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Abstract—Cardiac resynchronization therapy is an established
treatment in patients with symptomatic heart failure and intra-
ventricular conduction delay. Electrical dyssynchrony is typically
adopted to represent myocardial activation dyssynchrony, which
should be compensated by cardiac resynchronization therapy. One
third of the patients, however, does not respond to the therapy.
Therefore, imaging modalities aimed at the mechanical dyssyn-
chrony estimation have been recently proposed to improve patient
selection criteria. This paper presents a novel fully automated
method for regional mechanical left ventricular dyssynchrony
quantification in short-axis magnetic resonance imaging. The
endocardial movement is described by time-displacement curves
with respect to an automatically determined reference point.
Different methods are proposed for time-displacement curve
analysis aimed at the regional contraction timing estimation.
These methods were evaluated in two groups of subjects with
(nine patients) and without (six patients) left bundle branch block.
The contraction timing standard deviation showed a significant
increase for left bundle branch block patients with all the methods.
A novel method based on phase spectrum analysis may be how-
ever preferred due to a better specificity (99.7%) and sensitivity
(99.0%). In conclusion, this method provides a valuable prog-
nostic indicator for heart failure patients with dyssynchronous
ventricular contraction and it opens new possibilities for regional
timing analysis.

Index Terms—Biomedical measurement, cardiology, magnetic
resonance imaging (MRI), medical image processing.

I. INTRODUCTION

I N THE UNITED STATES alone, there are about five million
chronic heart failure (CHF) patients, with an incidence of

about half million new cases a year [1]. Approximately one third
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of the CHF population suffers from conduction system disease,
i.e., the electrical depolarization signal that induces the muscle
contraction is not properly conducted over the myocardium [2].
This is typically characterized by a prolongation of the QRS
complex (corresponding to the ventricular depolarization) in the
electrocardiographic measurement [3].

If the conduction system functions properly, the myocardium
thickens and moves coherently inward during contraction (sys-
tole). If a conductive block is present, the electrical activation
time of the ventricular segments becomes more differentiated,
leading to dyssynchronous mechanical movements [4]. The
major effects of a dyssynchronous contraction consist of a
reduction of cardiac efficiency and ejection fraction, leading to
a progressive left ventricle (LV) dilatation and deterioration of
the LV function [5]–[8].

Recently, cardiac resynchronization therapy (CRT) has
become an additional established therapy for patients with
symptomatic heart failure and prolonged QRS duration. Large
multicenter trials have shown that CRT improves symptoms,
LV function, and prolongs survival [7], [9], [10]. Nevertheless,
not all patients respond to CRT. Symptomatic improvement is
achieved in approximately 70% of patients while LV reverse
remodeling [11] is appreciated in slightly more than 50% of
patients. In order to explain the lack of response, attention has
been given to inappropriate patient selection and, in particular,
to the predictive value of the QRS duration [12]–[18].

Initially, the electrical dyssynchrony was considered repre-
sentative for the LV mechanical dyssynchrony. However, the
poor predictive value of QRS duration to select CRT respon-
ders and several studies on mechanical dyssynchrony suggest
that mechanical dyssynchrony is a better predictor for CRT re-
sponse than electrical dyssynchrony [19]–[21]. In addition, pa-
tients with a normal QRS duration can also have mechanical
dyssynchrony [17].

Mechanical dyssynchrony can be assessed using imaging
modalities based on magnetic resonance imaging (MRI) or
ultrasound echo-Doppler. In general, myocardial velocity
timing can be evaluated by ultrasound tissue Doppler imaging
(TDI) [16], [20], [22] and myocardial strain timing can be
evaluated by MRI tagging [23], [24]. However, TDI is limited
by the acoustic windows through the ribs and the anisotropic
sensitivity of the method (Doppler frequency shifts only occur
for longitudinal motion), while MRI tagging requires extensive
computation and shows a low sensitivity for reduced wall thick-
ening (hypokinetic ventricle). All these methods, moreover,
estimate the contraction timing based on one single moment of
the cardiac cycle, e.g., the end systolic time.

0018-9294/$25.00 © 2008 IEEE
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Due to the limited means to study the mechanical syn-
chronicity of the myocardial movement, other alternative
medical imaging methods have been recently proposed in the
literature. They make use of endocardial segmentation and
tracking to derive novel prognostic parameters for dyssyn-
chrony evaluation [25], [26]. However, these methods are
still under development and a gold standard for dyssynchrony
quantification, apart from the QRS prolongation, does not exist.

When endocardial wall tracking techniques are employed for
synchronicity measurements, a fundamental issue is the relia-
bility of the LV segmentation. Today, robust and accurate seg-
mentation remains complicated to achieve. As a result, in clin-
ical practice, the segmentation procedure is usually performed
manually by cardiologists or radiologists.

