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Abstract

This paper describes a software-based method for
interactive transfer function modification. Our approach
exploits the fact that, in general, a user will rarely want to
modify the viewpoint and the transfer functions at the same
time. In that spirit, we optimize the latter by first fixing the
viewpoint and then storing a compressed list of samples
along each ray. Then, each time the transfer function is
modified, the algorithm traverses the compressed sample
lists, decompressing the runs and compositing the newly
colored samples along each ray until full opacity is reached.
Since the expensive sample interpolation and shading is no
longer necessary, we can obtain near-interactive framerates
for a variety of datasets, while our RLE-based compression
of linearly varying sample runs helps keep the storage com-
plexity down, with little decompression overhead. Decom-
pression cost is reduced by storing decompression results in
an on-the-fly constructed 2D table. 

1 Introduction
A volumetric data object is described as a space-filling

three-dimensional grid of discrete sample points, which, in
turn, support the interpolation of any arbitrary point within
the grid’s 3D bounding box. A great variety of disciplines
generate, use, and modify volumetric data. Examples are the
medical field in diagnosis and surgical simulation, engineer-
ing in CAD/CAM prototyping, the oil and gas industry in
natural resource exploration, designers and artists in virtual
sculpting and industrial design, educators in teaching biol-
ogy, chemistry, and anatomy, the computer game industry in
the generation of realistic natural phenomena, computa-
tional scientists in scientific data exploration, and the busi-
ness world in visual data mining.

Volume rendering is the process of exploring the volu-
metric data using visuals. The exploration process aims to
discover and emphasize interesting structures and phenom-
ena embedded in the data, while de-emphasizing or com-
pletely culling away occluding structures currently not of
interest. In volume rendering, two main instruments exist
that control the exploration process: view navigation and
transfer functions. Both are essential. The former deter-
mines the spatial position and orientation from which the
user observes the scene. The latter controls the look-and-
feel of the scene itself, which is done by ways of the transfer
functions that map the raw object density data to color and
transparencies. This also constitutes a navigation task, per-
formed in a 4D transfer function space, assuming 3 axes for
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RGB color and one for transparency (or opacity). Note that
while spatial navigation also exists in the surface rendering
of polygonal objects, transfer function navigation is unique
to volume rendering.

Transfer function space navigation can be a time con-
suming task for two main reasons: (i) the space to be
explored is large, and (ii) the volume rendering is, at least at
the present time, only interactive when supported by hard-
ware [2][5][17][22][24]. Hardware solutions, however, are
only practical for moderate dataset sizes, unless expensive
machines are used [21]. On the other hand, interactive soft-
ware solutions also exist, and a prominent representative for
these is the shear-warp algorithm [12], which, however, has
a considerable quality-speed trade-off, especially at odd
viewing angles [26].

Addressing the complexities associated with the magni-
tude of the transfer function space, a number of techniques
have been devised that use gradient histograms and other
derived data to point out interesting locations in transfer
function space [1][10][11][27]. The user may then use these
hints to perform a more detailed search around these critical
points. Another suggested strategy is to render a large num-
ber of images with arbitrary transfer function settings and
present these to the user, who then selects a subset of these
for further refinement by ways of genetic algorithms. This
approach is taken by the Design Galleries project [16],
which is based, in part, on the method published in [8]. A
good sample of the existing approaches were squared off in
a recent panel, termed the ‘Transfer Function Bake-off’, at
the Visualization 2000 conference [23].

Common to all transfer function exploration efforts is
the need for rendering the volume using the new settings. A
key observation here is that the user rarely changes the
viewing parameters and the transfer function simulta-
neously. Usually, the object stays fixed in space, and only
the transfer function is modified, or vice versa, with the rea-
son for this being that the user is simply too occupied with
one of the two tasks to deal with the other. While view navi-
gation can use temporal coherencies to speed up the render-
ing [3][19][28], for this research we sought to identify the
coherencies that exist in the task of transfer function naviga-
tion. We start by realizing that the main work in volume ren-
dering is formed by the following pipeline: interpolation of
the ray samples, illumination (shading), coloring, and com-
positing. Since we leave both the view and the light source
position unchanged, there is no need to perform the sample
interpolation and shading for every new transfer function
setting. Instead, we may cache away the densities and
shades of the samples for repeated use in the transfer func-
tion exploration process. This was recognized quite some
time ago in [15]. A caveat with this approach, however, is
that all samples along a ray, within the limits of the vol-



ume’s bounding box, are now potentially visible, depending
on the user’s choice of transfer function setting. Hence, they
must all be cached, which gives rise to a storage complexity
approaching that of the volume. A suitable compression
scheme is clearly needed, with the requirement of fast
decompression speed since our main goal is to achieve an
interactive system for transfer function modification. Note
that our approach uses a pure software solution in an attempt
to explore a technique that would work even in conjunction
with larger volume, for which the use of texture mapping
hardware may be less attractive. On the other hand, there is
also a sizable class of volumes with sparse, yet space-filling
features, such as arteries or nerve cells, where software ren-
dering speed can actually match that of brute-force texture
mapping hardware implementations[18]. 

