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ABSTRA CT

Modern medical imaging provides a variety of techniques for the acquisition of multi-mo dalit y data. A typical
example is the combination of functional and anatomical data from functional Magnetic ResonanceImaging
(fMRI) and anatomical MRI measurements. Usually, the data resulting from each of these two methods is
transformed to 3D scalar-�eld representations to facilitate visualization. A commonmethod for the visualization
of anatomical/functional multi-mo dalities combines semi-transparent isosurfaces(SSD, surfaceshadeddisplay)
with other scalar visualization techniques like direct volume rendering (DVR). However, partial occlusion and
visual clutter that typically result from the overlay of these traditional 3D scalar-�eld visualization techniques
make it di�cult for the user to perceive and recognizevisual structures. This paper addressestheseperceptual
issuesby a new visualization approach for anatomical/functional multi-mo dalities. The idea is to reduce the
occlusion e�ects of an isosurfaceby replacing its surfacerepresentation by a sparserline representation. Those
lines are chosenalong the principal curvature directions of the isosurfaceand rendered by a 
o w visualization
method called line integral convolution (LIC). Applying the LIC algorithm results in �ne line structures that
improve the perception of the isosurface'sshape in a way that it is possible to render it with small opacity
values. An interactive visualization is achieved by executing the algorithm completely on the graphicsprocessing
unit (GPU) of modern graphics hardware. Furthermore, several illumination techniquesand image compositing
strategies are discussedfor emphasizingthe isosurfacestructure. We demonstrate our method for the example
of fMRI/MRI measurements, visualizing the spatial relationship betweenbrain activation and brain tissue.
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1. INTR ODUCTION

Computer-basedvisualization techniquesplay a crucial role in today's medical imaging. In particular, 3D visual-
ization algorithms are employed in the areasof computer tomography (CT) and magnetic resonancetomography
(MR). Direct volume rendering is oneof the fundamental techniquesfor the visualization of such 3D scalardata.
Since each of the available measuring techniques has its strengths and weaknesses,a combined visualization
of several modalities is often used. A typical example is the combination of anatomical and functional brain
imagesobtained from di�eren t modalities, to show functional processesin the spatial context of the involved
brain regions. A common neuro imaging technique is functional Magnetic ResonanceImaging (fMRI), of which
the major goal is to make visible the activities of the brain. This method is on the one hand used in neurology
and neurosurgery for diagnosis and treatment planning, on the other hand it is a powerful tool for cognitive
neuroscientists to study brain activit y. fMRI takesadvantage of the fact that cognitive processeslead to a local
increasein oxygen delivery to activated cerebral tissue, resulting in changesof the local magnetic �eld. This
e�ect, referred to as Blood-Oxygen-Level Dependent (BOLD), can be acquired with a special fMRI sequence
and provides an indirect measurefor the intensity of brain activation.

There already exist several techniquesfor the combined visualization of fMRI and MRI data. One exampleis
the projection of the brain activation onto an anatomical isosurface,where the activation level is represented as
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color.1 However, the projection onto the surfaceimpairs the perception of relative depth and spatial structure.
Other approaches combine several scalar visualization techniques, like DVR and SSD, in a single visualization.
Grim et al.2 developed methods to e�cien tly visualize multiple intersecting volumetric objects by intro ducing
the concept of V-Ob jects. These abstract properties of an object are connected to a volumetric data source,
respectively. Similar featuresare supported by other commercial3 and non-commercialsoftware.4, 5 An approach
for modeling and rendering complex multi-v olume sceneswas proposedby Leu and Chen.6, 7 Cai and Sakas8

proposed a method for data intermixing in direct multi-v olume rendering. A survey of GPU-based volume
rendering techniques was given by Preim et al.9

The quality of a visualization that combines a semi-transparent isosurfacewith another method depends
strongly on the chosen opacity value for the isosurface. The goal of this paper is to improve multi-mo dalit y
visualization by an occlusion-lessrendering of isosurfacesthat neverthelesskeepsall of the important geometric
information.

2. MA THEMA TICAL AND ALGORITHMIC BASICS

We �rst give a brief intro duction to the underlying mathematical equations of surface curvature. Then, we
discussour texture-basedstreamline visualization approach: line integral convolution (LIC) extended to curved
surfaces.

2.1. Surface Curv ature

The �rst principal (curvature) direction is de�ned as the direction along the highest curvature on a surface. The
corresponding curvature strength is called �rst principal curvature. The secondprincipal direction indicates the
direction to the 
attest area. By construction, both principal directions are perpendicular to the surfacenormal.
The two principal directions and the corresponding curvatures can be obtained by computing the eigenvaluesof
the secondfundamental form and their eigenvectors.10, 11
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Figure 1. Orthogonal frame for the computation of the surfacecurvature. Here, e1 stands for the �rst principal direction,
e2 for the secondprincipal direction, and e3 for the surface normal.