In this paper, we present a new method for regional dyssyn-
chrony quantification that is fully automatic, limiting the user
dependency of the measurement to the image acquisition. The
need for a robust segmentation has directed our preference to
the use of MRI, since magnetic resonance images show a high
contrast along the endocardial contour. Despite its 3-D nature,
the ventricular motion can be also studied in a 2-D short-axis or
long-axis view [26]–[28]. In particular, a short-axis basal view
permits to assess the synchronicity of the basal segments, which
is reported to be of prognostic value for CRT evaluation [15],
[19]. This allows reducing the diagnostic system complexity
from three to two dimensions.

Several options are available from the literature for the de-
tection (segmentation) of the endocardial contour [29], ranging
from morphologic segmentation [30] to the use of active appear-
ance models [31]–[33], active contour models [34], and level
set methods [35]. The initialization of the segmentation process,
however, usually requires the manual input of landmarks or even
the manual definition of a “first guess” contour.

In this study, we propose a development of the algorithm pre-
sented in [36]. This method, first applied in the context of the
indicator dilution analysis for the definition of an optimal region
of interest (ROI), showed sufficient accuracy to be extended
to other applications. The choice for this method is motivated
by its radial structure, especially suitable for the detection of a
convex contour, such as the endocardium in a short-axis view
(see Fig. 1). Unlike methods using explicit model parametriza-
tion for the contour detection, this method is more general, due
to the absence of a contour descriptor (model).

The method in [36] detects the endocardium along a beam of
rays originating in the ventricular center, referred to as a seed
point. The seed point position is manually defined by the user.
The reduction of the contour detection to a monodimensional
problem decreases the computational complexity of the algo-
rithm. A monodimensional high-pass filter operates on the in-
tensity (gray levels) profile along the rays. A boundary point is
defined as the location where the output of this filter surpasses a
determined threshold. The threshold is determined on the basis
of the image histogram.

Here, we propose two major improvements to the segmen-
tation algorithm in the initialization and the contour-detection
phase.

• The initialization is fully automated by addition of a pre-
processing stage, where the location of the LV is automat-

Fig. 1. Short-axis basal view of the left ventricle. (a) The region of interest in
the motion image (b) used for detecting and tracking the endocardium is cir-
cumscribed by inner and outer bounds on a beam of rays originating in the ven-
tricular center, i.e., the seed point. The number of displayed rays is limited to
eight for illustrative purposes. The papillary muscles are dark structures inside
the detected and tracked contour.

ically detected. As a result, the seed point is also automat-
ically determined and the segmentation, in contrast to sev-
eral published methods, is not based on the manual input of
landmarks [29], [32]. The LV is recognized in the adopted
short-axis view as the structure with the maximum concen-
tric movement of its contour during one cardiac cycle.

• The critical need for the determination of a threshold is
avoided by integrating and optimizing the algorithm re-
ported in [37], which is based on multiscale and fuzzy logic
analysis. This leads to an accurate localization of the endo-
cardial boundary in a noisy image without the need for the
determination of an appropriate threshold [38], which is a
critical issue for several segmentation algorithms.

The feasibility of the proposed fully automated segmentation
method was tested on MRI scans of subjects with and without
left bundle branch block (LBBB) in the conduction system. The
segmentation accuracy was validated against manual segmenta-
tion with satisfactory results.

In this study, segmentation is an essential tool, but it is not
the core of the analysis. Once the endocardial contour and seed
point are automatically determined, time-displacement curves
(TDCs) are derived and used to describe the regional motion of
the endocardial segments with respect to the seed point. Rather
than limiting the analysis to one moment in the cardiac cycle,
e.g., the systole [15], [25], we also propose methods that use
the entire cardiac cycle to establish the mutual mechanical time
delays between the ventricular basal segments.

A method that was presented in the literature for contraction
dyssynchrony assessment based on the analysis of the complete
cardiac cycle assumes the TDC to be characterized by a sinu-
soidal function [26], [28], [39]. Under this assumption, the mu-
tual delay between two TDCs can be derived from their inner
product. This approach can be, therefore, adapted to calculate
the delays along the entire endocardial contour in the adopted
basal view.

In order to avoid the assumption of sinusoidal TDCs, which
is not always realistic, here we also propose and test a cross-
correlation method for the dyssynchrony assessment based on
TDC analysis. The cross-correlation maximum defines the re-
gional contraction timing. This approach enables integration of
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Fig. 2. General scheme of the algorithm for dyssynchrony analysis. After preprocessing the acquired MRI cine, a region of interest based on the analysis of moving
strictures is defined and used for the LV endocardium tracking. The resulting spatio–temporal information is then used to assess the intraventricular dyssynchrony.

a dynamic window in the cross-correlation analysis for the ex-
traction of coherent contraction timings. As a result, only ac-
tive septal movements are processed, while passive paradoxical
movements of the septum are excluded [40], [41].

