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Abstract

We present the problem of visualizing time-varying medical data.
Two medical imaging modalities are considered - MRI and
dynamic SPECT. For each modality, we examine several derived
scalar and vector quantities such as the change in intensity over
time, the spatial gradient, and the change of the gradient over
time. We compare several methods for presenting the data, includ-
ing iso-surfaces, direct volume rendering, and vector visualization
using glyphs. These techniques may provide more information and
context than methods currently used in practice, thus it is easier to
discover temporal changes and abnormalities in a data set.
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1. Introduction

Time-varying data is commonly used in medicine. Physicians
frequently follow progression of disease and make treatment
decisions based on periodic scans of a patient. For example,
multiple sclerosis (MS) is a degenerative disease characterized by
scar tissue that appears as bright lesions in spin-spin (T2) and
proton density (PD) Magnetic Resonance Imaging (MRI) brain
scans. Thus, physicians use sequences of MRI images to diagnose
MS and track disease progression over several months or years.

Similarly, in nuclear medicine, function of a particular organ may
be analyzed by measuring the temporal change of the spatial
distribution of radioactive tracer bound to molecules with known
biological function. These tracers are designed to concentrate at
the organ of interest; hence, they visualize organ function.

At present, nuclear medicine dynamic studies are generally limited
to planar single photon imaging, which gives poor localization and
cannot be accurately corrected for attenuation effects. To address
these issues, we use the new dynamic SPECT (dSPECT) method
[5][8] that allows us to obtain quantitative information about
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kinetic processes in the body, from the data acquired using a
standard clinical acquisition protocol. The result of dSPECT
reconstruction, which includes attenuation and resolution recovery
corrections, is a 4D data set composed of a time-series of 3D
SPECT images. There are currently no methods to display and
analyze thistype of data.

We specifically focus on kidney studies because the flow is easy to
visualize, asillustrated in Fig. 1. The radioactive tracers in the
bloodstream wash out in the kidneys and collect in the bladder. We
expect the activity to come down the aorta abdominalis (1) and
flow into the aorta renalis (2). Here the activity will be distributed
over the kidney cortex (3) and then pass the medulla (4) to collect
in the renalis pelvis (5). Then. approximately every 30 seconds, a
small amount of urine containing the activity flows down the
ureter (6) to collect in the bladder (7).

FIGURE 1. Hand-drawn diagram of flow through the kidneys

Currently, radiologists interested in temporal information from
some imaging modality must manually compare 2D images of the
same patient, acquired at different times, on a dice-by-dlice basis.
Such comparisons are difficult and time consuming; thus, not
frequently done, particularly when the volumes are not aligned or
the quantity of images is very large. Furthermore, 2D slices
provide no information about 3D structure or rates of change.

We believe that visualizing time series data in 3D using flow
visualization techniques could provide new insight into the
information contained in the data and lead to improved diagnosis
or treatment. For this reason, we are exploring techniques for
visualizing time-varying medical data, and analyzing their
effectiveness for MRI and dSPECT.



2. Previous Work

Methods to visualize volume data, primarily isosurface extraction
[3][13][17] and direct volume rendering [16][3][17] have been

extensively studied. Recent devel opments have produced efficient
data structures and algorithms for rendering time-series volume
data [1][7]. However, we are unaware of other work extending
volume visualization techniques to 4D medical data sets.

By contrast, several 4D visualization techniques have been
developed for flow visualization. These include glyphs,
streamlines/timelines, texture advection, and line integral
convolution [4][6][17].

Initial investigation into the problems of visualizing dSPECT and
MRI time series data can be found in [15] and [18]. In addition, a
few recent attempts have been made to apply flow visualization
ideas to tensor data from diffusion-weighted magnetic resonance
imaging. Kindimann and Weinstein use volume rendering with
novel methods for assigning colour and opacity values [10].
Laidlaw et al. use oriented “brush strokes” to visuaize tensors, in a
manner similar to glyph visualization or texture advection [12].
Zhang et al. [20] visualize tensors with the aid of stream tubes and
stream surfaces. These techniques are effective for tensor datain
particular applications, but have not been applied generally to
vector visuaization in medical data sets.

3. Approach

Since methods to visualize 4D fluid flow have been extensively
studied, we felt these techniques would be a good starting point for
our investigation. Our approach isto look at techniques developed
for other applications and evaluate how and when they work for
4D medical data. Results of this evaluation will be used to develop
new techniques in places where existing methods are inadequate.

