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Fig. 1. Using spherical harmonics lighting functions described in this paper, we visualize spatio-angular fields. In this figure, we use the dataset of
a patient suffering from traumatic brain injury. In traditional diffusion tensor imaging, the region around the injury does not exhibit a high contrast,
as seen in the mean diffusion in image 1(a) and fractional anisotropy in image 1(b). The results of our approach can be seen in images 1(c) and
1(d) that can better depict the detailed structure around the injury site facilitating a more informed assessment of the extent of injury. Figure 1(c)
shows the structural changes through color and intensity using spherical-harmonic lighting over the diffusion kurtosis tensors for each pixel.
Figure 1(d) shows the results of volume rendering where opacity and color are determined by spherical harmonic illumination of the diffusion
kurtosis tensors for each voxel.
Abstract— Diffusion kurtosis imaging (DKI) is gaining rapid adoption in the medical imaging community due to its ability to measure the non-
Gaussian property of water diffusion in biological tissues. Compared to traditional diffusion tensor imaging (DTI), DKI can provide additional
details about the underlying microstructural characteristics of the neural tissues. It has shown promising results in studies on changes in gray
matter and mild traumatic brain injury where DTI is often found to be inadequate. The DKI dataset, which has high-fidelity spatio-angular fields,
is difficult to visualize. Glyph-based visualization techniques are commonly used for visualization of DTI datasets; however, due to the rapid
changes in orientation, lighting, and occlusion, visually analyzing the much more higher fidelity DKI data is a challenge. In this paper, we provide
a systematic way to manage, analyze, and visualize high-fidelity spatio-angular fields from DKI datasets, by using spherical harmonics lighting
functions to facilitate insights into the brain microstructure.

Index Terms—Diffusion Kurtosis Imaging, Diffusion Tensor Imaging, Spatio-Angular Fields, Spherical Harmonics Fields, Tensor Fields

1 INTRODUCTION

Spatio-angular fields are defined by multiple (angular) vector fields
defined over a shared 3D space. These fields are commonly used in
physics and chemistry when analyzing gravity, geomagnetism, seis-
mology, electric fields, and electron distributions around atoms. In ra-
diology, the diffusion patterns measured by magnetic resonance imag-
ing (MRI) are also expressed in spatio-angular fields. Although com-
monly encountered, outside of glyph representations, the visualization
of spatio-angular fields has been barely explored in the visualization
community.

MRI is a non-invasive tool that uses powerful magnetic fields to image
biological tissues. Using MRI, one can detect the pattern of the dif-
fusion of water movement using diffusion tensor imaging (DTI). DTI
is effective in measuring the dominant direction of water diffusion in
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tissues and is widely used in studying white matter tracts in the brain
[1, 16, 42]. However, traditional DTI is limited because the tensor es-
timation is based on the assumption that water diffusion patterns fol-
low a Gaussian distribution. To measure the degree of the diffusional
non-Gaussianity of water molecules in biological tissues, Jensen and
Helpern [14] introduced diffusion kurtosis imaging (DKI). DKI has
gained popularity as a valuable imaging technique to probe tissue mi-
crostructure, not only in white matter, but also in gray matter and in
tumors, where diffusion is mostly isotropic and conventional DTI tech-
niques lack sensitivity. DKI has shown great potential in many clin-
ical applications, including tumor grading [33], neuro-degenerative
diseases [7], traumatic brain injury [8, 51] and stroke [4]. In DKI, a
kurtosis tensor is computed for each imaged voxel, which collectively
defines a spatio-angular field.

The high-fidelity spatio-angular fields present in DKI are challeng-
ing to visualize. In these datasets, the angular vector multi-field at
each voxel can be represented using a unique shape defined by its
directional data. The shape of the spatio-angular field at each voxel
is highly irregular in DKI because the fourth-order kurtosis tensor
represents a more complex structure compared to the second-order
diffusion tensor used in DTI. Statistical summarization of the per-
voxel shape of the spatio-angular datasets (using super-quadrics, for
instance) is a typical approach used for DTI datasets that might over-
look important subtle details if used in DKI. Using glyphs for visual-
ization is another common approach used in DTI and other imaging
techniques [6, 32, 38, 49]; however, because of the high variation of
spatio-angular fields in DKI, it is difficult to compare the per-voxel



vector multi-fields due to occlusion, lighting, glyph density, and ori-
entation. As the number of glyphs increases, the cost of rendering
also increases; furthermore, the high visual density of glyphs makes
them visually challenging to study. The highly irregular nature of these
shapes limits the information conveyed by visualization if simplified
glyphs are used.

To overcome these challenges, we propose the use of spherical har-
monics lighting to visualize spatio-angular fields. We approximate
spatio-angular fields using spherical harmonics basis functions. Then,
using several spherical harmonics lighting functions, we illuminate the
spatio-angular fields, expressing the underlying structure. This gives
users an interactive way to visually explore and analyze any spatio-
angular field. In this paper, we provide a systematic way to manage,
analyze, and visualize spatio-angular fields (such as the shape of dif-
fusion and kurtosis tensors used in DKI datasets) to facilitate insights
into the micro-structural properties of the imaged volume. Our contri-
butions are:

1. We use spherical harmonics lighting functions to allow re-
searchers to explore, visualize, and analyze the subtle changes
in the high-fidelity spatio-angular fields.