Despite the use of fast MRI pulse sequences, the time resolu-
tion of the system for timing measurements is limited. Since the
TDCs are delayed versions of approximately the same curve,
the time resolution limitation can be solved by determining and
processing the phase-difference spectrum of the curves [42].

The developed synchronicity analysis methods were vali-
dated on two groups of patients with and without LBBB. The
cross-correlation and phase difference methods were tested
on the two groups of patients together with the inner product
and systolic time method, also applied along the endocardial
contour in the adopted basal short-axis view.

II. METHODOLOGY

This section reports the steps of the proposed algorithm,
which, as shown in Fig. 2, can be defined as follows.

• MRI cine acquisition of a basal short-axis view and pre-
processing to improve image quality (Section II-A).

• Automatic definition of an ROI around the endocardium
to reduce the image segmentation area and improve
the robustness of the following endocardium detection
(Section II-B). The ROI definition is based on motion
analysis and does not require any user interaction.

• Endocardium detection and tracking based on a radial filter
centered in the ROI (Section II-C). The filter is an improve-
ment of that proposed in [36] by integration of multiscale
analysis, so that no threshold definition is required.

• Intraventricular synchronicity estimation based on the
analysis of the endocardial movement along the radial
filter rays (Section II-D). Four different algorithms are
implemented and tested for the regional contraction timing
analysis and the derivation of a synchronicity indicator.

A. MRI Cine Acquisition and Regularization

The MRI cines for the synchronicity analysis were acquired
at high temporal resolution (one hundredth of the cardiac pe-
riod) on a 1.5-T MRI scanner (Gyroscan Intera, Philips Medical
Systems, Best, The Netherlands) equipped with a five-element
phased array coil. The pulse sequence was a segmented bal-
anced steady-state free precession (SSFP) with a 70 flip angle
and the shortest TR and TE (3.6 and 1.8 ms, respectively). For

parallel imaging, sensitivity encoding (SENSE) reconstruction
algorithm was used [43]. Breath hold was used to avoid mo-
tion artifacts. The MRI pulse sequence was synchronized with
the cardiac cycle by vectorcardiographic (VCG) triggering. The
MRI cine covered one complete cardiac cycle. Slices of 8 mm
were acquired with an image resolution of 2.2 mm. The gener-
ated output images were reconstructed on a 256 256 matrix.

The LV was recorded in seven to twelve slices by scanning
from base to apex along the LV long axis. According to TDI
findings, a basal slice is suitable for the synchronicity anal-
ysis [15], [19]. Going from base to apex, the first slice that did
not show the mitral valve structures was chosen for the syn-
chronicity analysis. The selected slice shows a bright blood pool
surrounded by darker endocardial tissue and, depending on the
slice level, the structures of the papillary muscles (see Fig. 1).

The MRI cines were exported in digital imaging and com-
munications in medicine (DICOM) format and converted into
tagged image file format (TIFF) before the analysis, which was
implemented in LabView® (National Instruments, Austin, TX)
and Matlab® (The MathWorks, Natick, MA) software.

The resulting MRI cines are affected by two main noise
sources: flow artifacts and thermal noise. Both sources cause
local intensity fluctuations affecting the segmentation process
and, therefore, they should be regularized. A combination of
grayscale morphology closing and opening operators with a
square kernel of nine spatial elements (pixels) provides an effi-
cient regularization, proven to be more efficient than standard
median filtering for the following segmentation [44]. If and

define the opening and closing operators, and defines the
pixel gray level at the center of the operator kernel, the imple-
mented filter, also referred to as automedian filter, determines
the new value of as .
The combination of these complementary nonlinear filters
prevents the boundary blurring observed with standard linear
low-pass filters for noise suppression.

B. Definition of the Region of Interest

The tissue structures inside the LV cavity, such as the pap-
illary muscles and the chordae tendineae, as well as the turbu-
lent blood flow, produce intensity fluctuations in the images that
may complicate the endocardial segmentation. A more robust
segmentation can be obtained if a small ROI is determined that
contains the endocardial boundary. This ROI can be made of
two closed curves that contain the range of motion of the endo-
cardium during the entire cardiac cycle (see Fig. 1). Here, we
propose a fully automatic approach for the ROI determination.
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Fig. 3. Inner and outer contours for the ROI definition before and after outlier correction.

