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Abstract

evisualization of concentration time curves is centered around precomputed descrip-
tive perfusion parameters. Different computational methods of deriving these param-
eters lead to different results, and there is little consensus of which methods to pre-
fer in different circumstances. In this thesis an interactive visual analysis framework is
proposed to derive perfusion parameters on-demand. Using information from a curve
view, smoothed concentration time curves and derivatives are generated using Gaussian
smoothing. Based on an analysis of the smoothed derivatives using a curve view visual-
ization, perfusion parameters are derived using function fitting, with initial parameters
based on the smoothed curves. e proposed framework allows for comparison of dif-
ferent computational methods, as well as insight into the expressiveness of the derived
perfusion parameters.
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Chapter 1
Introduction and background

1.1 Medical imaging

Medical imaging builds on centuries of research and innovation across several frontiers,
includingmedicine, mathematics, physics and chemistry, requiring understanding of ra-
diation, the method of filtered back projection, properties of contrast agents and exten-
sive medical knowledge of the observed anatomy.

efirstmedical imageof ahuman seen infigure1.1wasperformedbyWilhelmRöntgen
in 1895 andwas an image of his wife's hand [22]. e process used was x-ray, which con-
sists of sending x-rays through an object and registering the amount that gets through.
CT (a natural continuation of x-ray) was developed by Godfrey Hounsfield and Allan
McLeod Cormack in 1971 [22]. CT uses the filtered back projection based on work by
among others Johann Radon [22] to reconstruct densities based on several x-ray images
from different directions. e next decade saw the development of MRI [22], MRI in
contrast to CT does not produce ionizing radiation and is therefore safer in that regard.
Generally CT provides better spatial resolution while MRI provides better contrast, es-
pecially in so tissue.

CT and MRI allows imaging of anatomy,which however can only be used to detect
and treat some conditions, for others knowledge of the patients physiology is needed.
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Figure 1.1: Wilhelm Röntgen's X-ray image of his wife's hand. (Wikimedia commons,
public domain image)

Physiological processes can be imaged statically, or dynamically by acquiring several im-
ages over time. Different acquisition methods exist for different processes, including
fMRI for brain activity [20], PET and SPECT for metabolism and perfusion imaging
for blood flow through capillaries in tissue [37] [43].

1.2 Perfusion imaging

In this thesis I focus onperfusion imaging, which is used for assessing bloodflow through
tissue. is information can used to determine damage in ischemic stroke, where ob-
served blood flow can differentiate between irreversibly damaged and salvageable tissue
[43]. Perfusion is also used in diagnosis and detection of coronary heart disease as well
as in the detection and classification of breast, liver and brain tumors [43] [41] [19].

e perfusion data considered in this thesis is to perfusion data acquired usingDynamic
Susceptibility Contrast (DSC)-MRI. e acquisition itself is performed by injecting a
tracer and then perform a T2-weighted or T2*-weighted MRI scan of the tracer pas-
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sage. As the tracer passes a spatial location, a signal drop is registered. e data is post-
processed to derive CTCs (Concentration Time Curves) [31]. e data acquired in
cerebral perfusion imaging, is a sequence of 3D images. Typically 40-80 images are cap-
tured, with a temporal resolution of 1-2 seconds. For each point in time 10-15 slices of
size (128)2 with 2 mm spatial resolution. Between slices the spatial resolution is typ-
ically around 7 mm [31]. A selection of CTC curves from DSC-MRI can be seen in
figure 1.2, in the figure the first pass of contrast agent can be seen as the initial peak, as
well as recirculation effects as the following peaks.

Figure 1.2: A selection of CTCs from a DSC-MRI dataset, the first peak from the le
is the first pass of contrast agent, followed by recirculation of contrast agent.

1.3 Perfusion visualization

In currentmedical practice cine-movie (movies of all timesteps of one slice of data) along
with side by side parameter maps are the most commonly used technique of visualiza-
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tion [38]. Analysis of such cine-loops requires focus over time, and alongwith analysis of
parameter maps require the ability to combine the different images mentally to form an
image of the blood flow. Visualization methods aim to help and enhance this process in
several widely differing ways. ese range frommethods using multidimensional visual-
ization of perfusion parameter maps, to clustering methods andmethods for dimension
reduction.

Perfusion parameters can be classified into two groups, descriptive and quantitative [31].
Descriptive parameters aim at describing the shape of parts of the concentration time
curve (CTC), while the quantitative parameters aim at deriving parameters that can be
analyzed based on established thresholds. Deriving quantitative parameters requires de-
convolution with the Arterial Input Function [31].

In this thesis, I focus on the interactive visual analysis of descriptive perfusion parame-
ters. e most common descriptive parameters in literature are [31] [21] [38]:

• Peak enhancement (PE) -Maximum curve value measured as distance from base-
line.

• Time to peak (TTP) - Time from contrast agent arrival to peak enhancement.

• Integral - Area between curve and baseline.

• Mean transit time (MTT) - First moment of the curve in the time interval used
for the integral calculation.

• Up-Slope - Curve slope as it increases.

• Maximum intensity-time ratio (MITR) - Ratio of PE and TTP.

• Down-Slope. Curve slope as it decreases aer the peak.

In the visualization literature presented in the next chapter, the computational methods
for the derivationof parameters is seldomlymentioned. It ismyunderstanding that there
is no consensus upon choice of method for deriving perfusion parameters, and different
computational methods may excel for different kinds of data.
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1.3.1 Problem and goal

e lack of consensus of parameter derivation methods for different types of perfusion
data is the basis formy thesis. Given the fact that perfusion parameters are the backbone
of many visualization methods, if their expressiveness is suboptimal or unknown, the
expressiveness of visualizations based on these parameters will suffer, or even possibly be
misleading.

Considering this, the goal of this thesis is to contribute an interactive visual analysis
framework where descriptive perfusion parameters are derived on-demand and based
on the visualization of concentration time curves. e further goal is to show that this
framework allows a process where several different computational methods for deriving
perfusion parameters can be easily applied, and the resulting parameters compared and
evaluated.
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Chapter 2
State of the art

In this chapter I present an overview of the existing body of literature relevant to my
thesis. e chapter is organized as follows: First techniques that are closely tied to data
representation and exploration will be presented in sections 2.1.1, 2.1.2, 2.1.3, 2.1.4 and
2.1.5. Section 2.1.1 reviews very basic perfusion visualization methods, while section
2.1.2 looks at visualization using color maps and height maps. In section 2.1.3 the use
of isolines and texture is explored. Especially the use of these together with the BEP
(Bulls eye plot) as a means to visualize myocardial perfusion data. Section 2.1.4 presents
the use of lenses for exploration and section 2.1.5 looks at glyphs as a tool to represent
and explore data. e analysis of perfusion data is the focus of sections 2.2.1 and 2.2.2.
Section 2.2.1 focuses on methods that automatically generates information about the
data, while section 2.2.2 focuses on interactive analysis methods. Section 2.3 is devoted
to different kinds of temporal smoothing used for concentration time curves (CTCs)
,while section 2.4 covers SimVis, the visualization soware which forms the basis for my
approach.

2.1 Visualization approaches
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2.1.1 Basic perfusion visualization

emost basic techniques for visualizing perfusion data are [38]:

• Cine movies - Grayscale movie of all time steps for a slice.

• Subtraction images - Grayscale images of intensity difference between two time
points of one slice.

• Color coded parameter maps - An image of a slice, where a perfusion parameter
is mapped to color.

For a more in-depth review I refer to Preim et al. [38], who look closer at each of these
techniques and points to literature concerning them.

2.1.2 Color coding and colored height maps

A simple way to visualize perfusion parameters is a color coded parameter map per slice
[38]. Color coding as a topic is in principle quite straight forward technique. Optimiz-
ing color coding for perception, as well as possibly using color coding to encodemultiple
variables makes color coding a more complex issue. More information on color coding
is available in Ware [49]. In the medical literature on perfusion, color coding is widely
used. Bjørnerud and Emblem [10] for example use color maps to map regional cerebral
blood volume (rCBV). Similar use is abundant in medical literature. Color mapping of
time varying medical data, along with the projection question are explored by Kohle et
al. [23]. Kohle et al. use for example MIP (maximum intensity projection) on subtrac-
tion images, coloring only values above a certain level of differences.

An extension of the parameter map is the colored heigh field, Oeltze et. al. [31] use
such maps where color is mapped to up-slope and height is mapped to peak enhance-
ment. e height field uses an isometric camera and linear interpolations to ease the
interpretation.
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2.1.3 Isolines and Texture

One way to enhance a color map based visualization is to use texture or isolines as addi-
tional visual cues to delineate different regions. Termeer et al. [47] use amodel of themy-
ocardium along with a Bull's eye plot (BEP) inspired 2D projection of the myocardium
onto a surface as seen in figure 2.1. Blood supply is color-encoded on the model with
isolines showing regions with similar supply. Underperfused regions are shown using a
striped texture pattern.

