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Abstract 

Precise localization and quantitative analysis of the right ventricle from cardiac magnetic 

resonance imaging (CMRI) images is imperative for assessing cardiopulmonary and 

cardiovascular mal-functionalities. Due to its poorly defined borders, precise contouring of 

the RV in CMRI images continues to be difficult. An approach for contouring the right 

ventricle based on a hierarchical intensity-based clustering method followed by Markov 

random field is proposed in this paper to overcome this difficulty.Because our method offers 

localization for each time step, it enables comprehensive right ventricle analysis during the 

whole cardiac-cycle. It also allows automatic prediction systems of volumetric parameters 

such as end systole and end diastolestages.48 human participants' cardiac MRI scans were 

used to validate the method. The presented scheme yielded significantly less variance than 

(approximately one half) compared to the reference standard of manually determined RV 

contours by clinical experts. This approach obtained mean Dice-Coefficient and Haussdorff-

Distance of 0.92 and 5.25 mm 0.94 and 5.68 mm on the validation and tests. Further the 

results are evaluated using diagnosis metrics such as end diastole volume, end systole 

volume, and ejection fraction. Our model heading towards accurate RV localization at 

endocardium borders in cardiac MRI. 

Keywords: Magnetic resonance imaging, Right Ventricle, Markov random Field. 
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1. Introduction 

As per World Health Organization research [1] cardiovascular and cerebrovascular disorders 

are the major causes of death and mortality globally, and they still represent a severe health 

risk to humans. The amount contained by the epi-cardium borders of the right ventricle (RV) 

must be calculated in order to evaluate a variety of cardiovascular as well as cardiopulmonary 

illnesses [2] [3]. A etiologies of right ventricular (RV) failure encompass 1. portal 

hypertension, 2. congenital heart defects, 3. cardiomyopathy, 4. myocardial infarction (MI) 

and 5. septic [4]. Despite clinical findings from multiple studies [5–6], the significance of RV 

exploration was disregarded in the recent decade. During a normal CMRI, a series short axis 

(SA) slices encompassing entire RV through base to apex are obtained. Precisely delineated 

scans are then fragmented to outline the RV borders and the end systole (ESV) and end 

diastole volumes (EDV) are estimated to cost the various RV clinical 

characteristics.  Consequently, segmentation of the RV remains difficult, owing to blood-

motion, the rapid heartening and obstructive imaging [7][8]. The RV seems to be more 

challenging to segment than the LV because of its changeable and uneven structure, as well 

as thin and ill-defined borders. Despite the fact that numerous automated or semi-automated 

techniques to LV-segmentation had implemented [9–12], the RV is nevertheless manually 

contoured in clinical practice. To increase the performance of RV-based diagnostics, rapid 

and worthwhile automated and semi-automated techniques for identification of RV must be 

studied. 

Manual RV delineation from short-axis CMRIs’ and long-axis CMRIs’ are imprecise as well 

as time-consuming. The automated RV localization quiet difficult, owing to diverse intensity, 

complicated changing forms, and an ambiguous RV border [13]. RV localization automated 

methods are trending toward learning based strategies evolved. To emerge these approaches, 

adequate, big, and tagged data are required. The following benefits of the proposed strategy 

over previous RV precise localization: 

(1) It eliminates the need of manually-arduous constructed training-sets;  

(2) It makes no prior-localizations about shape distributions;  

(3) It offers a successive data point gradually, an extensive input that can be very 

beneficial in ventricular regional wall motion analysis applications apart from identification. 

(4) It is offers adaptable identification of congenital cardiopathies, when RV varies 

greatly in form. 

2. Literature Survey 

Right ventricle is the cardiac chamber responsible for exhilarating blood impoverished in 

oxygen to the lungs. It is located in the heart's lower right quadrant, beneath the right atrium 

and opposite the left ventricle. Deoxygenated blood enters the right atrium and travels via the 

tricuspid valve to the right ventricle, where it is pushed up through the pulmonary valve and 

into lungs through the pulmonary artery. The right ventricle is in charge of moving blood 

from the right atrium to the pulmonary trunk, ultimately to the lungs through the pulmonary 
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arteries. Extraction requires precise identification of the right and left ventricles (LV). The 

segmentation of a complicated anatomy of a RV chamber in CMRI is the most difficult. The 

trabeculations in the RV vary in signal strength and form from base to apex, as in a crescent 

shape myocardiums complicated, depending on strong augmentations and imaging procedure. 

