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Abstract

Direct v olume rendering maps data v alues to visual prop erties suc h as transparency

and color through transfer functions. T raditional m ulti-dimensional functions are

generated based on a 2D histogram of function v alue and gradien t magnitude. When

t w o di�eren t features o v erlap in the 2D histogram, the traditional transfer functions

cannot visually distinguish the features, since o v erlapp ed areas ha v e similar visual

prop erties. In this pap er, w e describ e a new m ulti-dimensional transfer function that

enables visual di�eren tiation of features ev en in the case when t w o di�eren t features

o v erlap in the 2D histogram. F urthermore, w e pro vide details of an implemen tation

of our transfer function on mo dern programmable graphics hardw are.

Key wor ds: V olume Rendering, T ransfer F unctions

P A CS:

1 In tro duction

Direct v olume rendering enables visualization of v olume data without �rst

resorting to the geometry of triangles. It simply maps eac h v olume elemen t (or

v o xel) to visual prop erties suc h as opacit y and color and then comp osites the

prop erties in to an image. The con v ersion is done via transfer functions. Go o d

transfer functions pro duce go o d images that accen tuate in teresting structures

in v olume data while remo ving unin teresting regions. Ho w ev er, it is di�cult

to construct go o d transfer functions. Kindlmann's surv ey [7] reviews man y

v ersions of transfer functions and divides them in to the t w o categories of

data-driv en and image-driv en functions. In this pap er, w e extend the results

of [13] (a data-driv en m ulti-dimensional transfer function) with more detailed

exp osition on feature selection and e�ectiv ely demonstrate that our m ulti-

dimensional transfer functions are signi�can tly b etter to visually distinguish

o v erlapp ed features than traditional transfer functions.

Preprin t submitted to Elsevier Science 20 Jan uary 2006



Related W o rk

Tw o-dimensional (2D) transfer functions of function v alue ( v ) and gradi-

en t magnitude ( g ) w ere suggested b y Lev o y [11]. He also prop osed semi-

transparen t m ultiple surface visualization. The Kindlmann's surv ey [7] ex-

plains man y kinds of transfer functions, but only a few m ulti-dimensional

transfer functions ha v e b een dev elop ed. As transfer function domains are ex-

tended to t w o and three dimensions, the function yields more p o w er in feature

selection [9] [10]. F or the same reason, it is di�cult to set v alues man ually .

Nev ertheless Kniss et al. [10] suggested a con v enien t user in terface widgets

for setting three-dimensional (3D) transfer functions. Users, ho w ev er, still

needed to decide v o xel transparencies from the displa y ed information of the

t w o-dimensional (2D) histogram of v and g , while selecting in teresting regions.

Kindlmann and Durkin [8] suggest the semi-automatic transfer function gener-

ation metho d for b oundary visualization through 3D histogram v olume insp ec-

tion. The metho d uses second deriv ativ es to automatically compute b oundary

thic kness ( � ). Based on � , v o xel transparency is computed in the 2D sub-

space de�ned b y v and g . Their metho d has the follo wing shortcomings: if

t w o di�eren t v o xels ha v e the same v alues of v and g , then they will b e set

to the same transparency , ev en though the v o xels b elong to di�eren t features.

In other w ords, when features o v erlap in the 2D histogram of v and g , all

o v erlapp ed p ortion are assigned the same transparency . Distance maps ha v e

b een used for v olume rendering in [5] and [6] for the visualization of binary

segmen ted v olume data. Ziou and T abb one's surv ey [15] sho ws sev eral w a ys

to remo v e phan tom edges.

The remainder of the pap er is organized as follo ws. In section 2, w e presen t a

b oundary detection metho d for 3D v olumetric data. In section 3, w e explain

ho w to compute the distance from a v o xel to a b oundary using the b oundary

detection metho d. Based on the distance, w e suggest new opacit y functions

in section 4. In section 5, w e pro vide details of the implemen tation of our

transfer function in mo dern graphics hardw are along with sev eral applications

on v olumetric datasets Finally , w e suggest some extension of our w ork in

section 6.