Figure 2.1: 3D myocardium model along with a 2D projection onto a surface. Isolines
and texture are used to denote regions of differing blood supply. (Figure courtesy of
Murice Termeer [47]).

2.1.4 Lenses

A lens works by assigning a perfusion parameter as foreground and one as background,
mapping different colors to foreground and background. e lens itself is a movable
and scalable shape which in its extent shows a certain amount of the foreground param-
eter together with the background parameter. Oeltze et al. [31] and Preim et al. [38]
mention lenses as a way to compare symmetric regions in the brain for differences in
perfusion parameters.
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2.1.5 Glyphs

Glyph based visualization of medical data is a common approach in perfusion visualiza-
tion literature [39] [34] [16] [33]. Glyph based approaches use a geometric primitive
to represent several variables of the data, with each data variable being represented by
a feature of the primitive. In the case of a rectangle as the glyph primitive, the width,
height and the color can represent different data variables, for example. Typically the
data represented is the data at the spatial location of the glyph, or a composition of the
area around the glyph. Glyphs are oen accompanied by legends or flags easing inter-
pretation information.

Work on the systemization of glyph-based visualization appoaches has been carried out
by Ropinski and Preim [39]. In their work, they differentiate between preattentive and
attentive processing phases. ey classify the placement and the appearance of the glyph
in the preattentive phase, and the interaction as well as flags and legends in the attentive
phase.

Glyph-basedmethods for visualizingperfusiondatahavepresentedby for exampleOeltze
et al. [34], mapping perfusion parameters to different primitive features. Oeltze et al.
explores several primitives for the visualization of cerebral perfusion parameters, includ-
ing spheres, rectangles, ellipses, toroids and triangles. A special focus is put on an in-
tuitive mapping from parameters to shapes in an attempt to ease interpretation and to
not alienate the medical practitioners. Work by Oeltze et al. [33] on the visualization
of myocardial perfusion explores the use of glyphs in three dimensions. Cubes, three
dimensional Bull's eye plot segments, as well as three dimensional time intensity curve
shapes are used as glyphs. Glaßer et al. [16] uses glyphs to investigate the breast cancer
lesion homogenity. e glyph shape used is a square divided in areas. e color of the
square is tied to the enhancement at a point in time, while a brightness adjustment in the
middle of the square describes the curve washout () shape. An example of the resulting
visualization can be seen in figure 2.2.

Interaction, to explore the data that is visualized by glyphs, is achieved by allowing the
number (and size to avoid overlap) of glyphs to be changed, or by allowing the distribu-
tion of the glyphs to be changed. Another possibility is explored by Oeltze et al. [34].
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Figure 2.2: Use of glyphs to visualize tumor area. Color denotes a wash-in parameter,
the brightness of the center a wash-out parameter. Strong wash-in (red) and wash-out
(dark center) in (a) indicates amalignancy, while in (b) a benign lesion is shown. (Figure
courtesy of Sylia Glaßer [16] )

ey link the glyph visualization to a scatterplot(of two perfusion parameters), and up-
date the glyph view only showing the data as selected in the scatterplot. Oeltze et al.[34]
let the user select a degree of interest (DOI), by allowing smooth brushing which assigns
a degree of interest to each point in a scatterplot. is degree of interest is implemented
into the visualization as one of the variables of the glyph.

2.1.6 The Bull's eye plot

A recurring visualization technique in literature on cardiac perfusion visualization, is the
Bull's eye plot. eBull's eye plot is a projection of themyocardium to a 2Dplane. If the
plot is split into segments these are typically segments recommended by the American
Heart Association [4]. A basic color coded bull's eye plot visualization can be seen in
Hennemuth et al. [18]. Several visualization papers use modified versions of the bull's
eye plot, or the bull's eye plot in combination with other techniques. Oeltze et al. [33]
combine a 3D BEP with glyphs. Termeer et al. [47] [46] use a volumetric BEP as well
as isolines and texture to show regions in the BEP.
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2.2 Visual analysis

A natural progression from the methods of data exploration as presented in the sec-
tions above is the consideration of techniques for interactive or automatic analysis of
perfusion data. Such techniques include methods to discover trends, and to reduce the
dimensionality of the data, show relations among parameters or refine the selection of
data available for exploration. e next sections cover different approaches of analysis,
splitting them into section 2.2.1 (automated techniques) and section 2.2.2 (interactive
techniques). In section 2.2.1 I look at approaches which focus on using automatic (not
interaction focused) methods to analyze perfusion data. Methods that rely on user in-
teraction and visualization will be covered in section 2.2.2.

2.2.1 Automatic analysis

In this section approaches which instead of user dependent interaction rely on different
algorithms to provide results. Compared to the user dependent approaches, the main
advantage is that results are usually more reproducible, and in the case of quantitative
approaches thresholds that separate healthy tissue from ischemic or tumorous possibly
can be defined.

Cerebral perfusion

Wismüller et al. [50] present a segmentation approach which they apply to cerebral
DSC-MRI data. ey apply vector quantization along with self organizing maps and a
fuzzy c-means clustering to segment ischemic tissue. e approach is found to be useful
in revealing asymmetries that might otherwise not be revealed by parameter maps.

WuandLiu [51] present another approach toDCE-CTcerebral perfusiondata. eap-
proach is applied to 9 patients with either brain tumors or ischemia. PCA is carried out
to reduce the amount of data, aer applying a minimum description length criterion to
estimate the number of independent components. en independent component anal-
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ysis is applied, resulting in independent component maps along with the corresponding
contribution time curves for the different components.

Several works by Emblem et al. [13] [11] and Bjørnerud and Emblem [10] approach
the problem of segmentation and classification of brain tumors from MRI data. On
the issue of classification, Emblem et al. [13] present an approach for grading gliomas.
Histograms of cerebral blood volume (CBV) from DSC-MRI and the analysis of four
neurologists are used as basis for a support vector machine model. is model is then
used to grade another set of DSC-MRI data, achieving a true negative rate (healthy pa-
tient correctly identified as healthy) of 0.82 and true positive rate (ill patient correctly
diagnosed as ill) of 0.76. On the issue of tumor segmentation, Bjørnerud and Emblem
[10] present an approach to normalize CBV maps automatically. ey identify normal
appearing tissue by removing the tumor tissue using a k-means clustering. e method
was compared to manual selection methods and found to have similar or even better
accuracy. On both segmentation and classification Emblem et al. [11] present an ap-
proach combining T1 andT2weightedMRI to characterize gliomas. Knowledge based
fuzzy c-means clustering is used to segment the gliomas. Non-tumor voxels with similar
characteristics as the tumor are removed by analyzing the neighborhood, as well as how
circular the area of voxels is. e result is one tumor region which is turned into a bi-
nary mask by 3D seed growing. emalignancy of the tumor is then determined by the
maximum peak height of the normalized rCBV values in the segmented area.

More quantitative results have long been sought in perfusion analysis [31]. Bjørnerud
and Emblem [3] present an automatic method that allows for the quantitative analysis
of cerebral hemodynamics. ey use a k-means cluster analysis to determine the arterial
input function and the venous output function. ese are corrected for partial volume
effects and used in a deconvolution to obtain cerebral blood flow (CBF), cerebral blood
volume (CBV), and mean transit time (MTT). Several different deconvolution tech-
niques are used. e method was applied to DSC-MRI data from 101 patients, and
perfusion metrics were found to depend on the deconvolution method to some extent.
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Breast perfusion

Awell validated study was performed by Chen and Giger [5]. eir automated fuzzy c-
means clustering technique for classifying breast tumors was tested on a database of 121
breast lesions. e classification performance was found to be similar to that of radiol-
ogists who are experienced in breast MRI. e approach first lets the operator select a
suspicious region of interest, which is then segmented using fuzzy c-means. is is com-
pared to the radiologists segmentation of the lesion. en a fuzzy-c means is applied
on the curves within the lesion and the group with the highest initial enhancement is
seen as the characteristic curve of the lesion. Receiver operating characteristics (ROC)
is then used to classify the lesion as malignant or not. Staying on the issue of tumor
classification, Nattkemper and Wismuller [30] use self organizing maps as a basis for
visualization, and classification of breast tumors. Schlossbauer et al. [40] find that clus-
tering using vector quantization along with dynamic analysis performs slightly better
then standard dynamic analysis.

2.2.2 Interactive visual analysis

Interactive visual analysis can be described as a process where the relevant data is ex-
tracted and relationships between data is discovered through an iterative interaction
process that involves visualization. e interaction can be achieved in the context of-
multiple views of the data and by enabling the brushing of interesting features, which
then are linked to other views such that the selected data subsets are highlighted con-
sistently. Similarly another possible mean of interaction leads to focus+context visu-
alization, where the selected (focus) data is given more visual space then the rest (con-
text). Other methods of interaction include the on-demand derivation of data like inte-
grals, derivatives or statistical moments. Within perfusion analysis, several authors have
contributed with different interactive analysis approaches for analysis of perfusion data
which will be presented in the following.

