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Effects of Illumination, Texture, and Motion on Task Performance in
Streamtube Visualization of Diffusion Tensor MRI

Category: Research

Fig. 1. The four rendering styles we studied, left to right: (1) OpenGL-style rendering; (2) OpenGL with texture; (3) global illumination
rendering, and (4) global illumination rendering with texture. The dataset is a subvolume of a diffusion tensor magnetic resonance
imaging (DTI) dataset. The sphere is a proxy for a tumor in one of the tasks.The scene is also one of the small datasets used in the
study.

Abstract — We present results from a user study comparing user task performance on streamtube visualizations generated from
diffusion tensor magnetic resonance imaging (DTI) datasets. The independent variables include illumination model (global illumination
and OpenGL style local illumination), texture (with and without), motion (with and without), and task. The three spatial analysis
tasks are: (1) a depth-judgment task: determining which of two marked tubes is closer to the user's viewpoint, (2) a visual-tracing
task: marking the endpoint of a tube, (3) a contact-judgment task: analyzing tube-sphere penetration. Our results indicate that
global illumination did not improve task completion time for the tasks we measured. Global illumination reduce the error rates of
participants' answers over local OpenGL-style rendering when motion was present for the visual-tracing task. Motion contributes to
spatial understanding for all tasks, but at the cost of longer task completion time. A high-frequency texture pattern led to longer task
completion times and higher error rates. These results suggest that generic visualization techniques are unlikely to be better than
task-speci�c techniques tailored to the data being present ed. Lighting design noticeably alters performance, indicating that designers
need to pay it speci�c attention.

Index Terms —Flow visualization, human factors, multivariate visualization, performance evaluation, three-dimensional graphics and
realism.

1 INTRODUCTION

Three-dimensional (3D) streamtubes are popular for visualizing dif-
fusion tensor magnetic resonance imaging (DTI) to provide valuable
tractography information about the human brain [32]. However, dense
streamtubes suffer from visual cluttering, which impedes identi�cation
of speci�c tracts of interest and slows down user interaction [1, 32].
Accordingly, efforts have been made to improve spatial structure il-
lumination and rendering by adding specular re�ections [17], and in-
creasing visual realism [24]. The illumination methods can enhance
shape and depth perception and generate visually appealing inter-
re�ections (light re�ecting diffusely from one surface onto another)
and shadows [3, 35]. While these cues alone can enhance distance
judgment and shape understanding [16, 21, 25], it is unclear how such
illumination models affect task performance, and, particularly, how
combined cues depict 3D scenes effectively. Exploring this question
will help us design visualization methods that integrate only impor-
tant cues in the rendering algorithms, thus reducing computational cost
while maximizing user performance.

The goal of this work is to explore the effect of illumination mod-
els, motion, and texture on DTI tasks. We compare two illumination
models (Fig. 1): global illumination (GI) and an OpenGL-based local
illumination model (GL). GI simulates the complex behaviors of light
around the model being viewed and can create realistic renderings [3].
GL is a baseline method for comparison purpose. Here we also mea-
sure motion and texture, because these two are believed to convey in-
formation effectively [33]. By combining these factors, results from
our study can provide a picture of how real-world visualizations work
under various display conditions. Results will also demonstrate the

relative contributions of these visual design parameters.
Our experiment has three spatial analysis tasks: a depth judgment

task, a visual-tracing task, and a contact-judgment task. Each corre-
sponds to a real-world DTI task such as analyzing a tube among DTI
bundles or evaluating a tumor. Independent variables include illumi-
nation model (GI and GL), motion (with and without), texture (with
and without), and task. completion time, accuracy, and subjective re-
sponses. We hypothesize that GI, motion, and texture can reduce task
completion time and error rates because these factors support better
depth and shape cues, thus aid DTI data understanding.

Our results indicated that the GI model led to longer task comple-
tion time compared to GL, contrary to our hypothesis. GI had no sig-
ni�cant impact on accuracy for the depth-judgment task, contrary to
the �ndings of a previous study [35]. Our results also revealed that
motion improves accuracy and lowers error rates, but at the cost of
longer task completion time. Scene complexity had strong impact on
task performance expect for the task completion time in the contact-
judgment task conditions. Participants reported that GI increased the
perceived quality of a visual scene, suggesting thatlooking good(per-
ceived) andbeing (measurably) good(functional) are different. Vi-
sual designers must differentiate between the perceived and functional
value of visualization.

Our work has several key contributions. We offer a deeper under-
standing of how illumination models, motion, and texture affect task
completion time, error rates, and accuracy in interactive 3D environ-
ments. We empirically demonstrate that the perceived value and func-
tional value of visualization are not equivalent. Our study also con-
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tributes to a deeper understanding of visual cues, which could impact
other kinds of dense tube rendering such as general 3D vector �eld vi-
sualization and other tasks that involve examining curves in 3D space.

