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Abstract
Early and accurate assessment of myocardial abnormalities is of utmost importance
in the diagnosis of myocardial infarction (MI). In this study, we proposed a machinelearning and image motion statistic based approach to automating the detection and
localization of MI area in magnetic resonance images. Unlike the existing techniques,
the proposed method that could be directly acquired position and size of MI area
with sub-pixel precision. Standard clinical magnetic resonance image and delayed
enhancement imaging data of 58 patients with MI were used for developing this
algorithm. First, we are located and extracted the LV from the original MR image.
Then, we using a novel Optical Flow algorithm to building statistical image motion
features include the motion trajectories of each Point on myocardium in whole frames.
In the end, we using these results as inputs to a support vector machine classifier,
which can obtain an MI area assessment of the myocardium. Compared to the pixel
by pixel in delayed enhancement imaging, the proposed algorithm yielded the highest
classification accuracy of 93.34% and the kappa measure of 0.74. The field experiments
our method performs significantly better than other recent methods, and can lead to a
promising diagnostic support tool to assists clinicians, particularly for novice readers
with limited experience.
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1 Introduction
Myocardial infarction (MI), commonly known as a heart attack, is the leading cause of
death worldwide. MI occurs when blood flow stops to a part of the heart causing damage to the myocardial, which results in myocardial function and motion abnormalities
[5]. In particular, when part of myocardial have critical ischemia causing loss of function, It has different changes in the size of displacement and the degree of distortion
between with normally myocardial. A major limitation of the initial techniques was
insufficient image contrast between normal and injured myocardium [11]. In routine
clinical procedures, based mainly on visual assessments, current radiologic practices
are subject to high inter-observer variability, and are subjective and nonreproducible
[14]. Visual assessment has the drawback of being subjective and the estimation of the
time course of the wall motion remains difficult even for experienced readers. With the
development of technology, coronary angiography based MR has become the golden
standard for evaluation area of MI [23]. It inject contrast agents to improve the visibility of internal body structures in magnetic resonance imaging (MRI) [18], in order to
identify the cardiomyocytes lesion. However, the contrast agents not only expensive
but also damage body healthy by nephrotoxic and neurotoxic, which is difficult to use
in early screening and postoperative assessment. Therefore, propose a method that
maintains the advantages of can clearly show position, shape, and area of MI in MR,
while independent high-level diagnostic expertise still has important clinical value.
1.1 Prior art
Previous work has proven that acute and chronic myocardial ischemia can be identified
and localized through the detection of morphological and kinematic abnormalities of
the left ventricle (LV) [21]. Earlier studies of wall motion abnormality detection used
echocardiography [6], with focus on techniques such as shape statistics [20] and hidden Markov models [22]. More recently, the MRI has become the newer and better test
for the cardiac disease with the development of medical imaging and computer-aided
technology [26]. MRI based wall motion abnormality detection attracted a significant research attention. Afshin et al. [1] purpose a machine-learning approach which
uses correlate with the segmental cardiac function. Suinesiaputra et al. [29] proposed
using an independent component analysis classifier to detects and localizes abnormally
contracting segments by characterizing local shape variations in a pre-established
normokinetic myocardial shape models. Meanwhile, some method based on bicentennials and biomechanics of cardiac motion also has been presented. Garcia et al.
[13] have proposed a differentiable-manifold analysis, following differential geometry concepts to define a parameterization of the LV domain which is considered as a
deforming manifold.
Most of the existing methods cannot identify the Position and Size of the MI area
directly [27,28,31,32]. More specifically, these methods have not captured enough
information to establish integrated correspondences between myocardial motion field
and MI area, or furthermore to mapping a quantitative relationship between the
myocardial strain and MI [3]. Some methods extract small landmark or endo- and/or
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epicardial boundaries in myocardial as reference used to establish correspondences
between two frame, those methods no considers the effects of rest myocardial tissue on
the motion filed and the possibility of the structural interplay of every point in myocardial, which is itself a challenging and cannot obtain the dense motion field that results
in high estimation errors [25]. Moreover, part of these algorithms requires extensive
user interactions to define manually landmark or manually myocardial boundaries in
all frames of a cardiac sequence, which a manual time-consuming process [25]. These
difficulties are inherent to segmentation algorithms might impede significantly segmental motion abnormality detection. Despite this impressive research effort that has
been recently devoted to automatic detection and localization of regional abnormality,
the problem is still acknowledged challenging, with a large room for improvements
in regard to accuracy.
1.2 Contributions of this paper
The main contribution of this work is to develop an automated tool to detect and localize the position and size of MI area on a pixel by pixel and comparable to delayed
enhancement imaging which using cardiac MRI images, and to do so with limited
user interaction. As shown in Fig. 1, we building statistical image motion features
using a novel OF algorithm and can be easily computed, but that can characterize
well myocardial function. The new features only need for delineating the endo- and
epicardial boundaries in the first images of a cardiac sequence and can be acquired the
trajectories of each point on myocardial in fully MRI sequences. Then, using these
trajectories as inputs to a support vector machine (SVM) classifier, we obtain an abnormality area and position of each of the standard cardiac segments in . In experimental
result, with the best classification accuracy of 93.34% and a kappa measure of 0.74.

