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Abstract

The characterization of cardiac function is of high clinical interest for early

diagnosis and better patient follow-up in cardiovascular diseases. A large num-

ber of cardiac image analysis methods and more precisely in cine-Magnetic Res-

onance Imaging (MRI) have been proposed to quantify both shape and motion

parameters. However, the first major problem to address lies in the cardiac im-

age segmentation that is most often needed to extract the myocardium before

any other process such as motion tracking, or registration. Moreover, intelli-

gent systems based on classification and learning techniques have emerged over

the last years in medical imaging. In this paper, a new method is proposed to

help medical experts in classifying the Left Ventricle (LV) wall motion without

the need of image segmentation and through the learning of motion features by

using dictionary learning techniques. Specifically the novelty of this approach

lies in the extraction of new spatio-temporal descriptors and in the use of dis-

criminative dictionary learning (DL) techniques to classify normal/abnormal LV

function in cardiac MRI. Local radial spatio-temporal profiles are first extracted

from bidimensional (2D) short axis (SAX) MRI images, for each anatomical

segment of the LV cavity. These profiles inherently contain discriminatory in-
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formation that can help for cardiac motion characterization. An advantage of

this approach is that these profiles are constructed from a very limited user

interaction that corresponds to a number of five points in only one frame of the

sequence, (without the need of LV boundaries segmentation) and by exploiting

all the phases of the cardiac cycle. Two specific discriminative DL algorithms

have been selected for the LV wall classification based on these profiles: Label

Consistent K-SVD (LC-KSVD) and Fisher Discriminative (FD-DL). For the

application of the proposed methods, cine-MR SAX images have been collected

from a control group of 9 healthy subjects and from 9 patients with cardiac

dyssynchrony. Radial strain curves in 2D Speckle Tracking Echocardiography

(2D-STE) have been analysed for the patient group and have been used as refer-

ence truth. They allowed to label each profile as normal or abnormal. The best

performance has been achieved in the Wavelet domain by the LC-KSVD algo-

rithm with an accuracy of 84.07% in the classification of radial spatio-temporal

profiles and using a leave-one-out patient cross validation. The approach has

been compared with recent methods of the literature and offers a good compro-

mise between performance, user interaction, time computing and complexity.

This new method of LV classification, with minimal user interaction and based

on discriminative DL has not been previously reported. It could help to im-

prove the performance of pre-screening systems for cardiac assessment, which

can affect positively the quality of the early diagnosis for heart failure patients.

Keywords: Dictionary Learning; LV cardiac motion; cardiac MRI;

spatio-temporal profiles; sparse signal classification.

1. Introduction

Assessment of Left Ventricular (LV) function is an important task in car-

diac disease diagnosis. A common alteration of the LV function in patients

with chronic Heart Failure (HF) is the intra-ventricular dyssynchrony. This me-

chanical issue occurs when regions of the ventricle contract at different times

and is most commonly caused by a blocked bundle branch, a disorder of His
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bundle branches (Hawkins et al., 2006) that disrupts ventricular activation se-

quence. Abnormal local LV wall motion is an early finding in multiple cardiac

pathologies and its detection is of critical importance (Garcia-Fernandez et al.,

2003). Cardiac Magnetic Resonance Imaging (MRI) is currently used in medical

imaging for the assessment of LV function (Kirschbaum et al., 2011).

This modality allows the extraction of different parameters that characterize

the ventricular function and that can be classified in two categories. The first

one contains global indicators such as the stroke volume, the cardiac output,

the ejection fraction and the ventricular mass. Global analysis of the cardiac

dynamic in MRI is most often focused on two particular phases of the cardiac

cycle, the end-diastole and end-systole phases. The second category concerns

local parameters that represent the behavior of anatomical segments of the

LV following the American Heart Association (AHA) 17 model representation

(Cerqueira et al., 2002). These local parameters can include the regional ejection

fraction, the myocardial thickening, motion, velocity and strain information.

Several MRI-based techniques or specific sequences can be employed to

detect mechanical dyssynchrony and assess cardiac LV motion including my-

ocardial tagging, phase contrast tissue velocity mapping and cardiac cine-MRI.

Tagged magnetic resonance (TMR) is considered as gold standard for LV mo-

tion tracking as motion fields extracted from this modality already constitute

an indicator of local function and are used to derive other indicators, such as

strains (Garcia-Barnes et al., 2010; Morais et al., 2017). However, TMR se-

quences are not always available or of sufficient quality to use them in clinical

routine while cine-MRI is the first sequence used. Several works in cine-MRI

have been proposed for the automatic assessment of LV wall motion and some of

them showed a good correlation between 2D speckle tracking echocardiography

(2D-STE) and MRI. These works allow considering both MRI and STE data to

extract qualitative and quantitative parameters for the assessment of LV wall

motion.

The most relevant approaches that have been proposed for the automatic

assessment of LV wall motion in cardiac cine-MRI can be classified in three
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main groups: i) Landmark-based shape analysis methods that provide a sta-

tistical shape modelling of cardiac contraction (Ordas & Frangi, 2005; Huang

et al., 2006; Suinesiaputra et al., 2009, 2011), ii) Methods based on image fea-

tures extraction that consider the hypothesis that motion patterns of normal

LV anatomical segments should be deviated away from patterns of abnormal

LV segments (Lu et al., 2009; Punithakumar et al., 2013; Afshin et al., 2014),

and iii) Methods based on parametric imaging-based quantification, that rely on

the ability to integrate spatial and temporal information on LV wall motion in

meaningful parametric images for motion abnormalities analysis (Caiani et al.,

2004, 2006; El-Berbari et al., 2009). Current techniques for LV wall motion

assessment often consider a preprocessing step, followed by the segmentation of

the myocardium, feature extraction and classification stages. Therefore, it is

challenging to find a method that could exploit all the information of the car-

diac cycle and inherently dispose discriminatory information for cardiac motion

characterization without the need of segmentation of the LV myocardium (that

remains a time-consuming task) and with few user interaction.

