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ABSTRACT

Transfer functions have a crucial role in the understandingand visualization of 3D data. While research has
scrutinized the possible uses of one and multi-dimensionalransfer functions in the spatial domain, to our
knowledge, no attempt has been done to explore transfer futions in the frequency domain. In this work we
propose transfer functions for the purpose of frequency angsis and visualization of 3D data. Frequency-based
transfer functions o er the possibility to discriminate si gnals, composed from di erent frequencies, to analyze
problems related to signal processing, and to help understaling the link between the modulation of specic
frequencies and their impact on the spatial domain. We demostrate the strength of frequency-based transfer
functions by applying them to medical CT, ultrasound and MRI data, physics data as well as synthetic seismic
data. The interactive design of complex lters for feature enhancement can be a useful addition to conventional
classi cation techniques.
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1. INTRODUCTION

Scienti ¢ visualization is focused on enabling and conveyig a better and deeper insight into data and pro-
cesses. In the last decades, technological growth and dewpiment have contributed to the improvement of the
visualization pipeline, in particular for the processes ofdata enhancement and visualization mapping. Special
focus has been given to introducing advanced ltering and maping techniques. Direct volume rendering (DVR)
is a powerful technique used in the visualization of data geerated by computed tomography (CT), magnetic
resonance imaging (MRI), ultrasound scanning and other modlities. DVR directly bene ts from the concepts
of data enhancement and mapping. It is based on the idea of magng data properties to opacities and colors
using transfer functions (TF). The common objective of approaches that use transfer functions is the extraction
and enhancement of features of interest.

Motivated by the idea of transfer functions, in this paper we introduce a framework that enables interactive
modulation of 3D frequencies representing the signal (data We de ne frequency modulation as the process of
modifying the harmonics waves, which contribute to building the signal, by multiplication with a scalar in the
frequency domain. As opposed to existing transfer-functia techniques that operate in the spatial domain, our
proposed frequency-based transfer function (FbTF) operats in the frequency domain. Since a change in the
frequency domain results in a change in the spatial represéation of the data, our FbTF can be considered as
part of the data enhancement step in the visualization pipeine.

An analysis in the frequency domain is central in elds such & signal processing and engineering. Many
problems and events can only be explained through frequencgnalysis. In communication theory, signals are
decomposed into several simpler signals through lter bank! In geology, the study of 3D seismic data in
the frequency domairf is of particular importance. The earth subsurface resemble a layer-cake model due
to sedimentation. Natural events such as the rise and fall othe sea level leads to a varying thickness of the
sedimentation layers. Seismic horizons, being equal-timgedimentations, can thus be identi ed by their consistent
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thickness. In the search for pre-historic river sedimentaions which typically have carbon-rich deposits, it is lookel

for channels which have a di erent thickness than the sedimatation layer they are embedded in. Finding features
in seismic data based on thickness is therefore crucial forileexploration. Having an interactive way of exploring

these features is likely to be welcomed in the seismic domaias current methods are slow and o ine.

Our framework is designed to aid the understanding of volumt&ic models by letting the user interactively
manipulate the frequency domain. Volumes, like images, hay characteristic patterns in the frequency domain.
Since frequency measures the rate of change of a signal in arpeular direction, features like size and shape
can be mapped to specic frequency bands. By using the FbTF wewvant to enable the visualization of the
spatial response of speci c frequencies, highlight anomas in medical datasets, and enhance data by applying
interactive noise removal. These issues are impossible opntrivial to solve with existing techniques that operate
in the spatial domain.

The contributions of this work are: a) the introduction of fr equency-based transfer functions as a real-time
data enhancement step discussed in Section 3, b) the usage DD transfer functions in the modulation of 3D
frequencies based on 2D scatter-plots of frequency amplitle vs. radial-distance frequency discussed in Sections
3 and 3.1, and c) the interactive (real-time) application of a FbTF in data exploration discussed in Section 4.

