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a b s t r a c t 

Changes in mechanical properties of myocardium caused by a infarction can lead to kinematic abnormal- 

ities. This phenomenon has inspired us to develop this work for delineation of myocardial infarction area 

directly from non-contrast agents cardiac MR imaging sequences. The main contribution of this work is to 

develop a new joint motion feature learning architecture to efficiently establish direct correspondences 

between motion features and tissue properties. This architecture consists of three seamless connected 

function layers: the heart localization layers can automatically crop the region of interest (ROI) sequences 

involving the left ventricle from the cardiac MR imaging sequences; the motion feature extraction layers, 

using long short-term memory-recurrent neural networks, a) builds patch-based motion features through 

local intensity changes between fixed-size patch sequences (cropped from image sequences), and b) uses 

optical flow techniques to build image-based features through global intensity changes between adja- 

cent images to describe the motion of each pixel; the fully connected discriminative layers can combine 

two types of motion features together in each pixel and then build the correspondences between mo- 

tion features and tissue identities (that is, infarct or not) in each pixel. We validated the performance 

of our framework in 165 cine cardiac MR imaging datasets by comparing to the ground truths manually 

segmented from delayed Gadolinium-enhanced MR cardiac images by two radiologists with more than 

10 years of experience. Our experimental results show that our proposed method has a high and sta- 

ble accuracy (pixel-level: 95.03%) and consistency (Kappa statistic: 0.91; Dice: 89.87%; RMSE: 0.72 mm; 

Hausdorff distance: 5.91 mm) compared to manual delineation results. Overall, the advantage of our 

framework is that it can determine the tissue identity in each pixel from its motion pattern captured by 

normal cine cardiac MR images, which makes it an attractive tool for the clinical diagnosis of infarction. 

© 2018 Elsevier B.V. All rights reserved. 
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1. Introduction 

Direct delineation of myocardial infarction (MI) area without

contrast agents highly impacts early patient management and ther-

apy planning. In routine clinical practice, delayed enhancement

(DE) – cardiac magnetic resonance (CMR) imaging can be consid-

ered as the current standard for the detection of infarction area be-

cause it uses gadolinium contrast agent to provide highly accurate

delineation of MI area during the imaging process ( Jörg Barkhausen

et al., 2002; Ingkanisorn et al., 2004 ). However, this imaging pro-
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ess may be dangerous because the administration of gadolinium

ontrast agent is fatal to the patients with chronic end-stage kid-

ey diseases. According to US renal data system, more than 40%

atients with chronic kidney disease suffered cardiovascular dis-

ase. Approximately 20% of acute MI patients accompany with

hronic kidney disease ( Fox et al., 2010; Kali et al., 2014 ). Moreover,

ecent studies have demonstrated that gadolinium might deposit

nto the skin, dentate nucleus, and globus pallidus of the patients

ith normal renal function ( Stojanov et al., 2016 ). Thus, direct de-

ineation of MI without a contrast agent is a great clinical advance-

ent, not only for indicating the presence, location, and transmu-

al extent of acute and chronic MI ( Choi et al., 2001; Kramer et al.,

https://doi.org/10.1016/j.media.2018.09.001
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0 0 0 ), but also predicting the recovery of dysfunctional segments

n chronic ischemic heart diseases ( Wellnhofer et al., 2004 ). 

Since MI changes the mechanical properties of affected my-

cardium gradually and impairs the contractility of affected my-

fibers, several clinical studies have been devoted to identifying

he MI area without contrast agents by detecting motion pattern

bnormalities caused by myofibers infarcted ( Bijnens et al., 2007;

ipton et al., 2002 ). The most common approach used energy-

ased registration and optical flow techniques to compute the dis-

lacement of the myocardium. Some of these approaches, such as

tatistical atlases alignment ( Noble et al., 2002 ) and sequence reg-

stration methods ( Perperidis et al., 2005 ), build the correspon-

ence between MR frames and extract the motion features from

mage sequences rapidly by calculating the displacement of the

yocardium. Another approach introduces different regularization

trategies to estimate the cardiac motion from medical image se-

uences ( Wang and Amini, 2012; Shi and Liu, 2003 ). Some of these

pproaches adopt a multiframe analysis to systematically solve the

ll-posed problem for recovering dense motion field and useful

eformation parameters of the myocardium ( Wong et al., 2011;

elingette et al., 2012; McEachen et al., 20 0 0 ). The third approach

s statistical shape modeling ( Hufnagel et al., 2008; Duchateau

t al., 2016 ), which is quite successful in the challenge of STACOM-

ICCAI 2015 ( Suinesiaputra et al., 2017 ). Some of these approaches

ry to overcome the intrinsic complexity of the data by introduc-

ng a priori knowledge by modeling a statistical representation of

he possible motions and shapes ( Suinesiaputra et al., 2009; Bleton

t al., 2015; Peressutti et al., 2015 ). 

While the aforementioned methods enable the localization of

I, accurately delineating infarction area directly from MR image

equences is still an extremely challenging because of: (1) the large

ardiac diversities between and within subjects creates ravines in

I motion patterns ( Petitjean and Dacher, 2011 ). These diversi-

ies caused by MI make regularization strategies difficult to find

 systematic mathematical model to discriminate cardiac motion

atterns even after the dense motion field is available ( Shi et al.,

0 0 0 ); (2) the great combinatorial variability and the complex in-

errelationships and interdependencies of each point in the my-

cardium and the surrounding tissues ( Afshin et al., 2014 ). This

ombinatorial variability makes statistical shape modeling difficult

o extract and select suitable motion information due to the car-

iac motion estimation considering the myocardial borders only

 Duchateau et al., 2016; Popescu et al., 2016 ); (3) the disturbances

f local image intensity in the surroundings between different tem-

oral frames in the MR image sequences ( Lu et al., 2009 ). These

isturbances lead to difficulties in energy-based techniques such

s establishing continuous dense motion and deformation of the

yocardium from image sequences, since each estimate only takes

djacent frames into consideration ( Bleton et al., 2015; Wong et al.,

016 ). 

