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ABSTRACT

Visualizing stream surfaces in three-dimensional flow fields is a popular flow visualization method for its ability to depict
flow structures with better depth cues compared to simply rendering a large number of streamlines. Computing stream
surfaces accurately, however, is non-trivial since the result can be sensitive to multiple factors such as the accuracy of
numerical integration, placement of sampling seeds, and tessellation of sample points to generate high quality polygonal
meshes. To date, there exist multiple stream surface generation algorithms but verification and evaluation of the quality of
the stream surfaces remain an open area of research. In this paper we address this issue, propose different stream surface
evaluation metrics and study different aspects of stream surface generation process like choice of algorithms, seeding curve
placement, initial seeding curve density, choice of algorithm parameters with four verification metrics to reach meaningful
conclusions.
Keywords: Stream Surfaces, Error Quantification, Error Metrics

1. INTRODUCTION
Streamlines and stream surfaces are extensively used for visualization of flow fields. A streamline is traced out from a given
seed point and integrated over the flow field so that it is everywhere tangent to the flow field. Streamlines are intuitive,
simple to calculate, and they reveal the flow characteristics quite well. Stream surfaces are extensions of streamlines, where
the normal direction of any point on the stream surface is perpendicular to the underlying flow field. As they provide better
3D depth cues, these surfaces can be more powerful in revealing flow features, although they are more prone to issues like
occlusion. Compared to the computation of streamlines, generation of stream surfaces is less straightforward and is more
susceptible to discretization errors. To date, there exist several algorithms designed to address various issues to improve
the quality of stream surfaces. While the relative difficulty in construction of stream surfaces has led researchers to look for
algorithms1, 2 which are less complex, generating a high quality surface has remained the basic requirement of any stream
surface generation algorithm.
Showing error and uncertainty in the visualizations have become a very common practice as it can guide the user
towards a better understanding of the dataset. Although stream surface is a popular visualization tool among scientists, a
thorough discussion of the stream surface errors is mostly lacking and the need of this sort of works is ubiquitous. Figure
1(a)-(e) can be used as one of the motivations for coming up with the error metrics for stream surfaces. Ignoring the color
mapping on the surfaces, if the user only looks at the stream surface as shown in Figure 1(a) and Figure 1(c), the user
may not know that this stream surface has large erroneous regions and the topology of the surface is not correct. In this
example, Figure 1(c) shows the erroneous regions and Figure 1(e) shows the correct topology for the surface. Using the
metrics proposed in this work, we try to quantify the geometric errors present in the stream surfaces.
Experiments with stream surfaces involve exploration of a parameter space which has many dimensions. There are
many algorithms available at this moment and choosing one of them is just one of the dimensions. Then, choosing where
to place the initial seeding curve is another very important aspect as the experimental results show that, depending on
where the stream surface is seeded, different algorithms behave differently. The next decision problem is the seeding curve
sampling density which affects the final output from different algorithms in a different way. After these three steps, the user
needs to decide the parameters used by the stream surface algorithms for finally generating the surface. In this exploration
process, the need for stream surface quality metrics is self-evident although this kind of work is mostly lacking up to
this point. In this paper, we put forward four different methods to evaluate the stream surfaces quantitatively. With the
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Figure 1. (a) Sampled local error visualization for a stream surface. (b) Color map shows the average angle deviation (in degrees) for
the surface patches. (c) Sampled global error visualization for the same stream surface. This metric reveals the erroneous regions not
shown by the local error metric. (d) Color map shows the percentage of the sample points which miss the seeding curve by more than a
threshold value when traced back. (e) Streamline simulation of the stream surface with the same seeding curve as (a) and (c).

metrics, we explore the different dimensions attached to the stream surface generation process with three popular stream
surface generation algorithms.With the proposed error metrics, if one is attempting to come up with a new stream surface
generation algorithm, it also becomes much easier to verify the behavior of the new algorithm and refine the algorithm
accordingly. To the best of our knowledge, this is one of the very few papers that discuss stream surface verification with
error quantification and visualization.
The rest of the paper is divided as follows: in Section 2 we review the related works, in Section 3 we discuss about the
basics of stream surfaces, in Section 4 we propose four stream surface verification techniques, in Section 5 we discuss the
results in light of our verification methods, and in Section 6, we give the conclusion and future work.

