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Abstract

In this paper we present an efficient technique for
the construction of LH histograms which, in con-
trast to previous work, does not require an expen-
sive tracking of intensity profiles across boundaries
and therefore allows an LH classification in real
time. We propose a volume exploration system
for the semi-automatic generation of LH transfer
functions, which does not require any user inter-
action within the transfer function domain. Dur-
ing an iterative process the user extracts features
by marking them directly in the volume rendered
image. The system automatically detects a marked
feature’s boundary by exploiting our novel LH tech-
nique and generates a suitable component transfer
function that associates user-specified optical prop-
erties with the region representing the boundary in
the transfer function space. The component func-
tions thus generated are automatically combined to
produce an LH transfer function to be used for ren-
dering.

1 Introduction

In the past years volumetric data sets, which arise
from simulation or acquisition, have been steadily
increasing in size. Today, the sizes are usually be-
yond what could be examined efficiently slice-by-
slice. As a consequence, the demand for sophis-
ticated interactive exploration techniques is grow-
ing. Krueger et al. state that a large portion of
users have difficulties in understanding non-trivial
data sets and in finding what they are looking for in
those data sets [KSW06]. Since many users of in-
teractive volume rendering software do not have the
necessary visualization skills or the time, intuitive
and simple techniques for exploration are needed.

The major interaction task to be performed during
volume exploration is the interactive transfer func-
tion specification, which is necessary to identify the
features of interest. According to Rezk-Salama and
Kolb [RSK06], transfer function setup in general is
a time-consuming and cumbersome process, which
becomes even more intricate when specifying mul-
tidimensional transfer functions.

Šereda et al. [SBSG06] introduced the LH space
as transfer function domain. They show that the LH
histogram conveys information about a data set’s
boundaries in a more compact and robust way than
common intensity-gradient histograms and there-
fore seems to be well-suited for volume exploration.
Their technique, however, requires complex com-
putations that do not allow LH post-classification
but have to be performed in a preprocessing step.

The contributions of this paper are: first, an effi-
cient technique for the computation of LH values,
which is fast enough to allow post-classification
at interactive frame rates. Second, an intuitive
and efficient mechanism for specifying LH transfer
functions that does not require any user interaction
within the transfer function domain. We propose a
sketching metaphor, which allows to mark the fea-
tures of interest in image space in order to assign
the desired optical properties. Thus the user is able
to sequentially identify the features of interest and
to make them visible by the matter of a mouse click
later on. This approach also enables less experi-
enced users to interactively explore complex volu-
metric data sets without requiring training.

2 Related Work

Volume Classification. König and Gröller [KG01]
propose an image-centric technique for transfer
function specification. They treat each specification
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domain such as data value, opacity, and color sep-
arately and arrange thumbnail renderings according
to the value ranges they represent. When the user
has specified a value range for each domain, these
ranges are combined to produce the final transfer
function.

Wu and Qu [WQ07] presented a framework for
combining and editing existing transfer functions
based on genetic algorithms. The user operates on
volume renderings, which are generated by apply-
ing the respective transfer functions, by sketching
the features that are desired to be visible in the com-
bined rendering. While achieving impressive re-
sults in combination with an intuitive user interac-
tion, this technique heavily depends on the quality
of pre-generated transfer functions. Ropinski et al.
[RPSH08] proposed an interface for the design of
1D transfer functions that is based on direct inter-
action with the rendered volume. After the user has
identified a feature of interest by drawing strokes
close to its silhouette, a suitable component transfer
function is generated based on a histogram analysis.

