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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 or OpenGL local illumination), texture (with and without), motion (with and without), and tasks. 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 depth judgment task or the tracing task, contrary to 
the results of a previous study. Global illumination improved accuracy of participants’ answers over local OpenGL-style 
rendering for the contact judgment task only. Motion contributes to spatial understanding for the visual tracing and contact 
judgment tasks but at the cost of longer task completion time. A high-frequency texture pattern with more than one directional 
component led to longer task completion time and higher error rates. These results suggest that black-box visualization 
techniques are unlikely to be better than task-specific techniques tailored to the data being presented. Lighting design 
noticeably alters performance, indicating that designers need to pay specific attention to such issues. 

Index Terms—Flow Visualization, Human Factors, Multivariate Visualization, Performance Evaluation, Three-Dimensional 
Graphics and Realism. 

——————————      —————————— 

1 INTRODUCTION
HREE-DIMENSIONAL (3D) streamtubes are popular 
for visualizing diffusion tensor magnetic resonance 
imaging (DTI) to provide valuable tractography in-

formation about the human brain [33]. However, dense 
streamtubes suffer from visual cluttering, which impedes 

identification of specific tracts of interest and slows down 
user interaction [1, 33]. Accordingly, efforts have been 
made to improve spatial structure illumination and ren-
dering by adding specular reflections [18] and increasing 
visual realism [25]. The illumination methods can en-
hance shape and depth perception and generate visually 
appealing interreflections (light reflecting diffusely from 
one surface onto another) and shadows [3, 35]. While 
these cues alone can enhance distance judgment and 
shape understanding [17, 22, 26], it is unclear how such 
illumination models affect task performance. Ex;loring 
this question will help us design algorithms that integrate 
only important cues in the rendering algorithms, thus 
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Fig. 1. Four rendering styles studied here, left to right: (1) OpenGL rendering, with intrinsic shadows, no extrinsic shadow or texture; (2) texture 
added to (1); (3) global illumination rendering, with texture, and (4) global illumination rendering, without 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. 
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reducing computational cost while maximizing user per-
formance.  

The goal of this work is thus to explore the effect of il-
lumination models on DTI tasks. We compare two illu-
mination models (Fig. 1): a global illumination (GI) and 
an OpenGL-based local illumination model (GL). GI 
simulates the complex behaviors of light around the 
model being viewed, and thus can create realistic render-
ings [3]. GL is a baseline method that does not allow defi-
nition of light sources, although they can be simulated 
using texture mapping [18]. We hypothesize that GI can 
improve task completion time and reduce error rate com-
pared to GL because it provides more depth and shape 
cues. 

As a secondary focus, we are interested in understand-
ing the effect of perception cues on DTI tasks. This is be-
cause, in real-world use, rendering does not function 
alone but is combined with perception cues. Here we use 
motion and texture as perception cues because these two 
are believed to convey information efficiently in a meas-
ured dataset [34]. By combining these factors, results from 
our study will provide a full picture of how real-world 
applications work given various cueing effects. 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 corresponding to such real-world 
DTI tasks as analyzing a tube in a DTI bundle and tumor 
diagnosis. Independent variables include illumination 
model (GI or GL), motion (with or without), texture (with 
or without), and task. Dependent variables of perform-
ance metrics include task completion time, accuracy, and 
subjective responses. 

Our results indicate that the GI model led to longer 
task completion time compared to GL, contrary to our 
hypothesis. GI had no significant impact on accuracy for 
the depth judgment task, contrary to the findings of a 
previous study [35], and improved accuracy only in the 
contact judgment task. Our results also reveal that motion 
improves accuracy and lowers the error rate, but at the 
cost of longer task completion time. Participants’ reported 
use of the three measured visual cues (shadow, texture, 
and motion) varies with the task at hand. Interestingly, 
the reported uses of other cues, such as context, shading, 
size, and color, are fairly consistent. Participants reported 
that GI increased the perceived quality of a visual scene, 
suggesing that “looking good” (perceived) and “being 
(measurably) good” (functional) are different. Visual de-
signers must differentiate between the perceived and func-
tional value of visualization. We providepractical design 
guidelines based on these experimental results. 

The contributions of our work include the following. 
We offer a deeper understanding of how illumination 
models, motion, and texture affect task completion time, 
error rates, and accuracy in interactive 3D environments. 
We demonstrate empirically that rendering and percep-
tual parameters are not the same; the perceived value and 
functional value of visualization are not equivalent. Our 
study also contributes to a deeper understanding of vis-

ual cues, which could impact other kinds of dense tube 
rendering such as general 3D vector field visualization 
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 
dependence of motion of water molecules in tissues. Be-
cause 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 the individual 
fibers from the tensor information by tracking streamlines 
[38]. These streamlines are sampled on seed points to 
show fiber structures, sometimes called fiber bundles. 
However, the streamline visualization can easily become 
cluttered because of the complexity of the brain’s white 
matter, and because users often seed at many positions to 
avoid missing important information. As a result, it can 
be difficult to get insight into dense datasets.  

