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Abstract with increasing number of slices can be very useful. The metric,

. . ideally, should identify beneficial or adverse effects of various ren-
Often, images or datasets have to be compared, to facilitate y fy

choices of visualization and simulation parameters respectively. dering operations on the final image and facilitate the choice of
Common comparison technigues include side-by-side viewing andParameters. In response, we propose structured spatial metrics in
juxtaposition, in order to facilitate visual verification of verisimili- ~ thiS paper. Numerical comparison metrics have been proposed
tude. In this paper, we propose quantitative techniques which elsewhere [3][15]. The proposed metrics differ from previous ones,
accentuate differences in images and datasets. The comparison idn that, they operate mainly in the spatial domain and attempt to
enabled through a collection of partial metrics which, essentially, reveal structured differences. It is the structured differences that
measure the lack of correlation between the datasets or imagesare discerned by the user during the iterative process of parameter
being compared. That is, they attempt to expose and measure theselection.

extent of the inherent structures in the difference between images  The example described above illustrates the need for metrics
or datasets. Besides yielding numerical attributes, the metrics also to guide visualization algorithms. Essentially, the images gener-

roduce images, which can visually highlight differences. Our met- . . A
Pics are simpﬁe to compute and opyeragt]e ig the spatial domain. We ated by two different visualizations are compared and contrasted.

demonstrate the effectiveness of our metrics through examples forAdditionally, differences in computed solutions need to be dis-
comparing images and datasets. cerned. For example, parallel and distributed implementation of

CR Categories and Subject Descriptors2.10 Vision and Scene  complicated physical phenomenon is a necessity, given the need
Understanding; 1.3.3 Picture/lmage Generation; 1.3.6 Methodol- for fine temporal and spatial resolutions for certain problems. A
ogy and Techniques; 1.3.7 Three-Dimensional Graphics and Real- visual presentation comparing solution differences using associ-
ism; 1.3.8 Applications; 1.4.0 General; 1.4.3 Enhancement. ated metrics and thresholds will help in steering parallel applica-
Additional Keywords: metrics, steering, rendering, correlation  tions toward more efficient decomposition strategies. Similarly,
measure. one can also seek examples from design optimization [12] to illus-
trate the need for comparison metrics.
1 INTRODUCTION The need for objective comparative techniques is also moti-
vated by the need to analyze and visualize very large quantities of
) o . . data terascale visualization Traditionally, plots of quantities are
‘One of the goals of any visualization algorithmis to produce a gisplayed at various points and compared. This simple visual com-
2D image that is typically used for a variety of purposes. The parison has performed well when the datasets are not large or beset
image is judged for suitability by visual inspection, and if not \yith uncertainty. It is very likely, that some very interesting fea-
deemed satisfactory a new image is obtained. Suitability is influ- ,res in the datasets are not compared in the case of large and per-
enced by the rigors of the underlying application and the aesthetic haps nojsy datasets. Better solutions include a side-by-side image-
leanings of the user. Seemingly appropriate parameters of the|eye| comparison or a juxtaposition or feature-based comparison of
dataset and algorithm are then altered to produce yet anotheryaiasets. Visualization techniques have helped the situation to
image. This refinement loop is often continued a few times. It gome extent. Side-by-side comparison of images rely on the visu-
would be useful to employ an image comparison metric that guides gjization algorithms to generate images which are actually com-
the refinement process. For instance, the number of slices in a vol-nared. Juxtaposition requires an exercise in feature detection and
umetric rendering algorithm [20] for unstructured grids can alter fyrther use of visualization techniques. The errors inherent in the
the final quality of the image quite easily. It is certainly the case, \jgyalization algorithms can mislead the comparative effort. In
that .an.exceptionally large number of §Iices will result in high- [16] a data-level comparison system was described. It was
quality images. However, the computational cost can be stagger-gpserved that visualization can in fact obfuscate the differences.
ing. Hence, a metric which measures the improvement in quality comparative visualization should allow for the detection and iden-

1 {nivehatter,ralu,mak}@erc.msstated! tification of the differences in an enhanced way and, if needed,

N%F Engiggzering Research Center for Computational Field Simulation allow for an objective measurement of the differences. In essence,

P.O.B 7 : ; ot .

