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Visualization provides an interactive investigation of details of interest and improves understanding the implicit information.There
is a strong need today for the acquisition of high quality visualization result for various fields, such as biomedical or other scientific
field. Quality of biomedical volume data is often impacted by partial effect, noisy, and bias seriously due to the CT (Computed
Tomography) or MRI (Magnetic Resonance Imaging) devices, which may give rise to an extremely difficult task of specifying
transfer function and thus generate poor visualized image. In this paper, firstly a nonlinear neural network based denoising in
the preprocessing stage is provided to improve the quality of 3D volume data. Based on the improved data, a novel region space
with depth based 2D histogram construction method is then proposed to identify boundaries between materials, which is helpful
for designing the proper semiautomated transfer function. Finally, the volume rendering pipeline with ray-casting algorithm is
implemented to visualize several biomedical datasets. The noise in the volume data is suppressed effectively and the boundary
between materials can be differentiated clearly by the transfer function designed via the modified 2D histogram.

1. Introduction

Since there are the two characteristics of visibility of object
and clear detail revealing, visualization has been proven to be
of paramount important for exploring meaningful properties
of volume data [1]. Because of the ability of obtaining the
two-dimensional rendering results on the screen directly
from the data field without building a network model in
advance, volume rendering is thus certified to be an effective
visualization method of extracting underlying information
of interest from volumetric data using interactive graphics
and imaging [2, 3]. Kniss et al. [4] visualized the muscle,
soft tissues, and the bone from the visible male head data
using the volume rendering method and produced a set
of direct manipulation widgets to make exploring such
features convenient. Ching and Chang [5] rendered the
feature of interest in CT (Computed Tomography) images
and generated a large wide-angle perspective projection
view in an endoscopy to help a physician in diagnosis.

Zhang et al. [1] synchronized the dual-modality of cardiac
MRI (Magnetic Resonance Imaging) and 3D ultrasound
volumes and visualized the dynamic heart by 4D cardiac
image rendering. Based on volume rendering. Zhang and
Wang et al. developed a platform integrating multivolume
visualization method for both heart anatomical data and
electrophysiological data visualization [6]. Hsieh et al. [7]
visualized the three-dimensional (3D) geometry of the ear
ossicle with the segmented ossicle computer tomography
(CT) slices, which presented the spatial relation with the
temporal bone to diagnose middle ear disease. To visualize
brain activity conveniently, Holub and Winer [8] performed
3D and 4D volume ray casting on a tablet device in real-time.

Transfer function plays a fundamental role in visualiza-
tion for its capability of classifying and segmenting features
of volume data, which may affect the quality of rendering
image and the perception of users to volume data. Tomeasure
through-plane MR flow. Thunberg et al. [9] presented a
visualization method which combined the magnitude and
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velocity images into one single image. By using the transfer
function, the velocities are color-coded and set to a pre-
defined opacity. How the measured blood flow was related
to the underlying anatomy can thus be understood. Zhang
presented a statistics-based method to visualize 3D cardiac
volume data set [10] and further proposed a novel transfer
function design approach for revealing detailed structures
in the human heart anatomy via perception-based lighting
enhancement [11]. Yang presented a fusion visualization
framework to combine the cardiac electrophysiology pattern
with the anatomy pattern through a novel multidimensional
fusion transfer function [12].

Ebert et al. [13] studied the accuracy of volume rendering
for arterial stenosis measurement and the results suggested
that the choice of transfer function parameters greatly affects
the accuracy of volume rendering, while accurate transfer
function parameters selection is still a challenge due to the
lack of meaningful guidance information and intuitive user
interface. The present methods for this problem mainly are
object-centric, image-centric, and data-centric [14]. Object-
centric approach first classifies or segments the volume data
through clustering, probability, and machine learning which
covers artificial neural network, support vector machine, and
hidden Markov model [15–18]. Then the optical parameters
are specified based on the classification result.

Different from the object-centric method, the image
centric transfer function is designed on the rendered images.
Through the evaluation of the projective images, parameters
of transfer function are automatically adjusted and reapplied
to the original data recursively until the satisfied rendering
result is achieved. Based on a set of rendered images, He et al.
[19] presented the stochastic method to search the satisfied
transfer function. Marks et al. [20] proposed the Design
Gallery method to provide the user varieties of ordered
graphics or animations with different perceptions, which are
generated automatically by a series of transfer functions given
input parameter vector.Users then explore these images space
to search for the satisfactory transfer function.