In this study, a two-dimensional (2D) + time (t) framework is

roposed for the accurate pixel-wise delineation of MI area in the

eft ventricle (LV) directly from cine CMR image sequences with-

ut contrast agents. This framework systematically models a joint

otion feature learning architecture based on the deep-learning

ethods and optical flow to continuously extract sufficient motion

eatures for representing the motion of each pixel in a CMR image

equence. Particularly, two types of motion features are learned to-

ether, patch-based motion features from deep learning using the

ocal intensity change between fixed-size patch sequences cropped

rom image sequences, and image-based motion features from op-

ical flow using the global intensity change along the whole image

equence. These two motion features are fused to jointly reinforce

ach other for developing a comprehensive motion representation

hat fully understands the specific motion pattern of MI area in

oth local and global aspects. The motion representation generated
y our proposed architecture can efficiently characterize the differ-

nt motion patterns between MI area and other tissues inside the

OI (region of interest) through each pixel in the whole image se-

uences without any preliminary segmentation. 

.1. Deep-learning and optical flow 

Deep-learning have demonstrated great power in a broad range

f visual applications for the capability of learning effective hier-

rchy representations. Recently, the variety of deep learning ar-

hitectures such as deep neural networks, deep belief networks,

nd recurrent neural networks have been applied in the medi-

al field widely where they produced results comparable to, or

n some cases superior to human experts ( Donahue et al., 2015 ).

ifferent from the traditional feature learning methods ( Liu et al.,

017; Gao et al., 2018 ), deep-learning architectures build feature

epresentations from data through a cascade of multiple layers

f nonlinear processing units. This property makes deep-learning

uite suitable for the problem of cardiac MR image analysis. Two

f such architectures are currently popular: convolutional neu-

al networks (CNN) and recurrent neural networks (RNN). CNN

re far more ubiquitous in medical image analysis, such as diag-

osis of heart disease, left/right ventricular localization, endocar-

ial/epicardial segmentation ( Mortazi et al., 2017; Greenspan et al.,

016 ). The strength of CNN lies in their weight sharing, exploit-

ng the intuition that similar structures occur at different loca-

ions in an image. However, RNN are gaining popularity because

f their ability to learn the temporal information from sequential

ata ( Goodfellow et al., 2016 ). 

LSTM-RNN is an effective deep-learning method for learning se-

uential data, like CMR image sequence because of its connections

etween units form a direct cycle ( Shen et al., 2017; Graves et al.,

013 ). The traditional RNN has a long-term dependency problem.

earning long-term dependencies with gradient descent is difficult

ecause the gradients computed by back-propagation through time

end to vanish or explode during training. The long short-term

emory (LSTM) is explicitly designed to avoid this problem. LSTM

ses cells to create an internal state of the network that allows it

o exhibit dynamic temporal behaviors ( Gers et al., 1999 ). Its rel-

tive insensitivity to the gap length gives it an advantage for this

ork to use their internal memory to process arbitrary part of CMR

mage sequences and include temporal information ( Graves, 2012 ).

oreover, use of patch sequences instead of whole CMR image se-

uences not only facilitates pixel-wise motion feature extraction

ut also effectively reduces the input vector dimensions, making it

asier for LSTM-RNN to learn from experience during the process

nd predict time series. 

Optical flow method has been proven to successfully esti-

ate of motion as either instantaneous image velocities or dis-

rete image displacements between sequences of ordered images

 Dougherty et al., 1999 ). Optical flow estimated within the image is

sually depicted by a vector motion field superimposed on the im-

ge. The vector field represents velocity measurements of various

tructures within the image. The clinician analyzes the anomaly of

he velocity change in the vector field to distinguish the difference

n the displacement of the myocardium and ultimately evaluate the

bnormality of the myocardial wall ( Amartu and Vesselle, 1993 ). 

FullFlow ( Chen and Koltun, 2016 ) is an advanced optical flow

ethod that can yield satisfactory accuracy on various optical

ow benchmarks. Compared to the previous optical flow meth-

ds, it is a global optimization approach that improves the classi-

al flow objective over the full space of mappings between discrete

rids ( Chen and Koltun, 2016 ). The advantage of this optimization

pproach is that it can reduce the computational complexity of

he algorithms inner loop and make sure that the highly regular

tructure of the space of the mappings is preserved ( Chen and
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Koltun, 2016 ). Considering the CMR image sequences, FullFlow

functionally computes the apparent in-plane motion field of the

heart. It can easily estimate the motion between two successive

cardiac image frames at every pixel position. Although full flow

may cause errors due to the fact that 2D motion analysis may be

biased towards the actual 3D motion of the heart, this method may

generate sub-pixel precision without prior knowledge of the im-

age content. FullFlow can also obtain the direction and magnitude

at each pixel. By recording these values and trajectories, we can

obtain a complete global motion field through the CMR image se-

quences ( Laptev et al., 2008; Simonyan and Zisserman, 2014 ). 

1.2. Contributions and advantages 

The contributions and advantages of our framework are listed

below: 

• A non-contrast agent MI pixel-wise delineation framework is

proposed for providing clinicians the position, size, and shape

information of the infarction area directly from 2D+t cine CMR

image sequences without any preliminary segmentation of my-

ocardium borders; 
• A novel motion-feature extraction architecture is proposed for

comprehensively modeling the motion pattern of ROIs including

the left ventricle. In this architecture, a spatio-temporal patch-

based LSTM-RNN was designed for the optical flow method

to compress the local distribution when extracting in-plane

image-based motion field from ROI sequences. The spatio-

temporal patch-based LSTM uses a 2D+t patch, to capture

patch-based motion features of each point in the myocardium

and surrounding tissue, and a normalized cross-correlation

with the Charbonnier function. This architecture generates a

dense motion field to fully characterize all aspects of the mo-

tion; 
• A new joint feature inference strategy is designed for efficiently

integrating the features between patch-based and image-based

motion features. This inference strategy can quickly determine

the influence of features through a shared representation of

motion features, and accurately build the motion pattern of

each pixel on the myocardium. Therefore, the infarction area

can be accurately delineated from CMR images through dis-

criminating the intrinsic motion pattern of each pixel in MI to

avoid the effects of cardiac exercise diversity; 
• We justify the performance of our framework in 165 human

subjects by comparing to different architectures of motion-

feature fusion to make sure each component of our framework

is the best choice. Moreover, our framework has the potential

to take various images from different MRI machines. 

A preliminary version of this work was presented at MIC-

CAI 2017 ( Xu et al., 2017 ). This journal version has expanded on

Xu et al. (2017) with: first, the heart localization and motion fea-

ture extraction layers has been re-designed to reduce 60 percent

of running time. Then, a larger investigation that includes more

patient data has been added here to prove the robustness of our

framework. Finally, more statistical validations and detailed /rigor-

ous discussions have been added into this paper as well. 

