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Abstract—Volume visualization is a powerful technique for
depicting layered structures in 3D volume data sets. However, it
is a major challenge to obtain clear visualizations of a volume
with layers clearly revealed. In particular, the specification of the
transfer function is frequently a time-consuming and unintuitive
task in volume rendering. In this paper, we describe a global optimization and two user-driven refinement methods for modulating
transfer functions in order to assist the exploration of volume
data. This optimization is dependent on the distribution of scalar
values of the volume data set and is designed to reduce general
occlusion and improve the clarity of layers of structures in the
resulting images. The user can explore a volume by interactively
specifying different priority intensity ranges and observe which
layers of structures are revealed. In addition we show how the
technique can be applied for time-varying volume data sets by
adaptively refining the transfer function based on the histogram
of each time-step. Experimental results on various data sets are
presented to demonstrate the effectiveness of our method.

I.

I NTRODUCTION

Transfer functions play an essential role in volume rendering. Through the assignment of visual properties, including
color and opacity, to the volume data being visualized, transfer
functions impact the final rendering of the data set and thus
affect which structures will be visible to the user. However obtaining an effective transfer function is a non-trivial task, which
often entails time-consuming tweaking until a desired aesthetic
quality is achieved in the resulting rendering. Although a
number of automatic or semi-automatic approaches have been
developed, transfer function design remains a challenging
problem [1] [2].
For end users, such as physicians, who may not have
much experience in volume rendering and transfer function
design, a user-friendly approach that allows them to intuitively
explore volume data sets is very desirable. As fully automatic
approaches cannot currently guarantee satisfactory results in
every case, exploratory approaches with simple and efficient
interaction are highly desirable.
In this paper, we propose a novel approach to refine the
transfer function based on the distribution of the scalar values
of the volume data set. Firstly, we propose an automatic step
to refine the transfer function that improves the rendering of
volume data by reducing overall occlusions with no previous
assumptions of the data set. Furthermore, we propose two
interactive methods that extend on the optimization technique
in order to enhance specific intensity ranges within the data
as identified by the user. The process is fast and intuitive and

allows the user to provide customized views of the data to aid
in visual exploration of the volume data set.
II.

R ELATED W ORK

Various strategies have been proposed to simplify transfer
function specification [1]. Overlapping intensity intervals corresponding to different materials make boundary detection difficult. Classical approaches try to detect boundary information
between tissues by introducing derived attributes such as first
and second derivatives to isolate materials [3] [4] [5]. In this
case, the transfer functions are extended to multidimensional
feature spaces. As a result, the interaction of transfer functions
becomes more complex and unintuitive as the dimensionality
becomes higher. Even in the case of two-dimensional transfer
functions, a considerable amount of user interaction is required
in order to come up with meaningful results [2].
Rezk-Salama et al. [6] presented high-level semantics to
abstract parametric models of transfer functions in order to
automatically assign transfer function templates. Bruckner and
Gröller introduced the concept of style transfer functions [7],
which aim to produce more comprehensible images by using
transfer functions that map input values to different nonphotorealistic rendering styles. Wu and Qu [8] developed a
method that uses editing operations and stochastic search of
the transfer function parameters to maximize the similarity
between volume-rendered images given by the user. Finding
good transfer functions for time-varying volume data is more
difficult than for static volume data, as data value ranges
and distributions change over time. Jankun-Kelly and Ma [9]
examined how to combine transfer functions for different timesteps to generate a coherent transfer function. Tikhonova et al.
[10] presented an explorative approach based on a compact
representation of each time step of the dataset in the form
of ray attenuation functions. Ray attenuation functions are
subsequently used for transfer function generation.
A number of approaches have been proposed to automate
the design of transfer functions. Maciejewski et al. [11]
described a method to structure attribute space in order to
guide users to regions of interest within the transfer function
histogram. Chan et al. [12] developed a system to optimize
transparency automatically in volume rendering based on
Metelli’s episcotister model to improve the perceptual quality
of transparent structures. Correa and Ma [13] proposed the
visibility histogram to guide the transfer function design. In
a later work [14], they generalized the visibility histogram
and proposed a semi-automatic method for generating transfer