In the following, we assumethat the surface is de�ned as an isosurfaceof a 3D scalar �eld. First, an
orthogonal frame (e1; e2; e3) is constructed. One basisvector is de�ned e3 = r s(p), where s is the scalar value
at the position p. The vector e3 is the normal vector on the isosurface. The basis vector e1 is chosenwithin
the plane that is perpendicular to e3; the direction within that plane can be chosenarbitrarily . The remaining
basisvector is computed ase2 = e1 � e3, and also lies in the plane that is perpendicular to e3. Then, the second
fundamental form can be formulated as the matrix
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where e! i 3
j represents the de
ection in the direction of ei when you move along ej . These values are formally

known as twists if i 6= j and can be obtained by the dot product of ei and the derivative of the gradient in ej

direction. A common method for the computation of the eigenvaluesof A consistsof solving the characteristic



polynomial � (� ) = det(�E � A) = 0. Basedon the fact that the eigenvaluesde�ne the principal curvatures, the
corresponding eigenvectors can be obtained by
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where � i with i 2 [1; 2] stands for the �rst and the secondeigenvalues, respectively. Finally, the principal
directions are given by x0

i = ui e1 + vi e2. Usually, the lengths of the eigenvectors are chosenaccording to the
respective curvature valuesby scaling the eigenvectors so that they meet the following conditions: jx 0

1j = � 1 and
jx0

2j = � 2.

2.2. Line In tegral Con volution

The LIC algorithm12 is the basis for one of the most common texture-based techniques in 
o w visualization.
This method usesan integration along curvesde�ned by a vector �eld. The curvesare constructed by tracing the
motion of particles along the vector �eld, leading to streamlines in the caseof a steady (i.e., stationary) vector
�eld. We only considersteady vector �elds becausethe principal curvature directions will not changeafter the
isosurfacehas beenextracted. We �rst discussLIC on 2D planesand later extend it to curved surfaces.

The particle tracing integrates the position of a particle n positive and n negative steps along the vector
�eld, starting at the seedposition p = (x0; y0)T . The resulting streamline is denoted by � 0(t) and describesthe
position of a particle at a varying integration time t. Note that � 0(0) = p represents the seedpoint. T(x; y)
stands for the input noise texture and k(t) denotesthe convolution �lter. Then, the intensity I at p is de�ned
as the convolution along the streamline:

I (p) =
Z L

� L
k(t) T(� 0(t)) dt : (3)

For the �lter k(t), usually a symmetric function is used, e.g. a box or tent function. The noise texture T(x; y)
contains (�ltered) white noise. Applying Eq. (3), the high spatial frequenciesalong the streamlinesare reducedor
completely removed, while maintaining the high frequenciesperpendicular to those lines. This leadsto line-like
visual patterns.

Weiskopf and Ertl 13 adaptedthe LIC algorithm for the visualization of 
o w on curvedsurfaces.Wefollow their
approach and brie
y summarizeit. One of the most important advantage of this method is that it is independent
of the surfaceparametrization. Actually , no parametrization is necessary, what makesthe approach appropriate
for the application on implicit surfaceslike they occur in SSD. The algorithm consists of two stages: (1) the
projection of the surfaceand its corresponding vector �eld to the imageplaneand (2) the LIC computation on the
image plane. This method computeseach component in its appropriate domain and facilitates the evaluation of
the LIC integral, which is computed on a planar 2D domain only for the visible parts of the object. Furthermore,
this algorithm is well suited for an e�cien t GPU implementation.

In the following technical discussion, we use image-spacecoordinates as a representation of positions on
the image plane. In addition, the original 3D object spaceof the isosurfaceis considered. An object can be
transformed from object spaceto image spaceby applying a projection onto the image plane.

The idea of this algorithm is to evaluate the LIC integral, Eq. (3), on a per-pixel basis with respect to
the image space. In addition, the particle traces are also represented in 3D object spacein order to achieve
temporal coherenceunder camera rotations. To exploit the advantage of a combined image-spaceand object-
spacerepresentation, the particle paths are simultaneously computed in both domains. The particle path in
object spaceis obtained by solving the particle tracing equation,

dpob j (t)
dt

= v (pob j (t)) ; (4)

wherev(pob j ) denotesthe vector �eld on the surface,and pob j (t) denotesthe object-spaceposition of the particle
at integration time t. This equation is solved by applying an explicit numerical integration, such as a �rst-order



Euler scheme. After each integration step, pob j is projected to image-spacecoordinates p img . The 3D object-
spaceposition pob j is used to accessthe noise �eld T, which is also de�ned in 3D object space. The noise
contributions are accumulated according to Eq. (3) in order to obtain the �nal LIC result.