One of the first approaches was a presented by Subramanian et al. [45], which aims to
identify lesions in DCE-MRI data. eir approach uses several views, one slice view for
each spatial dimension and a 3D volume view. To detect the lesion, a cancerous curve
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shape is specified along with ranges of confidence around the curve. For each curve a
measure of confidence (0.0 - 1.0) is computed. is specifies how well the curve falls
within the specified range. To quantify the volume of a tumor, Subramanian et al. use
a connected component labeling algorithm together with a threshold of confidence to
find the voxels that are considered part of the tumor, before a volume is computed based
on the volume of each voxel weighted by the confidence of that voxel.

Coto et al. [6] present an approach where they explore interactive analysis techniques in
the context ofDCE-MRI data, acquired for the detection and classification of breast tu-
mors. e approach uses multiple views along with enhancement scatterplots that allow
brushing. e selection brushed is updated interactively. e enhancement scatterplot
plots on one axis the current intensity and on the other the change in intensity from a
scan taken before the arrival of contrast agent. To assess the spatial location of the tu-
mor, the brushed regions can be identified in a 2D axial view using color maps, or in a
3D volume rendering using importance driven volume rendering.

A different approach to analyse DCE-MRI mammographic data is presented by Glaßer
et al. [16]. A region merging algorithm is applied to segment the data into similar re-
gions. Once the regions have been segmented, the average time intensity curve of the
regions is visualized in a curve-view. Suspicious regions can be further investigated by a
glyph visualization based on perfusion parameters.

Interactive visual analysis approaches have also been applied to other types of perfusion
data. Oeltze et al. [32] present an approach to the analysis of derived perfusion param-
eters and then apply it to cerebral, cardiac and mammographic perfusion data. In this
case, the six parameters are:

• Mean transit time.

• Integral.

• Slope.

• DownSlope.

• Peak Enhancement.
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• Time to peak.

Due to the complexity of visualizing high-dimensional data, Oeltze et al. use a scat-
terplot matrix along with a background coloring that identify the correlation of each
parameter combination. In this plot, parameters that show strong a correlation with
others are removed from further processing. On the remaining parameters a principal
component analysis (PCA) is carried out to determine the major trends and the load-
ings (contributions of original parameters to the trends) for each parameter in the trends
are visualized in a bar chart. To visualize the processed data, the SimVis system is used,
see also section 2.4. SimVis supports multiple views with curve-view (showing concen-
tration time curves), scatterplots, parallel coordinate plots and histograms. Selections
brushed in these views are updated in the others such that the same subset of data is
highlighted in all views. e analysis of the data consists of first determining strong cor-
relations and computing the principal components of the remaining parameters, then
brushing parameters or principal components in SimVis. e method is applied to sev-
eral datasets revealing infarcted region in a myocardial perfusion datasets, as well as the
infarction core and partial tissue at risk in a cerebral perfusion dataset and tumor regions
in a breast perfusion dataset.

Visualizing the same dataset as Oeltze et al. [32], Muigg et al. [28] develop a method to
interactively visualize large amounts of curves and allowing interaction by brushing of
these curves linked to other views. e method is successfully applied to both a breast
(tumor detection) perfusion dataset and a cerebral (stroke diagnosis) perfusion dataset,
revealing suspicious structures in the breast perfusion dataset and infarction as well as
tissue at risk in the cerebral perfusion dataset.

As a continuation of the two previous approaches, Oeltze et al. [35] have compared
four interactive approaches for visualizing cerebral perfusion data. e approaches are
compared based on the complexity of the process, the accuracy in determining the in-
farction zone, the amount of disconnected regions close to the stroke infarction, and the
inclusion of ventricles. e analysis in each approach is based on:

1. CTCs (concentration time curves).
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2. Parameters describing the shape of the CTCs.

3. Trends using statistical analysis.

4. A semi-quantitative parameters approach, usingparametricmodeling(gammavari-
ate fit) and deconvolution to compute parameters.

Figure 2.3: Selection ofCTC curves using brushing on a curve view revealing the infarc-
tion zone. e brushes in image (a) are gradient sum brushes, and the selected curves in
the curve view are shown in red, while the context is shown in green. Images (b) and
(c) are colored based on time until maximum concentration of contrast agent. (Image
courtesy of Steffen Oeltze [35] ).

e evaluation by Oeltze et al. finds all the approaches able to segment the infarction
core, but approach 4 contained disconnected regions around the infarction, which is
attributed to a failed curve fit in these areas. Approach 1 has advantages in that curves
can be visually inspected. Approach 3 was the overall quickest approach in determining
the infarction zone.
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Another approach to interactive visual analysis of time varying data, is to allow selec-
tion of voxels or creation of a template time intensity curve, and then compute similar-
ity to other voxels. Fang et al. [14] present an approach of this kind, where they use
cross-correlation and euclidian distance as similarity metric. ey Visualize using vol-
ume rendering and brushing on a scatterplot with cross-correlation and euclidian values
on the axes. e approach is applied to phantom PET, MRI and a SPECT dataset.

2.3 Temporal smoothing and curve fitting of perfu-

sion curves

Temporal smoothing and function fits are applied to perfusion curves for two different
but intertwined motivations, the first motivation is to remove noise and artifacts result-
ing from the acquisition process, and the second is to allow a continuous representation
of the discrete perfusion data, which then perfusion parameters are derived from. For
noise removal, filtering methods such as averaging or Gaussian smoothing are possible,
while interpolation or function fits can used to represent the entire curve or parts of it
continuously. In this section several papers that are devoted to such schemes for perfu-
sion data are presented.

Lysaker et al [27] present a filter that is based on fourth order partial differential equa-
tions. e approach is found to perform well on several perfusion datasets, and to avoid
artifacts as present in other methods.

In 1964, ompson et al. [48] find that the first pass of contrast agent in the concen-
tration time curves can be expressed as a function of time by using a family of functions
called gamma variates. ompson et al. acquired curves from114 patients. e sampled
curves were then subject to a fit by moments 1 and a least squares fit to a gamma variate
like function. e correlation between these fits and the sampled curves show that the
concentration time curves can be described well by a gamma variate like function.

1e gamma variate is a statistical distribution, a fit by moments finds the moments of the discrete
data and uses those as a basis for the continuous distribution. Opposed to a least squares method, which
compares data points resulting from the function to the original data.
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In his overview of mathematical methods in nuclear medicine, Lawson [25] mentions
several pitfalls in curve fitting to the contrast agent passage:

• Unjustified extrapolation beyond the fitted range.

• Inclusion of Recirculation effects in the fit.

• Bad estimates of the time of arrival.

• No removal of the baseline before fitting.

Lawson also mentions the possibility of weighting fits based on knowledge of the stan-
dard deviation of different parts of the data.

To decide which gamma variate parameters lead to a function that fits the curve well,
there are two types of approaches: Fit by moments or curve fitting using least squares.
Using least squares is more accurate then a fit by moments in the presence of noise [2].
To traverse the space of parameters to find a point that is a minimumwhen the resulting
curve is compared to the data using least squares, there are several available algorithms.
An overview of gradient based algorithms is given by Snyman [42].

2.4 SimVis

My analysis approach is realized on the basis of SimVis [9], which has been extended
from a 3D time dependent flow data analysis tool to accommodate the analysis of other
data types as well, including 3D medical data as well as 3D weather data. SimVis al-
lows the interactive visual analysis usingmultiple linked views to exploremultiparameter
data. is is accomplished by brushing [7] to assign DOI (degree of interest) values to
portions of the data across histograms, scatterplots, curve-views and parallel-coordinate
views. Logical combinations of brushes as well as smooth (fractional DOI) brushing [8]
is supported. SimVis' 3D view uses the specified DOI values (whether discrete or frac-
tional) to generate a focus+context visualization by using DOI values to modulate the
opacity and color.
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Within the visualization of medical data, SimVis has been used by Oeltze et al. [35]
[32] to visualize cerebral aswell asmammographic perfusion data, which both have been
discussed in more detail in section 2.2.2.
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Chapter 3
A semi-automatic method for
analysis of perfusion data

e analysis of perfusion curves in visualization has usually been based on descriptive
perfusion parameters. ese parameters are typically derived from the data representing
the first pass of contrast agent. e process of the actual computation may vary a lot
based on the data itself, the noise present in the data, as well as which parameter one
wishes to derive. Ultrasound data for example has to be treated quite differently com-
pared to DSC-MRI data. e ultrasound data is derived by injecting a tracer consisting
of micro bubbles. In each spatial location these bubbles are some times detected and
some times not. As a result the data needs to be treated differently then say DSC-MRI
data where such effects are not present.

One typical way of deriving perfusion parameters is to manually specify the time of ar-
rival, and where the first pass ends. is is done by manual inspection of some curves.
Further parameters are then directly derived, or using methods described in section 2.3.
My approach differ in that it does considers each curve by its peak rather then a global
time of arrival, and a global end time of the first pass. e range to apply further compu-
tation is based on this peak instead of a globally specified range. ebasic understanding
of a perfusion curve as considered in my method can be seen in figure 3.1.
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Figure 3.1: e underlying concept of a concentration time curve as considered in this
thesis. Data points are shown in grey and a possible continuous interpretation in red.
e inflection points and peak annotated are the zero crossings of the first and second
derivative of a continuous interpretation of the data. Together with the contrast agent
arrival these form the basis for the perfusion parameters derivation in this thesis.