2 Methods
2.1 Study participants and parameters
The study population consisted of 58 Chinese participants. Six patients were excluded
because of the LV wall too thin (< 3 pixels) or too thick (> 35 pixels) on short-axis
image. Thus, the data contain 52 short-axis image datasets, each consisting of 25
functional 2-D images (a cardiac cycle) and a corresponding delayed enhancement
imaging. The data consist of images from 36 male and 22 female subjects, and an
average age of 51.9 ± 16.0 years. The MRI Using 1.5T MRI scanners with TR 3.1 ms,
TE 1.3 ms, FA 45◦ , FOV (276 × 340) mm2 , matrix 156 × 192, slice thickness 6 mm.
The delayed enhancement imaging was performed in the same orientations and with
the same slice thickness as cine imaging ten minutes after the intravenous injection
of gadolinium (0.2 m mol/kg): TR 10.5 ms, TE 5.4 ms, and FA 30◦ . Imaging was
performed at end-expiration and lasted. We implemented all codes using MATLAB
R2015b and Statistical Product and Service Solutions 23.0 for statistical analysis, a
calculated difference of P < 0.05 was considered statistically significant.
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Fig. 1 The proposed MI area detection algorithm

2.2 Constructing statistical features from MRI images
We propose to use image motion statistics as input features to classify myocardium
into normal and injured.
2.2.1 Automatic localization of the heart
The first step of the algorithm is to locate and extract the a smaller region of interest
(ROI) including LV from the original MR image, in order not to process the other
tissues, thus decreasing computational load, and improve the accuracy.
A block diagram of the automatic LV detection in this paper using jollys algorithm
[17], which is an advantage of the fact that the heart is the only moving organ in
the images. Let The input image I be a cardiac MRI sequence containing J frames
2
(J = 25),I : Ω → R, Ω ∈ R with size 216 × 256. For every patient. we compute
the first harmonic of the Fourier transform over time for each frame. The distances
weighted are histogrammed and thresholded to remove the farthest points. Then, for
each frame, we compute the average response of the first harmonic and to retain only
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Fig. 2 Automatic heart localization a original short-axis MR image. b Fourier transforms with the region
to kept white connected components and to discarded gray ones. c Located of the LV blood pool. d Crop
an LV image of size 64 × 64 from the original image