Missisgi’;)pi State, MS 39762 comparative visualization tools should be able_ to: (@) _detect and
identify differences, (b) allow the user to quantify the differences

0-7803-5897-X/99/$10.00 Copyright 1999 IEEE easily, and (c) minimize the adverse effects of visualization tech-
nigues.

Our approach is to devise metrics that accentuate differences
between images and datasets. The emphasis is either on the com-
parison of images or the data itself. In this paper we suggest that
quantitative metrics may be devised to assist the researcher in eval-
uating the difference between solutions, and suggest some useful
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parative Visualization.

(Top) Compare-Last Images
are obtained as a result of vis
alization and then compared.
(Bottom) Compare-First: The
data is compared and then the
difference volume is then visu-
alized.
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features of such metrics. Comparissrachieved through an exer-  tion, local extremes, etc. can be calculated for each feature object.
cise in determining the lack of spatial correlation between two The features are also correlated and are compared qualitatively and
datasets or image®©ur metrics operate in the spatial domain and quantitatively (juxtaposition) and the exercise is often referred to
will complement the appraisals of side-by-side comparisons and as visionmetrics. Helman and Hesselink [4] perform a feature
juxtapositions. Note that these metrics and methods are not sug-extraction based on the critical point analysis of the vector field.
gested as a replacement for experience and intuition. The proposedhe topological structure also serves as a low-level data represen-
work can be seen as an extension of some elements of the researctation. Pagendarm and Post provide a good review of the nascent
conducted in [14] [16] and [17]. field and also describe the comparative visualization of experimen-
The methods described here can be applied to situations fromtal Schlieren images and simulated ones [14]. They also assess the
other domains including medical imaging. In Section 2, we influence of the visualization techniques on the comparative effort.
describe previous work. Later, in Section 3, we describe our met- Although significant, none of these techniques have found their
rics and in Section 4 we provide results. Finally, we summarize the way into viable tools given their computational expense and lack

paper and describe future work. of generality.
Objective Metrics - Image coding (compression) has
2 PREVIOUS WORK received much attention from researchers, in terms of characteriza-

tion of artifacts and errors. Many objective metrics have been pro-
posed to measure the differences in images. A good review of

It has often been said that images should (a) describe spatialcomputational image metrics is available in [1]. The earliest met-
relationships, (b) show the structure of data, (c) allow pattern fics: mean square error (MSE), root mean square area (RMSE),
matching approaches to problem solving, (d) get attention, and (e)and peak signal-to-noise ratio are spatial domain metrics. How-
invoke aesthetic appreciation. In many areas of visual and optical €ver, these metrics often arrive at a global measure that can some-
engineering, issues of qua“ty in images (factors (a)_(c)) have beentlmes overstate the distortion a user perceives |.n the Image [3]
paid more than adequate attention. In image synthesis and visual-This lack of correlation between the type of error in an image and
ization, factors (d) and (e) have dominated the discussion on imagethe response of the human visual system to varying types of errors
quality until lately. In this section we discuss work reported in the led researchers to begin developing image metrics. One of the first

area of comparative visualization, objective metrics and associatedefforts in the application of perceptual metrics to image synthesis
issues of errors arising from visualization. is discussed in Rushmeier [15]. After transforming and weighting