There are at least two ways to improve visualization of 
these dense datasets: to declutter by clustering fiber bun-
dles, or to convey spatial structures via perceptual princi-
ples. Using clustering lets us reduce the enormous quan-
tity of individual fibers to a limited number of logical fi-
bers that still convey anatomical meaning and are visually 
understandable. By improving spatial structure, a visuali-
zation system often constructs an illumination model to 
show shadows of the fibers or allows users to query their 
data interactively [1, 20, 39]. While Moberts et al. [21] 
compare different clustering algorithms, we study struc-
ture from the perspective of perception.  

2.2 Illumination model and relevant cues 
Two illumination techniques are common for DTI render-
ing. GL involves per-vertex lighting calculations and in-
terpolation to fill each polygon within the mesh. Ambient 
lighting effects are indicated by a global color shift. A 
known drawback of GL is that it does not allow for physi-
cally based light sources or reflectance models and thus, 
does not support shadow and shading of the tubes, 
though texture-mapping algorithms can be used to show 
lighting of lines [18]. The other popular rendering tech-
nique is GI, which involves simulating the behavior of 
light throughout the scene in order to increase visual real-
ism [15]. For example, the photon-mapping algorithm can 
produce interreflections and soft shadows [3].  

Two types of shadows, extrinsic and intrinsic [16], can 
be generated via illumination models. Intrinsic shadows, 
also called shading, are the shadows an object makes on 
itself (Fig. 1). It has long been used by artists [7] and un-
derstood by psychologists to provide information on the 
convex or concave shapes of objects and the direction of 
illumination in a scene [16]. When combined with glyph 
texture, intrinsic shadows also improve inter-surface dis-
tance judgment [31]. Extrinsic shadows (Figs. 1, 3, and 4), 
on the other hand, are those cast on one object by another, 
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and provide particularly salient cues to relative position, 
such as depth, distance, and orientations of objects [29, 
30].  

It is generally agreed that shadows also increase re-
ported task accuracy when motion is absent [36] and im-
prove depth perception as well [30]. For example, 
Thompson et al. analyzed how shadow and interreflec-
tion affect depth perception [30]. Their hypothesis was 
that both interreflections and shadows, whether fine or 
crude approximations and whether alone or in combina-
tion, "glue" objects to the surfaces they touch and hence 
improve spatial structure. They tested their participants’ 
abilities to determine whether a box was touching a 
ground plane and found that both shadow and interre-
flection cues and even one alone significantly improved 
depth perception. In our study, we test illumination mod-
els that can produce these subtle visual cues, with more 
complex geometry from DTI. 

Even though algorithms for calculating shadows exist, 
they are rarely used in rendering systems that involve 
highly complex geometry. It could be that shadow is so 
subtle that it sometimes does not provide strong 3D depth 
cue. Therefore, the shape of individual structure is diffi-
cult to perceive, especially when the scene is evenly illu-
minated [8]. In this work, we study whether people make 
use of these rich cues and whether they could help per-
form visualization tasks more efficiently and effectively.  

Unlike OpenGL rendering, GI supports interreflection. 
The light that ultimately reaches the eye and affects the 
image bounces more than once, so that surfaces not di-
rectly facing the light can be illuminated by other sur-
faces. Banks introduced the idea of maximizing the re-
flected light over the perimeter of an infinitesimally thin 
cylinder, treating diffuse and specular reflection sepa-
rately [2]. Hardware solutions to maximize reflection il-
lumination modes have been applied to diffusion tensor 
imaging by Wenger et al. [37]. Obert et al. addressed the 
aesthetic drawbacks of the inflexibility of GI by creating a 
relighting tool for CG filmmaking [24]. While many  stud-
ies have focused on algorithm design, our goal here is to 
understand the impact of image quality on task perform-
ance. Results from our work can guide visual designers 
towards important design features.  

Anecdotal evidence suggests that cues generated from 
GI allow more accurate discrimination of shapes by re-
vealing spatial structure and orientation among surfaces 
[5, 9, 10, 28, 35]. For example, Weigle and Banks showed 
that GI was beneficial in visualizing highly dense tubes 
for detecting the boundary shapes and reduced error 
rates in depth judgment tasks, especially when a perspec-
tive view is used [35]. Our work is in a similar spirit in 
comparing illumination models, but uses experimental 
settings that are closer to real-world uses of DTI when 
motion and texture are presented. 

Besides rendering with visual realism, nonphotorealis-
tic rendering (NPR) has also been used to enhance fea-
tures. For example, Ritter et al. design a “shadowlike” 
hatching algorithm to improve depth cues for vascular 
tree visualization [27]. Wenger et al. use threads and ha-
los to clarify depth relationships within dense DTI ren-

dering [37]. Ebert et al. present numerous NPR tech-
niques, such as silhouette enhancement, fading, sketching 
lines, opaque, intensity depth-cueing, and toning, that can 
potentially be applied to DTI imaging to improve scene 
understanding [8].  