In section 1.2 the descriptive parameters which earlier were described in the related lit-
erature is mentioned. My choice to focus on the peak instead of delineating a specific
time of arrival does not allow the generation of all the parameters for each of the param-
eter generation approaches I consider in this thesis. e specific descriptive parameters
available in each approach is discussed their respective subsections in section 3.2, but
eventually all parameter computation relates to figure 3.1 and the zero crossings as an-
notated.

My approach focuses on creating an interactive visual analysis pipeline (in SimVis [9] )
where descriptive parameters are derived and analyzed under the visual control of the
user. e approach is applied to cerebral DSC-MRI data in the context of this thesis,
but a similar pipeline could be adopted for other kinds of first pass perfusion parameter
derivation, or in some cases other types of time-dependent data which describe a peak
in a time series. Figure 3.2 contains a flowchart presenting the visualization pipeline as
resulting frommy approach.

My approach uses visualization in an iterative fashion. e first step of the pipeline con-
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Figure 3.2: Visual representation of the suggested visualization pipeline. Steps 1, 3 and
5 are visual analysis steps, while step 2 and 4 are computation steps based on decisions
made during the analysis steps.

sists of a visualization using a curve-view, linked to a volume rendering view to get an
impression of the noise present, as well as to get a first view of features in the data. For
a perfusion dataset this step typically consists of identifying the location of the first pass
of contrast agent, as well as the level of noise present. Figure 3.3 shows an example of
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this step.

e second step of this pipeline consists of a smoothing approach, covered in section
3.1. is part encompasses a temporal smoothing and derivation approach based on the
previous data inspection. e aim is to generate temporally smoothed data and deriva-
tives which represent the major features in the data well. e generated data is used in
further computation, or used for visualization if that is desired.

In the third step of the pipeline the data generated in the second step is visualized using
as a curve-view, combined with a 3D volume rendering. is step allows for the analysis
of the generated data, as well as the evaluation of whether smoothing was possibly too
strong or too weak. In images 2 and 3 of figure 3.8 an example of evaluation that might
reveal too strong or too weak smoothing is shown.

e fourth step of the pipeline covers several different approaches for deriving descrip-
tive parameters. ese approaches are covered in detail in section 3.2. e methods
covered use an interpolation of the Gaussian smoothed data, as well as methods to fit
curves to the data. is includes a fit of a piecewise linear function, a Gaussian function,
and a gamma fit.

In the fih step of the pipeline, the final visual exploration and analysis is carried out.
Similar to the third step, an evaluation of derived parameters through this visualiza-
tion allows the detection of cases where outliers are generated through fitting failures or
smoothing artifacts. In such cases different methods may be used to derive the descrip-
tive parameters that are not as effected. e results of the application of the pipeline to
computed data as well as imaged DSC-MRI data is covered in chapter 5, an example of
this process, aiming to explain the visualization steps of the pipeline, is presented as an
end to this chapter in section 3.3.

3.1 Smoothing noisy CTCs

My smoothing approach is based onhaving a curve-view available. A curve-view [9] [35]
is a representation of all the curves over time. Interactionwith the curve-view is achieved
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through the manipulation of a transfer function that controls the opacity of each curve
as well as a threshold of what to render. An example is shown in figure 3.3 showing a
selection of curves in red, and the context of all curves in black.

Figure 3.3: Curve-view showing selection of perfusion curves, with the selection in red,
and the context of all curves in black. A transfer function controls opacity of curves.
Inspection of curves leads to possible amounts of timesteps describing noise and features
in the data. ese values are supplied to the Gaussian smoothing method presented in
section 3.1 and filters are derived based on the input. Blue lines are conceptual and not
part of themethod, and a larger amount of curves should be examined in a real scenario.
(Data courtesy of Atle Bjørnerud)

In this curve-view, the user can explore the perfusion curves and return with a mental
picture of the features and the noise that is present in the data. e goal of the here
described smoothing step is to translate the mental picture of the user into a smoothed
version of the curves and their derivatives sufficient for further analysis. Together with
additional user input the curves are later used to estimate where the first pass occurs.

To derive a Gaussian filter for reducing the noise in the time series I first evaluate the
frequency response of the each possible filter. Eventually I try to maximize the differ-
ence in response between a perceived noise frequency and a perceived feature frequency.
ese frequencies are supplied by the user as lengths of the feature and the noise mea-
sured in the amount of timesteps each spans, an example of a result of this process can
be seen in figure 3.3 . When deriving filters for finding derivatives, I take into account
the frequency amplification as found in derivatives [36].
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Here a Gaussian is considered as written:

g(t) = e−at2 (3.1)

e corresponding frequency response for frequency f is given by [1]:

G(f) =

√
π

a
e− (πf)2

a (3.2)

A frequency f of 1 in this case corresponds to a signal repeating over the course of the
entire time series.

When derivation is carried out on time series, the higher frequencies are amplified. e
relation is that a peak in its n-th derivative is inversely proportional to the n-th power of
its width [36]. Filters that aim at suppressing noise in derivatives need to take this into
account. So in an nth derivative, a peak with widthw have an amplitude response given
by:

(
1

w
)

n

(3.3)

Features of width w1 and w2 in the n-th derivative have amplitude responses differing
by:

(
w1

w2
)

n

(3.4)

e goal is to achieve an approach which works for both filtering the original time series
and derivatives. Since derivatives discriminate against lower frequencies, equation (3.4)
has to be taken into account. e following function is maximized to obtain a value of
a for a derivative of order n:

f(a, n) =

√
π

a
e− (πf1)2

a −
√

π

a
e− (πf2)2

a (
f2

f1
)

n

(3.5)
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Where a is the gaussian parameter and n the derivative level I want to make a filter for.
Known frequencies (from user specified lengths) are represented by f1 and f2 with
f1 < f2.

Rewritten this becomes:

f(a, n) =

√
π

a
e− (πf1)2

a f1n −
√

π

a
e− (πf2)2

a f2n (3.6)

Equation (3.5) is a Gaussian minus another Gaussian. A line search [42] is used to find
the value forawhichmaximizes equation (3.6). ediscrete filters are derived byplacing
a cutoff of the Gaussian at 3 standard deviations. Equation (3.1) is then sampled to
obtain a the filter.

Derivatives are derived by applying discrete kernels sampled from the second and first
derivatives of equation (3.1) given by:

g′(t) = −2ate−at2 (3.7)

g′′(t) = −2ae−at2 + 4ate−at2 (3.8)

e parameters for these derivative filters are found as before by maximizing (3.6), and
the discrete filter is made by sampling and adding a cutoff at 3 standard deviations.

3.2 Deriving parameters from CTCs

In the following, the individual parameter derivation approaches are discussed in detail.
e approaches are based on different kinds of smoothing, either based on the already
smoothed data, or curve fitting. e parameters I have derived differ from approach to
approach as eachmethod has differentways to derive parameters, the derived parameters
are discussed in the respective section of each method.
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is step of the pipeline makes the following assumptions:

• e baseline is assumed to be subtracted, so that it resides at zero.

• e data is assumed to be motion corrected, so that for each time point, a spatial
location in the data always refers to the same location in the patient.

In the next sections I refer to the first inflection point, the second inflection point and
the peak of a curve. ese are referred to as i1, i2 and p (in terms of their point in time)
respectively. e height of the curve at these points is referred to by c(i1), c(i2) and
c(p). All the approaches using function fitting use least squares as minimization, and
gradient descent to optimize this.

Initially I remove perfusion curves which do not have a peak, and where a fit therefore
would be meaningless. is is done by requiring for each curve that:

• Data point c(p)must be larger than then c(i1) and c(i2).

• p is between i1 and i2.

e function fits explored are functions based on 2 (piecewise linear), 3 (Gaussian) or
4 (Gamma) parameters. e error of a function resulting from a given set of parameters
compared to the data is computed using a non weighted least squares.

r2∑
i=r1

(data[i] − f(i))2 (3.9)

Wheref(i) is a sample of the fitted function, r1−r2 is the range of the data the function
is compared to.

If we consider a functions parameters space, the fitting aims to find the position in this
space that minimizes (3.9). is is in my case done using a gradient descent algorithm.
e initial parameters for the gradient descent algorithm is in each case derived from the
smoothed data, the specifics is covered in each methods respective section.
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Gradient descent works in that at each point, a gradient in the data is computed and a
step in the negative direction of the gradient is taken. In my case this gradient is com-
puted using a central difference operator, and then a line search [42] is used along the
negative direction of the gradient to determine how far to step. e process is then re-
peated.

