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Abstract—We present a method for visualizing vasculature faithfully represent the radius distribution given by the vessel
based on clinical CT- or MR data. The vessel skeleton as well as gnalysis.
the diameter information per voxel serve as input. Our method — \we carefully investigate surface distances between our
adheres to these data, while producing smooth transitions at . . . . .
branchings and closed, rounded ends by means of convolution visualization and other visualization methods. In particular,
surfaces. We examine the filter design with respect to irritating W€ compare isosurface renderings of the vessel segmentation
bulges, unwanted blending and the correct visualization of the result with convolution surfaces. In an evaluation with 11

vessel diameter. The method has been applied to a large variety of experienced medical doctors the usefulness of our method
anatomic trees. We discuss the validation of the method by means specifically for close-up views is shown.

of a comparison to other visualization methods. Surface distance
measures are carried out to perform a quantitative validation.
Distance measures between convolution surface and isosurface Il. PRIOR AND RELATED WORK

renderings of the segmentation result have been determined to Following the pioneering work of Gerig et al. (recall [1])
assess the accuracy. Furthermore, we present the evaluation of 9 P 9 9 )

the method which has been accomplished by means of a surveyS€Veral attempts have been made to develop special visu-
of 11 radiologists and surgeons. alization techniques for anatomic tree structures in general

and vascular trees in particular. Our visualization technique
is based on the model assumption that cross sections of non-
athologic vessels have a circular shape, as discussed in [4].
X o , , ) ) asutani et al. fitted cylinders along the skeleton to visualize
visualization of vasculature is crucial. It is desirable thaf, <. ar structures. The drawback of this method is that dis-

the topology of vascular trees, can be correctly inferred fro%ntinuities at branchings arise where cylinders with different

the visualization. Moreover, the curvature and the diminUtioﬂﬂameters coincide. A special problem, the visualization of

of the diam.efcer towards the periphgry should be .depif:ted. C@Erebral structures, has been tackled by Puig et al. [5]. She
rectrl1y. Trzqmonal Imethods dOf .med|(;]al Vr?ltrgf V'Sga,l'zat'ognodeled typical bifurcations and pathologic situations, such as
such as direct volume rendering, threshold-base 'Sosur%%ﬁeurysms and stenosis, and fitted these models to the patient

rendering, or MIP are nqt well-swted_fo_r the above_-mentlon ecific data at hand. The focus of her work is on the geometric
goals. Due to image noise and the limited resolution of CorEbntinuity and on realistic shading

puted tomography (CT) or magnetic resonance imaging (MRI)|, (6] 3 vessel visualization pipeline has been introduced.

convgntlonal meth_ods produce noisy 3d visualizations. AlSppe gyaleton and the local vessel diameter determined in the
the visual S(—?-par_atlon F’f contrast-enhanced vascular str_uctq ﬁge analysis stage are smoothed with a (121) binomial filter.
and other high-intensity structures, such as bones, might ecial care is taken at branchings to weight the incident
very difficult. Artifacts and discon_tinuities in the visualizationoranche& In the mapping step, truncated cones are used to
dlstrapt the viewer. For educational purposes and thera}@bresent the diminutions of the vessel diameter faithfully.
planning, viascullar structures should _be reconstructed bals-ﬁﬂ/vever, the fitting of primitives along the skeleton does
on the rad|olog|cal data of that patient and some mod gmt generate smooth transitions between vessel segments at
assumptions as to the shapg of yasqulature (Gerig et al. | yanchings. In [7], branchings are treated separately to avoid
Furthermore, reco_nstructed visualization meth‘?ds are usefu dhdering discontinuities and the construction of objectionable
the _vessel analysis stage because segmentation errors becgpiy res inside the geometric model. Along straight parts, a
obvious. . . o . vessel segment is approximated by four quadrilateral patches.
We describe a new method for vessel visualization Wh'°ﬂ1e method is based on the iterative refinement of a rough, ini-

originates from implicit modeling. This method produceﬁa” constructed base mesh by means of subdivision surfaces.

smooth surfaces even a}t endpoints arjd br'anc.hmgs. The VERSE mprehensive survey of methods for vessel visualization
skeleton serves as the input for the visualization process. Iﬁés

represented as a directed graph [2]. Edges of this graph ar(glven in (8]

approximated by line segments connecting adjacent voxels. ) ]

Each segment is described by its two endpoints and ofte Reconstruction of Vessels for Interaction

associated radius (the radius of the largest circle completelyNot much effort was spent so far on the exploration of vas-
enclosed by the segmentation result), respectively. The visualar structures. The exploration is crucial because anatomic
ization method applied here is based @mvolution surfaces trees are nowadays often very complex and difficult to un-
introduced by Bloomenthal and Shoemake [3]. As a differencerstand at a glance. Facilities to restrict the visualization of
to previous applications of convolution surfaces we shadlch tree structures are essential to support the understanding.