2. Method overview and materials 

2.1. Method overview 

Our proposed framework consists of three seamless connected

function layers in series, as depicted in Fig. 1 . 

Heart localization layers. The cine CMR image usually includes

the heart and its surrounding tissues within the thoracic cavity.
o reduce the computational complexity, the heart localization lay-

rs are designed to automatically crop 64 × 64 size ROI image se-

uences including the LV from the CMR image sequences over the

hole cardiac cycle using a convolutional neural network. 

Motion feature extraction layers. The motion feature extrac-

ion layers can collect sufficient motion features to effectively

epresent the motion patterns of each pixel from ROI image se-

uences. Two types of motion features (pixel-level), which are

he patch-based motion features captured by LSTM-RNN and the

mage-based motion features captured by FullFlow from the ROI

mage sequences, are extracted here. Both types of features are

eparately assembled into two multi-frame motion feature repre-

entations for describing the periodic nature of cardiac motion. 

Fully connected discriminative layers. The fully connected dis-

riminative layers first integrate the patch-based and image-based

otion features together via a shared representation. After labeling

he correspondences between each pixel’s motion features and its

issue identity (infarction or not), these layers can learn from the

abeled data and then inference the correspondences in other data,

hich enables direct delineation of infarction areas from cine CMR

mage sequences. 

.2. Materials 

165 patients (140 diagnosed MI patients and 25 non-infarcted

ontrols) were retrospectively selected from the clinical database

s a retrospective observational study. All MI patients were admit-

ed with acute ST-segment elevation MI (in at least 2 contiguous

lectrocardiogram [ECG] leads) between May 2015 and May 2017.

ll the patients completed cine and DE-CMR imaging scans. 

CMR imaging was performed using a 3T MR system (MAG-

ETOM Verio, Siemens Healthcare, Erlangen, Germany) with a

2-channel cardiac coil. After scout CMR images were obtained,

teady-state free-precession (SSFP) cine images were acquired dur-

ng repeated breath-holds in horizontal, vertical long-axis, and

hort-axis views covering the whole heart for ventricular wall mo-

ion and function analysis. Imaging parameters were: repetition

ime (TR) 3.1 ms, echo time (TE) 1.3 ms, asymmetric echo with fac-

or 0.29, flip angle (FA) 45 °, field of view (FOV) (276 × 340) mm 

2 ,

atrix 156 × 192, slice thickness 6 mm, receiver bandwidth (BW)

04Hz/px, parallel imaging using GRAPPA reconstruction (R = 2),

0 cardiac phases. DE-CMR imaging was performed in the same

rientations and with the same slice thickness as cine imaging

sing a segmented inversion-recovery gradient-echo sequence ten

inutes after the intravenous injection of gadolinium (Magnevist,

.2 m mol/kg; Bayer Schering Healthcare, Berlin, Germany). The in-

ersion time (TI) was optimized for nulling the myocardium dur-

ng the DE-CMR image acquisition. Imaging parameters were: TR

 10.5 ms, TE = 5.4 ms, FA = 30 °, FOV (350 × 262) mm2, matrix

56 × 162, slice thickness 6 mm, BW 140Hz/px, GRAPPA accelera-

ion factor. A radiologist with more than 10 years of experience

anually segmented the infarction areas (NUMARIS/4, syngo MR

17) in DE-CMR images. Then the second expert also with 10 years

f experience corrected and validated the contours of infarction ar-

as. If there is a disagreement, a consensus between these two ex-

erts must be done. 

. Methodology 

Heart localization layers. To reduce the computational com-

lexity, Faster R-CNN ( Ren et al., 2017 ) is adopted in the heart lo-

alization layers of the CMR image sequences for automatic ROI

mage sequence cropping. 

In these localization layers, the first process of the network uses

he Zeiler and Fergus model (5 sharable convolutional layers) to

utput a convolutional feature map from inputted images, which
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Fig. 1. Architecture of our framework: heart localization layers, motion feature extraction layers, and fully connected discriminate layers. 

Fig. 2. Architecture of the heart localization layers that can effectively crop the ROI image sequence including the LV. 
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an be considered as a special SPP-NET ( He et al., 2015 ). Then, in

rder to generate the region proposals, we slide a small network

ver the output of convolutional feature map in the last shared

onvolutional layer. This small network takes a 3x3 spatial window

f the input convolutional feature map as the input. Each sliding

indow has nine different scale anchors at each sliding position,

nd then its output was mapped into a lower-dimensional feature

ector (256-d). Finally, each feature vector is fed into a sequence

f fully connected layers that are shared across all spatial locations

nd branch for generating a bounding box for the automatic crop-

ing an ROI image including the LV from the CMR image. Thus,

he heart localization layers can generate the 64 × 64 ROI image

equences to include the LV with improved detection accuracy, as

hown in Fig. 2 . 

One experienced radiologist was asked to generate the labeling

ata by manually segmented the bounding box of the left ventri-

le from CMR images. We use these manually segmented boxes as

he labels for the LV location. During the training of our Faster R-

NN, five shareable convolutional layers are used to build the fea-

ure map. We first slide a spatial window over the convolutional

eature map generated by the shared convolutional layer. Then, a

56-dimensional vector is fed into two sibling fully connected lay-

rs - a box-regression layer and a box-classification layer for the

robability of including heart and the coordinates of four corners

f ROI, respectively. 

Motion feature extraction layers. After cropping the ROI im-

ge sequences including the LV, motion feature extraction layers

re used to collect two types of motion features for the charac-
erization of the motion pattern of the pixels. These features are

xtracted from the patch-based and global information of the ROI

mage sequences. In the end, these features are used to discrimi-

ate the infarction areas from other tissues for each pixel. 

Thus, in the first step , we would like to extract the patch-

ased motion features from the ROI image sequences cropped by

he heart localization layers. These features encode sufficient infor-

ation for describing the local motion of each pixel inside the ROI

equences. A LSTM-RNN network is adopted to solve this task by

aking spatio-temporal patch as its input. We slide a window over

he ROI sequence to generate 2D+t patches. As shown in Fig. 6 , we

hoose 11 × 11 patch size here. Since there are 25 MRI images in

ne cardiac cycle, a higher-dimensional vector (11 × 11 × 25 size)

s assembled in the last layer of sequential LSTM. Because the net-

ork operates in a sliding-window fashion, the local motion infor-

ation is extracted across all the pixels after the sliding-window

oes through all the pixels of ROI. We use the gating mechanisms

o automatically learn the difference of each patch at different time

nd forget other useless information during the training of RNN. 