Figure 3.4: Fitting a 2parameter functionusing least squares results in a landscape, where
the least squares of the sampled functionpoints and the data points delineates height and
the parameters the position. I am looking for the two parameters that give the minimal
point in the landscape. Using the gradient descent algorithm, this is accomplished by
always stepping in the direction of the negative gradient at the current position. is
results in a local minima being found.

e gradient descent algorithm is iterative, and it has to be ended in some fashion. In
my case I have a user defined finite amount of iterations aer which it ends. It also ends
if the error or last step is small enough.

Once a function fit has been achieved, deriving parameters from the function is done by
sampling the function at points of interest, or analytically deriving the parameters.

3.2.1 Derivation from an interpolation of smoothed data

One way of deriving parameters is to use the smoothed curves to determine the param-
eters of interest. is is done by finding the zero crossings in first and second derivatives
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and using linear interpolation to approximate the positions of the peak and inflection
points.

e following derivations are made:

1. Time of peak - equal to p.

2. Peak enhancement - c(p).

3. Up-slope - since the time of arrival is hard to estimate since no zero crossing de-
notes it directly, I use c(p)−c(i1)

p−i1
.

4. Down-slope - similarly to upslope this is computed using c(i2)−c(p)
i2−p

5. Distance between inflection points - equals i2 - i1.

Using interpolation like this allows for descriptive parameters to be derived, but smooth-
ing using a gaussian introduces a dri [26] of zero crossings. is dri is data dependent
and therefore sensitive to noise. e next sections detail attempts to allow better detec-
tion of these zero crossings, and therefore more solid descriptive parameters.

3.2.2 Piecewise linear fit

To estimate the time of arrival as well as the up-slope parameter, I evaluate which of a
family of piecewise linear functions fit the best. e concept is shown in figure 3.5 along
with an example of application to computed data.

I only want to fit this piecewise linear model to the data from time of arrival until the
peak. e range I fit is therefore from starting point r1 to end point r2:

r1 = i1 − (p − i1) (3.10)

r2 = p (3.11)
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Figure 3.5: Concept of fit of a piecewise linear function on the le. Data points in blue,
points from function in red. On the right a piecewise linear function is fit to computed
data. e fitted function in blue, the original data in gray and the smoothed data and
second derivative is shown in respectively red and dark red.

Conversion to discrete data points floors r1 and floors r2 since I do not want to include
data points beyond the peak.

e fit has two parameters, namely the time of arrival t and the position s of the peak at
a fixed height c(s). e function is given by:

f(x : t, s) =

(x − t) c(s)
s−t

if (x − t) > 0

0 if (x − t) ≤ 0
(3.12)

e initial parameter for the peak point is equal to p. e time of arrival is assumed to
be 0 initially. e range of x is from 0 to r2 − r1.

Derived parameters are:

1. Time of arrival - parameter t.

2. Up-slope - c(s)
s−t

.

3. Fit error - final least square error of fit.

33



No further parameters are derived since little information about the peak area is used in
the fit.

3.2.3 Gaussian fit

Similar to the piecewise linear fit, a Gaussian can be fitted to the up-slope. Figure 3.6
illustrates the concept and shows the method applied to computed data.

Figure 3.6: Concept of fit of a gaussian function on the le. Data points in blue, points
from function in red. On the rightGaussian fit to computed data. e function is shown
in blue, the original data in gray and the smoothed data and the second derivative is
shown in respectively red and dark red.

e range I fit is from r1 to r2 given by:

r1 = i1 − (p − i1) (3.13)

r2 = p (3.14)

e assumption is that up until the peak and slightly beyond a gaussian describes the
data. Conversion to discrete data points therefore floors r1 and rounds r2.

e fit has three parameters, themeanm, the standard deviation s and a parameter y for
scaling along the y axis. e function used is:
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f(x : m, s, y) = ye− (x−m)2

2s2 (3.15)

e starting parameters of the fit are computed from the smoothed version, setting the
time of the peak as the mean, and standard deviation equal to the distance to the first
inflection point divided by two. e scale parameter y is initially set to let the peak of
the function and the smoothed peak coincide.

Derived parameters are:

1. Time of Arrival - Set as 2.2 standard deviations before the mean. 2.2 is based on
inspection of the method applied to several computed datasets as well as MRI
data.

2. Time of peak - mean of the Gaussian.

3. Peak enhancement - peak of the Gaussian.

4. Up-slope - maximum slope along the Gaussian.

5. Fit error - final least squares error of fit.

3.2.4 Gamma fit

e first pass as represented in perfusion curves can be considered similar to a gamma-
variate function [48]. A function fit of a gamma variate like function over the first pass of
the time intensity curve can be used as the basis for deriving perfusion parameters. An il-
lustration of the concept can be seen in figure 3.7 alongwith an application to computed
data. e input to my gamma variate fitting approach is the observed time of the peak
of the first pass, the original data, as well as the Gaussian smoothed data and smoothed
first and second derivatives.

e range of the fit should include the first pass, but should avoid including any recircu-
lation effects in the fit. My approach assumes that the dri of the smoothed data is not
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Figure 3.7: Concept of gamma fit to a peak on the le. Data points in blue, points from
function in red. On the right gamma fit of computed data. e function is shown in
blue, the original data in gray and smoothed data in red. e smoothed secondderivative
of the data is shown in dark red.

too severe, and that the measurements of inflection points and peak point are approxi-
mately correct. e range i fit is given by time points r1 and r2.

r1 = i1 − (p − i1) (3.16)

r2 = i2 (3.17)

Since data points are discrete, the actual range is the floored version of r1 and rounded
version of r2.

e gamma variate distribution is given by:

f(x; k, θ) = xk−1 e−x/θ

θkΓ(k)
(3.18)

By considering 1
θk a scale factorF , and keep θ equal to 1, as well as aA the step between

samples in the time direction, and S the point in the gamma variate where the sampling
starts, I arrive at the function:
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f(x; k, S, A, F ) = F
(S + Ax)k−1e−(S+Ax)

Γ(k)
(3.19)

For x < 0 f(x, k, S, A, F ) = 0.

e reasoning behind keeping θ equal to 1 is to keep scaling along y and x separated to a
single parameter each, and inclusion ofS is to not predetermine k based on the distance
to sampling start.

e initial parameters are scaled so that F makes the peak of the smooth data and the
function coincide, while A is set to make the distance between inflection points of the
function and the smooth data coincide. e initial value for S is set to the difference
between the floored version of r1 and r1. e initial parameter for k is kept similar for
all curves at 5, the reason behind this is that at a k of 5 the first inflection point ismidway
between peak and the starting point of the gamma function, using a k of 5 is a reasonable
starting point considering the position of r1.

From the fitted function the derived parameters are:

1. Time of peak - time of peak of gamma.

2. Peak enhancement - peak of function.

3. Up-slope - maximum slope of function before peak.

4. Down-slope - maximum slope of function aer peak.

5. Width of peak - distance between inflection points of function.

6. Fit error - final least squares error of fit.

3.3 Visualization steps

In the sections above the visualization steps of the pipeline were largely omitted as the
focus was on the technical details. is section focuses on the use of visualization as a
tool to make decision of how to apply the tools mentioned in the preceding section.
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Figure 3.8 shows the steps of a possible application process where the method is applied
to the first pass of a perfusion dataset. e data is a DSC-MRI dataset where the tumor
area has been delineated by a mask. Each step refers to a respective image in figure 3.8.
e steps are:

1. In this step perfusion concentration time curves (CTCs) are visualized in a curve
view, an example of such a visualization is presented in image 1 of figure 3.8. Based
on the visualization in image 1 a decision is made to smooth the data using the
method presented in section 3.1, the input to the method is a feature length of 8
timesteps and a noise length of 2 timesteps.

2. Using a curve view the results of the smoothing is inspected in this step. In image
2 of figure 3.8 smoothed second derivatives of the CTCs are inspected. e re-
sulting data seems insufficiently smooth to ensure that the second derivative zero
crossings are due to the features in the data and not noise for most curves. Based
on this observation the smoothing is redone this time the input to the method is
a feature length of 8 timesteps and a noise length of 3 timesteps.

3. A visualization of the curves resulting from the smoothing decision in step 2 is
shown in image 3 of figure 3.8. ese smoothed secondderivative curves are based
on the visualization in image 3 decided sufficient to ensure that at least for the vast
majority of perfusion curves, the zero crossings are now those of the feature and
not the noise.

4. In this step a decision of which peak the parameter derivation method should be
applied to is made. In image 4 of figure 3.8 a transfer function giving curves a
very low opacity reveal that the zero crossings of the first derivative of the CTCs
are centered roughly around timestep 18. is is used as input to the parame-
ter derivation approach, so that computation is applied to the correct peak. e
parameter derivation approach chosen in this case is a gamma fit.

5. e resulting parameters from step 4 are visualized in scatterplots and a histogram
this step. In the upper le scatterplot of image 5 a possibly interesting feature is
noticed. High peak enhancement and late time of peak curves are brushed in the
scatterplot. Inspection of parameter fit error, shows that most curves fit well to
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a gamma variate. To ensure that parameters from curves not well described by a
gamma fit are not included, curves with a relatively high fit error are brushed with
a not brush.