2. RELATED WORKS
In this section, we provide a brief review about the areas of research which are directly related to the topic of this paper:
the stream surface construction methods, seeding curve placement strategies for stream surfaces, and the analysis and
visualization of uncertainty and error in flow field data.
A very well known algorithm on stream surface computation was given by Hultquist.3 The algorithm performs a
triangulation of the neighboring streamlines which are originating from the seeding curve. Depending on the divergence
or convergence of these neighboring streamlines, a seed is inserted or removed. Garth et al.4 proposed an improvement on
this algorithm where the surface enters complex areas of flow by using a higher order integration method, parameterization
of the arc length, and inserting seeds by detecting high curvature in the neighboring ribbons. Van Wijk5 proposed an
implicit stream surface computation algorithm using the isosurface of stream function. An improved implicit stream
surface algorithm was provided by Stöter et al.6 where the authors used flow maps to compute implicit stream surfaces for
arbitrarily defined seeding curves. Scheuermann et al.7 presented a method which constructs stream surfaces for tetrahedral
grids by propagating the surfaces through the grids. Schafhitzel et al.1 and McLoughlin et al.2 proposed ways to construct
stream surfaces using less complex data structures. Schneider et al.8 have proposed the use of bicubic patches to produce
smoother curves of fourth order precision to increase the precision of stream surfaces. To convey the properties of the
vector field in stream surface visualization, Laramee et al.9 have provided a hybrid visualization method that uses texture
advection on the stream surfaces. In a recent work, Schulze et al.10 have proposed a stream surface generation scheme by
forcing the front line of the surface to be perpendicular to the flow by minimization of an error function and thus producing
well-shaped mesh elements in turbulent flow regions. In a recent survey by Edmunds et al.,11 the surface-based flow
visualization methods are discussed with their applicability and relative strengths and drawbacks.
Despite being an important part of the stream surface generation algorithms, the error and uncertainty quantification
metrics for stream surfaces are mostly missing. Garth et al.12 have taken initiative to verify the accuracy of the generated
stream surfaces where they have deployed a collection of streamlines as the ground truth. Schneider et al.13 have proposed
a way to calculate a stream surface more accurately when it approaches a critical point. For uncertainty and error analysis
in flow fields, Pang et al.14 have given a detailed description of the sources of errors and presented several uncertainty based
flow visualization techniques. In a recent paper by Pöthkow et al.,15 a comprehensive list of references about uncertainty
and error visualization is provided, along with discussions of positional uncertainty for isosurfaces.

3. STREAM SURFACE AND ERROR ESTIMATION
Stream surfaces are surfaces where all points are always tangential to the flow field. This is formally described3 as a two
dimensional parametric surface which is embedded in three dimensional flow. This parameterization can be done along
parameters s and t. Using the parameter s ∈ [0,1], we can parameterize the streamlines according to their seed locations.
The second parameterization is done for time t ∈ [t0 , tmax ] along every streamline. A constant s curve is a streamline and
a constant t curve is a timeline. A stream surface basically consists of an infinite number of streamlines which are seeded
from the seeding curves. When calculating stream surfaces, we assume that the flow field is time-invariant. If the flow field
is time-varying, the surface is called a path surface, which is a natural extension of a stream surface.
There exist several stream surface generation algorithms, and we select the following three algorithms as the representative ones to study: Hultquist’s method,3 Garth et al.’s method4 and McLoughlin et al.’s method.2 Hultquist’s algorithm is
one of the earliest stream surface algorithms and most other stream surface algorithms are based on it. Garth’s algorithm is
generally regarded as the best stream surface algorithm for handling high curvature flows. McLoughlin’s method generates
quads instead of triangles, and is relatively easy to implement.
When streamlines are constructed, the main source of uncertainty comes from the error incurred in the numerical
integration step. Depending on the integration scheme in use, we can have a theoretical bound on the error. Since a stream
surface is ideally thought of as a collection of streamlines, this integration error is present also in stream surfaces. The other
important factor is the sampling decision. Generally, stream surface algorithms start computing streamlines from points
on the seeding curve. This seeding curve sampling density is normally not enough, so the algorithms insert new seeds
as the surface is being constructed. As described in the three algorithms above, the insertion of new seeds is performed
based on heuristics. Since there is no guarantee that these new seeds are actually originating from the seeding curve, there
are chances of more error being introduced in the surface. We call this phenomenon the uncertainty due to insufficient
sampling of the seeding curve. Here we assume that the use of high order Runge-Kutta methods makes the integration
error quite small. We are primarily concerned with capturing the error due to insufficient sampling of the seeding curve
and its effect over the generated stream surface. The metrics to quantify error are lacking, although the need for this is
self-evident.