Kindlmann and Durkin [KD98] presented a
semi-automatic data-centric technique for the gen-
eration of opacity transfer functions that aims at vi-
sualizing boundaries between materials. They in-
corporate a boundary model that enables them to
map the combination of the data value and its first
and second derivatives at a sample point to a po-
sition along a boundary. We exploit this boundary
model for an efficient computation of LH values.
Kniss et al. [KKH02] showed how a 2D histogram
of the data values and the gradient magnitudes can
be used as a 2D transfer function domain. In this
histogram space boundaries appear as arcs, which
they select by using interaction widgets. They also
introduced a dual-domain interaction that eases the
setup of higher-dimensional transfer functions by
data probing within the volume. In contrast to our
approach, however, the user is still required to in-
teract within the transfer function domain. Further
approaches for data probing-based volume classi-
fication were proposed by Tzeng et al. [TLM03]
[TLM05]. They use neural networks for the genera-
tion of a transfer function based on samples the user
has drawn onto slices of the volume. Rezk-Salama
and Kolb [RSK06] introduce opacity peeling for the
extraction of feature layers that allows the extrac-
tion of structures which are difficult to classify us-
ing conventional transfer functions.

LH Histograms. Šereda et al. [SBSG06] use so-
called LH histograms for transfer function genera-
tion. They assume that every voxel lies either inside
a material or on the boundary between two materi-
als with lower intensity FL and higher intensity FH ,
respectively. The LH histogram is a 2D histogram
whose axes correspond to FL and FH . It is built
from the data set by accumulating boundary vox-
els with the same (FL,FH ) coordinates, which are
retrieved by analyzing the intensity profile across a
boundary. The authors show that the LH histogram
conveys information about a data set’s boundaries
in a more compact and robust way than common 2D
histograms incorporating the intensity and gradient
magnitude, because in LH histograms boundaries
appear as blobs instead of arcs. A further significant
advantage of the LH space is that it allows an un-
ambiguous classification of boundaries with distinct
LH values, which is not the case for the intensity-
gradient space due to arch overlaps as shown by
Kniss et al. [KKH02]. These properties make the
LH space a very attractive transfer function domain,
especially for the semi-automatic classification of
boundaries. In [SGV06], Šereda et al. described a
projection of the LH space to a 1D transfer func-
tion domain that allows the classification of com-
plete objects instead of single boundaries.

A major drawback of the LH technique, how-
ever, are the complex computations required for the
computation of LH values, since for each boundary
voxel the intensity profile across the boundary has
to be analyzed by integrating the gradient field until
a constant area, a local extremum or an inflex point
is reached. Therefore, the LH classification cannot
be performed in real time during the rendering pro-
cess. Instead, an additional volume storing the LH
values of all voxels has to be generated. Besides the
required pre-computation time, this approach triples
the memory consumption of the volumetric data to
display, since the LH volume contains two channels
per voxel and must match the original volume in
resolution and bit depth. This is especially prob-
lematic for GPU-based volume rendering.

One could argue that post-interpolative classifi-
cation is still possible with pre-computed LH val-
ues, since the stored LH values can be interpo-
lated before actually applying the transfer function.
However, we consider the LH value computation
to be part of the classification process. Therefore,
in this work the term ”LH post-classification” de-
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Figure 1: Ideal boundaries (c) in volume data sets
are step functions (a) blurred by a Gaussian (b).

notes the computation of LH values from interpo-
lated volume data.

3 Efficient Construction of LH His-
tograms

In this section, we present an efficient way to com-
pute a boundary voxel’s LH values by only con-
sidering its intensity, gradient magnitude and sec-
ond directional derivative along the gradient direc-
tion. The calculation is fast enough to allow post-
classification at interactive frame rates. In order to
compute LH values without the expensive tracking
of a path to the neighbored materials, it is necessary
to make assumptions about the characteristics of
boundaries in volume data sets. Since actual scan-
ning devices are band-limited, they are unable to ex-
actly reproduce point objects or sharp boundaries.
In general, the band-limiting characteristics of an
imaging system are described by its point spread
function (PSF), which specifies the system’s im-
pulse response to a point source. For the following
considerations we employ the boundary model pro-
posed by Kindlmann and Durkin [KD98]. They as-
sume that real objects have sharp edges, i.e., discon-
tinuous changes in the measured physical property,
and model the PSF by a Gaussian function which
is isotropic and constant over a data set. Although
these assumptions might appear rather strong, the
authors have shown that they match well the charac-
teristics of CT and to some extent of MRI data sets.
From a more intuitive point-of-view, one can think
of boundaries as step functions that are blurred by a
Gaussian as depicted in Figure 1.