In data-centric approach, parameters of transfer function
are specified by analyzing the volume data. Generally, collect-
ing additional information related to the data prior to con-
firming transfer function makes the design more convenient.
Scalar value of volume data is commonly considered for
deriving 1D transfer function.The gradient [21, 22] and curve
[23, 24] are introduced as the second variable for the two-
dimensional transfer function. Roettger et al. [25] extended
the variable of transfer function to spatial information. Spatial
regions connected with each other were grouped and thus
classified. Huang et al. [26] added spatial information into
the transfer function domain and extended the number
of dimensions to three. Material boundaries are accurately
revealed by taking advantage of a designed cost function
in three dimensions to imply regional growth algorithm.
Some approaches were proposed to classify the topological
structure of volume data for the transfer function design
[27, 28]. Through the continuous scale-space analysis and
detection filters, Correa et al. [29] obtained the 3D scale
fields which represent the scale of every voxel. The size-based
transfer function is then proposed using the scale fields and

maps the scale of local features to color and opacity. Thus the
features with similar scalar values in the complex data can
be classified based on the relative size. With the increasing
dimensions of transfer function, specifying its parameters
properly becomes a more difficult and tedious task.

When the dimension is more than 2, it is difficult to
specify the parameters for the higher dimensional transfer
functions. The histograms are often used to find satisfied
transfer functions. Based on the first and second derivatives
in the volume, Kindlmann and Durkin [22] built a 2D
histogram and the object boundaries appear as arcs in the
histogram. A feature-sensitive transfer function can then be
semiautomatically generated according to the arcs to reveal
features of interest. Lumet al. [30] employed gradient-aligned
samples instead of first derivatives as the first property for
creating a variant of 2D histogram. The transfer function
designed through the histogram classifies the voxels with
different degree of homogeneity by mapping them to differ-
ent optic parameters. However, with an increasing number
of boundaries, their separation based on above methods
becomes more difficult due to intersections and overlaps.

In this paper, firstly a neural network volume data
preprocessing approach for slice denoising is implemented
to improve the quality of 3D biomedical data. Then a two-
dimensional transfer function with the preprocessed data
is designed based on a modified 2D histogram, which is
created using a novel region space based method with depth
information. The features of interest in the data are thus
exactly explored. In Section 2 of this paper, the method
for denoising is described and a two-dimensional transfer
function based on 2D histogram is designed. Efficiency and
practicability of the presented method are further shown in
Section 3. Finally, conclusions are discussed in Section 4.

2. Transfer Function Design

2.1. Augmentation on Slice Data. Biomedical volume data
produced by current noninvasive devices such asCT andMRI
scanners are usually accompanied by noisy, partial effect, and
bias. Data with serious noise or error message which causes
low SNR (Signal Noise Ratio) will directly affect transfer
function specification and cause the objects obscuring in the
resulting image.

Spatial mean low-pass filtering such as General Median
filtering and Gaussian smoothing has the advantage of reduc-
ing the amplitude of noise fluctuations. While the filtering
blurs the details in the data such as the line or edge and
does not focus on processing regional boundary or tiny
structures, which makes the resulting image too fuzzy. This
is a hamper to effectively enhance boundary for those noisy
data containing lots of details.

Although nonlinear filtering has the achievement of
reserving the edge, it produces the loss of resolution due to
the suppression of details. To solve this problem, the non-
linear enhancement algorithm uses information of boundary
and the neighbor of a pixel to preprocess the image data
[14, 31], which effectively removes the noise region with
homogeneous physical properties and significantly improves
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Figure 1: The architecture of the MLP network.

the image quality. Loss of information can thus beminimized
by reserving the object boundary and the detailed structure
and the shape is enhanced by discontinuous sharpening.
Since the anisotropic diffusion filtering smoothes the image
along the edge direction rather than in the orthogonal
direction to the edge, location and intensity of the edge can
be retained. Unlike traditional methods, neural network can
learnmore features beneficial to the task through hierarchical
structure. Based on a multilayer perceptron neural network,
Burger et al. [32] presented a denoising algorithm that is
learned on a large dataset for image denoising. For the
multilayer perceptron (MLP), it can be represented as a
nonlinear function which maps a noisy image to a noise-free
image:

