
Salient Representation of Volume DataJi�r�� Hlad�uvka and Eduard Gr�ollerInstitute of Computer Graphi
s and AlgorithmsVienna University of Te
hnologyAbstra
t. We introdu
e a novel approa
h for identi�
ation of obje
tsof interest in volume data. Our approa
h tries to 
onvey the information
ontained in two essentially di�erent 
on
epts, the obje
t's boundariesand the narrow solid stru
tures, in an easy and uniform way. The se
ondorder derivative operators in dire
tions rea
hing minimal response areinvolved for this task. To show the superior performan
e of our method,we provide a 
omparison to its main 
ompetitor { surfa
e extra
tion fromareas of maximal gradient magnitude. We show that our approa
h pro-vides the possibility to represent volume data by its subset of a nominalsize.1 INTRODUCTIONThe importan
e of edge information for ma
hine vision is usually motivated fromthe observation that under rather general assumptions about the image forma-tion pro
ess, a dis
ontinuity in image brightness 
an be assumed to 
orrespondto a dis
ontinuity in either depth, surfa
e orientation, re
e
tan
e or illumination[8℄. A di�erent 
on
ept from an edge { a line is also a stru
ture of parti
ular inter-est. While in a 2D image the representatives of narrow solid stru
tures are spotsand lines, in volume data this is more general. Identi�
ation of blobs, 
ylinders,and sheet{like stru
tures plays a 
ru
ial role in medi
al visualization [16℄.To represent volume data by just a small subset of important voxels is desiredand addressed by a number of appli
ations. Intera
tive volume visualization overthe internet based on a 
lient/server ar
hite
ture pro�ts from good strategies forprogressive data transmission. Here it is desirable that the 
ontent of a volume isunderstandable already in the early stages of transmission to and visualizationby a 
lient. To a
hieve this, the server may start transmitting salient featuresearlier than the rest of the data. Non-distributed visualization may bene�t fromstoring a small, representative subset of the data to disk. Su
h a representation
an be reused later for a qui
k preview display using, e.g., non-photo realisti
te
hniques [14℄ or algorithms yielding more realism [9, 11, 13℄.For these appli
ations, the subset of high salien
y has to be identi�ed. Theusual algorithms involve isosurfa
e extra
tion [17℄, boundary identi�
ation oremphasis [7℄, or narrow solid stru
tures identi�
ation or emphasis [1, 15, 16℄.While the usual paradigm to identify obje
t boundaries is to involve the mag-nitude of the gradient, the identi�
ation of narrow solid stru
tures requires theuse of either spe
ial �lters or 2nd order derivative �lters.



In this work we propose a �ltering te
hnique for the identi�
ation of bothboundaries and narrow stru
tures. Our algorithm is based on identi�
ation ofareas with large negative se
ond derivatives, and handles both of the 
ases ina uniform way. De�ning a salien
y fun
tion based on this quantity allows usto identify those voxels of the input volume whi
h provide a signi�
ant 
ontentne
essary for visualization.In the following se
tion we build a theoreti
al ba
kground for our method.In se
tion 3 its 
omplexity and implementation issues are dis
ussed. The resultsand a 
omparison to the gradient method are given in se
tion 4.2 METHOD2.1 Edge Dete
tors and Line Dete
tors RevisitedFor edge dete
tion two kinds of �lters have been designed { those based onlooking for maxima of the �rst derivative and those based on looking for zero{
rossings of the se
ond derivative.While these 
on
epts are intuitive for 1D signals, the situation in higherdimensions is getting more 
ompli
ated. We assume that the volume is givenas a density fun
tion I . To use the extrema of 1st derivatives we need to knowthe dire
tions in whi
h they o

