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Abstract 

The diversity and complexity of cardiac tissues makes 

it very challenging to visualize 3D cardiac magnetic 

resonance image (MRI) data. In this paper, we proposed 

an adaptive volume data preprocessing approach, and 

used a semi-automated transfer function for volume 

rendering of the pre-processed cardiac MRI data. To 

improve the quality of 3D cardiac MRI data, we first used 

a three-dimensional median filtering method for data 

denoising, and then proposed an adaptive ellipsoidal 

Gaussian filtering scheme for local-feature-preserving 

data smoothing. For effective visualization, we 

implemented a volume rendering pipeline with ray 

casting and the semi-automated transfer function design 

scheme, which allow user create transfer function to 

visualize the information which he is interested in. 

Finally, the efficiency of the proposed 3D cardiac MRI 

data visualization method is verified using the sheep 

heart MRI data. 

 

1. Introduction 

Medical imaging and visualization provides efficient 

means to reveal the relations between the function, 

behavior and organization of the biological organs, and 

thus play a crucial role in medical diagnosis and surgery. 

The magnetic resonance imaging (MRI) method can non-

invasively acquire the physiological and biochemical 

information with high spatial resolution and outstanding 

discrimination, and now have been developed as an 

important research area and as a diagnostic technique in 

medical practice. Visualization allows physicians to 

examine MRI data more easily and effectively, and is of 

great value in medical diagnosis and surgery planning. 

Visualization of 3D cardiac magnetic resonance 

imaging data is a technically difficult problem [1]. For 

2D MRI data, it is natural to display using images. For 

3D MRI data, the observation and interaction would be 

more complicated. Volume rendering techniques, which 

generate meaning 2D images from 3D volume data, can 

be applied to visualization of 3D cardiac MRI data. 

However, the variety and complexity of cardiac tissue 

makes it very challenging to visualize 3D cardiac MRI 

data. 

Currently, there are two classes of volume rendering 

techniques which could be applied to visualization of 3D 

MRI data, classification-based volume rendering and 

direct volume rendering. In classification-based volume 

rendering, a segmentation procedure is introduced to 

assign each voxel a specific object category [2]. Since of 

the structure complexity and individual variation, 

automated segmentation of cardiac MR images usually is 

challenging and time-consuming [3]. 

With the help of transfer function, direct volume 

rendering gives an approach to explore large 3D data sets, 

and thus could alleviate the difficulty in cardiac tissue 

segmentation. Transfer functions, which assign 

appropriate optical properties to the voxels, are of great 

importance for direct volume rendering [4]. However, 

transfer function design is difficult. By far, there is no 

one ideal solution which could automatically generate 

satisfactory transfer functions for any volume data. Thus, 

several semi-automated [5, 6] or interactive transfer 

function design scheme [7] have been proposed to 

address this. Besides, heart has many kinds of tissues and 

pathological reactions may cause the change of some 

tissues. All these factors would also make it very 

challenging to design transfer function for 3D cardiac 

MRI data. 

In this paper, we proposed an adaptive volume data 

preprocessing approach, and used a semi-automated 

transfer function for volume rendering of 3D cardiac MRI 

data. To improve the quality of 3D cardiac MRI data, we 

first used a three-dimensional median filtering method for 

data denoising, and then proposed an adaptive ellipsoidal 

Gaussian filtering scheme for local-feature-preserving 

data smoothing. For effective visualization, we 

implemented a volume rendering pipeline with ray 

casting and the semi-automated transfer function design 

scheme. 

The reminder of the paper is organized as follows. 

Section 2 presents an adaptive pre-processing approach. 

Section 3 describes the volume rendering scheme, 
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including ray casting and semi-automated transfer 

function design. Section 4 provides experimental results 

and discussions. Finally, Section 5 gives our conclusion 

and future work. 

2. Data pre-processing 

In this section, we proposed an adaptive volume data 

preprocessing approach to improve the quality of 3D 

cardiac MRI data. The proposed method includes two 

parts, 3D median filtering and adaptive ellipsoidal 

Gaussian filtering. 

In the median filtering stage, we adopt the recursive 

median filtering method rather than the simple median 

filtering approach. In the median operation, simple 

median filtering uses the following rule 

( , )
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to calculate the filtering output. If the filtering output 

( , )y i j′ ′  of pixel ( , )x i j′ ′  have been derived, recursive 

median filtering replace the ( , )x i j′ ′  in the right hand of 

Eq. (1) with ( , )y i j′ ′ , 
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Compared with simple median filtering, recursive 

median filtering has a number of advantages, such as 

better noise suppression and less signal distortion. Further, 

recursive median filtering can attain similar performance 

with a smaller window size than simple median filtering, 

and thus is computationally more efficient [8]. All these 

are the reasons that we use the recursive median filtering 

method in the first stage of the volume data preprocessing. 

In the second part, we proposed an adaptive ellipsoidal 

Gaussian filtering scheme for local-feature-preserving 

data smoothing. Circular Gaussian filter is an ideal filter 

in the sense that it reduces the magnitude of high spatial 

frequency in an image and has been widely applied in 

image smoothing and denoising [9]. Circular Gaussian 

filtering, however, would also cause the blurring of the 

local image features, such as edges and lines. Thus, we 

propose to use adaptive ellipsoidal Gaussian (EG) 

filtering for local-feature-preserving smoothing. 

The adaptive ellipsoidal Gaussian filtering scheme has 

two parameters (variance σ and the reference gradient 

gref), and includes three major steps, computation of the 

first derivatives, EG parameters estimation, and filtering. 

