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ABSTRACT

This paper describes and demonstrates the effectiveness of several metrics for data level
comparison of direct volume rendering (DVR) algorithms. The focus is not on speed
ups from approximations or implementations with parallel or specialized hardware, but
rather on means for comparing resulting images. However, unlike image level comparisons,
where the starting point is 2D images, the main distinction of data level comparison is
the use of intermediate 3D information to produce the individual pixel values during the
rendering process. In addition to identifying the location and extent of differences in DVR
images, these data level comparisons allow us to explain why these differences arise from
different DVR algorithms. Because of the rich variety of DVR algorithms, finding a common
framework for developing data level comparison metrics is one of the main challenges and
contribution of this paper. In this paper, we report on how ray tracing can be used as a
common framework for comparing a class of DVR algorithms. While this paper focuses
on comparing different DVR, algorithms, we believe that similar metrics and comparison
techniques are also useful for volumetric data comparisons. For example, comparison of
experimental versus simulated data sets, or forecasted versus observed data sets, etc.
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1 INTRODUCTION

Direct volume rendering (DVR) is one of the
most popular methods for visualizing 3D scalar
data sets. It generates images directly from the
data values without creating intermediate geo-
metric representations. The basic idea behind
DVR is the simulation of light interaction with
matter [1, 4, 7]. DVR is also a view-dependent
approach requiring recalculation each time the
view point is changed. Because of the view-
dependent nature and the calculations involved
with reasonably sized 3D data sets, DVR is a
relatively expensive approach. This has in turn
spurned numerous research with the general goal
of speeding up the process without sacrificing the
image quality.

A sampling of the variations for DVR include
schemes like different transfer functions and op-
tical models, ray casting with sampling at cell
faces, ray casting with regular sampling, pro-
jection splatting, coherent projection, Fourier
volume rendering, use of 3D textures, dedi-
cated volume hardware, taking advantage of spa-
tial coherency with octree, binary space par-
titioning, etc. parallelization with shear-warp,
permutation-warp, multi-pass forwards, forwards
wavefront, forwards splatting, backwards, etc.,
extensions to curvilinear grids, and combinations
of the above [3, 13, 16, 8, 18, 6, 19, 21, 10, 5, 2,
11, 17].

Unfortunately, this plethora of DVR meth-
ods produce images that are different from each
other. In critical applications such as clinical
medical imaging where DVR is the method of
choice, this can be very disconcerting. Fortu-
nately, more and more DVR papers address the
issue of image quality. But in those that do,
the norm is to use image level comparisons, and
sometimes at the image summary level at best.
There are inherent limitations to image level
comparisons. For example, while image level
comparisons can provide information as to the
location and degree by which two images differ,
they do not provide any information as to why
the two images differ. This paper addresses this
shortcoming by proposing the use of data level
comparison techniques. The goal is that if two

images differ in a significant manner (e.g. pres-
ence or absence of a tumor from 2 DVR images),
we want to provide an explanation of the cause
for such difference.

The paper is organized into the following sec-
tions: a summary of image level comparisons;
what we mean by data level comparison; one
specific basis for comparing different DVR algo-
rithms; different data level comparison metrics;
and several examples illustrating the utility of
these metrics.

2 PREVIOUS WORK

Most work in comparing DVR images are per-
formed at the image level. The most popular
method in this category is probably side-by-side
comparison. Other methods include difference
images, frequency domain analysis strategies, im-
age processing based methods such as contrast
stretching, vision based methods such as auto-
correlation and optical flow fields, and summary
image statistics which provide an aggregate mea-
sure such as root mean square (RMS) calcula-
tions. All these methods use images as their
starting point for comparison.