3.1 Boundary Function

We start our derivation by considering a path that
continuously follows the gradient direction through
a boundary between the two materials with intensi-

ties FL and FH . Since the gradient vector at a posi-
tion within a scalar field is always perpendicular to
the isosurface through this point, this path also pen-
etrates the boundary perpendicularly and thus con-
stitutes the shortest path. In the following, we refer
to this as the boundary path. For a mathematical de-
scription, we introduce the boundary function f(x),
which maps a position x along the boundary path
to the intensity v at the respective sampling point.
According to the boundary model, f(x) is a result
of the convolution of a step function describing the
physical boundary and a Gaussian function with the
standard deviation σ. Therefore, the boundary func-
tion can be defined as:

f(x) = FL + (FH − FL) Φ
“ x

σ

”
(1)

with Φ(x) being the cumulative distribution func-
tion (CDF) of the standard normal distribution. The
center of the boundary is defined to be located at
x = 0. Equation (1) tells us that each bound-
ary features its own boundary function, which is
parametrized by the intensities FL and FH of the
neighboring materials as well as a parameter σ that
specifies the amount of blurring that happened to
the boundary. However, under the assumption that
the boundary blurring is an attribute of the scanning
device and is therefore uniform over a data set, the
blurring parameter σ can be considered to be a con-
stant. For the determination of σ as well as a deriva-
tion of the boundary function refer to Kindlmann
and Durkin [KD98]. The first and second deriva-
tives of f(x) are as follows:

f ′(x) =
FH − FL

σ
√

2π
e
− x2

2σ2 (2)

f ′′(x) = −x
FH − FL

σ3
√

2π
e
− x2

2σ2 (3)

Apparently, f ′(x) has the form of a Gaussian func-
tion. Since the Gaussian function has inflection
points at x = ±σ, these are also the positions where
f ′′(x) attains its extrema.

Since the CDF of the standard normal distribu-
tion Φ(x) is bijective and thus invertible within its
range, we can directly conclude from Equation (1)
that the same property applies to f(x). Therefore,
we can define the inverse of the boundary function
f−1(v), which maps an intensity v ∈ ]FL, FH [ at
a sampling point within the boundary between two
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Figure 2: First (a) and second (b) derivative of the
boundary function as functions of intensity.

materials FL and FH to a position x along the cor-
responding boundary path:

f(x) = v

⇔ FL + (FH − FL) Φ
“ x

σ

”
= v

⇔ x = σ Φ−1

„
v − FL

FH − FL

«
⇔ f−1(v) = σ Φ−1

„
v − FL

FH − FL

«
(4)

f−1(v) enables us to express the boundary func-
tion’s derivatives as functions of intensity instead
of position:

g(v) := f ′
`
f−1(v)

´
=

FH − FL

σ
√

2π
exp

`
Φ

´
(5)

h(v) := f ′′
`
f−1(v)

´
(6)

= −FH − FL

σ2
√

2π
Φ−1 (v̄) exp

`
Φ

´
(7)

v̄ :=
v − FL

FH − FL
Φ := −1

2
Φ−1

„
v − FL

FH − FL

«2

The functions g(v) and h(v) specify the first and
second derivative of the boundary function at the
position x with f(x) = v. Plots of them are shown
in Figure 2. g(v) can be used to map the LH space
to the conventional intensity-gradient transfer func-
tion space. Though this mapping is not injective and
therefore suffers from information loss, it allows a
basic integration of the proposed classification tech-
nique into volume rendering systems without the
need for a LH post-classification as described in
Section 4.3.