I. INTRODUCTION
N medical education as well as in therapy planning, t



In [9] vessels have been segmented and analyzed in ordeffbeey introduceconvolution surfaceso model the surface of
selectively hide them. The subdivision of vessels by placiran object around its skeleton. In the following§,denotes a
and moving balloons with the goal to interact with suckkeleton and: refers to a single point on the skeleton.
parts of vascular structures is described in [10]. [11] dealsWith convolution surfaceshe scalar value is calculated
with the geometrical and morphological analysis of retinaccording to Eq. 4:

blood images. Although interaction facilities are not directly T
addressed they describe the determination of measurements F(p) = f(S,p) = / e( ‘ ) ds (4)
which are useful for interaction. Js

where f(S,p) is the convolution of a skeleton with a
three-dimensional Gaussian filter. In contrast to other implicit
surfaces, the value is computed considertigpoints of the

Implicit surfaces offer an alternative to explicitly con-skeleton by integration. The resulting surface does not show
structing the surface of an object by a set of polygons @reases and is bulge-free for non-branching skeletons.
parametric patches. They describe the surface by an equatioGonvolution surfaces utilize a concept which is well known
which is often more compact than its parametric counterpafitom signal processing namely the modification of a signal
Especially in modeling smooth, deformable objects, implicily a filter. For a Gaussian filter function with heightand
surfaces unfold their full strength. James F. Blinn introducesfandard deviation /2, Eq. 4 may be rewritten as
implicit surfaces in computer graphics. He develojBidbby

I[Il. M ODELING OF TREE-LIKE STRUCTURES WITH
IMPLICIT SURFACES

Moleculesto visualize electron density fields [12]. F(p) = f(S;p) = (h® 5)(p) ®)
whereS is the signalj is the filter function and® denotes
A. Implicit Surfaces: a Brief Introduction the convolution operator. For the visualization of vasculature,

Fihe vessel skeleton corresponds to the signal. The selected
. . T, 9 2 a2 _ ilter function should smooth this signal and thereby letting
tion of @ sphere with radius: 2~ + y* + = r =0 high frequencies gently drop off in the neighborhood. The

This formula may be used to represent all poip(x,y,z) . .
in space which are on the surface of a sphere with radiressultlng field around the skeleton corresponds to the scalar

r. Furthermore, it facilitates point classification by simpl){'rﬁlsd firgﬁjnilr?;igri/irllllﬁir(.)r?iui?gsgliftflgrgmﬁj isosurface through
ghﬁgt(ilgr? (:‘[Qr? tilagpev(\)/:itgi gisgtmf_ scalar value. The aboVeFor the understanding of bulge-free blending it is necessary
q q- = to elaborate on the superposition property of convolution:

F(p)—Iso=0 (1) h® (S14S2) = (h®S1)+ (h® Ss) (6)

This guarantees, for example, that two abutting,
collinear segments [...] produce the same convolu-
tion as does the single segment that is their union.
[13]
urthermore, superposition has an impact on implementa-
tion issues and the modeling process. It permits the convolu-
tion of a complex object primitive by primitive in an arbitrary
order instead of considering the skeleton as a whole.

A classical example for an implicit equation is the descri

F(p) is called thescalar field functionbecause a scalar
value may be computed for each point /so denotes the
isovalue for generating anisosurfacewhich represents the
surface where the implicit equation is zero. In order to create
more complex objects, several points might be specified whos%
scalar fields overlap if close enough.

