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In this work, a novel, automatic, multi-stage method is
proposed to identify different heart tissues from tuned images
provided by Cardiac Magnetic Resonance (CMR) Composite
Strain Encoding (C-SENC) images of transverse sections of the
left ventricle (LV), and to identify infarcted myocardial tissues.
ThismethodisbasedontheapplicationofOtsu’sthresholding
technique, morphological opening, square boundary tracing
and the subtractive clustering algorithm. Numerical
simulations, real CMR images of patients and expert
cardiologists’ markings were used to validate the proposed
method, which showed excellent results with respect to
sensitivity and specificity.

Abstract— Composite Strain Encoding (C-SENC) is an Magnetic
Resonance Imaging (MRI) technique for acquiring simultaneous
viability and functional and images of the heart. It combines two
imaging techniques, Delayed Enhancement (DE) and Strain
Encoding (SENC). In this work, a novel multi-stage method is
proposed to identify ventricular infarction in the functional and
viability images provided by C-SENC MRI. The proposed
method is based on sequential application of Otsu’s thresholding,
morphological opening, square boundary tracing and the
subtractive clustering algorithm. This method is tested on images
of ten patients with and without myocardial infarction (MI). The
resulting clustered images are compared with those marked up
by expert cardiologists who assisted in validating results coming
from the proposed method. Infarcted tissues are correctly
identified using the proposed method with high levels of
sensitivity and specificity.

II.
A.

C-SENC
Recently, the Composite Strain Encoding (C-SENC) MRI
technique has been introduced for simultaneous cardiac
functional and viability imaging in a single short
breathhold [1]. No additional time, when compared with
standard Delayed Enhancement (DE) viability imaging, is
required for acquiring the additional functional images. This
technique results in three images: no-tuning (NT), low-tuning
(LT), and high-tuning (HT). Bright regions in the NT, LT, and
HT images represent infarction (or blood), akinetic, and
contracting tissues, respectively. An anatomy (ANAT) image
of the heart can also be constructed by adding the LT and HT
images as described in 0 to show the anatomical structure of
the heart (both contracting and non-contracting myocardium)
with no signal from blood. Figure 1 shows an example of
acquired C-SENC images.
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I.

THEORY

INTRODUCTION

A

CCURATE identification of myocardial infarction (MI) is
considered critical for therapeutical decision-making [1].
Functional images are useful in determining the contractility
patterns in the affected regions [1]. On the other hand,
viability images are used to differentiate between viable and
nonviable tissues [3].
By combining the information of functionality and viability,
myocardial tissue can be classified into three identifiable
types: (i) normally contracting tissue, which represents normal
myocardium; (ii) non-contracting yet viable tissue, which
represents hibernating myocardium; and (iii) non-viable tissue,
which represents infarcted myocardium [4].
Previously, a method was proposed to identify different
heart tissues from MRI C-SENC images using an
unsupervised multi-stage clustering technique [5]. The method
was based on sequential application of the Fuzzy C-means
(FCM) and iterative self-organizing data (ISODATA)
clustering algorithms. In a more recent work, Bayesian
classifier was proposed to identify the background region, then
the filtered tissue regions were classified into the different
tissue types using FCM algorithm [6].

a)

b)

c)

Figure 1. C-SENC Images of a patient suffering myocardial infarction: a)
NT, b) LT, c) HT
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Let µT be the mean intensity for the whole image. It is easy
to show that

Table I shows the signal intensities in C-SENC images for
the blood, background, and the different tissue types.

B.

Otsu Thresholding
Thresholding is a well-known technique for image
segmentation that tries to identify and extract a target from its
background on the basis of the distribution of gray levels in
image objects. Otsu’s method chooses the optimal thresholds
by maximizing the between-class variance with an exhaustive
search [7].

Otsu defined the between-class variance [7] of the
thresholded image as
For bi-level thresholding, Otsu verified that the optimal
threshold t* is chosen so that the between-class variance
is
maximized; that is,

Reference [8] concludedthatOtsu’smethodwasoneofthe

{

TABLE I
TISSUE TYPES OCCUPY DIFFERENT AND THEIR CHARACTERISTIC SIGNAL
INTENSITIES IN THE USED IMAGES

} where

Theo Pavlidis’ Tracing Algorithm
This algorithm is one of the relatively recent contour
tracing algorithms. It was proposed by Theo Pavlidis in
1982 [9]. In this algorithm, the contour is traced in a
counterclockwise direction. This only affects the relative
direction of movements while tracing the contour.
C.