Comparative Visualization - Image-level and data-level by a HVS model, the metric computes the MSE between the two

approaches have been reported in the literature [4][14][16][17]. In images as an overall quality measure. A variety of approaches
the former approach’ images are generated from each of theusing wavelets in Var.lOUS. capacities as image metl’lCS have been
sources by a separate visualization pipeline. The pipelines can bereported [3][5]. Gaddipatti et al. employed a metric to guide the
tuned such that similar images are obtained. Image-level compari-Visualization process [3]. Both [3] and [15] employed the Contrast
sons can be especially used to validate experimental techniquesSensitivity Function (CSF) [8] to model the HVS. Williams and
Thus, optical techniques such as Schlieren photographs and physilselton provide a good set of guidelines for measuring image
cal techniques such as dye, smoke, and powder can be simulateduality in volume rendering [19]. In [16] histograms were used to
numerically with ray and particle tracing techniques and the result- allow comparison. However, the notion of the spatial origin is lost
ing images can be compared. Image level comparisons, howeverwhen histograms are used. )

rely on verisimilitude rather than data content. Data-level Researchers in medical imaging have long been concerned
approaches, on the other hand, advocate that the data be transwith the efficacy and fidelity of reconstruction algorithms. The
formed to a common representation and fed into the same pipeline.fidelity of tomographic reconstruction algorithms have been stud-
Silver and Zabusky reported an approach called visionmetrics [17]. ied through the creation of phantoms, designing figures of merits
The approach is based on detection of specific features such as vor{FOM), and providing a statistical testing of hypothesis. A later
tex tubes and shock waves, resulting in explicit representation of effort by Miyahara et al. [9] discusses the application of the Picture
feature objects. The common representation is necessary given th&Quality Scale (PQS) as a metric for the quality of JPEG-encoded