N. Das et al. [14] conduct a survey of RV segmentation techniques. Li, L., et al.,[15] offer an 

automated RV segmentation framework in which input from long-axis (LA) views is used to 

help with short-axis (SA) view segmentation through information transition.  

The information transfer tries to reduce the unclear zones around the SA perspectives. Arega, 

T., et al. [16] describe a completely autonomous deep learning system that utilises several 

data augmentation strategies to address the issue. A. Khalil et al. [17] create a model that uses 

image synthesis as well as multi-fusion segmentation to segment all tri-cardiac components. 

Ammari, A et al. [18] developed a customizable method for extracting and annotating 

informative slices, beginning with complete CMRI sequences. H. El-Rewaidy et al.[19] 

present a work for modelling the RV surface utilizing various 2Dcontours, including 

information from various trans-sectional scans into the single set. X. Huang et al. [20] 

introduced RegUNet, a new regionlevel U-Net contouring approach for ventricular 

localization. RegUNet enhances ventricular segmentation-fidelity by first collecting the 

ventricle’s area of interest and afterwards segmenting the ventricular using the collected RoI 

features, reducing the complexity of the contouring module by retaining the cardiac's 

characteristics. D. Liu et al. [21] provide a unique paradigm for segmenting the ventricles in 

both short-imaging n longitudinal axis imaging.  

The approach segments the two views individually at first, and then refines their 

segmentations by combining complementing data from the other perspectives. X. Shi et al. 

[22] describe a new level set framework for segmenting cardiac left ventricle (LV) and right 

ventricle (RV) from MRI using anatomical heart features. M. Ng et al. [23] conducted a 

thorough investigation of Bayesian and NonBayesian approaches for assessing ambiguity in 

segmentation neural networks. J. Chen et al. [24] offer a class dependent feature deracination 

strategy in which task-learning module is created. S. Dong et al.,[25] offer a new framework 

for trans-modality cardiac image localization called Partial Un-balanced feature transport that 

incorporates continuous normalizing flows into extended variational Auto Encoders to 

estimate the probabilistic posterior and reduce inference bias.  

A. Ammari et al. [26] presented a pipelined architecture that includes customized dataset 

labelling as well as augmentation to enable for early learning. Second, a U-Net-based design 

is optimized for accuracy. Ultimately, a two-level uncertainty assessment approach is agreed 

upon to allow for the selection of comparable unlabeled data. J. kesson et al. [27] set out to 

create a medical pipeline for deep learning-based RV differentiations and test its capacity to 

minimize manual delineation time. Z. Guo et al. [28] suggested LMIC model-based technique 

for segmenting the RV. Due to cardiac motion and blood flow, the LMIC method 

incorporates the local intensity clustering features and motion intensity information [34]. J. 

Ringenberg et al. [29] provide a completely automated approach for segmenting the RV using 
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short-axis CMRI. To drive the segmentation, an unique window-constrained accumulator 

thresholding approach, binary difference of Gaussian (DoG) filters, optimum thresholding, 

and morphology are used. M. Zuluaga et al. [30, 34] provide a completely automated 

approach for segmenting the RV in cardiac MRI). A coarse-to-fine segmentation technique is 

used with a multi-atlas diffusion segmentation framework in the method [31, 32, 33]. 

3. Methodology 

After providing a short overview of fuzzy clustering and level-set approaches in Sections A 

and B, respectively, Section C describes the suggested approach. 

FCM Clustering: 

By dividing the image into a set of distinct regions  that are maximally linked and each 

 is coherent according to certain criteria; image segmentation seeks to create meaningful 

groups of pixels with similar intensity values. Locating if a particular pixel belongs to an area 

is often challenging. Fuzzy set ideas are used in the segmentation process to handle this kind 

of issue. When it comes to fuzzy clustering techniques for medical image segmentation, FCM 

(Fuzzy C-mean) is among the most popular options. 

 FCM partitions     clusters by minimising an objective function such as: 

                               [1] 

𝓍𝓀 = Gray Value associated with 𝓀th pixel 

𝓋𝒾 =  𝒾thCluster Center 

𝓊𝒾𝓀 = Fuzzy menmbership Value of pixel 𝓀 

𝓂 = Fuzziness Exponent with valuelarger than 1 

Output of FCM clustering contain three cluster of black, gray and white pixels. RV are is not 

fully segment in this step. For fine segmentation of RV region those clusters are forwarded to 

Level set function.  