ur. From 
al
ulus we know that for the �rstderivative this dire
tion is the gradient ve
tor rI and the magnitude of thederivative in this dire
tion is the magnitude of the gradient: D1max = Dr =jjrI jj = (P3i=1(�I=�xi)2)1=2. Looking for maxima of gradient magnitudes yieldsan isotropi
 edge dete
tor whi
h responses both to outer and inner side of theobje
t equally (Fig. 1a). For the se
ond derivative approa
h it is ne
essary to
he
k the neighborhood of a voxel for zero{
rossings, i.e., for areas where the2nd derivative 
hanges its sign. The 2nd derivative is usually estimated by therotationally invariant Lapla
ian 4I =P3i=1 �2I=�x2i . A less referred feature ofthe Lapla
ian operator is that it responses by negative values at the inner partand by positive values at the outer part of the obje
t's edge1 (Fig. 1b). We putthis into 
ontrast to the gradient{based edge dete
tion, whi
h yields an equalresponse on both sides of an edge and exploit this fa
t to represent the obje
ts'edges only by their internal side. Su
h a representation requires, 
ompared tothe gradient method, smaller amount of voxels or, in other words, for a limitedbandwidth it provides a better distribution over the surfa
e in early stages ofthe progressive transmission.Considering the density pro�le it is evident, that the 
on
epts of 1st derivativemaxima 
an not be dire
tly applied for spot and line dete
tion (or, more generallyspeaking, for dete
tion of narrow areas, whi
h in 3D 
orrespond to blobs, lines,and sheet{like stru
tures). The response of a 1st order derivative �lter to a line,for instan
e, results into undesirable two lines, whi
h would require a spe
ial,nontrivial me
hanism for dete
tion of the area inbetween (Fig. 1a). A 2nd order1 Assuming the obje
ts are of a higher density than ba
kground and not vi
e versa



derivative �lter, on the other hand, responses to a line by negative values at itsinterior (Fig. 1b).As a result we get a twofold interpretation of areas where the 2nd orderderivative operator responses by negative values. Firstly su
h areas 
orrespondto internal parts of a boundary, se
ondly they identify narrow stru
tures. Tomake the sear
h for negative areas more feasible for separation by thresholding,we are interested in the dire
tions, where the 2nd order derivatives rea
h theminima
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linea) b)Fig. 1. Examples for 1D intensity pro�le. Responses of a 1st order derivative �lter (a)and a 2nd order derivative �lter (b) to the edge and to the line.
2.2 The Smallest 2nd order Dire
tional DerivativeWriting the Taylor expansion of a 3D denisty fun
tion I for the �rst three termsin the vi
inity, spanned by ve
tors �x, of a 3D point x0I(x0 +�x) � I(x0) +�xTrI(x0) +�xTH(x0)�x (1)



it is evident, that the 2nd order information is entirely expressed by the sym-metri
 Hessian matrix:H = 0� Ixx Ixy IxzIyx Iyy IyzIzx Izy Izz1A where the terms Iab = �2I�a�b (2)denote the 2nd order mixed partial derivatives. For a �xed x0, the term�xTH�xgives the se
ond derivative of the denisty in the dire
tion of �x. The Hessianmatrix, as a real{valued and symmetri
 matrix, has real{valued eigenvalues �i.From the de�nition of the eigenvalues,Hvi = �ivi, follows that the eigenvalues �igive the se
ond derivatives in the dire
tion of the eigenve
tors vi: �i = viTHvi.Sin
e H in this 
ontext represents a quadrati
 form, 
omputing the smallesteigenvalue yields dire
tly the minimal dire
tional derivative at the point x0. Inthe following, we will denote this eigenvalue �3, so D2min = D2v3 = �3.2.3 Salien
y by Smallest EigenvalueSo far we have a me
hanism to �nding, at a given grid point of a volume,the smallest 2nd order dire
tional derivative. As �3 is just a spe
ial 
ase ofa 2nd order dire
tional derivative, the interpretation from se
tion 2.1 in thedire
tion of the 
orresponding eigenve
tor remains the same. We summarize thetwo possibilities, now for the 
ase of 3D volumetri
 data.1. Areas featuring very low �3 represent an inner part of an obje
t's boundary.Unlike in the 
ase of gradient magnitude where looking for the maxima yieldsa representation of the boundary from both the outer and the inner side, ourapproa
h restri
ts the representation of boundaries just to the inner side.Compared to the gradient magnitude operator, the boundary 
an thereforebe represented by a smaller amount of voxels.2. Areas with very low �3 
orrespond to a stru
ture proportional to a s
ale givenby a derivative operator. Tra
king of stru
tures in volumes (like blobs, lines,and sheets) by a �rst derivative operator would be hard if not impossible.+ Having the minimal se
ond derivative is more suitable for separation bythresholding than having a se
ond derivative in an arbitrary dire
tion.Due to these arguments, areas featuring low negative eigenvalues �3 yield abetter representation of a volume then those with high positive values of thegradient magnitude. In order to provide a 
omparative study between these twoapproa
hes, we de�ne the two following salien
y fun
tions S� , S� of a voxel vand the two 
orresponding p%-subsets of an input volume V they determine:S� [v℄ = jjrjj [v℄ � [p℄ = fp% of V with the highest S� gS�[v℄ = � �3[v℄ �[p℄ = fp% of V with the highest S�g (3)For a given per
entage p, fun
tions S� ; S� determine the p% of `top salient'voxels whi
h will represent the volume. For a progressive transmission of data