air
-1000

fat
-100 to -50

soft tissue
+100 to +300

bone (cancellous/dense)
+700 to +3000

TABLE I: Hounsfield units of some typical substances [18]

functions by maximizing the visibility of important structures
based on the visibility histogram, which represents the contribution of voxels to the resulting image. Ruiz et al. [15] also
used visibility as a main parameter for the transfer function
specification. Their method obtains the opacity transfer function by minimizing the informational divergence between the
visibility distribution captured by a set of viewpoints and a
target distribution defined by the user. Later, Bramon et al. [16]
extended this approach to deal with multi-modal information.
The approach in this paper is based on our previous
work[17] on optimizing transfer functions by minimizing the
variance of control point weighting, which is generated from
the intensity distribution of the data set. User-selected regions
are taken into account, in order to enhance priority intensity
ranges of importance to the user in the resulting image, and
the approach, in contrast to others discussed previously, is
viewpoint-independent. In this paper, we extend this further by
introducing an intensity-based method to facilitate interactive
exploration of volume data sets. In addition, we provide a
more generalized approach to the distribution of control points,
which in the original paper was limited to simplified tentshaped distrubtions. Finally we describe how to propagate
optimisation of the transfer functions through different timesteps of time-varying data volume sets.
III.

BACKGROUND

A. Transfer Function Specification
In the specification of a 1D (intensity-based) transfer
function, the user essentially assigns a color and/or opacity to
a certain point in the histogram of scalar values in the data set.
In practice, the user would be presented with an interface that
allows them to set up several control points which corresponds
to a certain kind of material or structure. The user then defines
a mapping from each control points to some visual property
(e.g. color) resulting in voxels of the corresponding intensity to
be rendered in that color. Figure 1 displays four typical shapes
used in transfer function design. If a volume data set contains
complex structures, tent-like shapes are desirable in revealing
isosurfaces of structures and seeing through inner structures.
Otherwise, the ramp shape and other shapes can also reveal
structures effectively.

Fig. 1: Typical transfer function shapes [19]

Fig. 2: A transfer function with tent-like shapes

Figure 2. The user finds three intensity intervals of interest
and then sets up three sets of control points in order to
visualize these intensity intervals. The opacity of the three
peak control points are assigned equally as they are equally
important. However, if the distribution of voxels follows p(x)
(the blue curve), the voxels of the leftmost intensity intervals
may completely occlude voxels of the other two intensity
intervals in the resulting image. The global optimization in our
approach aims at reducing this kind of occlusion by modulating
the opacity of the transfer function based on the distribution
of scalar values of the volume data set.
B. Entropy of Volume Data

In order to design transfer functions effectively, it is
commonly required that users have prior knowledge about
which intensity ranges are relevant or which regions should be
emphasized in the data. This is especially the case in medical
visualization. For instance, in computed tomography (CT) data
the intensity ranges are determined by the Hounsfield scale
(Table I). The user may expect the constituent’s intensity of
CT data to follow the Hounsfield scale and thus set up control
points accordingly.

In computer graphics, information-theoretic measures, such
as entropy and mutual information, have been applied to solve
multiple problems in areas such as view selection [20] [21],
flow visualization [22], multi-modal visualization [23] [16] and
transfer function design [24] [25]. Information theory provides
a theoretic framework to measure the information content (or
uncertainty) of a random variable represented as a distribution
[26]. Consider a discrete random variable X which has a
set of possible values {a0 , a1 , ..., an−1 } with probabilities of
occurrence {p0 , p1 , ..., pn−1 }, we can measure the uncertainty
of the outcome with the entropy H(X), which is defined by
X
H(X) = −
p(x) log p(x)