The scalar field function employed for modeling 'blobs
[12] is given in EqQ. 2:

F(p) =be " )

whered is the Euclidean distance between pginand the C. Filter Selection

centerc. of an electron. Eq. 2 describes a Gaussian bumpAn appropriate filter function should be continuous and
centered at., having heighth and standard deviatiom. For monotonic. Furthermore, it should have finite support (or be

several energy sources, the scalar valug ean be calculated negllglble beyond a certain distance), and exhibit zero or near
as Eq. 3: zero gradient at this distance. These requirements restrict the

F(p) = Zbie_”’d? (3) filter selection to low-pass filters. The Gaussian is a prime

Z example for such filter functions. Numerous other kernels

Note that only scalar fields around point primitives Wer?ave.been published. [14] includes an analysis Of. widespread
considered so far. unctions with respect to computational complexity and the
types of modelling primitive. For the visualization of anatomic

) tree structures each of the surveyed kernels is applicable.
B. Convolution Surfaces However, the scope of eligible filter functions is strongly
Bloomenthal and Shoemake extended the concept to skekduced when a convolution surface should faithfully represent
tal primitives of theoretically any kind, e.g. line segments given radius distribution.

polygons, or planar curves [3]. This enhancement overcomednitially, the convolution surface along a line segment has
a major drawback of point primitives namely their deficiency fixed radius. In [14], the creation of a surface that resem-
in describing flat surfaces and smooth generalized cylindebtes a tapered cylinder by using linear profiling functions is



described. The use of Bezier curves with two control poings sufficiently long cylinder and a point which is located
for representing linear radius distributions is introduced iexactly on the surface and in the middle of it. Here, the
[15]. Both methods are convenient when interactive radiustegration filter equals 1 since the kernel is fully subtended
modification is required. However, they are inadequate foby the segment. With the constraint thip, H) = r(H) for
modeling surfaces that exactly converge against a given radipsint p on the convolution surface it follows:
As far as we know, solely in [13] and [16] approaches have (e (H) /r(H)) 2w w
been published that concentrate on this problem. P(p) = "IN —1/2 = ¢ —1/2=0 (9)

In [13] a Gaussian function is utilized for convolution: ~ Thus,w = In2 ~ 0.6931.

h(p) = e~ @S, =1n2, d(p,S) >0 7 IV. BLENDING

wherew is referred to as thevidth coefficientwhich equals The creation of smooth transitions between simple objects

1/(202). The distance between poiptand the line segment Nténding to form a complex organic shape is a strength
skeletons is denoted byi(p, S). of implicit surfaces. Here, so-calledlendsare used instead

In [16] the use of two other filter functions is discusse f parametric free-form surf.aces. Eor convolu'tion surfaces,
with regard to the correct representation of a linear radius d ending corresponds to an integration of the filter along the

tribution. However, both the suggested inverse cubic functiGitire Skeleton. At the skeleton joints, the scalar fields of ad-
(1/d(p, S)%) as well as an alternative function(d(p, S)? Jacent primitives overlap. The convolution surface constructed
where - equals the varying radius along the line segmen rough the resulting field forms a smooth envelope of the

erlying joint. In an implementation, each primitive may

decrease more slowly to near zero compared to the Gaussdrt. r
1) Discussion:Computational speed determined our choick® cOnvolved separately due to the superposition property of

of a filter function. By definition of the convolution surfaceconVOIUt'On‘ Blending may also have negative effects for a

(Eq. 4), the entire skeleton needs to be considered th ithful visualization of anatomic tree structures which are
i iscussed in the following.

calculating the scalar value at a poptFor the visualization
of vascular structures this means a prohibitively high computﬁ—
tional effort. To improve the performance, we will restrict the = T i ] -
computation of the scalar field using bounding volumes alongWith the initial filter design in [13], the transitions at
line segments. The tightness of a suitable bounding volurRE&NChings were very smooth but deviated strongly from the
strongly depends on the filter function, in particular on thgkeleton. Discussions with an experienced radiologist showed
distance from the center where the function value is negligibi@at this is undesirable and in some cases the interpretation of
We choose the Gaussian because it drops much faster to 2Bfot0P0logy is even hampered. We propose a narrower filter
than the other two kernels discussed in [16]. In [17], the filtd{ernel which results in a surface which tracks the skeleton

selection is discussed in more detail. more faithfully.

