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2.1 INTRODUCTION 

Magnetic resonance imaging (MRI) has become an indispensable imaging 
modality for the evaluation of the cardiac system. MRI stand outs as is 
provides unique capabilities for studying many aspects of cardiac anatomy, 
function, perfusion and viability in a single imaging session. Volumetric 
measurement of the ventricular cavities and myocardium can be performed 
at high accuracy and precision as have been demonstrated in many 
experimental and clinical research studies. The 3D-nature of cardiovascular 
MRI also provides detailed information of the cardiac system at a regional 
level. Among others, regional end-diastolic wall thickness and systolic wall 
thickening provide useful information for the assessment of the location, 
extent and severity of ventricular abnormalities in ischemic heart disease. 
MRI can also be used to study blood flow and myocardial perfusion. 
Velocity-encoded cine MRI (VEC-MRI) is often utilized for the quantification 
of blood flow through the aortic and pulmonary valves and atrio-ventricular 
valve planes, which has shown to be clinically valuable in the evaluation of 
patients with complex congenital heart disease. 
 Typical cardiac MRI examinations generate large data sets of images. 
To optimally and efficiently extract the relevant clinical information from 
these data sets dedicated software solutions featuring automated image 
segmentation and optimal quantification and visualization methods are 
needed. Quantitative image analysis requires the definition of contours 
describing the inner and outer boundaries of the ventricles, which is a 
laborious and tedious task when based on manual contour tracing. Reliable 
automated or semi-automated image analysis software would be required 
to overcome these limitations. This paper focuses on the state-of-the-art 
post-processing techniques for the quantitative assessment of global and 
regional ventricular function from cardiac MRI. 

2.2 QUANTIFICATION OF VENTRICULAR DIMENSIONS AND GLOBAL FUNCTION 

2.2.1 Accuracy and reproducibility of volumetric measurements from multi-
slice short-axis acquisitions 

MRI allows imaging of anatomical objects in multiple parallel sections, 
enabling volumetric measurements using the Simpson’s rule. According to 
this Simpson’s rule the volume of an object can be estimated by 
summation of the cross-sectional area’s in each section multiplied by the 
section thickness. When there is a gap in between slices this must be 
corrected for and the formula for volume becomes:  
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V =  {Areai * (Thickness + Gap)},  
 
where V is the volume of the 3D object and Areai the area of the cross-
section in section number i. 
 

 

Figure 2-1 Schematic representation of a left ventricular geometry intersected by 
multiple parallel short-axis sections. Given the same section thickness and 
intersection gap both over- and underestimation of left ventricular volume may occur 
dependent on the position of the left ventricle with respect to the imaging slices. In 
situation a) the most basal slice will be included in the volumetric assessment, while 
in b), the most basal slice will not be taken into account since it intersect by less than 
50% with the left ventricular myocardium.  

 
While MRI is capable of directly acquiring images in any orientation, the 
short-axis orientation is the most commonly applied image orientation for 
the assessment of left ventricular chamber size and mass. The short-axis 
orientation has advantages over other slice orientations since it yields 
cross-sectional slices almost perpendicular to the myocardium for the 
largest part of the left ventricle1. This results in minimal partial volume 
effect at the myocardial boundaries and subsequently provides optimal 
depiction of the myocardial boundaries. However, the curvature of the left 
ventricle at the apical level leads to significant partial volume averaging. 
The image voxels in this area simultaneously intersect with blood and 
myocardium yielding indistinct myocardial boundaries. By minimizing the 
slice thickness - while keeping sufficient signal to noise - this partial volume 
effect at the apex can be reduced. Given the relatively small cross-sectional 
area of the left ventricle in the apical section, the error introduced due to 
the partial volume effect will be minimal. However, partial volume 
averaging at the basal level of the heart has a much greater impact since at 
this level the cross-sectional area of the LV is largest. The base of the LV 

 a) Overestimation                                b) Underestimation 
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exhibits a through-plane motion in the apical direction during systole in the 
order of 1.3 cm2,3.  Therefore, the significance of partial volume varies over 
the cardiac cycle. Additional long-axis views may prove helpful in 
determining more accurately how a basal short-axis slice intersects with 
the various anatomical regions. 

2.2.2 Impact of slice thickness and slice gap 

It is a prerequisite for the accurate assessment of the ventricular volumes 
that the stack of short-axis slices covers the complete ventricle from base 
to apex. Typically, a section thickness between 6 and 10 mm is used while 
the gap between slices varies from no gap (consecutive slices) to 4 mm. 
Quantification of volumes and mass requires the definition of contours in 
the images describing the endocardial and epicardial boundaries of the 
myocardium in several phases of the cardiac cycle. Though an image voxel 
may contain several tissues – due to the partial volume effect – it is 
assumed that the traced contours represent the geometry of the ventricle 
at the center of the imaged section. As shown in Figure 2-1, the partial 
volume effect may lead to both over- and underestimation in the 
assessment of ventricular volume.  
 