2. RELATED WORK

The design of transfer functions is an active research arealransfer functions can be classi ed as image-centric,
i.e., based on the nal image, and data-centric, i.e., basedn data-value statistics® Most data-centric approaches
associate transfer functions with voxel properties relate to intensity and gradient values. Gradient* and curva-
ture information > has been used for enhancing classi cation through transfefunctions. Rettger et al.” have
included spatial information for adding insight to the hist ogram of a volume. Correa and M4 introduce size-
based transfer functions for volumetric classi cation basd on the local size of features of interest. Caban and
Rheingansg and Patel et al.l° use scale-space statistical properties derived through da analysis for assigning
color and opacities. Bruckner and Gmller*! introduce style-based transfer functions for enhancing Iustrative
visualization. Sereda et al'? propose LH histograms to enhance volume classi cation thragh better detection of
boundaries. Our FbTF, being derived from the amplitude histograms in the frequency domain, can be classi ed
as a data-centric approach.

Filtering is a well-established step in the visualization gpeline. Depending on the data types and on the
requirements prior to volume rendering, noise removal, lowpass, high-pass and band-pass lIters are applied.
Much work has been done for enhancing rendering and visuakion through Itering. 314 Luft et al. > focus
on enhancing depth perception by unsharp masking the depth ber. Ritschel et al. *® introduce a local scene
enhancement by unsharp masking over arbitrary surfaces ungl any form of illumination. Filters can be classi ed,
based on their domain of application, into spatial or frequency Iters. When applied in the frequency domain,
Iters show a global behavior and no local spatial assessmérof their e ect can be conducted directly. In
visualization it is more common to specify a lter in terms of the smoothness of the resulting reconstructed
function and the spatial reconstruction error. Still, when the kernels of the local Iters become very complex and
have wide support, applying these lters in the spatial domain becomes unfeasiblé’ In our framework, we can
interactively design complex lters in the frequency domain guided by the e ects we see in the data. This gives
us the possibility to directly tune the parameters without t he need of having some preset lters which usually
are not able to adapt to the noise/distortion or quality level of the signal.

The Fourier, the Cosine, the Sine and Wavelet transforms gie a wide range of possibilities to represent signals
in di erent domains according to the application requirements.'®1® The Fourier transform has also been used for
accelerating volume rendering in techniques known as Fouer Volume Rendering?®?! The main disadvantage of
using methods such as the Fourier transform, is the loss of gpial information in the frequency domain. Wavelets,
Gabor and Short Time Fourier transforms (STFT) o er a possibility to window the signal and hence to provide
spatial (or temporal) information for the frequency response of the signalst® For a 1D signal the respective
STFT is a 2D signal, for a 3D signal the response is a 6D signahnd so on. The transfer function design for
2D and 3D data is therefore challenging. For estimating the fequency representation of the 3D data we use the
Fourier transform. Fourier representations are well studed and o er important discriminative information about
the signal they represent.



Filtering out speci ¢ frequencies is central in seismic dah. During seismic interpretation for oil and gas
detection this lItering is called spectral decomposition.?? To our knowledge, real-time spectral-decomposition
has not been performed earlier. The lack of on-the-y frequacy ltering has lead to two types of approaches.
The rst approach extracts from the original data about 80 single-frequency volumes. Seismic data is typically
in the range between 10 and 90 Hz and 1-Hz increments in this raje are extracted?®Then each single-frequency
volume is assessed individually. Due to the number of volunge achieving an overview with this approach is time
consuming. With seismic data reaching Gigabyte sizes, theipreprocessing is in the order of hours. Disk space
consumption is also an issue with this approach. The secondype of approaches performs dierent forms of
dimensionality reduction of the frequencies. One metho& maps low, medium and high frequencies to the red,
green, blue color space and visualizes correspondingly ocoéd slices of the volume. Another method visualizes
colored slices by mapping peak frequency to a rainbow colorap modulated with black according to the peak
amplitude.?® As opposed to our approach, these methods require preprocsg. They also remove or collapse
important frequency information.