2 BACKGROUND AND RELATED WORK

2.1 DTI visualization

DTI is an imaging method that measures the directional diffusion rate
of water molecules in tissue. Because DTI is the only non-invasive
technique that shows the internal structure of white matter, it has been
widely used in research on brain development, tumor detection, and
multiple sclerosis, among other areas. A common way to visualize
DTI data is to reconstruct many individual �bers from the tensor infor-
mation using streamline algorithms [39]. These streamlines or stream-
tubes are initiated at seed points to show �ber structures, sometimes
called �ber bundles. However, the streamline visualization can easily
become cluttered because of the complexity of the brain's white mat-
ter, and because users often seed at many positions to avoid missing
important information. As a result, it can be dif�cult to get insight into
dense datasets.

There are at least two ways to improve visualization of these dense
datasets: decluttering by clustering �ber bundles, and conveying spa-
tial structures via perceptual principles. Clustering reduces the enor-
mous quantity of individual �bers to a limited number of logical �bers
that still convey anatomical meaning and are visually understandable.
By improving spatial structure, a visualization system often constructs
an illumination model to show shadows of the �bers or allows users
to query their data interactively [1, 40, 19]. While Moberts et al. [20]
compare different clustering algorithms, we study structure from the
perspective of perception.

2.2 Illumination model and relevant cues

Two illumination techniques are common for DTI rendering. GL in-
volves per-vertex lighting calculations and interpolation to render each
polygon. Ambient lighting effects are indicated by a global color shift.
The other common rendering technique is GI, which involves simu-
lating the behavior of light throughout the scene in order to increase
visual realism [14]. For example, a photon-mapping algorithm can
produce inter-re�ections and soft shadows [3].

Numerous evidence suggests that cues generated from GI allow
more accurate discrimination of shapes by revealing spatial struc-
ture and orientation among surfaces [4, 8, 9, 28, 35]. For example,
Weigle and Banks [35] showed that GI was bene�cial in visualizing
highly dense tubes for detecting the boundary shapes and reduced er-
ror rates in depth-judgment tasks, especially when a perspective view
is used [35]. Our work advances the previous study by using experi-
mental settings that are closer to real-world uses of DTI when motion
and texture are presented. The scenes are taken from DTI subvolumes
with three-level visual complexities; These subvolumes produce tubes
with more curvature than the tubes used in [35] thus were more visu-
ally challenging. In addition, more tasks are used in the current study
which required both local and global shape understanding.

2.2.1 Shadow and inter-re�ection

Two types of shadows, extrinsic and intrinsic [15], can be generated
via illumination models. Intrinsic shadows, also called shading, are
the shadows an object makes on itself Fig. 1. They have long been
used by artists [7] and understood by psychologists to provide infor-
mation on the convex or concave shapes of objects and the direction
of illumination in a scene [15]. Such convex and concave shapes are
also much more recognizable by human observers [26, 22]. Extrinsic
shadows (Figs. 1, 3, 4), on the other hand, are those cast on one object
by another, and provide particularly salient cues to relative position,
such as depth, distance, and orientations of objects [29, 31]. GL and
GI can both produce shading effect. Only GI can produce extrinsic
shadows between tubes.

It is generally agreed that shadows increase reported task accuracy
[31, 36]. For example, Thompson et al. analyzed how shadow and
inter-re�ection affect depth perception [31]. They found that both
inter-re�ections and shadows, whether �ne or crude approximations

and whether alone or in combination, “glue” objects to the surfaces
they touch and hence improve spatial structure. However, Hubona
et al. found the effects of shadow were task-dependent. Shadows
enhanced the accuracy but not the speed of object positioning; they
did not enhance either the accuracy or the speed of object resiz-
ing [10]. Shadows are also subtle enough to distort the perception
of 3D shapes [22].

Another difference between GI and GL is that GI implementations
support inter-re�ection. The light that ultimately reaches the eye and
affects the image bounces more than once, so that surfaces not directly
facing the light can be illuminated by other surfaces. Banks intro-
duced the idea of maximizing the re�ected light over the perimeter of
an in�nitesimally thin cylinder, treating diffuse and specular re�ection
separately [2]. Hardware solutions to maximize re�ection illumina-
tion modes have been applied to diffusion tensor imaging by Wenger
et al. [37]. Obert et al. addressed the aesthetic drawbacks of the in-
�exibility of GI by creating a relighting tool for CG �lm making [23].
While many studies have focused on algorithm design, our goal here is
to understand the impact of illumination method on task performance.
Results from our work can guide visual designers towards important
design features.

2.2.2 Texture, motion, and scene complexity

Texture is also an important factor in structural understanding of DTI
imaging. It has been suggested that “lines that follow the form” convey
shape effectively [12]. We use results from Jianu et al. to construct
diamond textures that follow the tube geometry [13].