The input of RNN is the ROI sequences generated from the heart

ocalization layers. We build a binary image with the same size of

he ROI image as the labels. Each pixel in this binary image repre-

ents the type of tissue in the corresponding pixel inside ROI im-

ge, i.e. 1 is the infarction class and 0 is other tissue class. These

abels in the binary image are manually generated from the de-

ayed enhancement images by two radiologists with more than 10

ears of experience. 



86 C. Xu et al. / Medical Image Analysis 50 (2018) 82–94 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

d  

(

ρ  

ρ  

w  

p  

t  

u

L  

 

m  

t  

f  

s  

s  

p  

 

I  

a  

q

 

a  

a  

t  

i  

l  

c  

t  

c  

a  

c  

t  

t  

a  

m  

t  

i

 

a  

a  

W  

m  

S  

a  

j  

w  

l  

t  

d

3

 

R  

I  

T  

d  

(  

T  

t  
In our implementation of motion feature extraction layers, the

input image I = ( I 1 , I 2 . . . I J , J = 25) are 64 × 64 size. The sliding

window is a spatial patch of size 11 × 11. This results in sequence

made of J images are unrolled as the vector P l ( p ) ∈ R 11 ∗11 ∗J for each

pixel as an input. Assume we know the hidden state frame of the

previous time step h t−1 , the hidden and output layers for the cur-

rent time step can be computed as: 

h t = φ( W xh [ h t−1 , x t ] ) 

p t = sof t max 
(
W hy h t 

)
ˆ y t = arg max p t (1)

where x t , h t and y t are the input, hidden, and output layers at each

time step t , respectively. W xh and W hy are two matrices that denote

the weights between the input and hidden layers, and the weights

between the hidden and output layers, respectively. φ denotes the

activation function. 

The LSTM is designed to mitigate the vanishing gradient. Thus,

it contains a number of memory cells within which the multiplica-

tive gate units and the self-recurrent units are the two fundamen-

tal building blocks. In addition to the hidden layer vector h t , the

LSTM has a memory vector c t , an input gate i t , a forget gate f t , and

an output gate o t . These three gates in the LSTM can be computed

as: 

f t = σ ( W f · [ h t−1 , x t ] + b f ) 

i t = σ ( W i · [ h t−1 , x t ] + b i ) 

˜ c t = tanh ( W c · [ h t−1 , x t ] + b c ) 

o t = σ ( W o [ h t−1 , x t ] + b o ) (2)

in order to avoid the problem of over-fitting for each layer: ⎡ 

⎢ ⎣ 

i t 
f t 
o t 
˜ c t 

⎤ 

⎥ ⎦ 

= 

⎛ 

⎜ ⎝ 

sigm 

sigm 

sigm 

tanh 

⎞ 

⎟ ⎠ 

W t [ D ( x t ) , h t−1 ] (3)

where W t is the weight matrix and D is the dropout operator. The

final memory cell and final hidden state are given by: 

c t = f t � c t−1 + i t � ˜ c t 
h t = o t � tanh ( c t ) 

(4)

To minimize LSTM’s total error on a set of training sequences,

iterative gradient descent, such as backpropagation through time,

can be used to change each weight in proportion to its derivative

with respect to the error. With LSTM, when error values are back-

propagated from the output, the error remains in the cell’s mem-

ory. This ‘error carousel’ continuously feeds error back to each of

the gates until they learn to cut off the value. Thus, regular back-

propagation is effective at training an LSTM block to remember

values for a long duration. 

In the second step , we attempt to compute the global motion

feature from the ROI image sequences using the FullFlow algorithm

( Chen and Koltun, 2016 ). The algorithm can generate a dense vec-

tor field that does not require prior information of image content,

wherein a displacement vector of each pixel is defined as where

that pixel can be found in the successive image. 

Considering an adjacent frame, a reference image I = ( I J−1 ) and

a target image I ′ = ( I J ) , our goal is to calculate the flow w = (u, v ) �
that contains both horizontal and vertical components. The flow

field maps each pixel p in I to q = p + w p in I ′ . The objective func-

tion is: 

E(w ) = 

∑ 

p∈ I ′ 
ρD (p, w p , I, I 

′ ) + λ
∑ 

{ p,q }∈ N 
L p,q ρ( w p − w q ) (5)

where N ⊂�2 : � → [ −ς , ς ] 2 is the 4-connected pixel grid. Each

pixel p in I is spatially connected to its four neighbors in I and

temporally connected to (2 ς + 1) 2 pixels in I ′ . 
The data term ρD ( p, w p , I, I 
′ ) penalizes flow fields that connect

issimilar pixels p and p + w p . The normalized cross-correlation

NCC) is computed similarly in each color channel: 

D (p, w p , I, I 
′ ) = 1 − max (NCC, 0) (6)

The regularization term ρ( w p − w q ) can be unfolded as: 

(w ) = min (ρ( w 

1 ) + ρ( w 

2 ) , τ ) (7)

here w 

1 and w 

2 are two components of vector w , and ρ( ·) is a

enalty function. The regularization term also couples the horizon-

al and vertical components of the flow. A Laplace weight L p, q is

sed to attenuate the regularization along color discontinuities: 

 p,q = exp 

(
−‖ 

I(p) − I ′ (q ) ‖ 

β

)
(8)

In the end, for each image I J−1 , we remove the inconsistent

atches during forward-backward consistency checking, which is

o compute the forward flow from I to I ′ and the backward flow

rom I ′ to I . In order to get subpixel-resolution flow, we apply

ubpixel-interpolation on the results after forward-backward con-

istency checking. In this work, we use the popular EpicFlow inter-

olation scheme ( Revaud et al., 2015 ). A full motion field w J−1 =
( u J−1 , v J−1 ) is then computed with reference to the next frame I J .

n other words, we have learned (or obtained) the trajectories of

ny point between adjacent frames in the entire ROI image se-

uence. 