Our paper is structured as follows. First, in Section 2,
we provide some preliminary background and the theoreti-
cal aspects of our work, while Section 3 describes the actual
implementation. Section 4 reports on the results, and Sec-
tion 5 concludes with final remarks and pointers for future
work.

2 Theory
2.1 Preliminaries

The low-albedo volume rendering integral can be writ-
ten as follows:

(1)

where r(u,v) is the value of the ray spawned at image coor-
dinate (u,v), d(s) is the (interpolated) volume density at
location s along the ray, and c and τ are the color and extinc-
tion mapped to d, respectively, via the transfer functions.
Note, that c is a 3-vector of (r,g, b). Since the continuous
integral is, in the general case, not solvable analytically, it is
commonly written and evaluated in discrete form:

(2)

where ∆s is the ray sampling interval. If we replace the
exponential function by its Taylor series, we get the familiar
compositing equation [13]:

(3)

where α is the sample opacity, normalized for sample dis-
tance when  [14].

Let us first concentrate on the continuous form of the
low-albedo volume rendering integral given in (1), and the
fact that we will be re-using the d(s), i.e., the interpolated
samples along the ray. This seems to be a simpler task than
having to solve (1) directly from the raw volume, involving
interpolation. Can we now obtain an approximate analytical
solution for r(u,v), or at least a fast discrete one? We shall

investigate this next.
An effective way to go about the problem is to try and

decompose c, τ (and perhaps also d) into sets of basis func-
tions, and then just modify the weights of these basis func-
tions according to a new transfer function setting before
recombination. One such decomposition is the Fourier
transform, or the related cosine transform. Kaneda et.al. [9]
attempted this a few years ago, but only succeeded for the
color transfer function. For the Fourier approach to work,
the inner integral of (1) needs to remain fixed as a multipli-
cative constant, and hence the opacity transfer function
remains fixed as well, which prevents the Fourier method
from being able to change the transparencies of exterior and
interior structures on the fly. 

But the Fourier series is not the only mechanism to
obtain a decomposition into basis functions. Another set of
basis functions can be obtained by a series of polynomials,
which is described next.

2.2 Polynomial fit
We may express the transfer functions as well as the list

of sample densities along a ray as polynomial functions,
which could be obtained by a least squares fit. We will get:

(4)
  

Recall that c is a 3-vector, and so will be the a-coefficients.
Note that we will only need to find the coefficients for the
c(d) and τ(d) on the fly, the coefficients for d(s), on the other
hand, will be computed in a pre-processing step. We shall
now express (1) with these polynomials:

(5)

(6)

(7)

Using the first two terms of the Taylor series expansion of
exp(x):

(8)

(9)

We obtain a polynomial of degree (6n+2) that we could
evaluate for L to get the solution for (1). To build the poly-
nomial we would encounter costs of O(n), the degree of the
initial polynomial. Required storage per ray is also just
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O(n), the coefficients of the polynomials. Thus a large com-
pression could be the gain. However, the problem with the
polynomial approach is that there is a high chance that only
a high-order polynomial can provide a good fit to a given
ray sample sequence, and the same is true, however, in a less
severe way, for the transfer functions. See, for example,
Fig. 1, where we show a typical ray sample sequence with
two fitted polynomials, one of degree 3 and one of degree
20. The latter provides a somewhat adequate fit, but a higher
degree would probably be better. Unfortunately though, a
polynomial of large degree will not reduce the rendering
complexity much and also diminish the compression gains
greatly. In addition, high-order polynomials may exhibit
“Runge’s Phenomena” - fast oscillations at discontinuities.
Hence, it does not seem that the continuous polynomial
approach offers useful benefits for our application, at least
not in the general case.