Another consideration is that interior structures are likely
to comprise far fewer voxels and are often occluded by
the surrounding material. Consider the transfer function in

where the summation is over the corresponding alphabet and
the convention 0 log 0 = 0 is taken. The term − log p(x)

x∈X

represents the information content associated with the result x.
If the entire volume data set is treated as a random variable,
I(ax ) = − log p(x) represents the information content of a
voxel ax with intensity x, and the entropy gives us the average
amount of information of a volume data. The probability p(x)
is defined by p(x) = nnx , where nx is the number of voxels
with intensity x and n is the total number of voxels in the
volume data.
Bordoloi and Shen [20] described a noteworthiness factor
to denote the significance of the voxel to the visualization.
The noteworthiness should be high for the voxels which are
desired to be seen, and vice versa. The noteworthiness of voxel
j is defined as Wj = αj Ij = −αj logfj , where αj is the
opacity of voxel j looked up from the transfer function, Ij is
the information carried by voxel j, which can be derived from
the frequency of its histogram bin fj . -log fj represents the
amount of information associated with voxel j.
IV.

histogram) are also used in our weighting. We define the
significance factor of the intensity x as
s(x) = −α(x)p(x) log p(x), x ∈ [0, 1]
In the significance factor s(x), p(x) is computed from the
histogram of the data set, and α(x) is the opacity function
that we want to modulate. The significance factor should be
high for the voxels which are desired to be seen, and vice
versa. Then we define the weight of the i-th edge (the segment
between vi and vi+1 ) as
Z
e(i) =
s(x)dx
x∈[xi ,xi+1 ]

where i ∈ [0, n] and x ∈ [0, 1].
Hence the energy function with distance factors for the
intensity x0 of the transfer function can be defined as the
variance of edge weights with the distance factors

M ETHOD

In this section, we present a transfer function refinement
approach for modulating the opacity associated with the control points in a transfer function and combine it with user
interaction to specify priority areas or intensity values of
importance in the resulting image. In previous work [17] we
proposed a weighting of control points of transfer functions
and an optimization method to minimize the energy function
based on this weighting. However, this approach was limited to
refining transfer functions with tent-like shapes and processing
static volume data sets. In this paper we extend this approach
with a more general distribution of weightings and energy
function, so that it can handle any form of one-dimensional
transfer function based on control points. In addition, an
interaction widget (as in Figure 8) is introduced to allow users
to explore the data sets by emphasizing certain intensity values
and see the optimized output immediately.
In our approach, the user has control of the transfer
functions by setting up control points as input for the optimization or tweaking the resulting transfer functions after the
optimization. For example, the user can leave out less relevant
data ranges by not covering the data ranges with shapes formed
by control points (as in Figure 1). In the case of refining
existing transfer functions, users also have the flexibility to
refine the input transfer functions partially and keep certain
control points constant during the optimization.
A. Weighting of Transfer Function Components
The goal of our transfer function refinement approach is to
balance the opacity settings so that voxels of more significance
contribute more and voxels of less significance contribute less
to the resulting images. Given the intensity of the control
points v1 , v2 , ..., vn of the transfer function t are x1 , x2 , ..., xn
and the corresponding opacity are α(x1 ), α(x2 ), ..., α(xn ).
The intensity range of the transfer function is normalized to
[0, 1]. For the convenience of discussion, two control points
v0 and vn+1 are added to the lower bound and the upper
bound respectively, and x0 = 0, α(x0 ) = 0, xn+1 = 1 and
α(xn+1 ) = 0.
Similar to the noteworthiness factor by Bordoloi and
Shen [20], opacity and probability (derived from the intensity

E=

n
X
(e(i) − e(i))2
i=0

where e(i) is the mean of edge weights, i.e.
Pn
e(i)
e(i) = i=0
n
Consequently, minimizing the energy function is equivalent
to flattening the curve of the edge weights.
B. Optimizer
Constraints are introduced in the search of the parameter
space. Control points would only be moved vertically in
the transfer function space. In other words, only the opacity
associated with control points would be changed. The intensity of control points remains the same. Also, those control
points that are marked as constant would not be updated in
the optimization process. These constraints are based on our
assumption that the intensity intervals associated with control
points are the user’s intensity intervals of interest. The user
has explored the volume data and set up the transfer function
according to his/her needs. Our algorithm aims to help the
user reduce occlusion while preserving the user’s knowledge
or judgements of the data set.
A greedy strategy is employed in our algorithm to minimize
the energy function. In each iteration, two operations are
performed:
•

Find the edge with the highest weight in the transfer
function and reduce the opacity of the control point
at its upper end (the vertex with a larger significance
factor in the edge’s two adjacent vertices).

