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Figure 5: Representative isovalue selection algorithm applied to a CT data set. The isosurface similarity map is shown on the
left and the six most representative isovalues are marked. The corresponding isosurfaces are depicted in the middle section
numbered from one to six with decreasing relevance. The image on the right shows a cutaway view of the data set classified

according to maximum similarity with the six isovalues.

sen, one so on. Thus, our strategy recursively partitions
the set of isovalues V by selecting the maximum of the
similarity distribution for the current subset. The chosen
isovalue m is inserted into a priority queue Q based on its
similarity distribution value weighted by the number of
isovalues in the current subset. The following procedure
prioritize(Q,V) summarizes these operations:
m < argmaxSDy (i)
h,‘2 |4
p < |V[SDy(m)
enqueue(Q;m; p)
Vi « {hev:1<i<m} (15)
prioritize(Q; V1)
Vo « {hieV:m<i<|V|}
prioritize(Q; V)

Step 2 — Next, we remove the isovalue A, with maximum
priority from the queue. To prevent similar values from
being chosen, all remaining entries are penalized based
on their similarity with the selected value in the following
manner:

Di
4 16
P T SMy (i) (o
where p; is the priority of the i-th item in the queue and £,
is the selected value with the highest priority. This process
repeats until no more items remain in the queue.

This simple algorithm results in a reordering of the isoval-
ues. Early values in the resulting order have high similarity
with many other isovalues, i.e., they represent a certain range
of isovalues well, but low mutual similarity meaning that
they are likely to correspond to distinct structures. One ma-
jor advantage of this approach is that it does not require any
kind of threshold or parameter. The user can simply exam-
ine the isosurfaces in the order generated by the algorithm.
After the first few isovalues corresponding to distinct fea-
tures of the data set, subsequent values will typically be less

(© 2010 The Author(s)
Journal compilation (©) 2010 The Eurographics Association and Blackwell Publishing Ltd.

Figure 6: Automatically classified CT data set using the
eight most representative isovalues.

representative values for the same structures as no further
dissimilar values can be found.

An example is shown in Figure 5. The six most repre-
sentative isovalues of a CT data set determined using the
described algorithm are marked in the isosurface similarity
map and the corresponding isosurfaces are shown numbered
from 1 to 6 with decreasing relevance. While the first three
values correspond to distinct structures, the remaining ones
only partially segment these features. The righthand side of
the figure depicts a cutaway view where each voxel is clas-
sified according to its maximum similarity with any of the
six isovalues — as the first three isovalues exhibit more sim-
ilarity, the three less relevant isosurfaces are not visible. A
further result for the classification of CT data using the most
representative isovalues is shown in Figure 6. In CT data
sets, there is a clear correspondence between isovalues and
different tissue types. Even though other types of volume
data do not exhibit the same kind of relationships and are
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Figure 7: Representative isovalue selection algorithm applied to an MRI angiography data set. The isosurface similarity map
is shown on the left and the eight most representative isovalues are marked. The corresponding isosurfaces are depicted in the
middle section numbered from one to eight with decreasing relevance. The image on the right shows a cutaway view of the data
set classified according to maximum similarity with the eight isovalues.

therefore difficult to classify based on isovalues alone, our
approach can still identify salient structures in these cases.
Figure 7 shows an MRI data set and its eight most represen-
tative isovalues as identified by our method. In all depicted
examples the only manual interventions were specification
of the viewpoint and clipping.

5. Implementation

Our tool for the generation of isosurface similarity maps was
implemented in C++. The computation process involves two
steps. First, the distance transforms for all isovalues are com-
puted. As this can, depending on the resolution, require a
substantial amount of space they are immediately written to
disk in compressed form. In the second step, we compute
the mutual information of the distance transforms for each
pair of isovalues. Since mutual information is a symmetric
measure, only half of the combinations need to be evaluated.
The computation is performed by generating the joint his-
togram of the two distance transforms which allows estima-
tion of the joint and marginal entropies as described in Sec-
tion 3.1 using the CUDA-based implementation of Shams
and Barnes [SBO7].

6. Discussion

In our experiments we found that isosurface similarity maps
provide a concise overview of a data set. Distinct features
manifest themselves as squares and their size informs the
user about the corresponding value range. Transitional re-
gions can be detected through the nesting structure of these
squares. In contrast to histograms, large regions do not tend
to dominate the depiction. Due to the choice of mutual infor-
mation as a similarity measure, uncorrelated noise has little
influence. These properties indicate that the presented con-
cept has the potential to improve the visualization and anal-
ysis of volume data even beyond the examples shown in this

paper.