2. We incorporate 3D volume rendering by mapping spherical har-
monics light integration of the spatio-angular field into the color
and opacity to visualize structural properties present in these
datasets.

3. We provide examples of case studies in traumatic brain injuries
and cancer, where we apply our method to study the shape of
diffusion and kurtosis tensors.

2 RELATED WORK

Numerous studies and literature reviews have been conducted on how
3D structures (glyphs) are used to study, analyze, and segment tissues
using various types of MRI.

Kindlmann [21] and Ennis et al. [6] used superquadric glyphs to
visualize the tensor field and applied it on DTI datasets. These
perceptually-motivated shapes greatly enhance the comprehensibility
of the DTI microstructure. However, when the structure of the spatio-
angular fields is too complex to be represented by superquadrics (as in
DKI datasets), the effectiveness of these glyphs is limited.

Prckovska et al. [32] introduced a hybrid approach to visualize
the structure of diffusion. They performed semi-automatic human-
assisted classification of diffusion structures to separate different dif-
fusion models, such as isotropic gray, anisotropic Gaussian, and non-
Gaussian areas. Then, based on the classification, they used ellipsoids
to display a simple diffusion shape and ray-traced spherical harmonics
glyphs to highlight the complex structures.

Almsick et al. [49] presented a ray-casting-based approach to display
a large number of spherical harmonic glyphs that are used to visualize
high angular resolution diffusion imaging data. Their hybrid CPU- and
GPU- based approach was able to interactively display large number
of glyphs at interactive frame rates.

Similar glyph-based methods have been used by Lu et al. [28] and
Lazar et al. [24] to visualize DKI. Lu et al. [28] used spherical har-
monics basis to analyze the DKI dataset. They performed harmonic
analysis of the first three bands and used coefficient summation to
describe the rotationally invariant property of each band. Then they
segmented white matter, gray matter, and fiber crossings. In their pa-
per, they used glyph and image-based visualizations to study the DKI
dataset. Lazar et al. [24] presented equations to approximate the ori-
entation distribution function from DKI. For visualization, they also
used glyphs. Both of these studies were focused on DKI analysis.
Our paper is focused more on the visualization aspects, and we use a
DKI dataset to visualize the diffusion kurtosis tensor. Our tool is also

Fig. 2. Visualization of a DKI spatio-angular fields using traditional glyphs.
This rendering is compute-intensive and due to occlusion, the density of
glyphs, a difference in orientation, changes in lighting, and surface irregu-
larity of the glyphs, the resulting visualization is cluttered and difficult to com-
prehend. Comprehension becomes an even bigger challenge when multiple
planes must be shown.

flexible in that it can incorporate the orientation distribution function
presented by Lazar et al. [24].

Using glyphs with a reference image in the background has often been
successfully used to visualize spatio-angular fields [6, 9, 32, 37, 38,
39, 49] such as DTI. However, for irregular and complicated shapes
present in DKI, these glyphs demand a lot more computational power
to render and are difficult to visually study. This is because 1) part of
the glyphs are always occluded, 2) the density of the glyphs shown in
the screen can be very high and will require the proper management
of glyph size and zoom level, 3) there are changes in orientation and
lighting between neighboring glyphs, 4) and the surface of the spatio-
angular field can be highly irregular. When multiple planes must be
shown, which is often the case in volumetric datasets, the visualization
can become very cluttered. Saliency-based optimizations [18, 26] and
local lighting [25] can be applied to glyph visualization to improve
comprehensibility. However these techniques do not address the key
drawbacks associated with glyph-based visualization. Although the
proposed method supports glyph-based visualization (Figure 2), we
primarily provide viewing mechanisms based on spherical harmonics
lighting.

For second order tensors present in DTI, Kindlmann and Weinstein
[19] and Kindlmann et al. [20] have used barycentric mapping, hue-
ball, and lit-tensor methods to visualize the direction of anisotropy, the
type of anisotropy, and the shape of the diffusion tensor matrix [19,
20]. Using these methods they compute color and opacity for volume
rendering. Their approach cannot be directly applied to visualize high-
order tensors like those in DKI because they have highly irregular and
complicated shapes. In our work, we use spherical-harmonics lighting
functions that allows us to visualize high-order tensors.

Schussman and Ma [41] used anisotropic volume rendering to visual-
ize dense lines. By taking viewpoint into consideration, they accumu-
lated the average color and opacity contribution for every voxel and
stored its spherical harmonics representation. While rendering, they
converted anisotropic representation into standard voxels by evaluat-
ing spherical harmonics approximation. In our work, we use various
lighting functions (which can be complicated shapes themselves) and
their combinations to study the shape of spatio-angular fields. These
lighting functions allow investigators to study irregular fields, such as
DKI datasets, in a variety of different ways.