A recent classification technique that is widely exploited in natural images

is the Sparse Representation based Classification (SRC) (Wright et al., 2009)

which involves the use of different algorithms to learn dictionaries from labeled

training dataset and then use the features of the sparse decomposition of the

testing signal for classification. This algorithm has achieved competitive perfor-

mance on face recognition. However the performance of SRC has been improved

by using discriminative dictionaries based on Dictionary Learning (DL) in which,

the dictionary is inferred from a set of input signals (Rubinstein et al., 2010),

such that a given signal can be well approximated by a linear combination of a

few atoms in the dictionary.

Some successful applications in medical imaging, based on sparse represen-

tation and DL approaches, have been explored for image reconstruction, image

denoising, image fusion, image segmentation, multimodal images enhancement

and classification. In the case of classification in medical images, some works

include the detection of Multiple sclerosis (MS) lesions in FLAIR MR images of
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Figure 1: Overall scheme of the adaptation of discriminative DL approaches for local LV wall

motion classification in cardiac cine-MRI: Top panel resumes the automated spatio-temporal

images extraction steps. Bottom panel resumes the classification based on Discriminative

Dictionary Learning approaches using the spatio-temporal profiles in gray level and Wavelet

domains assessed by 2D-STE in the mid-cavity slice to provide in a final stage, a regional

estimation of normal/abnormal segments in bull-eye representations.
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the brain (Weiss et al., 2013; Deshpande et al., 2014), the classification of lung

needle biopsy images (Shi et al., 2013) and the histopathological image represen-

tation and classification (Srinivas et al., 2014). In cardiac medical images, works

are focused on echocardiography images for the tracking (Huang et al., 2014)

and the segmentation (Rosas-Romero & Tagare, 2014) of both endocardial and

epicardial contours of the LV. More recently in (Guo et al., 2015), a fully auto-

matic classification method based on sparse representation has been proposed

to distinguish intracardiac tumor and thrombi in echocardiography. To the best

of our knowledge, classification of LV wall motion based on discriminative DL

in cardiac MRI has not been previously reported.

In the context of Heart Failure, we aimed at developing new methods for

the assessment of LV wall motion in cardiac cine-MRI that is currently used

in medical imaging for the assessment of LV function. In clinical practice, this

assessment relies mainly on semi-manual segmentations as well as on visual

analysis and interpretation of wall motion by experts. Supplying the clinicians

with semi-automatic tools (by integrating a learning process) to classify cardiac

motion and with minimal user interaction remains a challenge.

In this study, a classifier is learned jointly with a dictionary, so the dictio-

nary is designed by respecting classification constraints as well. This leads to

the study of two types of discriminative dictionaries: the label consistent K-

SVD algorithm (LC-KSVD) (Jiang et al., 2013) and the Fisher discriminant DL

algorithm (Yang et al., 2014). A first work has been proposed in this direction

in (Mantilla et al., 2013) using a simple feature extraction procedure, based only

on diametrical profiles extracted from short-axis cardiac cine-MRI, and without

any assessment protocol.

In this paper, we propose a novel approach based on the extraction of new

spatio-temporal descriptors combined with discriminative dictionary learning

techniques to obtain a binary local classification between normal and abnormal

LV wall motion in cine-MRI. The innovative part of this approach is mainly

concerned by the application of Dictionary Learning techniques based on Sparse

Representation for Left Ventricle motion classification, and by the extraction of
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spatio-temporal features in one only process, based on ROIs that are deduced

from very limited user interaction (only five reference points in the first frame)

with no boundaries segmentation. To this end, radial spatio-temporal profiles

that describe LV’s wall motion for each anatomical segment are extracted from

the cine-MRI short axis images. These profiles are taken as input atoms in the

training of the discriminative dictionaries for LV wall classification.

Experimental results show the improvement in the performance of cardiac

motion characterization and confirm that the proposed method could be a good

alternative for LV wall motion classification for clinical experts. Moreover, being

fully computational and involving minimal manual steps, it is adapted and could

be used as a core component within an effective expert system framework for

cardiac motion characterization.

Our method differs from those methods reported in the literature in three

points: 1) the feature extraction procedure which exploits all the information

contained in the cardiac cycle without the need of segmentation of the epicardial

and endocardial boundaries, 2) the use of DL techniques for classification of LV

wall motion in cardiac MRI and 3) the evaluation method where, with the lack

of a gold standard technique such as TMR, we extract strain measures from

2D-Speckle tracking Echocardiography from which the analysis of radial strain

curves is performed for the assessment of the proposed spatio-temporal profiles.

This process is controlled by a cardiologist and the classification is compared and

validated with information obtained by physicians in cine-MRI. This technique

is used as ground truth to label the proposed spatio-temporal representations. A

broader discussion of the discriminative DL classification techniques is presented

in terms of complexity (sparsity and computational times).

In this work, that is relevant from artificial intelligence techniques, we have

demonstrated the benefits of using discriminative dictionaries, directly learned

from a set of new extracted spatio-temporal descriptors, that capture the dis-

tribution of motion information in the data (without the need of segmentation)

that is then used in classification tasks for normal/abnormal LV detection.

The next subsection describes the overall scheme of the proposed approach
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and the organization of this paper.