4. VERIFICATION METHODS FOR STREAM SURFACES
4.1 Sampled Local Error Method
Most of the existing stream surface generation techniques produce a triangle/quad mesh as the output, which is then used for
rendering. From the stream surface definition, all the points in a given surface patch should be tangential to the underlying
flow, or in other words, the surface normal of that given patch should be perpendicular to the flow direction. This gives a
way of calculating the error in a stream surface patch. The idea is to sample the given stream surface patch, find N sample
points randomly distributed over the region, and then for each point, evaluate the dot product of the unit surface normal and
the unit flow vector. Since for a perfectly error free region, the values should be all zeros, we can look at the distribution
of the dot product values to determine the quality of the patch. We call this error estimation technique “local” as this error
metric only measures the quality of the given surface patch in that region of flow. If the stream surface has deviated from
the ideal location starting from the seeding curve, this method may not detect that error.
For algorithms which generate triangular meshes, finding the surface normal is relatively straightforward. On the other
hand, the quads generated by stream surface algorithms, are not guaranteed to be coplanar, e.g. in case of a complex flow
region, McLoughlin et al.’s method produces quads whose four vertices are not necessarily in the same plane. If four
points of a quad are not coplanar, then an equation of the plane, which describes the quad, cannot be found and hence
generating samples on the quad would be less straightforward. For this work, each sample point within the quad was found
by using two random numbers which were used for bilinear interpolation between four vertices. To get the normal at the
sample point, we first calculate the vertex normal per quad vertex, and then apply bilinear interpolation to calculate the
normal at this sample point from the vertex normals. The same two random numbers were also used here for bilinear
interpolation. Then the dot product can be computed. A local error visualization is shown in the Figure 1(a)-(b). Here
the error is measured as the average angle deviation of the surface patches and is color mapped. For any algorithm that
produces triangular or quad mesh, this method can be used to visualize the local error.

4.2 Sampled Global Error Method
The previous method suffers from the drawback that if the stream surface has drifted off from the ideal stream surface, the
local metric will not detect it as it only checks whether the surface patch is correct with respect to the local flow. A global
error check enforces that the surface patch is locally correct and it originates from the given seeding curve. Our global
error calculation method finds sample points on a patch of the surface, and backtraces them to find out how many of these
samples go back to the seeding curve. If the sample point of the generated surface results in a streamline connecting it to
the seeding curve, then it can be assumed that the sample point is of good quality. If we assume that the integration error
in the streamline computation is small, then this method yields a good verification result.
The process of finding the sample points on the mesh remains the same as the method described above. While sampling
the quads/triangles, the number of forward integrations done up to that point, T , is known. For integration step size
S, initially the sample points are backtraced T − 1 steps and then it is backtraced M times with step size S/M and the
minimum distance obtained at any step, is stored. M is set to 20 when S takes the value 1.0 voxel size. These minimum
distance values from sample points are gathered to get a distribution and the mean and standard deviation of this distribution
of values should be close to 0 for a good quality surface. For quads, this backtracing can be sped up by using the (s,t)
parameterization associated with each sample point where the parameterization can be used to predict the integration step
size within the quad. Figure 1(c)-(d) shows a global error study for the stream surface shown in Figure 1(a)-(b). It is
observed that, in the particular case shown in Figure 1(a)-(d), the local metric was not able to capture the erroneous regions
of the surface but the global metric successfully highlighted the error.

