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ABSTRACT

Transfer function design is an integrated component in volume vi-
sualization and data exploration. The common trial-and-error ap-
proach for transfer function searching is a very difficult and time-
consuming process. A goal-oriented and parameterized transfer
function model is, therefore, crucial in guiding the transfer function
searching process for better and more meaningful visualization re-
sults. This paper presents an image-based transfer function model
that integrates 3D image processing tools into the volume visual-
ization pipeline to facilitate the search for an image-based transfer
function in volume data visualization and exploration. The model
defines a transfer function as a sequence of 3D image processing
procedures, and allows the users to adjust a set of qualitative and
descriptive parameter sto achieve their subjective visualization goals.
3D image enhancement and boundary detection tools, and their in-
tegration methods with volume visualization algorithms are described
in this paper. The application of this approach for 3D microscopy
data exploration and analysisis also discussed.

Keywords — volume visualization, 3D image processing, transfer
function, volume rendering, data exploration.

1 INTRODUCTION

Volume visualization isafield in scientific visualization that is con-
cerned with the abstraction, interpretation, rendering and manipula-
tion of large volume datasets. It has been widely used in many sci-
entific, engineering and biomedical applications. Two typical vol-
ume visualization techniques are volume rendering and surface ren-
dering. Volume rendering algorithmg[9, 2, 16] can directly display
the volume information contained in the dataset through
semi-transparent images, and thus allow the usersto explore thein-
ternal structures of the image volume. One key component in this
processisthetransfer function that mapsthevolume'sintensity val-
uesto color and opacity valuesfor display. In surfacerendering[10],
the transfer function defines the threshol ds with which iso-surfaces
are extracted and rendered as surface objects. In both cases, the
transfer function is used as both afilter that selects a subset of the
volume information to be presented, and an information interpreter
that determines how the selected information isto be presented.
The need for transfer function design and modeling comes from
the dynamic and often subjective visualization goals and require-
ments in different applications. Users often need to interactively
search and manipulate the transfer function in the visualization pro-
cess to view different sets of sub-structures, surfaces and frequen-
ciesin desired ways. For applications such as medical CT image
viewing, this may not be a difficult problem, since the CT intensi-
ties of most medical objects (e.g. bones and tissues) are generally

known. Even so, many advanced applications till need to visual-
ize the finer anatomic structuresthat cannot be easily obtained with
trivial transfer functions. A more challenging situation is when the
volume dataset contains objects that are highly complex with var-
ious levels of signal-to-noise ratios. Moreover, the structures em-
bedded within the dataset can be partially or entirely unknown. One
example is the visualization of microscopy image volumes for the
study of cell biology, where many of the cellular structures, their op-
tical/material properties, and the associated image signalsarehighly
complex, noisy and often unknown[1]. In such cases, an efficient
and goal-oriented transfer function model iscrucial in exploring the
unfamiliar data environment for scientific discovery, dataanalysis,
or medical diagnosis.

The most common approach in transfer function design is by
trial-and-error. It alows the user to arbitrarily and repeatedly ma-
nipul ate the coefficients of some mathematical representation of the
transfer function to adjust the visualization outcome. Common forms
of such mathematical representations are piecewiselinear functions,
polynomials and splines. In practice, however, such a trial-and-
error approach is very difficult and time-consuming without prior
knowledge about the optical and material properties of the underly-
ing image volumes. Thisis mainly because the coefficients of the
transfer function representation has little or no pre-defined qualita-
tive meanings or visua relationships to the rendered images. Asa
result, thereisvery little guidance that can be followed in the trans-
fer function searching process, and the visualization outcome, thus,
largely depends on the user’s experience and “luck”. Since such a
trial-and-error process heedsto be done all over again for each new
image volume or visualization objective, it puts an enormous bur-
den to the application users. Furthermore, such “arbitrary” transfer
function manipulation without proper constraints can easily lead to
confusing, misleading and dubious visualization results.