To simplify the representation of, and accessto, the vector �eld v , the 2D image-spaceposition p img is used
to accessthe vector �eld. In fact, the vector �eld is not stored with respect to 3D object space,but with respect
to 2D image space. Therefore, the image-spacerepresentation of the vector �eld needsto be initialized before
the LIC integral is computed: the vector �eld is projected from its original object-spacerepresentation onto the
image plane. Then, particle tracing is basedon the slightly modi�ed equation

dpob j (t)
dt

= v (p img (t)) ; (5)

where p img is computed from pob j by projection onto the image plane.

3. RENDERING

Our visualization method is basedon a multi-v olume rendering approach presented by R•o�ler et al.14 for the
simultaneous visualization of functional and anatomical data whilst preserving their spatial relationship. We
extend this existing genericvisualization framework, which facilitates the intermixing of any number of volumes
and the combination of arbitrary rendering styles. In its original version, the framework implements slice-based
volume rendering. The data is stored in 3D textures, which are sampledby view-dependent coplanar slices(3D
texture slicing).15

As we want to achieve a focus-and-context visualization, we choosetwo di�eren t visualization techniques for
the volumesto be mixed. The focus is the functional data, which is represented by a brain activation data set,
whereasthe anatomical data builds the context. Basedon the fact that in our casethe context always encloses
the focal region, we apply DVR for rendering the brain activation and SSD for the surrounding brain structure.
The isosurfaceitself is alsorenderedby slice-basedvolume rendering, using a threshold for the isovalue. For each
sliceof the anatomical data set, the threshold is tested against the current density value to decideif a fragment is
renderedor not. Sincethe brain activation is always located behind the isosurface,we �rst render the functional
data and then overlay the anatomical data. This meansthat both objects are renderedcompletely independently
from each other. Pleasenote that due to this geometrical independency, di�eren t transfer functions and di�eren t
shadersare attached to the objects.

3.1. Curv ature Lines and Multi-V olume Rendering

Considering the functional data, we follow the implementation of R•o�ler et al.,14 who renderedthe brain activa-
tion completely opaque. This result is stored in a render target (i.e. an image-aligned2D texture). In the next
step the isosurfaceis drawn. Since we want to apply the LIC algorithm (seeSec.2.2), we need to project the
vector �eld representing the �rst principal directions on the surface. Sincethe vector �eld doesnot changeover
time, it is pre-computed and stored in a 3D texture. According to the algorithm of Weiskopf and Ertl, 13 this
texture is fetched when rendering the isosurfacein order to map the vectors on the surface. The illuminated
isosurfaceand the positions given in object spaceare stored in two additional render targets. The secondstage
is implemented as an additional render pass. Here, a screen-�lling quad is renderedto addresseach pixel of the
viewport. In this stage, the LIC integral, Eq. (3), is evaluated by accessingthe projected vector �eld and the
appropriate positions in object space.This results in an intensity value, which is computed for each fragment.

The last step is the �nal rendering. In this rendering step, we apply a special blending function, taking into
account the lines obtained from the LIC computation, the illuminated isosurface,and the already renderedbrain
activation. The blending function we useis de�ned as

C0
out = � C iso + (1 � � )(1 � I LIC )Cact ; (6)

and describes the �nal output color C 0
out . The alpha blending between the functional data, C act , and the

anatomical data, C iso , is governedby the opacity � of the isosurface,i.e. the opacity of the isosurfacedetermines
the visibilit y of the brain activation behind. Figure 2 illustrates this blending process.
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Figure 2. Blending of the functional data rendered by DVR and the surrounding anatomical data using SSD. The
curvature lines resulting from the LIC computation a�ect the DVR rendering by de�ning the intensity of the functional
data as well as the SSD of the anatomical data due to their tangential behavior. If illumination is enabled, a second
blending is applied which adds the light contribution to the emissive representation.

The intensity of the curvature lines, I LIC , further modi�es the image compositing. According to the multi-
plication by the factor (1 � I LIC ), the LIC intensity provides di�eren t weights for the brain activation. As we
want to obtain dark lines, it is necessaryto negate the intensity. Furthermore, we have to consider the empty
areasinside the anatomical hull. Black empty regionswould lead to a multiplication by zero, which meansthat
in theseareasno curvature lines would be visible. In order to apply the curvature lines also in theseregions,the
brain activations are renderedusing a white background. This does not imply any color shift of the activation
volume, sinceactivit y is renderedopaqueanyway.