4.3 Densely Seeded Streamlines Method
Conceptually, a stream surface can be thought of as a collection of stream lines which are seeded infinitely densely from
the original seeding curve. But practically it is impossible to sample the seeding curve infinitely densely. We simulate this
by putting the seeds very densely on the seeding curve. Without considering numerical integration error, this collection of
streamlines should be close to the ideal stream surface. Figure 1(e) shows a streamline simulation of the stream surface
whose initial seeding curve is placed at the same region as the ones shown in Figure 1(a) and 1(c). It is evident that it shows
the region that the stream surface should be passing through compared to the previously generated stream surface which
had erroneous regions. This method is similar to the work of Garth et al.12 with an important difference. In their work,
the authors assumed the collection of the streamlines to be the ground truth but our experiments involving the datasets
having complex flows, reveal that it is not always safe to assume that the collection of streamlines will be representing
the true surface. If the number of integration steps is large and the underlying flow is very divergent, then finding out the
suitable seeding curve density is non-trivial as the neighboring streamlines will start to diverge. Given this fact, we take this
collection of streamlines as a subset of the true stream surface and compare with the surfaces generated by the algorithms.
Comparison of the two stream surfaces, one generated from the densely seeded streamlines and one from an existing
stream surface algorithm, is also non-trivial. In this work, the Hausdorff distance16 is used to measure the difference
between the two surfaces. Given two non-empty sets P and Q, the Hausdorff distance between them dH (P, Q) is defined as
ˆ Q), d(Q,
ˆ P)), where d(P,
ˆ Q) = max min ||x − y||.
dH (P, Q) = max(d(P,
x∈P y∈Q

(1)

Specific to this case, ||x − y|| is taken as the Euclidean distance and one sided Hausdorff distance from the streamline
set to the algorithm generated stream surface is used. The Hausdorff distance calculation was sped up using GPUs and the
comparison of two sets containing 1M points can be done within 10 seconds. A small value of this metric will indicate a
high quality stream surface. But if the Hausdorff distance value is large, then it may be difficult to compare the results of
two algorithms because the large distance may be caused by a small number of outliers in the sample. To avoid this, we
look at the distribution of the minimum distance values and make a conclusion about the performance of the algorithms.

4.4 All Vertex Backward Tracing Method
No matter how densely the seeding curve is sampled, in the case of a complex flow, there will be cases where the neighboring streamlines will start to diverge. This scenario is also encountered in forward stream surface generation algorithms
which is handled by putting more seeds in between two neighboring streamlines. Since these seeds are not guaranteed
to be coming from the seeding curve and, even with many streamlines, there are chances that some features might still
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Figure 2. Five stream surfaces showing different cases: a) StreamSurface1 showing straight areas of the flow, b) StreamSurface2 showing
the vortex structure and high curvature areas of the flow, c) StreamSurface3 showing a general complex stream surface, d) StreamSurface4 has complex flow in the top part and straight flow in the lower region, e) StreamSurface5 is seeded in more turbulent region.

be missed. We can avoid this by doing backward integration from all points in space. All point backward tracing was
previously employed by Van Wijk5 in his implicit stream surface computation. The natural discretization of the flow field
is given in the form of grid points. A way of checking the quality of a stream surface would be to trace out streamlines in
backward direction from all grid points. The points which trace back to the seeding curve are the points which should be
included in the stream surface. As we cannot sample the flow field infinitely, every grid point can be checked to find out
the closest distance of that backtraced point to the seeding curve. As, the number of forward integration steps is known for
a given stream surface, each grid can be backtraced those many steps and any grid point that comes closer than a predetermined threshold value while backtracing, will be included in a set that stores the candidate grid points to be included in
the stream surface. The threshold can be set to a small value like 0.5 or 1.0. This way, a new collection of points will be
formed. The one sided Hausdorff distance can be calculated between this point set and the generated stream surface point
set. If the resulting value is low, then the generated stream surface will be considered to be accurate. As the grid resolution
is increased, this metric will perform better in estimating the quality.