Motion is known to be a powerful cue to improve spatial under-
standing [33]. Sollenberger and Milgram [30] demonstrated the util-
ity of motion parallax in visualizing complex simulated blood vessel
structures in the brain. Ware [34] found that motion produced by head-
tracking had effects as powerful as stereo viewing on task completion
times. Moreover, they reported that these effects were more powerful
than stereoscopic viewing on reducing error rate. Related to our study,
we also wish to understand how the effects of motion and illumination
model are combined.

Increases in scene complexity could increase information access
costs and thus degrade task performance. For example, Hubona et al.
study depth visualization by having users perform two tasks related to
positioning and sizing 3D objects in a scene under conditions of vary-
ing lighting, stereo or mono viewing, and background types [10]. They
found that a stair-step background degraded task performance dueto
increased scene complexity, and attribute this to increased information
access cost. Norman suggested such detrimental effects were caused
by distortion from the saddle-shaped background surfaces [22].

2.3 Cue integration

Numerous studies have examined the perception of visual cues. An
important question is whether these cues are perceived as separate el-
ements, or as belonging to an integrated, unitary whole object. Know-
ing so will provide practical design implications for DTI imaging, es-
pecially related to multi-variant data mapping. At least three models
on non-con�icting cue integration have been proposed, including the
additive and multiplicative models, and weak fusion and strong fusion.

The additive theory[6] suggests that cues are combined in a
weighted additive fashion. The combined effects of multiple depth
cues can be determined as the weighted linear summation of the infor-
mation provided by each individual cue. In contrast, themultiplica-
tive model[30] suggests more complicated combinations. For exam-
ple, multiple cues can interact and foster a “greater-than” or “less-
than” additive effect. The weak fusion model [38], similar to the
weighted additive model, suggests that the cues are weighted and “ad-
ditively combined” by a factor re�ecting their apparent reliability in
that particular visual context; the strong fusion model suggests that
cues can interact non-linearly. For example, one cue may work to
disambiguate information, thus enabling correct information to be de-
rived from other cues. Weigle and Banks found participants improved
task performance especially when GI was combined with perspective
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viewings [35]. Here, we make use of motion and texture to study if
similar effects can be obtained.

3 EXPERIMENTAL DESIGN

The primary purpose of this study was to explore the effects of illu-
mination model, motion, and texture on task performance. Our hy-
pothesis was that use of GI, texture, and motion would improve task
performance by reducing task completion time and error rates and im-
proving accuracy. We used a 2x2x2x3 within-participant design with
the following independent variables: illumination model (GL and GI),
motion (presence and absence), texture (presence and absence),and
task (depth-judgment, visual-tracing, and contact-judgment). In each
condition, scene complexity was controlled by the number of tubes
a visualization contained. Each participant performed 48 tasks, 16
instances of each of the three tasks. The order of the tasks was ran-
domized. Task completion time, accuracy (for the visual-tracing task
only), error rate, and participants' comments were recorded.

3.1 Visualization synthesis

3.1.1 tubes, texture, and scene complexity

Visualizations were generated by collecting the tubes contained when
intersecting a randomly placed, �xed-size box with the full streamtube
model generated from a whole brain dataset. The bounding volume of
the full model was 217.6 mm x 217.6 mm x 153 mm. The edge lengths
of the boxes used in this study were 8.8 mm, 14.08 mm, and 24.64
mm, each containing 30-50, 100-150, and 300-560 numbers of tubes
accordingly. By doing so, we created three levels of scene complexity,
either small, medium, or large. UV texture coordinates were generated
for the geometry so we could apply diamond textures at render time.

3.1.2 Illumination model

We used two rendering algorithms for this study: GL and GI. For
GL we use Maya's hardware renderer to implement �xed-pipeline
OpenGL style rendering with per-vertex lighting and Gouraud shad-
ing. For GI, we use Maya's Mental Ray plugin with three million sim-
ulated photons per image. The resolution of an image was 1600x1600,
rendered in perspective.

We used a traditional three-point lighting scheme plus several �ll
lights. Rim and key lights were placed in relation to a preset camera
that used a 35 mm focal length. We carefully chose light placement
and intensity to generate images with contrast and lighting properties
appropriate for the study. For example, shadows must be achieved by
lighting the scene in a manner appropriate for the data, because GI
does not haveperceptually goodshadows. The lighting process is par-
ticularly dif�cult due to the numerous parameters for all the renderer
components, each of which has a visual impact on the �nal image. Un-
fortunately, small changes in light placement and intensity can yield
very different images.

3.1.3 Motion

Motion was synthesized using a sequence of 23 images, each image
sequence accounting for� 5 degrees of rotation in the local coordinate
of the dataset about the vertical direction in the image plane. We did
not allow free-form interaction because the high computational costs
associated with GI prohibited real-time viewpoint-based rendering.

3.2 Tasks and user interface

Three tasks are used in our study. All tasks involve judgments related
to the underlying geometrical tube structures drawn from the DTI data.
All tasks were performed using a Dell 3007WFP monitor running at a
resolution of 2560x1600 screen pixels.

� Depth judgment, e.g., which tube is closer, the blue or the green
tube?