If a single frame of the cine is considered, an automatic def-
inition of the ROI that determines the LV endocardium is com-
plicated by the number of structures in the image that present
similar features. The use of temporal information (dynamic fea-
tures), instead, may provide sufficient information for the ROI
definition. In particular, the myocardium (and, therefore, the en-
docardium) distinguishes itself from the other structures in the
thorax because of its motion, which results in time-varying gray
levels near the boundary between the blood pool and the endo-
cardium. We define as the time-dependent intensity
signal at the spatial (pixel) coordinates .

In the literature, several algorithms are presented that derive
parametric images from a model interpolation of gray-level vari-
ations [45]. However, our aim is the determination of the move-
ment locations for the LV ROI definition, which is a prepro-
cessing step to automate the initialization of the synchronicity
analysis. In fact, the motion in the cine can also be estimated
without a parametrization of . It can be based on the
enhancement of the locations with large gray-level variations
(motion energy). To this end, we estimate the variance
of as

(1)

where and are the signal duration (cardiac period) and av-
erage intensity, respectively.

The values of can be used to construct an image
whose histogram is analyzed to calculate a threshold for the sep-
aration between moving and nonmoving structures. A binary
image, referred to as motion image, is therefore generated by
applying the threshold proposed by Otsu [46] [see Fig. 1(a)].

The resulting motion image is characterized by a circular
shape in the foreground, which is due to the approximately con-
centric movement of the myocardium. However, the foreground
in the motion image can be fragmented, making the recogni-
tion of the complete endocardial ROI difficult. This recognition
must be, therefore, performed by a dedicated image analysis.
The Hough transform (HT) is a suitable tool for detecting curves
in an image [47], and it was already proposed for the recogni-
tion of endocardial structures [39], [48]. Basically, the HT is a
method that tests the foreground pixels against the equation de-
scribing the investigated curve. The equation of a circle is given

as . In this case, the HT assigns
a value (vote) to every vector . This vote depends on
the number of foreground pixels that are intersected by the circle
described by the vector .

In general, the center of the circle with the highest
vote corresponds to the center of the concentric motion (seed
point) and its radius corresponds to the average distance be-
tween the endocardium and the center of motion. Many different
implementations exist that solve and . We have chosen
to employ the 21-HT, since it is an efficient implementation [49].
A drawback of the 21-HT is a bias for large circles, as the result
depends on the circumference [49]. However, a simple normal-
ization of the results using the circle radius can overcome this
problem [50].

The seed point with the largest vote is used to proceed with the
ROI definition based on the a priori knowledge about the struc-
tures that are present in the image. The endocardial contour (and
its motion) in a short-axis view has a smooth convex shape. This
characteristic of continuity can be used as a condition to improve
the ROI definition. The inner and outer points of the foreground
structure are determined along a beam of rays originating from

and spanning the entire circle with a resolution of 5 .
The two curves defining the ROI can be described in polar co-
ordinates as shown in Fig. 3. They are, respectively, referred to
as and . The continuity condition corresponds to a
smooth polar derivative of both and .

Although the seed point is always inside the detected
boundary curves, the magnitude of the polar derivative
varies from zero if the seed point is not positioned in the center
of the circular boundaries. Given a circle of radius , the
largest absolute value of the polar derivative is
obtained when the seed point is displaced by a distance
from the original center (worst condition), i.e., it overlaps
the circumference. In this case, it can be easily proven that

. For a discrete radial sampling of resolution
, the resulting polar derivative boundaries are given as

(2)

For equal to 5 , pixel/ . In prac-
tice, is estimated as , where is the number
of estimated radii along the endocardium. For a correct ROI
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definition, the edge points overtaking this threshold (outliers)
are, therefore, removed. This operation allows discontinuous
structures, such as the papillary muscles, to be excluded from
the following endocardial segmentation. The angle to initialize
the iterative outlier removal process is determined in the polar
plot as the middle of the segment (corresponding to 30 ) that
shows the minimum variance. The outlier removal process is
performed clockwise and counterclockwise until no outliers are
detected.

The curves and are reconstructed by linear in-
terpolation of the remaining points as shown in Fig. 3. The
linear interpolation in the polar domain corresponds to a cir-
cular interpolation in the Cartesian domain, resulting in a better
approximation of the smooth convex shape of the endocardial
movement. The ROI for the following segmentation is then
defined as the radial area denoted by

(3)

Before interpolation, the ROI is slightly expanded to ensure that
the complete endocardium is included during the entire cardiac
cycle. The ROI expansion is performed by a 20% contraction of

and a 20% expansion of .
Eventually, the seed point position is recalculated as the cen-

troid of the internal ROI curve . This new seed point is the
reference for the rest of the analysis.