In the context of comparing DVR images, the
main advantage of image level methods is their
flexibility. For example, it is just as easy to com-
pare a ray-based against another ray-based DVR
image as 1t 18 to compare images from ray-based
against a projection-based or transform-space al-
gorithm. (See Figure 2.1). Tts main drawback is
that it is operating at the image level and hence
has lost all the 3 dimensional information from
intermediate calculations. Furthermore, images
may need additional processing to register them
or to reduce image distortions prior to performing
image level comparison. Finally, if the differences
are very small, image level comparisons are not as
effective. One should also be aware of the limita-
tions of summary statistics derived from images.
It 1s possible to produce cases where the sum-
mary statistics are the same, but the images are
obviously different [20].

3 DATA LEVEL COMPARISON

The name data level comparison was inspired
by the work of Trapp and Pagendarm [15] where
they used it in CFD applications. Data level
methods incorporate intermediate and auxiliary
information in the rendering process and use this
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Figure 2.1: Example of image level comparisons side-by-side (top row) and difference images
(bottom row). The top row shows results from three different DVR algorithms: projection,
ray casting with regular tri-linear sampling, and ray casting with bi-linear sampling at cell
faces. The bottom row shows difference images between the projection and regular sampling
methods, and between the regular ray samplings and the cell face intersection samplings.
Intensity indicates amount of difference, while hues are determined by the signed difference
in each color bank. The images does not provide any explanation for the horizontal and

vertical striping artifacts.

information to generate a data level comparison
image. For example, [12] used surface radiosity
values obtained from different form factor calcu-
lation methods as intermediate values available
for a variety of visual mappings.

In DVR, the intermediate information may in-
clude items related to the data values or to the
volume rendering algorithm. For example, dis-
tribution of cumulative opacities, feature or sim-
ilarity vector of values that contributed to a ren-
dered pixel, and maximal or minimal values along
a ray are examples of information related to data
values. On the other hand, transfer functions,
ray sampling locations and frequency, opacity
threshold, and projection filters are examples of
information related to the volume rendering al-
gorithm. It should be noted that in some cases
this distinction is blurred. In either case, these
information and others can be used in metrics for

generating data level comparisons which should
provide more in depth analysis than is possible
with image level comparisons.

The main motivation for data level compar-
isons i1s to provide more in-depth comparison of
different DVR algorithms particularly in cases
where the differences makes a difference. A case
in point is the potential mis-diagnosis of the pres-
ence or absence of a tumor. Using image level
comparisons, it is impossible to determine the
reasons for discrepancies among different DVR
algorithms. On the other hand, a data level ap-
proach might reveal the reason as the rays not
penetrating far enough into the volume, or per-
haps the sampling step is too large and the tu-
mor was completely stepped over by the latter
method.

The key point of data level comparison is the
use of intermediate information available and/or
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that might have contributed to the resulting im-
age. It does not preclude the use of of tradi-
tional methods such as side-by-side presentations
for showing the results of the data level compar-
ison (see Figure 3.1). In addition, since the com-
parative information are usually being collected
in 3D, other methods such as those presented in
[12] may also be used.

4 BASES FOR COMPARING
DIRECT VOLUME
RENDERING ALGORITHMS

Unlike data level comparison of radiosity al-
gorithms [12], there are no geometric primitives
upon which to compare DVR data values. Fur-
thermore, because of the view-dependent nature
of DVR, and the wide variety of DVR algorithms,
it 1s necessary to first define the basis for com-
paring these algorithms. In particular, in ad-
dition to the rigorous specification of key DVR
parameters such as viewing parameters, optical
models, transfer functions, etc. recommended by
Williams and Uselton [20], we must first trans-
form DVR algorithms to a common base. For
this paper, we use ray tracing as the common
base. By this we mean that projection based al-
gorithms are transformed and represented as ray
based algorithms. Representing different DVR
algorithms using a common base allows us to de-
rive the data level comparison metrics using the
common base. It should be noted that ray trac-
ing does not exhaustively represent all existing
and future DVR algorithms — for example, 1t is
very difficult to represent Fourier volume render-
ing using ray tracing. On the other hand, we see
the process as being invertible. That is, if a pro-
jection based algorithm can be represented using
aray tracing based approach, then a ray based al-
gorithm can be represented as a projection based
approach. Therefore, it is possible to use other
comparison base aside from ray tracing. Doing
so will also result in a different set of data level
comparison metrics.