•

Find the edge with the lowest weight in the transfer
function and increase the opacity of the control point
at its lower end (the vertex with a smaller significance
factor in the edge’s two adjacent vertices).

In our implementation, the optimization ends when it
reaches a user-specified iteration count. The two step sizes
in reducing opacity and increasing opacity can both be userspecified, or the first one is user-specified and the second one is

computed based on the first one and the ratio of the significance
factors of the two chosen control points. The ratio of the two
step sizes affects the overall opacity of the resulting image,
for instance, the image becomes more opaque or translucent.

Hence the energy function with distance factors for the
intensity x0 of the transfer function can be defined as the
variance of edge weights with the distance factors
Eh =

Although global optimization can help deliver images with
better overall visibility, small details may be under-enhanced
in the global optimization and certain structures in the image
may have to be further enhanced for specific purposes. For
instance, in an anatomical data set, the global optimization
may guarantee that all structures of materials such as skin,
bone and flesh are all visible however if the task of the user is
specifically to study skin, this may be counter-productive. Thus
it is clear that a flexible method guided by user interactions is
necessary to achieve various visualization goals.
In this section, we describe two alternative methods for
prioritizing specific intensity ranges in the volume data. The
first approach allows the user to interactively select a specific
intensity range target that they are interested in and a huebased distance factor is used to emphasize different intensity
ranges based on the target identified by the user. Secondly, we
describe a region-based optimization to provide an intuitive
method of interaction by choosing regions of interest in the
image that are then enhanced in the final rendering.
1) Distance Factors for User-Selected Intensity Values: We
introduce distance factors for intensity values to prioritize the
specific intensity ranges. In our implementation, the user can
select an intensity value by clicking on a color palette, which
uses the same color map in the transfer function. Assume
each control point is assigned a unique intensity value, we
can get the difference between a specific intensity value and
the intensity value of a control point.
Given the selected intensity x0 , we define the distance
factor of the i-th control point x(i) as
Dh (i) = |x0 − x(i)|, i ∈ [0, n + 1]
Linear interpolation is used to obtain the distance factor dh (x)
for the intensity x ∈ [xi , xi+1 )
dh (x) = Dh (i) + (Dh (i + 1) − Dh (i))

x − xi
xi+1 − xi

Therefore, we define the weight of the i-th edge (the
segment between vi and vi+1 ) with the distance factors as
Z
eh (i) =
dh (x)s(x)dx
x∈[xi ,xi+1 ]

where s(x) = −α(x)p(x) log p(x), x ∈ [0, 1], i ∈ [0, n].

(eh (i) − eh (i))2

i=0

C. Distance Factors for Prioritizing Intensity Ranges
The above described optimizer is an approach to balance
the global opacity and thus reduce occlusions in the rendered
images. In other words, we de-emphasize the most prevalent
voxels, which are considered to have a high probability of
occluding the rest of the scene and in particular interior
structures of the data.

n
X

where eh (i) is the mean of edge weights eh (i).
To use the energy function Eh described in this section,
we simply need to replace the original energy function with
Eh in the previously described optimization algorithm.
2) Distance Factors for User-Selected Regions: In addition
to selecting a specific intensity value, the distance factors can
also be calculated using a region selected by the user. This
region-based selection provides an intuitive method for the user
to prioritize specific intensity ranges by selecting a region with
the colors of interest in the resulting image.
We introduce region-based distance factors to prioritize the
user’s region of interest. Assume each control point is assigned
a unique color, we can get the difference between the color of
a pixel in the region (which is selected in image space) and
the color of a control point (HSV color space is used in our
implementation).
Given the color of the i-th control point is c(i), the distance
between the color of a pixel r in the region R and the color of
the i-th control point is denoted by d(r, c(i)). In our approach,
the sum of the distances D between each pixel in the region
R and the i-th control point is used to measure the difference
between the region and the control point.
X
D(R, i) =
d(r, c(i)), i ∈ [0, n + 1]
r∈R

