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Abstract —Feature detection and display are the essential goals of the visualization process. Most visualization software achieves these goals
by mapping properties of sampled intensity values and their derivatives to color and opacity. In this work, we propose to explicitly study the local
frequency distribution of intensity values in broader neighborhoods centered around each voxel. We have found frequency distributions to contain
meaningful and quantitative information that is relevant for many kinds of feature queries. Our approach allows users to enter predicate-based
hypotheses about relational patterns in local distributions and render visualizations that show how neighborhoods match the predicates. Distributions
are a familiar concept to non-expert users, and we have built a simple graphical user interface for forming and testing queries interactively. The query
framework readily applies to arbitrary spatial datasets and supports queries on time variant and multi�eld data. Users can directly query for classes
of features previously inaccessible in general feature detection tools. Using several well-known datasets, we show new quantitative features that
enhance our understanding of familiar visualization results.

Index Terms —Volume visualization, volume rendering, multivariate data, features in volume data
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1 INTRODUCTION

A primary research goal of volume visualization is to develop methods
that, for a given problem, can discriminate between relevant and irrel-
evant data. By isolating features of interest, users can more quickly
make important scienti�c and medical decisions. To this end, visu-
alization and feature detection have become inseparably linked in the
task of understanding volume data. For thorough investigation, feature
detection must be customizable, interactive, and performed in terms of
the problem domain.

The visualization �eld has made a continuing effort to expand the
types of physical properties that are considered in describing features.
As a result, more classes of features can be visualized and examined.
So far, the set of properties used has grown to include intensity, shape,
curvature, orientation, size, and so on [17, 12, 13, 23, 2]. This collec-
tion of primitives allows users access to a rich set of features relevant
for many applications.

Several researchers have taken steps toward de�ning features based
on statistical information derived at each voxel. For example, Lund-
ström et al. [18] detect features by considering material frequency
within a neighborhood and Jänicke et al. [10] use a measure of lo-
cal statistical complexity to automatically �nd probabilistically unique
features. These works, discussed in greater detail later, have shownthe
power of de�ning features according to statistical data.

In this work, we incorporate the arbitrary use of statistical data
into feature querying. Our key concept is to query for features in
terms of the most general form of statistics—the probability distribu-
tion function. In particular, we incorporate dynamic, user-driven, and
statistically-based feature queries that enable interactive investigation
of volume data.

Describing features in terms of distribution functions is much more
complex than typical scalar-based methods. This complexity becomes
acute when multiple variables, and hence multiple distribution func-
tions, are studied together to understand their combined effects. To ad-
dress this challenge, we have developed a compact, expressive query
language called SeeDQ (for “See Distribution Query”). In SeeDQ,
users �lter distributions into relevant value intervals and compose a
series of boolean predicates that relate statistical properties of these
intervals. These predicate clauses de�ne the features of interest. Each
neighborhood in the volume has its statistical properties computed and
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is scored according to the degree to which the clauses are satis�ed. The
resulting query volume is rendered so that users can see how neighbor-
hoods matched.

We avoid making a binary classi�cation of matching and non-
matching neighborhoods; instead, the degree of match is computed
as a scalar-valued score. This score serves as a fuzzy metric which
can be used as input to a traditional transfer function. A second input
is the neighborhood's type of match, which indicates which predicate
clauses in a compound query were matched and which were not. Cur-
rently, SeeDQ modulates opacity using a neighborhood's score and
assigns color according to the combination of matched clauses.

Our method enables users to specify in succinct terms the statistical
frequency patterns to visualize. Patterns in the distribution correlate
with many practical features of interest, and by using the distribution
as the basis for feature identi�cation, we allow classes of features pre-
viously inaccessible to be visualized, offering a novel and quanti�able
perspective of the data.

Some examples of feature queries that are best de�ned using dis-
tributions include �nding regions in which two materials are mixed in
a certain proportion, �ltering neighborhoods that maintain some de-
gree of homogeneity between timesteps, or discovering how multiple
medical scans relate to each other. In all these cases, sample-speci�c
properties do not provide suf�cient information to adequately answer
the query, while spatial properties are sensitive to orientation changes.

Distribution queries yield descriptive visualizations that can be used
to test quantitative hypotheses, but they can also be used to enhance
our understanding of familiar features. For example, a query for the
presence of an isovalue in a neighborhood can be combined with a
query on covariance in order to learn how variables interact around an
isosurface. Alternatively, the output of a query can be used to aug-
ment existing feature detection mechanisms and create more powerful
transfer functions and segmentation algorithms.

As a test of our distribution-based feature extraction method, we
have been able to visualize previously inaccessible features that en-
hance our understandings of familiar results from several widely-used
research datasets, including the 100-timestep Shockwave, 99-timestep
Vortex, Visible Male head, and Chest datasets.

The remainder of the paper is organized as follows. Previous work
related to our research is discussed in Section 2. In Section 3, we de-
scribe our concept of local distribution, and de�ne the types of predi-
cates that are supported. In Section 4, approaches to ef�ciently com-
pute and render the resulting query volume are presented. Results and
discussion follow in Section 5.

2 RELATED WORK

Our method of multidimensional feature detection operates on the dis-
tribution of volume attributes in the neighborhood around a voxel.



Feature queries are custom-tailored by the user using �exible boolean
predicate-based criteria. This framework lends itself directly to com-
paring and visualizing multivariate data. Thus, the related work
falls into four areas: (i) high-dimensional feature extraction, (ii)
neighborhood-based visualization, (iii) query-driven visualization, (iv)
multi�eld visualization.

2.1 High-dimensional Feature Extraction

In order for features to be detected and visualized, they must �rst
be described in terms of the physical properties available. Density
and gradient strength, for example, are often suf�cient to characterize
major boundary surfaces between bodily structures of living organ-
isms [17]. Surfaces form a useful and perception-oriented class of
features, but these may communicate arti�cial boundaries that do not
necessarily exist in less-structured datasets [21].

Transfer functions have served as a primary means for interactively
performing feature detection. The limits of one-dimensional trans-
fer functions have long been known, and numerous multidimensional
techniques have been studied. Tzeng et al. [28] describe a training-
based transfer function design that uses scalar value, gradient magni-
tude, 6-neighbor values, and spatial location to discriminate between
features and non-features. Kindlmann et al. [13] consider local sur-
face curvature to classify samples. Many techniques examine deriva-
tives and their zero-crossings [14, 9] to isolate surfaces and oriented
structures.

These projects illustrate the importance of the local domain in fea-
ture extraction. However, surface- and gradient-based transfer func-
tion designs only indirectly consider a sample's neighboring voxels.
In contrast, our approach makes consideration of the surrounding re-
gion explicit and adds support for multivariate volumes. In this way,
we accommodate visualizing different classes of features that are not
necessarily surface-based.