� Visual tracing, e.g., where is the endpoint of the tube?

� Contact judgment, e.g., does the blue sphere intersect, touch, or
have no contact with the tubes?

Fig. 2. Depth-judgment task. Participants were asked to report which of
the two tubes was closer to their viewpoint. The answer here is green.
The dataset rotates automatically when motion is present.

Each task included two (for the visual-tracing task) or three (for the
depth-judgment and the contact-judgment task) levels of scene com-
plexity. We did not include all three levels for the visual-tracing task
because this task took longest task completion time and could poten-
tially introduce fatigue.

The depth-judgment task includes two Each visual condition also
includes two to three levels of scene complexity controlled by the num-
ber of tubes ranged from 30 to 560. Dependent variables include task

3.2.1 Depth-judgment task

Participants were shown a blue and a green tube embedded in a dataset
(Fig. 2), and were asked to report which tube was closer to their view-
point. The tubes were selected at random with the constraint that they
not occlude each other from any sampled viewpoint. Internally, the
distance between the two tubes was computed by sampling on a �xed
interval across the dataset rotation range. We call a global visualiza-
tion task because it may require visual scanning of neighboring tubes
in order to make a correct judgment.

3.2.2 Visual-tracing task

This task required participants to trace a randomly selected tube
marked with a blue sphere on one end and to mark the other endpoint
(Fig. 3). The constraint for the selection was that the two endpoints
must be visible from all possible viewpoints. Once the unknown end-
point was found, the participant clicked on the projected point on the
image plane (screen). As a result, task accuracy could be measured
as the distance between the true location and the marked location on
the image plane. This was the only task in which the user could rotate
the dataset interactively using the keyboard. We did not use motion
by rocking, because tracing a tube in a dynamic scene could be dif�-
cult and impractical. We call this a global visualization task because
it also requires visual scanning of neighboring tubes, similar to the
depth-judgment task.

3.2.3 Contact-judgment task

Participants were asked to judge how the blue sphere intersected the
tubes. A sphere embedded in the dataset represents the location of a
tumor. The judgment should be based on the closest distance between
the tumor and the tubes. There are three possible answers: (1) no
contact, (2) tangent, and (3) full penetration (Fig. 4). Here no contact
means that sphere was free-�oating with no tubes touching it; tan-
gent means that the sphere grazed the tube(s) but did not fully inter-
sect; and full intersection means that the sphere intersected the tube(s).
The sphere was randomly placed in the dataset with equal distribution
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Fig. 3. Visual-tracing task. Participants were asked to trace a tube and
mark its endpoint. When motion was enabled, participants could rotate
the dataset using arrow keys on the keyboard.

Fig. 4. Contact-judgment task. Participants were asked to judge the
relationship between the blue sphere and its surrounding tubes. There
are three possible answers: no penetration, tangential penetration and
full penetration. The answer here is (3), full penetration.

among the three cases. We call this a local visualization task because
participants need to examine only the tubes around the sphere.

3.2.4 User interface

After each task, participants identify the cues that were useful in per-
forming the task (Fig. 5). The purpose of this step is to determine
the perceived usefulness of cues and to �nd correlations between the
perceived usefulness and task completion time.

3.3 Participants

Twenty-six volunteers (11 males and 15 females) participated in this
study. All were xxx(masked for blind review)undergraduate and grad-
uate students. Two had prior exposure to medical imaging applica-
tions.

3.4 Procedure

The experiment included three sections. First, participants answered
a questionnaire about previous exposure to medical imaging, art, and
graphics. They were then guided through a training session on the
task conditions, datasets, and user interface. They were provided with
a training document that listed all cues and tasks, were told how to
examine the visual cues, and were allowed to iterate until they were
comfortable performing the tasks. They were also asked to remem-
ber the cues and were told that this document would not be provided

Fig. 5. User interface for cue choice. This display was shown after each
task to ask about the cues used in answering the task questions. This
is a multiple-choice question.

Table 1. Summary of the F and p Values for the Main Effects on Task
Completion Time. “*” indicates the signi�cant main effects .

Task Illumination Motion Texture Participant Complexity
Depth p = 0:75 p< 0.0001* � p< 0.0001* p=0.002*
judgment F = 0:1 F = 18:5 � F = 7:1 F = 6:2
Visual tracing p=0.13 p=0.003* p=0.005* p< 0.0001* p< 0.0001*
(all) F = 3:3 F = 8:8 F = 7:9 F = 18:4 F = 90:1
Visual tracing p = 0:54 p< 0.0001* p=0.12 p=0.002* p< 0.0001*
(correct only) F = 0:4 F = 17:0 F = 2:5 F = 2:2 F = 59:5
Contact p = 0:5 p< 0.0001* p = 0:51 p< 0.0001* p = 0:34
judgment F = 0:5 F = 22:8 F = 0:4 F = 6:4 F = 1:1

during the testing phase. The training datasets were generated in the
same fashion as the actual study but with different data. Next was the
testing phase. Participants conducted two sequences of tasks with a
short break between them. Each sequence was composed of 24 tasks
from each of the three types. A total of 48 unique tasks were dis-
played in a different order for each participant. There was a total of
12 follow tasks, 16 depth judgment tasks, and 16 tumor tasks. The
cue question was answered after each task. Participants were told to
�nish the task as quickly and accurately as they could. Finally, par-
ticipants' responses were collected in a post-questionnaire relating the
perceived usefulness of these techniques to DTI, the dif�culty of the
tasks, and the aesthetics of the rendering schemes. Subjects were also
interviewed for additional comments.