the strongly moving areas. Connected components (CC) are extracted and the final
ROI is defined as the convex hull of the retained CCs in each of the frames. In the
second part of the step, the system isolates the blood pool of the LV inside the ROI.
Firstly, each frame is processed one at a time. The images are thresholded inside the
ROIs using Otsus algorithm [24]. Then, we use the isoperimetric clustering algorithm
to group CCs between frames and identify the group that corresponds to the LV blood
pool.
Finally, once the clustering is determined, the blood pool cluster should be large
and its CCs should shrink nicely over time, should be round, and should contain one
main piece in each phase. Then, used the location of blood pool to crop an LV image
of size 64 × 64 from the original image for further processing in the next stage, as
shown in Fig. 2.
2.2.2 The optical flow field
As mentioned above, MI can occur the ventricle wall motion difference between
normal myocardium and infarction myocardium in MR image. In this step, we have
presented an Optical Flow (OF) estimation to extract local myocardium displacement
form MRI sequences. It using the pyramid-based coarse-to-fine scheme to achieve
better performance [19].
Optical flow is the representation of the apparent two-dimensional movement of an
object in a scene [7]. Considering cardiac MRI sequences, a stack of images is acquired
over time (t) covering the cardiac cycle and a 2D motion field can be estimated on
each image. OF constraint equation supposes that structure displacements between two
consecutive images are small (around 1 or 2 pixels/frame) [15]. In other words, for each
image I j , its dense OF field W j = (U j , V j ) is computed with reference to next frame
I j+1 , where Ut and Vt are the horizontal and vertical components of the OF. Given
any point P j = (X j , Y j ) in image I j , we can have w( p) = (U ( p), V ( p)). Under
the brightness constancy assumption, the pixel value should be consistent along the
flow vector, and the flow field should be piecewise smooth. This results in an objective
function in the continuous spatial domain:

(1)
E(u, v) = |I J +1 ( p + w) − I J ( p)|2 + λ1 (|∇u|2 + |∇v|2 )dp
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Fig. 3 Optical flow field and trajectories. a 25 frame consecutive LV image. b Use optical flow to obtain 24
motion field form (a). c A close-up of dense optical flow in the outlined area. d Trajectory stacking samples
the vectors along the trajectory

where ∇ is the gradient operator, λ1 weights the regularization, I J +1 and I J are two
corresponding images. Our objective is formulated as a global energy functional which
is then minimized. To solve Eq. 1, we use an iterative flow framework. It assumes
that an estimate of the flow field is w, and one needs to estimate the best increment
dw(dw = (du, dv)), to update w. The objective function in Eq. 1 is then changed to

E(u, v) =

|I2 ( p + w + dw) − I1 ( p)|2 + λ(|∇u + du|2 + |∇v + dv|2 )dp (2)

where variable p into du and dv to index du and dv in images. The main idea to solve
the above equation is to find the best dU , dV
2.2.3 Trajectories
Once the dense optical flow field w j is computed, LV wall can be tracked very densely
without additional cost. Firstly, we use an automatic/semi-automatic segmentation
(delineation) algorithm to delineation endo- and epicardial boundaries in first images
of each patient. Then, we are sampled point p1 on LV wall and tracking this point in
other j − 1 consecutive image sequences. Given a trajectory of length j, we describe
its shape by a sequence β = (ΔW1, ΔW2 , . . . , ΔW J −1 ) of displacements ΔW (PJ ) =
(W (PJ +1 ) − W (PJ )) = (U (P) J +1 − U (P) J , V (P) J +1 − V (P) J ). To solve the
partial motion uneven and error on optical flow estimation. The resulting vector β
is average by the sum of the magnitudes of the displacement vectors β, as shown in
Fig. 3.
2.3 Data normalization
The displacement estimates were performed by a single MRI sequence. During statistical analysis, the complexity of spatial-time and individual differences of patients
determine the poor effect on evaluation. To allow for proper comparisons, it is often
useful to scale the inputs and targets so that they always fall within a specified range
before the train.in our study, each feature β by mapping minimum and maximum val-
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Fig. 4 Overview of the training and testing phase

ues to [0 1]. In the next step, we use an SVM classifier to classify the projected features
ensuing from a given testing subject into normal or abnormal. Figure 4 summarizes
the overall classification procedure.
2.4 SVM classification of the left ventricle wall
This step consists of estimate
MI area in LV wall with LIBSVM [8], given projected

features β. Let β m , tm , m = (1, . . . , M) be an annotated training set, with tm
denoting the labels associated with β m . tm variable has three possible values (tm ∈
{−1, 1}), -1 corresponding to the point on MI area class and 1 to the normal-area point.
Under given parameters
n C, SVMT solves the following primal optimization probξi , yi (w φ(xi ) + b) ≥ 1 − ξi , ξi ≥ 0, i = 1, . . . , l. SVM
lem: min 21 ||w||2 + C i=1
approaches define the smallest distance between the decision boundary and any of
the features. To find the decision boundary, the perpendicular distance characterizing the feature-point that is closest to the decision boundary. The direct solution to
this optimization problem is quite challenging. However, one can be solved via the
Lagrangian-multiplier αi , which act as forces to become the dual problem and pushing
predictions toward target value [16].
We trained the SVM classifier by providing the training-set features (β m ) and the
corresponding ground-truth annotations tm . Then, the optimal hyperplane is computed,
and is used as a decision boundary to classify new (testing-subject) features into normal
and MI.