 
Figure 2-2. Schematic representation of the left ventricular geometry used for the 
simulation experiments. The phantom consists of a half ellipsoid with a length of 70 
mm and an outer diameter at the base of 60 mm; at the base the shape is extended 
with a cylinder with a diameter of 60 mm and a length of 30 mm. The thickness of 
the phantom was set to 5 mm. In the experiments the size of the object was varied 
between the dimensions shown and 80% of this size.  
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With a simple experiment using synthetically created left ventricular shapes 
and short-axis cross-sections it can be shown how the partial volume 
problem may affect measurement accuracy and reproducibility. For this 
purpose a computer-generated average left ventricular geometry with a 
fixed size was constructed and short-axis cross-sections were automatically 
derived, while varying the position of the ventricular geometry along the 
long-axis direction. The shape used and its dimensions are presented in 
Figure 2-2. In this experiment it is assumed that the contours in a short-
axis slice will only be drawn in case more than 50% of the slice thickness 
intersects with myocardium. The results of the simulations as depicted in 
Figure 2-3 demonstrate that the measurement precision (or measurement 
variability) degrades with increasing distance between the slices. For typical 
imaging parameters (section thickness 6 mm, gap 4 mm) the measurement 
variability is between 4 and 5%. The measurement accuracy is not 
dependent on the slice thickness or slice gap used: a section thickness of 
10 mm with no gap results in the same variability as a section thickness of 
6 mm with a gap of 4 mm.  
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Figure 2-3. Results of volume calculation experiments using synthetically 
constructed left ventricular geometries. The variability of left ventricular volume 
estimates increases with increasing slice thickness and slice gap. For a setting of the 
imaging parameters, such as a thickness of 6 mm and a gap of 4 mm, the 
measurement variability is ~5%. 

The result of this experiment has two important implications. First, 
variations between successive scans of the same patient may result in 
volumetric differences of up to 5%, which are inherent to the imaging 
technique used. Second, since the base of the heart has a significant 
through-plane motion component, the measurement variability of up to 5% 
will also be present over the cardiac cycle. Therefore, ejection fraction 
measurements will also be affected. By reducing the section thickness and 
the inter-section gap the variability in volumetric measurements can be 
reduced. 
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Figure 2-4. ED (top) and ES (middle) MR images acquired in radial long-axis views 
using SSFP MRI. Note the excellent conspicuity of the LV myocardial wall from base 
to apex. For reference, the white lines in the short-axis images (bottom) show the 
orientation of the radial long-axis views. (MR image data courtesy of M. Friedrich) 

2.2.3 Global function assessment using radial long-axis views 

The accuracy of volumetric measurements from multi-slice short-axis 
acquisitions is mainly determined by the accurate identification of the most 
basal slice level and the accurate definition of the endocardial and 
epicardial contours in this slice level. However due to the relatively large 
section thickness used, this is often difficult. The origin of the problem is 
the highly anisotropic nature of a typical short-axis examination in which 
the resolution in the Z-direction is much worse than the in-plane resolution. 
In order to overcome this limitation, Bloomer et al. investigated the use of 
multiple radial long-axis views for quantification of left ventricular volumes 
and mass using an SSFP MRI sequence3. With a radial long-axis acquisition 
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multiple long-axis views are acquired sharing a common axis of rotation 
(the LV long-axis) at equiangular intervals. This orientation has intrinsic 
advantages over short axis imaging as it allows clear visualization of the 
mitral and aortic valve planes. Additionally, long axis views suffer less from 
partial volume effect near the apex. After definition of the ventricular 
contours, calculation of LV volume is performed by adding pie-shaped 
volume elements defined by the location of the axis of rotation, the position 
of the contour and the angular interval between the image sections. 
Bloomer et al. demonstrated a good agreement between multi-slice short-
axis and radial long-axis acquisitions. Importantly, as a result of the 
improved visualization of the myocardial boundaries and definition of the 
base, inter-observer agreement was better using the radial long-axis 
method. Clay at al. presented gender specific normal values for left 
ventricular volume and function parameters assessed using the radial long-
axis approach5. Figure 2-4 illustrates examples of MR images acquired 
using a radial long-axis orientation. It clearly shows that the definition of 
the base and the contrast between blood and myocardium is excellent. 
Further research is needed to evaluate whether radial long-axis acquisitions 
also prove to be valuable for the assessment of regional function. 

2.3 MYOCARDIAL MASS 

The measurement of heart muscle weight is of clinical importance to 
properly diagnose and understand a patient’s illness and condition, and to 
estimate the effects of treatment. To detect small changes in mass, it is of 
paramount importance to utilize an accurate and reproducible 
measurement technique. Several validation studies have been performed 
comparing mass estimates as derived from MR with postmortem mass 
measurements. In a study by Florentine et al. a stack of axial slices was 
used to quantify left ventricular mass using the Simpson rule6. In this early 
study, they found good agreement (r = 0.95, SEE = 13 g). Maddahi et al. 
carried out extensive studies in a dog model comparing several slice 
orientations and measurement techniques for quantifying left ventricular 
mass7. It was shown that in vivo estimates of left ventricular myocardial 
mass are most accurate when the images are obtained in the short-axis 
plane (r=0.98, SEE = 4.9 g). 

2.3.1 Left ventricular mass 

For the left ventricle it is generally believed and also supported by literature 
that the short-axis orientation is the most appropriate imaging plane. To 
obtain optimal accuracy and reproducibility it is important to cover the 
complete ventricle from apex to base with a sufficient number of slices. 
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Quantification of mass requires the definition of contours in the images 
describing the endocardial and epicardial boundaries in the stack of images. 
The muscle volume is assessed from these contours by applying Simpson’s 
rule. The myocardial mass is derived by multiplying the muscle volume with 
the specific density of myocardium (1.05 g/cm3).  
 Typically, a section thickness between 6 and 10 mm is used with an 
inter-section gap between 0 and 4 mm. At the apex and basal sections 
significant partial volume averaging will occur due to the section thickness 
used and tracing of the myocardial boundaries may not be trivial. Similarly 
partial volume averaging will cause significant difficulties in interpreting 
sections with a highly trabeculated myocardial wall and papillary muscles8. 
There is no general consensus on whether to include or exclude papillary 
muscles and trabeculae in the left ventricular mass9-13. While it evident that 
inclusion of these structures would result in more accurate myocardial mass 
measurements, for regional wall thickening analysis, it is important to 
exclude these structures to avoid artifacts in the quantification. Whether to 
use an end-diastolic or end-systolic time frame for the measurement of the 
myocardial mass is also a subject of ongoing debate. Most likely, optimal 
accuracy and reproducibility is obtained by averaging multiple time frames, 
but this will have practical objections in case contours are derived by 
manual tracing. 