Fully connected discriminative layers . The layers use stacked

utoencoder (SAE) to joint learn the patch-based motion feature

nd image-based motion feature to provide an efficient motion fea-

ure representation of each pixel inside the ROI. This joint learning

s mutually beneficial because it not only obtains the spatial corre-

ation of the MI in temporal motion through LSTM-RNN but also

omplements the motion information outside the patch through

he optical flow. SAE consisting of multiple layers of sparse autoen-

oders learns the patch-based and image-based motion features

s a shared representation through capturing a useful “hierarchi-

al grouping” or “part-whole decomposition” of the these two mo-

ion features. This shared representation as a high-dimension vec-

or (139) characterizes all aspects of a pixel’s motion inside the ROI

nd integrates a classifier (Softmax) to identify myocardial pixel

otion abnormalities in the end. Thus, Thus, these layers enable

he ability to directly delineate pixel-wise MI without any prelim-

nary segmentation of myocardial borders. 

During the training of these layers, for each W J , we use im-

ge patches, 3 × 3 size, by extracting the feature beginning from

 point p in the first frame and tracing p in the following frame.

e can thereby obtain P g ( p ) containing a 3 × 3 vector for displace-

ent and a 3 × 3 vector for the orientation of p for each frame.

econd, we conduct a simple concatenation between the local im-

ge feature P l ( p ) captured by the LSTM-RNN and the motion tra-

ectory feature P g ( p ) extracted by the optical flow to establish a

hole feature vector P ( p ). Finally, an auto-encoder with stacking 3

ayers is used to learn the correspondences between motion fea-

ure vector P ( p ) and the infarction, and a softmax layer is used to

etermine whether p is the infarction or not. 

.1. Implementation details 

We implemented all of the codes using Python and MATLAB

2015b on a Linux (Ubuntu Kylin 14.04) desktop computer with an

ntel(R) Xeon(R) CPU E5-2650 (2.00 GHz) and 32GB DDR2 memory.

he graphics card is an NVIDIA (R) Quadro K600 (1G RAM). The

eep-learning platform was implemented over the library of Keras

Theano) with RMSProp solver (lr = 0.001, rho = 0.9, epsilon = 1e-06).

he dropout was set to 0.2 for LSTM-RNN. The lambda and trunca-

ion were set to (0.021, 1e8) for FullFlow ( Chen and Koltun, 2016 ).
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Fig. 3. The infarction areas detected by our method (the green zone in the second row) are consistent with the ground truth (the yellow arrow pointing in the first row). 

Third row: the infarction areas detected by our method (the green zone) are consistent with the ground truth (the yellow dotted line). (For interpretation of the references 

to colour in this figure legend, the reader is referred to the web version of this article.) 
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he mean training time was 373 min for each training (126 sub-

ects) in 10-fold cross-validation tests, and the testing time was 74

econds for each subject. 

In the first stage, CMR is resized to fit DE-CMR and the size

f ROI is set to be a little bit larger than the LV volume in our

tudy. Thus, 64 × 64 ROIs that completely contain the same size

eft ventricle can be cropped by used the heart localization lay-

rs for all CMR and DE-CMR. In the second stage, we collect both

atch-based and image-based motion features efficiently and then

use them into a unique feature representation. In the third stage,

ur framework can detect each pixel’s category by determining the

orresponding pixels belonging to the infarction area or not. In the

nd, we go through all connected region found in previous steps,

nd exclude the region from the infarction area if its size is smaller

han nine pixels. 

We used the following three criteria to measure the classi-

cation performance of our framework: (1) the receiver operat-

ng characteristic (ROC) curve with the corresponding area under

he curve (AUC); (2) the precision-recall (PR) curve with the cor-

esponding area under the precision-recall curve; and (3) pixel-

evel accuracy, we assessed the classifier performance with 10-fold

ross-validation tests. 

. Experimental studies and results 

.1. Classification performance 

Automatic localization of the LV. Our study results show that

ur approach can provide a high localization of the LV. We have

chieved an overall classification accuracy of 96.88%, with a sensi-

ivity of 94.21% and a specificity of 99.04%. Our results for the ROI

ocalization bounding box from the CMR images were compared

ith the ground truth marked by the expert radiologist. The ROC

nd PR curves are shown in Fig. 4 . 

Infarction delineation. Our approach can accurately delineate

n infarction, as shown in Fig. 3 . The overall pixel classification

ccuracy is 95.03%, with a sensitivity of 90.82% and specificity of

8.62%. Meanwhile, the experimental results show that the over-

ll pixel classification accuracy is 99.35% from non-infarcted CMR

mage sequences and no infarction area was clearly recognizable,

s shown in Fig. 8 . We have used the softmax classifier learned by

ne-tuning to assess each pixel (as normal/abnormal) and compare

t with the ground truth. 

.2. Consistency evaluation 

To further evaluate the consistency between our algorithm and

he human experts delineation of infarction, three indices (metric)
re computed: the kappa statistic ( Viera et al., 2005 ), the Dice met-

ic and the surface-based metric ( Karim et al., 2013 ). 

Kappa statistic. Fig. 5 (a) shows that our approach yielded a

igh kappa statistic between the proposed method and the ground

ruth. The kappa statistic is a common medical evaluation indicator

or consistency tests and is given by: 

 = 

p(a ) − p(e ) 

1 − P (e ) 
(9) 

here p ( a ) is the observed percentage agreement: 

p(a ) = 

T P + T N 
P + N 

(10) 

nd p ( e ) is the overall probability of random agreement: 

p(e ) = 

P 

P + N 

T P + F N 
P + N 

+ 

N 

P + N 

F P + T N 
P + N 

(11) 

F P denotes false positives (number of segments incorrectly clas-

ified as “Abnormal”), and F N false negatives (number of segments

ncorrectly classified as “Normal”). The range of the kappa statis-

ic is [0,1], and a large kappa value indicates better consistency.

e obtained an overall kappa statistic of 0.91 in a 10-fold cross-

alidation test. 

Dice metric. Fig. 5 (b) demonstrates that we can obtain a high

ean Dice metric of 89.87% in a 10-fold cross-validation test. Dice

s a measure of the extent of spatial overlap between two binary

mages. Its values range between 0% (no overlap) and 100% (perfect

greement), and it measures the proportion of true positives in the

nfarction area: 

 = 

2 | X ∩ Y | 
| X | + | Y | × 100% (12) 

here X is the region in the ground truth, and Y is the region in

ur algorithm. The Dice metric was measured on the entire image.