4 RESULTS

4.1 Summary statistics and statistical method

We performed within-subject GLM (general linear model) procedure
using SAS (statistical analysis software) on illumination models (GL
and GI), texture (presence and absence), motion (presence and ab-
sence), and task type (depth-judgment, visual-tracing, and contact-
judgment), participants, and scene complexity. We found a signi�cant
main effect of task type (p = 0:0005,F(15;1184) = 12:07). We thus
report our results based on task type. For each task, we conducted
statistical analysis on all answers. In the case when the correctness
had signi�cant impact on task completion time, we also did a second
analysis on the correct-only answers. When there was a signi�cant
main effect, we separated the levels to study the causes of effects. We
also combined perceptual cues to learn the accumulated effects. When
combined, the three levels of the scene complexity were not separated
because real-world applications could include all of them. We also
removed outliers at 99% percentile. All error bars represent 95% con-
�dence intervals. The summary of theF and p values are shown in
Tables 1 and 2.

4.2 Depth-judgment task

We removed �ve outliers at 99% percentile, leaving 446 observations.
Texture was always present in this condition due to missing data in
the experimental design (we had miscoded the case of no texture). As
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Table 2. Summary of the F and p values for the main effect on error
rate. “*” indicates signi�cant main effect.

Task Illumination Motion Texture Participant Complexity
Depth p = 0:9 p = 0:08 � p=0.9 p< 0.0001*
judgment F = 0:001 F = 3:0 � F = 0:4 F = 30:9
Visual tracing p = 0:04� p = 0:03� p = 0:07 p = 0:9 p< 0.0001*
(all) F = 4:3 F = 10:2 F = 3:34 F = 0:43 F = 60:3
Contact p = 0:96 p = 0:07 p = 0:81 p=0.002* p< 0.0001*
judgment F = 0:00 F = 3:36 F = 0:05 F = 2:19 F = 59:5

(a) (b)

(c) (d)

Fig. 6. Depth-judgment task: Effect of illumination model, motion, and
scene complexity on task performance. (a) Motion and scene complex-
ity had a signi�cant impact on task completion time. (b) Moti on and
scene complexity had a signi�cant impact on error rate. (c) C ombined
effect: GL+M and GL were in different groups. (d) Combined effect: All
conditions were in the same group.

a result, no effect of texture can be measured. Correctness had no
signi�cant impact on task completion time.

Fig. 6(a) shows the main effects of motion, illumination model on
task completion time. The summary statistics including the the effects
of participants and scene complexity is shown in Table 1. For the ef-
fects on task completion time, motion was signi�cant with motion in-
creasing mean task completion time from 21.4s to 24.09s. Scene com-
plexity was also signi�cant, with the mid-range complexity led to the
longest task completion time. Participants were signi�cant. Tukey's
Studentized Range (HSD) test for illumination model revealed that GL
and GI were in different groups. By separating the presence and ab-
sence of motion condition, we found the differences between GL and
GI occurred when motion was presented (F = 4:63, p < 0:0001) with
GI having longer task completion time (25.9s vs. 22.1s). When the
effects were combined to form the 4 conditions 6(c), GL and GI+M
are the only pair in different groups.

The main effects of motion and illumination model on error rate are
shown in Fig. 6(b). The summary statistics is shown in Table 2. The
only signi�cant effect was scene complexity. As expected, the higher
the complexity the higher the error rate. The smallest box size led to
14% error rate compared to 24.8% and 52% for middle and large size
boxes. When the effects were combined, all four perceptual cues were
in the same group 6(d).

(a) (b)

(c) (d)

(e) (f)

Fig. 7. Visual-tracing task: Effect of illumination model, motion, tex-
ture, and scene complexity on task performance. (a) Motion, texture,
and scene complexity had a signi�cant impact on time when all obser-
vations were used; Motion and scene complexity were signi�c ant when
the correct-only answers were used. (b) Illumination model, model and
scene complexity had a signi�cant impact on effor rate. (c) C ombined
effect: GI+M+T was in different groups from GL, GI, GL+T, and GI+T
accordingly when all answers were used. GL+M+T and GI+M+T were
in different groups from GI+T and GL+M when the correct-only answers
were used. (d) Combined effect:GL+M led to the lowest error rate. (e)
Only scene complexity was signi�cant. (f) GI+M+T led to the mos t ac-
curate answers especially when all observations were used.