2. Overall scheme of the proposed approach

An overview of the novel approach is shown in Fig. 1. A first global stage

called “automated spatio-temporal images extraction” (Part A in Fig. 1) is

proposed including the collection of data, a Region of Interest (ROI) extraction

procedure and a new feature extraction procedure performed with the construc-

tion of radial spatio-temporal profiles overall the labeled anatomical segment

spatially normalized according to the AHA representation. In a second global

stage (Part B in Fig. 1), the assessment of these profiles is first performed

with the analysis of the radial strain curves available from 2D Speckle Tracking

Echocardiography (STE) technique. Finally, the spatio-temporal profiles con-

sidered in the original (gray level) and the Wavelet domains, are taken as input

data for the training of the discriminative DL approaches. This stage allows us

to obtain the results of local LV wall motion classification that are presented in

the parametric bull-eyes images in the mid-cavity slice. In the next sections of

this paper each step is described in detail: Section III describes the methodology

that is proposed for the automatic extraction of spatio-temporal profiles from

cine-MRI. Section IV presents the discriminative DL approaches that have been

used for LV wall motion classification. Section V describes the experimental

protocol of validation, the classification results and a study of robustness. Fi-

nally discussion and concluding remarks are presented in Sections VI and VII,

respectively.

3. Automatic extraction of spatio-temporal profiles

3.1. Image acquisition

In cardiac MRI, in clinical routine, images for all cardiac phases can be

acquired in cine mode using 1.5T or 3T systems. A cardiac cine-MRI sequence

contains S temporal frames (usually between 25 and 40), each frame comprising

R slices routinely divided in three spatial levels (or planes): basal, mid-cavity
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and apical levels. A typical cardiac cine-MRI presents a temporal resolution of

30 ms, a spatial resolution of 1.5 mm (in-plane) and a slice thickness varying

from 8 to 10 mm. The short axis view of any of these slices shows a cross-section

of the left and right ventricles.

3.2. ROI extraction

The goal in this stage is to extract the ROI corresponding to the LV that is

then retained in each frame before applying the extraction of spatio-temporal

profiles. To this end, the center of the LV and the anterior intersection between

the two ventricles are determined with the placement of 5 points selected man-

ually by the user only in one reference frame at the end-diastolic phase and for

each plane (basal, mid-cavity, apical). As illustrated in Fig. 2-(bottom-left), the

first four points labeled as A, B, C and D located outside the epicardial border

respectively in the anterior, lateral, inferior and septal wall at the end-diastolic

phase, are used to calculate the LV centroid and to delimit the ROI that is

assumed to contain the LV in all the sequences. We select the end-diastolic

phase in each plane because in this phase the LV presents the biggest volume.

The ROI that results from the five reference points is then propagated without

user efforts in all the images of the sequence. The fifth point (E) is placed in

the anterior intersection of the left ventricle and the right ventricle (RV) and

will serve as reference in the spatial normalization step. The selection of these

points in only one frame of the sequence is the only user assistance required by

the overall proposed approach. This process needs some anatomical and clinical

knowledge to place the anterior intersection beween RV and LV, but it is much

easier than a contour delineation and very easy for the expert in very fast time.

3.3. Spatial normalization

Because of the variability inherent to the patient position in the scanner

system and to the heart position in the thorax, we need to normalize different

heart positions to the same reference. As illustrated in Fig. 2-(bottom-left), an

axis (yellow line) crossing the anterior intersection of the two ventricles and the
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Figure 2: Process of construction of the spatio-temporal image from a radial profile in the

infero-septal segment for a control patient. Each radial profile is obtained from end-diastole

phase during one cardiac cycle going through the end-systole phase. In the same figure,

Spatial normalization according to the AHA 17 myocardial Segments (Cerqueira et al., 2002).

For the mid-cavity plane: 7, Anterior; 8, Antero-Septal; 9, Infero-Septal; 10, Inferior; 11,

Infero-Lateral; 12, Antero-Lateral.

10



LV centroid is used as reference in order to spatially normalize the LV cavity.

Heart shape variations have no influence in the definition of anatomical seg-

ments. The choice of the reference line is not dependent on the image coordinate

system nor on the position of the septal wall. This procedure allows the iden-

tification of different anatomical segments according the AHA representation

(Cerqueira et al., 2002), for example, in the mid-cavity plane: anterior, antero-

septal, infero-septal, inferior, posterior/infero-lateral, and lateral/antero-lateral

segments. Each anatomical segment is then labeled as normal or abnormal in

the classification process.

3.4. Feature extraction

Figure 2 illustrates the proposed automatic process for the extraction of

spatio-temporal profiles. Radial lines are traced from the LV centroid to a

point outside of the epicardial border in end-diastolic view. Each line in the

same orientation is then projected into the next frames of the cardiac sequence.

A spatio-temporal image I ∈ RP×S (called radial spatio-temporal profile), is

obtained by the concatenation of the image’s gray levels along the radial line,

where P denotes the length of the radial line and S represents the number

of temporal frames in a cardiac cycle. For the normalization of the LV’s size

among patients, we have observed the length of the radial lines at the end-

diastolic phase in the basal short axis plane in all the patients. We select this

reference plane because at the basal plane the LV ventricle presents the bigger

size. The radial line holds between 35 and 58 points for all the patients, which

corresponds to approximate 43.75 and 72.5 mm as the resolution in-plane in

this study corresponds to 1.25 × 1.25 mm2 per pixel.

Then we select a reference average of 40 points (radial line of 50 mm).

Every spatio-temporal image is then linearly interpolated along the vertical

direction (P= 40 points), while, a bicubic interpolation is then performed along

the horizontal direction (S= 20 points) leading to a spatio-temporal image I ′′ ∈

R40×20 (Suinesiaputra et al., 2009; Lu et al., 2009). Then, the radial spatio-

temporal profiles are normalized in intensity for comparison purposes across

11



slices, phases and subjects. For that purpose, each pixel in each spatio-temporal

image is set to (I ′′i,j − µ) /σ, where, I ′′i,j is the interpolated pixel intensity value

(after spatio-temporal normalization), µ and σ are, respectively, the mean and

the standard deviation of the spatio-temporal image I ′′ ∈ R40×20.