Surface-based metric. Fig. 5 (c) demonstrates that we can ob-

ain a low mean surface-based metric of 0.72 (mm) in a 10-fold

ross-validation test. The surface-based metric measures the root-

ean-squared error (RMSE) between points labeled infarction in

he algorithms output and the ground truth distance. The range is

0, ∞ ] for the RMSE, going from the best match to the worst match.

he RMSE is given by: 

MSE = 

√ 

1 

N 

N ∑ 

i =1 

d ( g i , t i ) 
2 

(13) 

here { g i ; i = 1 , . . . , N} are the points labeled infarction in the de-

ay enhancement image, { t i ; i = 1 , . . . , N} are those labeled infarc-

ion in the test output image, and d is the Euclidean distance func-

ion. 
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Fig. 4. (a)–(b) The ROCs and PRs show that our results have high classification accuracy for ROI location and infarction area detection. (c)–(d) The ROCs and PRs show that 

the combined motion features improve the accuracy of our method. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1 

Combined motion features effectively improve the 

overall accuracy of our method. 

Local motion feature 
√ √ 

Global motion feature 
√ √ 

Accuracy 90.2% 88.1% 95.0% 

Sensitivity 86.4% 80.9% 90.8% 

Specificity 97.6% 93.8% 98.6% 
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Hausdorff distance. Fig. 5 (d) demonstrates that we can ob-

tain low mean Hausdorff distance of 5.91 mm in 10-fold cross-

validation test. The Hausdorff distance measures how far two sub-

sets of a metric space are from each other. It can be calculated

using the following equation: 

d H (g, t) = max { sup 

g i ∈ g 
inf 
t i ∈ y 

d ( g i , t i ) , sup 

t i ∈ t 
inf 
g i ∈ g 

d ( g i , t i )} (14)

where sup represents the supremum and inf the infimum, { g i ; i =
1 , . . . , N} are the points labeled as infarction in the delay enhance-

ment image, { t i ; i = 1 , . . . , N} are labeled as infarction in the test

output image. 

5. Design evaluation of our motion feature extraction 

architecture 

In this section, we demonstrate the robustness, flexibility, effec-

tiveness and accuracy of the design of our deep architecture. 

5.1. Evaluation effectiveness for combining the two types of motion 

features 

Table 1 and Fig. 4 show that the combined motion features have

the potential to improve the results, because the tasks influence

one another through a shared representation. It avoids the incom-

pleteness of the local motion feature and the topo-error of the

global motion feature. We train baseline networks that use only

the local or image-based motion features, and combined motion
eatures in one 10-fold cross-validation test. We find that the re-

ults of the combined the motion statistical features in our frame-

ork can identify the infarction areas more accurately in compar-

son to those that use only the local or image-based motion fea-

ures. We also observe that training improves the pure classifica-

ion accuracy relative to training for classification alone; the im-

rovement ranges from +3% to +7%. 

.2. Evaluation of accuracy for different patch sizes 

Fig. 6 indicates that the 11 × 11 patch size in our framework

an obtain a high level of accuracy in a reasonable amount of time.

e have used the N × N size patch as a slide window to precisely

urround the image to represent the pixel features and traverse the

hole ROI image sequence to structure the patch-based motion

eatures. Because the displacements of the LV wall between two

onsecutive images are small (approximately 1 or 2 pixels/frame),

he size of the patch must be adjusted to capture enough local mo-
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Fig. 5. The infarction areas detected by our method have a higher consistency with the ground truth when using combined motion features than using single motion feature: 

(a) The kappa statistic in a 10-fold cross validation test shows that our results using combined motion features are consistent with the human expert’s delineation; (b) The 

Dice metric measures also proves that our results are consistent with human expert’s delineation when using combined motion features; (c) The surface-based metric shows 

that our method has a low RMSE when using combined motion features; (d) The Hausdorff distance between our results and the human expert’s delineation are smallest 

when using combined motion features. 

Fig. 6. Evaluation of computational accuracy and cost of various patch sizes in mo- 

tion feature extraction layers. 
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Table 2 

LSTM-RNN works best for our work objective in comparison with other meth- 

ods in the framework of the use of patch-based motion features. 

SVMrbf SAE-3 DBN-3 CNN RNN LSTM-RNN 

Accuracy 77.3% 79.5% 78.4% 81.2% 85.7% 91.5% 

Precision 71.3% 73.6% 73.0% 73.5% 81.9% 87.3% 

Table 3 

LSTM-RNN works best for our work in comparison with other methods in the 

complete framework. 

SVMrbf SAE-3 DBN-3 CNN RNN LSTM-RNN 

Accuracy 86.8% 89.1% 88.5% 87.6% 89.3% 95.0% 

Precision 78.4% 80.7% 80.4% 79.5% 87.7% 90.1% 
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ion information. Fig. 6 also shows the accuracy and computational

ime of our framework using from 3 × 3 to 19 × 19 patches in one

0-fold cross-validation test for each time of retraining and retest-

ng. This experimental study shows that the deep classifier with a

arger patch size does not help, and even slightly hurts the accu-

acy and uses more time. 
.3. Evaluation of the performance with different methods of local 

otion feature extraction 

Tables 2 and 3 and Fig. 7 show that the performance of LSTM-

NN is better than the other local motion feature extraction meth-

ds. To evaluate the performance of LSTM-RNN, we replaced LSTM-

NN with other local motion feature extraction methods in two

ypes of network architecture, i.e., a framework using local motion

eature alone and the complete framework with the combined mo-

ion features. We reviewed the classification performance using a 3

idden layer neural network, pre-trained with five different strate-

ies, i.e., RNN, Deep Belief Networks (DBN), Convolutional Neu-

al Network (CNN), SAE and Support Vector Machine with an RBF
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Fig. 7. (a)–(b) LSTM-RNN works best for our work objective, both in the framework of (a) patch-based motion features and (b) combined motion feature usage. (c)–(d) 

FullFlow works best for our work, both for the use of (c) image-based motion features and for (d) the complete framework. 

Fig. 8. Four representative visual examples show that our method has high reliability for non-infarction CMR image sequence. Only a few white spots (misclassified pixels) 

on the black area (myocardium) and no obvious connectable area was identified as the infarction area. 

Table 4 

FullFlow works best for our work in comparison with other models in the framework of 

only the use of image-based motion features. 

Horn-Schunck(HS) Pyramid-HS EpicFlow DeepFlow FullFlow 

Accuracy 78.9% 80.4%% 85.8% 87.8% 87.6% 

Precision 70.2% 72.5% 80.4% 78.7% 80.3% 
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kernel (SVMrbf) with a 10-fold cross-validation test. LSTM-RNN

works best for our work objective. 