Table 4.1 shows our strategy for mapping a
subset of DVR algorithms using ray based ap-
proach. Three criteria are used to classify differ-
ent algorithms. These are: data model — whether
data is defined at voxel centers or at vertices, and
their associated interpolation or distance func-
tions; value — whether data, color, polygonal ap-
proximation values are being interpolated; and
sampling strategy — either regularly along the ray

or only at ray intersections with cell faces. Based
on this three level classification, we can identify
several DVR algorithms that can be mapped to
ray based approach. This classification is not
meant to be exhaustive but rather illustrative of
how different DVR algorithms can be viewed in
terms of their variants. Used in this manner, Ta-
ble 4.1 shows that most algorithms can be sim-
ulated by ray casting as a reference algorithm
with variations in data modeling, interpolation
and sampling pattern. Therefore the compar-
isons of algorithms can be viewed as comparisons
between these variations. The same principle can
be used for irregular data sets as well as other ref-
erence algorithm.

The data model in column (1) comes with ei-
ther an interpolation function or distance func-
tion. Tri-linear interpolation seem to be the most
popular interpolation method in most DVR im-
plementations. However, other possibilities in-
clude higher order interpolations or adaptive re-
construction [9]. We can also easily incorporate
simpler voxel modeling using nearest neighbors
or other distance functions into our general ray
tracing for comparisons.

Both data values and color values may be used
while integrating along the ray. The sampling
along the ray can be done at regular fixed step in-
tervals or only at the intersection points between
the ray and cell faces. Algorithms like shear-warp
[5] and volume texture techniques[17] use color in-
terpolation at the sample point to improve speed.
Shear-warp can be considered as a ray tracing
based DVR followed by a two dimensional image
level warping step.

Our polygonal approximation uses a simple
but general polygon intersections of cell faces of
regular and irregular volume cells. In general,
cell faces project into polygons in screen space.
Based on the observation that a ray always passes
through two faces of a cell, we simply intersect
between all possible pairs of cell faces after we
transform all cell vertices into screen space. Note
that in degenerate cases, a cell face may project
into a line in screen space. FEach ray marches
through cell by cell along the viewing direction
and intersects with one of these non-degenerate
projected polygons. The integrated color at the
intersection point can be obtained using the fol-
lowing strategy. Since each vertex of the pro-
jected polygon is the intersection of two edges of
the cell, there is a front and back point corre-
sponding to these two edges. Data at the inter-
section points along these edges are interpolated,
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Figure 3.1: Data level comparison of ray tracing with cell face intersection algorithm on
the top row and regular ray sampling on the bottom row. Left column shows images from
the two algorithms. The middle column shows colormapped images of the distance from
the eyes to a point along the ray where a certain opacity threshold (0.11) has been reached.
The right column shows the number of samples visited by the rays in each method. Red
indicates higher values, while blue shows lower values.

the color at those points evaluated, and then in-
tegrated. Gouraud shading is used to obtain the
sample color of the point intersected by the ray
and the projected polygon. For simplicity, we
limited the projection to orthographic since all
the cells can be represented by simple transla-
tions of a single cell. This allows us to pre-
compute the parameter values in terms of the
four vertices of each cell face during projection.
Then, during rendering, actual color intensities
for both front and back intersections are com-
puted in order to sample a point along the given
ray.

Projection algorithms, like coherent projection
[14, 19], usually use color interpolation for the
points within the projected polygons and data
interpolation at the vertices of the polygons.
They can be simulated with ray tracing using
the polygonal approximations of the cell as de-
scribed above. We use sampling locations as data
to be collected for our metrics. The sampling lo-

cations are assumed to be the intersection points
with the cell (or at cell faces) and we further as-
sume the sample color is interpolated with the
polygon approximations. This is consistent with
our other ray sampling algorithms that uses av-
erage color of two sample colors and the distance
between two sample points in order to calculate
the integrated colors for compositing. Therefore,
if we have n sample points along the given ray,
we have n — 1 sample colors to be composited in
all of our ray casting algorithm variations. This
choice of sampling colors is one of the variations
in volume renderings. Here, we chose the average
color between two samples so as to maintain the
consistency of data collected for our metrics.