Volume rendering is widely used to visualize MRI datasets. Extensive
work has been done to improve visualization by using advanced shad-
ing techniques, multiple depth cues, transfer functions, and global illu-
mination [5, 10, 11, 22, 23, 27, 29, 35, 46, 47, 50]. Transfer function
that maps size of features to color and opacity has been shown by Cor-
rea and Ma [5] to greatly improve classification and visualization. For



multiple lighting designs in volume rendering, Tao et al. [46] used an
automatic lighting design based on the structure of the scene by mea-
suring the structural changes in the images. In recent work by Zhang
and Ma [50], a three point lighting system was used to enhance the
depth and the shape of the volume. An interesting alternative to direct
volume rendering of diffusion MRI datasets is to visualize their tensor
topology [36, 40, 48]. This line of research extends the basic con-
cepts of flow topology, such as critical points, lines, basins, and faces,
to tensor fields with suitable interpretations in terms of features in the
brain anatomy. These studies on volume rendering contain remarkable
ways to enhance the visualization of the scalar- and tensor-fields being
displayed. Our work focuses on representing the structure of tensors in
the spatio-angular field and, with the aid of spherical harmonics light-
ing functions, visualizing them through multiple rendering techniques,
including volume rendering.

3 OVERVIEW

Fig. 3. Overview of the proposed method. First, a large number of diffusion
readings are recorded using MRI. Second, domain-specific processing is per-
formed to compute values such as mean diffusion, fractional anisotropy, mean
kurtosis, and diffusion/kurtosis tensors. Then, depending on the task and the
complexity of the field, we select either a single or multiple spherical harmon-
ics lighting functions. Finally, by combining the dynamic spherical harmonics
lighting functions and the input spatio-angular field, the dataset is rendered.
The output is either a planar-rendered image, a volume-rendered image, or
both.

The proposed method takes spatio-angular fields as an input and con-
verts them into spherical harmonics fields using spherical harmonics
basis functions. Depending on the task and the complexity of the field,
we either choose to configure a single or multiple spherical harmon-
ics lighting functions. Finally, by combining classified segments, the
dynamic spherical harmonics lighting functions, and the input spatio-
angular field, we render the dataset. We provide two modes to view
the final output using either planar or volume rendering. An overview
of the system is shown in Figure 3.

4 BACKGROUND

4.1 Diffusion Tensor Imaging

DTI considers the diffusion process to be Gaussian. For each gradient
direction, the diffusion-weighted signal is approximated by the Taylor
series expansion [16] given by the equation

ln [S (g,b)] = ln [S0]−bDapp (g)+O
(

b2
)
,

Dapp (g) =
3

∑
i=1

3
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j=1

gig jDi j,

where g is a diffusion gradient, b is the MRI acquisition parameter b-
value expressed in s/mm2, S0 is the signal without diffusion weighting,
Di j is the element of the diffusion tensor, and Dapp is the apparent
diffusion coefficient. The diffusion tensor is a second order symmetric
tensor with six independent elements. In DTI, the diffusion tensor is
calculated for each voxel. The direction of the dominant eigenvector
of the diffusion tensor is often used in fiber tracking.

4.2 Diffusion Kurtosis Imaging

The non-Gaussian property of water diffusion is measured in DKI.
There are limitations in the traditional DTI technique because the ten-
sor estimation is based on the assumption that water diffusion pat-
terns follow a Gaussian distribution. While this may be true over
larger diffusion time scales, it is less effective when the diffusion time
is shortened, or in other words, when exploring even shorter diffu-
sion distances of the water molecule. The measurement of diffusion
over shorter time periods sensitizes the technique to the local diffusion
heterogeneity reflective of the tissue micro-environment. This diffu-
sion heterogeneity tends to make the probability distribution function
for water diffusion non-Gaussian, suggesting that the normal way of
obtaining the diffusion tensor which assumes Gaussian distribution,
is no longer valid [15]. To measure the degree of the diffusional
non-Gaussianity of water molecules in biological tissues, Jensen and
Helpern [14] introduced DKI. Data acquisition needs are much larger
in DKI compared to acquisition in DTI. The kurtosis tensor is often
computed using data from 30 diffusional directions using at least two
non-zero diffusion sensitivities. Common b-values used in DKI acqui-
sition are 0, 1000, and 2000s/mm2, and the scan time can be as long as
10min. Other forms of higher order diffusion-weighted imaging tech-
niques, such as high angular resolution diffusion imaging or diffusion
spectrum imaging, use a much higher number of diffusional direction
and b-values and, hence, are less clinically practical as they take a con-
siderably longer time to scan. To measure the non-Gaussian property
of the water diffusion, the Taylor series equation is further expanded
[14, 15]. From the diffusional measurements in DKI, a fourth order
diffusion kurtosis tensor is calculated by using the equation described
by Jensen and Halpern [15].
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where MD is the mean diffusivity, Kapp is the apparent kurtosis, and
Wi jkl is the element of kurtosis tensor. The kurtosis tensor is a sym-
metric fourth order tensor with 15 independent elements. In full form,
the signal in each gradient direction is described by
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4.3 Spherical Harmonics

In our method, visualization of the spatio-angular fields is performed
by using the spherical harmonics lighting functions. Spherical har-
monics are basis functions that are used to represent and reconstruct
any function on the surface of a unit sphere. Fourier functions are de-
fined on the circle, whereas spherical harmonics are defined over the
surface of a sphere [30]. In visualization and graphics, spherical har-
monics are used for lighting scenes with low frequency lights. It is a
fast technique often used to approximate a computationally complex
physical process, such as subsurface scattering and global illumination
[3, 17, 35, 43, 44, 50].