Finally, for each patient, a set of IRM ∈ R40×20 (radial normalized spatio-

temporal profiles) is obtained, where R ∈ {1, 2, 3}, each number associated with

a short axis slice level (apical, medial and basal) and M ∈ {1, . . . , 360}, ∆θ = 1◦,

each angle θ associated with a profile orientation in the 360◦ scans of the LV.

From the radial spatio-temporal image IRM ∈ R40×20, features are extracted

directly on the gray level domain (original image domain) and also in the

Wavelet domain, after performing a three-level db4 2-D discrete Wavelet Trans-

form, following the sparsifying transform used in the thresholding experiment

described in (Lustig et al., 2007) obtaining a new representation ΨR
M ∈ R64×64.

This technique of feature extraction differs from the work of Lu (Lu et al.,

2009) by the fact that features are extracted in one process in spatio-temporal

dimension and that they represent the grey levels (or wavelets), providing in-

formation on displacement and motion of the myocardium, but also outside the

myocardium.

4. Discriminative Dictionary Learning for classification of spatio-temporal

profiles

We aim at classifying whether an anatomical segment presents LV wall mo-

tion abnormality or not, by using radial spatio-temporal profiles and by using

recent discriminative DL approaches. We aim to compare our results to those

obtained by using classical classification techniques based on SVM methods.

The first discriminative DL technique used for LV wall motion classification

is the Label Consistent DL (LC-KSVD) algorithm (Jiang et al., 2013) (Equation

1), which presents two variants: the first one, denoted here as LC-KSVD1 takes

only one structural constraint on the dictionary, that is represented by ‖Q −

AX‖22, the discriminative sparse-code error term; the second one, named LC-
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KSVD2, takes two structural constraints on the dictionary: the discriminative

sparse-code error term and the classification error that is represented by ‖H −

WX‖22.

〈D,W,A,X〉 = arg min
D,W,A,X

‖Y −DX‖22 +

α‖Q−AX‖22 + β‖H −WX‖22

s.t. ∀i, ‖xi‖0 ≤ T, (1)

where: Q = [q1, . . . , qN ] ∈ RK×N are the discriminative sparse codes of the

input radial spatio-temporal profiles IRM or ΨR
M vectorized as ι ∈ R800 and

ψ ∈ R4096 respectively, for classification andA is a linear transformation matrix.

The linear transformation, g(x;A) = Ax, transforms the original sparse codes

coefficients x to be most discriminative in the sparse feature space RK . W ∈

Rm×K denotes the classifier parameters, where m is the number of classes (m =

2, normal/abnormal profiles). H = [h1, . . . ,hN ] ∈ Rm×N are the class labels

of input profiles Y . α and β are weights, respectively for label constraint term

and for classification error term.

The second discriminative DL technique that has been used for the classifica-

tion of radial spatio-temporal profiles is the Fisher Discriminative DL (FD-DL)

algorithm (Yang et al., 2014). This approach proposes to learn a structured dic-

tionaryD =
[
D1 99

9D2

]
, whereD1 is the class-specified sub-dictionary associated

with the class of abnormal profiles, and D2 is the class-specified sub-dictionary

associated with the class of normal profiles. In the FD-DL algorithm, the Fisher

discrimination criterion is imposed on the coding coefficients X to make them

discriminative. We denote Y =
[
Y1 99

9Y2

]
the set of training profiles (abnor-

mal/normal respectively). Let X be the coding coefficient matrix of Y over

D i.e., X =
[
X1 99
9X2

]
, where X1 and X2 are the sub-matrices containing the

sparse coding coefficients of Y1 and Y2 respectively over D. The dictionary D

and the coding coefficient matrix X are obtained by solving:

〈D,X〉 = arg min
D,X

{r(Y ,D,X) + λ1‖X‖1 + λ2f(X)} , (2)
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where r(Y ,D,X) is the discriminative fidelity term, ‖X‖1 is the sparsity con-

straint regularized by the `1-norm, f(X) is a discrimination constraint imposed

on the coefficient matrix X regularized by the `2-norm. λ1 is the regularization

parameter that governs the sparsity of the solution and λ2 is a regularization

parameter that enforces X, to be discriminative based on the Fisher discrimi-

nation criterion. As we can see, both `1-norm and `2-norm regularizations are

imposed on the representation coefficient matrix X.

5. Experiments and Results

5.1. Population and Image Acquisition

The experimental procedures involving human subjects described in this pa-

per were approved by the ethics committee of the CHU-Pontchaillou in Rennes,

and were conducted in accordance with the Declaration of Helsinki. The short-

axis cine-MRI databases used in these experiments were collected from three

groups: two groups of data patients candidates for cardiac resynchronization

therapy, that were acquired from clinical protocols in national and international

research projects composed of 3 and 6 patients, respectively (group G1 and G2);

and one control group (G3) formed by 9 healthy patients obtained from an on-

line database (Tobon-Gomez et al., 2013). For the experimental part on these

data, all the acquisitions were obtained with a Philips Medical System Achieva

3T MRI scanner with, 30 phases over the cardiac cycle for the first group of

data patients (G1), 40 phases for the second group (G2) and 30 phases for the

control group (G3). In summary, the 18 cases were identified in two classes:

1) patients with abnormal LV motion samples corresponding to 9 patients with

cardiac dyssynchrony and 2) patients with normal LV motion samples that cor-

respond to 9 healthy subjects. Data in SAX view used in these experiments did

not present image shifting due to breath-hold.