Lundstr̈om et al. [19] use sorted histograms to perform two-
dimensional classi�cation. In their work, a traditional 1-D histogram
along a chosen dimension is displayed, but each bin is sorted and col-
ored along the frequency axis according to a second dimension. Users
can alter optical properties for selected regions on the histogram. Pos-
sible second dimensions that can be used for sorting include frequency
and variance of a value range within each voxel's local neighborhood.

Kniss et al. [15] augment volume rendering by visualizing the sta-
tistical risk of choosing a particular surface given multiple competing
segmentations. The actual process of feature de�nition is not a part
of their work. Instead, they use a sample's vector of segmentation
probabilities to alter the appearance of uncertain boundaries. Our sys-
tem allows for a form of uncertainty visualization using approximate
matching to feature classes, but we do not retain speci�c information
on samples' partial membership in each feature class.

Isosurfaces form another class of features, and the task of �nding
interesting isosurfaces can bene�t from higher-dimensional informa-
tion. For example, spectra of surface characteristics may be computed
and displayed, guiding users to scalar values that yield an isosurface
having a certain volume, surface area, or curvature [2, 22]. Tenginakai
et al. [26] present a similar idea but use neighborhoods' statistical mo-
ments to determine salient isovalues. We support the use of statistical
moments like variance and skewness in our distribution query to allow
for more general feature detection.

2.2 Neighborhood-based Visualization

Using neighborhood data directly to augment input to a function has
been discussed in several works. Laidlaw et al. [16] determine the
mixtures of materials within a single voxel by sampling the voxel nu-
merous times, forming a histogram of the results, and probabilistically
choosing which materials best comprise the distribution. Their work
aims at solving the partial volume effect and is dependent on an un-
derstanding of which materials are contained in the volume.

Image processing techniques that rely on neighborhood data have
been employed for many applications. Fang et al. [6] integrate convo-
lution and other neighborhood techniques in the rendering pipeline to
sharpen, �lter, and perform edge detection in volume data.

Lundstr̈om et al. [18] de�ne the termrange weightas the frequency
at which a material occurs within a neighborhood. They use range
weights for two applications: (a) decomposing the global histogram
into its unknown constituent materials by using the neighborhoods'
range weights to determine what intensity ranges combine in smaller
regions and (b) competitive classi�cation, in which a neighborhood's
range weights for several known tissue types are combined with do-
main knowledge to determine which tissue type occurs at a sample.
Our work is similar to this second application in our leveraging of
statistics of local value intervals to perform feature detection. A pri-
mary difference is that Lundström et al. arbitrate between features by
locating range weights within static con�dence intervals derived from
domain knowledge and combining the resulting con�dence levels. In
contrast, we provide a more general framework in which users de�ne
features by comparing range weight and other statistical primitives to
expressions of arbitrary complexity. These expressions need not be
static—they may include other statistics of the neighborhood.

2.3 Query-driven Visualization

The process of designing a transfer function can be likened to querying
a database. A subtle difference between the two is that many lookup
table-based transfer function designs ask the user to assign optical
properties to the whole dataspace, while query-based approaches al-
low the user to directly describe the values of returned records. Our
distribution-based feature detection design �ts a more query-based
model.

An example of a query-based visualization application is
VisDB [11], which displays the results of queries on large multivariate
databases according to how relevant data items are to a query. The
motivation behind this tool is that traditional queries are dependent on
precisely known keys, an assumption that precludes a more general,
approximate search. Users do not always know what they are look-
ing for, and a less strict querying process is needed with strong visual
feedback to indicate how close records are to fully meeting query pred-
icates. VisDB is not applied to volume rendering directly, but is used
to visualize the relevance of the results returned from querying of an
arbitrary database.

Doleisch et al. [5] describe a feature querying framework that lets
users make multidimensional range selections in a brushing interface.
Multiple range selections can be combined in arbitrary ways using log-
ical operations. Our method is similar, but we operate within the local
neighborhood and add the ability for users to specify probabilistic cri-
teria on the value ranges.

The Scout project [20] supports a form of scripted querying directly
on the GPU in its shader framework. Users can form boolean predi-
cates to �lter out value intervals for further processing.

2.4 Multi�eld Visualization

Many transfer functions are multidimensional in the sense that they
take scalar value plus derived attributes like gradient magnitude as in-
put. But visualizing data that is already multidimensional in the ac-
quisition stage poses a signi�cant roadblock to clear understanding.
Cai and Sakas [3] describe a taxonomy of visualization methods for
intermixing multivariate or multiple volumes. Most techniques of dis-
playing multivariate data involve combining noticeably different tex-
tures, color, and glyphs into a single visualization. Stompel et al. [25]
use non-photorealistic techniques to help users decipher multivariate
computational �uid dynamics and time-varying data. They note that
most scienti�c visualization is by de�nition non-photorealistic in that
variables like pressure, electron density, and temperature offer no pho-
tographic model.

Woodring and Shen [29] introduce a method to composite and vi-
sualize multiple volumes. To facilitate understanding of the resulting
visualization, each intermediate composition is visualized in a volume
tree. By navigating this tree, the users receive feedback at each step in
the composition and can quickly locate errors. Examining subopera-
tions in an expression is not unlike assessing individual predicates of a
compound query, and we employ similar techniques to indicate which
predicates match in our distribution-based query.
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Fig. 1. Example distributions for three differently-sized, spherical, and concentric neighborhoods centered on a voxel in timestep 99 of the Jet dataset. In (a) one
material dominates a small spatial region, 5 voxels in radius. In the slightly larger neighborhood shown in (b), a bimodal distribution reveals two prevalent materials.
In (c), the distribution loses local detail and closely matches the more uniform global histogram.

Jänicke et al. [10] use a measure called local statistical complexity
to reduce multi�eld data down to a complexity �eld in which regions
are marked according to their degree of information. The complexity
�eld is then visualized. Their method of feature detection is automatic,
with features de�ned according to the dataset but in an application-
independent manner. Drawing from a similar motivation, we support
detection of features de�ned on multiple variables. Our measure of
feature importance, however, is dynamically computed and based on
users' distribution-based feature queries.

Correlation �elds have been demonstrated as another means of ex-
ploring multi�eld volumes. Sauber et al. [24] condense a �eld's vari-
ables at each location into a measure of similarity. All combinations of
variables are examined hierarchically using a graph structure. Gosink
et al. [7] project the correlation �eld between two variables on an
isosurface, possibly de�ned on a third variable. Potentially interesting
isosurfaces are detected using distribution functions.

3 DISTRIBUTION-BASED FEATURE DETECTION WITH SEEDQ

SeeDQ is a query-based mechanism for extracting knowledge directly
from local frequency distribution data. Designed as an expressive
query language, SeeDQ is intended for exploring previously unknown
relationships in the data, particularly those that require uni�ed studies
of multiple variables. To this end, SeeDQ expands the current vocab-
ulary available for quantifying features in visualization. It can also
be used for studying the statistical behavior of many familiar kinds of
features, such as isosurfaces.

