed
method.

2.1 Preprocessing

To enhance the quality of the MRI images and
improve the signal-to-noise ratio, a median filter is
applied to the images as a preprocessing step. This
filter is designed using a square window in a variable
size. In the median filter algorithm, the value of the
central pixel in the scan window is changed to the
median value of all pixels inside the window after
sorting their values [35].

2.2 Edge Detection

The edge of an image refers to the borderline
between two different regions with two or more levels
of intensity represented as gray level. Derivatives
(first and second) are frequently used to detect these
edges. In image processing, the first derivative is
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determined in terms of gradient. The gradient of an
image I(x, y) can be written as in Eq. (1) [16].
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To obtain sharp edges, the image with edges only
is added to the original as shown in Fig. 1. In this
algorithm, four types of edge detectors are utilized
to sharpen the brain image: Sobel, Roberts, Prewitt,
and Canny.

VI

2.2.1 Sobel Edge Detection

The Sobel detection technique employs the edge
gradient to find the edges using horizontal and
vertical masks, whereby one mask is the transpose
of the other [36]:
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where M, is the horizontal mask and M, is the
vertical mask. The processed image is scanned
from left to right and top to bottom using M, and
M, separately through a convolution process. A
sub-window of the image is convolved with M, and
M, to generate the horizontal gradient F, and the
vertical gradient Fy of the central pixel, respectively.
To ascertain whether or not the central pixel is
an edge, its gradient is compared with a threshold
value. The central pixel is regarded as an edge pixel
if the gradient is greater than the threshold value,
otherwise, it is a non-edge pixel.

2.2.2 Roberts Edge Detection

The Roberts cross operator implements a simple
approximation to the gradient magnitude using two
convolution masks [37]:
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Therefore, its edge regions are determined according
to their high spatial frequency. FEach pixel in the
input image is represented as its absolute magnitude

gradient to make the corresponding pixel in the
output image [6].

2.2.3 Prewitt Operator

The Prewitt operator is a discrete gradient method
that has two masks convolved with the original image
to obtain approximations of the derivatives; one for
the horizontal (M), and the other for the vertical
(M,) [38]:
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2.2.4 Canny Edge Detector

This technique uses a multi-stage algorithm to
detect a wide range of image edges. It is useful
in finding edges by removing noise from the image,
without affecting the edges of the original [6].

The following steps summarize the Canny edge
detection algorithm [37,39]:

1. The image is convolved with a Gaussian function
to obtain a smooth image.

2. A finite-difference approximation is performed
to obtain the gradient (magnitude and orientation).

3. A double thresholding algorithm is applied to
detect the edges, implementing nonmaximal suppres-
sion on the magnitude of the gradient.

2.3 Thresholding

In image segmentation, thresholding is beneficial
for separating the foreground from the background
by converting a gray level into a binary image using
an appropriate threshold value. With thresholding,
the foreground reveals the most significant image
information contained in the object of interest. The
resultant binary image is constructed by setting all
gray level pixels below the threshold value to zero
(black), and those above the threshold value to one
(white) [40].

2.4 Morphological Operation

Two fundamental operations are involved in the
implementation of morphological image processing:
erosion and dilation. These operations utilize a
structuring element and are defined in terms of set
notation. In morphological image processing, the
erosion operation shrinks the object of interest in the
binary image using a predefined structural element,
while the dilation operation expands that object
[7,41].

2.5 Active Contour Model

Active contours are the most widely used de-
formable models in image segmentation. In this
model, the image domain is deformed to minimize
the energy and capture the salient characteristics
governed by specified constraints [42]. The snake
is an active contour model that is subject to
external constraints and controlled by image forces
pulling it toward certain features such as lines and
edges [43,44]. A snake model is represented as
a direct parametric curve expressed as (v(s) =
[z(s), y(s)], s € [0, 1]), where the number of nodes
v(s) is referred to as a snaxel and (s) is the normalized
arc length in the range 0 < s < 1. A snake model
can be divided into internal and external energy as
expressed in Eq. (2) [30, 42,43, 45]:



356 ECTI TRANSACTIONS ON ELECTRICAL ENG., ELECTRONICS, AND COMMUNICATIONS VOL.19, NO.3 OCTOBER 2021

Er = / [a-Ey (v(s))+b-Es(v(s))+e Esz(v(s))]ds.
i (5)

The first two terms in Eq. (2) are internal energy,
the function of which is to manage the tension and
hardness of the snake. The third term is the external
energy that attracts the snake to the target contour.
The coefficients (a, b, and ¢) are weighting factors
that regulate the significance of the elastic energy
(E1), bending energy (E»), and image forces (Fjs),
respectively [46]. The internal energy is constituted
from two forces: elasticity and bending, determined
as in Eq. (3) [42]:

Eint = . (6)

The elastic force controls the tension of the snake
and is responsible for the stretching and shrinking of
the snake contour. Furthermore, the bending force
controls the curvature of the snake without changing
its length and keeps a smooth curve during the
deformation process. In contrast, the external energy
is an image-driven force that attracts the snake to the
target contour, calculated as in Eq. (4) [42, 43]:

By = —c(s)- |V (G5 (s) * I (s)] (7)

where V is the gradient operator, I(s) is the intensity
of the image at s, and Gj (s) is the 2-D Gaussian
function with a standard deviation 6. The weight
function ¢(s) is usually implemented to control the
image coercion [42].