2 Boundary Detection in 3D V olume Data

Sev eral b oundary detection (or edge detection) algorithms ha v e b een pub-

lished in the image pro cessing and pattern recognition literature. One of the

traditional edge detection tec hniques is Cann y's metho d that �nds the lo-

cal maxima along the gradien t direction [2]. Most common edge detection

sc hemes consist of three suc h op erations: di�eren tiation, smo othing and edge
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lab eling [15].

First, di�eren tiation is necessary to iden tify edges. W e compute gradien t v ec-

tors represen ted b y 5 f using cen tral di�erences. k 5 f k stands for its mag-

nitude and the normalized v ector is computed and denoted b y ~ n =

5 f

k5 f k

.

The frequen tly used second-order deriv ativ e op erators are the Laplacian and

the directional second-order deriv ativ e (DSD). In this pap er, w e compute and

use the DSD along the gradien t direction. The DSD op erator is de�ned b y

@

2

f

@

2

~ n

= ~ n � 5 k 5 f k .

Second, for smo othing purp oses of data with substan tial edge preserv ation, a

bilateral �lter [14] is applied to k 5 f k and
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where N

~ x

is a neigh b or set of ~ x . W

d

( ~ x ) computes the w eigh ts of eac h v o xel

based on the spatial distance at ~ x , W

r

( ~ x ) measures the \photometric" similar-

it y b et w een the function v alues of ~ x and the neigh b orho o d. A bilateral �lter,

e

f ( ~ x ), is comp osed of the t w o comp onen ts and is describ ed as follo ws:

e
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P
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Finally , edge lab eling is used to iden tify authen tic edges (surface b oundaries

in 3D) while suppressing false edges, caused primarily b y noise and the non-

maxim um high v alue of k 5 f k . Some error accum ulation in the deriv ativ e

computations also results in non-trivial false edges. Ho w ev er, in this pap er, w e

assume that our input v olume data ha v e reasonably high signal-to-noise ratio

and a pre-application of the bilateral �lter solv es the error accum ulation in

di�eren tiation. W e, therefore, only consider remo v al of the \phan tom edges"

(as de�ned in [3]) due to the m ultiple lo cal maxima of k 5 f k .

3 Distance to a Boundary

Direct v olume rendering do es not require extraction of geometric structures

suc h as triangles to visualize in teresting b oundaries within v olumetric data. In-

stead, it is enough to assign appropriate transparencies for all v o xels. In other
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w ords, if a v o xel is exactly on a b oundary and w e wish to visualize the b ound-

ary then the v o xel is assigned to b e totally opaque. F urthermore, for v o xels

a w a y from a b oundary , the opaqueness should decrease. T ransparency deci-

sions are closely related to the distance from a v o xel to a b oundary . Kno wing

the v o xel distance from a b oundary , one can easily set up v o xel transparency .

In this section, w e presen t ho w to compute the distance from a v o xel to an

authen tic b oundary .

The distance is computed b y tracing t w o ra ys in b oth the p ositiv e (+ 5 f ) and

negativ e ( � 5 f ) directions from eac h v o xel lo cation. One of the directions is

selected in whic h k 5 f k increases. The t w o v alues of k 5 f k and

@

2

f

@

2

~ n

are tri-

linearly in terp olated at sev eral sampling lo cations along the t w o ra ys. The goal

is to lo cally and e�cien tly determine the zero-crossing lo cations of

@

2

f

@

2

~ n

. Since

the v ector of 5 f is p erp endicular to the b oundary [15], b y follo wing one of the

p ositiv e or negativ e directions, one is guaran teed to �nd an authen tic b oundary

in 3D space. Fig. 1 sho ws a 2D example on computing the distance from a

v o xel to an authen tic b oundary edge along the negativ e gradien t direction.

Ideal graphs of f ( x ), f

0

( x ), and f

00

( x ) are also sho wn.

Fig. 1. 2D Example on the Distance Computation (Left Fig.) and Ideal Graphs of

f ( x ), f

0

( x ), and f

00

( x ) along the Directions of � 5 f (Righ t Fig.): The distance

from a v o xel to a b oundary can b e computed b y sho oting a ra y along one of the

directions of � 5 f .