6. In this step a volume rendering of the curves segmented by the selection of their
perfusion parameters is made. e spatial position of the selected curves is seen
in image 6 of figure 3.8 in context of the brain. In the upper right of image 6 the
entire masked tumor area is seen. e coloring of both images delineate the with
of peak values of the selected peaks.

Figure 3.8: e figure shows an example of an application of the presented visualization
pipeline. Each image is explained in detail in section 3.3. Image 1 shows initial visual-
ization of the CTCs, leading to a decision to smooth the data. Image 2 shows resulting
smoothed second derivative. Image 3 shows resulting smoothed second derivative using
a stronger smoothing. Image 4 shows basis for decision ofwhich peak to apply parameter
derivation to. Image 5 shows scatterplot visualization of resulting descriptive perfusion
parameters. Image 6 shows volume rendering of selection in image 5. (Data courtesy of
Atle Bjørnerud)
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Chapter 4
Implementation

e implementation of my method was carried out using C++ and Java, where Java was
used in the initial stages to fast and easily create prototypes of solutions, and C++ was
used for the final SimVis implementation. e SimVis system uses the QT library for
the GUI, and I have introducedOpenCL to easily be able to use the GPU for computa-
tions. is chapter is organized as follows: Section 4.1 cover the overall structure of the
SimVis implementation and the reasoning behind this. In section 4.1.1 the implemen-
tation of the smoothing approach is presented, and section 4.1.2 covers implementation
of the curve fitting. Section 4.1.3 covers the implementation of theGPUbased gradient
descent.

4.1 Structure of the SimVis implementation

e main goals for my implementation in SimVis were to try and modular and easily
extensible as possible. is was motivated by the complexity of the SimVis system. is
also allows for easier an addition or modification of my method if needed. SimVis con-
sists of several views, which can be grouped into three categories, passive visualization,
active visualization and data derivations. Since my approach consists of deriving new
data, it was natural to add my approach as a data derivation view.
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While my smoothing approach is used as a basis for the curve fitting, both are separate
operation on the data. e input for the curve fitting need not come frommy smoothing
approach, but could just as well use a different approach. is underlies my decision to
split the approach in a data calculator for smoothing as well as a data calculator for curve
fitting. While this introduces slightlymore possibilities for user errors as two operations
have to be combined correctly, this is made up for by the increased freedom as well as
adhering to the mental image of separate operations.

4.1.1 Implementation of smoothing

My smoothing approach consists of a convolution with a Gaussian kernel derived from
user input on the features present in the data. e main implementation choices were
how to generate the gaussian kernel, as well as choosing how to best treat data edges
to not introduce artifacts when smoothing. e solution to (3.5) was found using a
line search (a method to find maxima or minima in an interval) , and smoothing on the
edges was resolved by padding with the edge data points. While this can introduce noise
artifacts, padding with zero, or padding with an average of several edge points introduce
worse artifacts for my purposes. As my data is not of the size where the speed of the
convolution is an issue, a naive implementation with run time O(k) is chosen, where k

is the length of the Gaussian kernel.

4.1.2 Curve fitting implementation

e curve fitting is used to derive several different parameters from a curve. One also
needs to be able to at runtime decide which kind of fit is needed. I therefore decided to
use strategy patterns [15]. A UML diagram for the implemented strategy patterns can
be seen in figure 4.1 and 4.2.
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Figure 4.1: A UML diagram of strategy design pattern allowing switching of fit type.

4.1.3 Gradient descent GPU implementation

Another consideration in my implementation was the running time of the gradient de-
scent algorithm to find the curve fit. e amount of data processing needed is quite large
compared to theGaussian smoothing since amodel needs to be generated and compared
to data iteratively. For each iteration the amount of computation depends on the model
as well as the size of the data. Assuming that a datapoint from the model can be derived
in O(1) time, that the evaluated data from a curve is of size n, that the model consists
of k parameters, and a line search finishes aer l iterations, then the central difference
operation to obtain the gradient will be of order O(nk) and the following line search
O(nl). If i iterations are needed to find a fit, the total running time of a single curve is
of order O(i(nk + nl). e amount of curves in a perfusion dataset is typically about
128 ∗ 128 ∗ 14.

While the amountof processingneeded is large, each curve canbe evaluated individually,
so computation of each curve can be done in parallel. ismakes a solution on theGPU
attractive, since the much higher processing power can be exploited well. Conveniently
the data for each curve is small enough thatmemory access need only be to localmemory
on each multi processor. is allows much better utlization of the processing power on
the GPU.
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Figure 4.2: A UML diagram of strategy design pattern used to switch interpretation of
fit parameters to generate descriptive perfusion parameters.

eGPU implementation is realized usingOpenCL [29] [44]. OpenCL allows the cre-
ation of kernels that can be executed on any compatible device, whether it is the GPU,
CPU or another kind of processor. In my approach OpenCL kernels are compiled dur-
ing runtime. e overhead introduced by this is negligible and this allows change of the
algorithm without recompiling the C++ code.

e caching on each streaming multiprocessor is essential for the effective utilization of
the GPU. e possibility of caching is recognized by OpenCL if the local works size
(the number of kernels for a single multiprocessor to operate on) is small enough. For
the GPU in the computer I used, 8 or 16 seems to work equivalently well, though this
number is not guaranteed toworkwell on olderGPUs, andmight be too small for newer
GPUs. e seemingly arbitrary 8 and 16 are a result of the fast shared memory available
on each multiprocessor.

Another implementation consideration is the time a kernel takes to finish. Operating
systems have a time limit aer which a kernel (on the graphics card used for display) is
terminated. While this feature can be turned off, it may not be desirable. I instead chose
to split my computation into iteration cycles that are small enough to not trigger this
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termination. Another solution is to have a second graphics card, and target only this
with the computation.
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Chapter 5
Analysis

My analysis is split into five sections, in section 5.1 the temporal smoothing approach
presented in section 3.1 is evaluated, while in section 5.2 the parameter derivation ap-
proaches are evaluated based on application to computed ground truth CTCs and im-
agedCTCs. In section 5.3 an attempt to classify tumors based on the presentedmethod
is evaluated, while section 5.4 considers the method as a tool for evaluation of the dif-
ferences found in section 5.3. Section 5.5 considers analysis of curves rejected by the
parameter derivation, as well as analysis of values of the fit error parameter.

5.1 Analysis of temporal smoothing

e goal of the smoothing approach described in section 3.1 is to quickly allow creation
of a smoothing kernel sufficient to reliably detect zero crossings of features inCTCs. e
success of this method relies on its ability to translate a mental image of the data at hand
into smoothed data where zero crossings of the features are easily detected. More specif-
ically this is a question of howmany different smoothing kernel has to be applied before
a kernel that is sufficient is found. Answering this question rigorously would require
a test involving several participants along with several varying datasets and competing
smoothing methods, and is beyond the scope of this thesis. My analysis of the proposed
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method is based on my experience applying it to several DSC-MRI datasets, along with
the application of the method to computed data.

In figure 5.1 themethod is applied to a computed dataset. e original data with a small
selection of curves can be seen in image g of this figure. Images a and d show original
data smoothed using a kernel based on a feature length of 12 timesteps and noise length
of 3 timesteps, the resulting kernel standard deviations are annotated for both the 2nd
and 0th derivative kernels. Images b, c, e and f show smoothingwith stronger andweaker
kernels.

Applying my method to 7 perfusion datasets my experience is that I either smooth the
data sufficiently using my initial feature and noise ratios, or on the second try aer vi-
sualizing the results of the first, compared to manually specifying kernels by supplying
standard deviations this method is less tedious and requires less knowledge of the gaus-
sian filter.

5.2 Analysis of parameter derivation methods

e parameter derivation approaches considered in section 3.2 allow derivation of sev-
eral descriptive perfusion parameters. To allow comparison of the different derivation
approaches, ground truth curves are computed based on several gamma variate functions
with addedRician [17] noise. While such curves are not the equivalent of imaged perfu-
sion curves, results from applying my derivation methods on these curves are compared
to results derived from imaged DSC-MRI. e comparison is based on visualization
using histograms of the same scale, where derived parameters are brushed.

e overall result is that for signal to noise ratio (SNR) above 10, a gamma fit recovers
parameters from computed data more correctly compared to the other methods. For
SNR below 10, the gamma fit still performs better for several parameters. e exception
is the time of peak parameter where the mean of the gamma fitted values are closer to the
ground truth compared to values derived by an interpolation, but the standard deviation
is higher compared to the values derived by an interpolation. Results of slope derivation
shows a similar structure as the derivation of peak enhancement and are therefore omit-
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ted. e results for parameter peak enhancement is presented in more detail in section
5.2.2. In detail results for parameters time of peak,width of peak and time of arrival are
given in respectively sections 5.2.1, 5.2.3 and 5.2.4.