variety of grids in existence. Attributes such as size, shape, posi-images. This metric attempts to classify and quantify distortions in
images by producing a set of partial distortion measures, which
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may be combined in a non-redundant manner to produce an overallalgorithms can introduce uncertainties in the images and it is likely
quality measure. The PQS is a spatial domain model, which that final difference image is beset with errors. The errors from
attempts to measure the amount, location, and structure of the errowisualization algorithms are ill-understood and a computational
perceived by the HVS. There are five partial distortion measures, scientist will not be able to make a viable comparison. Given the
each of which quantifies a different aspect of the image error. Most advantages of both methods, it is useful for any comparative metric
of the factors, in turn, are based upon the first factor, the luminanceto be applicable in either manner. The classification of methods
coding error (essentially a per-pixel difference weighted for con- described here is not dissimilar from that described in [14]. How-
trast sensitivity). The remaining factors weigh the luminance cod- ever, both the image and data level comparisons in our pipelines
ing error by a spatial frequency response model, end of coding foster the use quantitative methods for actual comparison.
block discontinuities, errors with strong spatial correlation, and Multi-part Metric - It is rare that a single-faceted numerical
errors in the vicinity of high contrast transitions. The factors are measure can measure can capture all the subtle differences
then assigned weights and combined to yield an overall quality between two datasets and images. We would like to be able to pro-
measure. The proposed metrics are similar in spirit to the PQS.  duce a set of partial metrich);, which identify the detailed char-
Errors from Visualization - Very little work has been acter of different types of local error in the data sets. Therefore, to
expended on characterizing the error from visualization algo- obtain a versatile metric, it is useful to design multi-part metrics.
rithms. Some efforts in visualization of uncertainty have been con- This was the guiding rationale behind the PQS metric and has been
ducted [19]. Much of the effort there, went into the use of successfully applied to characterize the fidelity of image compres-
visualization as a means to display the uncertainty that arises fromsion algorithms [9].
transformations (sampling, smoothing, modeling) or rendering Gridding Techniques - The metrics should work across all
algorithms. Although laudable, it is perhaps equally important to grids and exploit the underlying interpolative nature of the given
understand how parameters of visualization influence operationsgrids. This assumption should hold trivially true when the two
and how the final quality is effected. Theoretical frameworks grids to be compared have the same topology and sampling resolu-
described in [7][10][13] are useful. However, more understanding tion. Thus, for unstructured and curvilinear grids the measures can
is accrued from efforts similar to those described in [3] and [15]. be cell-based and employ linear interpolation, if valid.
Therein, the metric is used to explore the effects of different opera- Role of Perception- Since we are interested in metrics that
tors as they change in spatial or frequency extent. In the following can be applied to compare both images and datasets, we do not
section we explain our metrics. include perceptual considerations in our metrics. However, they
can be easily incorporated for image comparisons.
Metric Properties - How do we design a difference metric?
3 COMPARATIVE METRICS First, we need a set of properties which hold over the métic
measuring the distance between two data AeasdB asM(A,B).
Comparative visualization can take different forms as shown First, M(A,A) = 0. Second M(A,B) > 0, if A andB are even
in FIGURE 1. Moreover, the metrics themselves can be either eval- slightly dissimilar. Third, M(A,B) is small if the differences
uated in the spatial or frequency domains. In this section we betweenA andB are small; likewiseM(A,B) is large if A andB
describe our metrics. We first explain the choices we make in are different. Fourth, if datasefsandB are different, andh andC
developing comparison metrics; the choices essentially explore are similarM(A,B)/M(A,C) > 1. Another property which comes to
some basic issues we think are important to the developing field of Mind as possibly desirable is symmetry; thatigA,B) = M(B,A).
comparative visualization. The first four properties are somewhat self-evident. The fifth prop-
Scalar vs. Vector Fields- Questions about the statistical erty provides a mechanism for the evaluation of the solution in
properties of vector fields are still being sought and answers are farterms of different types of differences separately. We propose par-
from satisfactory. For scalar fields, answers to some of the sametial difference metrics which satisfy the first four properties com-
questions are more sound and are amenable to further numericapletely, although they are not completely symmetric. This is not an
and computational use. We therefore restrict ourselves to scalarundesirable trait in a metric and can be used to advantage. Similar
fields. properties have been enumerated in [3] and [15].
Spatial vs. Frequency Based Metrics We are interested in
spati_al correlation (or lack of) between datasets._ The _differen_ce 3.1 proposed Comparative Metric
metric should be a measure of the lack of correlation. It is for this
reason we do not seek frequency based measures. However, fre-
quency-based and wavelet-based methods can still be profitably In this section, we present our metrics. We propose that four
employed to locate regions of high transition. For instance, the partial measures of differences be considered: (a) an overall or glo-
wavelet-based metric in [3] measures the difference in images in bal point measure, (b) a measure of the localization of differences
regions of higher transition. or a lack of correlation, (c) differences in areas of high transition or
Noise- Image quality metrics are often designed to be robust singularities and, (d) areas of low transition or smoothness. This
in the presence of noise. Experimental data is usually corrupted approach to metric design allows the user to find not only the mag-
with noise. In computed numerical datasets, noise will appear asnitude of the difference between two datasets, but also provides a
perturbations in solution values and can be introduced by changingmeans of discerning the types of difference and where those differ-
numerical characteristics of new solution algorithms or by differ- ences are located. The proposed metvg,is composed of four
ences in numerical precision between different computer architec- partial metricsMq, M5, M3 andMy.
tures. A Gaussian model of noise can be employed to characterize The importance of a particular component of the difference
the noise that arises from numerical simulations. metric will vary depending upon intended use of the simulation.
Compare First or Last? - As FIGURE 1. shows it is possible  For example, a researcher attempting to model the region around a
to conduct comparative efforts in either of two ways. The first shock very accurately, will be most interested in minimizing the
method requires that the individual volumes are visualized and the distance between a computed solution and some benchmark in
images are compared, while the second requires that a differenceareas of high transition, while differences in other areas may not be
dataset be computed which is later visualized. The first method is of great concern. We now describe each of the partial metrics.
efficient since images are compared; however, the visualization
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Global Difference M - The first element of the metrid,
is the L2 norm. This metric can broadly distinguish between, for where N is the total number of pixels or grid samples. The metric
example, two subsonic flows computed over airfoils at low angles is hormalized to de-emphasize the magnitude of errors in favor of
of attack, where the solutions are essentially similar, but air speed emphasizing their correlation. It may be useful to include the visu-
is increased in one simulation. By itself, however, it suffers from alization of the partial metric itself in assessing the difference
problems similar to those which afflict the MSE in image quality between two data sets. This may be accomplished by converting
metrics [3]. In two dimensions the partial metit; is computed the range of partial metrics intarg,b> triples to produce a corre-
as: lation image for visual inspection. These partial metric images are
very effective in conveying information about the location of dif-
= Z [AG,)) - B(i,j)]2 ferences, as will be shown in Section 4.