C. Endocardium Detection and Tracking

The endocardium is tracked within the defined ROI for the en-
tire cine. In general, the endocardial boundary is characterized
by a sharp gray-level drop at the transition between the blood
pool and the myocardium. These transitions produce high fre-
quencies in the frequency spectrum, which can be enhanced by
a monodimensional high-pass filter along the rays originating
from the seed point [36]. However, the edge detection in [36]
needs the definition of a threshold, which remains a critical issue
due to its dependency on the image characteristics. Therefore,
we propose the replacement of the radial filter in [36] by a more
elaborated algorithm, which does not require the definition of a
threshold.

In general, an edge detection high-pass filter must be op-
timized on the basis of the image characteristics, resulting in
a compromise between localization accuracy and noise sensi-
tivity. A flexible compromise, where accurate localization and
noise robustness are combined, can be found using multiscale
analysis. An example is given by the edge detector introduced by
Canny [51], where the signal is filtered by a Gaussian filter be-
fore performing the edge estimation by image gradient analysis.

The standard deviation of the adopted Gaussian filter defines
the different scales. This corresponds to the use of a Gaussian-
derivative mother wavelet with unitary variance for the wavelet
transform of the signal [52]. Variations of the scale parameter ,
i.e., the standard deviation, provides control over the balance
between noise sensitivity and localization accuracy [53]. Be-
fore being used as mother wavelet, the Gaussian derivative is
adjusted, i.e., multiplied by , in order to ensure equal en-
ergy (integral between and of the squared function) at

Fig. 4. Multiscale analysis of a step function u (n� 16) plus Gaussian noise
(SNR = 10 dB). Five light gray curves represent the different scales. The func-
tion �(n) is determined before (dotted black) and after (solid black) weighting
by h(n) (dashed black).

different scales [54]. For each scale , the wavelet trans-
form yields as output

(4)

where and , , are the indices of the pixel location
along a ray (radial distance), is the number of pixels along a
ray, and defines the gray level. Negative values of are
replaced by zero. For a discrete signal of length , the adopted
number of scales is .

Once a multiscale analysis is performed, the edges (with neg-
ative slope) for each scale correspond to the (local) maxima of

along the ray. Without the need for a threshold, the lo-
cation along a ray of the dominant edge, i.e., the endocardium,
can be defined as

(5)

where is defined as the minimal value for all the scales of
the normalized , i.e.,

(6)

The solution in (5) results in an efficient combination of lo-
calization accuracy, provided by the lower scales, and noise ro-
bustness, provided by the higher scales [53].

The robustness of the segmentation algorithm is further im-
proved by exploiting spatial and temporal information. Spatial a
priori information related to the structures that are present in the
images is integrated in the system. In particular, fat tissue sur-
rounding the myocardium results in image edges that are sim-
ilar in structure to the endocardial contour. In order to avoid the
detection of false edges, a linear weighting function

is multiplied by before the calculation of the
maximum, which is performed on . Tem-
poral information relates to the analysis of subsequent frames.
A temporal continuity assumption is integrated in the system
by calculating over the output scales of three subsequent
frames together. Temporal continuity results from the use of
high temporal resolution MRI scans. Fig. 4 shows an example
of multiscale analysis.

Temporal and spatial continuity are again employed to con-
tain possible edge outliers. Low-pass zero-phase finite-impulse
response (FIR) filtering is applied in time and space domain to
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Fig. 5. Example of two dyssynchronous time-displacement curves from the lat-
eral wall (dashed line) and the septum (solid line), respectively. T is the cardiac
period.

smooth the edge variations. The cutoff frequency of the filters
is equal to the fundamental frequency (heart rate) and 7.5% of
the sampling frequency, respectively. Filters of a length of 15
samples were used, which appeared to be sufficient for the re-
alization of the defined specifications. The time domain relates
to the temporal sequence of frames in the MRI cine while the
space domain relates to the edge detections along adjacent rays
in a single frame.

D. Regional Intraventricular Dyssynchrony

The result of the segmentation algorithm is a function ,
which defines the edge distance from the seed point along a
degree ray at the frame . Synchronicity estimations result from
the analysis of the TDCs for different rays. When the
seed point is not completely centered in the middle of the cavity,
the TDCs are projections of the motion along the ray, which are
still suitable for timing analysis. However, the spatial sampling
along the endocardium would not be equally distributed and the
sample location would not be fixed during the cardiac cycle.
This is the main reason to adjust the seed point coordinates as
described at the end of Section II-B.