Based on Kindlmann's ideal b oundary mo del [8] of Eq.(4), the three v alues of

f , k 5 f k and

@
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f

@
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are c hanged as sho wn in Fig. 1(righ t) along the directions

of � 5 f . Sampling lo cations are computed b y ~ x

s

( t ) = ~ x + t

5 f ( ~ x )

k5 f ( ~ x ) k
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� d
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)) < 0 is true, an authen tic

b oundary is b et w een the t w o sampling p oin ts. Once w e �nd t

1

and t

2

, w e use

the bisection metho d [1] to obtain an exact lo cation. Exp erimen tally , w e de�ne

the sampling in terv al and d

max

suc h as L

min

= 5 and L

min

� 15 resp ectiv ely ,

where L

min

= M in (width of a v o xel, heigh t of a v o xel, depth of a v o xel).

v = f ( x ) = v
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+ ( v
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)

1 + erf (

x

�

p

2

)

2
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T o v erify the nearest b oundary �nding algorithm, w e generated the Sphere

dataset with the ideal b oundary mo del Eq. 4 and the sphere equation ( x

2

+

y

2

+ z

2

= r

2

). Since Eq. 4 is a function of distance, the function v alue at a

v o xel lo cation P ( p
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; p
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; p
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)
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(5)

F or the Sphere dataset, the nearest b oundary of a v o xel is on the line that

connects the v o xel and the origin. W e can write the equation of a line using

the gradien t v ector ( 5 f ) and v o xel lo cation ( P ) as

L = 5 f � t + P = ( T p
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) ; (6)
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T o �nd the nearest b oundary p oin t, there should exist t for L = 5 f � t + P =

(0 ; 0 ; 0). Therefore, w e get

t =

e
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p
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(8)

Since there exists only one t for eac h line equation at P , w e can sa y that

the line passes through the origin. Therefore, the nearest b oundary �nding

algorithm con v erges to a nearb y b oundary p oin t for the Sphere v olume dataset.

Ho w ev er, there is no simple w a y to pro v e the algorithm for general datasets

suc h as T o oth and T orso. W e suggest another exp erimen tal measuremen t of

dot pro ducts b et w een the t w o gradien t v ectors of a v o xel and the nearest

b oundary p oin t found b y the algorithm. The dot pro duct should b e close to

1, if the b oundary p oin t is a nearest one, whic h is clear in the Sphere dataset.

In Fig. 2, w e computed the a v erage distance and the a v erage gradien t mag-

nitude v alues at eac h dot pro duct (m ultiplied b y 100 in the graphs). W e also

computed the ratio (%) of the n um b er of v o xels at eac h dot pro duct to the to-

tal n um b er of v o xels and it is accum ulated along the horizon tal axis. T o remo v e

outliers, t w o threshold v alues are used. One is for the gradien t magnitude at

eac h v o xel lo cation (=5.0) and the other is for the gradien t magnitude at the

b oundary (=20.0). The �rst one is to remo v e false b oundary in homogeneous

regions and the second one is for noise b oundary . The a v erage dot pro ducts

of T o oth and T orso are 0.9909 and 0.9553 resp ectiv ely . The b oth datasets are
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(a) Sphere (Syn thesized data b y the ideal b oundary mo del, Eq. 5)

Av erage dot pro duct = 0.9994

(a) T o oth (b) T orso

Av erage dot pro duct = 0.9909 Av erage Dot pro duct = 0.9553

Fig. 2. Dot Pro ducts and Accum ulated P ercen ts: The sphere dataset is generated

from the ideal b oundary mo del with � = 3 : 0 and r adius = 15. The horizon tal

axis of eac h graph represen ts the dot pro duct v alues ( � 100) b et w een the t w o

gradien t v ectors of a v o xel and the nearest b oundary computed b y the algorithm.

The v ertical axis represen ts accum ulated p ercen t (left) and distance (righ t). The

left v ertical axis is also used for the gradien t magnitude. The dashed lines represen t

the accum ulated p ercen t along the horizon tal axis. The solid and dotted lines sho w

the a v erage distance and gradien t magnitude at eac h dot pro duct v alue resp ectiv ely .

close to the syn thesized sphere dataset (0.9994). Therefore, w e can sa y that

the nearest b oundary �nding algorithm con v erges to a nearb y b oundary . F rom

Fig. 2, it is also kno wn that the error increases with the distance.