4. Data Preparation and Preprocessing

Our MRI data consisted of 11 time steps (each one month apart)
with dimensions 256 x 256 x 22 dices. Brain tissue and MSlesions
were segmented from each slice using methods given in [2] and
[11]. Registration was necessary since a slight change in head
position could produce misregistration artefacts as large as real
lesion changes [9]. Registration was accomplished using
Automated Image Registration [19]. Parameters for registration
and additional preprocessing details can be found in [18].

Dynamic SPECT data was acquired with a Siemens e.cam camera
with two heads, 90 degrees apart, and with single 180 degrees
rotation. The data was reconstructed using the dSPECT
reconstruction, which yields 4D dynamic SPECT data. The matrix
size of the reconstructed spatial image was 35 x 50 x 80 (with
voxe size4.7 mm3). Total acquisition time was 12 minutes and 64
temporal frames were recorded. Attenuation and resolution
recovery correction were used in reconstruction [5][8].

4.1 Vector Extraction

Before visualizing the change over time in a data set, we needed to
understand what changes we wanted to see.

For dynamic SPECT, we had clear expectations of how activity
should flow, so we could use a flow simulation model to calculate
flow vectors. First, a 3D region of interest mask was used to
classify each voxel to aparticular tissue. Using voxel classification

and position, an average flow direction and velocity for the voxel
were computed. These vectors were fit to the real datain a second
iteration step. To compute the final flow direction and velocity we
assumed a homogeneous flow field. For most tissues the vectors
are nearly constant over time; only the ureter has a periodic flow
with a maximum around every 30 seconds. The flow direction and
speed were computed using the initial flow vector, the flow
direction of neighbouring voxels, and the rate of change of the
voxel time-activity-curve. The resulting vectors represented the
flow of the radioactively labeled molecules.

For MRI, expectations of how intensities would change over time
were less clear, and anatomical masks for every tissue type were
unavailable. Hence, we defined the following quantities:

Quantity
1(x,y,z,t)

Description

Intensity in the volume, afunction of 3 spatial
dimensions and 1 time dimension (scalar value)

di/dt Changein | over time, calculated by forward dif-
ferencing (positive or negative scalar value)

Spatial gradient at each point, calculated by cen-
tral differencing (vector)

G(x,y,zt)

dG/dt Changein gradient over time, calculated by for-
ward differencing (vector)

Note that dG/dt (the change in gradient over time) is equivalent to
the spatial change of di/dt; thus, this quantity may provide a good
indication of spatial movement over time, while dI/dt should give
us an idea of how intensities are changing temporally. However,
these vectors are merely a starting point for exploration into the
data set; their physiological meaning is unclear and it is not
obvious that they will provide interesting or useful information.

4.2 Visualization

We explored several visualization methods: isosurfaces, volume
rendering, and glyphs, to compare their effectiveness for two
imaging modalities and applications. All of our methods were
implemented with the aid of the Visualization Tool Kit [17]. In
addition, we used IDL [14] for some dSPECT visualizations.

4.2.1 Isosurfaces

To illustrate spatial movement and volume changes over time,
semi-transparent isosurfaces from different time frames were
displayed together and coloured by time information. |sovalues
were generally the same for all time frames, but this could be
modified by the user interactively. Additional isosurfaces (of the
brain for MRI and the kidneys for dSPECT) provided context and
orientation cues. Furthermore, users could interactively rotate,
zoom, and pan the display, change isoval ues and opacities for each
time frame, and step through time as an interactive animation.

For MRI, we had the advantage of segmented brain and lesion
data. Thus, avery low isovalue could be selected to easily separate
lesion or brain tissue from the background in the segmented data
sets. For dSPECT, isovalues were found by trial and error, with the
kidney having alower isovalue than regions with high activity.

4.2.2 Direct Volume Rendering

Wevisualized intensity (1) and changein intensity over time (dli/dt)
using direct volume rendering. For dSPECT intensity data (1), the
transfer function was designed to highlight high intensity regions.



For di/dt, it was designed to indicate magnitude and direction of
the change at each voxel.User interaction and surface models of
the brain or kidneys were incorporated similar to the isosurface
program described above. In addition, animations showing
cumulative changes over time could be generated.