Given the selected region R, we define the distance factor of
the i-th control point as
D(R, i)
WR (i) = Pn
, i ∈ [0, n + 1]
i=1 D(R, i)
Linear interpolation is used to obtain the distance factor wR (x)
for the intensity x ∈ [xi , xi+1 )
wR (x) = WR (i) + (WR (i + 1) − WR (i))

x − xi
xi+1 − xi

Therefore, we define the weight of the i-th edge (the
segment between vi and vi+1 ) with the distance factors as
Z
eR (i) =
wR (x)s(x)dx
x∈[xi ,xi+1 ]

where s(x) = −α(x)p(x) log p(x), x ∈ [0, 1], i ∈ [0, n].
Hence the energy function with distance factors for the
region R of the transfer function can be defined as the variance
of edge weights with the distance factors
ER =

n
X
(eR (i) − eR (i))2
i=0

where eR (i) is the mean of edge weights eR (i).

Similarly, in order to use the energy function ER , we
need to replace the original energy function with ER in the
previously described optimization algorithm.
The distance factors described in this section measure the
dissimilarity between a selected region and a control point.
Therefore the distance factor would be small if the region
has an overall color similar to the color of the control point.
Since we are minimizing the energy function, which is the
variance of the edge weights, reducing the distance factors
of those control points, which are related to the selected
region, will result in their opacity values being increased. As
a result, the features (in this case, the intensity intervals) in
the selected regions will be enhanced and other features will
be de-emphasized in the rendered image. Since the distance
is measured in the color space, the choice of colors for the
control points affects the distance measured and thus affects
the weighting function.
D. Adaptive Transfer Functions for Time-Varying Data Sets
In time-varying data sets, the data value ranges and distributions change among time-steps. A single global transfer
function may not be able to adequately catch the details of the
data set. Therefore we exploit the transfer function optimizer
(as discussed in Section IV-B) to locally refine the transfer
function for each time-step in the data set. In this case, the
user specifies a transfer function for a single time-step of the
time-varying data set and using either of the two interaction
methods (as discussed in Section IV-C) to specify priority
intensity ranges. The transfer function designed for this timestep is taken as an input transfer function and optimised again
based on the histogram of the next time-step. Subsequently,
the output of next time-step is taken as input of the time-step
after it and so forth.
V.

R ESULTS AND D ISCUSSIONS

In this section, we present some results to demonstrate the
effectiveness of our approach on the CT-knee (379 × 229 ×
305) and VisMale head (128 × 256 × 256) datasets [27] and a
time-varying data set of a simulated turbulent vortex flow (128
× 128 × 128, 100 time-steps) [28]. Results were generated
in our volume rendering system (Figure 3) on a computer
equipped with an Intel Core i5-2410M CPU, 8GB of RAM
and a NVIDIA GeForce GT 540M graphics card.
Automatically generated transfer functions with ramps and
tent-like shapes are provided as initial input to the optimizer.
Figure 4 displays a continuous transfer function. The ramps are
formed by a series of control points with corresponding colors
from the color map. Figure 6 displays a transfer function with
several evenly distributed tent-like shapes. Each tent-like shape
consists of a peak control point and two bottom control points.
The peak control points are movable while the bottom control
points are marked as constant to maintain the tent-like shapes.
Note that the transfer functions consisting of equidistant
and equal height tent-like shapes (as in Figure 6) are just
provided as naive examples of user designed transfer functions
and used as input to the optimizer. In practice, users would
design transfer functions (which consist of ramps, tent-like or
other shapes) according to the characteristic of the data sets
and the intensity ranges that they are interested in.