Fig. 3 sho ws the results of the distance computation as w ell as a slice through

these di�eren t datasets: all distance v alues are 
ipp ed to pro vide easy b ound-

ary p erception in the images. The ideal b oundary mo del of Eq. 4 is used to

generate the v olume data of Fig. 3 (a). The brigh t grey colors of Fig. 3 (a)

(righ t) and (b) (righ t) represen t the b oundary of the v olume dataset. Unlik e

the syn thesized data, Fig. 3 (b) (righ t) sho ws noise-lik e brigh t colors in the ho-

mogeneous regions of the to oth dataset. The main reason of the noisy b ound-

ary is that there are man y zero-crossing lo cations of

@

2

f

@

2

~ n

with the small v alue of

k 5 f k in the homogeneous regions. Fig. 3 (c) sho ws more complex b oundaries

of the CT-angio T orso dataset. Similar patterns are rep eated as in the to oth
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(a) Sphere ( � = 3 : 0) (b) T o oth (85th CT Image)

(c) T orso (70th CT Image)

Fig. 3. Slice Images of V olume Datasets and Distance Computation Results: The

left-hand side of (a) is a slice image of the v olume data generated with an ideal

spherical b oundary mo del of Eq. 4 and the distance computation results are on the

righ t-hand side. (b) (left) is a slice from a Computed T omograph y (CT) dataset of

a h uman to oth and (b) (righ t) sho ws the distance map for this image. Similarly , the

images of (c) are generated from a CT-angio T orso v olume dataset, the middle image

b o x of (c) is enlarged in the righ t-hand side. Eac h dataset resolution is follo wing:

Sphere(128

3

), T o oth(256 � 256 � 161), and T orso(512 � 512 � 181).

dataset. The noisy b oundary is easily remo v ed from the m ulti-dimensional

transfer functions b y deselecting the lo w gradien t magnitude regions.

4 Multi-Dimensional T ransfer F unctions

F or our m ulti-dimensional transfer functions, w e com bine a distance based

function with 2D opacit y functions that is based on in tensit y (v) and gradien t

magnitude (g). The com bined transfer function th us has b oth user con trol and

an automatic generation of eac h v o xel transparency .

4.1 Op acity F unctions of Distanc e

Once w e decide the distance from eac h v o xel to a b oundary , eac h v o xel trans-

parency can b e easily computed as a suitable function of distance. W e suggest
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three di�eren t opacit y functions (linear, conca v e, and con v ex) as sho wn in

Fig. 4. The linear opacit y function maps a linearly 
ipp ed distance, while the

conca v e and con v ex functions use the n -th p o w er of the distance to con trol

the b oundary thic kness. F or larger v alue of n , the con v ex function generates

thic k er b oundaries. Similarly , thinner b oundaries can b e generated using the

conca v e functions with larger n 's. The three distance functions are represen ted

as follo wing:

�

d

( d ) = M ax ( �

a � d

d

c

+ a; 0) ; (9)

�

d

( d ) =

8

>

<

>

:

a

d

n

c

( j d � d

c

j )

n

if d < d

c

0 others

; (10)

and

�

d

( d ) = M ax ( �

a � d

n

d

n

c

+ a; 0) ; (11)

where 0 < d

c

� d

max

, 0 � a � 1, and n > 1. Eq. 9, 10 and 11 are the linear

(Fig. 4 (a)), conca v e (Fig. 4 (b)), and con v ex (Fig. 4 (c)) opacit y functions

resp ectiv ely . The spatial e�ect of the three opacit y functions are con trolled b y

the t w o v ariables of d

c

and a , while the shap e of the nonlinear functions is

dominated b y n .