ℎ (u) = 𝛼3 +𝑊3 ⋅ Θ (𝛼2 +𝑊2 ⋅ Θ (𝛼1 +𝑊1 ⋅ u)) (1)

Here the network has three hidden layers. 𝛼1, 𝛼2, 𝛼3 are
vector-valued biases. The weight matrices of the structure
are 𝑊1, 𝑊2, 𝑊3. The function Θ operates component-wise.
In order to realize image denoising, the clean images are
selected from the image dataset and the input noise level is
employed to produce the corresponding noisy images. The
MLP parameters are then estimated by the back propagation
algorithm satisfying:

argmin
𝛼,𝑊

‖ℎ (u) − v‖2 (2)

where u is the vector-valued noisy images input and h(u) is
the mapped vector-valued denoised images output. v is the
clean images. The architecture of the network is as Figure 1.

During application for image denoising, MLP uses fully
connected neural network to process image fragments and
then splits and combines all processed image segments to
form a denoising image. First the noisy image is split into
overlapping patches and each patch u is denoised separately.
Then the denoised patches h(u) are placed at the locations of
their noisy counterparts. The denoised image is thus obtained
by averaging on the overlapping regions.

2.2. Region Space Guided Transfer Function Design. Kindl-
mann et al. [22] added higher-order derivatives of the voxel
to transfer function domain in his presented approach.Those
extracted boundaries appeared as arches in the derived
histogram with axes representing scalar value and gradient
magnitude. Although using this histogram can improve
selection of boundaries, intersection or overlapping of two

arches caused by different feature voxels sharing the same
scalar value and gradient magnitude may result in ambi-
guities in classification of boundaries. Sereda et al. [33]
proposed a multidimensional transfer function based on the
LH histogram to facilitate separation of features which are
represented by the arches.

LH Histogram based method computes low and high
values of each sample voxels which are labeled as FL and FH
respectively. For each sample voxel, if the gradient is less than
the threshold, the voxel is identified to be internal sample.
Otherwise the voxel is considered to be the boundary ele-
ment. FL and FH of the internal voxel are equal and the value
is the scalar of the voxel. For the voxels which are supposed
to belong to boundaries, integration is implemented along
the gradient and reverse direction in gradient field until the
gradient is less than the threshold. FL and FH can then be
found. The FL and FH values of all voxels are expressed in
the same coordinate system, and the LH histogram is thus
obtained. Since the value of FL is not more than FH, points
in the LH histogram are only located above the diagonal line.
The points on the diagonal indicate the internal voxels; that
is, the FL and FH values are equal. The rest represent the
boundary voxels and the corresponding FL and FH values
are the scalar value of the two materials of the boundary
respectively.

In volume rendering, using LHmethod to design transfer
function can not only reduce the dependence on image
segmentation, but also include voxel gradient information
and boundary gray information. Due to the characteristics
of medical data and clinical application, centralization of the
voxel is required.

A proper region space Ω is selected and a voxel is
compared with the voxels in Ω. Let 𝑉(𝑝) be the scalar or
intensity value of a voxel 𝑝. The intensity mean 𝑚 and
variance V of all voxels within Ω are given the following,
respectively:

𝑚 = 1𝑛 ( ∑
𝑝𝑖∈Ω

𝑉(𝑝𝑖) + 𝑉 (𝑝)) (3)

V = 1𝑛 ( ∑
𝑝𝑖∈Ω

𝑉 (𝑝𝑖) − 𝑚 + 𝑉 (𝑝) − 𝑚) (4)

where 𝑝𝑖 represents the adjacent voxel in the region space of
voxel 𝑝 and 𝑛 is the number of voxels in Ω. The criteria for
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Input: Anisotropic diffused volume data.
Output: Visualization result of biomedical volume data.

1 for each voxel p(x,y,z) do
2 chose adjacent voxels in the region space Ω;
3 calculate the intensity median𝑚 of 𝑝;
4 calculate the variance V of 𝑝;
5 set the value of estimation radius 𝑟;
6 if V < 𝑟 then
7 p is marked as an inner voxel;
8 𝐹𝐿 = 𝐹𝐻 = 𝑓(𝑝);
9 else
10 𝑝 is considered to be the boundary voxel;
11 use the second order Runge-Kutta method to search FL and FH value of 𝑝;
12 end
13 end
14 compute the depth information for each voxel;
15 construct the depth LH histogram and design the transfer function;
16 visualize the volume data according to the transfer function;

Algorithm 1: Region space guided visualization.

identification boundary voxels can then be formulated as in
(5):

𝑝 ∈ 𝑆𝑖𝑛𝑛𝑒𝑟 V < 𝑟
𝑝 ∈ 𝑆𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 (5)

where 𝑆𝑖𝑛𝑛𝑒𝑟 is the set of voxels inside the materials and𝑆𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦 is the set of voxels on the boundaries. Thus the voxel
that difference between it and the voxels in Ω falls out of the
range of 𝑟 is considered to the boundary voxel.