In SeeDQ, the local domain is de�ned as the neighborhood cen-
tered around each individual voxel. Users select intervals in attribute
space to �lter out value ranges of interest in each neighborhood. For
example, a user may be curious how intervals of high density, moder-
ate temperature, and low pressure compare. Neighborhoods of interest
are then described using a predicate-based query that describes fea-
tures in terms of statistical metrics of the selected intervals. The query
is evaluated by computing the statistical metrics for all neighborhoods
and determining how closely they meet the target metrics. Matching
neighborhoods are rendered according to their degree of match and
combination of matched clauses.

3.1 Local Distributions

The key structure of SeeDQ queries is the local distribution of inten-
sity values. We consider the distribution of each voxel's local neigh-
borhood and examine its statistics.

3.1.1 Neighborhoods

We de�ne a neighborhoodH around voxelv as a set of voxelsvi sur-
roundingv. H serves as a sample space, and eachvi is an elementary
event in spaceH.

The simplest and default neighborhood is the set of all voxels within
a Euclidean distanced of v. Some applications, however, may bene�t
from a sample space tailored to the features of interest. In SeeDQ,

we allow users to de�ne custom sample spaces as a collection of 3-D
coordinates relative to the origin. These coordinate masks are �attened
into a 1-dimensional array of voxel address offsets the neighborhood's
central voxel. This design allows �exible handling of spaces of all
radii, shapes, distance functions, and dimensionalities.

The shape and distance function used for a sample space are im-
portant application-dependent considerations. For example, spherical
neighborhoods align well with normally distributed phenomena, while
an ellipsoidal or even curved neighborhood may offer a more suitable
sample space for features oriented in a known direction. When voxels
are anisotropic, the neighborhood sizes may be adjusted according to
the disparity among the differently-spaced axes. The mask used for a
query can be selected at runtime in SeeDQ.

Every voxel serves as the origin of one neighborhood, and in con-
strast to the work of Lundström et al. [18], we allow neighborhoods
to overlap. We do not �t neighborhoods to voxels at volume edges,
however, where a full neighborhood cannot be formed. Partial neigh-
borhoods contain smaller numbers of voxels. These reduced sample
spaces are not easily compared to the full, internal neighborhoods and
are omitted from the query.

3.1.2 Frequency Distribution

After a neighborhood structure is de�ned, we examine every neigh-
borhoods' frequency distribution of values. When restricted to small
neighborhoods (e.g., a radius of 1) such as those used to compute gra-
dient with central differencing, distributions may not contain signi�-
cant information. Alternatively, overly large neighborhoods may mask
the regional cues that denote features. Accordingly, neighborhoods
should be sized so that their distributions contain enough voxels to
adequately evaluate the query. Figure 1 illustrates how distributions
change with size for several concentric neighborhoods.

Scalar metrics derived from the local distribution have been shown
to discriminate between features [18, 16]. Herein, we allow the user
to query directly on the distribution function, allowing for a more di-
verse set of features to be studied. The distribution offers the user a
rich description of the underlying data for �nding features. For ex-
ample, in the distribution of a medical dataset, the frequency rela-
tionship between soft tissue and bone is immediately perceived and
the relationship can be described quantitatively. Alternatively, neigh-
borhoods that are homogeneous have very concentrated unimodal dis-
tributions, while heterogeneous neighborhoods have modeless distri-
butions with high variance. A gap in a distribution indicates a hard
boundary between materials, while a skewed distribution tells us that
a value range is asymmetric about its mean. Many physical phenom-
ena can be described using distribution primitives, and relationships
between such phenomena can be described quantitatively using these
primitives. This fact forms the foundation of our feature detection
scheme.

Note that histograms, which are discretized distributions, have long
played a role in 1-dimensional and 2-dimensional transfer function de-



signs [12, 14]. Our use of distributions is different, however, in that
our system uses distributions based on neighborhoods rather than the
entire volume, and instead of using the global histogram to in�uence
the transfer function, users query for features directly on the local dis-
tributions. Also, as explained in Section 3.2, we do not convert local
frequency distributions into conventional discretized histograms, but
operate on the original data values to query a neighborhood distribu-
tion.

3.2 Predicate-Based Querying

There are two parts to a distribution query in SeeDQ: bins and pred-
icate clauses. In specifying bins, users establish intervals of interest
that are used to �lter the scalar values' distributions for each neigh-
borhood. A query is then composed by specifying a series of boolean
predicates that statistically relate features of the neighborhood's dis-
tribution intervals. For example, a query may be formulated by spec-
ifying that neighborhoods contain twice as many high density values
(e.g., bone) as low density values (e.g., soft tissue), or that pressure
in one timestep should be comparable in mean value to pressure in
another timestep.

3.2.1 Bin Speci�cation

First, the user decides what value intervals in the volume are of inter-
est for querying neighborhoods. The user restricts the domain of the
distributions to intervals that are relevant to the features of interest and
discards the rest. All standard inequalities are supported in de�ning
intervals, and intervals for different bins may overlap.

To examine and compare multivariate datasets, the user speci�es the
variable over which a bin interval spans. For each interval within each
neighborhood, we compute statistics like relative frequency, mean,
variance, standard deviation, and skewness. We also support joint
intervals that link two variables for each location in order to query
covariance.

The bin is �lled by traversing a neighborhoodH and “dropping”
each voxel in if its value falls within the interval. The result is a set of
values, as described in Equation 1. As the neighborhood's voxels are
processed, we calculate the bin's statistics in an online fashion. For
example, relative frequency, mean, and variance for an arbitrarybini
in neighborhoodH are calculated in the conventional way in Equa-
tions 2-4, with the other statistics for standard deviation, skewness,
and covariance computed according to their de�nitions.

bini = f v : v 2 Handmini � v � maxig (1)

freq(bini) =
jbini j
jHj

(2)

mean(bini) =
1

jbini j
� å

v2bini

v (3)

var(bini) =
1

jbini j
� å

v2bini

(v� mean(bini))2 (4)

The bin descriptions are formulated by the user using a tool de-
scribed in Section 4.1, which produces an XML-based query �le. We
show a clearer and equivalent textual representation of several bin de-
scriptions in Figure 2(a).

3.2.2 Clause Speci�cation

Once the intervals of interest are speci�ed, the user speci�es a com-
pound query about how the intervals should relate. This is done
through a series of boolean predicates that compare bin variables to
other quantities. An example query speci�cation is shown in Fig-
ure 2(b).