2.3.2 Right ventricular mass 

For the right ventricle and also for geometrically abnormal shaped left 
ventricles multiple sections are required for an accurate volume 
assessment14. MRI experiments with different slice orientations in 
phantoms and ventricular casts have shown that no significant difference 
can be observed in accuracy and reproducibility between slice 
orientations15. However, in a clinical situation the choice of slice orientation 
also depends on the availability of a clear depiction of anatomical features 
that are needed to define the myocardial boundaries. Volumetric 
quantification of the right ventricle may be better performed on the basis of 
axial views16. This view shows improved anatomical detail and allows better 
differentiation between the right ventricular and atrial lumen. Nevertheless, 
for practical reasons, the right ventricular mass is often measured using a 
stack of short-axis slices which is also used for measuring the left 
ventricular dimensions. 
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2.4 QUANTIFICATION OF VENTRICULAR VOLUMES AND GLOBAL FUNCTION 

Assessment of global ventricular function requires volumetric measurement 
of the ventricular cavities in at least two points in the cardiac cycle, being 
the end-diastolic (ED) and end-systolic (ES) phases. A vast amount of 
reports describe the applicability of MRI for accurate and reproducible 
quantification of left and right ventricular volumes using various MR 
imaging strategies4,17. Sufficient temporal resolution is required to properly 
capture the end-systolic phase. Generally a temporal resolution, or phase 
interval, in the order of 40-50 ms is assumed to be sufficient18. 
 For geometrically normal left ventricles one could rely on geometrical 
models to derive the volumes from one or two long-axis imaging sections. 
In a group of ten patients with LV hypertrophy and 10 healthy subjects, 
Dulce et al. demonstrated a good agreement between biplane volumetric 
measurements using either the modified Simpson’s rule of an ellipsoid 
model and true 3D volumetric measurements using a multi-slice MRI 
approach19. In another study by Chuang et al. 25 patients with dilated 
cardiomyopathies were evaluated using both a biplane and a 3D multi-slice 
approach20. They reported a poor correlation between the two 
measurement methods.  
 For quantitative volume assessment, using multi-slice short-axis 
acquisitions is the most commonly applied approach. At the present state, a 
single section with sufficient temporal resolution can be acquired within a 
single breath hold, on most available MR systems. The total duration of 
acquiring the 8 to 12 sections required to image the entire ventricular 
cavity is in the order of 5 minutes21,22. All sections should be acquired at 
the same end-expiration or end-inspiration phase; otherwise reliable 3D-
quantification of volumes from the obtained images is not possible. 
 

Quantitative analysis starts with manual or (semi-) automated 
segmentation of the myocardium and blood pool in the images. Once 
contours have been defined in the stack of images describing the 
endocardial and epicardial boundaries of the myocardium, volumetric 
measurements including stroke volume and ejection fraction can be 
obtained by applying the Simpson’s rule. Normal values for global 
ventricular function and mass have been reported by several investigators 
for different populations and pulse-sequences23-25. It is important to note 
that normal values obtained using the newer Steady State Free Precession 
(SSFP) type sequences differ significantly from values obtained with 
previous techniques. The improved contrast between blood and 
myocardium in SSFP is associated with larger ED and ES cavity volumes, 
smaller wall thickness values and lower LV mass25-27. In direct comparisons 
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of SSFP with conventional fast GRE techniques within the same individuals, 
differences in LV mass of up to 16.5% were reported (see Figure 2-5). In 
contrast, LV measurements have been shown to be relatively independent 
of the MR field strength used28. 
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Figure 2-5. Comparison of LV dimensions measured with either a Steady State Free 
Precession (SSFP) sequence or a segmented GRE technique. Data derived from 
Alfakih et al25, Lee et al26 and Wei et al27. 

 
At the basal imaging sections, often no clear visual separation between left 
ventricle and left atrium is present since the imaging section may contain 
both ventricular and atrial cavity and muscle. It is important to realize that 
while the imaging sections are fixed in space, the left ventricular annulus 
exhibits a motion in the apical direction on the order of 1.3 cm in normal 
hearts2. Consequently, myocardium that is readily visible in an end-
diastolic time frame may be replaced by left ventricular atrium in the end-
systolic time frame. Additional long-axis views may be helpful to more 
reliably analyze the most basal and apical slice levels of a multi-slice short 
axis study3. Figure 2-6 displays end-diastolic and end-systolic time frames 
in a long-axis view and three basal short-axis sections obtained during a 
single MR examination. The white lines, indicating the intersection lines of 
the imaging planes, provide helpful additional information for interpreting 
the structures seen in the short-axis images.  
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Figure 2-6. Four-chamber long-axis view and three basal level short-axis views 
acquired within the same examination (left: end-diastole, right: end-systole). The 
colored lines indicate how the short-axis and long-axis imaging planes intersect with 
each other. The movement of the base towards the apex in systole can easily be 
appreciated. The use of displays showing how long-axis and short-axis planes 
intersect may facilitate the interpretation of basal level short-axis images and may be 
valuable during tracing of the contours.  