In the region where the complex boundary exists, using
the single criterion will result in boundary determination
error. Since some boundaries only appear at a certain depth
and then disappear when they reach a certain depth, the
complex boundaries can be further differentiated according
to the depth information. Then a modified 2D histogram
is created using the region space based method with depth
information. In this paper the points in the original histogram
are further grouped according to the corresponding depth.

A 2D transfer function can then be specified based on
the created LH histogram by selecting relevant areas and by
assigning them color and opacity.The corresponding features
in the volume data can thus be explored. The details of the
proposed method are given in Algorithm 1.

3. Results and Discussion

In this section, some data sets are used as the test data,
including tooth data and sheep heart data, to evaluate the
performance of the proposed transfer function. The size of
data set is 256×256×161 and 352×352×256, respectively. All
the experiments are carried out on the computer with Intel
Core i5 2.66G, 4.00G RAM and graphics card of NVIDIA
GeForce GT 650.

Biomedical volume data produced by current nonin-
vasive devices such as CT and MRI scanners are usually
accompanied by serious noise, which will generate poor

visualized image and cause the blur objects in the resulting
image. Thus the MLP neural network is implemented to
denoise the volume data. In the experiments, the union of
the LabelMe dataset is used to train MLP which contains
approximately 150,000 images. Before training, the data are
filled with padding operation and each pixel is filled with
6 pixel sizes. The noise level 𝜎 is set to 10. We use a patch
of size 39×39 to generate the predicted patch and then
adopt a filter of size 9×9 to average the output patches,
thus its effective patch size is 47×47. In the experiment the
learning rate 𝑟 in each layer is equal to 𝑟/N and N is the
number of input units of current layer. The basic learning
rate was set to 0.1. To improve results slightly we use the
sliding window method with stride size of 3 which weights
denoised patches with a Gaussian window instead of using
all possible overlapping patches. Figure 2 compares the image
denoising results of nonlinear enhancement and MLP neural
network on the tooth data. The Peak Signal to Noise Ratio
(PSNR) with the nonlinear enhancement filtering is 41.4294,
and the Structural Similarity Index (SSIM) is 0.9325. The
PSNR with the MLP method is 41.4294, and SSIM is 0.9325.
As one can see, the MLP network produces more visually
pleasant results. Compared with original data, noise in the
homogeneous region is suppressed and the quality of the
image is improved.

In LH histogram, points around diagonal represent inte-
rior of materials. Regions including those points are thus
assigned to lower opacity in the transfer function to fade
unimportant information out. Remainder regions are the
accumulation of boundary voxels which contain features
of interest. Figure 3 shows LH histogram and rendering
result of the original tooth data and MLP denoised data.
Figure 3(a) describes the created LH histogram (left) and the
corresponding rendering result with original tooth data set
(right). Figure 3(b) shows the LH histogram (left) based on
the denoised data. From Figure 3(b), we can see the more
compact separation of points in the LH histogram, which is
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(a)

(b)

(c)

Figure 2: Preprocessing results of tooth dataset. From top to
bottom: original slice data, denoised images by the nonlinear
enhancement algorithm, and denoised images by MLP. (a) Original
slice data; (b) nonlinear enhancement denoised result; (c) MLP
denoised result.

on account of the suppression of noise in the homogeneous
region and enhancement of the boundaries between mate-
rials. Since the noise is suppressed effectively, boundaries
between different materials can be visualized more clearly. As
shown in Figure 3(b), the fact which is specifically manifested
through the experiment result is that dentine-enamel (yellow)
is explored exactly and noises around the root of the dentine
are considerably removed.