3. FREQUENCY ANALYSIS

The Fourier transform is a useful theoretical tool for the aralysis of signals in the frequency domain. The
discrete Fourier transform (DFT) can be used to represent nite sequences in the frequency domain. There are
several existing approaches for computing the DFT coe cierts. We are using the computationally e cient fast
Fourier transform (FFT). We denote the discrete Fourier transform of a nite extent 3-D sequenceV (ki; kz; k3)
having spatial resolution N = (Ny;Ny;N;), as F (x;y; z). The complex numbersF (x;y; z) are called the DFT
coe cients. Two important characteristics are related wit h the DFT coe cients: the amplitude and the phase.
While the amplitude refers to the magnitude of the frequency oscillations, the phase is concerned with their
angular position.?®

The design of one-dimensional transfer functions in the sgél domain is performed by mapping the scalar-
value range of the data to opacities and colors. In the frequecy domain, the 3D volume is represented by the
complex entries for each frequency, i.e., the real part andhe imaginary part. Choosing a modulation factor
based on the values of these entries has an non-intuitive e@ on the spatial domain, since we do not know
which frequencies we are modulating. On the other side, uriie the spatial domain representation, the position
(x;y;z) of each entry in the frequency domain has a special meaningEach position represents the frequency
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function based on the position-triplets (X;y;z). We assume that the zero-frequency (DC-)component is at tle
center of the volume, and we denote its position with &pc ; Ypc ; Zpc ). In our transfer function space, we set the
modulation factor for a speci ¢ frequency based on the relaitve distance from the zero-frequency component, or
more speci cally based on the triplet (X Xpc ;Y VYpc;Z 2zpc). In order to overcome the non-trivial process
of using a 3D transfer function, we introduce the concept of adial-distance frequency RDF ). For each entry
(X;y;z) the RDF (x;y;z) is de ned as follows:

q
RDF (x;y;z)=  x(X Xpc)?+ y(Y VYoc)?+ z2(z 2zpc)? 1)

where ; y; , are weights de ned in f0; 1g that control which frequency directions are taken into accant.

From a geometrical point of view, modulating frequencies tkat have the RDF equal to a specic valuer and
(x = y= z=1), means selecting all the points on the surface of a spher@ith center at the zero-frequency
point and having radius r. The modulation of frequencies based on the RDF principle,drces the same modulation
of frequencies with the same RDF. A vast majority of signals &hibit symmetrical properties in the frequency
domain.?® Such signals can e ciently be analysed with RDF-based modu&tion. Modulating frequencies that
have the RDF equal to a specic valuer and for example (x = 1; y = , = 0) would mean setting the

x-frequency-axis as a discriminating frequency direction. This feature allows for directional enhancement of
data.

3.1 Frequency-based Transfer Function (FbTF)

In one-dimensional transfer functions, data-value histogams are shown in the transfer-function editor in order
to help deciding the assignment of opacities and colors. Intte same fashion, we make use of 2D scatter plots



of frequency related statistics, in our case amplitude vs. BF. Each entry (i;j) in the scatter plot represents
a frequency in the data with RDF j and amplitude i. After setting the opacities for speci c radial-distance
frequencies with our FbTF, we modulate both the real and imagnary part of the Fourier coe cients with those
opacities. The modulated volumeVy,oq is obtained through Equation 2:

1 l\xll\b( 1’\9(1 2j xk1+yk72+zk3
Vmod(kl;kz;ka)zm o(x;y;z) F(xy;z) e’ ™ "my ' )
x Ny Nz

x=0 y=0 z=0

where O(X;y; z) represents the function that maps the speci ¢ RDF to a frequency opacity. More details about
the range of the frequency opacity will be given in the sectio covering implementation details.

3.2 The Framework Work ow

In Figure 1 we show the ow of our framework. The frequency modilation is applied as a real-time data en-
hancement step during direct volume rendering. By changinghe frequency-based transfer function we modulate
the Fourier coe cients and after applying an inverse Fourier transform (IFFT) we obtain and render the spatial
representation of the modulated data. The interactivity allows us to search for the best FbTF setting that
enhances the structures, details or features that the usersiinterested in.

Modulated
Volume Data

Frequency Data

Figure 1. A 3D signal (dataset) is transformed to the frequenc y domain through a Fourier transform. Based on a scatter
plot of the amplitudes vs. radial-distance frequencies we modulate specic frequencies of interest. The output is then
transformed back to the spatial domain with an inverse Fouri er transform.