2.3 Texture, motion, and context 
Texture is also an important factor in structural under-
standing of DTI imaging. It has been suggested that "lines 
that follow the form" convey shape effectively [12]. Here 
we use results from Jianu et al. to construct diamond tex-
tures that follow the tube geometry [14].  

Motion is known to improve spatial understanding 
[34]. However, its effect on task completion time is un-
clear. Most previous studies examine the effects of texture 
and motion alone. Our study, instead, supplements these 
variables with the rendering model. 

Increases in scene complexity could increase informa-
tion access costs and thus degrade task performance. For 
example, Hubona et al. study depth visualization by hav-
ing users perform two tasks related to positioning and 
sizing 3D objects in a scene under conditions of varying 
lighting, stereo or mono viewing, and background types 
[11]. They found that a stair-step background degraded 
task performance due to increased scene complexity, and 
attribute this to increased information access cost. In ad-
dition, scene understanding depends on the surrounding 
environment and the observer’s viewpoint [11, 23, 26]. 

2.4 Comparison to Psychophysics Studies 
Most related work comes from psychophysics or psy-
chology literature that measures the use of individual 
dimensions of visual features, such as movement, 
shadow, shading, color, contrast, and brightness. How-
ever, trying to generalize these results for use in computer 
graphics and visualization could be problematic, because 
these features alone could be pre-attentive in simple set-
tings, but be weakened by other cues [4, 32]. It is still un-
certain how people use a combination of visual cues to 
perform visual tasks. In contrast, our study measures task 
performance in practical application settings. 

2.5 Comparison to a Previous Study 
The most recent study by Weigle and Banks [35] is in the 
same spirit as ours in that its main purpose was to com-
pare GI and GL. However, there are several important 
differences between these two studies. First, the datasets 
differ: our scenes are taken from DTI subvolumes that 
have more curvature, while the previous study uses ab-
stract tensor field data. Second, visual realism differs: 
current GI provides extrinsic shadows cast on the ground 
plane, but the version used in [35] includes only shadows 
between tubes. Third, independent variables differ: our 
experimental design includes texture and motion, as op-
posed to the static images in the previous study. Fourth, 
performance metrics differ: our metrics includes not only 
error rate but also task completion time and accuracy, 
which are important parameters for 3D visual analytic 
tasks. We also did not limit the task execution time be-
cause these tasks were not pre-attentive. For similar depth 
judgment tasks, participants in the current study spent 
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about four times longer than in [35]. Fifth and probably 
most important, the tasks differ: our tasks cover a richer 
set for DTI uses. Finally, our subject pool (26 subjects) is 
larger than theirs (5 subjects). 

3 VISUALIZATION SYNTHESIS 
3.1 Geometry and texture 
The basis of our task geometry was a high-resolution 
streamtube model generated from DTI data. A sub-
volume of this dataset has constant size and tube density, 
calculated heuristically based on the total number of tri-
angles in this subvolume. The underlying geometry was 
used to generate texture coordinates to render a diamond 
pattern on the tubes for both GL and GI. The diamond-
shape texture follows the tube geometry [14].  

3.2 Illumination model 
Two rendering algorithms are used for the study: GL and 
GI. Fixed-pipeline OpenGL-style is rendered with per-
vertex lighting and Gouraud shading using Maya's 
hardware renderer. The GI rendering is produced with 
the Maya Mental Ray plugin. A Maya lighting rig was 
created based on a traditional three-point lighting scheme 
with several additional fill lights. Rim and key light 
placements were calculated according to a pre-set camera 
using a 35 mm focal length. The scene was lit from over-
head, a built-in bias in the human visual system for look-
ing at a scene [10]. Three million simulated photons were 
used in each image. The resolution of an image was 
1600x1600, rendered with a perspective view. 

In constructing the scene, 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 
have “perceptually good” shadows. The lighting process 
is particularly difficult due to the numerous parameters 
for all the renderer’s components, each of which has a 
visual impact on the final image. Unfortunately, small 
changes in light placement and intensity can yield wildly 
differing images. 

3.3 Motion 
We employed passive rotation for the tube tracking task 
and rocking of the dataset for the depth and contact 
judgment tasks when motion is presented. Motion was 
synthesized using a sequence of 23 images, each image 
sequence accounting for ±5 degrees of rotation in Y (verti-
cal in the image plane) from the axis-aligned DTI data. 
We did not allow free-form interaction because the high 
computational costs associated with GI prohibited real-
time viewpoint-based rendering.  

