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Abstract. In this paper, we propose a novel framework which can fuse mul-
tiple user selected features in different direct volume rendered images into a
comprehensive image according to users’ preference. The framework relies on
three techniques, i.e., user voting, genetic algorithm, and image similarity. In this
framework, we transform the fusing problem to an optimization problem with a
novel energy function which is based on user voting and image similarity. The
optimization problem can then be solved by the genetic algorithm. Experimental
results on some real volume data demonstrate the effectiveness of our framework.

1 Introduction

Direct volume rendering (DVR) is a powerful and flexible volume visualization tool
and has been widely used in many fields. However, to effectively and intuitively ex-
plore volumetric data through DVR still remains a challenging issue. Due to the data
occlusion and human perception, one of the difficulties is to develop effective visualiza-
tion techniques capable of revealing multiple features simultaneously. To address this
issue, many approaches like illustrative visualization and importance-based techniques
have been proposed. However, most techniques have more or less limitations. On the
other hand, as it is easier for users to reveal a specific feature than to highlight multiple
features simultaneously in a direct volume rendered image (DVRI), a feasible solution
to the problem may allow users to select multiple features in distinct DVRIs, and then
automatically fuse those features into a comprehensive DVRI. Therefore, users can fo-
cus on one feature each time and the task for exploring multiple features is simplified.

We assume that a series of DVRIs have been generated and cached along with the
transfer functions (TFs) used. To fuse multiple features in different DVRIs, there are
two straightforward solutions, i.e., to blend those images, or to generate a new DVRI
with a new TF created by linearly combining the previous TFs. However, they both
fail to achieve our goal in most cases. Image blending does not work for our purpose
due to its limitations like losing depth cues and introducing misleading information [1].
Linear combination of the TFs does not work either. This can be mainly attributed
to the nonlinear operations of the integration used in DVR. For example, given two
DVRIs and their corresponding TFs (see Figure 2(a) and 2(b)), if users want to reveal
features appearing in both 2(a) and 2(b) by linear combination of the TFs, they can only
obtain something like 2(c) no matter what α and β are, which is far from what they
expect such as 2(d). Because there are other features, such as the intestines and muscles
between intensity d1 and d2 , linear combination in this example does not work.
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(a) (b) (c)

Fig. 1. Experiment on an MRI human head dataset: (a)-(b) Parent images with user selected fea-
tures; (c) Child image generated by fusing the user selected features shown in (a) and (b)
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Fig. 2. (a)-(b) Parent images 1 and 2, and their TFs T F1 and T F2; (c) Child image rendered with
linearly combined TF : T F3 = α ×TF1+β ×TF2, where α = 0.3 and β = 1; (d) Child image
rendered with our method by fusing (a) and (b)

To solve the general feature fusing problem, we propose a novel fusing framework,
which relies on three techniques, i.e., user voting, genetic algorithm (GA), and im-
age similarity. In this framework, we transform the fusing problem to an optimiza-
tion problem with a novel energy function based on user voting and image similarity,
which can then be solved by the GA. User votes includes the user selected features
in DVRIs and the corresponding user given scores representing how much the users
like the features. A selected feature could be either a region of interest (with high
scores) or the context (with low scores). Our approach contains some advanced char-
acteristics. First, as it is easier for users to select features in DVRIs than in volume
slices [2], our approach allows users to select multiple features directly in DVRIs in-
stead of in volume slices. The features can be then automatically fused together. Second,
we develop a general framework for fusing multiple user-selected features in DVRIs.
Compared with previous methods such as image blending and TF interpolation, our
method is more robust and general. Third, as a semi-automatic method, our approach
integrates user knowledge into the fusing process. Since the visualization goal highly
depends on the tasks and users, our system can gain valuable input from users by user
voting.

This paper is organized as follows: After reviewing previous work in Section 2, we
give an overview of our system in Section 3. The solution encoder/decoder is explained
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in Section 4. A genetic algorithm used to solve the optimization problem is described
in Section 5. In Section 6, we provide the details of the image similarity metric. Ex-
perimental results and discussions are presented in Section 7. We conclude and suggest
some future work in Section 8.

2 Related Work

Feature-based Visualization. Weiskopf et al. [3] proposed several interactive clipping
methods by exploiting the powerful capability of GPU. Viola et al. [4] developed a
novel importance-based approach capable of enhancing important features while re-
taining necessary context by generating cut-away and ghosted images from volumet-
ric data. Volume illustration techniques, first introduced by Ebert et al. [5], provide
an alternative way for focus + context visualization with abstraction techniques (non-
photorealistic rendering). Wang et al. [6] presented an interactive GPU-assisted volume
lens to magnify the regions of interest while preserving the context by compressing the
other volume regions.