To improve the accuracy of the analysis, the TDC time resolu-
tion is doubled by linear upsampling (interpolation). The TDC,
as shown in Fig. 5, includes both systole (contraction) and dias-
tole (expansion) and resembles one period of a sinusoidal func-
tion. When no conduction system dysfunction is present, the
ventricle contracts synchronously along its basal segments. As
a result, shows a similar behavior in time for each angle.
When a conduction system block is present, the TDCs for dif-
ferent rays may show long delays.

Some segmentation-based methods for synchronicity evalu-
ation proposed in the literature are based on estimation of the
systolic time [25]. This approach might be more susceptible to
noise as it focuses only on a specific moment of the cardiac
cycle (end systole). The analysis of the complete cardiac cycle
has also been proposed to estimate the intraventricular dyssyn-
chrony [39] as well as to compare lateral to septal contraction
timing [26], [28]. Under the assumption of a sinusoidal TDC,
the mutual phase difference was defined as the arccosine of the
internal product between the lateral and septal TDCs [28]. An-
other approach used the internal product with a reference sine
and cosine curve (one cycle) to derive an absolute phase delay
[26]. These methods are, however, based on the assumption of a

Fig. 6. Regional contraction timings for a subject with (solid) and without
(dashed) LBBB. The angle � determines the radial direction of motion.

sinusoidal TDC and they are, therefore, sensitive to shape vari-
ations of the TDC at different angles. Shape variations are ex-
pected due to contraction differences along the myocardium,
which at different locations do not follow the same dynamics.

For a complete validation of the proposed methods, both the
systolic time and the inner product approaches are adapted and
integrated in our MRI-cine short-axis-view analysis. The sys-
tolic time is defined as the time to the minimum value of the
TDC, i.e., the end-systolic time, while the implemented inner
product between two TDCs corresponding
to the angles and is implemented as

(7)

In this paper we present an alternative approach based on
the cross correlation of all the TDCs with a reference TDC de-
rived from the measured curves. For an accurate measurement,
the reference curve should show large amplitude and signal-to-
noise ratio (SNR). The output of a temporal low-pass filter ap-
plied to is considered as the noise-free signal. There-
fore, the SNR is defined as the ratio between the variance of
the output and of the difference between input and output of
this filter. The TDC amplitude is defined as the variance of the
filter output. Eventually, the reference TDC is determined as
the curve displaying the best amplitude and SNR characteris-
tics. The same reference TDC is also used for the application of
the inner product method in (7).

Once a reference is determined, the regional contraction
timing is defined as the time at which the cross correlation
with the reference curve shows its maximum. The regional
contraction timing is defined for each ray. Typically, 72 rays
are employed to span the entire circle. Fig. 6 shows a regional
contraction timing plot for two subjects with and without an
LBBB. The contraction timing in the presence of an LBBB
shows increased variations.

CHF patients often present a dilated LV, where the septum
thickness and function is significantly reduced. As a result, the
septal movement becomes sensitive to the pressure gradient be-
tween right and left ventricles [40]. This passive pressure-driven
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septal movement is known as paradoxical movement. The septal
TDC ) can be approximated as

(8)

where and are the amplitude of the active and paradoxical
movements, respectively, is the cardiac frequency (heart rate),

is the phase difference between active and paradoxical move-
ments, and is the discrete time. Unfortunately, the phase dif-
ference between the two movements is often close to , making
the separation of the two components impossible.

In order to avoid erroneous timing estimations due to para-
doxical movements, a confidence time window is applied on
the cross-correlation result before the determination of the max-
imum. Maxima outside the window are rejected. The window is
dynamically centered on the time corresponding to the cross-
correlation maximum estimated on the adjacent ray and covers
one quarter of the cardiac period. This ensures cross-correla-
tion maxima due to abrupt timing discontinuities between con-
tiguous rays, e.g., due to contra-phase paradoxical movements,
do not affect the timing measurement. The initialization is per-
formed on the lateral wall segment, where no paradoxical move-
ment is present.

The implemented cross-correlation method has an implicit
limitation: the accuracy of the contraction timing estimates is
limited by the sampling period of the signals. This problem can
be overcome by phase spectrum analysis. If a discrete Fourier
transform of two TDCs and is performed, the
difference of the phase spectra results in an approximate straight
line. This is because and are time translations
of the same curve. If the slope of the phase difference line is
determined, then the delay between and can be
estimated with no time resolution constraints as , where

is the sampling period.
The phase analysis is performed after the cross-correlation re-

alignment. As a result, the phase difference is bounded between
and without involving wraparound of the phase within this

interval due to larger delays. As already discussed, the assump-
tion of a pure temporal translation is not completely fulfilled,
and the phase difference line may show a poor SNR. A least
square error method is, therefore, a suitable solution for the in-
terpolation of the phase difference line, whose slope can
be estimated by a weighted linear regression [42]. The weights
for the linear regression are derived by the analysis of the am-
plitude of the frequency spectrum. They are determined as the
minimum value between the amplitudes of the spectra of the
two time-displacement curves. As a result, the higher energy
components, which typically represent the displacement signal,
contribute more to the estimation of the regression line.