Generally, snake algorithms are performed in
three main stages: initialization, deformation, and
termination. During initialization, an initial contour
around the border of the target object is specified,
while the set of weighting parameters a, b, and
¢ are suitably selected to help the snake deform
itself toward the true object boundaries. In the
deformation stage, the goal is to minimize the energy
function given in Eq. (2) by using the self-deformation
implemented in each iteration. Each snaxel (number
of nodes v(s)) searches for a new location so that
it moves toward a pixel with low energy, otherwise
it remains in the same location. At each iteration,
the total energies are determined by a snaxel and
its eight neighboring pixels. When the low energy
configuration is achieved, a snaxel moves toward one
of the eight possible neighboring pixels, otherwise,
it remains in the same location. Finally, the
termination stage stops the deformation process
due to the snaxels failing to find new appropriate
locations. The termination step is essential in the
case of snaxel oscillation or boundary shifting that

Fig. 2:  Sample images from the BRATS dataset
along with its manual expert segmentation (ground
truth), upper part HGG images, and lower part LGG
1mages.

results in an infinite loop, thus a setup involving
a maximum number of iterations must be executed
during this stage [42].

3. EXPERIMENTAL SETUP

The proposed algorithm includes image sharpening
using edge detection, initial contour creation em-
ploying thresholding and morphological operations,
and segmentation of the tumor area by an active
contour model. The brain tumor image used in this
algorithm was obtained from the Multimodal Brain
Tumor Segmentation Challenge [4].

This dataset consists of 220 brain images of
patients with a high-grade glioma (HGG) tumor and
54 brain images of patients with a low-grade glioma
(LGG) tumor. A few examples of these HGG and
LGG images are depicted in Fig. 2.

In the preprocessing step, a median filter with a
window size of 5 was used for denoising purposes. To
improve the sharpness, an image with edges only is
added to the denoised image using four methods of
edge detection: Sobel, Roberts, Prewitt, and Canny.
An active contour with a snake model is initialized
close to the object of interest (the tumor region in this
algorithm). This initialization is achieved by using
thresholding and morphological operations to create
an approximated tumor region for employment in the
snake model.

In this algorithm, the tumor segmentation perfor-
mance in MRI images is measured in terms of three
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Fig. 3:

Segmentation process, (a) original image, (b) denoised image, (c) image with edges only, (d)

additional images in (a) and (c), (e) binary image, (f) eroded image, (g) dilated image, and (h) segmented

image.

Fig. 4: Segmentation results using edge detection techniques, (a) original image, (b) ground truth, (c)-(f)
segmentation using Sobel, Roberts, Prewitt, and Canny, respectively, (g) overlay of the proposed segmented
region on the brain image, (h) overlay of the ground truth on the brain image (the upper two rows refer to the
HGG images, while the lower two rows represent the LGG images).

similarity coefficients, Dice, Jaccard, and F1 score.
Given two sets of pixels in the binary images A and
B, the ground truth (from the database) is denoted as
A while the segmented image is denoted as B. Using
the proposed method, the Dice, Jaccard, and F1 score
are calculated as in Eq. (8)—(10) [47, 48]:

2|AnN B|
Dice = ——— (8)
Al + |B]
ANB
Jaccard = AUB: (9)
F1 score — 2 x precision *.r.ecall (10)
recall + precision
. |AN B| |AN B|
where precision = and recall =
|B| 4]

4. RESULTS AND DISCUSSION

In this section, the results of the proposed seg-
mentation method are presented and compared both

qualitatively and quantitatively. Fig. 3 presents the
segmentation process, implemented using different
methods. The proposed segmentation process is
applied in five stages: image preprocessing, edge
detection, thresholding, morphological operations,
and active contouring. In the image preprocessing
stage, a median filter is utilized as a denoising method
for enhancing the image and reducing the noise.
The Canny operator is used in the edge detection
stage as shown in Fig. 3, while a global threshold is
used to convert the gray image into a binary image
after adding the edges to the denoised image. Two
morphological operations are carried out to remove
the non-tumor regions and create an initial contour to
be utilized by an active contour model for producing
the segmented tumor area.