Differences Near Areas of High TransitionM3 - The third
partial metric,Ms, is @ measure of errors in areas of sharp transi-
whereA andB are the images or datasets being compared. tions. It is of interest as a metric since we are concerned with mea-

Lack of Spatial Correlation and Zone of Error M, - The suring the distance between datasets which may contain solution
second partial metridyl,, can be thought of as a measure of the discontinuities, and it is often the case that numerical schemes in
degree to which differences between two datasets are localized tocomputational field simulation are differentiated by their ability to
specific regions. It bears a strong resemblance to the statisticalcapture discontinuities. This measure is computed by creating an
measure of correlation between two series. Fixed size regions canactivity mask from the reference datasathere) in the horizontal
be used to determine correlations. In data analysis, one would like direction

to be able to weigh the relevance of an absolute aggregate measure ‘A(i —kh, N=A@+ kh’ J)‘
of differences, such as that foundMy, with a measure of the size Vh(i, j) = —
of the region over which these differences are spread. This partial maxA(i, )]

metric provides a means to accomplish this, yielding a measure wherek,, is the extent of the activity window. A similar computa-
between0 and1, which grows larger as the portion of the data set tion is performed in the vertical directioky{need not be the same
over which differences exist grows larger. It is computed locally ask,), and the local partial metric is defined as
and then aggregated to form the comprehensive metric; the compu-
tation proceeds as a series of steps. First, the simple difference is m3(i, i) = |d(i, j)\[Th((Vh(i, i+ TV(VV(i, iMl
computed at all sample locations:
where the functiory,() thresholds the activity mask, producing a
di, j) = A@,j)-B(,]j) binary mask which is only nonzero in locations where the activity
level is above the threshold value. Selection of this threshold value
This difference is then used to compute the following quantity will vary with both the application and the information a
researcher desires from the metric. Note thaky) differs from
mz(m, n = g\r(m, n, k )T T\() the metric may be biased in favor of features in the direction
of most interest to the researcher. Note also, that it is in the deter-
mination of the activity masks that this metric becomes asymmet-
whereTt is a parameter used to emphasize the presence of errorgic, M(A, B) # M(B, A). The asymmetry arises because areas of
while de-emphasizing their magnitude. The results in this paper high activity are first identified in the reference datagetproduc-

are reported using= 0.25. The quantity(m,n,k) is the local cor- ing a mask which is used to extract and highlight differences
relation which is computed as: betweerA andB. The third partial metric is computed as
[A;—-B4] o
r(mnk ) = —5 M3— st(l,J)
where,
= Zd(i, pd@i+k, j+1) As with the second partial metric, both the set of partial metrics
i and the activity mask can be converted to an image for post-pro-
cessing analysis, providing the researcher with more detailed
d(i, NS d(i+k j+1) information about specific regions of the data. Note that a suitable
Z ' Z ' choice of a mask allows for directional features to be detected by
Bl = *e 1 designing suitable masks. Automatic methods can also be
- employed to create the masks. We can also employ the wavelet-
The sums are computed over the region of pixels whipgaiid based techniques described in [6] to create masks. In fact the met-
(i+k,j+l) both lie in aB x 8 window centered atn(n). Computing ric in [3] can be used instead, for meivg.
correlation coefficients over the range.k] and [L..1] and then Differences in Areas of Smooth TransitionM, - The fourth

aggregating them provides a simple method by which features thatpartial metricM,4, can be computed using the logical inverse of the

persist over several distance scales can be given more weight tharthresholded activity masks computed fdg. It captures the differ-

small scale, or highly localized, features. ences in regions of small activity. This metric is computed in the
The rangek...-1] and [-...-1] is not taken into account, since  same way as the partial methitz.