2.5 QUANTIFICATION OF REGIONAL WALL MOTION AND WALL THICKENING USING 

THE CENTERLINE METHOD FROM DYNAMIC SHORT-AXIS IMAGES 

The excellent depiction of the endocardial and epicardial boundaries of the 
left ventricular myocardium forms the basis of quantitative analysis of 
regional myocardial function. Quantitative analysis methods for endocardial 
wall motion are hampered by the presence of rigid body motion of the 
heart. A floating centroid, based on the center of gravity of the endocardial 
or epicardial contours, can be used to isolate the rigid body motion from 
the actual endocardial deformation. On the other hand, quantification of 
wall thickness and thickening does not have this disadvantage. It has been 
demonstrated that wall thickening analysis is more sensitive in the 
detection of dysfunctional myocardium than wall motion analysis29,30. The 
optimal slice orientation for wall thickness analysis of the left ventricle is 
the short-axis plane since in this orientation the major part of the 
myocardial wall is perpendicular to the imaging section29-33. Local wall 
thickness can be derived in these acquisitions from manually or 
automatically defined endocardial and epicardial boundaries in each short-
axis image. Radial wall thickness quantification methods use an 
approximate center point in the left ventricle to measure the distance 
between the endocardial and epicardial contours along radial lines starting 
from this center point. This approach may result in significant 
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overestimation of wall thickness in case the ventricular cross-section 
deviates much from a circular shape. The Centerline method has 
advantages over the radial methods since it can be applied for a wide 
variety of shapes. In fact, it was originally developed for wall motion 
analysis in X-ray angiograms and later modified for wall motion and wall 
thickness analysis of left ventricular short-axis views35,36.  
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Figure 2-7. Mid-ventricular end-diastolic (top left) and end-systolic (top right) short-
axis images of the left ventricle with endocardial and epicardial contours defined. 
Wall thickness chords are constructed for measurement of wall thickness in six 
myocardial segments. The segments are defined starting at the posterior junction of 
the right ventricular wall with the left ventricle. Segments are numbered from 1 
through 6 in clockwise order. The graph in the bottom panel presents the wall 
thickening in each of the six defined myocardial segments. 
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As depicted in Figure 2-7, the centerline method uses a path in between 
the endo- and epicardial contours (the “centerline”) and perpendicular to 
that path at evenly spaced intervals, starting at a clearly visible anatomical 
reference point chords are constructed from endocardium to epicardium. 
The length of such a chord represents the local wall thickness and the ratio 
between the end-systolic and end-diastolic chord length equals the local 
end-systolic wall thickening. A sufficient number of chords should be 
chosen such as not to miss small anatomical abnormalities. Normal values 
for end-systolic wall thickening can be used for comparison to determine 
which myocardial regions are abnormal; subsequently the size, extent and 
severity of a wall thickening abnormality can be quantified36. In case the 
MRI slice is not exactly perpendicular to the local myocardial orientation, 
the normal two-dimensional centerline method may lead to a wall thickness 
overestimation. Buller et al. describe a method to correct for this error by 
estimating the local angle between the imaging plane and the myocardial 
wall for each centerline chord37. They demonstrated the improved accuracy 
of this method in phantom studies and also showed that the overestimation 
of wall thickness near the apex of the heart in short-axis studies can be 
minimized.  

 
To facilitate the interpretation of the large amount of quantitative data of 
regional ventricular function, optimized visualization methods need to be 
implemented. When standardized imaging protocols are applied, normal 
value databases can be established for the various parameters providing 
more objective assessment of the observed regional function abnormalities. 
Bull’s eye plots, as known from nuclear medicine, can be used as a visual 
tool to present all the relevant information in just one single graphical 
display. A further step is to employ three-dimensional reconstruction 
techniques to generate displays showing regional function data in relation 
to the anatomy of the patient. Figure 2-8 shows an example of such a 
display, providing views of the left ventricular anatomy of a patient with an 
antero-septal infarction.  
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Figure 2-8. Three-dimensional reconstruction of the left ventricle from a multi-slice 
short-axis study of a patient ten days after acute antero-lateral infarction. The top 
two rows show the ventricular geometry at the ED and ES phases. The bottom three 
rows show the ED wall thickness, the ES wall thickness and ES wall thickening using 
a color-coding.   

2.6 REGIONAL FUNCTION ANALYSIS USING MRI TAGGING AND VELOCITY-ENCODED 

MRI 

Wall thickening and wall motion analysis from conventional cine MR 
imaging suffers from the through-plane motion of the heart. Furthermore, 
conventional cine MRI only allows quantification of radial myocardial 
deformation. Three-dimensional myocardial tagging is a powerful MRI 
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technique that allows quantification of myocardial strain in all three 
dimensions. With the use of MRI tagging, cine MR images are acquired with 
a superimposed parallel, rectangular or radial grid of dark saturation lines. 
These tagging lines are induced by a special pre-pulse sequence 
immediately following the R-wave of the ECG and can subsequently be 
followed over the cardiac cycle. Dedicated computer algorithms have been 
developed to automatically track the intersection points of the tagging lines 
over the cardiac cycle to be able to quantify intramural myocardial 
deformations38. By applying this technique in multiple slices in both short-
axis and long-axis directions, 3D-strain measurements can be performed39. 
Alternatively, these measurements can be derived directly by processing of 
the Fourier spectrum of the tagged MR data, a technique currently known 
as HARmonic Phase (HARP) imaging40,41. 
 