For a visual comparison of the various edge
detection methods, the texture results are presented
in Fig. 4. Four samples of brain slices (two HGG and
two LGG images) are segmented using the prescribed
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using boxplots.

four detection methods. Some parts of the tumor are
mistakenly segmented as healthy tissue using Roberts
and Prewitt techniques, while on the other hand,
some parts of the healthy tissue are segmented as
a tumor. Convenient approximation to the ground
truth tumor is obtained using Sobel and Canny edge
detection methods.

Fig. 5 shows a quantitative comparison of the edge
detection methods for HGG brain images in terms of
Dice, Jaccard, and F1 score. As it can be observed,
Sobel and Canny exhibit the best performance
compared to Roberts and Prewitt methods. On the
other hand, Fig. 6 shows a quantitative comparison
of the edge detection methods for LGG brain images
in terms of Dice, Jaccard, and F1 score.

Sobel and Prewitt methods performed better than
Roberts and Canny. As stated in Section 2.2, the
edges in an image can be produced using methods
such as Sobel, Roberts, Prewitt, and Canny. How-
ever, the performance of the segmentation depends
on the original image. During edge detection,
false edge fragments are created due to the many
levels of intensity gradation in the image after the
enhancement process.

For the two grades of MRI brain images (HGG and
LGG), the performance of the proposed algorithm is
compared using the two methods. In the first method,
brain tumor segmentation is conducted in three
stages: image sharpening, global thresholding, and

morphological operations [49]. In the second method,
an active contour model is generated for segmentation
with the aid of an initial contour created using thresh-
olding and morphological operations [50]. Figs. 7
and 8 present a comparison between the proposed
algorithm and previous methods. As mentioned in
Section 2.5, active contours are widely used in image
segmentation to minimize energy and capture the
salient characteristics of the image. Besides, edge
sharpening using edge detection methods improves
the segmentation process and reduces the false
negatives and false positives by emphasizing the
tumor border. The limitation of method 1 is that
the generated tumor segment lacks the powerful
maximization technique offered by the snake model
while method 2 suffers from the absence of sharp
edges which are beneficial in generating an initial
mask of a tumor. As a result, the proposed algorithm
shows better performance in terms of Dice, Jaccard,
and F1 score for both HGG and LGG images.

A preprocessing stage is implemented prior to
edge detection. The median filter increases the
performance of the segmentation process by reducing
the noise level in the image and enhancing its visual
appearance. Samples of the results are presented in
Fig. 9 to prove the beneficial effect of the median filter
performance. It can be concluded from Fig. 9 that
applying image denoising in the preprocessing step
achieves a better performance compared to without
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the denoising process.

Table 1 shows a comparison between the proposed
method and those used in recent research methods.
The comparison indicates that the proposed method
in this study outperforms the existing methods to the
best of the researcher’s knowledge, for the following
reasons.

Segmentation based on pixel classification is imple-
mented using a discriminative or pattern recognition
model.  Such models require a large number of
training samples to ensure robustness against the
artifacts in the training images like intensity and
shape variations. Furthermore, they are limited by

Table 1:

Performance comparison between the

proposed algorithm and state-of-the-art methods.

Algorithm Dice coefficient

LGG | HGG
Hierarchical regularization [24] 0.490 | 0.740
Random forest [4] 0.68 0.780
Gaussian mixture model [51] 0.780 | 0.840
Deep learning [28] 0.650 | 0.880
Active contour and neural networks [52] | 0.863 | 0.887
Proposed method 0.869 0.913
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their inability to process raw data such as images.
In contrast, deformable models take advantage of the
features associated with detecting region or edges in
the images. The regional characteristics along with
the largest gradients can be exploited to find the
tumor boundary. The active contour is an example of
a deformable model employed for tumor segmentation
in this algorithm. The advantages of deformable
models like the snake algorithm evidence the powerful
achievement of the proposed method.

5. CONCLUSION

In this paper, an automated framework was
implemented to segment brain tumors in MRI images
of high and low-grade gliomas (HGG and LGG). The
noticeable high performance and low computational
complexity of the algorithm in tumor segmentation
confirm the efficiency of the proposed method and
suggests a novel combination of active contour and
edge sharpening-based image thresholding. Morpho-
logical operations were implemented on the binary
image to initialize the contour region for use by the
snake model. An in-depth analysis was then per-
formed on four well-known edge detection methods to
study their effectiveness in image segmentation. The
comparison results indicate that Sobel and Canny
operators exhibit high performance. The method
proposed in this paper outperforms the existing
methods using the same MRI images. With its
notable performance, the proposed method can sup-
port health practitioners in analyzing and diagnosing
MRI tumor images, especially those involving a large
number of slices.
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