Fig. 3: A screen shot of our volume rendering system

The initial opacity values of control points will affect the
overall opacity level of the resulting image after optimization.
Because there are omitted intensity ranges (the gaps) in transfer
functions with tent-like shapes, the initial opacity values should
be higher in transfer functions with tent-like shapes than in
continuous transfer functions. In transfer functions with tentlike shapes (as discussed in Section III), the opacity of the top
control points are set to 1/2 and the opacity of the bottom
control points are set to 0. The bottom control points are
fixed to 0 in order to keep the tent-like shapes in the transfer
functions. By contrast, all control points in continuous transfer
functions are movable vertically except that control points v0
and vn+1 are fixed and serve as the boundary. The opacity of
control points are set to 1/6 in continuous transfer functions.
The color maps used in the transfer functions in our system are
evenly sampled from a spectrum (with hue from 0◦ to 360◦ in
HSV color space). In the optimization, the two step sizes for
reducing opacity and increasing are both set to 1/256.
A. Automatic Transfer Function Refinement
Firstly, we demonstrate the global optimization with continuous transfer functions. In Figure 4, the CT-Knee data set is
rendered with a naive transfer function consisting of 6 tent-like
shapes of various colors with equal opacity. Figure 5 shows the
resulting image rendered with the optimized transfer function.
We tested this specific example as joints are popular regions
of interest in medical visualization. The knee in particular
is a commonly studied joint. In Figure 4, only parts of the
skeleton are visible. The rest is occluded by the surrounding
material (such as the skin and muscles). After optimization
(Figure 5), the surrounding tissues become translucent, hence
the skeleton is exposed and the knee joint is visible, while
the overall context is preserved. We argue that in the absence
of any previous assumptions on what the user is looking for,
the global optimization provides a more balanced initial view
before deeper exploration of the data.
Although the continuous transfer function is useful in
automatic transfer function generation, in typical volume visualization programs, users often prefer much more simplified
transfer functions, e.g. a small number of control points such
as in transfer functions with tent-like shapes. Figure 6 is the
CT-Knee data set rendered with the transfer function. We show

(c)

(b)

(a)

Fig. 4: Before optimization: CT-Knee with a continuous transfer function (a) Preliminary view of data set (b) A continuous
transfer function with a ramp (c) Histogram of the data set

(a)

Fig. 6: Before optimization: CT-Knee rendered with a transfer
function consisting of tent-like shapes (a) Preliminary view of
data set (b) A transfer function with 6 tent-like shapes

(b)

Fig. 5: The transfer function from Figure 4 after optimization:
(a) Optimized transfer function) (b) Optimized output

(b)

(a)

(a)

(b)

Fig. 7: The transfer function from Figure 6 after optimization:
(a) Optimized transfer function (b) Optimized output

in Figure 7 that our optimization can also benefit such simpler
transfer functions.
In practice we observed that the energy function usually
converges to a small but non-zero value. As the number
of control points increases, it takes more iterations for the
optimization to achieve a stable state - a number of tent-like
shapes ranging from 4 to 16 was found to be the most effective.
Our approach is relatively lightweight, e.g. we observed that
the optimization finished within one second on the CT-Knee
and VisMale data sets with transfer functions consisting of 24
control points and maximum iteration count of 1000.
B. Transfer Function Refinement with User-Selected Intensity
Values
Figure 9 shows three images of a CT-Knee data set while
different colors are selected for optimization. Since the colors
of the transfer function are generated in HSV color space by
varying the hue component. The difference of intensity values
are mapped to the difference of hue in HSV color space. By
clicking on the color palette (Figure 8), the transfer function
is instantly optimized for the corresponding intensity values.

Fig. 8: The 3 chosen colors (corresponding to different intensity values) and the transfer functions after optimization
for each intensity value. The same transfer function as shown
in Figure 4 is used as input to the optimizer. Note how the
transfer functions are enhanced for the specific intensity ranges
as compared to the result of global optimization in Figure 5.

C. Transfer Function Refinement with User-Selected Regions
Figure 10a shows the VisMale data set with a generated
transfer function of 4 tent-like shapes. Figure 10c shows the
intensity histogram of the data set. After the optimization
(Figure 10b), the outside of the head is less opaque so the inner
structures are revealed to the user. However, the intermediate
material (i.e. the skull) also becomes less clear. If the goal
is to make the skull more visible, the user could select a
region consisting of parts of the skull to generate a weighting
and perform further optimization of the transfer function. If
the material of interest is occluded by surrounding materials,

(a)

(b)

(c)

Fig. 9: The CT-Knee data with transfer functions optimized
for the 3 colors in Figure 8. (a) The materials with intensity
values mapped to red are enhanced. Similarly, the materials in
green and magenta are enhanced respectively in (b) and (c).