For each patient in both groups (pathological and control), we disposed of

360 profiles (∆θ = 1◦), however, after performing several experiments vary-

ing the number of profiles, we found out that by selecting only 36 profiles
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(∆θ = 10◦), and a limited number of profiles by anatomical segment (e.g. 6

at the mid-ventricular slice level), the proposed approach achieves a good com-

promise between complexity and classification. To resume, results described in

these experiments have been obtained from a total of 648 radial spatio temporal

profiles corresponding to 18 patients x 6 anatomical segments per patient in the

mid-cavity slice x 6 radial profiles per segment.

5.2. Assessment of radial spatio-temporal profiles with echocardiography 2D-

STE

In the group of pathological patients, radial strain tracings from 2D-STE

were available only at the mid-cavity plane. For these patients a cardiologist,

expert in echocardiography, performed Trans-thoracic echocardiography TTE

US acquisitions. STE traces and regional strain curves were computed and ex-

ported using an echoPAC clinical workstation software (GE). Only SAX images

have been used in this work. In order to perform the evaluation of the proposed

method, the experiments and results presented in this paper correspond only

by considering the medial plane in MRI. Previous works have demonstrated the

relation between myocardial strain and strain rate calculated from two dimen-

sional echocardiography versus regional LV function defined by cardiac cine-

MRI for the assessment of regional left ventricular function (Becker et al., 2006)

and for the assessment of suitable segments for LV lead placement in cardiac

resynchronization therapy (Bakos et al., 2014).

First, a spatial matching between cine-MRI slices and 2D-STE slices is

needed. To solve this problem, a visual inspection supported by the medical

reports of the 9 patients has been performed in order to find a correspondence

between the SAX plane used in the 2D-STE study and the SAX plane selected in

the cine-MRI study. This inspection is particularly, based on the visualization of

the papillary muscles observed in both images. For some patients, only certain

anatomical segments present abnormal movement which is in accordance with

the radial strain tracings analysed from the the 2D-STE. Various studies have

focused on the definition of normal values of LV motion in this modality (Becker

15



et al., 2006; Fine et al., 2013; Yingchoncharoen et al., 2013). Our analysis is

based on reference values reported in the literature (Becker et al., 2006) shown

in Table 1 that allows the classification of the profiles in the cardiac cine-MRI

study as normal (normal kinesis in the STE study), or abnormal (hypokinesis

or akinesis cases in the STE study). The analysis in (Becker et al., 2006) was

performed with a relative variability of 8.7 ± 7.1% for the peak systolic radial

strain between 2D-STE and cardiac cine-MRI. Due to the standard deviation

Table 1: Radial strain related to regional LV function defined by cardiac magnetic resonance

imaging reported in (Becker et al., 2006)

Radial Strain(%)

Normal kinesis (n=399 segments) 36.8 ± 10.5

Hypokinesis (n=392 segments) 24.1 ± 7.5

Akinesis (n=110 segments) 13.4 ± 4.8

p Value <0.01

Table 2: Results of classification using radial profiles in mid-cavity level in Gray level and

Wavelet domain by the SVM and DL models using LOO patient cross validation

Gray level Wavelet

Classifier Accuracy Sensitivity Specificity Accuracy Sensitivity Specificity

linear 67.63 ± 27.05 86.11 ± 11.19 59.78 ± 32.71 74.32 ± 20.86 71.54 ± 33.10 66.54 ± 24.70

RBF 72.38 ± 25.45 88.88 ± 13.24 69.59 ± 33.78 69.52 ± 23.72 76.08 ± 27.44 68.20 ± 23.77

LC-KSVD 1 70.06 ± 16.54 65.83 ± 23.84 77.46 ± 9.25 82.53 ± 15.53 80.77 ± 23.88 87.16 ± 10.18

LC-KSVD 2 69.44 ± 17.25 65.83 ± 23.84 76.54 ± 9.32 84.07 ± 15.99 80.77 ± 23.88 89.62 ± 8.21

FD-DL 70.38 ± 10.53 69.31 ± 13.84 72.45 ± 12.25 83.97 ± 12.90 78.77 ± 20.81 91.62 ± 4.19

into the ranges, a peak radial strain value can fall in two overlapping zones i.e,

normal kinesis or hypokinesis, thus, we select the range with the mean value

closest to the peak value in study. The process has been established with the

supervision of a cardiologist and the classification has been confirmed and vali-

dated with information obtained in the cine-MRI studies assessed by physicians
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Figure 3: Ground truth for Local LV wall motion in mid-cavity level with the assessment

of STE in the pathological group (left) and Local LV wall motion in the pathological group

obtained by the three discriminative DL techniques for LV wall motion classification (right).

in the medical reports. In these reports visual qualitative scores were available

for those segments with hypokinesis or akinesis. Also, delayed contraction be-

tween segments was observed and interpreted as abnormal regional motion. In

our data, 5 of the 9 pathological patients present akinesis or hypokinesis in all

segments, whereas the other 4 patients present some segments with normal ki-

nesis. We cataloged all the 324 radial spatio-temporal profiles corresponding to

the 9 control subjects as normal, assuming that all of them present normal ki-

nesis. It corresponds to : 9 subjects x 6 anatomical segments x 6 radial profiles,

that corresponds to 324 radial profiles. From the 324 profiles of pathological

subjects we finally have 276 profiles cataloged as abnormal and 48 as normal.

Experiment results are presented in the next sub-section, comparing the results

of classification using the SVM technique with the three proposed approaches

based on discriminative dictionary learning for LV wall motion classification:

the LC-KSVD1, LC-KSVD2 and FD-DL algorithms.