5.2.1 Time of peak derivation

Deriving the time of peak parameter from perfusion curve is achieved using a Gaussian
or gamma fit, or an interpolation of the smoothed data. In figure 5.2 each of thesemeth-
ods are used to derive time of peak from computed data and imaged DSC-MRI data.
For high (above 15) SNR the gamma fit recovers the time of peak the best, while the
smoothing results in a shi similar to the one seen in figure 5.2. e standard deviations
for each method are much the same at that SNR. As the SNR approaches 10, the the
gamma fits still recover the ground truth values better, but the standard deviation of the
results are higher compared to values derived using an interpolation. is means that if
the goal is to differentiate between low SNR curves based on the time of peak parameter,
an interpolationmight be preferred. Fitting a Gaussian delivers results which are incon-
sistent on different ground truth curves (sometimes earlier sometimes later compared
to the ground truth), while typically deriving values closer to the ground truth time of
peak compared to an interpolation, the standard deviation of the values derived using a
Gaussian fit are comparable to that of the gamma fit.

5.2.2 Peak enhancement derivation

Similar to time of peak, peak enhancement can be derived using three of the presented
methods. Results from eachmethod applied to computed (SNR= 10) data and imaged
data can be seen in figure 5.3. e gamma fit is very close the ground truth when it
comes to deriving peak enhancement, while interpolation underestimates it and fitting a
Gaussian overestimates it. Standard deviations of interpolation and using a gamma fit
are quite similar, while the gaussian shows a larger standard deviation. Application to
imaged data, on the right in figure 5.3 shows the same pattern of shis as seen when
applied to the computed data.
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5.2.3 Width of peak derivation

Estimation of width of peak is derived by applying a gamma fit, or by using an interpo-
lation of smoothed data. In figure 5.4 both approaches are applied to computed data
(SNR = 10) on the le, and imaged data on the right. e gamma fit outperforms the
interpolation, both in terms of similarity of mean to ground truth curves and in abil-
ity to distinguishing between different ground truth curves. e imaged results show a
similar shi of the mean using an interpolation compared to a gamma fit. e results on
computed curves with higher and lower SNR are similar.

5.2.4 Time of arrival derivation

In the computed dataset shown in figure 5.5 I avoided to derive a ground truth time of
arrival value for the computed curves. is is due to the difficulty of deciding a specific
point in the gamma variate functions which denote the time of arrival.

e techniques to estimate time of arrival presented in this thesis are not particularly
successful and it is also hard to evaluate whether they are successful. Fitting a piece-
wise linear function, results in values which prefer certain answers as seen in figure 5.5,
which is obviously problematic. Fitting a Gaussian results in time of arrival values sim-
ilar to those achieved by fitting a piecewise linear function, but without the preference
for certain answers, but without a ground truth time of arrival value it is hard to evaluate
whether any of these methods deliver satisfying results. Especially with the Gaussian fit
relying on a choice (based on observation from only 7 datasets) of 2.2 standard devia-
tions as the time of arrival, I am not very confident in this method.

A possible reason for the behavior of the fitting of a piecewise linear function, is that the
sampling of the function result in substantially different curve shapes, based on where
the slope starts. I suspect that since certain sampled versions of the function resemble
perfusion curves more then others, these versions are more likely to fit the curves.
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5.3 Analyzing tumor composition

In this section I apply my method to several cerebral perfusion datasets of tumors. In
discussion with the medical practitioners supplying the datasets the following goals for
the datasets were specified.

• Classify tumors as either high grade or low grade.

• Predict the survival outcome for patient.

Answering each of these questions require large clinical studies, which is far beyond the
scope of this thesis. e question in this case is whether my method is promising, and
worthy of further pursuit as a classification tool, or an aid in classification. To possibly
answer this question the method is applied to 7 perfusion datasets, with supplied tumor
masks. edata set includes 4high grade tumors and3 lowgrade tumors. e interactive
visual analysis method presented in chapter 3 is applied to the dataset with the aim to
analyze tumor composition and see whether tumors can be differentiated based on the
results.

To differentiate between tumors, I derive scatterplots of perfusion parameters by ap-
plying the method as in section 3.3. Before smoothing the CTCs, they are normalized
around 0, so that baselines and zero-line still coincide. e reason for this normaliza-
tion is that the original CTCs contain values of vastly different scales, and since I'm in
interested in not interested in the original values but rather the relationship between the
values in a dataset, it makes it easier to compare and interpret scatterplots if the CTCs
are normalized.

Based on the results from section 5.2 parameters are derived using a gamma fit, and time
of arrival is not used as a parameter in the analysis. From inspection of scatterplots of
parameters, parameters up-slope, down-slope and peak enhancement are found to correlate
strongly. Excluding two of these parameters, I derive scatterplots for each tumor based
on parameters peak enhancement, time of peak and width of peak.

When referring to a specific scatterplot derived for each tumor I denote them as follows:
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• PW - peak enhancement versus width of peak.

• TW - time of peak versus width of peak.

• PT - peak enhancement versus time of peak.

In general the PW scatterplot, shows a structure of increasingly similarwidth of peak for
higher peak enhancement. Which valuewidth of peak converges towards relative to other
width of peak values differs from tumor to tumor. An example is seen in PW plots of
tumors 018 and 050 of figure 5.6, where the width of peak converge towards relatively
high (018) and high (050) as peak enhancement increases. ePTplots in general shows
an inverse correlation between the two parameters, though with some variation in the
strength of the correlation. e TW plots show a correlation, but (as for the PT plots)
the amount of correlation differs quite a bit from tumor to tumor.

A natural next step is to use my method to see if differentiation of tumors is possible,
a possibility is to use scatterplots as a fingerprint of the tumor. is can be seen as a
visualization analog to histogram analysis of CBV(cerebral blood volume) which has
been established by among others Law et al. [24] and Emblem et al. [12].

In the following analysis of scatterplots fromfigures 5.6 and5.7, the images arenot on the
same scale, and outliers are excluded from the images to be able to show the distribution
of the majority of the data. e scale differences are due to different outliers present in
datasets, resulting in different zooming needed to focus on the majority of the data.

High grade tumor compositions are seen in figure 5.6. e compositions are similar,
but there are differences in the amount of correlation in the TW plots as well as some
differences in the PWplots. Tumor 018 and 052 have lower correlation in the TWplot
compared to 050 and 089. Tumor 050 shows stronger inverse correlation in the PW
plot compared to the other tumors, while tumor 018 shows a possible correlation.

Figure 5.7 shows low grade tumor compositions. eTWplots show a differing amount
of correlation, while the PWplots of tumor 009 and 014 are similar with a slight inverse
correlation, the PW plot of tumor 017 shows no clear correlation. e PT plots of 009
and 017 show an inverse correlation, while 014 shows a possible slight correlation.
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Based on these scatterplots, no obvious pattern justifying the current classification as
high grade and low grade is observed.

5.4 Analyzing tumor differences

Based on figures 5.6 and 5.7 several differences can be seen in the tumor compositions.
Such differences could be due actual features of the tumor, differences in specified tu-
mor masks, or due to failures in parameter derivation. Using brushing of scatterplots
andhistograms these difference canbe tied to specific spatial regions or to specific curves.
Brushing to inspect a possible contributing region can be seen in figure 5.8, where brush-
ing of the differences in the PTplot of tumor 014, reveal that the contributing curves are
predominantly from the le side of the tumor. Similarly, figure 5.9 shows selection of
curves that are possibly contributing to the difference observed in the PWplot of tumor
050 compared to the other high grad tumors, the curves brushed stem from the inner
parts of the masked tumor area. Evaluation of the causes of theses differences based on
their spatial location, as well as whether they are meaningful for the classification of the
tumor, is better le to a domain expert.

5.5 Analyzing rejected curves and fit error

Using the presented parameter derivation pipeline, is the possibility to analyze curves
that are rejected by the parameter derivation method, and based on analysis of the re-
jected data, make decisions of whether to ignore the rejected data, or use different input
for the parameter derivation. In figure 5.10, the rejected curves of the parameter deriva-
tion applied to tumor 018 are selected and their shape and spatial location revealed in a
curve view and a volume rendering. In this specific case, inspection of the curves show
that they are either very noisy, or not describing a peak during the first pass, so the re-
jection in this case is warranted, and no further attempt to derive parameters from these
specific curves is needed.

An advantage of parameters derived by a fit opposed to interpolation, is that the quality
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of the derived parameters can to a certain degree be evaluated using a visualization. is
is possible by evaluating the fit error divided by the amount of data points of the fit.
Figure 5.11 shows an example where such high and low error values are brushed in a
histogram to reveal the originating curves along with their spatial location. e result
shows that the curves that closely resemble a gamma variate functions are located in the
middle of the tumor area. e coloring shows that these are curves with a relatively high
peak enhancement value compared to the curves with higher error.