Figure 4 shows the created LH histogram and rendering
result on the anisotropic diffusion enhanced tooth volume
data using the conventional and regional criteria based
method. The number of iteration of the nonlinear filtering
is the process ordering parameter. Figure 4(a) presents the
visualization result of enhanced data using the conventional
method. The gradient magnitude threshold for investigating
the FL and FH intensity profile is set to 10. Figure 4(b) shows

the LH histogram constructed and corresponding rendering
images through regional criteria based method. Here the
region range 𝑟 is set to 1.6. As shown in Figure 4(b), since the
noise is suppressed and the path tracing for FL and FH value
starts with regional criteria, the distribution of separated
parts of points that correspond to different features is more
concentrate in LH histogram, which thus ensures a more
accurate identification of boundary voxels. The fact which
is specifically manifested through two experiment results is
that noises around the root of the dentine are considerably
removed, and the phenomenon of blurred boundary is
removed and various boundaries of the tooth, i.e., enamel-
air (white), dentine-enamel (yellow), pulp-dentine (red), and
dentine-air (pink) boundary, are revealed clearly in the final
image.

Figure 5 shows the rendering result after introducing
depth information into region space with the MLP aug-
mented data. Classifying boundary voxels through conven-
tional LH histogram will result in the confused boundary
exploration. From Figure 4, we can see that there exists
a visible discontinuity in the pulp-dentine boundary. This
discontinuity is due to classifying those boundary voxels of
the dentine tissue falsely. Because the boundary appears at a
specific depth, for example, the tooth enamel is in the region
near the human eye, while the medulla is at the depth far
away from the human eye, thus we add depth information
for the histogram construction and can obtain the distinct
boundary. In our experiment the depth of enamel is about
120 and the depth of medulla is about 80. As shown in the
result image in Figure 5(a), since more voxels are classified
into boundary voxels via the transfer function which is
designed based on LH histogram with depth information in
region space properly, the discontinuity of the pulp-dentine
boundary (red) in Figure 4 is corrected. And the exact pulp-
dentine boundary is revealed in the rendering result image.
The rendering time of the proposed method is 1.1s, which
enriches real-time interaction property of visualization.

Figure 6 shows the denoising result of sheep heart slice
data and gives the rendering result via the proposed region
space guided transfer function. Figure 6(a) shows the original
slices. In Figure 6(b), the two corresponding denoised results
are presented. It is obvious that preprocessing for tissues of
the sheep heart such as the muscle and the fat is effective in
decreasing noise and the boundary details are consequently
remained. Fine structural features of interesting in the sheep
heart are thus clearly visualized through the region space
based transfer function with the augmented data and, as in
Figure 6(c), the fat of sheet heart is colored in yellow and the
muscle is red. The profile of sheep heart is colored by white.
From the result, structures of the sheep heart are thus exactly
explored and the shape, spatial position, and relationship of
the tissues can be observed without ambiguity.The rendering
time of the sheep heart data set is 2.6s.

4. Conclusion

Transfer function in performance of volume rendering plays
a crucial role for exploring directly detail information hiding
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Figure 3: LH histogram and rendering result of the original tooth data and MLP denoised data: (a) LH histogram and the corresponding
rendering result of original data and (b) LH histogram and corresponding rendering result of denoised data.
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(b)

Figure 4: LH histogram and corresponding rendering result with nonlinear enhanced tooth dataset through the conventional and region
criteria based method: (a) LH histogram based on conventional method with gradient threshold of 5 and the corresponding rendering result
and (b) LH histogram based on region criteria based method and the rendering result.

(a)

Figure 5: Rendering result of MLP augmented tooth dataset with two methods: (a) rendering result based on region criteria based method
and (b) rendering result based on depth enhanced method.

in data as well as enhancing important boundaries. In this
work we first implement the MLP neural network on volume
data to denoise while preserve the boundary. This method
can considerably improve quality of volume data acquired
by devices. Then we improve the LH method by combining

the regional depth information to achieve the transfer func-
tion semiautomatic generation. This method can avoid the
influence of noise and make the voxels more centralized.
In the LH histogram the voxel distribution at the diagonal
line is more concentrated, and the boundary of important
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(a) (b)

(c)

Figure 6: Visualization result of augmented sheep heart dataset with region space guided transfer function: (a) the original sheep heart data;
(b) the denoised data; (c) rendering result of sheep heart with the denoised data.

objects are effectively emphasized. The features of interest in
the data can thus be found exactly by mapping scalar value
of boundary voxels which correspond to the points in LH
histogram to appropriate opacity and color.
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