5.3. Experimental protocol

In order to compare the generalization capability of the discriminative DL

techniques to those achieved by the SVM models we have performed a leave-one-

out (LOO) patient cross-validation where in each iteration, radial profiles from

a single patient are used for testing data and profiles from the other patients

are used for training the classifier. All the experiments have been conducted
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using the profiles defined in the image domain as well as the profiles defined in

the Wavelet domain. Then we quantify the results of classification in terms of

accuracy, sensitivity and specificity defined, respectively as:

Accuracy=
TP + TN
P +N

, Sensitivity=
TP
P
, Specificity=

TN
N

where TP denotes true positives (number of correctly classified profiles as abnor-

mal movement), and TN denotes true negatives (number of correctly classified

profiles as normal movement). The total labeled profiles with abnormal and

normal movement are P and N , respectively.

5.4. Classification performance

The classifier performance is assessed with a LOO-patient cross validation

criterium. In this case, the training is performed with the profiles of 17 patients

and profiles from the patients left out are used to test the classifier. LOO-

patient cross validation results of classification in terms of accuracy, sensitivity

and specificity are presented in table 2 in the original (gray levels) and Wavelet

domain respectively. Results are provided by processing a number of 648 (2x324)

radial profiles in the mid-cavity level.

For the discriminative DL classification methods, an initial dictionary with

many atoms as input spatio-temporal profiles for training is used. Similar results

in terms of accuracy are obtained in the gray level domain for both techniques.

However, the Wavelet domain is the space domain where classification is more

accurate i.e., using a linear SVM with an accuracy of 74.32% and using the LC-

KSVD2 with an accuracy of 84.07%. The difference between the two techniques

is more notorious in terms of accuracy and specificity being around 10% and

20% respectively, much higher in the DL models than those obtained with SVM.

LOO-patient cross validation give us a meaningful interpretation of results

inasmuch we can obtain information per anatomical segment and subjects. For

this purpose, results are presented in parametric images known as bull-eyes (only

in the mid-ventricular slice level) where segment colors are determined using

the majority voting rule on radial profiles per anatomical segment. Specifically,
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if more than a half of the 6 profiles examined in one anatomical segment is

classified as normal, then, orange color is assigned to that segment. Red color

is assigned to one segment if more than one half of the profiles is classified

as abnormal. If exactly one half of the profiles is classified as normal and

the other half as abnormal then a decision can not be taken. Figure 3-left

shows the bull-eyes of the reference truth with the assessment of STE for the

9 pathological patients whereas Fig. 3-right, shows the bull-eyes obtained using

the discriminative DL techniques that, after the majority vote strategy, have

provided the same results for the three algorithms: LC-KSVD1, LC-KSVD2

and FD-DL. This is explained by the similarity of results in terms of sensitivity

and specificity observed for the 3 DL techniques.

As we can see in Fig. 3-right, the discriminative DL algorithms are able to

detect the normal regions in patients G1(3), G2(4) and G2(6) and fail in the

identification of normal/abnormal wall motion in only one segment in the patient

G1(2) (one false negative) and in two segments in the patient G2(5) (one false

negative and one false positive). For the other patients all the segments have

been well identified. The best LOO results using SVM reported in (Mantilla

et al., 2015) have been obtained using a linear kernel. By using the bull eye

representation, this technique is unable to make a decision in one segment in

patients G2(2), G2(5) and G2(6) failing in the classification of normal wall

motion in one segment in patient G2(6). It should be noted that the SVM

models report low values of specificity resulting in the misclassification of several

segments in normal subjects. Opposite to SVM methods, the discriminative DL

models achieve high values of specificity leading to an accurate classification for

all segments in the normal subjects.

Experiments have been performed on a PC with a 2.50GHz Intel(R) Xeon(R)

processor. Computational times shown in table 3 are calculated using the op-

timal parameters for each algorithm and averaging over 50 trials. As we can

see, SVM and LC-KSVD techniques employ less than 0.1 seconds for testing

whereas FD-DL employs about 1.2 seconds which is considered acceptable for

the application in study. FD-DL employs more computational time for training
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than the other algorithms but it remains still fast.

Table 3: Time employed by the classification techniques in the Wavelet domain

Learning Time (sec) Testing time (sec)

SVM LINEAR 1.090 ± 0.155 0.004 ± 0.001

SVM RBF 1.041 ± 0.182 0.030 ± 0.004

LC-KSVD 1 7.360 ± 0.110 0.051 ± 0.034

LC-KSVD 2 7.340 ± 0.100 0.049 ± 0.001

FD-DL 51.170 ± 2.610 1.170 ± 0.420

5.5. Robustness study

To evaluate the generalization capability of the proposed approach, we take

several subsets of samples from the original database. Each subset is composed

of training and testing groups. Most specifically, we take randomly 75% of the

radial spatio-temporal profiles cataloged as abnormal to conform one half of the

training group. The other half has the same number taken randomly from the

group of normal profiles. This is, an initial dictionary is composed of 414 profiles

where 207 correspond to abnormal profiles (75% of the 267 abnormal profiles)

and 207 to normal profiles. The rest of profiles (234 profiles, 168 normal and

66 abnormal) that are not taken in the training stage are selected to test the

methods. We repeat this procedure during 50 iterations. Then, we calculate

the average classification accuracy of the LC-KSVD and FD-DL algorithms by

reducing the number of atoms in the initial dictionary. Figure 4 shows the effect

of varying the dictionary size in the Wavelet domain for K = 5%, 10%, 25%,

50%, 75%, 90% and 100% of the original number of atoms in the dictionary

for the three discriminative DL algorithms. In this figure, we can see that

LC-KSVD2 maintains higher classification accuracy compared to LC-KSVD1,

highlighting the importance of the classification error term (‖H −WX‖22) in

the objective function of the discriminative DL model. FD-DL maintains a

similar behavior as the LC-KSVD2 algorithm. Note that LC-KSVD1 is very
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sensitive to the dictionary size. We have also evaluated the complexity of the

Figure 4: Accuracy of classification of the LC-KSVD and FD-DL algorithms varying the

number of dictionary atoms.

classification methods in terms of sparsity. Since LC-KSVD algorithms use a

`0-pseudo norm that counts the number of non-zero elements of X, the sparsity

constraint T can be selected as a measure of complexity in this case. We have

evaluated the accuracy of the LC-KSVD algorithms for different values of the

sparsity constraint T .