In Figure 2 we show a detailed overview of our framework with he renderings of the original dataset in the
bottom left and the modulated dataset in the bottom right. Tw o transfer functions are used. One for setting the
opacity and color mappings to densities in the spatial domai and one for the frequency-modulation factors in
the frequency domain. A data-value histogram is attached tothe spatial transfer function, and an amplitude vs.
RDF 2D scatter plot is attached to the frequency transfer function. The same color-opacity transfer function is
applied to the original and the modulated dataset. In the shavn example, the frequencies are modulated with a
linear function that starts with a high value at the low part o f the frequency spectrum and diminishes gradually.
The output can be interpreted as a selection of layers from tle input data. We will give more details about this
dataset in the results section.

4. IMPLEMENTATION DETAILS

Our test platform is an Intel Dual Core 2.70 GHz processor makine with 8GB of RAM equipped with an NVidia
GeForce GTX 260 graphics card. For the direct volume renderng we have implemented a GPU-based raycaster
using the OpenGL shading language and C++.

The implementation of the frequency lIters requires a forward and inverse Fourier transform. For the imple-
mentation of the Fourier transform we have used the FFTW library for the CPU-based implementatior?” and
the CUFFT CUDA library for the GPU-based implementation. 28 The speed of the Fourier transform depends
on the dimensions of the dataset and hence in uences the redgime response of our framework. We compared
the performance of these two libraries. The CPU-based FFTW las a better performance for very small datasets,
but starting from 64 64 64 datasets the performance of the GPU-based CUFFT prevailand is up to ten
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Figure 2. Detailed overview of our frequency-based visualization framework.
times faster for a 256 256 256 dataset. Table 1 shows the framerates with a viewport 512 512 and raycasting
stepsize of 0.1. Our framework decides on the y which FFT lilrary to use, depending on the size of the dataset.

Table 1. Frames per second for GPU-based vs. CPU-based implematation. We measure the time needed for a whole
cycle including frequency modulation, inverse FFT and ray cas ting with a step size equal to 0.1.

Dataset Size | GPU-based CPU-based

64 64 64 15 9
128 128 128 7 0:93
256 256 256 1 0:09

The frequency-based transfer function speci es the moduléon of the RDF frequencies. The horizontal axis
of the frequency transfer function maps from left to right, low to high RDF-frequencies. The vertical axis de nes
the modulation of the respective frequency amplitudes. It 8 mapped to the unit interval where amplitudes below
% are weakened and amplitudes above% are strengthened.

In order to improve the usability of the framework, features like zooming in and out of the frequency-based
transfer function and anisotropic scaling of the amplitudes have been implemented. These features enable us to
select frequencies with higher precision and to better anglkze signals when oscillations in amplitudes are very
high.



One important detail in frequency modulation is the proceséng of the zero-frequency (DC-)component, which
represents the average data value of the spatial represertian. Since we want to have similar data-range values
before and after the frequency modulation, we ensure that tis component remains unaltered.

5. RESULTS

In the following subsections we demonstrate the usability ®the frequency-based transfer function by applying
it on several di erent modalities achieving a wide range of eects. We do not advocate the replacement of well-
established methods such as pre- Itering which are clearlyuseful for many purposes, nor do we propose FbTF as
a sole classi cation method. Instead, we want to demonstra¢ that FbTF provides additional information which
can be employed to improve volume visualization. Unless stad otherwise, in all our experiments we will use
x = y= z =1 as default values in Eq. 1.

5.1 Enhancement of MRI and Ultrasound Data

Filtering is a useful procedure in signal processing, that an be used as an enhancement or restoration step. By
reducing high frequency components, we blur the data, and aoversely by increasing the magnitude of the high
frequencies, we sharpen the data.

Figure 3. Renderings of: a) original MRI head dataset, and b) MRI head dataset modulated with a tuned FbTF.