4.3 Visual-tracing task

Correct answers were made signi�cantly faster than incorrect ones
(mean=22.4s vs. 42.13s,p < 0:0001,F(1;249) = 92:15). We there-
fore separately analyze all observations and correct observations.We
removed all �ve outliers beyond the 99% percentile in each case.

The effects of illumination model, motion, texture, scene complex-
ity, and participant on task performance are shown in Fig. 7. TheF
andp values are shown in Table. 1 When all answers were analyzed,
there was a signi�cant main effect of motion, which increased mean
task time from 22.9s to 30.1s (Fig. 7(a)). Texture had signi�cant im-
pact on task completion time, with an increase from 24.47s vs. 28.7s.
Scene complexity and participants was also signi�cant. There was
no signi�cant change of the task completion time for the correct-only
answers for texture. The illumination model was not signi�cant; GL
showed slightly shorter task completion time (mean=26.3s vs. 27.1s).

The main effects on error rate are shown in Fig. 7(b). TheF andp
values are shown in Table. 2. Illumination model, motion, and scene
complexity had signi�cant impact on error rate. We again found that
the signi�cant effect occured when motion was presented, when we
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(a) (b)

(c) (d)

Fig. 8. Contact-judgment task: Effect of illumination model, motion, tex-
ture, and scene complexity on task performance. (a),(b) motion and
scene complexity had a signi�cant impact on task completion time and
error rate. (c) Combined effect: GI+M+T led to relatively longer task
completion time. (d) Combined effect: GI+M+T led to the lowest error
rate.

separated the presence and absence of motion. Interesting, participants
were not signi�cant.

We measured the combined effect (Fig. 7(b) and Fig. 7(d)). HSD
test on task completion time suggested that GI+M+T was in different
groups from GL, GI, GL+T, and GI+T accordingly, when all observa-
tions were used; GL+M+T and GI+M+T were in different groups from
GI+T and GL+M when correct-only observations were used. GL+T
led to the shortest task completion time, followed by GI+T (Fig. 7(c)).
All eight conditions were in the same group for the error rate, though
GL+M led to the lowest error rates(Fig. 7(d)).

Accuracy was measured as the distance between the pointer and the
true target location on the image plane: the smaller the distance, the
more accurate the participant was for the task response. We found
both scene complexity and participants were signi�cant (p < 0:0001
for both cases). No other signi�cant main effect (illumination model,
motion, or texture) on accuracy was observed. There was also a strong
correlation between accuracy and task completion time (r = 0:25, p <
0:0001) for all observations: participants who were more accurate had
shorter task completion time. This trend did not hold for the correct
observations: there was no correlation between accuracy and time.
Also, motion had signi�cant impact on accuracy, leading to higher
accuracy when all observations were used (Fig. 7(e)); however, this
trend disappeared when only correct observations were used. The full
cue condition led to the longest task execution time, but most accurate
answers (Fig. 7(f)).

4.4 Contact-judgment task

Six outliers were removed from the data. Since the correctness of
participants' answer did not have a signi�cant correlation with task
completion time (p = 0:18, F(1;447) = 1:77), we analyze the data
based on all responses (Fig. 8). One signi�cant main effect was motion
(p < 0:0001,F(1;384) = 47:22); again, no motion led to shorter task
completion time (mean=15.0s vs. 23.8s) (Fig. 8(a)) and lower error
rate (Fig. 8(b)). The other signi�cant effect was participants. However,
HSD test suggested all participants belonged to the same group. The
scene complexity did not have an impact on task completion time.
None of the main effects was signi�cant on the error rate.

We also measured the combined effect of illumination model, mo-
tion, and texture on task completion time (Fig. 8(c)) and error rate
(Fig. 8(d)). HSD test suggested that GL+M, GI+M, GL+M+T, and
GI+M+T are in different groups from GL, GI and GL+T accord-
ingly. the full-cue condition (GI+M+T) had the lowest error rate, al-
though task completion time was longer. An intermediate visualiza-
tion method was (GL+T), with intermediate task completion time and
intermediate error rate.

4.5 Subjective comments

Participants were asked to rate the usefulness of the illumination
model, aesthetics, and the dif�culty of the tasks on a post question-
naire. A scale from 1 to 7 was used, 1 being the worst and 7 the best.
The perceived usefulness of the image in DTI increased with the real-
ism of the rendering, i.e., GL (3.27)< GL + Texture (3.78)< GI (4.29)
< GI + Texture (5.27). The scores for aesthetic beauty were the re-
verse of the texture categories: GL + Texture (3.57)< Local (3.62)<
GI + Texture (4.19)< GI (4.88). Participants rated the visual-tracing
task the most dif�cult (score = 5.11) and the contact-judgment task the
easiest (score=3.73). The dif�culty rating for the depth judgment was
in the middle range (score=4.77). Participants had a strong preference
(5.52 on the 1-7 scale) for rotating the dataset (with motion) over using
static frames (without motion).