Blending Strength at Branchings

B. Unwanted Blending

D. Correct Representation of the Radius Distribution For precise modeling of complex shapes it is essential to
According to [13], the computation of the convolutiorcontrol the blending between certain parts of the object. Con-
integral in Eq. 4 may be simplified by separating it into theerning vascular structures, vessel segments whose skeleton
product of thentegration filterand thedistance filter Whereas s not connected should not blend with each other. In [18]
the first term requires solving a one-dimensional integral tkerestricted blending grapiwas suggested to overcome this
second is simply a single evaluation of the kernel: problem. Based on the topology of the given skeleton, primi-
h(p) = e_(d(p,H))zw’ ) tives 'ar.e.classified into blendiljg—'groups of the following types:
all primitives blendable, all primitives unblendable, blendable
where d(p, H) is the distance between poiptand its pro- and unblendable primitives. Unfortunately, this solution does
jection H on the line which proceeds through the considergwt ensure>! continuity of the shape. A more recent approach
line segment (ifp is near the end of the segmefif, might be [19] introduceslocal convolution This concept is based on
beyond the segment). The separation of the computation islefining a restricted skeleton range for computing the scalar
two filters is crucial for the evaluation of the implicit function.value at a certain point in space. It prevents blending even
Instead of the 3d integration (Eq. 4) we have to solve a tgtween small folds of the skeleton.
integral which can be precomputed and stored in a lookup )
table. We use the same lookup table as [13] with 10000 entri€s. Bulging
For adapting the radius of the resulting convolution surface, Convolution surfaces are bulge-free for non-branching line
d(p, H) is divided by radius-(H). Latter is determined with segment skeletons due to the superposition property of con-
linear interpolation between the radii at the segment endpoingslution. However, as shown in [13], they do exhibit bulges
In order to let the convolution surface converge againstat branchings. This effect is disturbing for the visualization
desired radius, an appropriate isovalue and a width coefficiaftvascular structures since a bulge might be easily mistaken
w must be selected. Bloomenthal employed an isovalug/®f for a pathological variation, e.g. an aneurysm. Even though
so as to let the convolution surface pass through the segmeut visualization method is not targeted at supporting vascular
endpoints. Now, let us consider the convolution surface dfagnostics, we shall minimize this drawback.



D. Consequences \

As a consequence of our analysis of different filters we
choose the Gaussian [13] for the convolution. However, we
suggest a modification of the original kernel to reduce the
blending strength at branchings. Employing the altered filter
function has an impact not only on the blending strength but
also on the unwanted blending problem as well as the bulgin% . i o i

blem. Eurthermore. with the modified filter function th Fig. 1. Transm_on at branching, [eft: con\(c_)lved_wnh original filter function
pro - , & = In(2)), right: convolved with modified filter 4 = 5in(2)). The

polygonization of scalar fields might be accelerated by meassnitransparent visualization reveals the underlying skeleton. Note that the

of tighter bounding volumes. original filter was designed to let the convolution surface pass through the
segment endpoints. With the modified filter the surface tracks the skeleton
more closely.

V. VISUALIZATION OF ANATOMIC TREE STRUCTURES
WITH CONVOLUTION SURFACES

In this section we describe how a modified width coefficient
allows to solve the blending problems. We go on and discuss
a preprocessing of the data in order to reduce the effort to
compute the convolution surface. The same vessel analysis
results which have been used in [6] are the input for our
method. We also employ the binomial filtering to smooth the

vessel skeleton and diameter. ) S o ) )
Fig. 2. Side view of the branching in Fig. 1. The bulging problem (left) is

considerably reduced with the modified filter (right).
A. Filter Modification

We carefully evaluated different width coefficients using a )
variety of datasets and found that a valueuwf= 5in(2) ‘
is suitable to prevent the undesired effects such as unwanted \_
blending and bulging. Note, that the width coefficient has been
increased with the effect that the filter function is narrower.
In order to correctly represent the radius distribution along a
line segment, a recalculation of the isovalue is required. Undde- 3 Unwanted blending, Distance betweer_l the horizontal branches of t_he

id ti f our new width coefficient the isovalued) S-shapes is 3 mm. The radius of all branches is 1.07 mm. Unwanted blending

F:OHSI eration of ou (left) is considerably reduced with the narrower filter (right).
is evaluated as follows:

_ _—(r(H)/r(H))*5In2 _ ,—5In2 _ —
Fp)=e Iso=e Iso=0 (10) surfaces with small to moderate-sized structures vascular trees
Hence,lso = 1/32 = 0.03125. may well have more than 1000 branchings.