A desired data-enhancing e ect during ltering is noise smoothing or noise removal. In the spatial domain,
noise removal can be achieved by the convolution of the data ith smoothing kernels of di erent sizes and
structures. Special attention must be taken to avoid excesse smoothing, since it can corrupt the data and
features/structures. In our framework we can interactively tune our FbTF until a good balance is achieved
between the removed noise and the preservation of structusgfeatures. In Figures 3 and 4 we show examples
from a human head MRI and a human abdominal ultrasound scan whre a lot of noise is present in the original
data. With our FbTF we can clearly enhance the visual appearace of the data without blurring the structures
of interest. For the ultrasound data we select x = | = 0; , = 1 in order to better discriminate directional
frequencies that represent the layers in the data. Achievig the same result through spatial convolution would
be non-trivial, since it would require the construction of a complex lter-kernel. Furthermore, the noise to
be removed depends strongly on the data. By using spatial-doain Iters or preset Iters the degree of noise
removal cannot be controlled. Our framework gives all the neessary freedom and possibility to enhance the data
according to the user's requirements.



@ (b)
Figure 4. Renderings of: a) abdominal ultrasound dataset, and b) abdominal ultrasound dataset modulated with a tuned
FbTF.

5.2 Single-frequency Isolation

In signal processing it is often required to detect or selecspeci c frequencies. This is particularly important in the
visualization of ultrasound waves where speci c primary frequencies are hidden among many other frequencies
corrupted with noise. With transfer functions operating in the spatial domain it is impossible to detect or
highlight materials or parts of a signal that only consist of specic frequencies. With our FbTF it is easy to
isolate and hence segment speci ¢ frequencies that are ofterest.

In Figure 5 we show a synthetic dataset consisting of three pncipal frequencies. In our 2D scatter plot the
spectrum of the dataset is represented by three entries, sd is trivial to discriminate between them. Achieving
the same result with a preset Iter or a convolution Iter ope rating in the spatial domain is impossible since the
data is created by the sum of three 3D sine waves, each of whiatovers the complete value range of the data in
the spatial domain.

(@) (b) (c)
Figure 5. a) Corner of a cube dataset consisting of three principal frequencies, b) The modulated dataset consisting only
of one frequency (lowest), and ¢) The modulated dataset consisting only of one frequency (highest).

5.3 Thickness-based Sediment Selection in Seismic Data

Seismic data is created by processing sound re ections thalhave been sent into the ground. Sound re ections
from sedimentations have a specic and characteristic expession in the frequency domain that indicates the
sedimentation thickness?® Currently, for an accurate interpretation of seismic data, it is necessary to visualize



and interpret several single-frequency volumes created dm a single input dataset. This is a very time consuming
process and much research in the seismic domain deals with eient ways to address this issue. We believe our
work can give an e cient solution to this problem. As shown in previous examples, interactive single-frequency
isolation can be achieved quite easily with our transfer fuction. High quality seismic data is an important asset
for oil companies and hard to get hold of. It is also typically noisy and complex to understand for non-experts.
Therefore, we demonstrate the frequency transfer functionon a synthetic seismic dataset with a simpli ed
sedimentation model. The sedimentation has a decreasing ttkness from top to bottom and is generated from
Equation 3:

1+sin Kg w  sin(Ry) + sin(ky) + Ks
V (ks ko ks) = 5 3

whereR; = k; =N 4 (QZ, R; are de ned analogouly), andw is a constant that controls the number of layers in
the dataset.

The synthetic dataset in Figure 6(a) is created by showing dl frequencies and applying the spatial transfer
function as de ned in Figure 2. The spatial transfer function is de ned to map only strong re ection values (the
lowest and highest values) to full opacity while intermediae low-energy re ections are transparent. Frequency
ranges and single frequencies can be Itered as seen in Figui6(b)-(f). The ability to isolate/enhance single
layers in real-time, guided by the amplitude vs. RDF scatter plot, demonstrates the usefulness of our proposed
frequency-based transfer function.