through a network, these fun
tions determine the priority of transmission: thevoxels with higher salien
y will be transmitted earlier.Obviously, there are also other 
andidates who might su

eed well in the taskof volume representation by a fra
tion of the data. In the following we give anoverview of possible 
ompetitors and argue why we do not 
ompare them to ourmethod:Isosurfa
e methods require a user input to spe
ify the density whi
h deter-mines an isosurfa
e. The result is dependent on this 
hoi
e and provides juststru
tures given by this 
hoi
e. Our method pro
esses data automati
allyand delivers surfa
es of more than just one isolevel.The \distan
e to 
losest boundary", as introdu
ed by Kindlmann and Dur-kin [6℄ yields an opa
ity transfer fun
tion for boundary emphasis. The algo-rithm performs a statisti
al analysis of the zero, 1st, and 2nd order deriva-tives in the dire
tion of the gradient providing an information on whi
h den-sities 
ontribute mostly to boundaries. De�ning a salien
y fun
tion basedon density is essentially in
onsistent with our approa
h, whi
h is positionbased, and a 
omparison would be hardly possible.Density distribution analysis based on all eigenvalues of the Hessian as pro-posed by Frangi et al. [1℄ or Sato et al. [15, 16℄ restri
ts the sear
h spa
ejust to stru
tures of a parti
ular shape and a 
ertain s
ale, and ex
ludesboundaries of obje
ts. In 
ontrast, our approa
h handles in a uniform wayboth boundaries and stru
tures.In our previous work [2℄ we suggested to take into a

ount also areas fea-turing high magnitudes of the biggest eigenvalue �1. The maxima of thiseigenvalue 
orrespond to outer parts of obje
ts' boundaries and for visualpurposes do not 
ontribute to the output signi�
antly.3 Implementation and Complexity3.1 Hessian matrix versus Gradient Ve
torComputation of both the gradient ve
tor and the Hessian matrix at grid pointsinvolves an approximation of the �rst and the se
ond partial derivatives, respe
-tively. For this task, 
onvolution of the data with kernels designed for a parti
ularderivative in a spe
i�
 dire
tion is usually involved.For the �rst derivatives, the kernels of size up to three are usually found in thetextbooks: Roberts, Prewitt and Sobel �lters are feasible for fast 
omputation.The Hessian matrix requires an estimation of 2nd order derivatives whi
his, espe
ially for small kernels, mu
h more sensitive to noise. The usual pra
ti
eis to pre-smooth the input data with a Gauss �lter. Due to asso
iativity of
onvolution, the smoothing step and the derivation 
an be 
ombined, resultingin a 
onvolution of the data with a derivative of the Gauss �lter of a biggersize. The se
ond reason to use the derivatives of the Gauss �lter is that we wantto dete
t features represented at a 
ertain s
ale. The Gauss �lter is the only�lter whi
h meets both the minimum-maximum prin
iple and s
ale invarian
e



ne
essary for su
h a representation. For more details on s
ale spa
es we refer thereader e.g. to [5℄.To remain 
onsistent for 
omparison of both the quality of results and the
omputational 
osts we used �lters of the same size both for 1st and 2nd deriva-tives. Using the Gauss �lter requires that its size k is proportional to the standarddeviation, so the kernels usually involved are 5, 7, or 9 voxels wide. Convolutionwith moderate{sized kernels is usually a slow pro
ess. To speed it up, hardwarefeatures 
an be used for spe
i�
 platforms, e.g. [3, 4℄. For a software implemen-tation, the separability of the Gaussian derivative kernels 
an be exploited:� k�k�kz }| {�o�xa�yb�z
G�(x; y; z)� � I = k�1�1z }| {dadxaG�(x) �� 1�k�1z }| {dbdybG�(y) �� 1�1�kz }| {d
dz
G�(z) �I��(4)where nonnegative integers a+ b+ 
 = o 2 f1; 2g determine the order of deriva-tion, and � is the standard deviation of the Gauss �lterG�(x) = exp(� x22�2 )=p2��.The de
omposition a