5. RESULTS AND DISCUSSIONS
The experiments were conducted on a Linux machine with the Intel core i7-2600 CPU and 16 GB of RAM. The two datasets
used were the Plume and the Isabel. The Plume dataset is a simulation of the thermal downflow plumes on the surface of
the sun and it has 126 × 126 × 512 grid points. The dataset Isabel is a hurricane simulation with a resolution of 500 × 500 ×
100. To illustrate different seeding curve locations, five representative stream surfaces have been chosen, as presented
in Figure 2(a)-(e). StreamSurface1 represents a very straight flow region of the field from the Plume dataset generated
by integrating 100 steps, StreamSurface2 is the hurricane eye from the Isabel dataset, generated by integrating 150 steps,
and is representative of the vortex like structures which is quite common in flow fields, StreamSurface3 represents a
general stream surface from the Plume dataset, generated by 100 integration steps, which has a complex underlying flow,
StreamSurface4 has both complex and straight flow regions from the Plume dataset and it was generated by 100 integration
steps, and StreamSurface5 is seeded in a complex region and has a very complex structure from the Plume dataset and
this was generated by 50 integration steps. We implemented the three stream surface algorithms for our experiments and
adaptive Runge-Kutta Four-Five integration scheme was used for all three algorithms. The datasets were also normalized
so that these algorithms could be compared on a common base.

5.1 Effect of the Choice of the Stream Surface Generation Algorithms and Placement of Initial Seeding
Curve
In this section, the effect of choosing the stream surface algorithm for different initial seeding curve placements is presented. The three algorithms are tested against the five stream surfaces based on the four error metrics proposed in this
paper. The evaluation based on the four different metrics is presented separately in the following sections.
5.1.1 Results for the Sampled Local Error Method
In Table 1, we show the result of the application of the sampled local error metric as described in Section 4.1. The
average angle deviation for each triangle/quad was measured by the average dot product value of each triangle/quad and
then the final weighted average was calculated by taking the areas of the triangle/quad as the weights. Finally, the result
is expressed in degrees . The area was used as the weights while averaging since different algorithms produce different
numbers of triangles/quads. For each quad/triangle, 60 random samples have been used.

Table 1. Results for the Sampled Local Error Method and the Sampled Global Error Method.
StreamSurface1
StreamSurface2
StreamSurface3
StreamSurface4
StreamSurface5
Local Error Global Error Local Error Global Error Local Error Global Error Local Error Global Error Local Error Global Error
Hultquist
0.15
0.03
3.02
0.072
8.51
2.17
6.18
3.54
14.51
4.81
Garth
0.15
0.03
2.74
0.055
6.79
1.67
5.42
2.95
12.94
3.51
Quad
0.15
0.02
2.91
0.062
8.17
1.82
7.54
4.1
13.22
3.71
Table 2. Results for the Densely Seeded Streamlines Method. H-dis, Avg. and Stddev. stand for Hausdorff Distance, Average and
Standard Deviation respectively.
StreamSurface1
StreamSurface2
StreamSurface3
StreamSurface4
StreamSurface5
H-dis Avg. Stddev. H-dis Avg. Stddev. H-dis Avg. Stddev. H-dis Avg. Stddev. H-dis Avg. Stddev.
Hultquist 2.01 0.27
0.09
5.51 1.32
0.97
19.33 0.93
1.24
17.72 2.57
2.01
14.39 1.85
1.91
Garth
2.01 0.27
0.09
4.02 0.77
0.35
13.75 0.61
0.97
16.77 2.09
1.72
10.59 1.12
1.38
Quad
2.01 0.28
0.10
5.26 1.26
0.89
18.87 0.81
1.14
17.89 2.95
2.45
12.41 1.44
1.78