4 EXPERIMENTAL DESIGN 

4.1 Design 
The primary purpose of this study was to explore the ef-

fects on task performance of illumination model, motion, 
and texture. Our hypothesis was that use of GI, texture, 
and motion would all improve task performance by re-
ducing task completion time and error rates and improv-
ing accuracy. We used a 2x2x2x3 within-participant de-
sign with the following independent variables: illumina-
tion model (GL and GI), motion (presence or absence), 
texture (presence or absence), and task (depth judgment, 
visual tracing, and contact judgment). Each participant 
performed 48 tasks, 16 for each of the three tasks, follow-
ing a Latin-square design. The order of the tasks was ran-
domized. Task completion time, accuracy for the tube 
tracing, error rate, and subjects’ comments were recorded. 

4.2 Participants 
Twenty-six volunteers (11 males and 15 females) partici-
pated in this study. All were Brown University under-
graduate and graduate students. Two had prior exposure 
to medical imaging applications. 

4.3 Tasks and user interface 
Table 1 summarizes the three tasks used in our study. All 
tasks involve judgments related to the underlying geo-
metrical tube structures drawn from the DTI data. All 
tasks were performed using a Dell 3007WFP monitor 
running at a resolution of 2560x1600. 

Depth judgment task 
Participants were shown a blue and a green tube em-

bedded in a dataset (Fig. 2) and were asked to report 
which tube was closer to their viewpoint. The tubes were 
selected at random with the constraint that they not oc-
clude each other from any sampled viewpoint. Internally, 
the distance between the two tubes was computed by 
sampling on a fixed interval across the dataset rotation 
range. We call this task a global visualization task because 
it may require visual scanning of neighboring tubes in 
order to make a correct judgment. 

TABLE 1 
TASK TYPES 

Type Example 

Depth judgment Which tube is closer, the blue or 
the green tube? 

Visual tracing Where is the endpoint of the 
tube? 

Contact judgment Does the blue sphere intersect, 
touch, or have no contact with the 

tubes? 
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Visual tracing task (following task) 
This task required participants to trace a tube marked 
with a blue sphere on one end and to mark the other end-
point (Fig. 3). The tube was randomly selected. The con-
straint for the selection was that the two endpoints must 
be visible from all possible viewpoints. Once the un-
known endpoint 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 ro-
tate the dataset interactively using the keyboard. We did 
not use motion by rocking, because tracking a tube in a 

dynamic scene could be difficult and impractical. We call 
this task a global visualization task because it also re-
quires visual scanning of neighboring tubes, similar to the 
depth judgment task. 

Tumor task (contact judgment task)  
Participants were asked to judge whether and how the 
blue sphere intersected the tubes. A blue sphere embed-
ded in the dataset represents the location of a tumor. The 
judgment should be based on the closest distance be-
tween the two. There are three possible answers: (1) no 
penetration, (2) tangential penetration, and (3) full pene-
tration (Fig. 4). Here no penetration means that tumor 
was free-floating, with no tubes touching it; tangential 
interaction means that the tumor grazed the tube(s) but 
did not fully intersect; and full intersection means that the 
tumor intersected the tube(s). The sphere was randomly 
placed in the dataset with equal distribution among the 
three cases. We call this a local visualization task because 

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

 
Fig. 4. Tumor task. Participants were asked to judge the relationship 
between the tumor (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.  

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

 
Fig. 3. Visual tracing task. Participants were asked to trace a tube and 
mark its endpoint. The user should mark the location at the red dot. 
When motion was enabled, participants could rotate the dataset using 
the keyboard. 
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participants need to examine only the tubes around the 
tumor. 

User interface 
After each task, participants were required to identify the 
cues that were useful in performing the task (Fig. 5). The 
purpose of this step is to determine the usefulness of cues 
and to find correlations between the perceived usefulness 
and task completion time.  

 

4.4 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, and were 
told how to examine the visual cues and were allowed to 
iterate as much as they liked. They were also asked to 
remember the cues and were told that this document 
would not be provided 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 the 
three tasks and answered the cue question after each task. 
Finally, subjects’ responses were collected in a post-
questionnaire relating the perceived usefulness of these 
techniques to DTI, the difficulty of the tasks, and the aes-
thetics of the rendering schemes. Subjects were also inter-
viewed for additional comments. 

RESULTS 
5.1 Main effects 
We performed four-factor ANOVA on illumination mod-
els (local GL and global GI), texture (presence and ab-
sence), motion (presence and absence), and task type 
(depth judgment, visual tracing, and tumor). We found a 
significant effect of motion on task completion time 
(p<0.0001, F(15, 1184)=26.36),  with mean=26.04s with 
motion vs. mean=20.56s without motion. Another signifi-
cant main effect was task type (p=0.0005, F(15, 
1184)=12.07). There were strong two-way interactions 
between task type and motion (p=0.0063, F(15,1184)=7.49)  
and between task type and texture (p=0.0032, F(15, 

1184)=8.71). No other two-way or three-way interaction 
was significant. We report our results by task type be-
cause it had a strong influence on task completion time.  

5.2 Depth judgment task 
Figure 6 shows performance data for all participants. We 
removed five outliers at 99% percentile, leaving 446 ob-
servations. The cutoff line was 103 seconds. Only one an-
swer of the five outliers was correct. Texture was always 
present in this condition due to missing data in the ex-
perimental design (we had miscoded the case of no tex-
ture).  As a result, no effect of texture can be measured. 
Correctness had no significant impact on task perform-
ance. 