Type
ANAT
NT
LT
HT
Low
High
Low
Low
Blood
High
High
High Low
Infarcted
High
Medium
low
High
Functional
Low
Low
Low
Low
Background
Signal intensities of different tissues in the No-Tuning (NT),
Anatomy (ANAT), and High-Tuning (HT) C-SENC images.
High = signal intensities greater than 0.8 in normalized
images; and Low = signal intensities less than 0.2 in
normalized images.

Given a digital binary image (a grid of black pixels, on a
background of white pixels); a black pixel is located and
declared as a "start" pixel. Locating a "start" pixel can be done
in a number of ways; one of which is done by starting at the
bottom left corner of the grid, scanning each column of pixels
from the bottom going upwards until a black pixel is
encountered.

best threshold selection methods for general real world images.
Otsu’s method uses an exhaustive search to evaluate the
criterion for maximizing the between-class variance.

Any black boundary pixel can be chosen to be
the start pixel as long as its left adjacent pixel is white.
Throughout the algorithm, the pixels of interest at any time are
the three pixels: P1, P2 and P3 shown in Figure 2.

An image is a 2D grayscale intensity function, and contains
N pixels with gray levels from 1 to L. The number of pixels
with gray level i is denoted ni, giving a probability of gray level
i in an image of
⁄

In the case of bi-level thresholding of an image, the pixels
are divided into two classes, C1 withgraylevels[1,…,t]and
C2 with gray levels [t+1, …, L]. Then, the gray level
probability distributions for the two classes are
⁄

⁄
⁄

, and
⁄

⁄

∑

where
∑

and

Figure 2. The three pixels of interest when scanning the pixel P0. P2 is the
pixel in front of P0, P1 is the pixel adjacent to P2 from the left and P3 is the
right adjacent pixel to P2.

Also, the means for classes C1 and C2 are
∑
∑

⁄

and

(4)

The steps of the algorithm can be summarized as follows:

⁄
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When the current boundary pixel is P0, pixel P1 is
checked. If P1 is black, then declare P1 to be the
current boundary pixel and move one step forward
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followed by one step to the left to reach
P1. Whereas if P1 is white proceed to check P2.


If P2 is black, then P2 is declared to be the current
boundary pixel. If P1 and P2 are white, check P3.



If P3 is black, then P3 is declared to be the current
boundary pixel.



If all the three pixels (P1, P2, P3) in front of the
current boundary pixel (P0) are white, then, rotate
(while standing on the current boundary pixel) 90
degrees clockwise to face a new set of pixels in
front of P0.



Repeat the previous four steps until no black pixels
are found or the current boundary pixel is the start
one.

Figure 3 shows a sequence diagram of the proposed
method, which consists of three main stages. The first stage of
the proposed technique aims to detect and extract the left
ventricle. This is done by the successive application of three
sub-steps: thresholding, morphological opening and boundary
detection.
Threshold grey-level intensity value is calculated using
Otsu’sthresholding.ThisvalueisappliedtotheANATimage
to binarize it and to differentiate pixels representing tissue from
those representing background. Then, morphological opening
is applied on the thresholded image. This aims to remove more
noise pixels and to improve the myocardium boundaries so that
they can be traced successfully in the next step. This step is
applied for two successive times; the first time removes the
small holes in the tissue while the second time does the same
for the small holes in the background region.

D.

Subtractive Clustering
Subtractive clustering [10] uses the positions of the given
data points to calculate a density function instead of
calculating the density function at every possible position in
the data space, thus reducing the number of calculations
significantly. It uses data points as the candidates for cluster
centers. However, the actual cluster centers are not necessarily
located at one of the data points, but in most cases it is a good
approximation.
Since each data point is a candidate for cluster centers, a
density measure at data point is defined as

∑

(

‖

‖
⁄

)

where is a positive constant representing a neighborhood
radius. Hence, a data point will have a high density value if it
has many neighboring data points.
The first cluster center
is chosen as the point having the
largest density value
. Next, the density measure of each
data point is revised as follows:
(

‖

‖
⁄

)

where
is a positive constant which defines a
neighborhood that has measurable reductions in density
measure. Therefore, the data points near the first cluster center
will have significantly reduced density measure.
After revising the density function, the next cluster center is
selected as the point having the greatest density value. This
process continues until a sufficient number of clusters is
attainted.
III.
A.