Level Set Function 

The foundation of active contour techniques is the iterative motion of the contour while 

adhering to certain limitations in relation to the original image. If the target object for 

detection is already present in the image, the contour will begin over it and move toward the 

item's inner normal. Osher and Sethian's 1988 LMS employs a 2DLipschitz function as level-

set function, using the notation  for the x and y coordinates, respectively.  
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Contour  which develops according to a time-dependent curve with zero 

levels at time   as  . 

The equation for the levelset function is represented by the following partial differential 

equation: 

∂φ

∂𝓉
= |∇φ|ℱ , φ(0, 𝓍, 𝓎) = φ0(𝓍, 𝓎)                           [2] 

Here, (0,x,y) represents the starting contour and F stands for both external and internal forces. 

Precise Identification of RV: 

Initially, the suggested technique would segment the ROI using a level set method and fuzzy 

clustering. In the suggested method, the level set function is initialized to an initial value 

using fuzzy clustering. The FCM produces artefacts like the blobs and the outliers shown in 

the image. With the use of Gaussian Filtering, these by products may be disentangled. 

Afterwards, the level-set function is first established using the output of the fuzzy clustering 

procedure. 

ℳ𝒾,𝒿 = Membership Function 

𝒵𝒾,𝒿 = ROI extracted fromImage 

ROI is extracted as,  

𝒵𝒾,𝒿 = {
1, 𝓊𝒾𝒿 > 𝒷0

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

𝒷0 ∈ (0,1) 𝑖𝑠 adjustable threshold 

The level-set function is set up initially as: 

φ0(𝓍, 𝓎) = 2ε(2𝒵𝒾,𝒿 − 1)                                                                                         [3] 

ε =  constant meant for regularizing the Dirac function 

In traditional level set approaches, the growth of the level-set function is controlled by 

manually inputting a number of regulating parameters with values that change according to 

the desired application. The suggested technique utilizes the outputs of fuzzy segmentation to 

perform an adaptive evaluation of all the necessary controlling parameters. Fuzzy clustering's 

area and the length of the related contour are measured using the Heaviside and Dirac 

functions. 

                                                     [4] 

                                [5] 
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Here, the Heaviside function may be described as: 

                                                                               [6] 

along with the Dirac function as 

                                                                                      [7] 

Caused by the balloon's internal pressure The extraction zone is drawn in by the level-set 

function, which is generated by the parameter m. Depending on the sign of m, the balloon 

force contracts or expands the level-set function, eliminating the need to initialise the 

function in close proximity to the limits of the needed object. The pressure is represented by 

the magnitude of m, which is shown to be big enough to squeeze through artificial 

boundaries. Thus, in the suggested approach, the value of m is calculated based on the output 

of the fuzzy segmentation as: 

                                                                                             [8] 

𝓊𝒾,𝒿 = membership function associated with fuzzy segmentation for every pixel  

Markov Random Field (MRF) is a robust stochastic modelling method that may efficiently 

depict local interactions between neighbouring pixel characteristics. Further, it can represent 

the spatial relationship between neighbouring pixels in terms of probability distributions in a 

Bayesian setting. Maximum a posteriori (MAP) labelling space segmentation is performed 

based on the images provided. Energy maximisation problems are at the heart of the MRF 

MAP specifications. In addition to the combinatorial nature of the maximisation problem, the 

non convexity of the energy function and the presence of several local minima in the image's 

solution space make this a particularly challenging problem to solve. Hidden Markov 

Random Field (HMRF) is a revolutionary approach that was developed as an offshoot of the 

original Hidden Markov Model, which is a Markov chain-based algorithm. The right states of 

HMRF are not directly observed but rather approximated through a circuitous observation 

field, making it a graphical probability prototype. 

In a HMRF model, there is an observable random field, 

𝒶 = (𝒶1, … , 𝒶𝒩) 

𝒶𝒾 = Feature Value of Pixel 

That seeks to deduce a secret random field 

 Hidden Random Field = (𝒷1, … , 𝒷𝒩) 

𝒷𝒾 ∈ 𝒦 

𝒦 = set of all possible labels. 
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𝒷𝒾 = configuration of labels 

The label field  Regarding its surrounding system, it would be an MRF if the following 

Markovian characteristic held. 