Previous effort in improving the transfer function searching is
rather limited. One interesting work is by He et al[6]. It uses a
stochastic search technique to generate many image samples based
on aninitial population of pre-defined transfer functions. Usersare
then allowed to select the proper sampleimages, based on visual ex-
aminations, to assist thefiltering and evolution of the transfer func-
tion population. A similar approach has also been taken in the De-
sign Galleries work by Marks et al[11]. Although this approach
provides some level of heuristics for transfer function searching, it
isstill based on some mathematical representationswith parameters
that are not directly and intuitively related to user’ svisualization ob-
jectives. Moreover, simply selecting sample images appears to be
avery inefficient and unnatural way of expressing the user’s visu-
alization goals. The limitations in the number of sample images,
their viewing perspectives and the time that is needed to generate
the sample images aso severely constrain the applicability of this
approach. Another related topic is volume shading[8, 12]. Often,
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the gradient of each point in the volumeisused asthe normal vector
of an imaginary local surface which can be lighted with some sur-
face shading model. It assigns colorsthat depend onthelocal image
properties (gradients), and can effectively reveal structural details
that are related to the gradient field of the volume. As described in
this paper, image dependent transfer functions can aso be used to
achieve many other visualization goal s such asinformation filtering
and surface rendering.

The objective of thiswork isto develop an image-based, goal-
oriented, and parameterized transfer function model for volume vi-
sualization and data exploration. Thisisdone by integrating 3D im-
age processing tools into avolume visualization process, and defin-
ing the transfer function to be a sequence of 3D image processing
procedures as part of the volume visualization pipeline. Two ma-
jor types of 3D image processing toolq 14], image enhancement and
boundary detection, are applied. Users will be able to specify and
manipulate a small number of parameters to define their visuaiza-
tion goals, and to view desired features in various levels of details.
Sincethese parametersrepresent the parameter settings of theimage
processing procedures with clear meanings and objectives, it pro-
vides an efficient, image-guided and goal-oriented interaction for
data exploration. Although image processing techniques have pre-
viously been applied to the segmentation of 3D CT and MRI im-
age volumeq[ 7, 15, 4, 5], and image gradient information has also
been widely used for volume and surface renderings8], there has
not been ageneral and systematic solution for the integration of 3D
image processing in transfer function design.

In the following, we will first present, in Section 2, the image-
based transfer function model, and the schemes that integrate this
model into the volume rendering process. Section 3 describes the
various image processing operations as the building blocks of the
transfer function model, including point enhancement, spatial en-
hancement and boundary detection. Some implementation issues,
and the application of this approach in a microscopy data explo-
ration project are discussed in Section 4. Section 5 concludes the
paper with some final remarks and future work.

2 ANIMAGE-BASED TRANSFER
FUNCTION MODEL

We defineavolumetobea3D array of voxelsinanintensity (scalar)
field, and a color volume (or RGBA volume) to be a 3D array of
voxels in an RGBA (color and opacity) field. A color volume can
be directly displayed using a volume rendering algorithm such as
raycasting[9] or 3D texture mapping[3], without the need for atrans-
fer function. Therefore, we define a transfer function to be a two
step process. Thefirst step consists of a sequence of intensity map-
pingsinavolume'sintensity field, and performstasks such asinfor-
mation filtering, noise reduction, surface extraction, etc. The sec-
ond step is essentially the “ coloring” process, which generates col-
orsand opacity vaues directly from intensity values using either an
intensity-to-RGBA color look-up table or a shading procedure. In
the color look-up table, alinear ramp should be used for the opac-
ity component and the appropriate (depending on the desired col-
ors) color components, since the necessary “intensity processing”
isdonein thefirst step. Shading can be done by computing the gra-
dients of the resulting intensity field of the first step, and using the
gradients as local “surface normals’ in computing the lighting ef-
fects in the rendering process. Since the “coloring” step isafairly
straightforward process, we will only consider the transfer function
design problem in the volume's intensity field.

Based on the above definition, avolumeisessentially a3D gray
level image, and itstransfer function problem can be considered asa
3D gray level image processing problem. Naturally, variousimage
processing tools can be applied, each having a specific image pro-

cessing objective with user defined parameters. In addition to pro-
viding a goal-oriented mode! for transfer function design, the com-
bination of 3D image processing and volume visualization also of -
fers some other unique advantages. First, when integrated into avi-
sualization pipeline, the 3D image processing operations only need
to be applied to the visible regions of the volume. This may lead to
significant savings of the image processing cost. Secondly, many
traditionally difficult problems in image processing and computer
vision, such as the topological consistency and connectivity prob-
lems in boundary detection, may become trivia in an interactive
visualization environment, where certain "intelligent” decisionsare
left to the viewers. Thirdly, as described in [15], interactive visual -
ization may also provide useful human intervention to assist some
difficult image processing tasks such as 3D segmentation.