0

a

a

(a) Linear Map

cd 0

a

a

cd 0

a

a

cd

(b) Concave Nonlinear (c) Convex Nonlinear

D DD

Fig. 4. Alpha Maps

The opacit y function, �

d

( d ), automatically computes eac h v o xel transparency

for the en tire scalar v olume dataset. Ho w ev er, when one wishes to visualize

only a small range of in tensit y ( v ) v alues, one cannot accomplish it with the

opacit y function alone, since it do es not ha v e v as a parameter. T o ac hiev e sub-

range selection 
exibilit y , w e de�ne another function of v , �

u

( v ), that is user

sp eci�ed. The �nal opacit y v alues of eac h v o xel are then computed b y �

u

( v ) �

�

d

( d ). Our transfer function th us has b oth automatic opacit y generation and

user con trol. In other w ords, once a user sp eci�es some range of v with �

u

( v ),

eac h v o xel opacit y is automatically generated b y �

d

( d ) using one of the alpha

maps of Fig. 4.
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4.2 Gr adient Magnitude for the Se c ond Axis

Most m ulti-dimensional transfer functions ha v e gradien t magnitude ( g ), as the

secondary axis, while in tensit y ( v ) w orks as the primary axis. The 2D transfer

functions of v and g are more p o w erful than the 1D functions of v [9] [10].

Ho w ev er, as the transfer function domain is extended to 2D space, it mak es it

more di�cult to searc h and lo cate features. T o reduce the searc h time in the

2D space of v and g , w e replace the v alues of k 5 f k with the in terp olated

v alues at the b oundary hit lo cation (Fig. 1). This mak es all v o xels ha v e the

lo cal maxim um v alues of k 5 f k along the direction of 5 f instead of their

previous v alues.

(a) Sphere ( � = 3) (b) T o oth

(c) T orso

Fig. 5. Normal (Left) and Stretc hed (Righ t) Histograms: The horizon tal axis rep-

resen ts function v alues ( v ) and the v ertical axis represen ts gradien t magnitude,

k 5 f k , ( g ).

Fig. 5 sho ws the resulting histogram (the righ t-hand side of eac h b o x) of the

v o xel v alue replacemen t as w ell as the original 2D histogram (the left-hand

side of eac h b o x). While the v o xel v alue replacemen t generates clearer and

simpler histograms for the spherical and T o oth datasets, the histogram is still

m urky for the T orso dataset. This is not b ecause the T orso dataset do es not

ha v e clear b oundaries, but b ecause sev eral complex b oundaries are condensed

in a v ery small region.

There are t w o b ene�t of the ab o v e v o xel replacemen t. First, curv ed features in

the v and g space are mapp ed to straigh t line features (Fig. 5 (a) (righ t)) as

w ell as parallel with the horizon tal axis, thereb y making it easier for user sub-

range sp eci�cation. Second, when t w o di�eren t curv es are partially o v erlapp ed

in the original histogram, they b ecome separated at eac h maxim um v alue of
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k 5 f k . More details on this b ene�t are sho wn in the next section, via our

example application on these v olumetric datasets.

The 1D opacit y function, �

d

( d ), is easily extended to a 2D opacit y function

of v and g , represen ted as �

u

( v ; g ), where g represen ts the lo cal maxim um

of k 5 f k along 5 f . Therefore, eac h v o xels opacit y is �nally decided b y

�

u

( v ; g ) � �

d

( d ). The 2D opacit y function, �

u

( v ; g ), is con trolled b y a user

lik e Kniss's function [9], but the opacit y v alues can b e 1 (meaning completely

opaque) unlik e Kniss's function o v er selected regions. Once an in teresting area

is selected in the 2D space of v and g with �

u

( v ; g ), the opacit y function

of distance, �

d

( d ), automatically generates alpha v alues. The domain of d

replaces Kniss's directional second deriv ativ e axis.

5 Hardw are Implemen tation and Example Applications

W e ha v e implemen ted a 3D texture-based v olume renderer in PCs equipp ed

with nVidia graphics cards suc h as GeF orce3, 4, and FX [12]. Multi-dimensional

transfer functions can also b e implemen ted on a PC equipp ed with suc h graph-

ics cards that pro vide at least four 3D m ulti-textures and dep enden t texture

reads with register com biners. Fig. 6 (a) sho ws the rendering pip eline for suc h

cards and (b) is the equiv alen t Cg Program [4]. In this pip eline, dep enden t

textures are used for implemen ting the opacit y function, �

u

( v ; g ) that is con-

trolled b y a user and the texture lo ok-up table is used for a distance-based

function, �

d

( d ).