Together with the bins speci�ed in Figure 2(a), we use Fig-
ure 2(b) to illustrate how a query is evaluated. The simple predicate
freq(bin 0) > 50% matches neighborhoods where a majority of the
voxels fall in the interval speci�ed by bin 0. To require that bin 0 not
contain any voxels, the predicate becomes:freq(bin 0) == 0 .

bin 0 {
attribute 0
range 0.9 to 1.0

}
bin 1 {

attribute 1
range < 0.5

}
bin 2 {

attribute 4
range >= 0.9

}

(a) Bins

clause 0 {
freq(bin 0) > 50%
weight 50%
dropoff 0.1

}
clause 1 {

var(bin 2) < var(bin 1)
weight 25%
dropoff 10

}
clause 2 {

freq(bin 2) > 2 * freq(bin 1)
weight 25%
dropoff 10

}

(b) Clauses

Fig. 2. An example query comprised of (a) bins and (b) clauses. Here, the user
is interested in three value intervals: [0:9;1:0] for variable 0, [0;0:5) for variable
1, and [0:9;1] for variable 4. The compound query speci�cation in (b) contains
three predicates. Weight values like 50% and 25% indicate the importance
of each predicate to the overall query. The dropoff values of 0:1 and 10 are
parameters used to allow approximate matches as described in Section 3.3.

In addition to relating bin variables to constant values, users
can refer to other bin variables. For example, the predicate
var(bin 2) < var(bin 1) �nds neighborhoods that have a more
homogeneous subset of voxels in bin 2's interval than in bin 1's inter-
val by comparing variances. The bin statistics variance and standard
deviation are useful when neighborhoods contain a signi�cant number
of voxels and the dispersion of values is relevant to features of interest.
For instance, variance is high in neighborhoods containing boundaries.

Arithmetic expressions are supported in each clause to allow
more complex relationships between variables. A predicate of
freq(bin 2) > 2 * freq(bin 1) �nds neighborhoods that have
over twice as many voxels in bin 2's interval than in bin 1's interval.

The right-hand side of the inequality can be any standard algebraic
expression operating on constants and bin variables. It represents the
target value of the clause, and the inequality operator indicates how
the bin statistic on the left-hand side must relate for the neighborhood
to match. If the inequality is satis�ed, the neighborhood matches the
predicate.

3.3 Approximate Matching

Displaying more neighborhoods than just those that strictly match ev-
ery predicate often leads to more insight into the dataset. In this way,
users receives feedback even for queries that return few neighbor-
hoods. Additionally, users may be interested in neighborhoods that
match certain clauses or match the entire query to a certain degree. A
binary cutoff between matching and nonmatching neighborhoods does
not allow users to specify vaguely determined queries, and the result-
ing visualization may contain distractingly sharp edges. To facilitate
more �exible queries and improve feedback, we support two methods
of displaying approximately matching neighborhoods: fuzzy scoring
and predicate-signature classi�cation.

3.3.1 Fuzzy Scoring

To illustrate our method of fuzzy scoring, consider the Tornado
dataset [4] shown in Figure 3. Here, the user is searching for the inter-
section where the velocity magnitudes along all three axes are positive
and in high concentration. This query can easily be formulated in
terms of the frequency distribution. The rendering on the left shows
the exact location of the intersection, but by allowing fuzzy matches
to be shown with less opacity, the user also sees regions where the
query is nearly met in the right image. In this case, the three adjacent,
differently-colored areas are where only one or two of the velocity
components are in high concentration.



(a) Non-fuzzy matching (b) Fuzzy matching

bin 0 {
attribute 0
range > 0.01

}
bin 1 {

attribute 1
range > 0.01

}
bin 2 {

attribute 2
range > 0.01

}

(c) Bins

clause 0 {
count(bin 0) >= 50%
weight 33%
dropoff 0.37

}
clause 1 {

count(bin 1) >= 50%
weight 33%
dropoff 0.37

}
clause 2 {

count(bin 2) >= 70%
weight 33%
dropoff 0.37

}

(d) Query speci�cation

Fig. 3. A single query on the Tornado dataset, with fuzzy matches rendered in
(b) but not in (a). The opaque white intersection is comprised of neighborhoods
where all three velocity components are positive and in high concentration. The
three translucent regions in (b) consist of neighborhoods where only x- and z-
velocities match, then y and z, and �nally just z.

To support fuzzy matching, we evaluate each predicate's inequality
so that a value is returned indicating how far a neighborhood is from
satisfying the inequality. This value is the predicate'sdistance, or D.
When the inequality is completely satis�ed, the distance is 0. Other-
wise, we compute the distance as the absolute value of the difference
between the left- and right-hand sides of the predicate's inequality.

For instance, using the �rst predicate from Figure 2(b), if
freq(bin 0) does comprise over 50% of the neighborhood, it is as-
signed a distanceD of 0. If only 40% of the neighborhood is in bin 0,
thenD is j40%� 50%j = 0:1.

The user chooses how loosely a query can be matched by specify-
ing a dropoff parameter for each clause, as seen in Figure 2(b). The
value of the parameter indicates the distance which should be assigned
a score of 0.5. The dropoff parameter andD are then fed into an ex-
ponential decay function shown in Equation 6 to obtain the clause's
matching score.

D =
dropoff2i
ln(:5)

(5)

scorei = exp(
D2

D
) (6)

We use the scoring function in Equation 6 rather than a linear ramp
because it offers better control over scoring various degrees of non-
matching. Additionally, this function is de�ned for any possibleD,
which is in[0;¥ ), and the function has a range of[0;1]. This range is

useful since the score values can then map directly to color or opac-
ity during volume rendering. Larger dropoff parameters tolerate more
loosely matching neighborhoods. Figure 4 shows how scores are com-
puted for various dropoff values.

Both D anddropoffi are values in the same units as those returned
by the bin statistic on the left-hand side of each predicate. If the pred-
icate's statistic isfreq , then the units represent a percentage of the
neighborhood. If the statistic ismean or stdev , then the units are de-
�ned by the bin's attribute, andvar is in square units. Normalization
to a standard domain is avoided since distance is de�ned on an open-
ended interval.

As in [11], we recognize that different predicates in the query may
be of differing importance to the user. Therefore, in addition to a
dropoff parameter, each clause is assigned a weight indicating its im-
portance to the overall query, as shown in the Figure 2(b). This weight
is used to directly modulate the clause's score and can be set to any
positive or negative value. Negative weights serve as the negation op-
erator in our matching scheme, used to penalize neighborhoods that
match a clause. A weight of 0 is also legal; this indicates that no
partial scoring is permitted and that the neighborhood must perfectly
satisfy the clause. In effect, a 0-weight restricts the query to regions
where the speci�ed condition is met, i.e., the other clauses become
statements of conditional probability.

The score of the entire query is computed as the weighted sum of
the scores of all clauses, as shown in Equation 7:

score= clamp(0;1; å
i2Q

weighti � scorei ) (7)

Here,Q is the set of clauses forming the compound query.scorei
is the fuzzy matching score for clausei, de�ned by Equation 6, and
weighti is the weight for clausei.

The weighted sumscore is clamped between 0 and 1 to form
a neighborhood's �nal score. The sum must be clamped because
weights do not necessarily sum to unity, which allows users to exe-
cute different kinds of queries. For instance, a user may assign two
predicates each a weight of 100% to look for neighborhoods that meet
either predicate in a disjunctive relationship. If two predicates are each
given a 50% weight, however, then both must be met in order for the
�nal score to reach 1. This is a conjunctive query.