Figure 7 shows the main effects of motion and illumi-
nation model on task completion time. The illumination 
model had significant impact on task performance 
(p=0.02, F(1, 377)=5.4), with GL showing shorter task 
completion time (mean= 21.4s vs. 24.1s). Motion had 
strong impact on task performance (p=0.038, F(1, 
377)=4.75), with no motion showing better task perform-
ance (mean=21.4s vs. 24.1s). Subject also had strong effect 
on task performance (p<0.0001, F(24, 377)=7.33).  

The effects of the four combinations on task perform-
ance was borderline significant (p=0.054, F(3, 442)=2.56), 

 

Fig. 7. Effect of illumination model and motion on task completion time 
for the depth judgment task. The error bar is one standard deviation. 
Both the illumination model and the motion had significant impact on 
task performance.  

 

Fig. 6. Task completion time for all observations. 

 

Fig. 8. Effect of visualization on task completion time. The HSD test 
showed that the “local + T” and “global + M + T” belong to different 
groups. 
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by which we mean that the effect was significant if the 
threshold of the statistical α value = 0.1 but not if α = 0.05  
(Fig. 8). The Tukey Studentized Range Test (HSD) proce-
dure shows that the pair (Global + M + T) and (local + T) 
are in different groups. 

The main effects of motion and illumination model on 
error rate are shown in Fig. 9. To our surprise, motion 
increased the error rate (72.6% vs. 66.7%). The global il-
lumination model led to a slightly higher error rate 
(70.0% vs. 68.95%). The Pearson chi-square statistics on 
the motion and error rate suggest that there is no signifi-
cant evidence of an association between motion and error 
rate (p=0.17). There is also no association between render-
ing style and error rate (p=0.8). The local illumination 
model when combined with motion and texture (local + 
M + T) led to the highest error rate (Fig. 10).  
     Participants’ uses of a visual cue were measured using 
the percentage rate when the cue was present. 62.5% of 
participants made use of motion cues when there was 
motion and 32.7% participants used shadow cues with GI. 
The reported overall use of other cues ranked from high 
to low is: context 57.0%, occlusion 54.3%, shading 32.5%, 
color 17.1%, and size 14.8%. 

5.3 Visual tracing task (tube following) 
There is a strong effect of error rates on task performance 
(p<0.0001, F(1, 249)=92.15), with the shorter time for the 

correct answers (mean=22.4s vs. 42.13s). We therefore 
based the analysis on two groups: all observations and 
the correct observations. For both conditions, we removed 
outliers beyond the 99% percentile, five outliers for both 
conditions.. 

 The main effect of participants was significant 
(p<0.0001, F(24, 249)=3.5) (Fig. 11). There was also a sig-
nificant main effect of motion (p=0.002, F(1, 249)=9.41), 
with no motion showing better task performance, mean = 
22.9s vs. 30.1s.  The HSD test for time showed they be-
longed to different groups. Texture was also significant 
(p=0.017, F(1, 249)=5.79), with no texture having better 
task performance (mean = 24.47s vs. 28.7s). The illumina-
tion model was not significant: GL showed slightly better 
task performance (mean=26.3s vs. 27.1s). When only cor-
rect answers were used for statistical measurement, tex-
ture became insignificant (p=0.75, F(1, 154)=0.09). Motion 
remained a significant main effect. 

The effect of illumination model, texture, and motion 
on error rate is shown in Fig. 12. All main effects are sig-
nificant, and GI, motion, and no texture led to a higher 
error rate.   

The effects of visualization on task performance, tak-
ing into account all observations and all correct ones, are 
shown in Fig.s 13. We found that local illumination with-

 

Fig. 9. Effect of illumination model and motion on error rate.  

 

Fig. 10. Effect of visualization on error rate. The GL local illumination 
model without motion led to the lowest error rate. 

 

Fig. 11. Effect of illumination model, motion, and texture on task com-
pletion time with all and with correct observations. The error bar is one 
standard deviation. Motion had a significant effect on task perform-
ance. Texture was also significant with all observations, but not with 
only the correct ones. Illumination model was not significant. 

 

Fig. 12.  Error rate for the visual tracing task. 
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out motion and with texture (Local + T) led to the shortest 
task completion time, followed by Global + T, though the 
HSD test did not find pairs in different groups. Local il-
lumination with motion and without texture (Local + M) 
led to the lowest error rates, followed by local illumina-
tion without texture and motion (Local in Fig. 14).  