Fig. 7 shows the result of a linear regression to a simulated
phase difference data set with and without weighting function.
One period of a 1-Hz cosine was generated with a sampling fre-
quency of 80 Hz and shifted half sampling period after addition
of white noise (SNR 60 dB). Before applying the linear re-
gression to the phase spectra difference between the two cosines
(plus noise), the same type of noise was again added to the
shifted cosine. The weighted linear regression approximates the
real delay of 6.25 ms with an error of 0.23 ms against 1.5 ms
for the nonweighted linear regression. According to our simu-
lations, a similar improvement is consistent for different noise
sequences.

Fig. 7. Simulation of a linear regression to the phase difference of two cosines
(plus noise) of one period with (solid line) and without (dashed line) weighting
function. One cosine is delayed half sampling period. A better fit for the low
frequencies representing the cosine function is obtained by the weighted linear
regression.

III. RESULTS

Eighteen subjects (11 with and seven without an LBBB) were
tested for quantification of the regional contraction timings in an
MRI short-axis basal view. All the MRI scans were performed
at the Catharina Hospital, Eindhoven, The Netherlands. LBBB
was diagnosed by analysis of the echocardiographic QRS dura-
tion. In three MRI cines (16.7%), the definition of the ROI failed
due to an incorrect motion estimation. These three subjects (two
with LBBB) were excluded from further analysis.

The performance of the proposed segmentation method was
validated on four image frames per cardiac cycle. These images
were selected at each quarter of the cardiac cycle starting with
the first frame of the cine (end diastole). A total number of 60
images were evaluated by measuring the absolute area differ-
ence between manually and automatically delineated endocar-
dial boundaries. The area was defined as the surface that was
delimited by the delineated boundary and the area difference
(absolute area error) was defined as the area that was covered
by only one of the two delineations. The manual segmentation
was taken as the reference method because no gold standard for
segmentation of cardiac images exists. The results are shown in
Fig. 8, also including a Bland–Altman analysis of the absolute
area error as a percentage of the average area estimates (average
between the manual and the automatic estimates) [55]. The av-
erage absolute area error is 9.82% while the corresponding stan-
dard deviation remains less than 3.76%. The correlation co-
efficient between the automatic and manual area estimates is
0.99, and the regression line has an angular coefficient and a
bias equal to 1.009 and 1.3, respectively. These values confirm
the accuracy of the presented segmentation, which is, therefore,
suitable for cardiac function studies and, in particular, for car-
diac synchronicity analysis [36].

The validation of the dyssynchrony analysis was performed
by estimating the standard deviation of the regional contraction
timing assessed by the systolic time, inner product, cross corre-
lation, and phase difference method. These standard deviations
(indicators) were derived for each subject in order to evaluate
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Fig. 8. (a) Bland–Altman plot of the absolute area error between automatic and manual contour segmentation. (b) Automatically estimated areas are plotted
against the manually determined ones. The solid line represents the ideal equality between the estimates. This line almost coincides with the regression line, whose
angular coefficient and bias equal 1.009 and 1.3, respectively.

TABLE I
MEAN AND STANDARD DEVIATION OF THE FOUR INDICATORS

their diagnostic value for LBBB patients. In Table I, the popu-
lation averages and standard deviations for the four indicators
are given. All the values are reported as a fraction of the cardiac
cycle. The values indicate that all the indicators show separable
ranges for either population (with and without LBBB).

The evaluation of a diagnostic method is typically based
on sensitivity and specificity analysis. To this end, a threshold
must be defined that is used to decide whether a patient has
an LBBB. Despite the small statistical samples, we assume
them to be represented by Gaussian distributions defined by
the means and standard deviations in Table I. Inference by
Bayes rule can be used to obtain the posterior class probability
(normals and LBBB) by each of the four methods [56]. If

and represent, respectively, the class of normals and
LBBB patients, the posterior class probability is defined
as , where is the dyssynchrony indicator (i.e., the
measured standard deviation) and . Fig. 9 shows the
posterior class probability for the phase difference
method.