In the segmented MRI data, non-lesion material had a value of
zero; hence, size changes appeared as large intensity changes. This
effect could easily be removed by using unsegmented data to
calculate dI/dt; however, the effect is not necessarily undesirable
sinceit highlights changesin shape, which may be important.

4.2.3 Glyphs

Glyphs were used to visualize flow vectors for dSPECT, and di/dt,
G, and dG/dt for MRI. In many cases, isosurfaces of the data were
included for orientation purposes (i.e. brain and lesions for MRI
and kidneys for dSPECT). Two types of glyphs were utilized: 3D
glyphs with a cone geometry and hedgehogs with a line geometry.

Generally, glyph colour and length represented vector magnitude,
while orientation illustrated flow direction. However, slight
modifications were made for the 1D dl/dt vectors. In this case,
colour represented whether the change was negative or positive,
and length indicated the magnitude of the change. Two different
approaches were taken regarding glyph orientation. In the first,
glyphs were designed to point in exact opposite directions for
negative and positive change. We believed that redundant mapping
of colour and direction to change direction would emphasize this
feature in the data. In the second approach, glyphs pointed in the
direction of the surface normal, with the idea that lesion areas may
be thought of as “growing outwards’ or “shrinking inwards” in the
direction of the surface normal.

5. Results and Discussion

5.1 Isosurfaces

Fig. 2 (see colour plate) illustrates results of isosurface extraction.
A colour scaleis used to encode time.

For MRI (Fig. 2 (&), isosurface displays provide a 3D impression
of how lesions are oriented within the brain, the amount of volume
they occupy, and where large and small lesions are located. Since
any number of data sets can be displayed at once, it is possible to
see that some older lesions disappeared (blue areas) and some new
lesions appeared (red areas).

In our dSPECT kidney study, we are interested in how fast the
activity washes out and which areas contain the most activity.
Fig. 2 (b) shows a shrinking iso-surface illustrating the washout
process. The first iso-surface (shown in green), shows that most
activity is contained in the cortex, while in the last one (blue), most
activity iswashed out and collected in the pelvis.

Note that because 3D objects are projected into two dimensions,
colour combinations may be caused by isosurfaces lying behind
one another rather than at exactly the same location. Interactive
rotation of objects improves understanding of 3D orientation,
contributing to the resolution of this problem. We also notice that
increasing the number of isosurfaces causes complete occlusion of
some objects. To address this, we devel oped toolsto allow usersto
interactively change opacities and isovalues for individual
contours.

Animations showing changes in isosurfaces allow all time steps to
be viewed without occlusion. These animations can either be
generated for a single viewpoint and viewed offline, or run
interactively so the user can step back and forth through time
frames and change parameters and viewing direction at any time.

5.2 Direct Volume Rendering

We use direct volume rendering to visualize scalar values | and dI/
dt. For dSPECT, wherethereisaclear flow of activity, we found it
more useful to visualize the intensity values and illustrate change
over time using animation.The single focal point at the center of
the activity makes it easy for viewers to follow the change in
activity throughout the animation. Moreover, intensity values may
be more natural to visualize than changein intensity.

Fig. 3 (b) and (c) show two frames from a direct volume rendered
animation of dSPECT data. Areas with low activity appear green,
while areas with high activity are coloured red. You can clearly see
that in (b) most activity is contained in the kidney cortex and
medulla. In (c), three time frames later, we can see that a lot of
activity has washed out and collected in the pelvis.

By contrast, for MRI, we found that rendering intensities and
displaying the time dimension using animation was not highly
effective. For MS lesion data, animations showing intensity allow
the user to see global changes (e.g. if many lesions in one area
changed in a similar way). However, there is no clear focal point,
and attentive search is required to identify the (more common)
small, localized changes.

A direct volume rendered image of dl/dt changesin MSlesionsis
displayed in Fig. 3 (a). This figure illustrates that localized
intensity changes occurred in the MS lesions. For example, the
bluish spot in the middle represents an intensity drop, while
severa red and brown spots represent intensity increases.

5.3 Glyphs

For dSPECT, glyphs and hedgehogs are used to visualize flow of
activity. Fig. 4 (c) shows the flow visualized using 3D glyphs. The
cone geometry clearly shows flow direction; furthermore, glyph
length and colour make it easy to see the speed of the washout.