3.2 Computation of LH Values

By considering these assumptions, we now return to
our goal of calculating the LH values at an arbitrary

sampling point within a boundary. We consider
the boundary path that runs through the sampling
point. The position along this path that corresponds
to the sampling point is labeled xp. Furthermore,
we assume the function values f(xp), f ′(xp), and
f ′′(xp) to be known. For clarity of presentation,
these substitutes are used in the following deriva-
tion:

v := f(xp) g := f ′(xp) h := f ′′(xp)

First of all, we can recover xp from the ratio of
g and h. Dividing Equation (2) by Equation (3)
yields:

g

h
= −σ2

xp
⇔ xp = −σ2 h

g
(8)

By additionally considering Equation (1) it is now
possible to determine FL:

I (Eq. 1) v = FL + (FH − FL)Φ
“xp

σ

”
II (Eq. 2) g =

FH − FL

σ
√

2π
exp

„
−

x2
p

2σ2

«
⇔ FH =

σ
√

2π g

exp
“
− x2

p

2σ2

” + FL

II in I v = FL +
σ
√

2π g

exp
“
− x2

p

2σ2

” Φ
“xp

σ

”

⇔ FL = v − σ
√

2π g

exp
“
− x2

p

2σ2

” Φ
“xp

σ

”

⇒
(8)

FL = v − σ
√

2π g

exp
“
−h2

g2
σ2

2

” Φ

„
−σ

h

g

«
(9)

FH can be derived by inserting FL and xp into
Equation (1):

FH =
v − FL

Φ
“
−σ h

g

” + FL (10)

The preceding analysis is based on the assump-
tion that the boundary function f(x) and its deriva-
tives are known at all positions within boundaries.
This is true for f(x) itself, as it simply equals the
intensity value at a sampling point; the determina-
tion of the boundary function’s derivatives, how-
ever, needs further consideration. Recalling that



the boundary path is defined to continuously follow
the gradient direction, f ′(x) and f ′′(x) turn out to
be the data set’s first and second directional deriva-
tives along the gradient direction. According to vec-
tor calculus [MT96], the directional derivative D~v

along the direction ~v of a scalar field s(~r) is the
scalar product of the gradient of s and the vector ~v
in normalized form:

D~v s = ∇s · ~v

||~v||

Hence, the first derivative along the gradient direc-
tion is just the gradient magnitude:

D∇s s = ∇s · ∇s

||∇s|| = ||∇s||

In a similar way, we obtain the second directional
derivative along the gradient direction:

D2
∇s s = D∇s (D∇s s) = D∇s (||∇s||)

=
∇ (||∇s||) · ∇s

||∇s||

3.3 Implementation

We integrated the proposed LH classification tech-
nique into an existing GPU-based volume raycaster.
For the calculation of LH values by formulas (9)
and (10) the gradient magnitude g and the second
derivative h have to be known at each sampling
point. We compute approximations of these quan-
tities by central differences and the discrete Lapla-
cian operator, respectively, either on-the-fly or in a
preprocessing step. Since the CDF of the standard
normal distribution Φ is not available on the GPU,
we sample it into a one-dimensional texture that can
be accessed by the shader. Due to the low-frequency
character of Φ a resolution between 32 and 64 sam-
ples seems to be sufficient.

3.4 Comparison with Šereda’s Method

In order to compare the proposed technique to the
original one in terms of speed and accuracy, we ap-
plied it to some of the data sets used by Šereda et
al. We did not implement their method but took the
results presented in [SBSG06].

Fig. 7 is shown after applying a simple multiplicative
bias field caused by one surface coil [24]. In the case
of the arch, the bias causes multiple shifted copies of
both arches which are hard to interpret. In the
LH Histogram, boundaries appear as separated lines
(instead of points), but remain relatively easy to
interpret.

3. Thin objects. For thick objects that are becoming
very thin, we can observe that their intensity
considerably changes. As their thickness becomes
relatively small compared to the point spread
function, their intensity further resembles the back-
ground intensity. The intensity profile across the
boundary of such a thin object is similar to that
shown in Fig. 6b. The result of the intensity change is
either an increasing FL or a decreasing FH which
reflects as horizontally or vertically elongated blobs
in the LH Histogram.