To evaluate our filter function’ we emp|0y a Simp|e skeleton In order to accelerate the Computation, we determine which
with a trifurcation (4 coinciding branches). In anatomic treBne segments have a significant influence on a point and
structures, we never found more branches coinciding. In Fighgglect the influence of the remaining segments. For this
it is illustrated how the blending strength is reduced for thRUrpose, a partitioning of space is necessary. The voxel grid of
simple skeleton. Also, the bulging problem is avoided witfhe underlying data may be used as a basis for the partitioning.
the modified filter function (see Fig. 2). To study unwanted The preprocessing proceeds as follows: While iterating over
blending, we use an S-shaped skeleton with 3 mm distarfk line segments, a cylindrical bounding volume (CBV) is
between the horizontal lines. The radius was increased until gnstructed. The cylindrical shape of the bounding volume
problem occurred. With the original filter, unwanted blendingllows to closely approximate the shape of the convolution
appeared for a radius of 1.07 mm, whereas with the modifigdrface and the underlying scalar field. The radius of the
width coefficient, it appeared at 1.37 mm. The ratio betwe&rBV is based on the maximum radius along the line segment
the distance of the convolution surfaces and the distance of 8l a factor computed with respect to the width of the
centerlines determines the occurrence of unwanted blendifgnvolution filter. The width influences the extension of the
With the modified width coefficient, we could reduce the ratigcalar field about a line segment. Although, the modified

from 29% (see Fig. 3 (left)) to 9% (see Fig. 3 (right)). Gaussian from Sect. V-A has infinite support a factor of 1.5
has been computed as adequate for enclosing the significant

, . part of the scalar field. The CBV is then employed to identify

B. Computational Complexity those voxels which are influenced by the scalar field of the

For the construction of the convolution surface it is necurrent line segment (see Fig. 4). This information is used

essary to evaluate the scalar value at numerous pointsdiring surface construction for determining the line segments
space. Each of these computations requires considering With a significant influence on a point.

whole tree. By contrast to previous applications of convolution The details of the acceleration are described in [17]. As a




of these data the validation should answer the following
guestions:

« Are (small) branches of the tree structure suppressed in

the visualization (false negatives)?

« Are there occurrences of small branches which are not

represented in the data (false positives)?

« Are there occurrences where separate branches appear as

one branch?
Fig. 4. Axes-aligned bounding boxes (left) and cylindrical bounding volumes o IS the constriction of the vessel diameter represented
(right) for an artificial tree (right) correctly?

These questions are relevant since the implicit modeling
gplproach is more prone to such visualization errors than
explicit methods where graphics primitives are explicitly fitted
along the skeleton.

result, the use of the CBV accelerates the whole computati
by two orders of magnitude (factor 100-200).

VI. EXPLORATION OF VASCULATURE I N
A. Qualitative Validation

It is often desirable to restrict the visualization of anatomic We ch wo diff t thods t the ab
tree structures or to focus it on certain subtrees. For example, € choose two diflerent methods 1o answer e above
stions: first we analyzed the visualization of artificial data

in tumor surgery, vessel segments around the tumor are maH diff b hing t ih a trif i d
important than more distant parts. In general, surgeons WOLWH ifferent branching types (e.g. with a trifurcation) an

like to know which vessel segments must be reconstructéy ,cond we compared the implicit method W'th. the method
eveloped by Hahn et al. [6]. We refer to the first approach

if they have to be cut (those with a diameter above 5 mm). luti ¢ CS)visualizati d to the latt
The vessel analysis results allow for interactions to supp convolution surface ; )-w;ug 'zafion and fo the fatier one
truncated cone (TC)-visualization.

such visualization goals. Based on the branching graph, vesd

segments which depend on a user-selected branch migh he tests with artificial data showed that unwanted effects
be highlighted or removed from the visualization. Using gould be strongly reduced. The unwanted blending problem

region-selection (called lasso selection), an arbitrary sub gy occur in rareé Cases. The comparison of both methods

of vessels might be selected based on their position in t aJ: 6) reveals a good correspondence. The TC-visualization

viewport. Instead of completely removing the selected edg?g%duc;es tlr? ngerr]b{?n(t:ih?]sv\?; t?e Ieﬁ fo of Lher v?sselntr(reet. ghlf
it is often useful to show them less focused using gr y due to the constructio €re a hall sphere 1S generated a

colors and/transparency (see Fig. 5). Since the construc'%ﬁ end of segments.
of polygons inside the vessel tree is avoided by applying
convolution surfaces a semitransparent visualization withou
any artifacts is enabled.