In the first step, the gradient vector is represented as 

,  ,  , ,
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and the magnitude of the gradient vector is 

2 2 2

x y z
f f f f∇ = + + .                                                   (4) 

The ellipsoidal Gaussian filter can be represented as, 
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where x=[x, y, z]T, and |V| denotes the determinant of V. 

Further, we assume 
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where ui is the ith eigenvector of V. Because the second 

and the third eigenvalues are the same, the parameter 

estimation problem is to determine the value of u1 and σ1. 

In the second step, we let 
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In the third step, for a specific voxel, we use the 

ellipsoidal Gaussian filter defined in Eqs. (7) and (8) to 

convolve with the volume data. It is obvious that, when 

the voxel is close to the boundary, the value of f∇  is 

large, and the anisotropy would be significant. If the 

value of f∇  is small,  then σ1≈σ, we will use a circular 

3D Gaussian filter for image smoothing. 

3. Volume rendering 

3.1. Ray casting 

Ray casting is a classical volume rendering algorithm 

which performs the rendering integral along one 

viewpoint ray. For each pixel, the method uses the 

resampling and compositing operations to compute the 

final pixel color. For the details of ray casting, please 

refer to [10]. During compositing, both the color value 

and the opacity are accumulated according to the 

compositing equation. Transfer function is a mapping 

from voxels to opacity, and thus has a direct consequence 

on ray casting rendering quality. 

3.2. Semi-automated transfer function 

design 

Transfer functions play a crucial role for direct volume 

rendering. The semi-automated transfer function design 

scheme is based on the ideal derivative of Gaussian (DoG) 

boundary model, and includes four major steps: 

computation of the first and the second derivatives, 

histogram volume creation, mapping data value to 

position, and opacity function generation. In the 

following, we will briefly introduce these four steps: 

(1) Computation of the derivatives: we calculate the first 
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and the second derivatives of each voxel. The 

magnitude of the first derivative |∇f(x, y, z)| is 

defined in Eqs. (3) and (4). We obtain the magnitude 

of the second derivative of each voxel using Hessian 

method, 
2 2 2
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(2) Histogram volume creation: we first normalized the 

value of |∇f| to [0, 255], and then convert it to 8-bit 

integer. Analogously, we convert the value of |Hf| to 

8-bit integer. Using the normalized value of f, |∇f|, 

and |Hf|, we create a histogram value H(i, j, k) (0 ≤ i, 

j, k ≤ 255) to represent the distribution of the voxel 

value, the first and the second derivatives, where H(i, 

j, k) = m denotes that there are m voxels with f = i, 

|∇f| = j, |Hf| = k. 

(3) Mapping data value to position: we first calculate the 

variance 

max

max min

2 e f

f f
σ

∇
=

−H H
,                                            (11) 

and then the position function p(v) that maps the 

data value to position is defined as 
2 ( )

( )
( )

h v
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g v

σ−
= ,                                                  (12) 

where h(v) denotes the average |Hf| at value v, and 

g(v) denotes the average |∇f | at value v. 

(4) Opacity function generation: after obtaining p(v), the 

opacity function generation is to create a mapping 

termed as a boundary emphasis function from 

position to opacity. 
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3.3. Visualization toolkit 

The Visualization ToolKit (VTK) is a free open source 

software system and is mainly used in 3D computer 

graphics and visualization. VTK is an object library 

rather than a system. The object library can be implanted 

in application program. Users can develop their own 

libraries based on the original libraries of VTK. General 

visualization algorithms are packaged in VTK, including 

ray-casting algorithm used in this paper which is 

packaged as classes provided to users. 

VTK provides three kinds of transfer function 

formulations (vtkVolumeRayCastComposite class of 

VTK) in Compositing Volume Rendering. We adopt one 

of them where values of volume data are transformed to 

optical properties, such as color, opacity and so on by 

transfer function. Then these properties are composited to 

each pixel on screen to generate result image. 

4. Experimental results 

In this section, we use the MRI data of a sheep heart 

(http://www9.informatik.uni-erlangen.de/External/vollib/) 

to evaluate the performance of the proposed 3D cardiac 

MRI data visualization method. The size of data set is 

352×352×256, and the data contain some damaged tissue 

caused by the partial circulation blocking of the heart. 
 

 

Fig. 1 Preprocessing of the sheep heart data: (a) original, 

and (b) preprocessed. 

We first present an example of the pre-processing 

result. Fig. 1 shows an original slice of the volume data 

and the corresponding preprocessing image. From Fig. 1, 

it is obvious that preprocessing is effective in removing 

noise. 

 

 

Fig. 2 The (v, |∇f|) scatterplot. 
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Fig. 3 Volume rendering of the sheep heart data. 

Fig. 2 shows the (v, |∇f|) scatterplot created from the 

sheep heart data set. In the semi-automated design, we 

can further post-processing the histogram to edit the 

transfer function for better rendering. Finally, we show 

the volume rendering of the preprocessed data, as 

depicted in Fig. 3. 

5. Conclusions and discussion 

In this paper, we proposed an adaptive volume data 

preprocessing approach, and used a semi-automated 

transfer function for volume rendering of 3D cardiac MRI 

data. To improve the quality of 3D cardiac MRI data, we 

first used a 3D median filtering method for data 

denoising, and then proposed an adaptive ellipsoidal 

Gaussian filtering scheme for local-feature-preserving 

data smoothing. For effective visualization, we 

implemented a volume rendering pipeline with ray 

casting and the semi-automated transfer function design 

scheme. 

In the future, we will evaluate the method using the 

human heart data, implement other transfer function 

design method [7], and explore the effective interactive 

ways to allow users tune the visualization results for 

medical analysis. 
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