Splatting [6] uses voxel data modeling and a
function that describes the influences of the given
voxel in terms of the distance from the voxel
location. The ray sampling patterns of splatting
algorithms can be considered irregular along the
viewing direction since the viewing ray may or
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| Data Model | Value | Sampling | DVR Algorithm |

Cell model Data regular ray casting

with cell face ray casting

Tri-linear Color regular volume texture

Interpolation cell face shear-warp
Polygon cell face coherent
Approximation projection

Voxel model | Color

with distance | Distribution irregular | splatting

function

Table 4.1: Tllustration of how different DVR algorithms can be expressed in terms of ray
tracing by changing the data model, value being interpolated, and sampling pattern.

may not pass through the influencing voxels.

Using ray tracing as the common base, wvol-
ume texture or volume slicing algorithms can be
represented as a ray tracing algorithm that uses
color interpolation and regular sampling. Like-
wise, projection algorithms can be represented
by ray tracing algorithms that samples rays at
cell face intersections and uses color interpolation
within the projected polygons of each cell.

5 DATA LEVEL COMPARISON
METRICS

In this section, we present several data level
comparison metrics that uses ray tracing as the
common base of different DVR algorithms. These
metrics reveal information about the volume data
as well as the DVR algorithms.

1. Number of samples to reach a certain color
(or opacity) value in back to front or front
to back direction. Different parts of the data
accumulate opacities at different rates. Us-
ing this metric, one can gain a better under-
standing of how many samples along each
ray contributed to the final pixel value (see
right column of Figure 3.1). Different algo-
rithms use different sampling patterns (e.g.
different step size, either regular step size
along ray or at cell face intersections only,
etc.) and thus a different number of samples
along the viewing direction. Artifacts aris-
ing from this (e.g. see Figure 2.1) can be
explained by using this metric.

2. Distance from the user’s eye and distance
from the bounding box of the data volume
(in viewing direction) to the location in the
volume data where the ray reached the given
color (or opacity) value in back to front or

We refer to these
metrics as eye distance (see middle column of
Figure 3.1) and volume distance respectively.
These metrics provide the viewer with some
idea of how far the ray penetrated the vol-
ume independent of how many samples were
used along each ray. A possible use of this
metric is to determine if rays were able to
penetrate deep enough into the volume so
that data values of interest (e.g. location of
tumors) were able to contribute to the re-
sulting image.

front to back direction.

3. Differences of above the metrics between two
different algorithms.

4. Another metric is the dot product of the

sample vector along the viewing direction
from two DVR algorithms. Larger dot prod-
ucts indicate a higher degree of similarity
between the two sample vectors. Since dif-
ferent sample values are used for each ray,
the sample values are first normalized before
the dot product is calculated. This way, dot
products are constrained to range from 0 to
1, allowing us to compare neighboring rays
and making pseudo-coloring much easier.

There are several variations possible with
dot products because (a) there may be a dif-
ferent number of samples on each ray and
(b) the samples may be distributed at dif-
ferent locations along the ray. For example,
one may take the dot product of the sam-
ple vector independent of the sample loca-
tion on the ray; only use the first N sam-
ples (where N is the smaller of the two);
find the ray with the smaller volume distance
then resample the other ray to this distance
before taking the dot product; use the ray
with the larger distance and extrapolate the
other; etc. The illustration below shows two



6. APPLICABILITY OF METRICS

more variations. The choice of which vari-
ation to use would depend on what we are
looking for in the data or between the algo-

rithms.

Sample Values

@ Origina
Ray 1 Sampling Points
’ ! | | N M Resampling
! : | | N N Points
‘ - ; K *Stop Point
Ray 2 m

variation 1

Variation 2

Figure 5.1: Two variations of dot prod-
uct metric when number of samples
and spacing along rays are different.
The first variation resamples the ray
with more samples to the ray with the
smaller volume distance. The second
variation extrapolates the ray with the
smaller volume distance and resamples
the ray with the larger volume distance.