To get a better fit, it seems more advisable to use piece-
wise polynomials instead, for either transfer functions or the
rays, or both. This potentially breaks the integral of (1) into
many separate pieces, which will result, in the limit, in the
discretized form of (3). However, it is likely that the pieces
are sufficiently large, and a good amount of compression
can be achieved, while maintaining a good fit. Using the
piece-wise linear polynomial fit can provide a much better
compression than a straightforward RLE encoding, as was
done in [4]. We shall now outline our chosen approach
which uses piecewise linear polynomials for sample run
compression.  

3 Implementation
We first describe the basic algorithm that uses piece-

wise polynomials for run compression, and then we shall
describe a few enhancements that provides extra speed for
the decompression of these runs.

3.1 Basic algorithm
Our algorithm first acquires a list of samples along each

ray at unit sampling distance. Suppose, for this discussion,

that the sequence of n samples is enumerated as integer pairs
(sk,dk), where the sk = [0,1,2,...n] denote the sample location
along the run, and the dk are the interpolated densities at
each sk, rounded to integers (see Fig. 2 for an illustration of
an example density profile). We now seek to fit linear poly-
nomials that span more than 2 samples and interpolate the
endpoints. Suppose that a set of current endpoints is (si,di)
and (sj,dj), respectively, where sj-si>1. We require that for
each sample k for which i<k<j:

(10)

If errorThreshold<1, then we are within the discretiza-
tion error of the transfer function indexing. Greater error
thresholds will yield larger transfer function index errors
and will result in the retrieval of a potentially inaccurate
color and opacity from the transfer function. However, since
the index is still close to the correct one, the error may not
be large, unless the transfer function has high frequencies. 

For each sample run, our algorithm starts with the sam-
ple at s0 and then tries to expand a linear polynomial until
the error for any sample between the current start and end
point of the polynomial is greater than the error threshold.
Once this happens the polynomial is stored away and a new
one is started. If the length of the resulting polynomial is
only 1 (that is, no expansion was possible), then the search
is started from the second sample and the first is stored in a
separate format, which will be explained in the course of the
next paragraph.

Our compression format is as follows. We distinguish
between sample runs of length > 1, fitting a linear polyno-
mial within the pre-specified error threshold, and sample
runs that cannot fit such an approximation. The fitted runs
require 2 bytes of storage: length and end density. The non-
fitted runs are stored as a list of samples, with a leading byte
that indicates the length of the run. We use the leading bit of
each length-byte to encode the type of the run, LIST or
POLY. Note that 4 consecutive samples that do not fit a sin-
gle POLY will require 5 bytes of storage as a LIST run, but
3·2=6 bytes of storage if encoded as 3 POLYs. On the other
hand, a POLY of length 3 will require 2 bytes of storage,
while a LIST will use 4 bytes. Thus the POLY is more effi-
cient for fitted runs of length greater than 2. If a run exceeds
a length of 128, which would not be able to fit the space
allocated to the ‘length’ byte, we simply start a new run.
Returning to Fig. 2, the encoding for this sequence would be
as follows: 

Figure 1:  Polynomial fits (red) for a run of samples
(blue) across the neck area of the UNC CT Head dataset.
In (a) the degree of the polynomial is 3, in (b) degree is
20. Given the variability of the data, even polynomials of
higher degree don’t provide sufficient fits in the general
case.

(a)

(b)

dk
dj di–( )
sj si–( )

------------------- sk si–( ) errorThreshold<⋅–

sk

dk

s0

Figure 2:  Sample run encoding example.
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d0 {POLY3, d3} {POLY4, d7} {LIST2, d8, d9}

which 8 bytes of storage, while a linear encoding would
have taken 10 bytes. Note, that the value of the first sample
is always stored explicitly, since the POLY stores only the
density of the end point. 

Upon rendering, we traverse the encoded list and either
use the LIST densities in sequence or compute the values of
the samples covered by the current linear polynomial. For
the latter, the slope is given by the ratio of the start and end
densities and the length of the curve. We use the interpolated
and rounded densities to look up the colors and opacities in
the current transfer functions. Finally, we composite the
samples front-to-back with early ray termination.

Note that the previous scheme only works for unshaded
samples, which is similar to the method devised in [9].
However, we would also like to provide shaded displays. To
facilitate this, we provide a second rendering mode, where
we preshade the samples using the local gradients and light
source positions to resolve the dot products, but defer the
coloring of the preshaded samples to the final compositing
step, which is re-run whenever the transfer function has
been modified. The preshaded samples and the densities are
stored in separate run-encoded lists, which are traversed
simultaneously during rendering. Typically, the compres-
sion of the preshaded sample list is less than that of the den-
sity runs, due its sensitivity to gradients. Alternative to the
preshaded samples, we may also store an index into a reflec-
tion cube [25].