Transfer Function (TF) Design. An excellent survey on TF design can be found in [7].
Marks et al. [8] developed an image-centric system which automatically generates many
perceptually different images and organizes them efficiently for users to select. Kindle-
mann and Durkin [9] presented a histogram data structure used to semi-automatically
obtain a good TF with users’ guidance. The images generated by the both approaches
can be used as inputs to our system. Ma [10] proposed a novel approach based on im-
age graphs to facilitate visual data exploration. König and Gröller [11] developed a TF
design interface paradigm which provides several specification tools for each search do-
main. Although Ma’s and König et al.’s methods used linear combination of TFs, they
cannot always get the expected results (see Figure 2).

Genetic Algorithms. Genetic algorithms are widely used in many fields like computer
graphics [12]. He et al. [13] first employed GAs to generate TFs. Our approach is in-
spired by their work, but aims at fusing different features rather than TF design from
scratch. In addition, compared with He et al.’s approach, our approach is based on image
similarity and user knowledge (or user voting). Users are allowed to control which fea-
tures will be retained or enhanced in the child images by user voting. House et al. [14]
used a GA to choose visualization parameters to optimize visualization quality.

3 System Overview

To simplify the presentation, we first introduce the following terms: Parent image for
the image with user selected features for fusing; Child image for the fused image from
parent images; Parent TF for the TF corresponding to the parent image; Child TF for
the TF corresponding to the child image. All the images are rendered by DVR.

Our system consists of four components as shown in Figure 3, i.e., solution en-
coder/decoder, genetic algorithm solver, direct volume renderer, and image similarity
evaluator. The encoder/decoder component specifies the genome representation by an-
alyzing the parent transfer functions (TFs) (denoted as T F1 · · ·T Fn in Fig. 3), and then
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Fig. 3. System Architecture

sends the genome representation to the genetic algorithm (GA) solver (see Figure 3 (a)).
The genetic algorithm solver generates new genomes (the encoded TFs) by imitating
the process of natural evolution. The expected similarity values denoted as V1 · · ·Vn in
Fig. 3 and the calculated similarity values received from the image similarity evaluator
for each parent image are used to form an energy function which measures the differ-
ences between the real calculated similarity values and the expected similarity values.
The smaller the energy value, the fitter the corresponding genome. Each intermediate
genome created in the course of the GA evolution is then sent back to the solution en-
coder/decoder (see Figure 3(b)). The decoder converts the genome to a candidate TF
which is then passed to the direct volume renderer (see Figure 3(c)). The direct vol-
ume renderer generates a child image using DVR techniques for the candidate TF. The
generated image is then passed to the image similarity evaluator (see Figure 3(d)). It
measures the similarity between the child image and each of the parent images. The
image similarity values are then sent back to the genetic algorithm solver (see Figure
3(e)) to begin the next cycle of refinement.

4 Solution Encoder/Decoder

The solution encoder/decoder specifies the genome representation by analyzing the
parent TFs. To define the optimal genome representations [15], our approach repre-
sents a TF as a one dimensional (1D) array of floating numbers. The component first
smoothens the parent TFs using a gaussian function to filter out the high frequencies
to obtain bandlimited signals. After that, it samples TFs adaptively above the Nyquist
frequency. The samples are then used to specify the genome representation. In addi-
tion, they can be used to restrict the search space to improve the GA performance. For
example, in Figure 4 there are two parent TFs denoted by different line patterns to be
fused. The points on the axis of the scalar value are the union of the sampling positions
of the parent TFs. The vertical dashed lines start with 0 and end with the maximum
opacity value of the parent TFs. They act as the range of the opacity values of the
corresponding points on the axis of the scalar value. All the opacity values on the fore-
mentioned points (on the axis of the scalar value) of each candidate child TF constitute a
genome.
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Fig. 4. The genome representation (the points on the axis of the scalar value) obtained by analyz-
ing parent transfer functions T F1 and T F2

5 Genetic Algorithm

A Genetic Algorithm (GA) is a search algorithm imitating the process of natural evo-
lution [15]. It is particularly useful for searching solutions to optimization problems,
especially when the search space is huge and unknown. The pseudo-code for the simple
genetic algorithm used in our system is shown as follows:

1: Randomly create an initial population of n genomes (encoded TFs)
2: repeat
3: repeat
4: Select a pair of genomes from the current population using roulette wheel scheme as

parent genomes such that fitter (or better) genomes are more likely to be chosen
5: Crossover (two-point crossover) the selected pair with probability pr or exactly copy

