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Abstract

Two different methods for semi-automated right ventric-

ular (RV) endocardial border detection from MR images,

based on different implementation of level set technique,

have been developed and validated.

Dynamic, ECG-gated, steady-state free precession short

axis images were obtained in 26 consecutive patients. An

expert cardiologist provided the “gold standard” for RV

dimensions, by manually tracing the endocardial contours.

Semi-automated detection was applied to obtain RV end-

diastolic and end-systolic volumes, as well as stroke vol-

ume and ejection fraction.

Comparison with “gold standard” was performed by

linear regression and Bland-Altman analyses. Results

showed high correlations and small biases and narrow

limits of agreement with the “gold standard” values. Both

methods provided reliable measurements of RV dimen-

sions; however, better accuracy is related to higher manual

interaction.

1. Introduction

Magnetic resonance (MR) imaging represents the gold

standard for ventricular volumes and mass analysis. How-

ever, volumetric measurements are based on multiple con-

tour tracing that makes the analysis cumbersome and sub-

jective. While several semi-automated approaches exist to

obtain left ventricular (LV) contours [1–3], very few have

been tested and applied for right ventricular (RV) volume

estimation [4]. Segmentation of cardiovascular MR im-

ages applied to RV endocardial detection is a challenging

task: in fact, the RV cavity morphology is characterized

by concavities and convexities, as well as the appearance

of structures (chordae and papillary muscles) that could af-

fect the contour detection performance. We hypothesized

that segmentation algorithms based on level set technique

[5], widely applied for LV contour detection, could be uti-

lized also for RV analysis.

Accordingly, our aim was to propose and validate

against a manual gold standard two semi-automated meth-

ods, based on different implementations of level set tech-

nique, for RV endocardial detection applied to short axis

MR images to determine RV volumes and function.

2. Methods

2.1. MR imaging

Dynamic, ECG-gated, steady-state free precession short

axis images were acquired during breath hold (GE Health-

care, 1.5T) in 8÷12 slices from the atrio-ventricular

ring to the apex in 26 consecutive patients (20 or 30

phases/cardiac cycle, slice thickness 8 mm with no over-

lap and no gap). Informed consent was obtained from each

patient.

2.2. Region-based level set

The first proposed approach for semi-automated RV en-

docardial contour detection is based on region-based (RB)

image noise distribution followed by a variational level set

formulation without re-initialization [6, 7]. The block dia-

gram of the whole procedure is presented in figure 1.

The first part of the algorithm is based on a priori knowl-

edge of the statistical distribution of gray levels in MR im-

ages, where image pixel videointensities are modelled as

Gaussian distributed random variables. This method has

been proposed and applied to LV endocardial segmentation

[2, 3]. The initial surface evolves until the region prob-

ability terms of the inside region are equal to the terms

of the outside region, thus driving the curve evolution to

achieve a maximum-likelihood (ML) segmentation of the

target, with respect to the statistical distribution law of

pixel videointensity. First, a rectangular region of interest

(ROI) including the RV is selected to avoid other structures

to affect the performance of the ML segmentation method.
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Figure 1: Block diagram of the region-based method.

Figure 2: Region-based level set algorithm; first step: ini-

tialization 10 pixels radius circle (left panel); second step:

ML segmentation (middle panel); last step: level set evo-

lution based on variational formulation (right panel).

Then, a single point is selected inside the RV cavity and the

initial contour is defined as a circle with center in the cho-

sen pixel and radius of 10 pixels (figure 2, left panel). The

result of this step alone (figure 2, center panel) is not satis-

factory for RV endocardial detection due to the remarkable

presence of chordae and papillary muscles that affect the

ML process. Therefore, this partial result is used as ini-

tial condition for a following level set evolution based on a

variational formulation without re-initialization (figure 2,

right panel). This approach forces the level set function

to be closed to a signed distance function, eliminating the

need of the costly re-initialization procedure and allowing

to use a significantly larger time step for numerically solv-

ing the evolution of the partial differential equation, speed-

ing up the process.

2.3. Edge-based level set

The second method for endocardial RV detection is

based on edge-based (EB) image gradient level set method

followed by a regularization procedure based on curvature

motion [5, 8]. To overcome limitations of the level set ap-

proach due to the RV morphology, strongly characterized
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Figure 3: Block diagram of the edge-based method.

Figure 4: Edge-based level set algorithm; top row: polygo-

nal initialization of LV and (RV+LV); middle row: results

of level set evolution; bottom row: RV segmentation result

as LV XOR (RV+LV).

by concavities and convexities with angular points, and in-

homogeneous RV cavity videointensity, our idea was to

obtain the RV endocardial contour by first detecting joint

myocardial RV and LV contours (RV+LV) and then sub-

tracting the LV epicardial contour (figure 3).

For each slice and for each (RV+LV) and LV contours

an initialization representing the vertexes of a polygon was

provided by the user and used as initial contour for the

level set algorithm. The final RV contour was obtained by

logical XOR operation between the (RV+LV) contour and

the LV epicardial contour (figure 4).

382



2.4. RV volume quantification

For both methods, after RV endocardial border detec-

tion, EDV and ESV were computed by disk-area summa-

tion method, measuring areas in each slice as pixel counts

inside the contour and multiplying by the pixel spatial res-

olution and slice thickness, obtained from the DICOM

header. EDV and ESV were then used to compute stroke

volume (SV) and ejection fraction (EF).