An alternative method of computing the neighborhood's �nal score
is to avoid clamping and normalize the scores according to the sum of
weights. However, this approach limits the types of clauses that can
be expressed. The weights would have to sum to a non-zero value, i.e.,
two clauses with weights 1 and� 1 would not be possible. Addition-
ally, disjunctive clauses would not be supported, as a neighborhood
matching one clause but not another would not receive a full score.
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Fig. 4. Several degree-of-match functions with differing dropoff parameters. The
dropoff parameter indicates which distance is assigned a score of 0.5. Thus,
a low dropoff will tolerate only closely matching neighborhoods, while a high
dropoff offers a more approximate match.



(a) Score Volume

(b) Query Volume

bin 0 {
attribute 0
range > 200

}
bin 1 {

attribute 1
range > 200

}

(c) Bins

clause 0 {
freq(bin 0) >= 80%
weight 50%
dropoff 0.83

}
clause 1 {

freq(bin 1) >= 80%
weight 50%
dropoff 0.83

}

(d) Clauses

Fig. 5. A query on a volume containing timesteps 80 and 99 of the Jet dataset.
The grayscale score volume in (a) is opaque where the query is fully met, i.e.,
both timesteps have 80% of their values in the correct interval. Elsewhere,
scores dropoff to 0. In (b), the entire query volume is additionally colored ac-
cording to its predicate signatures to indicate which clauses were matched.

Obviously, combinations of weights should be tailored according
to application needs. The �nal neighborhood score is saved with each
voxel and can be used to modulate a sample's opacity in volume ren-
dering. An example score volume can be seen in Figure 5(a).

3.3.2 Predicate-signature Classi�cation

The neighborhood score gives a succinct measure of how closely
a neighborhood matches the overall query, but it does not con-
tain enough information to determine how a compound query was
matched. To allow for more in-depth feedback, we implement a sys-
tem ofpredicate signatures. This technique is inspired by VisDB [11],
in which a user can inversely determine which predicates of a com-
pound query were matched by simply examining the results' color
values.

The predicate signature of a neighborhood is a represented com-
pactly by a bit�eld for each voxel, with each bit corresponding to ex-
actly one clause. Each clause whose inequality is fully satis�ed (i.e.,D
is 0) has its bit turned on, and all remaining bits are turned off. When
interpreted as an integer, the bit�eld has a value between 0 and 2jQj � 1,
whereQ is the set of clause predicates.

For typical queries, composed of 8 clauses or fewer, the bit�eld �ts
comfortably in a single byte per voxel. Our approach readily accom-

Fig. 6. A screenshot of our tool for quickly generating neighborhood queries.
Controls for setting neighborhood shape, creating bins, and creating clauses
appear in the left pane. A single slice of the queried volume is rendered in the
right pane. The slice is scored and rendered according to both the currently se-
lected clause (top) and the entire query (bottom) for maximum clarity of how the
query is being matched. Color indicates which combination of clauses matched
and intensity indicates score. The color mapping is described further in Sec-
tion 4.3. The query shown focuses on the interval [0;200] of the Neghip dataset
and contains two clauses, one highlighting neighborhoods of positive skewness
(blue) and the other negative (green).

modates larger bit�elds, but the predicate signature is less useful when
the number of predicates is high due to limits of human perception.

4 QUERY VOLUME RENDERING

Users generate queries using an interactive graphical interface de-
signed to give maximal feedback on changing query parameters. After
the query has been adjusted to the user's liking, a query volume is gen-
erated and rendered using a GPU volume renderer.

4.1 Generating a Query

The ability to formulate arbitrary queries on statistical information
means users can investigate any number of probabilistic hypotheses
on their data. However, users often need guidance in selecting and
iteratively re�ning query parameters, and, if neighborhood sizes are
large, actually performing the query is quite computationally expen-
sive. To guide users in setting parameters and to facilitate quick feed-
back, we have implemented an easy-to-use graphical tool for formu-
lating queries and previewing their results.

Figure 6 contains a screenshot of our query formulation tool. The
left pane contains GUI controls and histograms related to the query
parameters. Users formulate a query by: 1) selecting neighborhood
shape and size, 2) creating bins to �lter out scalar ranges, and 3) cre-
ating clauses that relate the bins' statistical metrics. The clause his-
tograms show for all neighborhoods of the volume the distribution of
the selected clause's statistical value and the distances between the
actual neighborhood values and the inequality's target value. In the
query depicted in the �gure, distributions of the skewness of intensity
range[0;200] and the distances from the target value of� 1 are shown.
Users can see how the score drops off with distance in the distance
histogram.

The right pane renders a two-dimensional slice of the query vol-
ume. Both the currently selected clause and the total query are ren-
dered. Users hover over a voxel with the mouse to see which queries
it's neighborhood satis�es and how it is scored. They can interactively
step through slices along any object-aligned axis and adjust query pa-
rameters for immediate feedback. When �nished editing, users save
the query to an XML �le, which serves as input to a separate tool that
queries the entire 3-D volume.



Fig. 7. The color lookup table interface. Each possible combination of matched
clauses is represented by a predicate signature, with the white circles centered
on the colors associated with the signatures. A circle's distance from center
indicates the opacity used for its predicate signature. The resulting colormap
texture is displayed at the bottom.

4.2 Generating Query Volume

To visualize a 3-D query volume, our search tool �rst loads the XML
query �le generated by the query formulation tool. The clause inequal-
ities are lexically analyzed and parsed using structured grammars and
code generated by the toolsflex andbison . Since the inequalities
contain neighborhood-speci�c terms that can only be evaluated after
neighborhoods' bins have been �lled, each boolean predicate is com-
piled into a post�x expression that can be evaluated quickly once its
terms are known.

Each neighborhood can be processed independently of all other
neighborhoods, so we have implemented our querying algorithm in
parallel using MPICH. For a query on a cluster usingn nodes, the in-
put volume is �rst sliced inton subvolumes of approximately equal
size. Slicing is done along the major axis for fast decomposition. To
allow nodes to access all voxels in a neighborhood, some overlap of
slices between nodes is necessary. Each node in the cluster processes
all fully-contained neighborhoods in its subvolume, and the resulting
scores and predicate �elds are gathered back to the root node. This
query volume is saved to disk for rendering.

4.3 Transfer Function

With the scores and signatures computed for each neighborhood, we
render the query volume using these values to assign color and opac-
ity. A sample's color is determined by its predicate signature, and its
shading and opacity by the scores.

Essentially, the predicate signatures form a segmented or tagged
volume. The signatures are scaled and biased so that they index into
the center of a tag's cell in a colormap texture. An example tag col-
ormap is shown in Figure 7. Effectively, this colormap translates each
possible combination of matching clauses to a different color value,
allowing the user to interpret how regions matched the overall query.