𝜌(𝒶|𝒷) = ∏ 𝜌(𝒶𝒾|𝒷𝒾)

𝒾∈𝒮

                                                                [9] 

  

𝒩 = {𝒩𝒾, 𝒾 ∈ 𝒮} 

𝒩𝒾 =  pots adjacent to pixel 𝒾 

𝒷𝒩𝒾 = Neighbourhood Configuration 

Equation 9 of the Modified Rayleigh Felt (MRF) expresses the conditional independences 

between variables as 

𝜌(𝒶|𝒷) = 𝜌(𝒶|𝒷)𝜌(𝓍) = 𝜌(𝒷) ∏ 𝜌(𝒶𝒾|𝒷𝒾)

𝒾∈𝒮

                               [10]   

𝜌(𝒶𝒾, 𝒷𝒾|𝒷𝒩𝒾) = 𝜌(𝒶𝒾|𝒷𝒾)𝜌(𝒷𝒾|𝒷𝒩𝒾)                                          [11] 

Assume that  is drawn from a probability function,  for   and the marginal 

distribution of  is obtained as: 

                

The EM Algorithm for HMRF Estimation: 

 

An MRF can equivalently be characterized by a Gibbs distribution: 

                                                     [14]                                                                                 

𝓏: normalization constant 

𝒱(𝒷) = potential function 

The prior probability  is a Gibbs distribution in Equation [z6], its joint probability is 

written as 

        [z7] 

𝜌(𝒶𝒾|𝒷𝒾, 𝜃𝒷𝒾): Gaussian distribution with parameters  

𝜃𝒷𝒾 = (μ𝒷𝒾, Σ𝒷𝒾) 
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The HMRF-EM algorithm is can be written as, 

Step 1: Launch parameterization 

Step 2: Determine the probability distribution.  

Step 3: Using  to calculate labels by MAP estimation: 

𝒷(𝓉) = arg  max
𝒷∈ℬ

{𝜌(𝒶|𝒷, Θ(𝓉))𝜌(𝒷)}                                         

                      = arg  min
𝒷∈ℬ

{𝒱(𝒶|𝒷, Θ(𝓉)) + 𝒱(𝒷)}                                        [𝑧7] 

Step 4: Calculating the posterior distribution   and pixels , 

𝜌(t)(𝓀|𝒶𝒾) =
𝒩(𝒶𝒾, 𝜃𝒾)𝜌(𝓀|𝒷𝒩𝒾

(𝓉)
)

𝜌(𝓉)𝒷𝒾

 

𝒩(𝒶𝒾, 𝜃𝒾) = Gaussian Distribution of  𝒶𝒾 with  

𝜃𝓀 = (μ𝓀, Σ𝓀) 

𝜌(𝓀|𝒷𝒩𝒾

(𝓉)
) =

1

𝓏
exp (− ∑ 𝒱𝒸(𝓀, 𝒷𝒿

(𝓉)
)

𝒿∈𝒩𝒾

) 

Step 5: To modify the parameters of a Gaussian distribution, . 

Before using HMRF-EM, the HMRF technique for image segmentation generates an initial 

segmentation based on the gray-level intensities of pixels, utilising FCM clustering. Its 

relevance is shown by the fact that less iteration are required to produce final labels using this 

method than using the MRF-MAP method. 

In the suggested technique, the initial segmentation of images is calculated based on the 

energy functions established for the combination of Clustering based Levelset and MRF. 

Most often, the Potts model presents the local prior energy function, also known as the 

potential function, as, 

ℰ = − ∑ 𝒱𝒸(𝓀, 𝒷𝒿
(𝓉)

)

𝒿∈𝒩𝒾

 

𝒱𝒸 = Kronecker delta which equals 1 for 𝓀 = 𝒷𝒿
(𝓉)

 and being 0 otherwise. 

In addition, the posterior energy function requires modelling the image's probability density 

function. 
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Experiments & Results 

The MRF provides the outcome of image segmentation by saving energy. The approach of 

energy minimization is compatible with the strategy stated above. Figure 1 shows the precise 

identification of the right ventricles from an MRI image. The right-side image depicts 

predictions, whereas the left-most image depicts expert’s contoured images utilized for 

performance computation. Our model tackles imaging noise interference and intensity-

unequality by enhancing image intensity homogeneity in the areas of interest; however, it is 

unable to differentiate between RV and subcutaneous tissue on initial images. 