2.5. Validation with the “gold standard”

Cardiac MR images were analyzed using commercial

software (MASS 6.1, Medis, Leiden, Netherlands) in-

stalled on the MR workstation. An expert cardiologist

proceeded into the conventional analysis of these images,

by manually tracing the RV endocardial contours. Then,

RV end-diastolic (EDV) and end-systolic (ESV) volumes

were measured using standard volumetric techniques, and

SV and EF derived. Linear correlation and Bland-Altman

(applied as ratio between the tested methods and the gold

standard, to eliminate for potential linear correlation of the

bias with the RV size) analyses were applied to evaluate the

accuracy of each of the two semi-automated techniques.

3. Results

The analysis with the RB method was feasible in 24/26

(92%) patients; in the remaining two patients the signifi-

cant presence of chordae and papillary muscles prevented

a satisfactory performance. Conversely, feasibility of the

analysis with the EB method was 100%.

Both methods were developed in Matlab (The Math-

works Inc, Natick, Massachusetts) using a 64-bits

GNU/Linux environment (quad-core Q8400 CPU, 4 Gb

of DDR3 RAM) and the time required to process a single

frame (all slices) was approximately 2-3 min. The perfor-

mance of the RB method depended on the position of the

selected initial point, thus multiple trial-and-test initializa-

tion was often required to obtain visually acceptable final

contours.

For both the proposed methods, good correlation was

found against the gold standard measurements. In par-

ticular, the RB method resulted in the following: EDV:

y = 0.89x + 2.39, r2 = 0.88; ESV: y = 0.75x + 9.887,

r
2 = 0.85; SV: y = 1.08x − 2.73, r2 = 0.77; EF:

y = 1.02x − 2.73, r2 = 0.65. The EB method re-

sulted in: EDV: y = 1.11x − 6.92, r2 = 0.91; ESV:

y = 1.25x + 4.63, r2 = 0.92; SV: y = 0.94x − 5.63,

r
2 = 0.69; EF: y = 0.99x − 10.9, r2 = 0.71. Results of

Bland-Altman analysis are shown in table 1 (RB method)

and 2 (EB method), where negative bias means underesti-

mation in respect of the gold standard. The RBmethod sig-

nificantly underestimated RV EDV, while the EB method

Table 1: Results of the Bland-Altman analysis for the

region-based method (*: p<0.05 paired t-test vs null).

region-based method

bias 95% limits of agreement

EDV (ml) -12∗ -40 ÷ 16

ESV (ml) -3 -21 ÷ 15

SV (ml) -9∗ -35÷17

EF (%) -2 -18 ÷14

Table 2: Results of the Bland-Altman analysis for the

edge-based method (*: p<0.05 paired t-test vs null).

edge-based method

bias 95% limits of agreement

EDV (ml) 8 ∗ -20 ÷ 36

ESV (ml) 20 ∗ -2 ÷ 42

SV (ml) -11∗ -36 ÷14

EF (%) -11∗ -24 ÷ 2

significantly overestimated both EDV and ESV. The RB

method showed a narrower limits of agreement in ESV,

while the one for EDVwas similar. Both methods underes-

timated SV of about 10 ml, resulting in an underestimation

of EF for the EBmethod, but with narrower limits of agree-

ment. Figure 5 shows correlation and Bland-Altman anal-

yses for the two methods separately, but considering EDV

and ESV measures all together (bias±2SD, RB method:

-9±32 ml, EB method: 24±32 ml ).

4. Discussion and conclusions

We have presented two methods for semi-automated RV

endocardial detection from MR short axis images with the

aim to reduce manual interaction in the assessment of RV

volumes and function.

Statistical analysis showed that both methods provided

good agreement with the gold standard. However, RB

tended to underestimate RV volume while EB tended to

overestimate it. This can be explained by the fact that in the

RB method internal parts of the RV close to the LV junc-

tions, similar to angular points, remain outside the detected

contour. Conversely, in the EB method these points are al-

ways included, but together with additional pixels outside

the RV chamber due to the curvature motion of the regu-

larization process in the (RV+LV) segmentation.

With both methods, computed limits of agreement were

similar but their width, hence narrow, could suggest a care-

ful clinical interpretation of the results, depending of the

population under study.

As regards user interaction, with the RB method the ini-
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Figure 5: Correlation and Bland-Altman analyses for RB,

1st and 3rd panel, and EB methods, 2nd and 4th panel ( :

ED values, : ES values).

tialization process is potentially minimized since only one

point has to be selected in each slice. However, due the

presence of cordae and papillary muscles which result in

marked inhomogeneity of the RV cavity videointensity, the

front evolution of the level set can be influenced by the

position of the initialization point. In fact, in about 50%

of the analyzed patients, multiple (up to three) trial-and-

test initializations were needed to obtain visually accept-

able contours. On the contrary, the EB method required

higher user interaction with two separate initializations of

polygonal contours. However, there was no need to repeat

this process as the initial conditions were less dependent
on the structures in the RV cavity.

In conclusion, our results showed that both the pro-

posed methods provide reliable measurements of RV di-

mension and function. However, better accuracy is re-

lated to higher manual interaction. Further improvements,

like pre-processing of the RV chamber to reduce papillary

muscle-related artifacts, need to be explored to solve this

limitation.
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