it will not yield any new distance scale which has not been

included so far. In this case the window over which the correlation To reiterate, our metric has the following salient features:

is computed is symmetric; this restriction may be relaxed in situa-

tions where correlations in one dimension are more relevant thane It is spatial in nature; however, it can employ wavelet and fre-

those in another. Finally, the partial metg is computed as: quency based methods to compute partial meiigandM,. This

2(m n) allows for a versatile metric that can be applied to several datasets

= N Z max M (m, 1) from different domains.
m « It is easy to add perceptual considerations into the metric. For
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(d)
FIGURE 2. Example 1; Comparison of synthetic images with varying LOD: (a)Spheres with LOD 1 through 6 (left to right). (b)Second
partial metric images for comparison of successive images from (a). (c) Third partial metric images. (d) Fourth parirabgedtic

instance, both partial metrics dand M, can include a computa-  The images referred to in the latter, are visualizations of the
tional model of the Human Visual System since they operate in datasets that were compared.

regions of high and low transitions.

» Again, by a suitable choice of domain, the metric can be made Example 1: Response of Metrics to Data and Visualiza-
very robust to noise. For datasets from CFS noise may not betion/Rendering Parameters -In an attempt to subject the pro-
major consideration; however for datasets from medical domain, posed metrics to rigorous validation, we test their performance on
effective denoising is required. Once again, by suitable choice of synthetically generated images.

thresholds and masks one can discriminate between noise and use-  The basic test image we employ is a simple sphere, obtained
ful information. by recursive subdivision and subsequent normalization of a regular
» The resulting metric, however, will not be commutative in tetrahedron, in the center of a window200x200 pixels. The dis-
nature, especially given the use of a reference mask employed incretized tetrahedron is projected onto a 2D image using the Z-
the computation of partial metridds, andM,. However, the met- buffer algorithm. The intent of the experiment was to measure the
ric can respond suitably to differences of varying magnitudes, sat- efficacy of the metrics in capturing changes in the projected detail.
isfying the first four properties listed in Section 3.2. If effective, such metrics can be used to perhaps dictate choices
» The metric not only quantifies the differences but can also depict between models with varying level-of-detail (LOD). In order to
the spatial spread of errors. obtain various images, we changed the coarseness of the sphere or
» The metric allows for a user-driven choice of region of interest. the level-of-detail, by changing the number of times the tetrahe-
Otherwise, an automatic method based on edge-detection or wavedron was subdivided. All the other parameters which could affect

let coefficient magnitudes can be employed [6]. the rendering of the sphere - such as the material properties, the
posit_ion and type of light, etc., were constant. Ime_tges_ were
4 RESULTS obtained by varying the LOD from 1 to 6, and successive images

were compared to evaluatd;, M, M3 and M. FIGURE 2.a
shows the test images for LOD increasing from 1 to 6. We set our
We illustrate the effectiveness of the proposed metrics high activity mask such that it would pick out only a significant
through some examples. The first two deal with image compari- difference in intensity levels of neighboring pixels, for example - a
sons while the last two examples examine comparison of datasets change from white to gray. For our testimages, such changes occur
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FIGURE 3. LOD Example. Plots of normalized par-
tial metrics for successive comparisons. Each metric
value is divided by its maximum.