(or clone) the pair with probability 1− pr to form two new genomes
6: Mutate the two newly created genomes with mutation probability pm

7: until n new genomes (offsprings) have been created
8: Replace the current population with the n new genomes
9: until Terminating conditions such as the converging of the GA are met

Energy functions are used to measure the fitness of genomes, and return the measure-
ment to the GA where the energy values are used to determine which genomes in the
current population are more likely to be selected to survive. Thus, the energy function
has a great impact on the performance of GAs. For our system, we exploit an energy
function based on image similarity and user voting to objectively evaluate the fitness of
genomes as follows:

F =
n

∑
k=1

Vk ∗ |Vk −Sk| (1)

Where n is the number of parent images, and Vk represents the vote (or the scores) given
by users for the features in parent image k, and Sk denotes the computed image similar-
ity value between the child image and parent image k. The more detailed definition of
Sk can be found in Equations (2) in Section 6.

The Vk, from another point of view, can be also considered as the similarity value
expected by users between the child image and parent image k. It ranges from 0 to 1. It
penalizes the difference between the computed similarity Sk and the user-voted (or user-
expected similarity) value Vk. It can guarantee that the child image will get proportional
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contributions from all the parent images and will not be overwhelmed by any single one.
The GA used in our system views the genomes with smaller energy values as the fitter
ones for the problem. Using the energy function, we are able to transform the feature
fusing problem to an optimization problem, i.e., minimizing the energy function.

6 Image Similarity

In our system, we employ a contour-based similarity metric to compare two DVRIs.
The contour is one of the most important perception clues to 3D structures and can be
used to compute the similarity of objects. Thus, our system first converts the DVRIs to
grey-scale images, and detects the edge images from the grey-scale images using the
Canny edge detector. Because most contours appearing in the DVRIs also appear in
the grey-scale images, our contour-based metric still works well. After that, a Gaussian
filter is applied to smooth the edge images so that the pixels without an edge covering
can also obtain contributions from the nearby edges. We set the size of the filter to be
5×5 for 512×512 images, and 3×3 for 256×256 images. The image similarity can
then be computed pixel by pixel.

The image similarity value Sk between the edge image of the child image and the
edge image of each parent image k is computed as follows:

Sk =
∑height

y=1 ∑width
x=1 Q(x,y)

Nparent
(2)

Q(x,y) =
{

1 if P(x,y) < threshold
0 Otherwise

(3)

P(x,y) = |K(x,y) −K′
(x,y)| (4)

where Nparent in Equation (2) is the number of all pixels on the edges of the parent k’s
edge image. threshold in Equation (3) is a parameter set by the system, and P(x,y) in
Equation (4) represents the difference between two corresponding pixels and K and K′
are the Gaussian filtered child and parent edge images with resolution (width, height).

Notice that we consider only the pixels on the parent edge image k for Sk, i.e., Equa-
tion (2) is only computed if K′

(x,y) �= 0. If there are user-selected features in the DVRIs
which are to be compared, our system considers only the pixels within these features.
Thus, the Nparent in Equation (2) becomes the number of pixels within the features on
the edges of the parent edge image.

To determine the default threshold in Equation (3), we conducted extensive exper-
iments on real volume data. All the edge images to be compared are 8-bit grey-scale
images. After extensive experiments, we observed that the similarity values returned
by the similarity evaluator was very similar to what users perceived when the threshold
ranged from 60 to 90. Based on this, the threshold was fixed to be 80 for all experiments
in this paper. An example of computed tomography (CT) human head volume data is
shown in Figure 5. Figure 5(a) and 5(c) are two parent images. Figure 5(e) was gener-
ated by fusing features appearing in Figure 5(a) and 5(c). Figure 5(b), 5(d), and 5(f) are
their corresponding edge images. Figure 5(g) shows the similarity value distribution in
terms of different threshold. From the figure, we can observe that when the threshold
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Fig. 5. Experiments for image similarity on CT human head volume data with different threshold
in Equation 3: (a) Parent image 1; (b) Parent edge image 1; (c) Parent image 2; (d) Parent edge
image 2; (e) Child image; (f) Child edge image; (g) Similarity value distribution in terms of
different threshold

ranges from 60 to 90, the similarity value S1 for Figure 5(e) and 5(a) will vary from
0.53 to 0.7, while S2 for Figure 5(e) and 5(c) will vary from 0.3 to 0.38. This is similar
to what users perceive. We also carried out the experiments on other volumetric data,
such as CT engine data, CT human tooth data, and Magnetic resonance imaging (MRI)
head data and found similar results. The image resolution was 512× 512 and the size
of the gaussian filter we applied was 5× 5. Finally, we did the above experiments on
images with 256× 256 image resolution and with a 3× 3 gaussian filter and obtained
similar findings as well. Thus, to improve the system’s performance, we can use the
256×256 image resolution and 3×3 gaussian filter in the fusing process for DVR and
image similarity computing.