5.4. Evaluation of the performance with different methods of global 

motion feature extraction 

Tables 4 and 5 and Fig. 7 show that the use of the optical

flow method (FullFlow ( Chen and Koltun, 2016 )) can capture more

image-based motion features than other typical methods. Opti-

cal flow allows for the direct detection of the displacement esti-

mated at each pixel between any set of continuous images. Fur-
hermore, optical flow may yield sub-pixel precision from whole

mage sequences and does not rely on prior knowledge of the im-

ge content. It constitutes a well-unsupervised learning method for

he global motion feature extraction of our work. The paper by

hen and Koltun (2016) provides verification of the use of the op-

ical flow method to achieve state-of-the-art accuracy and perfor-

ance on challenging modern benchmarks on a variety of pub-

ic data sets. However, to evaluate the performance of the opti-

al flow algorithm in real CMR images, we replaced our optical

ow with other methods of Deepflow ( Weinzaepfel et al., 2013 ),
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Table 5 

FullFlow works best for our work in comparison with other models. 

Horn-Schunck(HS) Pyramid-HS EpicFlow DeepFlow FullFlow 

Accuracy 91.1% 90.6% 95.4% 94.3% 95.0% 

Precision 86.5% 86.9% 90.2% 90.3% 90.1% 

Table 6 

Our method works best in comparison with some existing methods. 

Method User-input Segment-level Pixel-level accuracy 

/Reg accuracy (% segment) accuracy (% pixel) 

Proposed method None 98% 94% 

( Popescu et al., 2016 ) Seg N/A 73% 

( Bleton et al., 2015 ) Seg 85% N/A 

( Peressutti et al., 2015 ) Seg 81% N/A 

( Wong et al., 2016 ) Seg 91% N/A 

( Afshin et al., 2014 ) mnl-first 85% N/A 

( Punithakumar et al., 2013 ) mnl-first + Reg 86% N/A 

( Suinesiaputra et al., 2011 ) mnl-first + Reg 74% N/A 

( Garcia-Barnes et al., 2010 ) mnl-first + Reg 86% N/A 
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picFlow ( Revaud et al., 2015 ), Horn-Schunck ( Bruhn et al., 2005 ),

nd Pyramid Horn-Schunck ( Meinhardt-Llopis et al., 2013 ) in two

ifferent frameworks with a 10-fold cross-validation test. FullFlow

lways shows higher accuracy and precision in both the framework

hat uses the patch-based motion features alone and the complete

ramework with combined motion features. 

.5. Evaluation of the performance with non-infarcted subjects 

Fig. 6 indicates that The reliability and generalization of our

ethod has been demonstrated by 25 non-infarcted CMR image

equences collected in another clinical database (June 2017 to

ebruary 2018, Siemens 1.5T). The experimental results show that

he overall pixel classification accuracy is 99.35% and no infarction

rea was clearly recognizable. Meanwhile, 

.6. Comparison with some existing methods 

Table 6 demonstrates that our proposed method achieved

igher delineation accuracy on both the segment level and pixel

evel compared with existing classical methods in the user in-

ut/ Registration process requirements (User-input/Reg), accuracy 

Segment level and pixel-level). The term ’mnl-first+Reg’ means

hat this method requires the manual segmentation in the first

rame followed by a registration algorithm to find the myocardium

oundaries in the remaining frames. The term ’Seg’ means that

his method requires to segment the myocardium boundaries in all

he frames. Overall, by comparison, our method has the best accu-

acy in the largest dataset, without any preliminary segmentation

f myocardium borders. 

. Discussion and conclusion 

In this paper, our main contribution is that, we have developed

nd have validated a 2D+t framework for the clinical delineation

f a left ventricular myocardial infarction at the pixel level. Our

ramework is built on an efficient motion-feature representation

sing a joint motion feature learning architecture to achieve the

ccurate, robust, and stable delineation of infarctions. Specifically,

he advantages of our method include: 

• reliable motion feature representation constructed from the

creative combination of patch-based and image-based motion

features and its direct extraction from consecutive multi-frame

image sequences without any preliminary segmentation of my-

ocardium borders; 
• effective clinic application to obtain the explicit position, size

and shape information of an infarction without contrast agents,

which is beyond the segment precision limit of most of the tra-

ditional methods. 

The experimental results showed that our framework has high

lassification accuracy compared to the ground truth. As shown in

ig. 4 (a) and (b), a high accuracy for the ROI location (96.88%) and

nfarction detection (95.03% at the pixel level) is achieved in 10-

old cross-validation tests. In addition, we have used a variety of

ommonly used performance indicators to evaluate the consistency

etween our result and the ground truth, as shown in Fig. 6 . The

appa statistic (0.9 ± 0.011), Dice (90 ± 2.5%), surface-based metrics

0.72 ± 0.19 mm) and Hausdorff distance (5.91 ± 3.24) mm show

he effectiveness, robustness and consistency of our approach.

hese results demonstrate that our proposed framework is a re-

iable and efficient clinical tool for delineating infarctions. 

We have also evaluated the performance of our framework in

xtracting a suitable motion feature representation. Table 1 and

ig. 4 (c) and (d) demonstrate that the combined motion features,

ased on the fusion of LSTM-RNN and FullFlow, are more reliable

nd robust than their independent usages. In our framework, the

esign of combined motion feature representation can utilize lo-

al and global complementary information to overcome the dis-

urbances from irregular movement and noise. In previous stud-

es, the motion-feature representation is unsatisfactory in finding

he exact location of infarction because of the failure to com-

rehensively learn all aspects of the differences between MI and

ther tissues ( Afshin et al., 2014; Wang et al., 2014 ). Furthermore,

ig. 7 and Tables 2–5 demonstrated that each component of our

otion-feature presentation is the best choice in comparison with

orresponding similar methods. LSTM-RNN achieved higher accu-

acy and precision than other deep learning and traditional ma-

hine learning methods in local motion feature extraction because

t is a deep-learning framework for time-series analysis, which is

ell suitable for the periodic nature of cardiac motion ( Kong et al.,

016 ). Similarly, in our approach, the use of FullFlow with the

atch-based NCC data term can compress the noise inside CMR

mages more effectively than other optical flow methods ( Chen and

oltun, 2016 ) because FullFlow can guarantee a global optimization

ith special regularization terms ( Strekalovskiy et al., 2014 ). 