In the example colormap, there are three clauses in the overall
query, with 23 possible predicate signatures. The center white circle
represents the maximal predicate signature, where all clauses are fully
matched. The other seven circles center on colors that are made suf�-
ciently distinguishable by sampling the outer ring of the HSV hexcone
at equidistant intervals. The resulting colormap is displayed at the bot-
tom of the interface. To change colors, the user can shift or “dial” the
equidistant color set around the hexcone, or set colors manually.

In the example in Figure 7, the colormap contains a color for every
possible bit�eld value. In reality, not all colors may be used since only
a few combinations may be present in a volume.

4.4 Lighting Calculation

Using this approach, multi�eld volumes or multiple volumes are vi-
sualized by means of a query volume, in which scores and predicate
signatures are used for the �nal rendering. In the spectrum of multi-

(a) Scalar Volume (b) Query Volume

bin 0 {
attribute 0
range > 210

}

(c) Bins

clause 0 {
freq(bin 0) >= 70%
weight 100%
dropoff 0.53

}

(d) Clauses

Fig. 8. A query for large bone structures in the Chest dataset. (a) A 1-D transfer
function can only distinguish between bone and not bone. (b) Our distribution-
based query �nds large bones in the spine and shoulder. Small er bones have
lower scores and are shown with limited opacity. A spherical neighborhood of
radius 3 was used as the sample space.

�eld visualization methods [3], our approach falls under the category
of data-level intermixing.

A key issue of visualizing datasets of multiple variables is how to
de�ne the gradient at each sample to compute local illumination. Gra-
dients are unlikely to correspond across variables. Furthermore, the
composite volume has surface characteristics independent of the orig-
inal variables, and it's unlikely that any combination of gradients could
be used without introducing misleading surface cues.

We believe our query-based scoring approach leads to a convenient
solution for determining the gradient. At each sample, we compute
the central difference across neighboring scores. Scores gradateco-
herently from feature to feature, leading to well-de�ned and coherent
surfaces around the matching neighborhoods. Since scores represent a
weighted blend of the clauses of the user's query, we make gradients a
meaningful user-driven attribute for volume rendering.

4.5 Visualizing Queries

We render the query volume using a GPU-accelerated volume ren-
derer. View-aligned slices are clipped against the volume's bound-
ing box and rendered, invoking a fragment program to determine each
fragment's color using the scores and predicate signatures to index into
the color and opacity textures.

Gradients are computed directly on the graphics card using the
neighboring scores. Six additional texture lookups are required to
compute the central difference at a sample, but the extra cost incurred
by these lookups is minimal given the limited number of texture chan-
nels available.

Tagged volume rendering poses several dif�culties that we must ad-
dress. Shading without the original data is overcome by using the
scores in the query volume. By de�ning the gradient across scores in-
stead of predicate signatures, smoother shading is achieved. Addition-
ally, we must avoid linearly interpolating predicate signatures, since
the interpolation may introduce incorrect intermediate values between
segment boundaries. One solution [27] is to perform segment mem-
bership tests by performing interpolation for only one segment at a
time. This has been implemented on the GPU [8] using a multipass
scheme, with interpolation necessarily done without the aid of hard-
ware acceleration.

Our solution to interpolating predicate signatures without sacri�c-
ing hardware-accelerated �ltering requires loading the predicate sig-
nature (tag ID) volume twice, once with a nearest neighbor �lter and
once with a linear �lter. To generate smooth color boundaries, we de-



(a) Scalar Volume (b) Query

bin 0 {
attribute 0
range < 30

}
bin 1 {

attribute 0
range > 50

}

(c) Bins

clause 0 {
freq(bin 0) == 0%
weight 10%
dropoff 1.18

}
clause 1 {

var(bin 1) > 1000
weight 90%
dropoff 5.27

}

(d) Clauses

Fig. 9. (a) Entropy �eld for a timestep of the TSI supernova simu lation, rendered
using a 1-D transfer function. (b) A query on the same timestep for heteroge-
neous regions with and without zero-valued background voxels. Blue and white
regions have high variance, transparent red has a somewhat high variance, and
blue and transparent red contain some amount of background.

termine the predicate signature for each sample at subvoxel precision
by examining three predicate signature values: the nearest neighbor
tn, the linearly interpolated valuetl , and the nearest neighbortg at the
next voxel along the gradient. We select the sample's predicate sig-
naturet as the closer oftn andtg to the sample's interpolatedtl , as in
Equation 8.

t =

(
tn if jtl � tnj < jtl � tgj
tg otherwise

(8)

Essentially, the linearly interpolated tag is used to determine
whether the sample is closer tag-wise to the adjacent segment than the
nearest segment. In homogeneous regions,t = tl = tg = tn, so the tag
is constant. We've found this method to greatly reduce the harsh edges
of nearest neighbor interpolation without adding much complexity.

The interpolated predicate signature is used to index into a col-
ormap like the one shown in Figure 7. Each predicate signature is
automatically assigned a distinct color, which can be modi�ed inter-
actively. Gradients and opacity are de�ned from the score. Users can
further modulate opacity based on the predicate signature, allowing
for entire segments to be toggled on and off. Given the color, opacity,
and gradient, the fragment's output color is computed.

Typically, the blending of transparent surfaces creates colors that
map ambiguously back to their data sources. In practice, however, we
have found that few enough clauses are used in SeeDQ queries that the
predicate signature colors are suf�ciently low in number to prevent any
ambiguity.

5 RESULTS AND DISCUSSION

We tested our method using a variety of medical and scienti�c datasets.
The datasets used for the example queries are described in Table 1.
For all queries shown in this work (excluding the temporarily-de�ned
neighborhood in Section 5.4, we use spherical neighborhoods with a
radius of 2 or 3 voxels.

(a) Scalar Volume (b) Query Volume

bin 0 {
attribute 0
range 0 to 39

}
bin 1 {

attribute 0
range 40 to 255

}

(c) Bins

clause 0 {
freq(bin 1) > freq(bin 0)
weight 100%
dropoff 0.37

}

(d) Clauses

Fig. 10. (a) Traditional volume rendering of a noisy nerve dataset. (b) A distribu-
tion query for neighborhoods containing more non-zero voxels than background.
SeeDQ allows users to perform custom �ltering using neighbo rhood distribution
criteria.

Resolution
Dataset Modality Variables Spatial Time
TSI Simulation 5 432� 432� 432 300
Jet Simulation 1 256� 256� 256 100
Tornado Simulation 3 256� 256� 256 1
Head CT 1 128� 256� 256 1
Nerve Confocal

Microscopy
1 512� 512� 76 1

Combustion Simulation 5 480� 720� 120 122
Chest CT 1 384� 384� 240 1
Vortex Simulation 1 128� 128� 128 99
Climate Simulation 71 256� 128 1200

Table 1. Details of datasets used in �gures.