 
Figure 2-9. Short-axis images obtained by phase-contrast cine MRI at early diastole. 
The images are obtained from a pig after acute myocardial infarction. The velocity 
images (x, y, z) depict the myocardial velocities in x, y and z direction using a gray-
scale encoding. The in-plane velocity vectors (v) are reconstructed from the x- and y-
velocity maps and show both the direction and magnitude of myocardial velocity. The 
relatively low velocities in the anterio-lateral region illustrate the diastolic function 
abnormality in this region. 
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Velocity-encoded cine MRI may be used to quantitatively assess the three-
dimensional velocity of the myocardium over the cardiac cycle. With this 
acquisition technique the myocardial velocities can be measured in three 
orthogonal directions for each pixel within the imaging plane42-44. In 
contrast to MR tagging methods, this technique can be used in combination 
with retrospective gating such that data over the complete cardiac cycle is 
obtained. For quantitative analysis two different approaches can be 
followed. Motion tracking techniques, which are based on velocity 
integration, can be applied to obtain two- or three-dimensional trajectories 
of myocardial sample points45. An alternative approach is the direct 
quantification of myocardial strain-rate by calculating the spatial velocity 
gradient along different directions46. Both approaches are sensitive to 
imperfections of the images such as insufficient temporal or spatial 
resolution, blood-related artifacts and beat-to-beat variations. These 
problems may well be resolved by future improvements in image 
acquisition techniques.  

2.7 AUTOMATED CONTOUR DETECTION IN SHORT-AXIS MULTI-SLICE CINE MRI  

Despite the fact that the time required for image acquisition has been 
reduced tremendously over the last few years, a cardiac evaluation based 
on CMR including quantitative analysis remains time consuming due to the 
required post processing of the large amount of images. Assuming a 
ventricle which is imaged in ten imaging sections, twenty endocardial 
contours need to be defined for the assessment of basic global function 
parameters such as the ejection fraction and stroke volume. Ten addition 
epicardial contours are needed for quantification of left ventricular mass. 
Manual image analysis requires tracing of these myocardial outlines which 
is a time-consuming procedure that takes between 10 minutes and one 
hour depending on the software used. It also may introduce undesirable 
inter- and intraobserver variabilities. 
 A considerable number of groups, including ours, have contributed to 
the development of algorithms for the automated extraction of the left 
ventricular myocardial outlines from short-axis cine MR imaging studies47-

61. The development of automated contour detection algorithms is a 
challenging problem because variations in gray value in MRI depend on 
many factors such as the imaging parameters used, spatial dependency in 
case surface coils are used and flow dependency. Additionally, the 
geometry of the cardiac chambers and its contraction pattern may be 
abnormal in pathological situations, causing automated segmentation 
methods that rely too much on an expected shape or contraction pattern to 
fail in such circumstances. Ideally, an automated algorithm should be 
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insensitive to variations in image characteristics and be applicable to MR 
images obtained from different MR scanners. In case the algorithm can 
operate without any user-interaction, the actual computation time is not of 
major importance. If user interaction is required to control the algorithm, 
such as providing seed points or initial contours for each of the imaging 
slices, the actual algorithm should be must faster to increase the time 
efficiency of the operator.  
 

 
Figure 2-10. Automated detection of the endocardial contour. A) Original image with 
epicardial contour; B) Search region for the endocardial contour. The region outside 
the epicardial contour and a small region at the inside of the epicardial contour is 
masked out from the original image; C) Result after determination of the optimal 
threshold; D) Contour around the thresholded region serves as a starting contour for 
the subsequent edge-based contour detection; E) When papillary muscles needs to 
be excluded from the myocardium, a smooth convex hull contour around the initial 
contour is determined; F) Final result after minimum cost contour detection. 

 

In the next section a short description is given of the underlying methods 
and validation results from the algorithms developed at our laboratory 
which have been integrated in a software package, MASS51. Our contour 
detection method follows a model-based approach and is directed to the 
definition of the endocardial and epicardial contours in all the phases and 
slices of an imaging study. The amount of user-interaction required to 
obtain reliable contours is limited, and is minimal in case the images are of 
good quality.  The algorithm accommodates for anatomical and MRI related 
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variations in image appearance by providing a certain learning behavior. 
Manually traced or edited contours are assumed to be correct and the 
contour detection algorithm was designed to generate a consistent set of 
contours for the total image dataset using the manually defined contours as 
models. The contour detection starts by searching for circular objects in the 
imaging slices to find the approximate long axis of the left ventricle, which 
result in an approximate left ventricular center point in each image. Using 
this center point, epicardial contours are found in the first phase and 
subsequently in the remaining phases using a frame-to-frame contour 
detection procedure. This frame-to-frame epicardial contour detection 
procedure is based on matching of line profiles that are positioned 
perpendicularly to the model contour (derived from the first phase) and 
then automatically positioned at the corresponding tissue transitions in 
other phases within the same slice level. By this approach the algorithm is 
able to deal with the fact that the epicardial boundary of the myocardium is 
adjacent to regions having different gray value characteristics. A first 
estimate of the endocardial contour is found using an optimal thresholding 
technique within the region described by the epicardial contour. The final 
endocardial contour is found by using a model-based edge-detection 
technique, known as the Minimum Cost Algorithm62. Figure 2-10 illustrates 
the algorithmic steps that are carried out to detect an endocardial contour 
given an image with an available epicardial contour. 