An image-based transfer function, F' : Z — Z, can be defined
as a sequence of intensity mappings:

F:fnofn—lo"'0f2ofl

where Z isthe volume'sintensity domain, f; : Z — 7 areintensity
mappings corresponding to the sequence of image processing pro-
cedures applied. In our transfer function model, each f; is one of
the following two types of mappings:

1. Intensitytable. Itisanintensity-to-intensity look-up tablerep-
resenting apiecewise linear function over thevolume'sinten-
sity field. Linear interpolation will need to be applied for each
input intensity value that is not one of the table entries.

2. Neighborhood function. It is a function computed from the
intensity values in amxmxm neighborhood of agiven voxel,
wherethe neighborhood size, m, can be an adjustable param-
eter of thetransfer function. A median filter[14], for instance,
can be considered as a neighborhood function. A more typi-
cal exampleisthe 3D spatial convolution, asalinear 3D filter,
of avolume V' with amxmxm mask T":
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Some higher order and global image processing operations, such
asdilation/erosion and anisotropic diffusion[13], cannot bedirectly
represented as a neighborhood function. But these operations are
normally applied in some
pre-computation processes for the definitions of other simpler in-
tensity mappings, as shown in Section 3.3.

Each of theintensity mappings, f;, represents animage process-
ing procedure with user defined parameters, which computes either
an intensity table or a neighborhood function. The set of al pa
rameters of a sequence of image processing procedures defines one
transfer function in the transfer function space. Such goal-oriented
parameterization of the transfer function model makes the search-
ing and navigation of the transfer function space much more user
friendly and intuitive than previous methods.

There are three different approaches, as shown in Figure 1, of
applying this transfer function model in volume visuaization. In
the first approach, the transfer function is defined as a sequence of
3D image processing procedures through a sequence of intermedi-
ate volumes, and the final resulting volume is passed to the “col-
oring and rendering” step. As shown in Figure 1(a), this approach
requires the reconstruction of an intermediate volume for each im-
age processing procedure. Although this approach iseasy toimple-
ment, itsobvious drawback isthe high cost in memory use and com-
putational time for volume reconstructions. Since data exploration
requires experimenting with many different sets of parameters for
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Figure 1: (@) The volume reconstruction based approach; (b) The
fully integrated approach; (c) The hybrid approach

various visualization goals, constructing new intermediate volumes
for every change of parameters may not be practical.

The second approach integrates all theimage processing proce-
dures into one volume rendering algorithm, so that every accessto
anintensity valueinthe volumerendering algorithmwill directly go
through the computations of all the 3D image processing procedures
(Figure 1(b)). Inaddition to avoiding thelarge memory requirement
and the associated memory operation costs, this approach applies
the image processing procedures only when a sample point in the
volumeisactually used by thevisualization algorithm for rendering.
Since the number of sample points used for rendering is normally
much smaller (less than 10% in most cases) than the total number
of voxelsin the volume, such integrated approach is, in general, a
more efficient solution for interactive data exploration applications
where the change of transfer function parametersis very frequent,
and theinteractive renderings are often lower resol ution and “region
of interest” based.

Theintegration of theintensity tablesinto avisualization pipeline
isvery straightforward. The intensity table can be directly used as
the opacity and/or color transfer functions in any volume rendering
algorithm (e.g. raycasting). In volume rendering using 3D texture
mapping, it can also be conveniently used as a color table, such as
the one defined in OpenGL, that maps (often by hardware) the tex-
ture mapping resultsto color and opacity values. Very little compu-
tational overhead isinvolved in this process.

The integration of neighborhood functions are, however, more
costly. A straightforward approach isto make recursive procedural
callsto the neighborhood functions to dynamically compute theim-
age processing results for individual sample points when they are
accessed by the rendering agorithm. One problem with this ap-
proach, however, isthe potentially repeated computation with mul-
tiple neighborhood functions. Sinceeachvoxel canfall intotheneigh-
borhoods of severa other voxels, and may therefore be accessed
(and computed) multiple times when more than one neighborhood
functions exist in a transfer function. When the number of neigh-

borhood functions in asequence islarge, such overhead can be sig-
nificant. Fortunately, this has not been a mgjor problem in most
cases for two reasons. First, the number of image processing pro-
cedures applied at one time is normally small in most practica ap-
plications. Secondly, since the number of sample points that need
to be computed by the transfer function for each rendering is not
very large (normally less than 10% of the total number of voxels
in avolume), it is possible to apply some buffering mechanism to
store the result of each computed sample point for possible later ac-
cesses (e.g. a buffer can be used for each neighborhood function).
This way, the overhead can be partialy or entirely eliminated de-
pending on the buffering capacity.