5 DISCUSSION

Our data did not agree with the expectations that GI, motion, texture
would improve task completion time. Our data did support that motion
was a strong cue to reduce the error rates and improve the accuracy
of visual tracing. Interesting, the analysis of the accumulated cues
conditions suggested that full cue conditions, though led to longer task
completion times, often led to the lowest error rates.

5.1 Illumination model effects are task dependent

No effect of illumination model on task completion time was observed.
GL and GI were different only when motion was presented for the
depth-judgment and the visual-tracing tasks. We suspect that the in-
crease of task completion time by GI was caused by the need to men-
tally process more visual cues. The signi�cant effect on error rate was
observed only for the visual-tracing task. And the signi�cance again
occurred when motion was presented. This result could suggest that
GI and motion when used together could led to better judgment. In
general, GI slightly reduced error rates compared to GL, but at the
expense of longer task completion time.

These results only partially support our hypothesis that GI would
improve task performance. Due to the small magnitude of the reduced
error rate, increased response time trade-offs, and the rendering cost
for producing GI, it is problematic to assert that GI assisted visualiza-
tion for the tasks under study. We expected that GI would more be
important for the contact-judgment task because inter-re�ection could
suggest orientations and distances between the sphere and the tube [3].
However, this effect was not supported in our study.

Theoretical studies on the processing of cues of visual graphics im-
ages may explain this result. The result for the contact task can be
supported by the weak fusion mechanism for cue combination [38].
When cues are presented, participants evaluate each independently.
Separated cues are weighted and combined re�ecting their ”apparent
reliability” in a particular visual context. According to this theory,
participants would spend time evaluating the rich cues provided by
GI, which may have caused the longer task completion times.

One possible explanation for the lack of signi�cant results on the
error rate is that the tubes were dense enough to cause inter-object
relationship ambiguity. It was dif�cult for participants to �nd which
tube casted which shadow and where, especially when large numbers
of tubes were presented. The shadows casted on the ground in the
GI conditions help recognize large-scale structures such as bundles.
However, shadows did not support visualization at a �ne level exam-
ining individual tubes. Another explanation is that GL shading used
in our experiment produced salient depth effects which might be suf-
�cient to help participants perform tasks. The image contrast for the
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visualizations produced using GL and GI was similar thus did not lend
advantages to GI, which could produce higher contrast images than GI.
Finally, the added scene complexity of streamtubes blurred the bene-
�t of these cues, even though most participants reported using context
cues (57%, 67.8%, and 60.5% for the three task conditions).

5.2 Motion increases accuracy but lengthens time

Our hypothesis that motion would decrease error rate is supported by
the results at the cost of lengthened task completion time. We think the
time cost with motion is mostly due to the motor actions for changing
views. The bene�ts of motion likely come at the cost of cognitive
workload for visually processing more imagery. Participants had to
understand the image from multiple views, and had to track views that
did not represent continuous motion due to the� 5 degrees gap be-
tween neighboring images.

5.3 Texture

The presence of texture caused higher error rates in the visual-tracing
tasks but not in the contact-judgment tasks. We attribute this result to
the difference between local and global tasks. Texture did not help the
visual-tracing task because when a DTI bundle has many tubes, the en-
tire scene is reduced to a single mass of diamond-textured shapes. Be-
cause of spatial masking from context, Participants would have great
dif�culty in detecting a tube's direction when the context has similar
frequency content, which causes spatial masking. In addition, the di-
amond shape could have been poor at conveying orientation because
it included more than one edge orientation, making it hard for the hu-
man visual system to detect continuity. A way to reduce this dif�culty
is to make the geometry long and thin, to distinguish the two textures
by at least 30 degrees [5]. Another way would be to orient the texture
to near-horizontal or near-vertical lines [18] or to follow the principal
curvature directions.

Participants also reported confusion about spatial relationships due
to texture. Thus, textures must be carefully generated in highly dense
environments, and can also be task-dependent. For the occlusion task,
a useful texture could be one that presents the relative depth of compo-
nents. When textures were presented in the visual-tracing and contact-
judgment tasks, participants examined them in greater detail. Textur-
ing methods such as dots [27], as proposed for the vascular structure,
are worth exploring within the context of different rendering methods,
as they have been proven to improve task performance.

Shading is useful in conveying shape information. Since the only
shape present is the tube and its implicit path, participants reported
they used shading (32.5%, 43.4%, and 25% for depth judgment, visual
tracking and contact judgments. We would expect shading or shading
to be used for the contact-judgment task because both convey rela-
tional properties. We did not observe this effect, probably because the
sphere had a large round shape that did not require detailed visual ex-
amination. Another explanation was that the scene complexity caused
less clear inter-object relationships.