5.1.2 Results for the Sampled Global Error Method
In the Table 1, we also represent the results of the application of the second metric, the sampled global error metric,
as described in Section 4.2, for the five chosen surfaces. We collect the closest distances of all the sample points from
the seeding curve after the sample points are backtraced. The final average value is also weighted by the area of each
triangle/quad. For each quad/triangle, 60 random samples have been used. These results are quite similar to the results
given by the previous method and it is seen that Hultquist’s algorithm gives worse values when compared to two other
metrics in complex flow areas in general. But, as shown by StreamSurface4, it can be better than quad algorithm in certain
situations.
5.1.3 Results for the Densely Seeded Streamlines Method
In this section, we discuss the results of the three stream surface algorithms when compared against a point cloud which
is created using the set of streamlines by sampling the seeding curve very densely. Now, with this point set, the outputs
of the three algorithms are compared, and the minimum distances are collected for each point of the point set. The one
sided Hausdorff distance is calculated as the maximum value by which the points on the streamlines differ from the stream
surface points. Also, the mean and standard deviation of these minimum value distribution are collected and the complete
result is shown in Table 2.
5.1.4 Results for the All Vertex Backward Tracing Method
Here we discuss the results of the application of all vertex backtracing method. From all grid points of the flow field data, a
streamline is traced back and at each step, it is checked to see how close it gets to the seeding curve. The cut off threshold
distance is kept as 0.75 and whenever a backward streamline gets any closer to the seeding curve than the cutoff distance,
the grid point is marked. All these marked points form the point set that gives the rough outline of the ideal stream surface.
From these points, we find the minimum distances to the point set generated by the existing stream surface algorithms. The
one sided Hausdorff distance, mean, and standard deviation are listed in Table 3.

5.2 Effects of Varying Seeding Density of the Seeding Curve
In this section, initiative is taken to observe how the initial seeding curve sampling density influences different stream
surface algorithms. Experiments have been conducted by varying the seeding density from one seed every 10 voxels to
one seed every 0.1 voxel size for the previously mentioned five stream surfaces. In this case, as all the error metrics are
Table 3. Results for the All Vertex Backtracking Method. H-dis, Avg. and Stddev. stand for Hausdorff Distance, Average and Standard
Deviation respectively.
StreamSurface1
StreamSurface2
StreamSurface3
StreamSurface4
StreamSurface5
H-dis Avg. Stddev. H-dis Avg. Stddev. H-dis Avg. Stddev. H-dis Avg. Stddev. H-dis Avg. Stddev.
Hultquist 1.69 0.38
0.22
8.31 0.85
0.79
17.52 1.81
2.52
19.94 4.92
4.03
13.67 1.29
1.3
Garth
1.69 0.38
0.22
6.68 0.44
0.61
13.75 1.18
1.15
19.44 4.78
3.97
9.81 0.95
0.75
Quad
1.69 0.34
0.24
7.72 0.71
0.78
16.38 1.26
1.33
20.13 5.31
4.12
10.21 1.12
1.23
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Figure 3. Effect of initial seeding curve sampling density on the five stream surfaces for the three stream surface generation algorithms.

showing the same trend, the sampled local error metric is chosen to show the results in Figure 3(a)-(e). It is observed that,
if the stream surface is very flat, similar to StreamSurface1, seeding density does not affect the quality that much for all
the three algorithms. If the stream surface gets complicated gradually, as StreamSurface3 and StreamSurface4, then the
algorithms get the chance to dynamically adjust the seeding density by adding new seeds in the first few steps. In this
case, although the amount of error increases as the seeding density decreases, this increase is quite moderate as shown in
Figure 3(c)- (d). StreamSurface5 was seeded in a very complex flow region, and although the algorithms tried to modify
the seeding density in the first few steps, still the error incurred in those steps were quite high and the effect of sparse
seeding is evident in Figure 3(e). Figure 3(b) is the case where quad algorithm performs really bad as the seeding density
is decreased as compared to the other two algorithms. In this case, quad algorithm is not able to generate new seeds which
other two algorithms could because quad algorithm’s inner angle criterion is not satisfied while the surface generation and
large quads have been produced.