The third approach uses a hybrid strategy, and alows intensity
mappings to be concatenated into groups to generate intermediate
volumes (Figure 1(c)). The grouping of the intensity mappings can
either be defined by users or done automatically based on their com-
putational complexities. Thisismainly useful for transfer functions
with long sequences of neighborhood functions. One advantage of
the hybrid approach isthat the parameters of the image processing
procedures are naturally defined in groups. For example, an inter-
mediate volume can be generated when a satisfactory set of param-
eters for a group have been found, and the subsequent image pro-
cessing operations may then be based on the intermediate volume
instead of the original volume.

3 IMAGE VOLUME OPERATIONSIN
TRANSFER FUNCTIONS

In this section, we will describe various 3D image processing oper-
ations and their applicationsin transfer functionsfor volume visual-
ization. We are mainly interested in two major types of operations:
image enhancement (including point enhancement operations and
spatial enhancement operations) and boundary detection[14]. The
god of image enhancement isto improve the quality of the 3D im-
age volume for better visual appearance, based on certain visual-
ization goals. Boundary detection, on the other hand, automatically
finds the voxels that belong to some surface boundary defined by
the parameters of the edge detection procedures, and ismostly used
for surface rendering purpose.

3.1 Point Enhancement Operations

A point enhancement operation applies some function to each in-
tensity value, individualy, to generate a new vaue. Since the re-
sult of apoint enhancement operation only depends on theintensity
value of the point onwhichitisapplied, the corresponding intensity
mapping can be represented as an intensity table, obtained from a
pre-computation of an image processing operation under given pa-
rameters. Thetwo most common point enhancement operationsare
Intensity modification and Histogram modification.

Intensity M odification: Inintensity modification, theintensity curve
of the input volume can be atered by modifying one or more seg-
ments of the intensity curve at corresponding intensity intervalsto
increase or decrease the exposure of thegiven regions. In Figure2(a),
for example, interval [t1, t2] isstretched to expose more detailswithin
thisintensity range. Althought1, ¢2 and r can all be used as param-
etersof thetransfer function, they morelikely comefrom the output
of some other image processing procedures, such as boundary de-
tection for surface rendering, as shown in Figure 2(b) and explained
in Section 3.3.1.

Histogram M odification: Histogram modification changesthe his-
togram curve of a volume to generate a re-distribution of the in-
tensity values. One particularly important and useful operation is
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Figure2: (a) A simple intensity modification; (b) Intensity modifi-
cation for surface rendering

the histogram equalization, which flattens the histogram to increase
the contrast in the areas with large number of voxels concentrated
around certain values. Histogram equalization does not require pa
rameters.

3.2 Spatial Enhancement Operations

A spatial enhancement operation derives the new intensity value of
agiven point from its neighborhood points, i.e. the result is region
dependent. Therefore, spatial enhancement operations, in general,
can only be represented as neighborhood functions. Asin the 2D
case[14], spatia operations can be classified into smoothing and
sharpening operations.

Smoothing Operations: We use smoothing operations primarily to
removeimage noise. We sometimes al so want to remove very small
feature details in order to better present the larger features. These
are often achieved by applying aspatial lowpass 3D mask to smooth
out high frequency components from the image. The mask repre-
sentsaweighted average of theintensity valuesin amxmxm neigh-
borhood of each point inthevolume. For smoothing purpose, al co-
efficientsin the masks are positive numbers. In addition to the mask
size m, severa other parameters may aso be defined to adjust the
level of smoothing and blurring by manipulating the weightsfor the
averaging. A popular smoothing operation isthe Gaussian smooth-
ing defined by a Gaussian mask with parameter o € (0, +00) :

%424k
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The parameter o may also be different in X, Y and Z directions:
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Another useful smoothing operation isthe Median filter that returns
the median intensity value in am x m x m neighborhood. An ad-
vantage of the Median filter is that it can avoid blurring edge and
surface boundaries, while till being able to achieve effective noise
reduction.