Fig. 6. The visualization method described by Hahn et al. [6] (concatenated
truncated cones) and our method are combined for a qualitative validation.
Fig. 5. Lasso selection and defocused visualization of the selected vesT & convolution surfaces are rendered as wire-frame while the results of the

seqents. nside . semiansprent vessls e centrine. s preseHL o1 e SPA0ed. e comparian of both suaces evels « g
(©Eurographics 2004, [17]) p :

transitions which diverge slightly from the truncated cones at branchings.

In order to further study the accuracy of our method, we
VII. VALIDATION compare it with an isosurface visualization of the vessel
A crucial aspect for any visualization technique which isegmentation result (the validation of the segmentation is
intended for clinical use is its validation. The underlying datheyond the scope of this paper). Differences between the
(vessel centerline and local vessel diameter) are generated wilgmentation result and the CS-visualization can be expected
the method described in [2]. With respect to the visualizatidrecause:



« the vessel diameter which guides the convolution surfaceThe averaged results of a quantitative comparison between
is the diameter of the incircle - therefore the convolutiothe surfaces of 10 different datasets based on CT of the human
surface underestimates the segmentation result, liver are presented in Table I. We chose half the diagonal

« the skeleton and the vessel diameter have been smoothexel size {oxDiag2) as the threshold for computing the
and area deviation (last column in Table I). Boxplots illustrating

o small side branches have been suppresggdning the distribution of measured distances for each dataset are
during skeleton enhancement by taking into account tipeesented in Fig. 7.
length of a side branch relative to the branch at the next TABLE |

higher level of hierarchy [6].
g y [ ] AVERAGED RESULTS OF THE QUANTITATIVE COMPARISON OF SURFACES

With respect to the four questions at the beginning of thig,sep on10piFrFERENT DATASETS MEASURES WERE COMPUTED FROM
section, we have evidence that none of the problems discusgad; |sosurrace(Isc) AND FROM CSTO TC. ALL LENGTH MEASURES

actually occurs.

ARE IN mm WHEREASAREA IS MEASURED IN%.

[ | 8 [ o | Rms[ Min [ Max | Med | Area |
B. Quantitative Validation CS—lso | 037 ] 032] 049 0 | 321] 029 | 8.74
. . . I . [CSSTC | 009 010 | 0.14| 0 | 1.07 | 0.05 | 0.22
Over and above the visual inspection, a quantitative analysis
is desirable to judge whether the underlying data (centerline
and local diameter) are faithfully represented. The validation
of the vessel segmentation and skeletonization is beyond the 16 [3%| Som
scope of this paper. We chose to analyze the distances betweenuf .
surfaces constructed by isosurface rendering of the segmen- | | |
tation result, TC- and CS-visualization. Distance measures 12 . | ! )
are most relevant here because these visualizations are often _._ - _i_

used to assess distances (e.g. from a lesion to a vessel). The !
measurements are carried out to describe the error that i§ o5l
introduced by the visualization method. b
The software platform AMIRA © Indeed - Visual Con- 0.6
cepts GmbH, Berlin) is applied to perform a quantitative sur-
face comparison. We compare the CS with both the isosurface
and the TC. For constructing the convolution surface the width o2}
coefficient is set t&in(2) (recall Sect. V-A). A comparison is ! ! ! ! ! ! ! ! ! !
realized such that for each vertex of one surface the unsigned °
distance to the closest point on the other surface is computed.

; ; et . 7. Boxplots of the distance measures (in mm) carried out for a
From the hIStOgram of these values the followmg StatIStIC5c\)gmparison of CS and Isosurface based on 10 different datasets. Each box has
measures are calculated:

lines at the lower quartile, median, and upper quartile values. The whiskers
extend from each end of the box to show the extent of the rest of the data.
Their length corresponds to the inter-quartile range multipliedi By The
upper value within each text box represents the percentage of data values
beyond the ends of the whiskers. The lower value is the maximum distance.
Thick lines indicate thé/ox Diag2 values. Note that each upper quartile is
consistently below its corresponding value.