5.3 Effect of Parameter Choice of Algorithms
In this section, we investigate the effect of parameters for the three algorithms using the sampled local error metric. In
Hultquist’s algorithm, the new seed insertion is done based on the ratio of the width and height of a quadrilateral while
generating the mesh. Figure 4(a) shows the variation in quality for different choice of this width-to-height ratio threshold.
For StreamSurface1 and StreamSurface2, there
is little variation in quality and number of triangles generated remain almost the same except at
a very low ratio, unnecessary triangles are generated which do not aid in improving the quality that much. For StreamSurface3 and StreamSurface4, as the ratio threshold is decreased
from 3.5 to close to 1, quality increases but also Figure 4. Effect of the user defined parameters: (a) Different values of widht-tothe triangle count goes up around 5 times from height ratio, used as the criterion for new seed insertion in Hultquist’s algorithm.
around 30K triangles to 150K triangles in both (b) Different Maximum Angle Threshold for Garth’s algorithm. (c) Different inthe cases. For StreamSurface5, the increase in ner angle threshold, used for detecting divergence in quad algorithm. (d) Legend
triangle count is around 50 times from 33K to
1700K.
In Garth’s algorithm, there are two user defined parameters, namely the maximum angle threshold and minimum angle
threshold which govern seed insertion and deletion. Here, we chose to vary the maximum angle threshold from 5 degrees
to 30 degrees keeping the minimum angle threshold fixed at 2 degrees. The effect of this parameter is shown in Figure
4(b). It is observed that the quality of StreamSurface1 and StreamSurface2 remain almost unaffected by the change of this
parameter although the triangle count varies from 25K to 1800K for StreamSurface2 when the angle threshold varies from
30 degrees to 5 degrees. StreamSurface3 and StreamSurface4 show that as the parameter is decreased, the quality increases
with an increase of triangle count from 66K to 1150K and 61K to 1200K for the two surfaces respectively. StreamSurface5
shows the most variability with this parameter. In this case, the triangle count variation is 360K to 16300K.
For quad algorithm, the split criterion is studied by changing the threshold angle from 120 degrees to close to 90 degrees
and the result is shown in Figure 4(c). For StreamSurface1 and StreamSurface2, the variation in quality is relatively small
and also the quad count remains almost the same for the two cases. For StreamSurface3 and StreamSurface4, the quad
count is almost doubled from around 6K to 13K for both the cases as the threshold is changed. For StreamSurface5, the

change in quad count relatively less compared to the previous two surfaces. The quad count changes from 6.5K to 9.5K
and also, the quality does not show a very big variation for different threshold values.

6. CONCLUSION AND FUTURE WORK
We have presented four different stream surface verification methods to study various aspects of error involved in stream
surface computation. While it is difficult to single out one specific algorithm that always gives the best stream surface in
terms of quality, computation time and space utilization, the quad algorithm is the fastest and most space efficient, easy
to implement and generally its stream surfaces are of good quality with some exceptions. We have also confirmed that
the algorithm by Garth et al. can consistently produce good stream surfaces, albeit at higher computation cost. As an
application of these metrics, users would be able to modify the parameter values of an algorithm by looking at the error
amount and checking whether the error is decreased after the modification. As a next step, we plan to extend this work
for time-varying flow fields and streak surfaces, and include more stream surface generation algorithms for study. More
knowledge about different stream surface generation algorithms can lead us to a new stream surface algorithm where we
start the stream surface generation with a less complex algorithm and switch to a more accurate and time consuming one
when error is increased.
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