Shar pening Oper ations: Sharpening operations aim to enhance of
geometric features by emphasizing the high frequency components
of the imageg[14]. This can be achieved by applying a highpass
convolution mask to theimage volume. Anexampleisthe Laplacian-
type filter:

f(xasz) = g(.T,y,Z) - VQQ(xayvz)

which can aso be represented as a mxmxm mask. Another use-
ful operation isthe unsharp masking that blends the low-frequency

component V; and high-frequency component (V' — V1) of animage
volume V'

Vi=y- (V=-V)+Vi=v-V+(1l-7)W

where coefficient v €  (0,400) represents the amount of
high-frequency component used in the enhanced image volume V.
~ € (0,1) resultsin asmoothing of V', and v > 1 emphasizes the
high-frequency component, and therefore sharpens features and de-
tails. V1 can beobtained from V' by applying asmoothing operation
to V. For instance, if asimple 3 x 3 x 3 averaging mask is applied
to compute V7, the overall convolution mask for this unsharp oper-
ation will be:

rias= { G

Since sharpening operations tend to enhance high frequency inten-
sity signals, including noise which usually exhibit strong high fre-
quency characteristics, a smoothing operation may need to be ap-
plied first to remove or reduce the noise before the sharpening op-
eration. Some examples are shown in Figure 4 and Figure 5.

if i=j=k=0
otherwise

3.3 Boundary Detection Operations For
Surface Rendering

Boundary detection operation finds the surface boundary voxels to
derivethe appropriate transfer function or thresholdsfor surfaceren-
dering. Most 2D edge detection
algorithmg[14] can be extended for 3D boundary detection. Many
of these algorithms, such as the Sobel detector[14], employ some
convolution masks to compute the discrete approximations of some
differential operatorsto measuretheratesof changes of theintensity
field (gradients), and then classify surface boundary voxels based
on amagnitude thresholding of the gradient values. More sophisti-
cated edge detection algorithms have a so been developed in Com-
puter Vision. One example is the class of anisotropic diffusion al-
gorithms that successively blur the image using a diffusion process
with a spatially varying conductance parameter that is correlated to
the image’s gradient values[13]. A general form of this operation
is:

I = div(c(z,y, 2, t)VI) = c(x,y, 2, )V + Ve - VI

where the conductances c(z, y, z, t) are usualy taken to be highin
uniform regions and low at high gradient points in theimage. This
results in the image being smoothed in uniform regions but the dis-
continuities (edges) be kept at the high gradient points. If the con-
ductance function ¢(z, y, z, t) is constant, then the result is essen-
tially a Gaussian blurring process.

3.3.1 Iso-surface Based Approach

Conventiona surface rendering algorithmg{10] first extract the sur-
face boundaries as polygona objects by intensity thresholding, and
then display the surface boundaries using standard surface graphics
techniques. In many cases, however, the intensity threshol ds defin-
ing theiso-surfacesare not known in advance. Finding thesethresh-
olds by trial-and-error is difficult and time-consuming, particularly
when the volume contains many different types of object bound-
arieswith differentiso-values. Using theimage-based approach, we
canfirst apply an edge detection operation to theimage volume, and
then automatically derive, based on the edge detection results, the
surface boundary iso-values for iso-surface extraction. These iso-
values may al so be used to defined atransfer function through inten-
sity modification with a standard volume rendering algorithm that
renders only alayer of surface voxels, defined by intensity intervals
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Figure 3: Histograms of surface voxels after boundary detection
from: (@) a CT volume of a human head; (b) a microscopy volume
of aGolgi Complex.

surrounding these iso-values. Figure 2(b) shows an example where
the boundary intensity range, [¢1,¢2] and [¢3, t4], are stretched to
highlight the surfaces, and the intensity values of the rest of thein-
tensity field isreduced to zero.

To derive the surface intensity thresholds after boundary detec-
tion, we first use a ssimple thresholding on the boundary detection
result to extract al the boundary voxels, and then generate a his-
togram based on the intensity values of all boundary voxelsin the
origina volume. For volumes with well defined surfaces, this his-
togram should exhibit clear peaks and valleys. Theintensity values
at which the histogram reaches local maxima (peaks) can then be
used as the surface thresholds. A smoothing operation (e.g., Gaus-
sian smoothing) normally needs to be applied to the histogram first
to remove the noise. Two examples are shown in Figure 3, gen-
erated from a CT volume of a human head and a microscopy im-
age volume of a Golgi Complex (Figure 6). In Figure 3(a), the his-
togram hastwo local maximaat intensity values 61 and 84 that rep-
resent theiso-val ues of the skin and skull surfaces, respectively. Fig-
ure 3(b) shows one local maximum, at intensity value 87, for the
Golgi surface boundaries.