Figure 3. Stages of the Proposed Method

Finally, boundary detection is applied to select the left
ventricular borders. This is done by using Theo Pavlidis’
tracing algorithm [9]. All regions are traced, and then the most
centralized region is selected to be the left ventricle as shown
in Figure 4. This results in eliminating all regions that represent
additional tissue areas.

MATERIALS AND METHODS

The Proposed Method
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IV.

a)

b)

RESULTS

Figure 6 shows real short-axis C-SENC images and the
resulting infarcted regions colored in red. The resulting images
correctly identified the pixels marked as infarct with sensitivity
of 90.19 – 98.38 % and specificity of 77.13 – 93.77 %.
Quantitative performance and visual comparisons demonstrate
the robustness of the proposed technique for identifying
different tissue types.

c)

Figure 4. a) Morphologically opened image, b) image with boundary traced
regions, c) Image showing the most centralized region that represents the left
ventricle

In the second stage, the ANAT image of the heart is
constructed by adding the LT and HT images as described in 0.
Then, NT and ANAT Images are masked by the myocardium
boundariesextracted in the second stage to exclude all pixels
outside the left ventricle. This restricts the clustering to only
two pixel types; functional and infarcted tissue. This is applied
by ANDING the binary image that contains the pixels of the
left ventricle only with the original ANAT and NT images,
respectively. This results in two images (ANAT and NT) that
contain only pixels corresponding to the left ventricular tissue.
The third stage of the proposed method consists of further
clustering the myocardium through the application of
subtractive clustering algorithm. In this stage, myocardium is
classified into two major clusters: contracting and noncontracting tissue, from which we can extract the infarcted
regions. Subtractive clustering detects the number of clusters
and the central pixel of each one. This means preserving the
method from failure when it is applied to real cases of fully
functional heart, i.e. there is no infarcted tissue areas
B. Validation
A consultant cardiologist helped in the validation of the
proposed method by marking the infarcted tissue regions in the
real C-SENC MRI images. Infarcted regions were marked three
times for each set. Infarctions extracted from the clustered
images were compared with those extracted from the marked
images on a pixel-by-pixel basis and statistical results were
calculated. Figure 5 shows a colored scatter plot of the NT and
ANAT images.

a)

b)

c)

d)

e)

f)

g)

h)

i)

j)

k)

l)

Figure 6. Representative C-SENC MRI images from a patient with
myocardial infarction. The resulting infarcted regions are colored in red. The
first column (d, g and j) shows a sample real images case. and the infarction
map for the proposed technique. The second column (e, h and k) shows the
markings of the consultant cardiologist. The third column (f, i and l) shows the
resulting markings of the proposed method. Accuracy = 97.22%, Precision =
84.01%.

V.

DISCUSSION AND CONCLUSION

The proposed technique was found to be robust in
determining the existent infarction. Infarcted myocardium is
specified only if there are enough data points in the infarct
cluster during the application of the technique. For all the
analyzed images, the technique correctly determines infarction
existence.
One advantage of the resulting clustered images is the
excellent removal of the blood due to the black-blood property
in the LT and HT images. Thus, the resulting clustered images
would allow for accurate measurement of the infarct size.
Another advantage is that the proposed method can detect the
number of clusters in the given images. This allows for
successful detection of infarction absence.

Figure 5. Fig. 5. Scatter plot of normalized NT and ANAT Images. The red
scatters represent the infarcted pixels while the blue ones represent the
function tissue.
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Tissue of the myocardium detected as infarcted tissue
indeed includes two clusters; infarct and hibernated (tissue that
is not-contracting while still viable). It is clear that we are able
to differentiate between contracting and non-contracting
regions in the heart tissue, but still cannot differentiate between
the hibernating and the infracted tissue as both of them are noncontracting tissues. Further clustering may be applied to
differentiate between these two regions.
In conclusion, a new method is proposed for identifying
different heart tissues from C-SENC functional and viability
images. The technique is based on the consecutive application
of the Otsu’s thresholding and subtractive clustering
techniques. The method is successfully applied to transverse
cross sectional images of the heart. It gives very good results
regarding sensitivity and specificity although this type of
images is known to suffer from high noise levels.
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