Based on visualizations like these, it is possible to make judgements where the quality of
the data is factored in. is is in stark contrast to having tomake judgementswhere these
data are excluded with no possibility of investigation as two why they are excluded, or
having to make judgements where these curves result in parameters where no mention
of the quality is given.
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Figure 5.1: Comparison of result of applying smoothing kernels derived using the
method proposed in section 3.1 (images a and b) as well as stronger (images b and d)
and weaker (images c and e) smoothing. Image g shows original data with. Standard
deviations of kernels are in each case annotated. e smoothing kernel derived using the
method from section3.1was derived using 12 timesteps as feature length and3 timesteps
for noise length. e annotated values are standard deviations of applied kernels.
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Figure 5.2: Derivationof parameter time of peak fromcomputed (SNR=10) and imaged
data. On the computed curves values of the gaussian and gamma fits show amean closer
to the ground truth, compared to the result using interpolation which are shied to the
right. Gamma and gaussian results have higher standard deviations. Brushed regions
show up in red, context in black. (DSC-MRI data courtesy of Atle Bjørnerud)

Figure 5.3: Derivation of parameter peak enhancement on computed (SNR = 10) and
imaged data. Applied to the generated data the mean of the gamma fit values is close to
the ground truth, while the gaussian fit results in inconsistent under and over estimation.
Using an interpolation results in values underestimates the ground truth. e Gaussian
fit shows a higher standard deviation of results compared to the two other methods.
(DSC-MRI data courtesy of Atle Bjørnerud)
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Figure 5.4: Derivation of parameter width of peak on computed (SNR 10) and imaged
data. On the generateddata themeanof the gammafit is closer to the ground truth, com-
pared to the interpolated results. e gammafit distinguishes slightly better between the
selected ground truth curves as well. (Imaged data courtesy of Atle Bjørnerud)

Figure 5.5: Derivation of parameter time of arrival on computed (SNR 10) and im-
aged data. Gaussian and piecewise linear fits give similar results, but piecewise linear fits
prefers certain answers over others. (Data courtesy of Atle Bjørnerud)
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Figure 5.6: Scatterplots of high grade tumors. TW plots show lower correlation in tu-
mors 018 and 052. Tumor 050 shows inverse correlation in the PW plot, which is not
seen in the other PW plots. Scatterplots are zoomed to show the majority of the data.
Scatterplots are zoomed to show the majority of the data. e scales of the time of peak
parameter and and the width of peak parameter are given in time points, while normal-
ization of CTCs leads to the peak enhancement parameter varying from 0 to 1. (Data
courtesy of Atle Bjørnerud)
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Figure 5.7: Scatterplots of low grade tumors. PW plot of 017 differs from 009 and 014,
while the PT plot of tumor 014 shows a possible correlation, while 009 and 017 show an
inverse correlation of those parameters. Scatterplots are zoomed to show the majority
of the data. e scales of the time of peak parameter and and thewidth of peak parameter
are given in time points, while normalization of CTC leads to the peak enhancement
parameter varying from 0 to 1. (Data courtesy of Atle Bjørnerud)
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Figure 5.8: Smooth selection of PT plot parameters for tumor 014 possibly responsible
for the differences observed in figure 5.7. e difference is observed to stem from pre-
dominantly from curves on the le side of the tumor. e entire tumor area is shown in
the context of the brain in the upper right. e coloring is based on the width of peak
parameter. Scales of the scatterplot are time points on the y axis, and normalized peak
enhancement on the x axis. (Data courtesy of Atle Bjørnerud)

Figure 5.9: Smooth selection of PT plot parameters for tumor 050 possibly responsible
for the differences observed in figure 5.6. e entire tumor area is shown in the context
of the brain in the upper right. e coloring is based on the width of peak parameter.
Scales of the scatterplot are time points on the y axis, and normalized peak enhancement
on the x axis. (Data courtesy of Atle Bjørnerud)
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Figure 5.10: Curves rejected by the parameter derivation. e coloring is based on the
height of the curve at timestep 21. Inspection of the curves in the curve view (le) show
them to be very noisy compared to the rest of curves, or not describing a peak in the area
of the first pass. (Data courtesy of Atle Bjørnerud)
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Figure 5.11: Selection of low (top) and high (bottom) fit error divided by points of fit.
Values are derived by a gammafit, and reveals the spatial location aswell as shapes of these
curves. Coloring is based on parameter peak enhancement. In the upper right corner
the entire evaluated data is shown for reference, this is colored based on the fit error
parameter (Data courtesy of Atle Bjørnerud)
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Chapter 6
Summary and conclusions

6.1 Summary

In this thesis I put forth a method allowing the on-demand derivation of descriptive
perfusion parameters from concentration time curves (3D time varying data), as well
as a smoothing approach to derive smooth concentration time curves (CTCs) and first
and second derivatives. Bothmethods are included in an interactive visualization frame-
work, and are based on the visualization of the data prior to the analysis.

Initially, Gaussian smoothing guided by a visual inspection of a curve view is applied to
the CTCs. e amount of smoothing is decided based on an attempt to preserve per-
ceived features and suppress perceived noise in theCTCs. Whenderiving derivatives the
method takes into account that higher frequencies are amplified, and stronger smooth-
ing is therefore applied.

Secondly, the method realizes the derivation of descriptive parameters from a user spec-
ified peak in the CTCs. e user inputs a specified time point marking the peak of the
curves of interest, along with previously smoothed derivatives and original data. e
range of the evaluated data is based on the closest zero crossings in the first and second
derivatives. Several options for descriptive parameters derivation are given, including the
interpolation of smoothed data, as well as function fitting of a piecewise linear function,
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a gamma variate like function, or a gaussian function. e initial parameter values for
these fits are derived from evaluating the Gaussian smoothed data.

emethod allows for evaluation of the quality of the derived parameters by brushing of
the fit error parameter (based on the end result of a least squares fit), as well as evaluation
of rejected data by brushing the mask of the rejected data. Linking such brushed values
to a curve view and a volume rendering reveal the reason of rejection and the similarity
of the brushed curves to the fitted function.

e accuracy of the parameter derivation methods is evaluated by applying them to
ground truth computedCTCsand imagedCTCsandcomparing the results. egamma
fit was found to be the most accurate method for deriving most parameters, but for low
(below 10) signal to noise ratio data interpolationmight be better to differentiate curves
by the time of peak parameter.

Ensuing, themethod is applied to 7 pre-segmentedDSC-MRI tumor data, with the aim
to classify tumors as either high grade or low grade. is was approached by visualizing
the three most uncorrelated (based on inspection) descriptive parameters, which were:

• Peak Enhancement

• Time of peak

• Width of peak

esedescriptive parameters are used as a basis for further visualization,which reveal sev-
eral differences in the compositions of the tumors evaluated. ese differences do not
allow an obvious classification of the tumors, but the following visualization of these dif-
ferences by volume rendering shows interesting spatial features in the tumors. A domain
expert has to be consulted on whether these are of medical interest.

6.2 Conclusion

A visualization framework has been extended to include derivation and smoothing of
concentration time curves aswell as the on-demand generation of descriptive parameters
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describing peaks in the concentration time curves. e method allows for a user moni-
tored process, where descriptive perfusion parameters can be derived and visualized. By
introducing a framework like the one considered, a step is taken towards increased in-
sight into which parameter derivation method to apply in different situations and the
uncertainty present in these parameters. is will hopefully induce the development
of better parameter derivation methods resulting in more expressive visualizations and
subsequent better treatment decisions, resulting in less suffering for patients.

6.3 Future work

A possibility of parameter extraction to explore is fitting a spline to the first pass and
beyond, since a spline allows for a larger range of curve shapes. Such a spline might
allow better evaluation of recirculation parts and more use of the downslope data. A
possibility that should most certainly be explored is to introduce weights to the least
squares fitting procedure as suggested by Lawson [25].

For tumor classification, an interesting path to explore would be a comparison tool for
descriptive parameter scatterplots. A histogram analysis of CBV (cerebral blood vol-
ume) has been established by among others Law et al. [24] and Emblem et al [12] as a
means of tumor classification. A vaguely similar semi-automatic comparison of tumor
scatterplots might be possible. Using visualization as a guide to an initial comparison as
well as a tool to reject outliers skewing the results.

Apossible directionof expansionofmymethod is the simplificationof the graphical user
interface. Especially the interaction with the curve view can be simplified by allowing
smoothing based on sketching noise and feature ranges, or sketching of main observed
features.
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and E. Nagel, Visualization of Myocardial Perfusion Derived om Coronary
Anatomy, IEEETransactions onVisualization andComputerGraphics 14 (2008),
no. 6, 1595--1602.

[48] H.K.ompson Jr, C. Starmer, R.E.Whalen, andH.D.McIntosh, Indicator tran-
sit time considered as a gamma variate, Circulation Research 14 (1964), no. 6, 502-
-515.

[49] C. Ware, Information visualization, vol. 24, Morgan Kaufmann San Francisco,
2000.

[50] A. Wismüller, A. Meyer-Baese, O. Lange, MF Reiser, and G. Leinsinger, Cluster
analysis of dynamic cerebral contrast-enhanced perfusion MRI time-series, Medical
Imaging, IEEE Transactions on 25 (2005), no. 1, 62--73.

[51] X. Y.Wu and G. R. Liu, Application of independent component analysis to dynamic
contrast-enhanced imaging for assessment of cerebral blood perfusion, Medical image
analysis 11 (2007), no. 3, 254--265.

69