In Fig. 11, the LH Histogram is shown of the same tooth

data set as in Fig. 4. In the LH Histogram, the boundaries

appear to be more compact, with a considerably better

separability than in the arches. In this LH Histogram, we

can observe two of the previously described effects. The

boundaries appear as blobs due to the noise. The partial

volume effect on thin objects causes elongation in either the

horizontal or vertical direction.

4 TRANSFER FUNCTIONS BASED ON THE

LH HISTOGRAM

The FL and FH values could be, in principle, computed in

the rendering process for any point in the volume

(postclassification). However, we precompute them for the

sake of speed (preclassification).
We can base a 2D transfer function on the LH Histogram

by selecting relevant areas and by assigning them color and

opacity. Since we do not want to visualize all voxels that

belong to the boundary, but only those lying close to the

edge, we may use the gradient magnitude as the third

dimension in our transfer function. The opacity of each

voxel is then modulated by the gradient magnitude so that

the voxels close to the edge are emphasized.
Fig. 12 shows the specification of a transfer function in

the corresponding LH Histogram together with the result-

ing rendering. Both boundaries are selected and assigned

colors. The boundary of the outer sphere is set to be

semitransparent.
For achieving an interactive rendering speed, we used

the VolumePro 1000 board [25]. Since this card allows only

one-dimensional transfer functions, we label the volume

according to the regions selected in the LH Histogram. The

advantage of this approach is that we can easily combine

selections in the LH Histogram with those made by using

the region growing. The labeled volume is loaded onto the

VolumePro board in addition to the original data. Two one-

dimensional functions are defined for the color and opacity.

The labels are used during the ray-casting for determining

the color and opacity of samples. The board uses the

original data for computing the gradients. The opacity is, in

addition, modulated by the gradient magnitude.
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Fig. 8. Crossing arches appear in the LH Histogram as separated points.

Fig. 9. Spheres after adding noise. The arches become blurred and
project into the LH Histogram as blobs rather then points. The amount of
contribution is shown in logarithmic scale: magenta is lowest, red
highest.

Fig. 10. Data after adding a rather strong bias. Notice that the
information shown by the LH Histogram is much more compact than
that shown by the arches.

Fig. 11. LH Histogram constructed for the tooth CT data set from Fig. 4.(a) (b)

Figure 3: LH histograms of the tooth data set gen-
erated with the original method (a) (courtesy of
Šereda et al. [SBSG06]) and with our technique (b).
The contribution is shown in logarithmic scale: red
is highest, magenta is lowest.

3.4.1 Computation Time

Table 1 shows performance comparisons for the
tooth and the hand data set, both CT scans. The
measurements were conducted on an Intel Core 2
Duo 2.2 GHZ machine with an NVIDIA GeForce
8800 GTX graphics board. We determined the
construction time of an LH histogram of the en-
tire data set on the CPU with a single-threaded im-
plementation as well as the rendering speed when
performing an LH post-classification in combina-
tion with Phong shading in a GPU-based raycaster.
Both measurements were performed with and with-
out pre-computed gradient magnitudes and second
derivatives. Šereda et al. used pre-computed deriva-
tives for their benchmark.

For the single-threaded LH histogram generation
on the CPU we achieved a significant speed up of
about one order of magnitude with pre-calculated
derivatives and still a speed up of about factor five
when generating the derivatives on the fly. Since
the LH values can be computed independently for
each voxel position, a nearly linear speedup can be
expected for a multi-threaded implementation. It
should be considered, however, that Šereda et al.
did not specify their hardware configuration, which
hampers the comparability of the results.