5.4 Scene complexity impacts performance for global
tasks

Scene complexity is measured by the size of the bounding volume used
in the visualization. Three levels were used. Interestingly, the scene
complexity had signi�cant impact on both task completion time and
error rate for the depth-judgment and the visual-tracing tasks, but not
for the contact-judgment task. An intuitive explanation is that contact-
judgment was a local task that only requires the viewing of the infor-
mation directly surrounding the sphere.

Besides scene complexity, our informal observations also suggest
that task complexity may have increased as a function of a larger �eld
of view introduced by the display hardware. For example, the visual-
tracing task is simple when no occlusion occurs, and when the trace
of the tube requires only foveal vision. In these conditions, eyeball
movement is suf�cient to accomplish the task. However, head move-
ment would be required when the display becomes larger, and the tube
crosses a large portion of the screen. The efforts of changing gaze
could introduce higher mental and cognitive load, and thus introduce

time penalties. The error rates was especially high for the visual-
tracing task. The large scene complexity however had lower error rate
compared to the medium size ones for the depth-judgment task. This
is partially because the distances between the tubes were further thus
making size cues more salient in the large conditions.

5.5 Participants had similar error rates

Reducing the error rate is one of the most desirable characteristics for
visualization design. Interestingly, HSD test on participants suggested
they appear in the same group for all task conditions. This consistency
might suggest that illumination model, motion, and texture were not
con�icting cues, and participants could reach a reasonable answer if
provided appropriate viewing time.

5.6 Differences among tasks

The visual cues had a larger impact on task performance and error rate
for global tasks. Our results suggested that special attention needs to
be paid to these kinds of tasks compared with local ones. A better
design for the contact-judgment task is to explicitly control the loca-
tion of the spheres. This will allow us to produce non-biased results
on what illumination cases work and why not. Another better con-
trol of our design is to have a visualization that is suf�ciently dif�cult
(i.e., a clearly free-�oating sphere is trivially easy) and suf�ciently
constrained (i.e., the sphere is not hidden by all the tubes). We found
that task generation algorithms that afford such results are dif�cult to
implement effectively.

5.7 Functional value and perceived value of visualization

Our results demonstrated no signi�cant increase in task performance
with the increase in visual realism (GI), despite the high rank of the
perceived usefulness of realistic rendering. This result suggests that vi-
sual design should differentiate between the functional and perceived
values of visualization. A rendering that looks good might not be suit-
able for scienti�c visualization if it does not help users gain insight
from the data. In contrast, renderings that look good are the goal of
many graphics applications. It would be interesting to study some per-
ceptual or attention-based rendering approaches to see if more insights
can be obtained with lower error rates and shorter task completion
times for scienti�c visualization tasks.

5.8 Lighting design

Lighting design is critical to user performance. An astute participant
who identi�ed herself as a graphic designer said of the intersecting ge-
ometry rendered with GI, “usually, to show contact, you put a dark area
under the part that touches,” similar to the effects presented in “visual
glue” [31]. The shadow in question was probably too dim to be useful
as a cue due to an overuse of �ll lights and ambient illumination cal-
culated from GI, which is a by-product of insuf�cient lighting design.
Differences in lighting could explain some of the difference between
our work and previous studies. It is also likely that more attention to
lighting is likely to help in a number of visualization applications.

6 CONCLUSION

We have presented the results of a user study comparing task com-
pletion time and error rates for streamtube DTI rendering tasks using
global illumination, texture, and motion. Major results of this study
are the following:

� Numerous psychophysical studies support that GI can aid 3D vi-
sualization by providing shadow and inter-re�ection to recover
3D form 2D images on the screen. Our study suggested that GI
provided such bene�ts in a limited fashion with visually complex
visualizations. Considering the computational cost in read-time
rendering, GI could be detrimental to real-world task compared
to other stronger 3D cues such as motion.

� A practical design suggestion to balance task completion time
and accuracy is to make motion available at the beginning of a
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trial, then turn it off when participants understand the layout. Ig-
noring motion completely to shorten task completion time might
not be practical because the scene could appear �attened and
two-dimensional [11].

� Special care must be taken to identify whether tasks require lo-
cal or global visual scanning. This determination can aid the
design of visualization components, such as texture and illumi-
nation paradigms.

� Our results suggest that, in general, the simpler stimuli (ie, those
with GL, no motion, and no texture) usually speed task execu-
tion, although they also lead to reduced accuracy in some cases.
Where more complex stimuli are not needed to increase accu-
racy, they should be eschewed.

� Motion and scene complexity are dominant over the illumination
model or texture. Adding ineffective texture causes task comple-
tion time to degrade. The data is consistent with the weak fusion
theory.

� Scene complexity needs to be further studied to provide insight
into the effective design of visual algorithms that would reduce
scene complexity through methods such as interactive �ltering.

In conclusion, scene complexity does not directly bene�t from
global illumination. Care needs to be taken to properly utilize such
techniques in order to maximize visualization quality through careful
lighting design and rendering parameter exploration. In addition, the
usage of visualization components such as illumination model, motion
and texture must be designed to correlate with the task's associated
global or local scope.
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