Dis

« mean distance (Q)

« standard deviation from the mean distaneg (
o root mean square distance (Rms)

o minimum distance (Min)

o maximum distance (Max)

« median qf t'he distance (Med) ' ~ With an average of0.37mm deviations between convo-
e area deV|at|on:_ percentage of distance values that deviglgon surface and isosurface are below a typical value for
more than a given threshold (Area) VoxDiag2. Note, also the average area overlap9af26%

Since distance-measures between two surfaces are nwhich refers to the respective value bloxDiag2. It could
symmetric AMIRA supports a two-sided comparison. Howbe observed that high deviations gmm) occur in all datasets
ever, the computation of measures in direction from isosurfacely close to the root of the vessel tree as illustrated in Fig. 8.
to convolution surface distorts the overall result. Due tdhis effect is negligible because the root does not pertain to
pruning of tiny vessel segments during skeletonization [8fe intrahepatic vessel system and is therefore of less interest
these parts are missing in the CS. For some vertices fof surgery planning. Inside the vascular trees even distance
the isosurface no points exist within a small range on theeasurements are reliable with the CS. The median of the
convolution surface. Hence, this comparison is disregardddviation is below/ ox Diag2 for each considered dataset. The
as well as the comparison from TC to CS. While with thdeviations along the whole vessel tree are to be expected since
first method polygons are constructed inside the model the convolution surface constantly underestimates the segmen-
branchings the convolution surface is hollow. For vertices ¢dition result as described in Sect. VII-A. It could be further
the inner polygons no points exist within a small range oascertained that smoothing the vessel skeleton has a negligibly
the convolution surface. The resulting high deviations woukmall effect on the measurements. The convolution surfaces
mislead the overall comparison. based on their corresponding non-smoothed skeletons yielded



almost the same results. Pruning of small side branches has
no effect since the surface comparison is only accomplished
from convolution surface to isosurface and not vice versa.

Fig. 9. Color-coded visualization of the deviation from convolution surface

to the surface constructed by means of truncated cones [6]. Minor deviations
may be observed at the branchings. The strongest deviations occur at the
vessel ends as illustrated in the inset. Here, the superimposed truncated cones
caped by a hemisphere are rendered in wire-frame mode.

Fig. 8. Color-coded visualization of the deviation from convolution surface

to isosurface. Each vertex of the convolution surface is assigned a color wit|
respect to the corresponding distance. The legend represents the correlati
between color and magnitude of the deviation. The strongest deviations occ
at the root of the vessel tree as depicted in the inset showing the superimpos|
isosurface in wire-frame mode.

As could be expected there is a better correspondence
between the two model-based approaches (TC- and dfg_ 10. Close-ups of a liver vessel tree generated by isosurface rendering,
. R h . . concatenation of truncated cones [6] and convolution surfaces (from left to
visualization). More thar99% of the directional distances areygpy).
below VoxDiag2. The average maximum deviation between
CS and TC isl.07mm, which is less than a typical diagonal
voxel size. The low deviations indicate that strong blending, The evaluation focussed on close-up views because these
unwanted blending and bulging are effectively avoided. Thge relevant for therapy and surgery planning. The evaluation
CS represents the vessel skeleton and diameter as faithfubggria were:
the TC. The computational results reveal that the deviation | clarity of the visualization,
fr.onj CS to TC ranges frommm up_to 1.0777_zm. Minor de- . comprehensibility of spatial relations,
viations are o_pserved at the brancr_nngs which re;ults from the, similarity to operative views
smooth transitions of the convolution surface (Fig. 9). These
naturally diverge slightly from the discontinuous transitions of
the polygonal model built according to the TC-visuaIizatior}.
X a
Along straight parts of the vessel tree both surfaces almtl)g,
perfectly coincide. The highest deviations occur at the vessel
ends since the TC-visualization produces longer branches at TABLE |I
the leafs of the vessel tree (recall Sect. VII-A). SUBJECTIVE COMPARISON OF VESSEL VISUALIZATION BY ISOSURFACE
RENDERING (I1S0), TCAND CS. @DENOTES THE MEAN VALUE AND o
V||| EVALUATlON REPRESENTS THE STANDARD DEVIATION VALUATIONS RANGE FROM
1(UNSATISFACTORY) TO 5 (EXCELLENT).

and visual quality.

For each criterion users were asked to rate from 1 (unsatis-
E'Fory) to 5 (excellent). The evaluation results are summarized
able 1.