As results, both LC-KSVD1 and LC-KSVD2 algorithms, achieve a high clas-

sification accuracy when T is reduced, with an optimal value corresponding to

10% of sparsity. The FD-DL algorithm was evaluated in terms of `1-norm vary-

ing λ1 that is the regularization parameter whose value governs the sparsity of

the solution. The FD-DL algorithm achieves a high classification accuracy when

the sparsity constraint is low, i.e., λ1 ≤ 0.05.

The regularization parameters for the machine learning techniques were

tuned by heuristic search. Specifically for the linear SVM, the regularization

constant (C) was varied in [10−4, 10−3, 10−2, 10−1, 100, 101, 102, 103, 104] and

for the SVM RBF (σ) was varied in [0.01, 0.1, 1, 10, 100]. For the LC-KSVD

algorithms, the weight for the label constraint term (α) and the weight for the

classification error term (β) were tuned by heuristic search in a mesh grid from

1 to 100 with a step of 1 unit. For FD-DL, the regularization parameters (λ1)

and (λ2) were tuned by searching in a mesh grid from 0.01 to 10 with a step
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of 0.01. This process was used for both features, in the original (image) and

Wavelet domains. As results, the parameters of the machine learning techniques

found as the optimal ones using 5 fold cross-validation were: for Linear SVM,

C = 100; for RBF SVM, C = 100 and σ = 1. For LC-KSVD1: α = 16, for

LC-KSVD2 α = 16 and β = 4, and finally for FD-DL: λ1 = 0.05 and λ2 = 0.5.

6. Discussion

Discriminative DL techniques outperform SVM models in terms of accuracy,

sensitivity and specificity. The three discriminative DL techniques demand more

computational time in training and testing stages than SVM, particularly the

FD-DL technique. Furthermore, the difference in training and testing times

between SVM and LC-KSVD techniques is very low (approximately 6 secs for

training and 0.02 for testing).

The complexity of the LC-KSVD techniques in terms of sparsity can be

compared with the sparseness of the SVM models. The sparseness in SVMs is

measured by the number of support vectors (SV) found by the trained model.

On average, the linear SVM model found 243 and 248 SVs in gray level and

Wavelet domains, respectively. The RBF model found 301 and 286 SVs in the

respective domains, more than 50% of the input vectors in both cases. The

LC-KSVD algorithms achieve a high classification accuracy when T is reduced

almost to a value of approximately 15% of the initial input atoms in the dic-

tionary, reducing the complexity compared to the number of SVs in the SVM

models. This performance is maintained even when the number of atoms is

reduced in the initial dictionary e.g., by the LC-KSVD2 algorithm. Globally, in

view of the results obtained, the LC-KSVD2 technique is the best compromise

in terms of accuracy, sensitivity, specificity, and robustness as well as computa-

tional time i.e., in the Wavelet domain.

Related works to the assessment of LV motion in cardiac MRI based on clas-

sification techniques are summarized in Table IV. As the proposed method has

been evaluated for results obtained in mid-cavity, this table represents obtained
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results for this level, except for (Lu et al., 2009) that shows results only for basal

slice. The degree of user interaction and the number of processed cases are also

summarized.

Table 4: Comparisons of accuracy of the proposed methods with existing methods of regional

LV motion classification in the mid-cavity slice

Method Accuracy Patients User interaction

Proposed FD-DL 83.97 18 5 points (1 phase)

Proposed LC-KSVD1 84.07 18 5 points (1 phase)

Proposed LC-KSVD2 82.53 18 5 points (1 phase)

Proposed SVM Linear 74.32 18 5 points (1 phase)

Proposed SVM RBF 69.52 18 5 points (1 phase)

Afshin (Afshin et al., 2014) 85.72 58 Myo seg (1 phase)

Punithakumar (Punithakumar et al., 2013) 89.40 58 Myo seg (1 phase)

Suinesaputra (Suinesiaputra et al., 2009) (WT) 89.63 89 Myo seg (2 phases)

Suinesaputra (Suinesiaputra et al., 2009) (VWMS) 67.41 89 Myo seg (2 phases)

Lu (Lu et al., 2009) - (Basal) 86.30 17 Myo seg (N phases)

Myo seg = Manual myocardium segmentation

In these methods, the evaluation was performed by expert visual assess-

ment. For instance, in (Lu et al., 2009) 12 of 17 patients where identified with

regional abnormal wall motion for the basal slice by expert visual assessment.