The computational cost is another important factor in the de-

ign of the components of our framework for real clinical practice.

n our framework, we carefully adjust all the components to con-

rol the computational cost of our framework to a reasonable level

ith satisfactory accuracy. In the heart localization layers, Faster
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Fig. 9. (a) The output of optical flow feature demonstrates that the optical flow method effectively locates the abnormal area, which is the area enclosed by the red box on 

the right side of the myocardium. (b) The output layers of the LSTM-RNN feature maps by combining difference patches demonstrate that the LSTM-RNN effectively locates 

the abnormal area. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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R-CNN can reduce the testing time by at least 30% in compari-

son with previous well-known algorithms ( Ren et al., 2017 ) be-

cause a region proposal network can combine two stages (pro-

posal + detection) into a one-stage detection ( Ren et al., 2017 ). In

the motion feature extraction layers, we chose the optimal slide

window size and testing time (patch size: 11x11; test rate: 74 sec-

onds), as shown in Fig. 6 . Similarly, FullFlow can reduce the com-

putational cost of extracting image-based motion features by more

than 30% and improve the overall detection accuracy by 0.4%, as

shown in Table 5 , because it can track the global motion over

the full space between discrete grids without descriptor matching

( Chen and Koltun, 2016 ). 

We compared the proposed framework with five different state-

of-the-art methods for locating the MI areas of a short-axis CMR

image in terms of the user-input/ registration process require-

ments, accuracy, and size of the datasets used in Table 6 . Due

to the different implementation settings of these methods, the

computational cost is not considered. Our framework’s perfor-

mance is overall better than those of previous methods. Particu-

larly, our framework can achieve the delineation of the infracted

areas on the pixel level without any preliminary segmentation of

myocardium borders for the first time. Most previous methods re-

quire segmentation of the myocardial boundary before cardiac mo-

tion recovery. The usage of an automatic/semi-automatic segmen-

tation algorithms might introduce extra processing time and errors

( Petitjean and Dacher, 2011; Garcia-Barnes et al., 2010; Petitjean

and Dacher, 2011 ). These difficulties inherent to previous meth-

ods might prevent their usage in real clinical practice. Second, our

framework can detect an infraction with high accuracy. The main

reason is that our framework can learn the motion pattern of each

pixel in the myocardium than the conventional method efficiently.

LSTM-RNN, as our deep-learning approach, has demonstrated the

power of feature learning in time series information. It can ex-

tract features from the image sequences and determine the optimal

boundary of an infarction in high-dimensional feature space in an

efficient way ( Gers et al., 1999 ). In addition, the FullFlow method

considers both the CMR image properties and the advantages of

the optical flow technique to overcome the lack of bright gradients

in the relatively homogeneous tissues. In summary, the combina-

tion of FullFlow and LSTM-RNN helps to successfully improve the

infarction delineation accuracy and provide a direct estimation of

an infarction from original image sequences without any prelimi-

nary segmentation of myocardium borders. 

We also found that our framework using the entire car-

diac cycle can provide higher accuracy than using end-systolic

data only (accuracy 95.0%:90.3%, sensitivity 90.8%:86.4%, specificity

98.6%:96.2%). This improvement may stem from a whole cardiac

cycle which provides more comprehensive temporal motion pat-

terns than a half cycle (only end-systolic data). This is because
otion abnormality caused by MI occur in both the systolic and

iastolic phases ( Bijnens et al., 2007 ). Diastole provides some in-

ormation that is not available during systole but important to

dentify motion abnormalities, such as diastolic filling variables

 Oh et al., 1992 ). Moreover, sufficient information makes RNN’s

ecursive training more comprehensive because its internal state

ith the cyclic data discovered more dynamic temporal behav-

or abnormalities between frames, as shown in Fig. 9 . The worst

ases of our method were illustrated in Fig. 10 . The main reason

f these failures lie in the heterogeneous peripheral rim of my-

cardium ( Ordovas and Higgins, 2011 ). The experiments show that

he binary classification approach may not be able to find the lo-

ation of myocardial infarction in the peripheral rim because its

otion pattern is affected by the infarct core and is different from

he normal area. In the future, the performance of our algorithm

an be improved by training more cases of peripheral rim MI. 

Learning of myocardial motion feature can still be improved

ecause 2D motion analysis may be biased toward the actual 3D

otion of the heart. Cardiac motion is complex, as the muscle

ells swirl and spiral around the chambers of the heart, there-

ore the longitudinal component also strongly accounts for mo-

ion, out of the short axis planes. While myocardial motion feature

xtraction from short axis 2D image sequences has already effec-

ively discriminated the difference in motion pattern between the

I and normal myocardium, which is sufficient for this applica-

ion, further analysis of myocardial infarction motion abnormalities

hrough complete 3D modeling will be the focus of future work

nd has great potential to improve the performance of our method.

oreover, the kernel of our framework is the motion-feature ex-

raction architecture that acquires the motion pattern of an infarc-

ion. Though we have validated the performance of our framework

n 165 human subjects, it is all from one image center. In the fu-

ure, we should conduct a multiple-center trial to collect more data

nd explore the boundaries of the current framework. After obtain-

ng more infarction data for the training set, we might be able to

mprove the performance of our current implementation to a new

evel by use of the power of the deep-learning method. We should

hus be able to design a more comprehensive feature extraction

rchitecture for infarction delineation. Finally, though our current

mplementation can provide reliable results under acceptable com-

utational costs, the computational time of more than one minute

s still long when we consider the very large volume of CMR im-

ge data around the world. Thus, further improvement in accuracy

nd speed is more appealing when we can access more CMR image

ata in the multiple-center trial. 

In summary, we have developed a novel framework for the de-

ineation of a left ventricular myocardial infarction without any

reliminary segmentation of myocardium borders for the first

ime. Unlike the existing techniques, our proposed method can di-
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Fig. 10. Examples of the infarction detected by our method (the green zone) and the ground truth (the yellow dotted line). (For interpretation of the references to colour in 

this figure legend, the reader is referred to the web version of this article.) 
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ectly acquire the position, shape, and size of an infarction area

rom a raw CMR sequence. Our experimental analysis was carried

ut on 165 subjects and yielded a high consistency with a hu-

an expert’s delineation (with an overall classification accuracy of

5.03% at the pixel level). These results demonstrate that our pro-

osed method can be an efficient and accurate clinical diagnostic

ool to systemize MI assessment and provide timely interpretations

or clinical follow-up. 
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