5.1 Univariate Queries

In comparison to traditional feature detection using scalar values and
1-D transfer functions, our distribution query method can perform
many similar tasks. In fact, SeeDQ can be considered a generaliza-
tion of traditional preinterpolative 1-D transfer functions. To map a
traditional transfer function to a SeeDQ query, we de�ne a bin for
each scalar value and add a clause that matches neighborhoods where
the scalar value's frequency is non-zero. The predicate signature col-
ormap is set so that the predicate signatures corresponding to each bin
map to the color and opacity of the associated scalar value. Finally,
we run the query using a neighborhood containing only one voxel.

Queries in SeeDQ also allow users to pick out scalar-based fea-
tures that traditional transfer functions cannot. For example, Figure 8
shows where dense bone structures occur in the Chest dataset. Using a
1-D transfer function, as in (a), small and thin bones cannot be distin-
guished from thicker bones since both have the same scalar value. Our
distribution-based method, on the other hand, easily pulls out neigh-
borhoods that contain a larger percentage of bone values. In (b), the
fully matching neighborhoods are an opaque yellow, and the partial
matches (i.e., the thinner bones) are rendered with limited opacity in
cyan. A spherical neighborhood of radius 3 (123 voxels) was used as
the sample space.



(a) Scalar Volume (b) Query

bin 0 {
attribute 0
range 0 to 24

}
bin 1 {

attribute 0
range > 100

}

(c) Bins

clause 0 {
freq(bin 1) > 1%
weight 0%

}
clause 1 {

freq(bin 0) > 20%
weight 100%
dropoff 0.12

}

(d) Clauses

Fig. 11. (a) Volume rendering of the Visible Male dataset using a 2-D trans-
fer function. (b) A query for neighborhoods that must contain bone and some
amount of air. Those with a lot of air, like the sinuses and ear canal, are rendered
in magenta. Those with less air are rendered mostly transparent for context. A
weight of 0% forces the associated clause to be met for any non-zero score to
be assigned.

Alternatively, queries may consider the dispersion of values in
neighborhoods. For instance, queries can examine a bin's variance
metric to �nd regions of certain homogeneity. Figure 9 shows a query
for extremely heterogeneous regions, as shown in white and blue in
(b). Since the interface between the supernova and the zero-valued
background surrounding it also has a high variance that normally oc-
cludes internal structures, we use a compound query to distinguish
neighborhoods that do not contain background voxels. The result-
ing predicate signatures allow us to further discriminate the partially
matched neighborhoods so that we can map the occluding surface to a
minimal opacity for context.

SeeDQ queries enable users to perform custom �ltering on volume
data. Figure 10 shows one such �lter on a nerve dataset containing
a great deal of noise. The query targets neighborhoods that contain
more foreground voxels than background. This is not unlike an erode
operation in image processing, which could be used to locate weak
structures. This query demonstrates a bin-to-bin comparison, allowing
the target criteria to be de�ned in terms of the particular neighborhood
being scored.

We've additionally found it useful to support predicates that must be
mandatorily matched. Figure 11 shows an example of this, restricting
querying to neighborhoods that contain at least 1% bone by specifying
a weight of 0%. Another predicate is used to �nd neighborhoods that
contain at least 20% air. In combination, the query �nds bone in close
proximity to air, revealing the sinuses and ear canals.

5.2 Multivariate Queries

Distribution queries easily extend to �nd features of arbitrary dimen-
sion. Any number of physical properties or timesteps can be consid-
ered by simply creating a bin to track the desired attribute for each
neighborhood.

Figure 5 shows a query on two timesteps of the Jet dataset. Here,
the user is interested in all scalar values greater than 200 and creates
two bins, with bin 0 holding values from timestep 80 and bin 1 from
timestep 99. The query states that for a full match, both bins must
hold at least 80% of the neighborhood. In (a), the score volume is

(a) Timestep 1 (b) Timestep 10

(c) Query Volume

bin 0 {
attribute 0
range 0 to 13
attribute 1
range 0 to 13

}

(d) Bins

clause 0 {
covar(bin 0) > 0.3
weight 100%
dropoff 0.12

}
clause 1 {

covar(bin 0) < -0.3
weight 100%
dropoff 0.12

}

(e) Clauses

Fig. 12. (a) and (b) Timesteps 1 and 10, respectively, of the Vortex dataset,
rendered with a 1-D transfer function. (c) A query on a volume containing the
two timesteps in (a) and (b). Here, the query is disjunctive, requesting neigh-
borhoods with either positive or negative covariance between the two timesteps.
Orange indicates that the two timesteps have a direct correlation, while purple
indicates that they are indirectly correlated.

rendered using the score as a scalar value. Only along the central core
of the shockwave do the scores reach 1.0. Outside of this core, the
scores drop to 0 as neighborhoods contain fewer voxels having values
greater than 200. In (b), we see how the two timesteps intertwine by
coloring according to the predicate signatures. Cyan indicates that
only timestep 80 was fully matched, magenta indicates timestep 99,
and yellow indicates neither was fully matched. (The core where both
timesteps match is occluded.) This type of query gives an indication
of how much and where two timesteps overlap.

An example of using covariance to compare two timesteps of the
Vortex dataset is shown in Figure 12. Here, one predicate queries for
neighborhoods where the two timesteps are positively correlated (or-
ange), while another queries for a negative correlation (purple). Two
interesting structures appear in the rendered volume where a region of
positive correlation envelops a region of negative correlation.



5.3 Case Study: Combustion Dataset

Even if a feature like an isosurface is familiar to users, one might still
have questions regarding how the feature interacts with other variables.
Distribution queries can be used to enhance the feature by incorporat-
ing further clauses. Here, we show a relevant scienti�c example from
a study of combustion.

Figure 13 shows several renderings of the Combustion dataset from
the Visualization 2008 Meet the Scientists panel. Combustion sci-
entists are curious how regions of �ame extinction behave through
time [1]. It is already known that �ame extinction occurs in locations
where the following criteria are observed: (a) a stochiometric mixture
rate of 0:42, indicating the presence of �ame, and (b) low oxygen con-
tent. However, how quickly these regions change in size and how they
reignite in relation to other variables is not fully understood. To verify
hypotheses made by combustion scientists, we apply SeeDQ in order
to see how vorticity, the measure of rotational �ow, varies with the
amount of available oxygen through time. Four sample queries relat-
ing these values with different inequalities are shown in (c) through
(e). The clauses used to generate these queries score neighborhoods
according to how much of the correct mixture fraction and OH lev-
els they contain and how mean vorticity and OH levels relate between
timesteps 121 and 122, the �nal timesteps of the simulation. Neigh-
borhoods surrounding the dissipating �ame and having vorticity and
oxygen increase or decrease in mean value in a certain combination
are shown in gold, with partially matching neighborhoods rendered in
green. In this way, scientists can use frequency queries to posit mean-
ingful relationships between variables through time.