Accuracy was measured by the distance between the 
pointer and the true target location on the image plane: 
the smaller the distance, the more accurate the subject for 
the task response. We found no significant main effect 
(motion, rendering style, or texture) on accuracy. How-
ever, there was a strong correlation between accuracy and 
task completion time (r=0.25, p<0.0001) for all observa-
tions: longer task completion time results in lower accu-
racy. This trend did not hold merely for the correct obser-
vations: there is no association between accuracy and 
time. Also, motion had significant impact on accuracy, 
leading to higher accuracy when all observations were 
used (Fig. 15); however, this trend became not significant 
when only correct observations were used. 

All observations showed a strong association between 
the use of motion cues and the presentation of motion 
(p<0.0001), with 56.5% participants reporting that they 
used motion cues when available. Reported texture cue 
use also had a strong association with the presentation of 
texture, with 47.4% participants reporting used of texture 

when presented. The use of shadow cueing was low: only 
4.41% used it when presented with global illumination. 
The other reported cue uses, from high to low, are context 
67.8%, occlusion 50.5%, shading 43.4%, size 14.6%, and 
color 3%. The same trend is seen when all correct answers 
are used. 

5.4 Contact judgment task (tumor task) 
Six outliers were removed from the data, among which 
four gave the correct answers. Since the correctness of 
participants’ answer did not have a significant impact on 
task performance (p=0.18, F(1,447)=1.77), we analyze the 
data based on all responses.  

The only significant main effect was motion (p<0.0001, 
F(1, 384)=47.22): again, no motion led to better task per-
formance (mean=15.0s vs. 23.8s) (Fig. 16). Illumination 
model (mean=18.7s vs. 20.0s) and texture (mean=18.80s 
vs. 20.08s with and without texture, respectively) were 
not significant. 

We also measured the effect of visualization method 
on task performance (Fig. 18) and error rate (Fig. 19). The 
test cases were significant (p<0.0001, F(7, 435)=8.21). As 
expected, the full model (Global + M + T) had the lowest 
error rate, although task completion time was longer. A 
well-balanced visualization method was (Local + T), with 
shorter task completion time and relatively low error rate.   

Participants were asked to rate on a post-questionnaire 

 

Fig.13. Effect of visualization on task completion time. The error bar is 
one standard deviation. 

 

Fig. 14. Effect of visualization on error rates. The error bar is one stan-
dard deviation. 

 

Fig. 15. Effect of illumination model, motion, and texture on accuracy. 
The error bar is one standard deviation. 

 

Fig. 16. Effect of illumination model, motion, and texture on task per-
formance. The error bar is one standard deviation. Motion had signifi-
cant impact on task performance; texture and illumination method did 
not. 
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the usefulness of the illumination model, aesthetics, and 
the difficulty of the tasks. 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 realism of the ren-
dering, i.e., Local (3.27) < Local + Texture (3.78) < Global 
(4.29) < GIobal + Texture (5.27).  The scores for aesthetic 
beauty were the reverse of the texture categories: Local + 
Texture (3.57) < Local (3.62) < Global + Texture (4.19) < 
Global (4.88). Participants rated the visual tracing task the 
most difficult (score = 5.11) and the contact judgment task 
the easiest (score=3.73). The difficulty rating for the depth 
judgment was in the middle range (score=4.77). Partici-
pants had a strong preference (5.52 on the 1-7 scale) for 
rotating the dataset (with motion) over using static frames 
(without motion). 

6 DISCUSSION 
6.1 Effect of illumination model on performance 

metric is task dependent 
The effect of the illumination model on task performance 
was task-dependent: global illumination led to longer 
task completion time for the depth judgment task, similar 
to the results in Weigle and Banks [35]. Our results show 
a significant main effect compared to their non-significant 
one probably because our study has more participants (26 
vs. 5). The illumination model had no effect on the tube 
tracing and contact judgment tasks with regard to task 
completion time.  
We had expected that GI would be important for the con-
tact task because interreflection could suggest orienta-
tions and distances between the tumor and the tube [3]. 
However, this effect was not supported in our study, with 
GI showing a slightly lower error rate (Fig. 17). One pos-
sible explanation is that the tubes are so dense that subtle 
cues showing inter-object relationships disappear in the 
visualization. Our results suggest that a far less dense 
tube rendering is desirable in the contact judgment task to 
make it easier to detect the mapping between the tube 
and the shadow cues. Our results also suggest the need 
for careful task-oriented illumination models. A task-
specific rendering could be more useful here than any 
general illumination approach.  
GI had approximately the same error rate as GL in the 
depth judgment task, contrary to the results of Weigle 

and Banks’s study. A possible explanation is that the size 
cue (the closer the tube, the larger the tube diameter) is 
more pronounced in their perspective viewing, Global 
illumination led to higher error rates for the tube tracing 
task. Since only 4.4% of the participants reported using 
shadow cues, we suspect that GI increased the visual 
complexity of the scene by adding extra cues, thus in-
creasing task completion time. These results suggest that 
the visual complexity caused by interreflections and 
shadow cues could be large compared to GL. 
In general, GI adds overall brightness to the image and 
hence reduces the effects of individual colors, while at the 
same time increasing the apparent contrast of the scene. 
Of the tasks for which people rarely use shadow cues, 
tasks that required higher contrast are likely to benefit 
from GI. Also, the density of the scene cannot be too high; 
adding a mask to increase local and global contrast might 
be useful.  