Spherical harmonics are ortho-normal functions defined by

Y m
l (θ ,φ) = (−1)m

√
2l +1

4π

(l −m)!
(l +m)!

Pm
l (cosθ)eimφ ,

where l is the band index, m is the order, Pm
l is an associated Legendre

polynomial, and (θ ,φ) is the representation of the direction vector in
the spherical coordinate. Since the values used to define spatio-angular
fields are positive and real, we use real-valued spherical harmonics.

To convert the function f (θ ,φ) into spherical harmonics basis, spher-
ical harmonics coefficients am

l are approximated using the equation

am
l =

∫
s

f (θ ,φ)Y m
l (θ ,φ)ds,

Once the coefficients are computed, the function f (θ ,φ) can be ap-
proximated by using the equation

f (θ ,φ) =
∞

∑
l=0

l

∑
m=−l

am
l Y m

l (θ ,φ),

One key advantage of spherical harmonics representation is that in-
tegrating two functions over the sphere can be approximated easily
by performing a dot product of their spherical harmonics coefficients
[2, 17].

∫
U(s)×V (s)ds =

l2

∑
i=0

ui(s)× vi(s),

where U and V are two functions defined on the surface of a sphere,
and u(s) and v(s) are their spherical harmonics coefficients.

5 DIFFUSION KURTOSIS IMAGING DATA

Imaging was performed using a 3T Siemens Tim Trio Scan-
ner (Siemens Medical Solutions; Erlangen, Germany). Diffusion
weighted images were obtained with b = 1000,2000s/mm2 at 30 di-
rections, together with 4 b0 images, in-plane resolution = 2.7mm2,
echo time/time repetition = 101ms/6000ms at a slice thickness of
2.7mm with two averages. DKI reconstruction was then carried out
on each voxel using a MATLAB program as described by Zhuo et
al. [51].

After diffusion and kurtosis tensors are computed, we represent the
shape of these tensors by using spherical harmonics approximation.
We use Dapp and Kapp to find the shape represented by the diffusion
and the kurtosis tensor, respectively. The shape is then transformed
into a spherical harmonics basis by computing spherical harmonics
coefficients am

l to approximate the shapes of both the diffusion and
kurtosis tensor. The shape of the diffusion tensor is simpler than the
kurtosis tensor. For kurtosis, we use up to five bands to represent the
shape; however, as described by Lu et al. [28], bands 2 and 4 do not
contain any information, as the structure of the tensors are symmetric.
Using a greater number of bands (> 5) is considered less beneficial,

as high frequency data in both tensors contains more noise, as dis-
cussed in [28]. Once data is transformed to spherical harmonics basis
for each shape in a voxel, we have up to 15 spherical harmonics co-
efficients (there are 25 coefficients in total, but bands 2 and 4 are not
used). These coefficients capture the shape, magnitude, and direction
of the tensors. This approximation, using 15 spherical harmonics co-
efficients, is used for exploration and visualization.

6 APPROACH

Our method can be divided into two major steps: lighting function
selection and visualization. Details of each step are described in the
following sections.

6.1 Lighting

The key idea of our approach is to use the spherical harmonics lighting
functions to visualize the spatio-angular fields. We define spherical
harmonics lighting functions as basic shapes expressed in spherical
harmonics basis that define different query functions researchers are
interested in. The shape, size, orientation, and combination of the
lighting functions defines the output of the visualization. By making
changes in these attributes, one can study a variety of characteristics
expressed in the spherical harmonics fields that may be representative
of the local tissue microstructure.

Fig. 4. Representative lighting functions used to analyze spatio-angular fields.
The shape and the size of these spherical harmonics lighting functions can be
altered to analyze different properties. The first function shown above, which
is spherical, is used to compute the average value. The next four functions
are used to compute single and multiple directional properties of the spatio-
angular field. These lighting functions can be rotated or combined with other
functions as desired.

Lighting spatio-angular fields: Spherical harmonics lighting is used
to explore the directional strength of the spatio-angular field. In Sec-
tion 4.3, we explained how spherical harmonics is used for lighting
in visualization and graphics. We extend the application of spherical
harmonics to visualize spatio-angular fields. Having expressed light-
ing functions and the volume field in spherical harmonics basis, we
compute the light response value R for each light p using the equa-
tion Rp = k×∑

l2

i=0 ui(s)∗vi(s), where u(s) and v(s) are their spherical
harmonics coefficients of the lighting function and a data point in the
spatio-angular field, respectively. k is used to scale the light response
value in order to map it to the visual range ([0−1]) used in rendering.