3 Results
The results of 1300 MR short axis cardiac images were compared to 52 ground truth
classification. We are mainly discriminate MI area and the normal area in LV myocar-
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Fig. 5 A a visual example of our method. (a) a result for our method, green zone is MI area, red zone is
normally myocardial. (b) Our ground truth (delayed enhancement image) for (a), the yellow arrow pointing
to the MI area. B ROCs for basal segments: the closer the curve to the left-hand top corner, the better the
classification performance (color figure online)

dial, and estimate the position, shape, and size of MI area. In other words, we compare
the result of our method with each pixel class in delayed enhancement image.
3.1 Classification performance
We used two types of criteria to measure the performance of classifier:
1. ROC(the receiver operating characteristic)/AUC(the corresponding area under the
curve): The ROC curves depicted in Fig. 5, which demonstrate the performances
of the proposed method.
2. Classification Accuracy: We evaluated the classifier performance by computing the accuracy, specificity, and sensitivity over all the datasets. Accuracy =
T P +TN
TN
TP
P+N , Speci f icit y = N , Sensitivit y = P
where TP denote true positives, and TN true negatives. The total number of Abnormal and Normal segments are P and N , respectively. Furthermore, we assessed the
classifier performance with 10-fold cross-validation tests.
An overall classification accuracy of 90.79%, with a sensitivity of 96.96% and
a specificity of 85.82%. The highest performance was achieved with 93.34% for
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accuracy, 98.19% for sensitivity, and 88.41% for specificity. Figure 5 gives a visual
example.
3.2 Kappa statistic
We computed the Kappa statistic [30] between the proposed method and myocardial
p(e)
angiography image. The Kappa statistic is given by: k = p(a)−
1−P(e) , where p(a) =
T P +TN
P+N

P TP +FN
N FP +TN
is the observed percentage agreement, and p(e) = P+N
P+N + P+N P+N
is the overall probability of random agreement.
FP denotes false positives (number of segments incorrectly classified as Abnormal),
and FN false negatives (number of segments incorrectly classified as Normal). We
obtained an overall kappa statistic of 0.74.

4 Discussion
To the best of our knowledge, this is the first report describing the development and
validation of a machine-learning approach for delimiting the MI area on a pixel by
pixel from MRI sequences of MI patients. This approach without contrast agents can
be achieved the same results as delayed enhancement imaging in the myocardium.
The entire experiment, the motion and deformation features obtained from the shortaxis image were used to train and develop an effectiveness and speediness algorithm.
Total 1300 image with the 52 patients proved the reliability and advancement of our
method. The approach presented here does not contest the value of traditional means
and interpretation; however, illustrates a technique for automation and acceleration
of diagnostic decisions. The application of machine-learning algorithms to automated
prediction MI area could enable development of decision support system for differentiating disease phenotype directly from just MR images. The ability to handle large
volumes of data using this approach and has a potential for standardizing and improving workflow in pre-clinic screening and postoperative rehabilitation contrast.
4.1 Choice of myocardial motion tracking approach
The quantitative analysis of the cardiac wall motion from real MRI data as the chiefly
tache of our automated analysis method. In previous studys, a series of effective
studying for tracking point of interest form myocardial over time was presented [2,9,
12]. However, those model adopts the interesting point, but the neglected surrounding
feature of chose point, the locations and thus the displacements of these detected
landmarks must be incorrect. It also cannot recovery of the dense field motion and
deformation for the entire myocardium, and accurate delimit the MI area on a pixel
by pixel. Therefore, the technique proposed in this paper based on automatically
extracts motion information from cardiac cine-MRI using optical flow approach. This
technique allows the detection of the local movement estimated at each pixel in images.
Furthermore, OF may yield sub-pixel precision and does not rely on prior knowledge
of image content.
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Table 1 The average angular
error (AAE) and standard
deviation are reported for a
certain density