In Fig. 4 (d), hedgehogs indicate flow towards the pelvis and down
the ureter. Colour represents the concentration of activity; you can
see that the concentration in the kidney cortex and medulla are
higher than in the pelvis.

In an animation, we would see that most vectors remain the same
in speed and direction. However, in the ureter, the flow direction
would remain constant, but the velocity would change periodically,
with a maximum approximately every 30 seconds.

Fig. 4 (a) and (b) show glyphs and hedgehogs for dG/dt vectorsin
MRI. As expected, no global pattern of flow can be seen. In (a),
severa glyphs point in asimilar direction for alocalized area near
alesion. This indicates a change in the lesion at that point.
However, such patterns are much less frequent than we hoped, and
require extensive searching by the user. In addition, context
information islost asthe user zoomsin to search for local patterns,
so keeping track of the current position is difficult. A second,
global view showing position may fix this problem.



InFig. 5, glyphs are used to visualize dl/dt values from MRI. Here,
global trends are easy to see, especially with glyph colouring. The
user can then zoom into areas of interest to gain more detailed
understanding of changesin that area.

A genera problem with glyphs is that images tend to be cluttered.
As aresult, we are exploring other methods such as streamlines.
Initial results are promising for dSPECT (see Fig. 6); however, we
are encountering difficulties with the MRI data due to low image
resolution and lack of a clear flow direction.

5.4 Challenges

We encountered several challenges worthy of mention. First, it is
unclear which quantities are most informative. We experimented
with some simple quantities, but have not validated these against
any medical criteria. Further, we found the limited resolution in the
slice dimension of our MRI data (22 slices) to be a problem.
Rendering these data sets from a side viewpoint resulted in very
blurry images. Interpolation to produce additional slices may
reduce this problem, but would not remove the additional problem
that some small lesions could be missed altogether due to partial
volume effects. Increasing the number of slices during acquisition
is not practical since this increases scan time such that patient
motion becomes problematic.

6. Conclusions And Future Work

We have presented several methods for visualizing time varying
medical image data. These techniques have the potential to
compress large quantities of datainto a single image, as well as
provide new measures currently not used for diagnosis, such as
rates of change. These techniques can provide more information
and context than a slice by dice visualization could do; as aresult,
it is easier to discover temporal changes and abnormalitiesin a
data set. Since gaining a short or long-term dynamic picture of a
patient’s physiology could help physicians understand disease
progression, we believe tools such as ours could be of great use to
physicians trying to formulate diagnoses or treatment plans.

Improved interaction and iterative development and evaluation of
graphic interfaces will improve effectiveness of our visualizations.
Particular attention should be paid to perceptual issues related to
design. Correlation of new measures, such as velocity or rates of
change, with existing disease measures will be essential for their
validation. Other future work includes optimizing the programs for
speed, exploring new visualization techniques, and considering
other imaging modalities and applications.

7. Acknowledgements

The authors would like to thank the Multiple Sclerosis research
group at UBC for providing MRI data. We also wish to
acknowledge the help of Oliver Grof3er at Universitatsklinik
Magdeburg, Troy Farncombe at the Medical Imaging Research
Group at UBC, and funding support from NSERC and the BC
Advanced Systems Institute.

8. References

[1] Anagnostou K., Atherton T.J.,, Waterfall A.E., “4D Volume
Rendering With The Shear Warp Factorisation”, Proc. of the
Symposium on Volume Visualization, 129-137, Oct. 2000.

[2] Atkins M.S., Mackiewich B.T., “Fully Automatic
Segmentation of the Brain in MRI”, IEEE Transactions on

Medical Imaging, 17(1): 98-107, Feb. 1998.

[3] Bankman |I.N., ed., Handbook of Medical Imaging:
Processing and Analysis, Academic Press: San Diego, 2000.

[4] Cabral B., Leedom L., “Imaging Vector Fields Using Line
Integral Convolution”, Computer Graphics (Proc. of
SIGGRAPH), 263 - 270, Aug. 1993.

[5] Celler, A., Farncombe, T., Bever, C., Noll, D., Maeght, J.,
Harrop, R., Lyster, D., “Performance of the dynamic single
photon computed tomography (dSPECT) method for
decreasing or increasing activity changes’, Phys. Med. Biol,
45: 3525-3544, 2000.