ording equation (4) redu
es the overhead, for a partialderivative at a grid point, from 
onvolution with a 3D kernel (
omplexity O(k3))to three 
onvolutions with a 1D kernel (
omplexity O(3k)).A dire
t appli
ation of eq. (4) would require 18 1D 
onvolutions for Hessian'selements as 
ompared to 9 1D 
onvolutions for the gradient ve
tor. Furtherspeed up 
an be a
hieved by appropriate reorganization and 
a
hing. Three1D 
onvolutions 
an be saved for the 
omputation of the Hessian matrix, (e.g.G�(x)�I 
an be reused three times and G0�(x)�I twi
e) and one 
onvolution 
anbe saved for the gradient (e.g. G�(x) � I 
an be reused twi
e). This redu
es thenumber of required 1D 
onvolutions to 15 for the Hessian and 8 for the gradient.3.2 Eigenvalues of the Hessian versus Magnitude of GradientWhile 
omputing the gradient's magnitude due to the Eu
lidean norm requiresthree multipli
ations, two additions and one square root, the 
omputation ofeigenvalues of the Hessian matrix is more 
omplex. The expli
it formula wouldrequire solving 
ubi
 polynomials. In our implementation we used a numeri
alsolution { the fast 
onverging Ja
obi's method as re
ommended by Press etal. [12℄ for real, symmetri
 matri
es.Table 1 summarizes the overall 
osts 
on
luding that 
omputation of eigen-values is, as 
ompared to the 
omputation of gradient magnitude, slightly morethan twi
e as expensive.3.3 Constru
tion of Representative SubsetsTo build the subsets � (p) and �(p), we �rstly build (in one pass through thevolume in linear time) 
umulative histograms of quantities jjrjj and ��3, respe
-tively. The required per
entage p 
ontrols the number of voxels to be in
ludedinto respe
tive subset. Sear
h for adja
ent histogram bins straddling this numberis logarithmi
. The index of bin 
orresponds to a threshold whi
h is taken as ade
ision fun
tion.



Input Volume Tjjrjj T(�1;�2;�3) fa
torData set Dimensions 8 � +norm 15 � +Ja
obiLobster 120 � 120 � 34 99 100 185 204 2.05Vertebra 1 128 � 128 � 74 248 251 469 540 2.15CT Head 128 � 128 � 113 376 381 710 820 2.15MRI Head 256 � 256 � 109 1468 1487 2773 3141 2.11Engine Blo
k 256 � 256 � 110 1480 1499 2788 3179 2.12Tooth 256 � 256 � 161 2149 2177 4052 4455 2.05Vertebra 2 256 � 256 � 241 3208 3249 6037 7012 2.16Table 1. Time in se
onds for 
omputing magnitude of the gradient and eigenvalues ofthe Hessian as measured on a Pentium II, 400 MHz. 1D 
y
li
 