Shape and Size: The shape of a spherical harmonics lighting func-
tion is one of the main attributes that determines how a spatio-angular
field is visualized. Some common shapes are spherical, directional
lobe, cross-sectional lobes, and radial lobe, as shown in Figure 4. The
shape can be roughly divided into two parts, the directional component
and its angular strength. The directional component expresses the in-
cident path of the light, which is used to explore the strength of the
spatio-angular field in the given direction (in DKI dataset, the strength
of the spatio-angular field is the apparent kurtosis value). The angu-
lar strength corresponds to the area of the light. The range of angular
strength is 0− 360 degrees. When the angular strength of the spheri-
cal harmonics lighting function is set to maximum, a spherical shape
is formed. Lighting the spatio-angular field at this setting will give the
mean strength of the field in all directions shown in Figure 5(a). By
using a small value (for example, 30 degrees) for angular strength, we
are able to study the strength of the spatio-angular field in any given
direction shown in Figure 5(b). Spherical harmonics lighting with a
radial-shaped lobe has a very useful property. It can be used to find



(a) (b)

(c)

(d) (e)

Fig. 5. The effect of using different lighting functions. We use various lighting
functions on the same MRI and show different views of the structural proper-
ties of the underlying spatio-angular fields. The orientation of these lighting
functions can be adjusted to investigate directional changes in the diffusion
profile. In Figure 5(a), we use a spherical lighting function, which provides the
mean strength of the field in all directions. In Figure 5(b), we use the direc-
tional lobe aligned with the y-axis to show the strength of the spatio-angular
field in the y direction. Similarly, in Figure 5(c), we use the radial lobe. In
Figure 5(d) and Figure 5(e), we use multiple lighting functions with different
colors mapped to each axis. Color bars with a numerical range are shown on
the side of the image to illustrate the color scale used.

the strength of values orthogonal to any given direction. This is ben-
eficial in studying kurtosis tensor, as kurtosis values are very high in
the direction orthogonal to the principle diffusion direction as shown
in Figure 5(c). Taken together, the variations of the lighting functions
provide a means to probe the tissue microstructure. Most normal tis-
sues in the brain are generally characterized as gray matter, white mat-
ter, and cerebrospinal fluid. The spherical harmonics lighting allows
researchers to further probe local tissue microstructure. An injured re-
gion of the brain may result in spatio-angular field of several shapes
and sizes. In such cases the heterogeneity shown by the spherical har-
monics lighting method can highlight of the local changes in the tissue
microenvironment compared to a similar tissue in another region of the
brain. In Figure 5, we show effect of using different lighting functions.
The shape of the spatio-angular fields and the properties of the lighting
function create different light response values, as shown in Figure 6.

All of the lighting functions are expressed in spherical harmonics ba-
sis. For directional and radial lights, we define functions (Fdir and
Frad) on the surface of the sphere given by equation

Fig. 6. The color table shows the light response values arising from the appli-
cation of representative lighting functions (left) on various spatio-angular fields
(top).

Fdir (g) =
{

1 if (g ·glight)> cos(a∗0.5),
0 otherwise.

arad =

{
90−a∗0.5 if (90−a∗0.5) > 0,
0 otherwise.

Frad (g) =
{

1 if ((g ·glight)< cos(arad),
0 otherwise.

where a is angular strength, glight is the direction of the light, g is
unit direction. For symmetric lighting function, absolute value of the
dot product is taken. These are the various lighting functions used for
DKI datasets. Depending on the dataset, different lighting functions
with different properties can be added.

Fig. 7. Spherical harmonics lighting allows users to easily study the shape of
spatio-angular fields and get an appreciation of the local water diffusion envi-
ronment. The spherical harmonics lighting function captures information about
the shape of spatio-angular fields. Here we are using three directional spheri-
cal harmonics lighting functions and displaying the relation between them and
the tensors at each voxel. We use red, green, and blue colors for each spher-
ical harmonics lighting function. The sub-images show the individual shapes
of the kurtosis tensors. The variation in shape is captured by a spherical har-
monics lighting function and can be observed by the change in the color.



Global Orientation: The direction of the spherical harmonics lighting
function allows us to gauge the strength of a spatio-angular field in any
desired direction. One can dynamically rotate the spherical harmonics
lighting function to examine how the field is changing or how hetero-
geneous the environment is to water diffusion. By combining multi-
ple lighting directions, studying multiple aggregated directions at any
given time is possible. This is often desired when the individual shapes
in the spatio-angular fields have some known relation, such as symme-
try. The adjustable lighting orientation will also allow researchers to
probe the directional changes of the diffusion profile, which can be
especially useful when studying complex tissue microstructure (e.g.
regions around lesions).

Local Orientation: Information about local coherences can be uti-
lized by spherical harmonics lighting to provide visualization of local
properties. We applied this local adjustment to both DTI and DKI
datasets. The diffusion values are dominant in the principal diffusion
direction for each voxel and can be connected together to form a path if
the fractional anisotropy (FA) value is also high. When the direction of
the lighting function is aligned with the principal diffusion direction,
diffusion and kurtosis values along the path can be visualized. In other
words, it is quite possible to follow a fiber tract. For this visualization,
we align the z-axis of the spherical harmonics lighting function with
the first eigenvector of the diffusion tensor for every voxel, as shown
in Figure 8. This will cause the direction of the light to be different for
every voxel that is along the local coherences between the voxels. By
interacting with the application, users are able to determine how the
values change within the path. Figure 8 shows this application on the
kurtosis datasets. However, aligning the direction of the light based on
the principal diffusion direction of DTI has a drawback; in areas that
have fiber crossings, all three eigenvalues of the diffusion tensor can
be similar. This can cause the principal diffusion direction to change
from one voxel to another. This limitation can be addressed by us-
ing an improved fiber tracking algorithm that takes into consideration
noise and distortion artifacts [12, 13, 31, 34], improved fiber crossing
detection algorithm [45], and by using lights with multiple lobes for
those regions.