[6] Crawfis RA., Max N., “Texture Splats for 3D Scadar and
Vector Field Visualization”, Proc. of IEEE Visualization, 261-
266, Oct. 1993

[7] Ellsworth D., Chiang L., Shen H., “Accelerating Time-
Varying Hardware Volume Rendering Using TSP Trees and
Color-Based Error Metrics’, Proc. of the Symposium on
Volume Visualization, 119-128, Oct. 2000.

[8] Farncombe, T. Celler, A., Noll, D., Maeghtand, J., Harrop, R.,
“The Incorporation of Organ Uptake into Dynamic SPECT
({dSPECT}) Image Reconstruction”, IEEE Trans. Nuc. Sci.,
48(1): 3-9, 2000.

[9] Hajnal S., Oatridge W., Young B., “Detection of Subtle Brain
Changes Using Subvoxel Registration and Subtraction of
Serial MR Images’, Journal of Computer Assisted
Tomography, 19(5): 677-691, May 1995.

[10] Kindlmann G.,Weinstein D., “Hue-balls and Lit-Tensors for
Direct Volume Rendering of Diffusion Tensor Fields’, Proc.
of IEEE Visualization, Oct. 1999.

[11] Krishnan K., Atkins M.S., “Segmentation of Multiple
Sclerosis Lesions in MRI - An Image Analysis Approach”,
Proc. of SPIE International Symposium on Medical Imaging,
3338: 1106-1116, Feb. 1998.

[12] Laidlaw D.H., Ahrens E.T., Kremers D., Avalos M.J., Jacobs
R.E., Readhead C., “Visualizing Diffusion Tensor Images of
the Mouse Spina Cord”, Proc. of IEEE Visualization, 127-
134, Oct. 1998.

[13] Lorensen W., Cline H., “Marching Cubes: A High Resolution
3D Surface Construction Algorithm”, Computer Graphics
(Proc. of SIGGRAPH), 21(3): 163-169, July 1987.

[14] Research Systems, www.rsinc.com.

[15] ROber N., MOdller T., Celler A.M., Strothotte T.,
“Multidimensional Analysis and Visualization Software for
Dynamic SPECT”, J. Nucl. Med, 41: 191P, 2000.

[16] Sabella P, “A Rendering Algorithm for Visualizing 3D Scalar
Fields’, Computer Graphics (Proc. of SIGGRAPH), 22 (4):
51-58, August 1988.

[17] Schroeder W., Martin K., Lorensen W., The Visualization
Toolkit, 2nd ed. Prentice Hall PTR: New Jersey, 1998.

[18] Tory M., Mdller T., Atkins M.S., “Visuadization of Time-
Varying MRI Data for MS Lesion Anaysis’, Proc. of SPIE
International Symposium on Medical Imaging, 4319: in press,
Feb. 2001.

[19] Woods R.P, Cherry S.R., Mazziotta J.C., “Rapid automated
algorithm for aligning and reslicing PET images’, Journal of
Computer Assisted Tomography, 16: 620-633, 1992.

[20]Zzhang S., Currey C.T., Morris D.S., Ladlaw D.H.,
“Streamtubes and Streamsurfaces for Visualizing Diffusion
Tensor MRI Volume Images’, IEEE Visualization: Work in
Progress, Oct. 2000.



Time Frame: Time Frame:

First First
Last Last
(a) MSlesions from MRI data (b) Kidneysin dynamic SPECT
FIGURE 2. I sosurfaces showing temporal changes. Colour encodes time, as indicated by the colour scales
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FIGURE 3. Direct volume rendering.(a) di/dt values for MS lesions from MRI data. (b), (c) Two frames from an animation
showing direct volume rendered intensity values from dynamic SPECT of the kidneys.

(a) dG/dt for MRI (b) dG/dt for MRI (c) Flow in dSPECT (d) Flow in dSPECT

FIGURE 4. Glyphs and hedgehogs. Glyph length indicates vector magnitude and orientation indicates vector direction. Color
indicates vector magnitude (a, b, ¢) or amount of activity (d).
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FIGURE 5. Glyphs showing dlI/dt values from MRI. Colour indicates vector FIGURE 6. Streamtubes showing flow in
direction (red = positive, blue = negative). (a) Glyphs point right for dSPECT kidney data.

positive change and left for negative change (b) Glyphs point in the
direction of the surface normal