only at the periphery. Inside the periphery, we have only smooth
changes. Example 3: Computational Flow Simulations -PLATE 2.a
FIGURE 2.hh shows the partial metric images for compari- shows the visualization of the results of simulations of the flow
sons of successive test images from FIGURE 2.a. The first row of around a cylinder for one of the computed quantities: the scalar
images show the spread of differences and indicate that as LODdensity value of the flow. The flow enters the domain from the left,
increases, the error becomes more and more localized near the cerexiting on the right. The solutions compute the steady flow using
ter of the sphere. The images in FIGURE 2.c, show the differences both first and second order (Warming-Beam) upwind methods. A
in the areas of high transition. They describe changes near thestagnation point exists to the left of the cylinder and separation
periphery just as expected. Finally, the last row of images show points exist at either end of the cylinders. The color maps in the
differences in areas of smooth transition. It is very clear that the images use a continuous color spectrum proceeding from black
metrics relate the changes in spatial detail with the changes inthrough blue, green, yellow, and red for low through high data val-
detail of projected images. FIGURE 3. shows a graph of the nor- ues. The images were produced with the Flow Analysis Software
malized partial metric values. The behavior of the plots reflects the Toolkit (FAST) [2].
observations made above. The partial metficdoes not fall rap-

idly in numerical value; the images also show significant differ- Table 1:Normalized partial metric values
ences in the earlier triald4, on the other hand shows an increase
in the differences and falls only after the third and fourth images Comparison Mo M3 My
are compared. Lastlyl; decreases monotonically st does.

We performed similar experiments with shading parameters. 20 vs. 10 0.88 1.00 1.00
The metrics yielded results concurrent with the images obtained.

30 vs. 20 0.91 0.53 0.55

Example 2: Volume Rendering -We tested our metric on
images obtained from a slice-based volume rendering algorithm 40 vs. 30 0.91 0.42 0.39
for unstructured grids, generated from tetrahedral cells [20]. The
algorithm slices the unstructured grid parallel to the screen and 50 vs. 40 0.83 0.35 0.30
then composites the resulting triangles from each slice. The images
suffer primarily from aliasing when the number of slices is small. 60 vs. 50 0.82 0.30 0.25
However, large number of slices will result in blurring of features.
This can be seen from PLATE 1. We employ our metrics to gauge 70 vs. 60 0.94 0.24 021
the effect of a varying number of slices on thkunt fin dataset.
FIGURE 4. shows th#, partial images for comparisons between 80 vs. 70 0.93 0.19 0.18
images rendered with different number of slices. The persistent
nature of the aliasing artifacts is not only visible from all the sec- 90 vs. 80 1.00 0.19 0.17
ond partial images, but evident from Table 1 also.

Another noteworthy aspect is that the metric brings out very 100 vs. 90 0.99 018 0.16

structured differences. The errors between images emanate from The first-order method characterizes the physical phenome-
the absence or presence of features at all spatial locations. The parpon less accurately; the separation points are shown to be askew
tial images ofM; (high transition differences) do not reveal much  from the vertical axis. A side-by-side comparison yields insight to
information in this case; they only reveal differences along the 5, extent of the gross features including the stagnation point and
boundaries of the flow domain. Finallyl, (low transition differ-  the separation points. The spread and the extent of the difference
ences) registers not much change between successive partiahetween the two datasets is however, not easily discernible. Table 2
images. This example was also tested against a wavelet based mefjisp|ays the results of applying the metric to the datasets, using the
ric proposed in [3], The wavelet-based metric performed well to first order solution as the reference dataset. The second partial met-
capture transition regions. However, it fared poorly to capture ric shown in Table 2 indicates that the differences are concentrated
structured differences and did not really indicate the presence ofjn 5 reasonably small region of the solution domain. The values for
aliasing for very large number of slices. the third and fourth partial metrics show that these errors are con-
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FIGURE 4. Example 2; Comparison of volume rendered images with varying number of slices: Second partial metric jmages
for comparison of images for n=20, 30, 50 and 90 slices and n-10.

centrated almost exclusively in areas of low activity. A relatively optimize. In general, the use of surface measurables and/or inte-
small threshold value was used in developing the activity masks, sograted performance criteria are used as objective functions. With
both regions of high and low activity were identified even though visualization as a vehicle, the analytical concepts being developed
the solution does not contain any shocks. regarding field comparison open an additional avenue to the design
The partial metric images are most useful when used in con- engineer using MDO.