To evaluate the benefit of our method, we prepared a

survey in order to compare _it to othe_r vis_ual@zation methods. Clarity | Comprehen-] _Similarity to Visual
For this purpose a collection of visualization results was sibility operative views| quality
rated by six experienced surgeons and five radiologists (1 (n=11) (n=11) (1=8) (n=11)
L. . . g| o 3| o a | o g| o
woman, 10 men). All participants in the study had experience
ith 3d visualizations and in particular with the visualization = 18 069 | 19 085 |18 0.7 17 069
wi p TC | 3.7| 0.84 | 3.9 086 | 35| 0.9 38 0.71
developed by [6]. CS | 41/ 087 | 41] 089 | 40 089 4.2[70.76

The collection represented three different liver vessel trees
from CT data and consisted of 10 images per tree: one context
view for better orientation showing the tree within the liver Three radiologists could not compare the visualization re-
lobe and three different close-ups generated by isosurfaadts with operative views and therefore left this field blank.
rendering, TC- and CS-visualization, respectively. The viewinccording to the outcome of the evaluation, the CS consis-
direction as well as all other visual parameters are identidehtly achieves the best results. Even if the difference to TC
(Fig. 10). is statistically not significant it reveals the potential of the CS.



Above all the similarity to operative views (column 3) and
the visual quality (column 4) has been emphasized by docto
under discussion.

Furthermore, the results in Table Il argue for the reconstruc
tion of a vessel model from the segmented data. The mode
based visualization (rows 2 and 3) clearly outperforms the
direct visualization by isosurface rendering.

IX. RESULTS

Our method has been applied to 25 clinical datasets s
far. In Fig. 11 we compare the visual quality of our method
with the TC-visualization. Other examples for the visual
quality of the visualization can be seen in Fig. 12-13. Theg
visualizations do not exhibit any of the unwanted effects. We
carefully examined the surfaces near branchings and noted tha
geometric continuity was achieved for all kinds of branchingsg. 13. Visualization of a bronchial tree derived from a clinical CT dataset
and branching angles. The surfaces are terminated at lewifs 1504 edges.(©Eurographics 2004, [17])
of the anatomic trees with a rounded appearance which is a

n n f th nstruction method. . .
consequence of the construction method 1-3). Due to the extreme size of the corrosion cast (row 4),

the Open Inventor optimization failed which resulted in a low
frame rate.

TABLE Il
PERFORMANCE MEASUREMENTS FOR ANATOMIC TREE STRUCTURES
CARRIED OUT ON APENTIUM 4 CPU 3.2GH SYSTEM WITH 1024MB
RAM.

edges| triangles (*1000)| setup time (s)

Fig. 11. Close-up of a visualization with truncated cones with artifacts CS | Cones | CS | Cones
along the seams (left). Smooth visualization with implicit functions of the 136 195 55 614 011
same dataset (right). 149 | 253 | 74 | 812 | 0.12

1504 | 1,126 599 53.24 | 1.30
3461 | 2,366 907 5201 | 2.11

X. CONCLUSION

We have presented a method for visualizing anatomic tree
structures, such as vasculature and bronchial trees, which
adheres to the underlying data (skeleton and local vessel
diameter), while producing smooth transitions at branchings.
The method is based on convolution surfaces, a variant of
implicit surfaces. The filter design has been fine-tuned to pre-
vent irritating bulges and to represent the course of the vessel
diameter faithfully. The width of the Gauss filter turned out
to be the essential parameter to accomplish our visualization
goals. With a preprocessing step which computes bounding
volumes we can efficiently compute the convolution surface
Fig. 12. Visualization of cerebral blood vessels derived from a clinical mRVeEn for large vascular and bronchial trees.
angiography with 149 edges. We compared our new method with the TC-visualization

and could show the superior visual quality. We analyzed

To give an idea of the complexity of the resulting geometrthe differences between the methods with respect to the
and the timings involved in the computation, we present someecision and come to the conclusion that the new method
results in Table Ill. The setup time includes the preprocessifajthfully represents the underlying data. The quantitative
step. The first row corresponds to a portal vein tree of lovalidation indicated that the convolution surfaces deviate less
complexity. The two middle rows represent the datasets shothtan V oz Diag2 for almost the whole dataset. The directional
in Fig. 12 and 13. The last row in Table Ill represents distances between convolution surface and isosurface render-
complex anatomic tree from a corrosion cast. Interactive frarmegy of the segmentation result are larger, but still below a
rates (24 fps) were achieved with the first three models (rowtgpical value forV oz Diag2.
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