3.2 Enhancements
One enhancement of our algorithm is to perform lazy

shading, that is, only shade the samples on the first encoun-
ter during a rendering step. This reduces start-up time,
which will matter most for larger volumes and iso-surface
rendering where rays turn quickly opaque.

Further speed-ups can be obtained by caching already
composited POLY-run colors and opacities of partial rays.
This way, the decompression and compositing has to be
done only once per density interval, for a given transfer
function setting. Since the compositing result depends on
the length of the run, we would need a 3D table, indexed by
the start density ds, the end density de, and the run length L.
Since this would give rise to a fairly large table, we decided
to use a 2D table instead, coding only for the start and end
densities, with a fixed run length. Similar to [6] we can
approximate the compositing result for deviating sample run
lengths by simple scaling:

(11)

where Lcurrent is the length of the currently encountered
sample run, while Ltable is the length of the composited run
cached in the table. We have found that this approximation
fails to produce useful images once the L-ratio becomes too
large. We cope with this in two ways. First, as a preprocess-
ing step, we find the average sample run Lavg for each ds-de
pair. We then store the compositing result for this Lavg in the
table. Since the Lavg may vary among the ds-de pairs we
need a separate table to store the Lavg to be used as Ltable in

(11) during decompression. Second, whenever the ratio
Lcurrent/Ltable=Lcurrent/Lavg exceeds a certain value provided
by the user (3 seems to work well), we composite the run in
an n-step process, using n cached results in the table. As an
illustration, let us assume that the current run ds-de encom-
passes 7 ray samples, but Lavg[ds-de] is only 3. Then we try
to break up the run into 2 pieces and perform the following
compositing operation of two cached partial rays of length
Ls-e1 and Le1-e:

     (12)
The α-evaluation is similar. If we are left with a partial ray
of Ls-e « Ltable we just evaluate the samples directly, with-
out using the table. 

Currently our method fills the entire table beforehand,
however, only the density pairs affected by the transfer
function will be updated after the first run. We could also
use a lazy scheme where one calculates a table entry only
upon the first time it is encountered after a local transfer
function change. In that case, all table entries affected by a
transfer function modification would have to be marked
“invalid”.

Finally, we have observed that we can considerably
improve the lengths of the sample runs (and therefore the
compression) by a slight smoothing or median smoothing of
the density (and pre-shaded) runs. Longer runs are favorable
since the initial setup cost for a run decompression amor-
tizes better for longer runs.

4 Results
We use a suite of standard datasets (foot, CT head, lob-

ster, neghip) to demonstrate our algorithm. The datasets are
all about 2563 in size, with exception of the neghip dataset
which is 643. Our (unoptimized) raycaster without using the
compressed ray sample list extension requires tens of sec-
onds to complete an unmagnified image, which would make
it quite tedious to come up with good transfer functions
quickly. On the other hand, our raycast renderings based on
sample runs can be achieved at rates of about 10 frames a
second and more, which proofs the algorithm quite helpful
for the task intended. The pre-processing needed to con-
struct the ray sample list requires about 30 seconds, but this
step is only needed once for a fixed view. We shall now
report detailed results we have obtained.

Fig 3 shows the reduction of the data points due to the
piece-wise linear polynomial compression, for three preset
error thresholds. We re-use the ray sample sequence intro-
duced in Fig. 1. It can be seen that the ray compresses sig-
nificantly, even for small error thresholds, but yet a good fit
is maintained. 

The bottom row of Fig. 5 (colorplate) shows the foot
dataset rendered with sample runs that were allowed to have
various degrees of compression errors. We observe that even
with an error threshold of 5 (see right-most image in that
row), the image quality is not significantly decreased,
although the storage is reduced by a factor of 22 (see Table
1). Compare this number with gzip, a lossless compression

c ctable
Lcurrent
Ltable

-------------------⋅= α αtable
Lcurrent
Ltable

-------------------⋅=

c ctable ds de1,[ ]
Ls e1–

Lavg ds de1,[ ]
-------------------------------- ctable de1 de,[ ]

Le1 e–
Lavg de1 de,[ ]
--------------------------------+=
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scheme, that only yields a factor of 3-4. It appears that the
loss in information does not really affect the result, perhaps
due to our specific application. In most cases, the transfer
function identified with the compressed sample set can be
used unchanged with the (only RLE-encoded) sample set
associated with error threshold 0. In other cases, very little
tweaking is required to match the visual result. Hence, the
method appears to be a very suitable transfer function pre-
viewer. Notice also that the RLE-encoding alone (error ther-
shold=0), as done in [4], does not yield very high
compression rates. 