5. Another way of measuring the similarity be-
tween two sample vectors is their statistical
correlation. This is useful for analyzing the
color intensity signals along the sample vec-
tor when comparing data versus color inter-
polation. Let I; and l5 be two normalized
sample vectors along a ray from two differ-
ent algorithms. Then the statistical correla-
tion corr between these two sample vectors

is defined by:

li, !
corr(ly,lp) = cov(ty, b)
Py Pl

where cov(ly,ls) is the covariance of the two
variables and p denotes standard deviations.

6 APPLICABILITY OF
METRICS

We illustrate the utility of some of the metrics
described in the previous section by a number of

examples.

6.1 Number of Samples

The cross hatching artifact that is obvious in
the difference image between ray casting with
regular sampling versus ray casting with cell face
intersection (see Figure 2.1) can be explained by
the data level comparison on the right column in
Figure 3.1. Figure 6.1 shows the same metric ap-
plied to the same pair of algorithm above. The
data set in this case is a 4x4x4 cube. The image
on the left clearly shows the discrete boundaries
among the regions with different number of ray
samples corresponding to the cell face intersec-
tions. This pattern leads to the cross hatching
pattern observed in ray casting with cell face in-
tersection.

Figure 6.1: Example of data level
comparison showing number of samples
along each ray. The left image is from
a ray tracing algorithm which only vis-
its cell faces, while the right image is
from sampling the ray at regular inter-
vals. Red indicates more samples; while
blue shows less samples.

Aside from showing the behavior of an algo-
rithm, the number of samples metric is also a
good means of analyzing data content. Figure6.2
shows the colormap visualizations of the num-
ber of samples for the accumulated colors in
each viewing direction to reach different target
opacities. The rendering is done using regu-
lar sampling and tri-linear interpolation of data.
It shows that our data level visualization pro-
vides an added dimension to looking at volume
data that is different from viewing in stereo, iso-
surfaces, rendering from multiple viewing points,
or adjusting transfer functions.
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(a) image

(b) @ = 0.10

(¢) a=0.15 (d) &« =10.20

Figure 6.2: Number of samples to reach the given accumulated opacity in volume rendering
of Hipip data. (a) volume rendered image using regular sampling, and using the standard
“rainbow” colormap, the number of samples when the ray accumulates up to (b) 0.10,
(¢) 0.15, (d) 0.20 opacity. Black regions indicate that rays entered and exited the volume

without reaching the target opacity level.
6.2 Distance Metrics

Distance based metrics such as the eye dis-
tance and the volume distance are useful for de-
termining whether the rays have penetrated deep
enough into the volume data or not. In Figure
6.3, columns (b) and (c) show the level of pen-
etration using the eye and volume distances re-
spectively. The range of actual values used to
colormap the data from these metrics are listed
in Table 6.1. Column (b) shows that the eye
distance is larger for farther corners and closer
for the near corner of the data volume — this is
not apparent in the volume rendered image alone.
Column (c¢) shows the distance information mea-
sured starting from the entry point into the data
volume. Regions that are black indicate that the
ray penetrated through the entire volume with-
out reaching the maximum opacity (0.11) for ray
termination.

The figures shown so far used the standard
“rainbow” colormap.
perceptual response to this colormap can give
the false impressions of linear magnitude and
undesirable false geometries and banding in the
visualizations. Column (d) of Figure 6.3 shows an
alternative method of presenting distance metric
information by treating it as a height map.

The human’s non-linear

6.3 Dot Product and Correlation

Where independent metrics like number of
samples or volume and eye distance fail to ex-
plain differences, combined metrics like statisti-
cal correlations and the dot product of ray sample
vectors provide another perspective into how the
data sets and algorithms differ.