It should be mentioned that, with this approach, both the bound-
ary detection and histogram anadysis are
pre-computations of the actual rendering process. By setting dif-
ferent scale parameters in the boundary detection process, a set of
multiscaleiso-values can be pre-computed, and then used to define
aset of multiscale transfer functions (as simple intensity tables) for
different levels of surface rendering in data exploration.

3.3.2 DynamicBoundary Detection Based Approach

A second approach in using boundary detection for surface render-
ing isto directly apply aboundary detection operation to each sam-
ple point when it is accessed by the rendering algorithm. This al-
lows the rendering algorithm to dynamically determine whether a
sample point belongs to a surface boundary or not for appropriate
rendering actions. With this approach, only simple boundary de-
tection methods (e.g. convolution mask based detectors) ought to
be applied for speed reason. This approach is particularly useful
for surfaces that cannot be simply defined as iso-surfaces, i.e. the
boundary intensity values are not constants. Usually, such
non-constant-intensity boundaries are caused by the data collection
process. |n 3D microscopy, for instance, photobleaching may cause
thesame material to have different intensity valuesin separate slices
with different depths into the volume. Inthis case, working directly
with gradientsis more effective than working withiso-surfaces. For

example, themagnitudes of gradients may be proportionally mapped
to the opacity values in the opacity transfer function to emphasize
high gradient regionsfor surfacerendering effect. A gradient thresh-
olding may aso be used to render only the high gradient voxels.

An exampleisgiven in Figure 6(b) which shows better defined sur-

facesthan i so-surface based rendering (Figure 6(c)). Ingeneral, this
approach requires the intensity mappings for transfer function def-

inition be represented as neighborhood functions, and is therefore
more expensive than the iso-surface based approach.

4 |MPLEMENTATION AND APPLICATIONS

The approach described in this paper isbeing implemented in ami-
croscopy visualization and data expl oration system —ajoint project
with the Department of Medicine of the Indiana University Medical
School. Microscopy volumes offer some unique challenges to vol-
ume visudization techniques. Firgt, fluorescently-labeled samples
characteristically have low signal levels, sometimes consisting of a
single photon, so that microscopy images aretypically much noisier
than CT or MRI images. Furthermore, since excitation of fluores-
cence a so destroys fluorophores through photobl eaching, signal-to-
noise ratio decreases with the collection of each foca plane of an
image volume. The resulting low contrast and small intensity gra-
dients make these image volumes sensitive to small changesin ren-
dering parameters. Consequently, ordinary volume visualization al -
gorithms frequently fail to capture the delicate structures present in
many cellular objects. Secondly, structuresin the microscopic scale
typically show higher complexity than those of the anatomic organs
in CT or MRI images. Thisis particularly true in multi-parameter
images, in which several different proteins will be imaged s multa-
neoudly, each in aspecific color of fluorescence. A third problemis
that the structure of the objects to be examined are often partially or
entirely unknown. Without prior knowledge of the structuresin an
image, it isdifficult to determine an appropriate transfer function to
generate a useful and informative rendering.

As aresult, we found that, without an interactive and image-
based environment for transfer function design, it is often impossi-
ble to generate useful images from a complex, noisy and unknown
microscopy image volume. We also found that, for CT images of
human anatomy, the enhancement operations do not have as sig-
nificant improvements in visualization quality as they do with mi-
croscopy images. Thisis perhaps because the CT images we tested
are already very clean and the transfer functions are fairly obvious
for the common visualization goals.

In integrating image-based transfer functions into volume visu-
alization algorithms, thefirst two approaches givenin Section 2 have
been implemented and tested using a standard raycasting volume
rendering algorithm with shading. Volume rendering using hard-
wareassisted 3D texture mapping has al so been implemented in this
context. But since the hardware rendering pipeline with 3D texture
mapping cannot be easily modified by the algorithm, only the first
approach was used with the texture mapping agorithm. The vol-
ume reconstruction based approach is, in general, fairly slow. For
instance, reconstructing a 2562 volume with a5 x 5 x 5 mask takes
about 4 minutes on an SGI O2 (R5000) workstation. If the convo-
lution is integrated into the rendering pipeline, only about 10 sec-
onds need to be spent on computing the convolution. In the case
of multiple neighborhood functions in atransfer function, if a sepa-
rate buffer for each neighborhood function is used to avoid repeated
computation, the overhead from the integration isvery little, i.e. the
integrated approach is always faster. But if no buffering is applied,
the overhead is significant — usually when thereare more than three
neighborhood functions, the integrated approach quickly becomes
slower than the image reconstruction based approach. It should be
mentioned that the intensity tables do not have any noticeable im-



pact to the rendering speed in the integrated approach.