 

  

  

  

Fig 1: Segmentation results obtained with proposed method. (Left: Predicted ROI, Right: 

Ground Truth) 
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To quantitative-assess the effectiveness of the suggested technique, the precise identification 

of RV was compared to the using two parameters. 

Dice-Coefficient: 

Dice-Coefficient (DM) computes the ratio of overlap as the total of human and automated 

segmentations to determine the similarity of two areas. DM is administered via 

𝐷𝑀 =
2 ∗  Area of Overlap

total pixels combined
 

DM ranges from 0 to 1. With 0 indicating complete mismatch and 1 indicating perfect fit. 

Haussdorff-Distance: 

To quantify the distance between two contours, the Haussdorff-Distance (HD) approximates 

the value of the largest disagreement from point to curve between the actualto automated 

contours. 

  

Following table represent performance analysis of testing data, where proposed method 

archives better DM and HD than rest of the methods. 

Table:1 Comparison of DM and HD for Testing dataset 

Method DM HD 

Proposed 0.92 5.25 

Z. Guo et al.,[28] 0.91 6.73 

Ringenberg et al [29] 0.83 9.05 

Zuluaga et al [30] 0.78 10.51 

Following table represent the performance analysis of validation data, where proposed 

method archives better DM and HD than rest of the methods. 

Table: 2 Comparison of DM and HD for Validation dataset 

Method DM HD 

Proposed 0.94 5.68 

Z. Guo et al.,[28] 0.93 5.71 

Ringenberg et al [29] 0.83 8.73 

Zuluaga et al [30] 0.73 12.5 
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Fig 2: Testing and Validation dataset DM values 

 

Fig 3: Testing and Validation dataset HD values 

Proposed method HD and DM graphs are shown above. 

The further accomplishment of proposed method is estimated for systole volume, diastole 

volume, ejection fraction (EF) and Bland-Altman plot. Endocardial volumes are computed as 

successive defalcation of extracted RV areas multiplied with the space between slices value. 

It is the absolute difference between Slice places in the DICOM field in two neighboring 

images. The 8.4mm SpaceBetweenSlices is provided in dataset for all patients. ESV volumes 

are calculated as the total of all right ventricle regions of systolic frames multiplied by the 

value of the space between slices. It is used in cardiac function idiosyncrasy and calculation 

of ejection-fraction and stroke-volume. EDV volumes calculated as the summation of all RV 

regions of diastolic frames multiplied by the value of the space between slices. It is used to 

estimate preload of heart, EF and stroke volume. Ejection fraction is calculated using 
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difference of EDV and ESV divided by EDV. It is used to determine how well the heart is 

pumping blood [31]. 

 

Fig 4: Bland-Altman Plot for systolic volume 

 

Fig 6: Bland-Altman Plot for Diastolic Volume 

 

Fig 7: Bland-Altman Plot for Ejection Fraction 
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Bland-Altman plotting is an immaculate way to determine two techniques. Fig. 5, 6 and 7 

views Bland-Altman scheme for volumetric measurements and Ejection Fraction parameter 

for right ventricle. The results show that predicted results by proposed method are within 

acceptable convergence level. 

Conclusion 

Right ventricular localization is critical for cardiac diagnosis. The Right Ventricle (RV) is 

preeminently substantial, crucial prognostic factor for a variety of diseases. However, it is 

hampered by several anatomical and imaging difficulties. Our implementation is an approach 

for precise identification and localization of the RV based on a hierarchical intensity 

clustering technique followed by a Markov random field. The results are in acceptable level. 

On the validation and test sets, the suggested technique obtained an average total Dice score 

and Haussdorff distance of 0.92 and 5.25 mm, 0.94 and 5.68 mm. Then further the results are 

verified with actual and predicted parameters end systole volume, end diastole volume and 

EF. These findings show that the suggested approach has the capacity to accurately segment 

RVs in cardiac MRI. In regards of segmentation accuracy and method durability, our 

technique is equivalent to the state-of-the-art technique, but it does not need training or 

human segmentation of the training data. 
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