The discrimination boundary between the two classes is de-
fined as the threshold such that

. The thresholds for the systolic time, inner product, cross
correlation, and phase difference method are 0.0592, 0.0720,
0.0602, and 0.0618, respectively. Still under the assumption of
a Gaussian distribution for the two classes, specificity and sen-
sitivity are given as the integralsof between and

and of between and , respectively. The results
for the four methods are summarized in Table II. In addition,
in order to provide a graphical summary of the results, the de-
rived specificity and sensitivity are represented in the receiver
operating characteristic (ROC) space in Fig. 10 together with
the ROC curves for all the four methods [57]. Although all the
methods present satisfactory results, the phase method results

Fig. 9. Probability distribution of the classes of normals [P (xjC )] and LBBB
[P (xjC )] subjects (amplitude normalized to one) together with the posterior
probability P (C jx).

TABLE II
SPECIFICITY AND SENSITIVITY OF THE FOUR INDICATORS

in a better specificity and sensitivity. This can be easily recog-
nized in the ROC space, where the curve related to the phase
difference method shows the largest distance from the line of
no discrimination (dashed line in Fig. 10).

IV. DISCUSSION AND CONCLUSION

A novel method is presented that permits the automatic evalu-
ation of the intraventricular mechanical synchronicity based on
a high time-resolution MRI cine of a short-axis basal view. The
image segmentation is fully automatic and does not require user
interaction for the input of landmarks. The endocardial contour
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Fig. 10. Representation of the specificity and sensitivity of the methods in the
ROC space. From lower to higher, the four ROC curves (solid lines) corre-
spond to the inner product, cross correlation, systolic time, and phase difference
method, respectively. The circles represent the points on the ROC curves cor-
responding to the optimal thresholds. The dashed line represents the line of no
discrimination.

is detected without the need for a threshold by means of mul-
tiscale analysis. The evaluation of the segmentation algorithm
confirmed its usability for contraction timing analysis.

After segmentation, TDCs are defined along 72 rays equally
distributed along the endocardial contour. The analysis of these
curves permits the definition of indicators that may have prog-
nostic value for decision making during CRT. Four algorithms
have been implemented for the curve analysis. They are based,
respectively, on systolic time, inner product, cross correlation,
and phase difference analysis. Validation on 15 patients showed
that all methods are suitable for LBBB detection based on the
standard deviation of the estimated regional contraction timings.
The analysis of the entire cardiac cycle by phase difference anal-
ysis seems, however, to be the most promising in terms of sen-
sitivity and specificity.

The improved results obtained by the phase difference
against the inner product and cross-correlation methods were
expected. Improved performance can be attributed to the in-
correct assumption of a sinusoidal TDC on which the inner
product method is based and the limited time resolution of the
cross-correlation method. Compared to other dyssynchrony
indicators based on a single moment of the cardiac cycle,
the analysis of the complete cardiac cycle represents a valid
alternative, which might also show interesting predictive value
for the selection of CRT responders.

Once all the TDCs are available for all basal segments with a
high spatial resolution, local indicators to guide the CTR could
be defined. When a local analysis is required, the definition of
a reference ray that determines a specific anatomical reference
becomes important. As a result, each ray would determine a spe-
cific part of a basal segment. Although the orientation of the
ventricle in the image can be standardized during MRI acquisi-
tion, the implementation of an automatic routine for an image
orientation control would be desirable. The orientation analysis
could be combined with the determination of the right ventricle,

possibly resulting in new opportunities for interventricular syn-
chronicity analysis based on the extension of the same algo-
rithm.

It is known that the ventricle orientation also varies during
the cardiac cycle, as the ventricular movement comprises a twist
about its long axis. This twist is, however, limited to less than
5 in the basal plane (it increases to more than 10 towards the
apex) [58], and it is, therefore, negligible for the presented basal
synchronicity analysis. Another effect that might, however, af-
fect the measurement is the longitudinal motion of the ventricle
[59]. The effect on the synchronicity analysis of long-axis short-
ening and lengthening should be investigated in future study.
To this end, the analysis should be also extended to the adjacent
MRI short-axis slices. Ventricular translations are negligible due
to the breath-hold MRI acquisition.

In general, the presented validation in patients confirms the
feasibility and potential of the method, but it does not provide
sufficient data to provide clinical indications. The comparison
with other methods must be certainly extended to a larger
population. The extension of the validation could also include
other imaging techniques, such as computed tomography.
Echography could be also considered; however, despite a high
temporal resolution, accurate image segmentation and timing
assessment could be more difficult to achieve due to the low
SNR of echographic images and to motion artifacts, respec-
tively.

Although a more extensive validation is needed, the obtained
results suggest that the cardiac synchronicity can be simply eval-
uated by image segmentation on a short-axis view. The pro-
posed mechanical synchronicity analysis might, therefore, pro-
vide a simple solution to some of the limitations of electrocar-
diogram (ECG)-based indicators.
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