The speed decreases for the rendering from compressed
runs, due to the decompression overhead. We can regain the
speed by using the cache table. Using tables increases mem-
ory usage, of course, but the tables also yield speedups of
almost 2 when compared to the uncompressed rendering. 

For the shaded renderings we don’t use tables since we
have two compressed runs here: (i) density runs for color
and opacity transfer function look-up and (ii) pre-shaded
samples. These two unsynchronized runs would make cach-
ing ambiguous. We observe that shaded rendering reduces
the compression ratio and speed. The former is understand-
able since the dot product in the pre-shaded runs depends on
the gradient which is bound to fluctuate more then the den-
sity. We tried to decrease this effect by placing both eye and
light at infinity. By median-smoothing the shaded runs we
were able to almost double the compression ratio and also
slightly improve the speed. The speed itself is similar for the
both rendering from compressed and from uncompressed
runs, but significantly lower than for the unshaded render-
ings. Fortunately, we have observed that shaded rendering is
not an absolute necessity for transfer function design (see
Fig. 4 and Fig. 5b, f), one can get a good idea for the colors
and occlusions just by using faster unshaded rendering.   

The remaining image sets shown in Fig. 5 (colorplate)
were obtained with the error threshold set to 5. The associ-
ated timings and space complexities are listed in Table 2.
Fig. 5a shows the Bonsai tree rendered with different trans-
fer functions, one for each season. The transfer function
modifications could be performed at a rate of 5-7 modifica-
tions a second. Fig. 5b shows a variety of renderings for the
neghip dataset. The exploration could be pursued at similar
speeds (even for larger magnifications). Fig. 5c shows a
mixed rendering of the skull and the skin of the CT Head
dataset. Our interface allows the user to specify two separate
transfer functions at a time, which gives rise to two separate
images. These can either be merged after completion of the
rendering or during the rendering by a volume-intermixing
operation. Fig. 5c shows a post-rendering merge, which

Figure 3:  The effect of error threshold on the number of
support points for the piecewise linear polynomial com-
pression. We re-use the run of samples of Fig. 1 for illus-
tration. From top to bottom: original run of samples,
error threshold =1, 3, 5. The dots mark the start and end
points for the polynomials (POLY), or the list points
(LIST). 

Figure 4:  Unshaded foot and lobster dataset.
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leaves both skin and skull focused and sharp, while still pro-
viding a semitransparent view onto the skull across the skin.
This is similar to the spectral volume rendering approach
put forward by Noordman’s et. al. [20]. Finally, Fig. 5d, e,
and f show two more renderings of the CT Head and one
each from the lobster and the neghip dataset. For the CT
Head image on the right, we smoothed the sample runs with
a 3-point median filter. This achieved an interesting soften-
ing effect in the volume rendering, somewhat reminiscent to
non-photo realism, as well as an improvement in compres-
sion and performance. 

5 Conclusions

We have presented a method that, given a fixed view-
point and moderate pre-processing time, allows the user to
explore arbitrary settings of the transfer function at near-
interactive rates on a standard PC, without the need for spe-
cial graphics hardware. We think that our method will have
potential applications whenever texture mapping hardware
is less advantageous to use or simply not available. Exam-

ples for the former are large or sparse datasets, or high-pre-
cision rendering in the presence of objects with low color
and low opacities, for which the product of the two quanti-
ties requires more than the 8 bits provided by the graphics
hardware framebuffer. Our method also allows different
modes of volume rendering applied during compositing. For
example, one could easily implement the two-level volume
rendering approach of [7] in which MIP, X-ray, and direct
volume rendering are mixed along a ray. An attractive fea-
ture of our method is that it is easy to implement and that it
may incorporated and added into any volume rendering
application, to provide a facility for fast transfer function
pre-viewing and exploration. 

Acknowledgments

This work was partially supported by NSF Career grant
ACI- 0093157.

References

Table 1: Comparison of compressions and timings for a variety of datasets.
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Figure 5:  (a) Bonsai tree dataset rendered in different “seasons”, (b) Neghip dataset rendered with different transfer functions,
(c) UNC CT Head rendered with two different transfer functions and resulting images added together. This leaves both skull
and skin sharp. (d) CT Head rendered from original sample runs (left) and median smoothed runs (right), (e) lobster dataset, (f)
neghip from a different viewing angle, (g) foot rendered with different error thresholds for run compression (error =0, 1, 3, 5).
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