Severa rendering examplesof confoca microscopy volumes us-
ing the image-based transfer function model are given below.

Figure 4 shows the rendering of amicrotubule dataset using im-
age enhancement operations. Microtubul es are the molecular tracks
within cells. Intracellular organelles or compartments are spatially
distributed inside the cell but this spatial distribution is dynamic.
The organelles can move along these tracks in molecular motors.
Figure 4(a)is rendered with a linear ramp transfer function. Fig-
ure 4(b) isrendered with amedian filter appliedfirst. In Figure4(c),
an additional highpass filter, the Laplacian filter, is applied after
the median filter. The result shows the tubule structures that are not
clearly visible from other renderings.

Figure 5 shows the effect of image enhancement in the volume
rendering of fluorescently labeled Actinfilamentsvolume. AnLapla-
cianmask isapplied followed by an unsharp masking operationwith
v = 3 (Figure 5(b)) and v = 10 (Figure 5(c))to show the actin
structures that are not at al visible from the rendering with alinear
ramp (Figure 5(a)).

Figure 6 showstwo surface rendering examples of aGolgi Com-
plex. Figure 6(a) is rendered with a linear ramp transfer function.
The surface rendering by the dynamic boundary detection based ap-
proach is shown in Figure 6(b). A gradient magnitude threshold
60 was used to classify the boundary voxels. Figure 6(c) is ren-
dered by the iso-surface based approach with an intensity interval
[77,97] centered at the surface iso-value 87, which is derived from
the boundary histogram (Figure 3(b)) using the same boundary de-
tection procedure. For thisdataset, the dynamic boundary detection
based approach generates better surfaces.

We have also applied the boundary detection approach for sur-
face rendering on aCT volume of ahuman head. Figure 6(d) isren-
dered by the dynamic boundary detection based approach. A gra
dient magnitude threshold 40 was used. The surface iso-values, 61
and 84, derived from the boundary histogram (Figure 3(a)), arethen
used to render Figure 6(€) and Figure 6(f), using intensity thresh-
olding with intervals [53, 69] and [74, 94], respectively. In cases
like this where more than one types of surfaces are present, theiso-
surface based approach is more flexible since it can select individ-
ual surfacesto display, while the dynamic boundary detection based
approach hasto display all surfaces at once.

5 CONCLUSIONS

We have presented a transfer function model based on 3D image
processing operations. In this approach, transfer functions are rep-
resented as a sequence of intensity mappings that can be either in-
tensity ook-up tables or neighborhood functions. The computation
of these intensity mappings can be integrated into avolume render-
ing algorithm for better memory and time efficiency. Both 3D im-
age enhancement operations and boundary detection operations are
described and integrated into the transfer function design problem.
The parameterization of this transfer function model allows goal-
oriented interactions in transfer function searching and data explo-
ration. Thisapproach is particularly useful for volume datasets that
are complex and noisy with unknown structures. Itisour belief that
static or pre-defined sequences of renderings cannot provide suffi-
cientinsight into acomplicated image volume. Itisthe dynamic and
interactive exploration process with guided user control that pro-
vides the most comprehensive perspective into the dataset.

In the future, we plan to embed aricher set of 3D image pro-
cessing tools into volume visualization. One particularly important
subject is 3D image segmentation applied for transfer function de-
sign. Thiswill lead to object level transfer function definitions, and
model-based volume representations, manipulations and anaysis.
Another important futurework istheinteractivity of thisimage-based

approach. Currently, the rendering speed is not interactive due to
mainly the time spend on image processing operations. More effi-
cient 3D image processing algorithms, and a spatially and tempo-
raly optimal buffering mechanism need to be developed for truly
interactive data exploration. In terms of applications, we are cur-
rently developing an interactive environment for microscopy data
exploration based on the approach described in this paper. A mul-
tiscal e approach will be employed to provide arich and well orga-
nized parameter hierarchy for transfer function searching and vol-
ume data exploration.
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