6.2 Motion increases task accuracy at the cost of 
longer task completion time 

Motion had a negative effect on task completion time for 

 

Fig. 17. Effect of illumination model, motion, and texture on error rate 
for contact judgment task. The error bar is one standard deviation. 

 

Fig. 18. Effect of visualization on task completion time for contact 
judgment task. The error bar is one standard deviation. (Local + T) 
showed the best results, and the results for global illumination were no 
better, even without texture.  

 

Fig. 19. Effect of visualization on error rate for contact judgment task. 
The full cue condition (Global + M + T) had the lowest error rate.   
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all tasks, even though it increased task accuracy for the 
contact judgment task. Motion improved task accuracy 
for the tumor task because that task required participants 
to make use of local visualization, so that less visual inte-
gration from multiple views is required. For the depth 
judgment and visual tracing tasks, motion had negative 
impact on task completion time. This result indicates that 
motion-introduced benefits come at a cost of cognitive 
workload for visual tracking. Participants had to under-
stand the image from multiple views and had to track the 
views that did not represent continuous motion (±5 de-
grees).  
A practical design suggestion to balance task completion 
time and accuracy is to make motion available at the be-
ginning of a trial, then turn it off when subjects under-
stand the layout. Ignoring motion completely to shorten 
task completion time might not be practical because the 
scene could appear flattened and two-dimensional [13]. 

6.3 Texture should reflect underlying task and data 
pattern  

The presence of texture caused higher error rates in the 
depth and tube tracing tasks, but not in the tumor task. 
Again, we attribute this result to the difference between 
local and global tasks. Texture did not help the visual 
tracking task because when a DTI bundle has many tubes 
the entire scene is flattened to a single mass of diamond-
textured shapes. Because of spatial masking from context, 
participants would have great difficulty in detecting a 
tube’s direction when the context has similar frequency 
content. In addition, the diamond shape could have been 
poor at conveying orientation information because it in-
cluded more than one edge orientation, making it hard 
for the human visual system to detect the continuity. A 
way to reduce this difficulty is to make the geometry long 
and thin, to distinguish the two textures by at least 30o [6]. 
Another way would be to orient the texture to near-
horizontal or near-vertical lines [19] or to follow the prin-
cipal direction. 
Texture must be carefully generated in highly dense envi-
ronments. Participants also reported confusion about spa-
tial relationships due to texture. The texture design may 
also be task-dependent. For the occlusion task, a useful 
texture could be one that presents the relative depth of 
components. When textures were presented in the visual 
tracing and contact judgment tasks, subjects examined 
them in greater detail. Texturing methods such as dots 
[27], as proposed for the vascular structure, are worth 
exploring within the context of different rendering meth-
ods, as they have been proven to improve task perform-
ance.   
Shading is useful in conveying shape information. Since 
the only shape here is the tube and its path, participants 
reported they used shading (32.5%, 43.4%, and 25%). We 
would expect shading or intrinsic shadow to be used for 
the tumor task because both convey shapes. We did not 
observe this effect, probably because the tumor had a 
large round shape that did not require detailed visual 
examination. Another explanation was that the scene 
complexity caused less clear interobject relationships.  

6.4 Scene complexity has strong impact on stimuli 
effectiveness 

As in Thompson et al. [30], scene complexity has probably 
introduced higher cognitive load. The geometry in [30] 
consisted of a ground plane and a box, and the depth cues 
afforded by GI were sufficient to identify ground plane 
contact. However, with the added complexity of stream-
tubes, this advantage is not as clear, even though most 
participants reported using context (57%, 67.8%, and 
60.5% for the three tasks).  
One solution to this problem might be to use semi-
transparency, or show task-relevant tubes with clear con-
junction to produce partial occlusion effects. Another so-
lution is to design seeding strategies to distribute the 
streamlines maximizing task-related cues. Though nu-
merous studies suggest algorithms for line distribution, 
whether they facilitate cue use beyond reducing density is 
unclear.  
Our informal observations also suggest that the size of the 
display may increase task complexity. The tube-following 
task is simple when no occlusion occurs and when visual 
scan of the environment requires only foveal vision. In 
these conditions, eyeball movement is sufficient to ac-
complish the task. When head movement is required and 
the tube is long, the mental effort becomes much greater 
because of the low resolution of human peripheral vision. 
The task complexity can be very high when the number of 
tubes associated with the task-relevant one is more than 
human visual capacity (handling 3 to 4 items at once). 
Enhanced techniques would be useful in order to im-
prove depth judgment. 

6.5 Render only task-relevant information for 
effective visualization 

Our results suggest that GL often shortens task execution 
time. It might thus be sufficient for most visualization 
tasks (Figs. 8, 13, 18), but it might also lead to a relatively 
high error rate (Figs. 9, 14, 19). It is worth noting that the 
full cue conditions (GI+T+M) led to the lowest error rate 
for the contact judgment task (Fig. 19), though the effect 
was not caused by illumination model.  