The v olume rendering pip eline requires six comp onen ts, R GB normal (three

comp onen ts), in tensit y ( v ), gradien t ( g ), and distance ( d ), for eac h v o xel. If w e

wish to visualize a 256

3

v olume dataset, (=16 Mb ytes), then w e need at least

256

3

� 6, (=96 Mb ytes), texture memory . The R GB normal texture can b e

compressed using the s3tc format [12], one of the ARB Op enGL extensions,

to reduce the texture memory requiremen t with an image qualit y trade-o�.

Fig. 7 sho ws the result images rendered b y the transfer functions of �

u

( v ; g ) �

�

d

( d ). Eac h area of A through E are rendered individually and an y com bina-

tion of the areas can b e rendered at the same time lik e the image of C and

D . The A , B , D , and E areas are rendered with the con v ex alpha map of the

parameters, a = 1, d

c

= d

max

, and n = 3 (whic h generate thic k b oundaries)

and the C area is with the conca v e map of a = 0 : 4, d

c

= d

max

, and n = 9

(whic h mak e thin b oundaries). W e exp erimen tally de�ned the parameters to

obtain visually smo oth con tin uit y b et w een the t w o areas of C and D . Fig. 8

sho ws the T orso dataset images. T o render the t w o areas of A and B at the

same time, w e mak e A area semi-transparen t with �

u

( v ; g ) = 0 : 15 and the

linear map of a = 1, d

c

= d

max

, and n = 3 are used for b oth areas.
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(a) Register Com biners (b) Equiv alen t Cg Program

Fig. 6. Rendering Pip eline for nVidia GeF orce Cards: (a) sho ws the rendering

pip eline with register com biners and (b) is the equiv alen t Cg program of (a). In

the pip eline, three texture v olume datasets, a ligh t v ector, and a half v ector are

fed in to the register com biners. After the user de�ned 2D dep enden t texture (T ex1)

con v erts the (v,g) data in to R GB colors and alpha v alues, the com biners computes

the output of �nal R GB colors and alpha v alues with di�use and sp ecular colors.

The solid lines represen t data 
o w and pro cesses, while the dashed line indicates

register com biners.

Since, when w e mak e v olume datasets, the gradien t magnitude v alues of eac h

v o xel are replaced with the lo cal maxima at the hit lo cations (explained in 4.2),

it is easy to select o v erlapp ed features. F or example, the histogram of B is

partially o v erlapp ed with the graphs of A , C and D in the normal case of

Fig. 7 (top righ t). Therefore, it is not easy to select only the feature of B , when

one uses normal graphs. Ho w ev er, in the stretc hed histogram, the feature B

can b e selected, while remo ving all other features, since the four features are

separated in v and g space.

6 Conclusions and Extensions

In this pap er, w e ha v e presen ted a new m ulti-dimensional transfer function

that has b oth user con trol and automatic alpha v alue generation. When t w o

or more features are o v erlapp ed in the normal histogram, it is usually di�-

cult to visually distinguish them separately . Ho w ev er, this task is signi�can tly

alleviate with our stretc hed histogram, as at least one or t w o o v erlapp ed fea-

tures can b e selected and visualized, while remo ving others. Unlik e traditional

transfer functions, our new transfer function also pro vides automatic alpha

v alue generation on a p er v o xel basis.

F or extensions, w e are curren tly considering semi-automatic w a ys of gener-

ating �

d

( d ) dep enden t with �

u

( v ; g ). Another impro v emen t map is to reduce

the prepro cessing time of computing the distance. Finally , when a dataset

con tains man y complex features in a small area of the v - g histogram lik e the

11



T

A B C

D E C and D

Fig. 7. F eature Selection with the Stretc hed Histogram and Rendering Results of

the T o oth Dataset: T (left) sho ws feature selection on the stretc hed histogram and

eac h b o x is lo cated in the same place on the normal histogram (righ t). Eac h region

is rendered in the images of A through E .

T orso dataset, it is hard to recognize the features through ev en the stretc hed

histogram. W e are considering alternate transfer functions to b etter separate

the features in the transformed histogram.
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T

A B A and B

Fig. 8. F eature Selection of the T orso Dataset: The selected areas in T are rendered

in the images of A and B .
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