Both images in Figure 6.4 are generated by
regular ray sampling with the same step size. The
only difference 1s that the top image uses data
interpolation while the bottom image uses color
interpolation. Note that the black area indicates
the ray passed though the entire volume without
satisfying the given stop conditions that user sets.

The first column of Figure 6.4 shows that the
blue and red blobs near the center of the image is
present in the bottom row but not the top row.
The images on the number of samples (column
(b)) show that both algorithms reached the area
of interest. The other four images in Figure 6.4
are from metrics that combine two sets into one.
The dot product of the red color components and
the correlation of the blue color components, us-
ing variation 1 of Figure 5.1, show that there
are low correlations around the area in question.
However, they also show a spot with higher sim-
ilarity in the midst of the low correlation area.
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Figure 6.3: Top row from (a) to (d) contains images and metrics visualizations of ray casting
with regular sampling and bottom row from (a) to (d) is for cell face intersection sampling.
The distance between two samples in regular sampling method is same as the lateral size of
a cell of 643 Hipip data. Each column shows (a) volume rendered image, (b) the distance
from the eye point, (c) distance from the volume’s bounding box in viewing direction when
each ray accumulates an opacity of 0.11, and (d) the volume distance rendered as a height
field. The top image of column (e) is the image of the difference between the top and bottom
of column (b) and bottom image of column (e) is the image of the difference between the

top and bottom of column (c).

(a) (b) (¢) (d) (e) top (e) bottom

Algorithm Number of | Eye point Volume Number of samples | Distance
samples distance distance difference difference

regular min : 6 min : 11423.6 | min : 5.99943

sampling max : 61 max : 11490.6 | max : 61.0005 | min : 1 min : 0

cell face min : 8 min 11423 min : 5.45037 | max : 51 max : 3.20

intersection | max 93 max : 11490.2 | max : 60.7501

sampling

Table 6.1: Minimum and maximum of metrics colormapped in Figure 6. The eye point
distance is calculated in orthographic view and thus the size of numbers are not important.
Note that the colormapping from column (b) to (d) is done in terms of each column’s
minimum and maximuim, so comparisons can be made within each column.

That is the colors are similar at that spot but dif-
ferent around the spot. This may be attributed
to the diffusing effects of color interpolation and
is reinforced by the dot product metric, using
variation 2, where most of the image is red (or
high) except around the region where the two
blobs are missing. The dot product of opacity
values using variation 2 is also lower in the area
of interest. Note that variation 2 uses extrapo-
lated sample values to make the program collect
data up to the same physical location. However,

the correlation of data using variation 2 shows
very high correlation in most of area including
the area of interest. This implies that the data
sampled are very similar but the colors are differ-
ent except at that one spot and thus the source
of the differences is most likely to be the differ-
ence in interpolation method that computed the
color intensities at the sampling points. This is
consistent with the fact that the correlation or
dot product metrics using variation 1 showed a
high spot surrounded by relatively low values.
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image 2 distances dot product correlation
from eyes of opacities of data
for image 2 (variation 2) (variation 2)

Figure 6.4: Dot products and correlation metrics used to explain the discrepancies between
image 1 and 2. The difference arose from the fact that the top row interpolated data values
while the bottom row interpolated color values — leading to different sample vectors.

7 CONCLUSIONS mapping different DVR algorithms to ray based

We presented a framework for comparing dif-
ferent DVR algorithms and illustrated this by
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approach. We then presented several new data
level comparison metrics that highlight different
aspects of the volume data and the DVR algo-
rithms. These metrics, used individually and in
combinations, provide additional information be-
yond how two different DVR images are different
— they seek to provide clues as to why the two
images may be different.

We plan to investigate other bases for com-
paring DVR algorithms aside from ray tracing
to test the generality of this comparison frame-
work. Each new basis will require and can pro-
vide new metrics for data level comparison which
we also plan to evaluate. Finally, we would
like to extend these data level comparison meth-
ods to compare volumetric data sets such as
those arising from experimental versus compu-
tational, forecasts versus observed, and nested
multi-resolution models. These data level visual-
izations provide additional probing tools for sci-
entists.
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