6.6 Subjective choice of cues is relatively 
consistent  

The order of reported cue use was consistent across task 
conditions, with the most used cues being context fol-
lowed by occlusion. The least used cues were size and 
color. This agrees with the literature where occlusion is 
known to be the strongest visualization cue to represent 
depth information [34]. It was not surprising that partici-
pants did not make use of color because the hues were the 
same. Size cue was not particularly useful even though 
we used perspective viewing. This could be because the 
camera did not have a wide enough view to make the size 
cues pronounced.  

6.7 Functional value and perceived value of 
visualization  

Our results demonstrated no significant increase in task 
performance with the increase in visual realism (GI), de-
spite the high rank of the perceived usefulness of realistic 
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rendering. This result suggests that visual design should 
differentiate between the functional and perceived values of 
visualization. A rendering that “looks good” might not be 
suitable for scientific 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 perceptual or atten-
tion-based rendering approaches to see if more insights 
can be obtained with lower error rates and shorter task 
completion times for scientific visualization tasks. 

6.8 Lighting design 
An astute participant who identified herself as a graphic 
designer said of the intersecting geometry 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” [30].  The shadow in question was probably 
too dim to be useful as a cue due to an overuse of fill 
lights and ambient illumination calculated from GI, 
which is a byproduct of insufficient lighting design.  Con-
siderable pains are taken in the visual effects industry to 
design lighting that complements the complexity of the 
rendering algorithms, which suggests that visualization 
applications could benefit from further exploration of 
lighting paradigms. 
In addition, computer graphics artists achieve "fake" 
lighting with shading operations in cases where the visual 
complexity and target exceed the capabilities of physi-
cally based rendering techniques. This type of methodol-
ogy could be used to accentuate important aspects of the 
visualization data, as is commonly done in NPR treat-
ments such as research on vascular structures [27]. Visu-
alization methods that mix rendering approaches could 
provide an interesting balance by using physically based 
algorithms such as GI as a starting point and tailoring the 
output on the basis of prior knowledge of the data being 
visualized, as in NPR techniques.  

6.9 Comments on our application-oriented study 
and cue-oriented psychophysical study 
method 

There is a tradeoff between psychological studies on sim-
ple scenes and our studies using real applications. We 
evaluated scenes that resembled actual DTI datasets with 
large visual complexity. While psychological studies are 
good at isolating causes and effects, application-oriented 
studies allow us to understand the combinational effects 
of cues. We like to study multiple cue uses also because 
humans have a potential for visual gestalt, i.e., our visual 
perception system lets us develop an understanding of a 
whole that could be more than the sum of the parts. The 
visual gestalt could add a new twist to visualization de-
sign that makes integrated visual access appealing. 

6.10 Limitations of our study 
Our study is preliminary and has several limitations. We 
sought scenes from subvolumes of DTI data and thus did 
not explicitly control the tube densities. This caused diffi-
culties in reporting details about what visualization con-
ditions work the best. Also, placing the blue sphere ran-
domly in a randomly selected tube subvolume for the 

contact judgment task may not make be a “good” task for 
testing visualization techniques, where we define “good” 
as sufficiently difficult (i.e., a clearly free-floating tumor is 
trivially easy) and sufficiently constrained (i.e., the tumor 
is not hidden by all the tubes). There are similar con-
straint issues with generating geometry for the other task 
types. 

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

• The effects of global illumination, motion, and 
texture on task completion time and error rate 
are task dependent. It is important to control 
scene complexity in order for the illumination 
model to be useful.  

• Motion enhanced accuracy for tasks requiring 
longer execution times. Use motion with caution: 
it is important before participants understand the 
scene, but may not be needed afterward. 

• Motion reduces error rates and increases accu-
racy for tasks that require local visual scans (con-
tact judgment task). For tasks requiring global 
scans across the screen (depth judgment and tube 
tracing), motion led to higher error rates. 

• When motion and texture are presented, people 
learn to use them. The use of shadow cueing is 
task dependent. The use of other visual cues such 
as context, shading, and size is independent of 
task conditions for the tasks we measured. 

• For complex scenes, the GI with high visual fidel-
ity does not lead to better orientation and depth 
judgment performance, suggesting that a less 
dense rendering algorithm or better depth repre-
sentation is preferable. 

• A range of visualization methods can offer simi-
lar task performance for certain tasks, so that de-
signers can have a range of choices for their tasks 
at hand.  

• When making design decisions, it is important to 
differentiate the functional and perceived value 
of visualization.  

In conclusion, there are no black-box solutions in visuali-
zation, and any rendering technique must be modified 
depending on the data involved to maximize task per-
formance. Studies such as this provide a mechanism for 
decomposing a visualization according the usefulness of 
individual cues.  
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