One obvious disadvantage of our approach is the consid-
erable cost of generating the isosurface similarity map. Our
implementation can require several hours of processing time.
Even though this is a one-time preprocess, we consider this
fact a serious limitation of our current method. The most
performance-critical component is the construction of the
joint histogram of two distance transforms since it has to be
performed for each pair of isovalues. In order to reduce the
computation time, we performed experiments with down-
sampled distance transforms. Interestingly, it seems that the
resolution can be considerably reduced without substantial
changes in the resulting similarity map. Figure 8 compares
similarity maps computed from distance transforms at sev-
eral resolutions. Note that the distance transforms are gener-
ated at the original resolution of the data set and then down-
sampled as opposed to computing them from a downsampled
version of the volume. We believe that the reason for this
stability is that the distance transform captures the unique
characteristics of an isosurface even at reduced resolutions.
Since it is not used to perform accurate spatial comparisons
but rather as a shape descriptor, we consider downsampling
a viable strategy. Table 1 lists the distance transform resolu-
tions and similarity map computation times for all data sets
used in the paper. On a typical notebook, generation of the
isosurface similarity map using a distance transform resolu-
tion of approximately 64 x 64 x 64 takes about 25 minutes
for standard data sets. Throughout the paper, we used a fixed
number of 128 x 128 bins in the computation of the joint
histogram.

Even though lowering the resolution of the distance trans-
form dramatically reduces the computation time to a level we
consider acceptable, our generation method is still a brute-
force approach. For a more fundamental improvement, one
potential direction is the use of a different method for joint
probability density estimation. While joint histograms are
widely used, other methods are gaining increasing recog-
nition. It may even be possible to use an alternative ap-
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Figure 8: Comparison of isosurface similarity maps com-
puted with different distance transform resolutions for the
data set shown in Figure 5. The total compuation times (in
minutes) were (a) 569.1, (b) 35.8, (c) 22.1, and (d) 20.6.

proach which does not require explicit computation of the
distance transform. Interesting recent work by Rajwade et
al [RBRO9] points in this direction and remains to be ex-
plored. Additionally, an adaptive strategy for approximat-
ing the full similarity map could also be employed. While
our current method for generating isosurface similarity maps
can be considered a proof-of-concept, we have shown that
they have useful applications for the visualization of volume
data. There are several other areas, however, where the pro-
posed concept may be of interest. In closing, we would like
to briefly list some avenues which could be promising direc-
tions for further exploration:

Volume quantization and compression. The notion of
similarity may be useful in developing new approaches
for quantizing and/or compressing volume data with
higher fidelity. Isosurfaces which exhibit a high degree
of redundancy could be grouped together while still
preserving essential features in the data set.

Volume segmentation. Isosurface similarity could also
be employed as an alternate metric for segmentation
algorithms such as region growing. These methods
typically use similarity criteria based on the difference
between isovalues, so our measure may help to increase
robustness.

Multi-dimensional classification. While there is noth-
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DT Resolution | Time
64 x 64 x 45 239
64 x 64 x 41 21.8
64 x 64 x 57 22.1
64 x 64 x 45 23.7
64 x 64 x 15 21.6

Figure(s) | Orig. Resolution
2 512 x 512 x 361
3,4 512 x 512 x 333
256 x 256 x 230
512 x 512 x 361
512 x 512 x 125

~N N Y

Table 1: Depicting figure, original data set resolution, res-
olution of the downsampled distance transform, and total
computation time (in minutes) for the isosurface similarity
maps used in the paper are listed. System configuration: In-
tel Core 2 Duo 2.53 GHz CPU, 4 GB RAM, NVidia GeForce
9600M GT GPU.

ing in our approach that prevents combination with
multi-dimensional classification approaches using gradi-
ent magnitude [KKHO02], curvature [KWTMO3], occlu-
sion [CMO09a], or other measures proposed in the litera-
ture, we did not investigate this area. Indeed, as the iso-
value typically represents one axis in multi-dimensional
transfer function schemes, similarity could help to better
separate features and to decrease the influence of noise.

7. Conclusions

In this paper, we introduced the notion of isosurface similar-
ity for the visualization of volume data. This new measure
quantifies the similarity of two isosurfaces as the normalized
mutual information of their respective distance transforms.
The resulting isosurface similarity map provides a visual-
ization of these similarities and gives an overview of a data
set which complements traditional depictions. Additionally,
the similarity map can be used to improve rendering and pa-
rameter specification. Its structured nature enables automatic
detection of representative isovalues to assist the exploration
process. The presented concept opens up several interesting
directions for future investigation.
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