As the authors admitted, the original LH tech-
nique is not fast enough to allow post-classification,
and therefore they had to store the LH classifica-
tion in an additional pre-computed volume. In con-
trast, our method allows LH post-classification at
interactive frame rates, as can be seen from Table
1. For an estimation of the additional effort caused
by the LH value calculation in the shader we also



LH Hist. Construction on CPU Rendering Speed (FPS)
data set size Šereda et al. our technique 2D TF LH TF
tooth 2562 x 161 1:12 min 7.2 / 15.3 s 35.9 26.9 / 20.5
hand 2562 x 232 1:36 min 10.7 / 19.4 s 32.2 24.5 / 17.3

Table 1: Performance of the LH classification of two CT data sets. Columns 3 and 4 compare the con-
struction time of LH histograms on the CPU by the original technique and by ours. For our technique, the
first figure indicates the performance with pre-computed derivatives, the second without. Columns 5 and 6
specify frame rates for the LH post-classification with and without pre-computed derivatives compared to
the application of a conventional 2D transfer function with a viewport size of 5122.

(a) (b)

Figure 4: LH histograms of an artificial data set of
two noisy spheres computed with Šereda’s (a) and
our technique (b).

determined frame rates for a classification with a
conventional intensity-gradient based transfer func-
tion, which was set up to produce a rendering result
resembling the one achieved with the LH classifi-
cation as closely as possible: with pre-computed
derivatives we noticed a frame rate drop of only
about 30 %, while an on-the-fly calculation of the
derivatives slows down the rendering by about 40 %
compared to the 2D transfer function.

3.4.2 Accuracy

The ability to calculate sufficiently accurate LH val-
ues is crucial for the proposed technique. Figure
3 compares an LH histogram of the tooth data set
computed by our technique to the result presented in
[SBSG06]. Although our LH histogram appears to
be slightly more blurry and especially the horizon-
tal and vertical bars between the boundary blobs are
more pronounced, it clearly exhibits the same struc-
ture as the original LH histogram. Note that not
only the blobs representing boundaries are existent
but also the blobs on the diagonal of the histogram
that represent homogeneous regions.

In order to investigate to what extent our LH cal-

LH Histogramview plane volume

F
L

F
H

+

+

+

+

Figure 5: Generation of the LH histogram. A ray
is cast through each view plane pixel covered by
the user-drawn patch (blue). Each visible bound-
ary voxel hit by one of these rays is mapped to the
histogram bin (FL, FH) representing its boundary.

culation is prone to noise, we generated an artificial
data set of two spheres blurred by a Gaussian and
added 0.1 percent of Gaussian noise to it, similar to
the data set used by Šereda et al. The LH histogram
we derived from the volume (Figure 4) still shows
the expected blobs, but also exhibits a broader dis-
tribution of misclassified voxels around these blobs
than in the original histogram. As this seems to be
a consequence of the noise sensitivity of the stan-
dard derivative estimators, we believe that an appli-
cation of more advanced derivative reconstruction
schemes could significantly improve the noise ro-
bustness of our method.

4 Volume Exploration

In this section, we describe a semi-automatic vol-
ume exploration system that exploits the LH tech-
nique in order to enable the user to interactively
classify features of interest. In an iterative pro-
cess the user extracts boundaries by directly mark-
ing them in the volume rendered image. The system
then detects LH values of the respective boundaries
and generates a suitable LH transfer function incor-
porating user-specified optical properties.
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Figure 6: LH histograms of the tooth data set gen-
erated by our technique without weighting (a) and
with distance weighting (b).

4.1 User Interaction

In our system, the user is expected to mark a desired
feature of interest by drawing a free-form patch
onto the region covered by the respective feature
in image space. It is neither necessary to precisely
sketch a feature’s silhouette nor has the user to mark
the whole object. Furthermore, during the explo-
ration no interaction within the transfer function do-
main is required, rather the user can apply the com-
monly used windowing approach to change the vis-
ibility of parts of the data set.

In order to offer the user the possibility to as-
sign optical properties to features independently, we
use a layer interface similar in spirit to the one pre-
sented by Ropinski et al. [RPSH08]. Each extracted
boundary is represented by a layer through which
the user can specify the boundary’s color and opac-
ity.