Multiple Lighting: Multiple simple shapes can be combined to cre-
ate a complex lighting function. Multiple lighting functions allow the
researchers to study the strength of a spatio-angular field on different
shapes separately. This is slightly different from having multiple direc-
tional lobes in one lighting function. Using multiple lighting functions
results in a separate light response value Rp for each light, whereas
using one lighting function with multiple directional lobes provides an
aggregated view of the tissue microstructure. The lighting combina-
tion has a large number of applications. For example, when we applied
three orthogonal lighting directions to the DKI dataset, we were able
to determine both the magnitude and directional variation present in
the spatio-angular field. The result is shown in Figure 7. Here we used
red, green, and blue colors for each spherical harmonics lighting func-
tion. The right sub-images show the individual shapes of the kurtosis
tensor. Notice how the change in shape can be observed by the change
in the color. In Figure 9, we demonstrate the contribution of individual
lights in the brain of a patient who suffered a traumatic brain injury,
along with the aggregated final image.

The principal diffusion direction points to the direction of the white
matter axons. Probing into the directional kurtosis tensor in this direc-
tion offers information about the direction of the diffusion restriction.
Probing along the two minor diffusion directions will also provide
complementary information regarding diffusion. Hence, the combi-
nation of the two can potentially provide powerful information such as
the general status of the axons and the degree of myelination or loss
in myelination of the axons. Such information can provide extremely
useful insights not only regarding the status of the tissue microenviron-
ment, but also can be useful when evaluating the therapeutic efficacy
of new drugs.

(a) (b)

(c) (d)

Fig. 8. The orientation of the lighting function can be global or local. Fig-
ure 8(a) shows the global orientation, where each data point is illuminated
with the lighting function (show in green glyph) oriented consistently across
the entire dataset. Figure 8(b) shows the local orientation, where each data
point is lit with the lighting function locally oriented towards the principal diffu-
sion direction of the diffusion tensor. Often, there is a local coherence between
neighboring data points. For example, a fiber tract might go through them. To
visualize the properties along a path, a directional spherical harmonics light
can be independently aligned with the desired direction for each data point.
For Figure 8(c), the global lighting direction is used. For Figure 8(d), we align
the light along the principal diffusion direction for each data point and display
how the kurtosis values change. Kurtosis values are dominant in the direc-
tion orthogonal to the principal diffusion direction of each data point. Both
Figure 8(c) and Figure 8(d) are rendered by using method described in Sec-
tion 6.2.

6.2 Visualization and Interaction

We use two methods to visualize the spatio-angular fields.

Planar Visualization: In this mode of visualization, only one plane
of the spatio-angular field is shown at a time. For each data point in
the plane, we apply the spherical harmonics lighting by computing
the light response value Rp and then mapping it to the color space
using a transfer function. After that, the color contribution of all the
lights is integrated together to compute the final color C of the voxel
using the equation C = ∑i Ti(Ri), where T is the transfer function that
maps light response value to a color value. Examples of this mode of
visualization are shown in Figure 7 and Figure 9. It incorporates the
shape information of each visible data point in spatio-angular fields
through changes in color and intensity.

Volume Visualization: In this mode of visualization, we incorporate
our method with a widely used volume rendering technique to show
the entire dataset. Volume visualization allows researchers to analyze
and visualize scalar fields with multiple layers at the same time, which
has the potential to provide a complete picture of the dataset.

Dynamic light functions are used to map spatio-angular data to the
surface of the volume. Typical volume rendering is done with scalar-
field data. To perform volume visualization of a spatio-angular field,
we first apply spherical harmonics lighting to each data point as we
described it for the planar visualization mode. Depending on the num-
ber of lights used, we may compute multiple light response values
Ri. These values can be used to directly perform the transfer func-



Fig. 9. By combining multiple directional spherical harmonics lighting func-
tions, we can produce an overview of the spatio-angular field. In this image,
we use kurtosis data to summarize the injured region. The first three images
(red, green, and blue) reveal how the shape varies in the x−, y−, and z−axes,
respectively. The final image is the summation. Notice how structural changes
in the spherical harmonics lighting function capture different properties of the
imaged tissue.