onvolutions (eq. 4) withkernel of size k = 7 have been used. Meaning of 
olumns from left to right: name ofthe data set and its dimensions. Time for the 
omputation of all partial derivatives forthe gradient ve
tor, and after Eu
lidean norm. Time for the 
omputation of all partialderivatives for the Hessian, and after eigenvalues sear
h. The ratio of overall times foreigenvalues and gradient magnitude.4 RESULTSTo 
ompare the quality of volume representation by subsets � and � from equa-tion (3), we generated sparse volumes where the density of voxels not presentedin either of the subsets have been set to zero. Su
h volumes have been renderedby dire
t volume rendering provided by the VolumePro ar
hite
ture [10℄. In thefollowing we refer to Figure 2 and to the proje
t's web site2.Lobster: We 
ompared 2, 4, 6, 8, and 10% representations of this data set.While the legs of the lobster are, due to the line �lter, visible and goodre
ognizable already in �(2%), in � (6%) they just start to appear. Repre-sentation by � (2%) is insuÆ
ient. The di�eren
es between � and � vanishwith in
reasing per
entage. Nevertheless, they are still noti
eable between�(10%) and � (10%).Vertebra 1: Neither � (2%) nor �(2%) provide a good representation, thoughthere is mu
h more 
ontent visible in �(2%). � (4%) features broken 
ontoursand is approximately on a level of �(2%). �(4%) and � (6%) represent ap-proximately the same level, but �(4%) provides more details and more 
losed
ontours. �(6%) is already 
lose to a good representation of the original dataset.Vertebra 2: Subset � (2%) features only high density s
rews. While the ribsonly begin to appear in � (4%), their are better visible already in �(2%)due to a more even distribution of boundary voxels. � (6%) yields even lessinformation than �(4%). �(6%) is a good approximation of the original dataset.2 a

essible via http://www.
g.tuwien.a
.at/resear
h/vis/vismed/



Tooth: There are two signi�
ant features identi�ed in this data set: a toothinside of a surrounding 
ylinder. The ratio between the number of voxelsbelonging to either of the features is quite big, and the subsets � and �
ontribute to a large extent to the wall of the 
ylinder. For this reasonswe have noti
ed an obvious di�eren
e in the tooth just by a very smallper
entages.�(0:65%) yields more 
ontent than the 
orresponding � (0:65%).Rendering this data set we also have noti
ed a suppression of the partialvolume e�e
t in � data sets. We explain this suppression as a 
onsequen
eof representing obje
t boundaries by their inner parts.5 CONCLUSIONWe introdu
ed a novel approa
h for representation of volume data sets by a sub-set whi
h 
ontains the salient features. Our attempt was to 
onvey information
ontained in two essentially di�erent modalities, the obje
t's boundaries and thenarrow stru
tures, in an easy and uniform way. For this task we employ se
ondorder derivative operators in the dire
tions rea
hing minimal response.Compared to the methods based on gradient maxima, our method representsobje
ts only by the internal side of their boundaries, redu
ing thus the amountof ne
essary voxels.Looking for the minima of se
ond order derivative gives also a stru
turedete
tor proportional to the s
ale of the derivation operator. In 
ontrast to the
on
epts of Frangi [1℄ and Sato [15, 16℄ we enfor
e no shape restri
tions, makingno distin
tion among blob, tubular, and sheet{like stru
tures.The drawba
k of our method is high 
omputational 
ost. Computation of theHessian's eigenvalues is approximately twi
e as 
ostly as 
omputation of the gra-dient magnitude. Measurements in Table 1 are just to underline this ratio. Thetotal times are long due to our ine�e
tive implementation of 
y
li
 
onvolutionand 
an be redu
ed. Sato [16℄, for instan
e, reported 5 minutes of 
omputationon eight 165 MHz pro
essors for a data set of dimensions 256�256�128 whi
hshould have 
orresponded approx. to half an hour using our equipment.We evaluated our method and 
ompared it to the gradient method for severaldata sets. Due to the results we 
on
lude that our method performs betterthan methods based on gradient magnitude. For the same level of quality ofvisualization it allows to represent a data set by a reasonably smaller subset. Thepossible appli
ations of su
h an advantageous representation are, e.g., progressivetransmission over the internet and the generation of the preview data sets.ACKNOWLEDGMENTSThe work presented in this publi
ation has been funded by the VisMed proje
t3.VisMed is supported by Tiani Medgraph4 , Vienna, and the Fors
hungsf�orderungs-fonds f�ur die gewerbli
he Wirts
haft , Austria.3 http://www.vismed.at4 http://www.tiani.
om
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a) original data b) �{subsets 
) �{subsetsFig. 2. Dire
t volume rendering of Lobster, Vertebra1, Vertebra2, and Tooth data sets(a) and their per
entual representations due to salien
y provided by our method (b)and by dete
tion due to gradient magnitude (
). The Lobster subsets 
onsist of 2.01%voxels of the original data set, Vertebra1 and Vertebra2 of 4.03% voxels, and the toothof 0.67% voxels.