4.2 Boundary Extraction

After the user has drawn a patch, the system ana-
lyzes the subvolume determined by the extrusion of
the patch in the viewing direction in order to detect
all visible boundaries contained within this subvol-
ume. The boundary detection is performed by an
analysis of the LH histogram of this subvolume. We
create the LH histogram by casting a ray through
each pixel of the user-drawn patch in the view plane.
At each visible boundary voxel that is hit by one of
these rays, the FL and FH values are calculated,
and the corresponding histogram cell with coordi-
nates (FL, FH) is incremented. Figure 5 depicts
this proceeding.

As we are interested in the detection of features
that have been marked by the user, it is necessary to

consider only those voxels for the construction of
the LH histogram that are visible in the current ren-
dering. For that purpose, we weight each voxel’s
contribution by its opacity, which is determined by
the current windowing. In order to prevent opaque
but completely occluded voxels from contributing
to the histogram, we stop the traversal of a ray when
it is saturated, i.e., when the ray has reached an al-
pha value of 1.0 during the front-to-back composit-
ing. This allows an depth-selection of features.

Since we aim at the extraction of boundaries, it
is necessary to consider only boundary voxels for
the LH histogram. The straightforward approach to
incorporate only voxels with a gradient magnitude
above a certain threshold, however, has some disad-
vantages:
• The gradient magnitude is boundary-

dependent, i.e., the gradient magnitude
distribution within a boundary is proportional
to the intensity range that is spanned by the
boundary. This makes it difficult to define an
adequate threshold for the entire data set.

• Noisy regions exhibit a significantly high gra-
dient magnitude and may thus accidentally
contribute to the histogram.

Instead, we use a voxel’s position xp along its
boundary path (see Eq. (8)) for weighting its con-
tribution. The weighting factor w is given by:

w := exp
`
−x2

p

´
= exp

„
−σ4 h2

g2

«
(11)

As we defined voxels with xp = 0 to be located at
the center of a boundary, the contribution of these
center voxels is maximal while an increasing dis-
tance to the center reduces the influence on the
LH histogram. Furthermore, this weighting dimin-
ishes the influence of noisy regions, since such re-
gions usually exhibit high second order derivatives
in relation to the gradient magnitude. Figure 6 (b)
demonstrates the effect of the distance weighting
for the tooth data set: The boundary as well as the
material blobs are significantly more localized and
the connecting bars almost vanish. We also no-
ticed a substantial reduction of rendering artifacts
when applying the distance weighting. Figure 7 il-
lustrates this for the tooth data set. Both render-
ings have been generated with the same LH transfer
function consisting of two blobs that are located at
the respective coordinates of the dentin-background
(red) and dentin-enamel (blue) boundaries in LH



(a) (b)

Figure 7: LH classified renderings without weight-
ing (a) and with distance weighting (b).

space. Without distance weighting, there are sev-
eral misclassified voxels at the enamel-background
boundary visible, whereas distance weighting elim-
inates these artifacts without perceptibly effecting
the boundaries themselves. Apparently, the LH
classification is most reliable at the center of a
boundary. Therefore, we use the distance weight-
ing not only for the boundary extraction but also as
part of the classification.

After the construction of the LH histogram, the
detection of boundaries is now reduced to a local
maxima search in the histogram space, as each blob
in the LH histogram represents a boundary within
the analyzed subvolume. In order to cope with noise
an discretization artifacts, we apply a slight blurring
before the maxima detection, e.g. by a 3x3 Gaus-
sian kernel for an 8 bit histogram.