junction with the aggregate figures presented in Table 1. PLATE 2.b
shows the three partial metric images. The image for the second
partial metric shows that differences are concentrated in the region
surrounding the cylinder, and are highest in the flow immediately
adjacent to the cylinder. The image for the third partial metric In this paper, objective metrics for comparison were sug-
shows that the region of high activity is located to the rear of the gested, and results of their application to a variety of visualization
Cylinder, and differences in this area are small. The final partial scenarios were examined. The proposed structured mu|ti_part met-
metric image reveals that differences in regions of low activity are ric provides a set of measures which effectively describe not only
highest around the stagnation point, and coincide with differences the magnitude of differences, but also their type. In addition, the
evident in solution quality as shown in PLATE 2.a. In the case of jmages produced from the local version of each partial metric,
datasets, the quantitative numerical values can be more usefulyjelded detailed information about the distribution of each type of
However, images can still provide a wealth of information. difference throughout the solution domain in an intuitive and
engaging format. We demonstrated our methods on four examples.
These metrics can be employed to compare images and datasets

5 SUMMARY AND FUTURE WORK

Table 2:Metric values for the first and second order cylinder

solutions alike and facilitates the comparison of datasets in a variety of ways.

. Finally, the framework allows the user to also specify activity

Metric Value masks and examine in depth the regions of his or her choice.
M, 1.704 Overall, the results of this early investigation are encouraging.
However, much interesting work remains to be done in the follow-
M2 0.188 ing areas:

Ms 5112 * Generation of masks- The effectiveness of the activity masks in
isolating regions of activity, is sensitively dependent upon the
My 95.00 user's understanding of the data being investigated and his intelli-

gent choice of a threshold value. There are recent results which
suggest that this procedure can be effectively automated [6]; incor-
Example 4: Multidisciplinary Design Optimization - As a porating this approach may yield significantly better results than
final example, we investigate the potential use of this metric in the the current, simpler approach.
field of Multidisciplinary Design Optimization (MDO). The flow  « Errors of visualization: Any display technique will corrupt the
through a turbine cascade was chosen as a test case. For comparitifference image; studies are needed to understand the uncertainty
son to traditional means of computing sensitivity derivatives, first introduced.
we compute thex-component of the fluid momentum. We then « Combination of Partial Metrics : For more quantitative insights
repeat the computation using a forward perturbation (an increase)it may be necessary to combine the various partial metrics. Since,
and a backward perturbation (a decrease) of the incoming Machsome of the partial metrics measure different aspects of the same
number. A comparison is then made through the use of the partial underlying structural differences of the images being compared, a
metric My, to determine if comparative visualization can provide decorrelation effort is perhaps useful. The decorrelation effort can

researchers and design engineers with information to qualitatively be achieved through a Principal Component Analysis or a KL-
evaluate design sensitivity. In the MDO arena, a similar procedure Transform.

is used to evaluate design sensitivity derivatives and is referred to as

a finite difference approach. An additional approach utilizes the

analytic derivatives ogpt)he function in question gr?d is quite a labori- 6 ACKNOWLEDGEMENTS
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PLATE 1. Volume rendered images of the blunt fin dataset: The nhumber of slices varying as 10, 20, 40 and 80 slices from left to right.

.

PLATE 2. Example 3; Flow
around a cylinder. The density
variation is shown with a spectral
color map: (a) Density around a
right circular cylinder computed
using first (left) and second order ()
(right) upwind methods. (b) Partial
metric valuesM,, M3 and My,
respectively (left to right), on com-
paring first and second order meth-
ods.

(b)

(€Y
PLATE 3. Example 4; MDO: (a) Pebme e
X-momentum for a negative(left) e 0218424
and a positive(right) perturbation

in Mach number. (b) The finite- | - s |_0.102882
difference of the X-momentum
with respect to the Mach num-
ber(left) and theM, image(right)
for comparison of datasets corre-
sponding to images in (a).

(b)
0.112762

0.067204

0.021647