This method used a feature extraction procedure based on spatial profiles ex-

tracted in each frame of the cardiac cycle. The spatial profile was represented

in polar coordinates by using concatenation of the gray levels of lines from the

centroid to the epicardial contour previously delineated by the user. Valida-

tion was performed using an intracorrelation segment criteria. In (Afshin et al.,

2014), each myocardial segment was marked following a binary score, either

normal or abnormal. Starting with the delineation of the endo- and epicardial
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boundaries at the first frame, the method used the Bhattacharyya measure of

similarity as a statistical feature related to the proportion of blood within each

segment characterizing segmental contraction. The local ground truth (per seg-

ment) was built by three experienced radiologists, each of whom annotated a

different portion of the data set. Among the 928 segments identified in this

study, 579 segments were marked as normal and 349 as abnormal. Results were

reported using a leave-onethrid- subject-out validation criteria. In (Punithaku-

mar et al., 2013), among the 480 myocardial segments identified in the study

population, 389 segments were marked as normal and 91 as abnormal by expert

visual assessment. Given the initial segmentation on the first frame, a nonrigid

registration method was used to obtain sequence of points over time. From the

obtained model, the Shannon differential entropy of normalized radial distance,

radial velocity, segment area, segment arc length and wall thickness were evalu-

ated for each myocardial segment. Results were reported using a leave-one-out

subject validation criteria and a naive Bayesian classifier. Visual wall motion

scoring for the patient group in (Suinesiaputra et al., 2009) was performed for

each segment by an experienced cardiologist on a five-point scale: normoki-

netic, mid-hypokinetic, severe-hypokinetic, akinetic, and dyskinetic. Epi- and

endocardial contours were manually drawn by an expert in the end-diastole and

end-systole phases from basal, midventricular and apical levels. Results were

reported using ROCs curves.

In our proposed method, a quantitative evaluation has been performed by

taking information of local radial strain provided by 2D-Speckle tracking Echocar-

diography to label each LV anatomical segment. This process has been con-

trolled by a cardiologist and the classification has been compared and vali-

dated with information obtained by physicians in cine-MRI. Validation was

performed using both leave-one-out and random subsampling cross-validation

criteria. About user interaction, in our method, only 5 manual mouse clicks

are used in the first frame of the cardiac study, while other approaches seem to

demand more user assistance to delineate endo and/or epicardial boundaries at

least in the first frame for some methods or in all the frames for others. Only
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the methods in (Afshin et al., 2014) and (Punithakumar et al., 2013) report

computational times with 0.15 and 62 secs respectively. Comparative results in

Table 4 show that the proposed method can yield a competitive performance

while reducing the complexity and user interaction.

7. Conclusions

We have presented a new solution for local LV wall motion classification

that combines: 1) a spatio-temporal feature extraction method without the

need of segmentation of LV boundaries, that exploits all the information of the

cardiac cycle and inherently dispose discriminatory information for cardiac mo-

tion characterization, with 2) discriminative DL techniques that achieve high

capacity of generalization. To our knowledge, this is the first time that Dictio-

nary Learning techniques based on Sparse Representation have been applied for

Left Ventricle motion classification. Experiments have been performed, in the

mid-cavity slice from short-axis cine-MRI. Three discriminative DL methods

(LC-KSVD1, LC-KSVD2 and FD-DL) have been used and validated with infor-

mation from 108 anatomical segments in a set of 18 subjects (9 patients with car-

diac dyssynchrony and abnormal motion and 9 healthy subjects) from which 648

spatio-temporal profiles were extracted. Assessment of these profiles have been

performed with the quantitative analysis of radial strain curves obtained from

2D STE and confirmed and validated with information of cine-MRI assessed

by specialists in medical reports. DL methods have been compared with SVM

models using profiles in the gray level and Wavelet domains. The best results in

accuracy, sensitivity and specificity have been obtained by the DL techniques in

the Wavelet domain. Local results in the mid-cavity plane have been presented

in parametric images known as bull-eyes in anatomical segments of the LV ac-

cording to the AHA 17 myocardial segments (only in the mid-cavity level). The

complexity of the classification techniques has been compared in terms of sparse-

ness for the SVMs and of sparsity constraint for the discriminative DL methods.

The methods have been also compared in terms of computational times. We
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have confirmed the use of discriminative dictionaries as an original and use-

ful approach for the classification of normal/abnormal LV wall motion. About

these approaches, We can conclude that LC-KSVD2 algorithm achieves the best

compromise in accuracy (84.07%), complexity and computational times for the

classification of radial spatio-temporal profiles. The performance achieved with

a detailed analysis involving the proposed feature extraction method and differ-

ent classifiers are important contributions for specialists interested in the study

of cardiac assessment and for MRI image processing researchers, which aim to

develop clinically applicable computational techniques.

By comparison with other types of recent methods, we have shown that the

proposed method offers a good compromise between performance, user interac-

tion, time computing and complexity. Along with effective applications in image

processing in other fields published in the literature, dictionary learning in this

paper has demonstrated its robustness in handling a complex study in cardiac

MRI imaging, specifically in motion classification. This implies that the pro-

posed approach can be implemented in real practice for analyzing MRI images,

which have many useful medical applications such as diagnosis and follow-up of

diseases related to heart failure.

The proposed approach shows promising results and presents several re-

search directions for future work. For example, performance of classification

of LV wall motion could potentially be improved by an expert system for au-

tomatic location of the anatomical landmark between the LV and the RV. In

fact, results have shown that the classification performance has been generally

improved using the different classifiers with the manual tracking of the anterior

intersection between the two ventricles. The method could also be improved

with an extensively validation by using more patients. We have performed a

binary classification between normal/abnormal LV motion based on the spatio-

temporal representations extracted in anatomical segments. This classification

could be extended to a multiclass classification system into one of four classes:

normal, hypokinetic, akinetic and dyskinetic LV wall motion. This work that

is focused on LV wall motion characterization is planned to be extended for
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characterization of cardiac dyssynchrony by considering additional parameters

that could be also incorporated as input atoms in the DL-based classification

methods. These parameters could include information from global functional

indexes (like time-volume curves, ejection fraction, stroke volume) as well as

regional anatomical and functional parameters like thickening and mechanical

delays. Furthermore, this work could be extended for a new precise classification

according to subgroups in Heart Failure pathologies, such as, the classification

of responders or non-responders patients in the context of Cardiac Resynchro-

nization Therapy. Further research could be the application of this work for the

characterization of different cardiac pathologies and in other cardiac imaging

modalities.
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