4.3 Transfer Function Generation

The feature extraction yields a list of tuples
(FL, FH) representing the extracted boundaries.
This boundary information can be used in a straight-
forward way to generate a suitable LH transfer func-
tion for the visualization of these boundaries. In
our setup, each boundary is represented by a single
layer in the user interface and associated with an LH
component function that contains a Gaussian bell
curve centered around the boundary’s (FL, FH) co-
ordinates. Besides a boundary’s optical properties,
the user can control its bell curve’s variance. We
call this parameter ”fuzziness” as it specifies the
size of the bell curve in LH space and therefore
determines to what extent voxels with slightly de-
viating LH values are incorporated by the compo-
nent function. In order to produce an LH transfer
function that can actually be used during the render-

Figure 8: Application of the proposed technique to
a renal angio CT data set. We extracted the bone,
the kidneys, the blood vessels, the skin, and a stick.

ing process, the boundaries’ component functions
are combined by calculating their weighted average
based on opacity. This yields a transfer function
containing the LH blobs of all classified boundaries.

We want to stress that the proposed volume ex-
ploration technique does not necessarily require an
LH classification during the rendering process. In-
stead, the extracted boundary information can be
used to generate a 2D transfer function based on the
intensity and gradient magnitude, which is nowa-
days widely used by volume rendering systems.
The region that represents a boundary in this trans-
fer function space can be determined by evaluating
Equation (5), which provides us with the gradient
magnitude as a function of intensity. This map-
ping, however, is not injective since distinct LH co-
ordinates may be mapped to intersecting arcs in the
intensity-gradient space.

5 Results

We applied the proposed volume exploration tech-
nique to three medical CT scans as well as an elec-
tron microscopy scan. All renderings have been
generated by interaction with the described user in-
terface only, without any direct manipulation of the
LH transfer function.

Figure 8 shows results of the application of the
proposed volume exploration technique to a renal
angio CT scan. We extracted five features: the bone,



Figure 9: Classification of the hand data set (CT).
The tissue-background boundary (skin), the bone-
tissue (blue), and the bone-marrow boundaries (red)
are visible.

Figure 10: Rendering of the tooth data set (CT). The
dentin-background (red), the dentin-enamel (yel-
low), and the enamel-background (blue) boundaries
have been classified.

Figure 11: Volume exploration of an electron mi-
croscopy scan with four extracted features.

the kidneys, the blood vessels (semi-transparent),
the skin, and an apparently synthetic stick (green).
The exploration of this data set took about five min-
utes, including the assignment of optical properties
fine-tuning the layers’ fuzziness parameters.

Figure 9 presents a classification of the hand CT
data set. Besides the tissue-background boundary,
which appears as the skin in the rendering, we ex-
tracted the bone-tissue boundary (blue) as well as
the bone-marrow boundary (red). The extraction
process took just about one minute. However, we
were not able to separate the blood vessels from the
bone as they share a common footprint in the LH
space. Figure 10 shows the result of the application
of the proposed technique to the tooth data set. In
Figure 11 an electron microscopy scan is explored.
We managed to classify four features in this data set
with relatively little effort. This indicates that the
assumed boundary model works well for this type
of data. We could not further investigate that, be-
cause the data set was the only electron microscopy
scan we had access to.

6 Conclusions and Future Work

We have presented an efficient method for the cal-
culation of LH values that does not require a track-
ing of boundary intensity profiles but is based on
local measures. We have shown that it allows post-
classification at interactive frame rates whereby the
pre-computation of an LH volume is not necessary.
By comparing our results to the work of Šereda et
al. [SBSG06], we have demonstrated that the pro-



posed technique is sufficiently robust, at least when
applied to CT data. Also due to the relatively easy
implementation, we believe that our novel LH clas-
sification has the potential to boost the use of the
LH space as transfer function domain.

Moreover, we have proposed a system for the
semi-automatic design of LH transfer functions,
which completely shields the user from the trans-
fer function domain and allows him/her to extract
features of interest by direct interaction with the
rendered volume and to conveniently assign opti-
cal properties to these features. Furthermore, we
have pointed out a possibility to exploit our sys-
tem for the generation of conventional 2D transfer
functions based on the intensity and gradient mag-
nitude, which eases the integration into existing vol-
ume rendering systems.

In the future, we would like to improve the appli-
cability of our LH classification to MRI data. We
believe that this could be achieved by exploiting
more advanced derivative reconstruction schemes
or an adaption of the boundary model.
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