(a) Normal Subject (b) Injured Patient

Fig. 10. The directional kurtosis value of a normal subject and an injured
patient using the spherical harmonics lighting tool. The coloring transforms
from blue to green to red to denote the increasing value of kurtosis. In the
injured patient, the region around the injury (seen in the red box) has a very
high kurtosis value. By rotating the light, the response values of each data
point are changed. When combined with a transfer function that has variations
in opacity, users can study the magnitude and directional changes at the same
time.

tion lookup for each light separately. However, to reduce texture
lookups, we use the mean light response for performing transfer func-
tion lookup. The transfer function lookup obtains information about
opacity and color value. When the lighting function or its orientation
is changed, the light response value also changes. This results in a dif-
ferent lookup of the transfer function which causes the iso-value-light-
response-surface of the volume to change. We thus map the structure
of the spatio-angular field to a rendered surface. This can be seen in
Figure 8(c) and Figure 8(d) where we use global and local lighting
orientation, respectively, to display the underlying spatio-angular field
structure.

The opacity of each voxel is directly determined by the result of the
transfer function lookup. However, to compute the color value, we
have two options. We can either use the mean light response to do a
color lookup from the transfer function or we can treat the lights as
having different colors. We can further improve the visualization by
incorporating monocular depth cues, such as shadows, ambient occlu-

sion, and edge enhancement. In some cases visualization of dynamic
volumes can be greatly enhanced by coherent modification of a local
transfer function, as suggested by Tikhonova et al. [47]. However in
our case, since the range of kurtosis values do not vary dramatically
we have found that having a single (global) transfer function suffices.

In Figure 10, we show the volume rendering of both a normal subject
and an injured patient. Here, kurtosis values are differentiated based
on color. The regions with injury in the volume rendered images are
clearly depicted and represent the extreme kurtosis values, and the lo-
cation of these high kurtosis values are consistent with the coup and
contra-coup injury pattern typically seen in traumatic brain injury pa-
tients.

Interaction: For user interaction, we use mouse-based input and
screen-based sliders. Using these input widgets, users can change the
direction, size, and shape of the lighting function.

7 CASE STUDY

Clinicians use several different images for the diagnosis of injuries and
diseases of the brain. Mean diffusion, fractional anisotropy, and prin-
cipal diffusion directional color maps are used to study the Gaussian
behavior of the diffusion with DTI. With DKI, an additional mean kur-
tosis map is used. The kurtosis tensor is a complex structure. Our tool
allows researchers to study such complex shapes easily. We will now
examine several case studies.

7.1 Case Study I

In Figure 11, we visually compare these different maps with the im-
age generated using our tool. We have demonstrated that the region
around the injury, which has very high kurtosis values can be visual-
ized easily (Figure 11(e)). Furthermore, images depicting the struc-
tural information can also be generated using our tool (Figure 11(e)
and Figure 11(f)). By interacting with the lighting functions, users can
appreciate the local micro-structural information in any direction.

7.2 Case Study II

Another injury case is shown in Figure 12, where the injury is sub-
tler, with no obvious lesions in the patient. However, the patient has
sustained post-concussive symptoms, declined cognitive function, and
brain atrophy. Using our tool, we examine the shape of the kurtosis
tensor that is orthogonal to the principal diffusion direction of each
data point. It is well-known that kurtosis is higher in these areas. In
Figure 12, we show the difference observed in kurtosis values with the
loss of white matter integrity, which is inline with the patient’s clinical
status.

7.3 Case Study III

In the injury case shown in Figure 13, the patient has sustained frontal
lobe damage. The patient showed impressive recovery at a one month
follow-up after the injury. The rendering of the kurtosis tensor with
local spherical harmonics lighting showed improvement of the frontal
lobe white matter structure, which was otherwise missed by the diffu-
sion tensor.

7.4 Case Study IV

In this case, we look into the MRI of a patient with a tumor. High
kurtosis values are observed around the tumor region, which were not
visible in mean diffusion, fractional anisotropy, or principal diffusion
directional color map weighted by fractional anisotropy. With the use
of spherical harmonics lighting, additional structural information can
be seen, which is shown in Figure 14(d).



(a) (b)

(c) (d)

(e) (f)

Fig. 11. We visually compare different color maps and data visualiza-
tion methods, such as mean diffusion (Figure 11(a)), fractional anisotropy
(Figure 11(b)), single-layer glyph visualization of DKI data (Figure 11(c)),
and multiple-layer glyph visualization (using seven layers) of DKI data (Fig-
ure 11(d)). Kurtosis values are very high around the injury region and are vital
to assess the extent of the injury. Also generated by our tool, Figure 11(e),
incorporates structural information through the changes in color and intensity
from the DKI data into the visualization. Figure 11(f), generated using local
spherical harmonics lighting, shows the entire volume. Although glyphs (Fig-
ure 11(c) and Figure 11(d)) contain the complete spatio-angular data, occlu-
sion and scaling makes comprehension difficult.

(a) (b)

Fig. 12. We compare the MRI of a patient taken 10 days (left) and 6 months
(right) after a traumatic brain injury. We use a radial spherical harmonics light
to show the kurtosis value orthogonal to the principal diffusion direction of
each data point. Despite a lack of anatomical changes in the patient, severe
changes in kurtosis values, highlighted in the red box, are observed over time.