Technique

OF density(%)

AAE

Horn and Schunck

100

11.5◦ ± 8.7◦

Our method

100

6.9◦ ± 3.0◦

IOF

55

5.7◦ ± 2.8◦

POF

12

5.3◦ ± 2.7◦

Compare to tradition method, our OF method necessitates taking into account
both the MR image properties and the OF technique requirements. One challenge
is to take into account the lack of brightness gradients in the relatively homogeneous myocardium. Fortunately, the brightness gradients are usually sufficient on the
myocardium, close to the endocardium, due to the contrast between the myocardium
and the LV cavity. Meanwhile, the OF estimation requires a sufficient temporal sampling that ensures small displacements of the structures between two consecutive
images. This is partly performed by tuning MRI acquisition parameters such as temporal resolution and pixel size but is not always sufficient. According to the acquisition
setting (temporal resolution and pixel size) and heart behavior, the use of a Gaussian
low-pass image decomposition and pyramid-based coarse-to-fine scheme to achieve
better matching [10].
The evaluation of the our OF performance was carried out using the computation of
vc +1
), where and
the angular error(AE) [4], as equal: AE = arccos( √ 2 u e2u c +ve√
2
2
u e +ve +1+

u c +vc +1

is the correct velocity, u e and ve are an estimated one. The average AE refers to the
mean AE for non-zero velocity estimates. This provides the error between the true and
estimated motion at each pixel location. Table 1 compares our method with several
other recent pixel-based methods with respect to the average AE and OF density. We
can observe that our OF method has preferable displacement precision, and have dense
OF density.
4.2 Assessment of machine-learning approach
In this part, we compared various recent machine-learning approaches using learning
curves, which an important consideration in the choice of a machine-learning algorithm. The Learning curves not only can be comparing the performances of different
learning algorithms but also can observe the impact on algorithms of the different
number data. Among all algorithms evaluated, SVM performed the best (averaged classification 90.79%), with Linear discriminant analysis (averaged classification accuracy
87.4%) and Naive Bayes(averaged classification accuracy 88.51%) ranking second and
third, respectively. We also can found that the SVM with the incremental data was
relatively was tend to flat and asymptotically, which is the best algorithm by irregularities data. As shown in Fig. 6. We also seek the optimization parameter C and γ
for RBF kernel in SVM. The best C and γ will improve the SVM model to achieve
the faster classification speed and higher classification accuracy. These findings are
summarized in Fig. 6.
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Fig. 6 a Learning curves for various machine-learning algorithms(KNN k-NearestNeighbor, NB Naive
Bayes, LDA Linear discriminant analysis, SVM Support Vector Machine, RF Random Forest, CCA Constitutive coverage algorithm). b The result of grid search for parameter C and γ . The options log2c and
log2g specify the range of and the incremental width of C and γ respectively

This study has some limitations which have to be pointed out. First, the accurate
motion field is the base and core to evaluation the myocardial motion functions. Thus,
the development of motion tracking method is the essential way to improve our study
and made the approach more robust for the next step. Second, the proper variables
and selection are data- and algorithm-dependent. Thus, the motion feature selected
by our algorithm should be viewed as one of the many possible selections and must
behave room for modification and improvement. Finally, although our sample size can
be considered modest because of the rarity of the delayed enhancement imaging, we
will adopt more appropriate and advance method adapt to big data, like deep-learning,
to solving more practical clinic problems.

5 Conclusion
We proposed a machine-learning and image motion statistic based approach to
automating the detection and localization of MI area in MRI. Our proposed method
could be directly acquired position, shape, and size of MI area with sub-pixel precision, rather than some ambiguous segmental. Compared to a pixel by pixel in delayed
enhancement imaging, our method yielded an overall classification accuracy of 90.79%
and kappa measure of 0.74. The field experiments our method performs significantly
better than other recent methods and can lead to a promising diagnostic support tool
to assists clinicians.
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