(c)
(a)

Fig. 11: The 3 chosen colors (corresponding to different
intensity values) for optimization. Note how different parts
of the data set are enhanced respectively in Figure 12 and
Figure 13.

(b)

(a)
(d)

(b)

(c)

(e)

Fig. 10: (a) Preliminary view of the VisMale data set. (b)
Optimized output. (c) Histogram of the data set. (d) The
user selects a region on the skull under a clipping plane. (e)
Optimized output: skull is enhanced and the outer layer is deemphasized.

Fig. 12: The vortex data at time-step 0. (a) The materials with
intensity values mapped to red are enhanced. Similarly, the
materials in green and magenta are enhanced respectively in
(b) and (c).

the user could use an axis-aligned clipping plane in order to
accurately select voxels of the skull whilst minimizing the
accidental tagging of the surrounding material (Figure 10d).
As shown in Figure 10e, the skull becomes more clear after
the region-based optimization.
D. Adaptive Transfer Functions for Time-Varying Data Sets
We demonstrate our approach on a turbulent vortex data
set [29], which consists of 100 time-steps. Our optimizer
propagates transfer functions for the time-varying data set in an
adaptive way. Specifically, the transfer function of the previous
time-step is taken as input to generate the transfer function for
the next time-step. Therefore, the transfer functions are locally
optimized for each time-step of the time-varying data set,
but as the input transfer function comes from the immediate
preceding timestep, the resulting transfer functions also exhibit
reasonable temporal coherency assuming the dataset is also
coherent. As the difference of intensity histograms among
consecutive time-steps is hard to notice, only the images of
the first time-step and a time-step in the middle of the data set
are displayed here. Figure 12 shows three images of the vortex
data set at time-step 0 while optimized for the three colors
chosen in the color palette in Figure 11. Figure 13 displays
the vortex data set at time-step 50 with the transfer functions
optimized for the three chosen colors. Figure 14 shows the
intensity histograms of the two time-steps discussed above and
the corresponding optimized transfer functions for the colors
selected in Figure 11.
VI.

C ONCLUSION

In this paper, the global optimization aims to alleviate
excessive occlusion problems in volume rendering. However,
instead of computing the view-dependent visibility of each

(a)

(b)

(c)

Fig. 13: The vortex data at time-step 50. These images show
similar results as those for time-step 0, because there are only
limited changes among the histograms of different time-steps.

(a)
(b)

(c)

(d)

(f)

(g)

(h)

(e)

Fig. 14: (a) Histogram of time-step 0. (b) Transfer function
(TF) for Figure 12a. (c) TF for Figure 12b. (d) TF for Figure 12c. (e) Histogram of time-step 50. (f) TF for Figure 13a.
(g) TF for Figure 13b. (h) TF for Figure 13c.

voxel as is necessitated in other similar approaches [14] [15],
we achieve this by balancing the opacity of voxels based
on the distribution of intensity values. Our view-independent
approach is relatively lightweight and should have better
performance in contrast to other techniques. In addition, we
propose two interactive methods that extend on the optimization technique in order to enhance specific intensity ranges
within the data as identified by the user. This mechanism
provides the ability for users to specify priority intensity ranges
in an intuitive way, thus facilitating the exploration of both
static and time-varying volume data sets.
The main limitation of the approach is that variations to the
transfer function are limited to opacity values, which limits,
to some degree, the resulting variations in output. The initial
choice of intensity ranges, number of control points and color
mapping across the histograms can affect the quality of the
final output and some prior knowledge of the data sets may
be of benefit for optimal results. On the other hand the simple
and straightforward techniques presented in this paper should
be fully compatible with independent mechanisms for choosing
optimal combinations of other visual parameters or indeed if
the user wishes to combine these with more manual choices
of parameters such as the color map. In addition, the transfer
functions in our proposed system are always editable through
the user interface. Users may benefit from the flexibility of
further tweaking the intensity or opacity of the control points
after the application of the automatic optimizations discussed
in this paper.
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