8 EVALUATION

Two of the authors on this paper (Drs. Zhuo and Gullapalli) are ac-
knowledged experts in medical research working with DKI. Their clin-

(a) (b)

(c) (d)

Fig. 13. We compare the MRI of a patient taken 8 days (Figure 13(a) and Fig-
ure 13(c)) and 1 month (Figure 13(b) and Figure 13(d)) after a traumatic brain
injury. In Figure 13(a) and Figure 13(b), we show volumetric rendering using
the traditional fractional anisotropy value, and in Figure 13(c) and Figure 13(d)
we show volume visualization using local spherical harmonics lighting. The
recovery of the patient can be better visualized using our approach in (d) than
using the traditional fractional anisotropy in (b).

ical expertise was key in evaluating our visual tool. After a brief tu-
torial, they used the tool on various datasets; they pointed out several
useful features of our system. The planar visualization mode allows
visualization of directional diffusion and kurtosis values along any ar-
bitrary direction, a valuable tool when probing the directional profile
of tissue microstructure in or around lesion areas. Our system also
overlays diffusion and kurtosis glyphs for each voxel when a detailed
view of tensors is needed for selected regions. Experts find our vi-
sualization method combined with existing glyph-based visualization
useful. Furthermore, the software allows for easy toggling between
various maps generated by different lighting functions with color cod-
ing, which eases the task of identifying abnormal tissue contrasts. In
the volume visualization mode, spatio-angular data is mapped onto the
surface of the volume using the transfer function. This allows users to
find and highlight the rendered brain areas with abnormal diffusion
values. They also found the adjustment of the transfer function to be
straightforward and powerful when exploring the dataset in volume
visualization mode. The main limitation of this visualization tool is a
lack of a user-friendly graphic interface for ease of interaction. The
current version of our system is mainly focused on visualization and
a better user interface would be clearly desirable to enhance a broader
usage of our work.

9 DISCUSSION

Creating, visualizing, and interacting in our visual tool’s planar visu-
alization mode does not require any expertise. Both coloring and in-
teraction are straight forward. However, volume visualization requires
users to select transfer functions with color and opacity information.
The output of visualization requires properly selecting such functions,
which is typical for all volume rendering applications. Selecting opac-
ity effectively also depends on the data being used. Since we are deal-
ing with soft tissues, the intensity-gradient histogram does not have
areas that can be easily segmented, as performed by [11]. To simplify
this process, we create a transfer function, taking into account the dis-
tribution of diffusion and kurtosis values of well-known regions of the
brain.



(a) (b)

(c) (d)

(e) (f)

Fig. 14. Here we visually compare different color maps (such as mean diffu-
sion, fractional anisotropy, principal diffusion directional color map weighted
by fractional anisotropy, and mean kurtosis) with the image generated using
our tool. Kurtosis is very high around the tumor, as seen in Figure 14(d),
Figure 14(e), and Figure 14(f). With the use of spherical harmonics lighting
additional structural information can be seen in Figure 14(d).

By using the lighting functions, the directional information of any
complex shape can be observed. Key advantages of using the spher-
ical harmonics lighting function include allowing us to a) analyze a
spatio-angular field in any desired direction with any desired function,
b) interactively explore the spherical harmonics field, c) easily com-
pare values in any given direction without occlusion, scale, and den-
sity problems, which often occur when glyphs are used, d) effortlessly
locate local changes, e) easily aligns in with the extensively researched
direct volume rendering for visualization, and f) customize for various
datasets with only minor changes.

In DTI, the direction of the principal diffusion in regions with high
fractional anisotropy is very important. In a study by Schwartzmann
et al. [42], the difference in principal diffusion direction between good
and poor readers was observed. Kurtosis tensors are more complex
than diffusion tensors. Directional information that can be shown eas-
ily through spherical harmonics lighting can be a vital tool for radiol-
ogists. As already illustrated in Lazar et al.’s paper [24], the shape of
the kurtosis tensor provides information about crossing fibers within
a voxel, which is not depicted by the diffusion tensor. In more com-
plex tissue environments (e.g. surrounding lesions in the brain in Fig-
ure 10), the kurtosis tensor is able to depict a unique shape and, may
be reflective of the direction of tissue scaring, while the diffusion ten-
sor only indicates non-directional restriction (low fractional anisotropy

and low mean diffusion). These unique shapes can be studied by using
various spherical harmonics lighting functions.

Although multiple lighting functions can be used to summarize the
spatio-angular field, spherical harmonics lighting is designed to be
an interactive tool. Interaction (by rotating the lighting functions)
is required to exploit full power of the spherical harmonics lighting,
whereas glyph-based visualization can be static especially when the
number of glyphs is low. Both of these methods can be used together
as they complement each other.

10 CONCLUSIONS AND FUTURE WORK

We have presented the use of spherical harmonics lighting to assist
users in visually exploring and analyzing spatio-angular fields that are
approximated by spherical harmonics basis functions. Our approach
includes spherical harmonics based lighting and visualization. Our in-
teractive approach allows researchers to easily visualize information
about the shape, magnitude, and direction for each data point of a
spatio-angular volume field. We have applied this method to state-
of-the-art diffusion kurtosis imaging, which can assist in visualization
of the brain’s complex microstructure.

In the future, we hope to extend the utility of our tool to various dis-
ease processes involving the human brain to study inflammation and
neurodegeneration. We also hope to explore other spherical basis func-
tions, such as spherical wavelets.
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