3.2. Curv e Illumination

When curve illumination is enabled,the data 
o w changesslightly; seeFig. 2. Lighting is basedon normal vectors
on the surface geometry, which can be related to the gradients of a texture-based representation of geometry.
We employ a real-time gradient computation for the curvature lines. Sincethe curvature lines are computed on
the image plane in a view-dependent way, a pre-computation of the gradients is not possible. Furthermore, we
have to considerthat the �rst derivative requiresneighborhood information. We have implemented the gradient
computation as an additional render passdirectly after the LIC evaluation, which delivers the intensity values
for each pixel in image space. This image can be consideredas a 2D scalar �eld that serves as input for the
gradient computation. We use central di�erences to compute the 2D image-spacegradient, which is combined
with the surfacenormal to obtain the 3D normal vector in world space. In the �nal rendering step, this vector
�eld is usedto apply di�use illumination of the curvature lines. This illumination component extendsEq. (6) to

Cout = � (N � L ) + (1 � � )C0
out ; (7)

where N stands for the normal vector and L denotes the position of the light source. Both vectors are given
in world space. Usually, only a small light contribution is su�cien t for emphasizingthe line structures on the
isosurface.From experience,� should be chosenbetween0:1 and 0:2.

4. APPLICA TION AND RESUL TS

We tested our visualization method with data gathered from cognitive studies conducted at the Center of
Cognitive Scienceat the University of Freiburg. In those studies, the cognitive scientists want to learn more
about the links betweenhuman thoughts, feelings,and actions, and the functions of the brain. For this, a number
of participants are placed one after the other in an MRI scanner;while they are performing cognitive tasks, the
brain activation is measuredin quickly repeated intervals. The goal of such fMRI experiments is to explore
di�erences betweenthesemeasurements. Typically, the baselineactivit y is measuredwhen the subject is at rest,



and other measurements are taken when the participant performs certain tasks. In the simplest experimental
design, the activit y in the baselinecondition is subtracted from the activit y measuredduring the performance
of the cognitive tasks. Since the raw fMRI measurements contain much noise, they are not examined directly
but statistically analyzed to obtain signi�cant activations. This statistical analysis is usually done with SPM16

(Statistical Parametric Mapping), a freely available software developed by the WellcomeDepartment of Imaging
Neuroscience,University College London. It facilitates the analysis of whole sequencesof brain imaging data
that can either be a seriesof imagesfrom di�eren t peopleor a time seriesfrom the samesubject.

In an example study,17 the participants performed logical reasoningproblems while the brain activit y was
measured.During the experiment, the participants wereasked to draw conclusionsfrom given premisesand later
their responseswere evaluated for logical validit y. For instance, they saw two premises:

Premise 1 : V X (V is on the left of X) .
Premise 2 : X Z (X is on the left of Z) .

Afterwards, they had to decide and indicate by a key presswhether the following statement logically followed
from the premises:

Conclusion: V Z (V is on the left of Z)?

In the following, the application of our method to this fMRI data is discussed.We comparethe visualizations
using di�eren t parameter settings. The parametersare: curvature masking,noisedensity, and curve illumination.
Figure 3 (a) shows an example of the combination of SSD and DVR. In this image, the volume-renderedbrain
activation serves as focus while the surrounding brain tissue is represented by an isosurface,which builds the
corresponding context. Obviously, the main goal of this visualization is to facilitate the spatial perception of the
activation areasinside the human brain. Therefore, it is necessaryto have a clear visualization of both objects. In
particular, the shapeof both objects shouldbeperceivableat a glance. Actually , the visualization quality depends
on the materials of the surrounding context and the focusobject. Thesematerials are usually de�ned by transfer
functions, and so it dependson the user to �nd an appropriate setting for an optimal visualization. Therefore,
the visualization quality is strongly in
uenced by the rendering of the context, in our casethe isosurface. For
example, if the isosurfaceis rendered opaque, the structure of the anatomy is rendered in high quality, but it
completely occludesthe brain activation. On the other and, if the isosurfaceis chosentoo transparent, the shape
of the covered brain activation is clearly identi�able, whereasthe quality of the isosurfacesu�ers.