5.4 Case Study: Climate Dataset

We have also applied neighborhood distribution queries to a clima-
tology simulation. The dataset consists of 71 variables measured as
monthly averages for every month in years 2000 through 2099. Vari-
ables are measured across a discrete sampling of the Earth's surface
with a grid resolution of 256� 128. The simulation uses a land-only
model; variables at not measured for bodies of water.

Our collaborators are curious how temperature and precipitation
change through time across the Earth's surface. In this case, the neigh-
borhood is de�ned to be temporal and not spatial, so the distributions
we examine are comprised of data values for a single latitude and lon-
gitude coordinate through time.

Since the climatologists are curious about changes in two variables,
we create four bins for our query: one for precipitation in 2000-2009,
one for surface temperature in 2000-2009, one for precipitation in
2090-2099, and one for surface temperature in 2090-2099.

To determine how temperature and precipitation relate, we formu-
late clauses to query for each possible change to the variables. Mean
temperature may go up by some amount from the beginning of the
century to the end, or it may go up by some smaller amount. (In this
simulation, in no locations does mean temperature go down.) Mean
precipitation may go up, stay the same, or go down.

Figure 14 shows the result of applying this query to the IPCC cli-
mate dataset. Our collaborators have veri�ed the consistency of this
result with their expectations. Extreme latitudes see more signi�cant
temperature increases, and relative precipitation levels generally are
exaggerated—dry locations become drier and wet locations become
wetter—as time progresses.

5.5 Timing Results

To distribute the computational burden of evaluating an arbitrary query
on neighborhoods centered on all of a volume's voxels, SeeDQ oper-
ates in parallel on subvolumes of the original dataset. We tested our
tools on a 16-node Linux cluster, equipped with dual-core 3.2 GHz
Intel Xeon processors with 4 GB RAM. Given the natural parallelism
of our approach, performance in our MPICH implementation scales
linearly with the number of processors for a query containing three
predicates and three bins, as seen in Table 2.

Processing times are not interactive due to the high computational
demand, which is proportional to the neighborhood size, the number
of bins and clauses, and the number of full neighborhoods contained in

(a) OH (b) Mixture Fraction

(c) Vorticity " , OH " (d) Vorticity #, OH #

(e) Vorticity #, OH " (f) Vorticity " , OH #

Fig. 13. (a) Traditional volume rendering of low OH content from timestep 122
of a combustion simulation. A rainbox colormap is used, with value 7� 10� 4 col-
ored blue-green. (b) Traditional volume rendering of mixing rate less than 0.42.
Value 0.42 maps to green. (c)-(e) Several queries on vorticity and oxygen con-
tent through time around locations of �ame dissipation. Flam e dissipates where
OH < 7� 10� 4 and the mixture fraction equals 0:42. Neighborhoods contain-
ing these isoranges and having mean vorticity and oxygen content increase or
decrease in a certain way through time are shown in gold. For instance, (c) is
a query for areas of dissipation where vorticity and oxygen are both increasing
in value from timestep 121. Neighborhoods not completely meeting the dissi-
pation ranges or not satisfying the vorticity-oxygen clauses are shown in green.
(d) Vorticity and OH both decreasing. (e) Vorticity decreasing, OH increasing.
(f) Vorticity increasing, OH decreasing.

the volume. For this reason, we recommend that queries �rst be built
using the query formulation tool, which operates at interactive speeds
on a single preview slice of the volume. After testing and tweaking,
the parallel 3-D query tool should be used to produce full volume ren-
derings.

A considerable amount of overhead is introduced by optimizations,
but the bene�ts are quickly seen as processing times grow by a much
smaller factor than do the neighborhood sizes. Given that small neigh-
borhoods have less statistical signi�cance, we favor performance for
larger neighborhood sizes.

The GPU-based volume renderer was built using the OpenGL Shad-
ing Language (GLSL) and operates much like traditional hardware-



Mean Query Time Per CPU (seconds)
Neighborhood Size 1 Node 2 Nodes 4 Nodes 16 Nodes

Radius Number of Voxels Time Time Speedup Time Speedup Time Speedup
1 7 15.70 6.06 2.6x 3.41 4.6x 0.92 17.1x
2 33 19.98 9.86 2.0x 4.29 4.6x 1.28 15.6x
3 123 33.08 12.18 2.7x 7.16 4.6x 2.04 16.2x
4 257 52.08 26.18 2.0x 13.30 3.9x 3.24 16.1x

Table 2. Average processing time per node for a three-bin, three-predicate query on the 2563 Tornado dataset for spherical neighborhoods of increasing size and
voxel count. In this example, the number of voxels in each neighborhood is a count of all voxels within a Euclidean distance of the radius value.

Fig. 14. A query on the interrelation between precipitation and temperature
through time on a climate simulation. The color legend indicates how the means
of the two variables move in tandem from the �rst decade of the millenium to the
last decade. Clauses query for locations where temperature increases by more
or less than 4 degrees Celsius and where the amount of precipitation increases,
decreases, or holds constant.

accelerated slice-based volume renderers. Framerates on an NVIDIA
GeForce 8800GT are approximately 25 fps for a 2563 volume, 512
by 512-pixel viewport, and a sampling rate of 1 sample per voxel.
The added complexity of interpolating predicate signatures at subvoxel
precision is minor compared to a multipass solution to this problem,
incurring a cost of 5.5 ms per frame compared to a reference volume
renderer.

6 CONCLUSION

Local frequency distributions offer users a new handle on gaining in-
sight from volumetric datasets. By querying for features in distribu-
tion space with SeeDQ, we can see new results that agree with and
enhance traditional feature detection methods based on scalars and
gradients, in addition to locating a whole new class of features that
were not previously accessible to or easily speci�ed by the user. Fur-
thermore, features may be de�ned across any number of variables or
timesteps. The resulting query volume can be rendered for real-time
feature analysis. Features can be quantitatively described in two ways
from the generated imagery: 1) by associating color and the corre-
sponding set of matched clauses, users can describe what combination
of criteria a neighborhood meets; and 2) by using the preview tool to
examine exactly how and to what extent a location matches both in-
dividual clauses and the entire query. Such meaningful interpretation
and feedback is essential to the process of investigating our data.

For future work, we are interested in supporting more distribu-
tion primitives for detecting other kinds of features. We also want

to investigate building into our query formulation tool mechanisms so
that users can better investigate neighborhood distributions and how
they correlate to features. Distributions are generally observed on a
volume-wide scale, and the patterns seen in smaller regions may not
be widely known. The creation of custom neighborhood shapes and
selection of neighborhood size could be enhanced by allowing users
to select a prototype neighborhood containing a known feature. Ad-
ditionally, it would be interesting to adjust neighborhood shapes and
sizes according to their context. This �exibility would accommodate
features that vary in size. Finally, we believe a GPU-implementation
of SeeDQ would realize signi�cant reductions in computation time.
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