7 Experiment Results and Discussions

Our system was implemented in C++ based on the VTK 5.0 library [16]. We tested the
system on a Pentium(R) 4 3.2GHz PC with 1GB RAM and an Nvidia Geforce 6800
Ultra GPU with 256MB RAM. The sampling rate of DVR was two samples per voxel
along each ray. For the sake of performance, the rendered image resolution was 256×
256 in the fusing process and was then switched to 512× 512 after fusing. Following
Jong’s suggestion [17], we set the population size to be 10, the crossover rate to be 0.6,
the mutation rate to be 0.05, n to be 20, and k to be 1.005 for the GA. In the following
experiments, we obtained sufficiently good results within acceptable time frames.

We carried out the first experiment on a CT engine dataset (256×256×128) to verify
the effectiveness of the fusing while taking user-selected features into account. We gave
0.4 scores to all the features shown in Figure 6(a) and 0.6 scores to the feature selected
by a rectangle in Figure 6(b). The result is shown in Figure 6(c). From the result, we can
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(a) (b) (c)

Fig. 6. Experiment on a CT engine dataset: (a) Parent image 1; (b) Parent image 2 with a feature
selected with a rectangle; (c) Child image generated with V1 = 0.4 and V2 = 0.6

(a) (b) (c)

(d)

Fig. 7. Experiment on a CT carp dataset: (a) Parent image 1; (b) Parent image 2; (c) Parent image 3
with a user-selected feature indicated by a rectangle; (d) Child image obtained by fusing features
in (a) with 0.3 scores, features in (b) with 0.4 scores, and the user-selected feature in (c) with 0.3
scores

see that the user-selected feature is emphasized in the child image according to users’
preference. The result was generated within 48 seconds.

Our approach was not limited to fusing only two DVRIs. In the second experiment,
we fused the features in multiple DVRIs into a comprehensive one based on users’
preference. We carried out the experiment on a CT carp dataset (256× 256× 512). In
this experiment, we fused all the features shown in Figure 7(a) with 0.3 scores and
7(b) with 0.4 scores, and a feature (the swimming bladder) selected by a rectangle in
Figure 7(c) with 0.3 scores together into a comprehensive image. Figure 7(d) shows the
resulting image generated within 40 seconds.

We did the last experiment on an MRI head dataset (256×256×256) to demonstrate
that our approach is able to generate a fused image containing the user selected features
with clearer contours. The image shown in Figure 1(b) was created by a semi-automatic
TF design method [9]. However, the semi-automatic method could not easily obtain an
image revealing the inner structures of the head. Thus, we manually created an image
(see Figure 1(a)) with a simple TF capable of revealing the inner structures of the data.
But this image was not as good as what we expected, because the ear disappeared and
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the inner structures like the brain were not clear enough. To solve these problems, we
specified the features with curves in Figure 1(a) and with rectangles in 1(b). After that,
we fused these features with V1 = 0.6 and V2 = 0.4. In the fusing process, our approach
favored only those candidate images with clear contours within the specified regions.
Figure 1(c) shows the result generated within 47 seconds.

8 Conclusion and Future Work

In this paper, we present a novel visualization technique which fuses multiple user se-
lected features in distinct DVRIs into a comprehensive DVRI. We develop a general
framework for the fusing problem. We view the fusing problem as a parameter opti-
mization problem, which can then be solved using a genetic algorithm. To measure the
fitness of a candidate image, we propose an energy function based on image similarity
and user voting. Our approach is easy to use, especially for non-experts like physicians,
because it is much easier for them to extract one feature in the volume data than to
reveal multiple features simultaneously. In addition, our system allows users to directly
select and identify features in DVRIs, which is more convenient and accurate than in
volume slices. To fuse multiple features from several DVRIs, users usually do not need
to set any parameters other than the scores voted for the features.

There are many possible venues for future work. Our implementation was not highly
optimized for performance. The running time for each fusing on the tested volumetric
datasets was about 50 seconds. We plan to exploit GPU-accelerated GAs [18] and DVR
to greatly reduce the running time of our algorithm. We also plan to develop more
sophisticated image similarity metrics for complex transparent DVRIs and test them
with more real volume datasets. We assume that the viewpoint stays unchanged in the
fusing process. We will extend our system to fuse features in DVRIs rendered from
different viewpoints.
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