@ (b) (©)

(d) (e) ®)
Figure 6. Renderings of the synthetic layer dataset: a) origi nal dataset, b-c) modulated dataset consisting of only 3
layers with decreasing but similar thickness, and d-f) modul ated dataset consisting only of single layers with decreasing
thickness. See Figure 7 for the respective transfer-function settings.
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Figure 7. Settings of: a) color-opacity TF. The horizontal a xis represents the data-value range and the vertical axis
controls the mapping of opacities to the data values. b-f) Fb TFs for Figure 6. The horizontal axis represents the RDF
range and the vertical axis controls the amplitude modulatio n for the selected RDFs. The red line shows where the
frequency opacity is equal to one.

5.4 Image-space Enhancement on CT Data

The frequency response of a signal represents the rate of age of the signal. Fast changes contribute to high
frequencies and vice-versa. Gradient information can be akiced from the upper part of the frequency spectrum
(i.e., the high frequencies). On the other hand, structureswith similar or constant density contribute to the lower
part of the frequency spectrum. With a tuned bandpass lter, structures of di erent sizes can be detected. This
idea is similar to the approach presented by Correa and M&, where analysis and size-based feature enhancement
is done through multi-scale Gaussian Itering. Whereas Corea and Ma perform the time consuming Gaussian
convolution in the spatial domain and create a derived volune from this to obtain real-time interaction, our
frequency transfer function can express this convolution ad perform it in real-time without need to create a
derived volume.



In Figure 8 we show results of an aneurism dataset, obtainedrém a rotational C-arm X-ray scan of the
arteries of the right half of a human head. By amplifying the frequencies of a speci ¢ frequency band, we are
able to detect the aneurism. In Figure 8(c) we show the outputresult by using image compositing with an "over"
operator®® de ned as follows:

louw =  lrer +(1 ) lin 4)

wherel, is the image rendered from the input dataset,| rt is the image rendered from the modulated dataset,
lout is the nal image result and  controls the compositing operation. We use = 0:3 in Figure 8(c). From a
mathematical aspect, the usage of FbTF in feature detectionis a generalization of the concepts introduced by
size-based and scale-based segmentation. A properly tunéTF o ers the opportunity to discriminate features
based on shape and size.

@ (b) (©

(d)

(e)
Figure 8. a) An aneurism dataset, b) The aneurism after applyi ng a global low-pass lter in the frequency domain, c)
In the middle in green is the aneurism after applying a band-pa ss lter, rendered with the original data as background
context, d) Setting of FbTF for Figure 8(b), and e) Setting of F bTF for Figure 8(c).

6. CONCLUSION AND FUTURE WORK

We presented an interactive framework that extends the commn visualization pipeline by including frequency
modulation as an interactive data enhancement step. We impmented and compared a CPU and a GPU based
application of FFT. The FFT implemented with CUDA provides a fast and interactive way of analyzing 3D
signals in the frequency domain.

We showed di erent scenarios related to the construction ofcomplex lters, the enhancement of structures
and detection of features of interest. The versatility of daa modalities and problems demonstrates the strength
of our proposed approach. Each of the problems described irhé Results section requires speci ¢ and tailored



processing which has long processing times and possibly msespace for storing intermediate representations.
Our transfer function represents a simpler and uni ed realtime solution to these problems while requiring no
extra storage.

The interactivity of our framework creates possibilities for a better and quicker exploration of signals in the
frequency domain and for the linking to the spatial-domain representation of those signals. We observed that
changing speci ¢ frequencies may lead to undesired changes the corruption of the overall structures of the
data. In our future work we plan to put more emphasis on the saénti ¢ linking between the modulation of
speci ¢ frequencies and the impacts on the spatial data repesentation. One other possible way to extend our
framework is by including spatially local information into the frequency data.

We showed that important information can be extracted from the frequency spectrum. In addition further
investigation will be pursued in understanding the impact o frequency modulation on structures and features
of interest. Considering seismic spectral decompositionsaone of the elds that may directly bene t from our
framework, we plan to coordinate with geology experts in or@r to develop the framework in accordance with
their needs.

The introduced framework is, to our knowledge, the rst attempt to connect and interact in real time with the
spatial and frequency domain by means of transfer functionsWe showed several cases where such an interaction
is useful.
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