2.7.1 Automated contour detection optimization for different MR pulse 
sequences 

A major challenge when designing and implementing a reliable automated 
contour detection algorithm is to deal with the large variations in image 
characteristics due to differences in MR pulse sequences used, the usage of 
different receiver coils and differences between MR scanners from different 
vendors. Consequently, for optimal performance, an automated 
segmentation method needs to be optimized for a specific type of 
acquisition procedure. We have recently developed a contour detection 
optimization procedure, which enables tuning the different parameters that 
control the automated contour detection63. Figure 2-11 illustrates the 
mechanism of the contour detection tuning method. Based on a set of 
short-axis exams with expert drawn reference contours available, 
automated contour detection is performed using different settings of the 
contour detection procedure. Contour detection settings that are varied are 
the convolution kernels that are used for edge detection in the images, 
parameters that control the smoothness of the detected contours and many 
others. The automatically detected contours generated using a specific 
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parameter setting are compared to the reference contours by computing 
the degree of similarity between both contour sets. A Genetic Algorithm is 
used to generate new sets of parameter settings based on the results of the 
previously evaluated sets. By iterating this procedure numerous times, an 
optimal set of parameters can be found for a specific set of images. The 
degree of similarity, which is used to evaluate the quality of the detected 
contours, is defined as the percentage of contour points that lie within a 2 
mm distance of the corresponding reference contour. It was shown that for 
SSFP type acquisitions, the degree of similarity for manually traced 
endocardial contours obtained by repeated analysis of the same observer 
was 77%. Therefore, since the reference contours are generated manually, 
the similarity between automatically detected contours and the reference 
contours has a theoretical upper bound of 77%. The described optimization 
approach was evaluated on a set of 30 SSFP examinations from the three 
main MR scanner vendors to assess the improvement in the performance of 
automated contour detection. In all 30 studies endocardial contours were 
carefully traced in the end-diastolic and end-systolic phases which were 
used as reference. Automated contour detection was performed in all 
studies with and without optimized settings.  When using the unoptimized 
settings the average degree of similarity was 49.5%, which increased to 
63.3 percent when using the optimized settings. 
 

 
Figure 2-11. Diagram of the automated optimization procedure to find the optimal 
contour detection settings for a specific pulse sequence. In an iterative procedure, 
MASS performs automated contour detection in a set of MR studies using a number 
of different parameter settings. The detected contours are compared to manually 
defined reference contours and the average degree of similarity is computed for each 
parameter setting. A Genetic Algorithm is used to generate new parameter settings 
based on the results of the parameter settings from the previous iteration. 
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2.7.2 New model-based automated segmentation methods 

Reliable fully automated contour detection, not requiring any user 
interaction, would clearly be an important step to further improve the 
clinical utility of CMR. Despite a lot of research in this area, two major 
problems limit the success rate of many of the previously described contour 
detection strategies for cardiovascular structures. First, due to the presence 
of noise and image acquisition artifacts, image information can be ill 
defined, unreliable or missing. In these cases a human observer is still 
capable of tracing the myocardial contours in the image data based on 
experience and prior knowledge, while many automated techniques fail. 
Second, a contour as drawn by an expert human observer may not always 
correspond to the location of the strongest local image evidence. In 
particular, in short-axis images the papillary muscles and trabeculae pose a 
problem. For example, many experts prefer to draw the left ventricular 
endocardial border as a convex hull around the blood pool, at a location 
somewhat ‘outside’ of the strongest edge64,65. A second example is the 
epicardial boundary, which may be embedded in fatty tissue, as a result of 
which the edge is strongest at the fat-air transitions. However, often the 
contour should be drawn on the inside of this fatty layer, an intensity 
transition that is marked by only a faint edge. Therefore, a decision about 
the exact location of the contour cannot always be made based on the 
strongest image evidence, but should be learned from the examples and 
preferences provided by expert observers. 
 To overcome these problems, prior knowledge about the image 
appearance, spatial organ embedding, characteristic organ shape and its 
anatomical and pathological shape variations should form an integral part 
of a contour detection approach. Moreover, it should be adaptive to 
accommodate for the preferences of an observer and to be easily 
adjustable to image characteristics of various pulse sequences and MR 
systems. Recently, Cootes et al. introduced the concept of Active 
Appearance Models (AAM’s), which are trainable mathematical models that 
can learn the shape and appearance of an imaged object from a set of 
example images66. This method was originally developed for facial 
recognition and later optimized for the detection of the left ventricle in 
CMR67. An AAM consists of two components: a statistical model of the 
shape of an object, which is combined with a statistical model of the image 
appearance of the object in a set of example images. The combined model 
is trained to learn the shape and image structure of an organ from a 
representative set of example images from different subjects. The AAM can 
be automatically matched to a new study image by minimizing an error 
function expressing the difference between the model and the underlying 
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image evidence. During this matching process, the model is constrained to 
only resemble statistically plausible shapes and appearances. 
Consequently, AAM’s are able to capture the association between observer 
preference and the underlying image evidence, making the AAM's highly 
suitable to model the expert observer’s analysis behavior. Moreover, AAM’s 
can model multiple objects (in our case the left- and right cardiac 
ventricles) in their spatial embedding. In a study by Mitchell et al. this AAM 
technique showed excellent agreement with manually defined contours, 
both for the left- and right ventricle simultaneously68. Figure 2-12 shows 
examples of automatically detected contours for the left and right ventricle 
obtained using this approach. Van der Geest et al. investigated the value of 
incorporating image information of complete time-series in an AAM based 
contour detection method69. The advantage of this approach lies in the fact 
that information from a complete time-series is used during training and 
detection, which results in consistent time-continuous segmentation 
results, even in the presence of image frames with poor image quality.  
 Another interesting recent development is the use of three-
dimensional statistical shape models for ventricular image segmentation. 
For example van Assen et al have successfully applied 3D Active Shape 
Models (ASM) for myocardial boundary detection in multi-slice short axis 
MR studies70. 
 