In Fig. 3 (b), a naivemapping of the computedcurvature linesonto a selectedisosurfaceis applied. Indeed, the
structure of the isosurfaceis clearly perceptible, supported by the curvature lines. Nevertheless,the high number
of lines drawn on the surfacemakes it hard to identify the shape of the brain activation behind. Furthermore,
areasof low curvature, like the depressionson the cortex surface(sulcus), lead to short lines, which negatively
in
uence the visualization. In Fig. 3 (c), we have addressedthe issueof occlusionby changing the noiseintensity
that in
uences the number and the sizeof the drawn LIC lines. By decreasingthe number of lines, the isosurface
becomesmore transparent and the quality of the brain activation shape increases.The problem of noise in 
at
areasis solved by curvature masking, which is basedon a threshold that maskslines in areasof low curvature. As
a consequenceof this masking, the lines in the sulcusdisappear while the shape of ridges (gyrus) are emphasized
by line drawing.

Figure 3 (d) shows the result if the density of the lines on the isosurfaceis further decreased.It is necessary
to consider the disadvantages which might appear if the density is chosen too small: due to the behavior of
our LIC algorithm (seeSec.3), the resulting lines are a weighted intensity of the brain activation. Actually ,
the weights of the streamlines are chosen with a positive o�set to avoid black lines, which might a�ect the
visualization. If the number of lines is decreasedtoo much, either the intensity o�set must be reduced or the
perception of the line structures hasto be improved. Indeed, the �rst option would lead to a higher contrast, but
it would also imply a higher degreeof occlusion causedby opaquelines. An alternativ e option is to improve the
perception of line structures by illumination. We apply a real-time gradient computation as basis for lighting.
The gradients determine the normal vectorsfor di�use illumination (Lambert re
ection). Pleasenote that already
a small contribution from illumination is su�cien t for an improved perception of the lines. If the di�use part
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Figure 3. Combined visualization of functional and anatomical data. The brain activation is renderedwith DVR while the
isosurfaceis represented by SSD:(a) Isosurfacewithout any line structures mapped onto it. (b) A high number of curvature
lines without any masking; the short lines appear as points and in
uence the visualization negatively. (c) Smaller number
of thicker curvature lines; in the areas of low curvature, the curvature lines are faded out completely. (d) Illuminated
curvature lines. Only a small di�use light contribution is used for emphasizing the lines' structure. The curvature lines
appear more prominently without having changed their intensity.

is emphasizedtoo much, the lines appear as bumps on the isosurface,which makes it di�cult to distinguish
betweenthe original curvature given by the isosurfaceand the visual ridges created by illumination.

Table 1 shows the visualization speedof several con�gurations measuredon a PC with an AMD Athlon 64
X2 Dual 4400+ (2.21 GHz) CPU and 2 GB of RAM. We used an NVIDIA GeForce 8800GTX GPU with 786
MB of graphicsmemory. Considering the �rst two rows of the table, the lower frame rates for LIC rendering can
be ascribed to the evaluation of the LIC integral. In this case,we compute 20 LIC stepsin each direction, which



Table 1. Performance measurements of a combined visualization of DVR and SSD.The brain activations are visualized by
direct volume rendering, whereasthe surrounding brain is rendered as an isosurface. Here, three di�eren t con�gurations
for isosurface rendering are compared. All measurements are given in frames per seconds(fps), the viewport size is
800� 600.

Isosurfacew/o LIC 42.17fps

Isosurfacewith LIC 25.67fps

Isosurfacewith illuminated LIC 25.57fps

results in 40 texture lookups for each texel. In contrast to the LIC evaluation, the gradient computation barely
in
uences the rendering speed. Gradients are computed by central di�erences. Therefore, only 4 additional
texture lookups per texel are necessary, which makes it much faster than the LIC evaluation.

5. CONCLUSION AND FUTURE W ORK

We have presented an approach for the combined visualization of functional and anatomical data. In our method,
the representation of brain activations using DVR is combined with its surrounding brain structure rendered
by SSD. Special attention is paid to the isosurfacerendering becauseof its high importance for the overall
visualization quality. To overcomethe occlusion problem when the isosurfaceis rendered too opaque,we have
intro duced curvature lines to support the perception of the brain structure even when it is drawn with a high
degreeof transparency. The computation of those lines is based on the principal curvature directions of the
isosurface. Using the curvature directions as vector �eld input, a texture-based 
o w visualization method is
applied for the rendering of streamlineson curved surfaces.Thesecurvature lines are usedfor manipulating the
intensity of the brain activation data while representing the structure of the isosurface.Our method lends itself
to an e�cien t GPU implementation, resulting in interactive frame rates.

In general,improving the perception of multiple objects occluding each other is an interesting �eld of research
that needsfurther exploration. In future work, for example, other texturing techniques could be applied on
objects renderedby SSD and DVR.
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