 
Figure 2-12. Examples of detection results of left and right ventricular contours 
using the Active Appearance Model contour detection method.  
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2.8 MRI FLOW QUANTIFICATION 

Velocity-encoded cine MRI (VEC-MRI) also plays an important role in the 
evaluation of global ventricular function. The accuracy of this imaging 
technique has been demonstrated in in-vitro experiments using flow 
phantoms and comparison against other imaging techniques such as 
Doppler echocardiography and invasive oximetry71,72. Since flow 
measurements are obtained at high temporal resolution over the complete 
cardiac cycle, VEC-MRI is especially useful in the evaluation of left and right 
ventricular diastolic function parameters by measuring flow over the atrio-
ventricular valves. Application of this technique to the proximal portion of 
the ascending aorta or pulmonary artery allows the assessment of left and 
right ventricular systolic function. After the cross section of a vessel is 
identified in the image by manual or automated contour detection, the 
instantaneous flow rate within the vessel cross section is obtained by 
multiplying the average velocity within the contour by its area. Ventricular 
stroke volume measurements are derived by integrating the flow over a 
complete cardiac cycle73.  The presence of aortic or pulmonary 
regurgitation can be easily identified and quantified from the derived flow 
curve. VEC-MRI has an established role in the evaluation of patients with 
congenital heart disease74-77. Figure 2-13 illustrates how MR flow 
measurement can be used for quantification of shunt size in a patient with 
a ventricular septal defect. 

2.8.1 Automated quantification of aortic flow 

Application of VEC-MRI to the proximal portion of the ascending aorta 
allows the assessment of left ventricular systolic function by evaluating the 
flow over a complete cardiac cycle. Such a study requires a VEC-MRI 
acquisition in the transversal plane crossing the ascending aorta. The left 
ventricular stroke volume can be measured by integrating the flow over a 
complete cardiac cycle. For an accurate assessment of volume flow, 
contours describing the lumen of the vessels have to be obtained in the 
images. The in-plane motion of the greater vessels and changes in shape of 
the vessel cross section over the cardiac cycle would require the user to 
trace the luminal border of the vessel in each individual phase of the MR 
examination. To overcome these practical limitations, an automated 
analysis method was developed in our department to automatically detect 
the required contours in each of the cardiac phases78. This contour 
detection algorithm was integrated in the FLOW software package. 
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Figure 2-13. Flow velocity maps of the ascending aorta (top left) and pulmonary 
artery (top right) with contours defined of a patient with a ventricular septal defect. 
From the derived flow curves (bottom) of the respective arteries the shunt size can 
be accurately quantified. In this patient the aortic flow was quantified as 87 ml/heart 
beat (5.6 L/min) and the pulmonary flow 149 ml/heart beat (9.4 L/min). 

The only user-interaction required, is the manual definition of an 
approximate center in one of the available images. In this first image an 
initial model contour is detected using gray value and edge information. 
The position of the same vessel at another time frame can be estimated by 
shifting the model contour in a limited region around the initial location and 
examining the edge values measured in the modulus image along the 
contour points. An algorithm was developed which finds the most likely 
contour position for each time frame, with the restriction that a contour is 
only allowed to displace 2 pixels (1.6 mm) from phase to phase, thereby 
imposing a temporal continuity of the motion. After having found the 
correct contour location, a final optimized contour was detected by allowing 
small deformations of the model contour such that it would follow the 
edges in the modulus image. For this purpose a two-dimensional graph 
searching technique was used. The resulting contour was dilated by one 
pixel to be sure to encompass the complete region with flowing blood. The 
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total contour detection process takes less than ten seconds for a study with 
30 cardiac phases. 
 Validation was performed on flow velocity maps from a study 
population of 12 healthy volunteers. Two independent observers performed 
manual and automated image analyses. The first observer repeated the 
automated and manual analyses after a two-week interval to avoid learning 
effects. The time required for manual analysis was 5-10 minutes. During 
automated analysis the user had to identify the approximate location of the 
center of the aorta in one of the available images. The total analysis time 
for automated analysis was less than 10 seconds. Stroke volume 
measurements were obtained by integrating the flow over the complete 
cardiac cycle. The mean left ventricular stroke volume obtained by VEC-MRI 
in the group of 12 volunteers was 86.4 ml (SD: 13.6 ml). No statistically 
significant differences were found between the results of manual and 
automated analyses. The mean difference between automated and 
manually assessed stroke volume was 0.78 ml (SD: 1.99 ml). The intra-
observer variability was 0.65 ml for manual analysis and 0.58 ml for 
automated analysis; the intra-observer variability was 0.99 ml for manual 
analysis and 0.90 ml for automated analysis. From this study, it can be 
concluded that the automated contour detection algorithm performs equally 
well as the manual method in the determination of left ventricular stroke 
volume derived from VEC-MRI studies of the ascending aorta. 

2.9 IMAGE PROCESSING OF PERFUSION IMAGING STUDIES 

First-pass contrast-enhanced MR perfusion imaging is used to detect 
abnormalities in myocardial blood flow, related to coronary artery disease. 
Typically, three to five short axis slices of the heart are acquired over 5 to 
10 seconds prior to the injection of the intravenous contrast bolus, and 
about 60 seconds after the injection of contrast. A combination of stress 
and rest acquisitions can be performed to improve the differentiation of 
normal from abnormally perfused myocardial territories79.  
 Various approaches have been described to obtain quantitative indices 
of myocardial perfusion from first-pass MR perfusion studies80-82. Jerosch-
Herold et al. have performed extensive studies to demonstrate the 
feasibility of absolute perfusion quantification in ml/gram tissue/minute and 
have validated these methods in animal experimental studies80. However, 
more commonly, semi-quantitative analysis methods are being used. An 
example of a semi-quantitative approach is to use the maximal upslope of 
the myocardial time-intensity curve as index of myocardial perfusion. 
Although less-advanced, the diagnostic accuracy of the technique has been 
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validated against competing non-invasive and invasive modalities in single 
center and multicenter studies83-85. 
To derive quantitative indices related to the presence or absence of 
myocardial perfusion deficits, time-intensity curves need to be evaluated 
for regions in the myocardium. Due to the significant patient motion over 
the acquisition duration, time-intensity curves which are derived from a 
static region in the image are severely distorted. Automated image co-
registration techniques have been developed to correct for this motion86-89. 
Once the images are registered, endocardial and epicardial contours can be 
traced in one image frame and copied to the other frames. Subsequently, 
time-intensity curves can be easily generated for multiple regions in the 
myocardium. Although these curves can be determined at a pixel level, the 
noise level in the images is often not sufficient to derive reliable perfusion 
indices at this level of detail. More typically 4 to 8 segments are defined for 
each imaging section, which can be further sub-divided into an endocardial 
and an epicardial layer85. 
 

 
 

   
Figure 2-14. Signal-intensity versus time curves for 6 segments of the left 
ventricular myocardium at a mid ventricular slice level. Without motion correction 
(lower left) the curves are not suitable for quantitative analysis. After motion 
correction (lower right), perfusion indices such as maximum upslope can be derived 
reliably. 
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Figure 2-15. Example multi-slice short-axis LGE acquisition (left). After defining an 
appropriate intensity threshold, the regional transmurality of scar can be computed 
and visualized using a bull’s-eye plot (right). This patient has a large infarction with 
complete transmural enhancement in the lateral region and sub-endocardial 
enhancement in the posterior region.  

2.10 LATE GADOLINIUM ENHANCED MRI 

Late gadolinium enhanced (LGE) MRI has become part of a standard MRI 
examination as it is extremely valuable for the assessment of viable and 
non-viable myocardium in infarcted and poor contractile areas90,91. The 
excellent resolution of MRI enables the depiction of both transmural and 
non-transmural regions of infarction. It was shown that the transmural 
extent of enhancement is inversely related to the likelihood of recovery of 
function after revascularization. Therefore, large non-transmural infarcts 
may have a better prognosis than relatively small transmural infarcts. 
Quantification of the size and distribution of the infarction involves defining 
a signal intensity threshold that separates normal myocardium from 
enhanced tissue. Various approaches have been suggested for determining 
the optimal intensity threshold. In the pioneering work of Kim et al. hyper-
enhanced regions were defined as those regions having an intensity value 
>2D above the mean of the remote normal myocardium90. Other authors 
have suggested slight modifications to this approach by proposing adding 
2-5 times the standard deviation93,94. These observations demonstrate the 
sensitivity of the SD-method to differences in image acquisition protocol.  
Schuijf et al. and Amado et al. proposes to use a Full Width Half Maximum 
(FWHM) criterion to objectively obtain a threshold value95,96. Amado et al. 
demonstrated in an animal experimental study that myocardial infarct size 
measurements using a FWHM criterion agreed very well with pathology96. 
The inherent properties of the Full-Width-Half-Max method makes it much 
less sensitive to variations in image acquisition parameters. Based on this 
criterion Hsu et al. developed a fully automated technique to obtain 
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accurate assessment of the size of myocardial infarction and validated this 
approach in an animal experimental setting97. Using the defined threshold, 
the enhanced regions within the myocardium are objectively defined and 
the regional degree of transmurality can be defined as illustrated in Figure 
2-15.  

2.11 INTEGRATED IMAGE ANALYSIS 

The increasing routine clinical use of CMR and the overwhelming size of the 
typical CMR image data sets pose a significant challenge for time-efficient 
image quantification and interpretation. Multiple software packages with 
automated image segmentation and quantification methods have been 
introduced in the last decade to support the work of the clinician. However, 
these solutions primarily focus on particular elements within a CMR exam, 
such as the assessment of global function or myocardial perfusion. An 
integration of the available techniques for CMR image analysis into an 
integrated solution for the analysis of all the data acquired in a 
comprehensive CMR exam would be a major step forward. The work by 
Hennemuth et al. demonstrates the feasibility of such integrated image 
analysis solutions98. 
 An example of an integrated analysis approach is provided in Figure 
2-16. It illustrates how quantitative information obtained form two different 
MR acquisitions can be combined. In this example LGE MRI is combined 
with cine MRI information to relate infarct transmurality to the regions with 
poor contractility. This enables classification of regions of poor contractility 
into viable and non-viable regions. 
 

2.12 CONCLUSION 

Cardiovascular MRI is a valuable technique for non-invasive quantitative 
assessment of global and regional ventricular function. Computerized image 
analysis techniques can help reducing the time required for quantification 
and interpretation of the many images. In this chapter, analytical methods 
for left ventricular function and vascular flow measurements based on 
automated contour detection approaches have been described. Validation 
studies of these methods have confirmed their accuracy, precision, 
robustness and usefulness for clinical research studies. Fully automated 
contour detection methods that operate reliably in a routine clinical 
environment are needed and may become available in the near future. 
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Figure 2-16. Data fusion between wall thickening information derived from cine MR 
and a scar transmurality derived from LGE MRI visualized using a bulls-eye displays. 
The red area in the bottom bull’s-eye represents the non-viable myocardium where 
the wall thickening is less than 2 mm while scar transmurality is >50%. 
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