Chapter e16

Visual Exploration and Analysis
of Perfusion Data
16.1

INTRODUCTION

Compared to static image data where the morphology of anatomical and pathological structures is represented with high spatial resolution, dynamic image data characterizes functional processes, such as
metabolism and blood flow. These functional processes are often essential to detect diseases at an early
stage or to discriminate pathologies with very similar morphology. Important examples of dynamic medical image data are functional MRI, where the activation of brain regions is imaged, dynamic PET and
SPECT, where the temporal distribution of a radioactive tracer is measured to assess metabolic processes,
and perfusion imaging, where the perfusion of tissue with blood is measured. We focus on perfusion data,
which are acquired to support essential diagnostic tasks, e.g., stroke diagnosis, the assessment of different
types of tumors and the diagnosis of the coronary heart disease.
In perfusion imaging, the distribution of contrast agents (CA) is registered to assess the microcirculation
of blood and tissue kinetics. Microcirculation relates to the flow through the capillaries. These vascular structures are far too small to be seen directly in medical imaging data. However, perfusion imaging reflects the
overall blood supply accumulated by many small capillary structures. Signal intensities after the administration of a CA are recorded.Whether or not a CA reaches a particular region and subsequently accumulates
there, how long it takes until the maximum amount of CA is achieved as well as other parameters are determined for medical diagnosis. These parameters are substitutes for physiological parameters such as tumor
perfusion and vessel permeability, which e.g., characterize the malignancy of a tumor [Choyke et al., 2003].
Visual exploration of perfusion data is primarily based on the derived perfusion parameters, which
represent features of time-intensity curves (TICs). These parameters are derived for each voxel of the
perfusion data and represent a high-dimensional space, usually of five to eight parameters. The analysis
of data in this space aims at understanding the correlation between these parameters as well as the
local distribution of single perfusion parameters. Since the time dependency is not represented in the
perfusion parameters, often parameter maps along withTICs have to be analyzed.The comprehensible and
simultaneous display of these curves and parameter maps poses considerable challenges for the layout.The
basic principles of deriving, filtering, and analyzing time-intensity curves were developed for the analysis
of scintigrams in the 1970s and refined for the analysis of X-ray image sequences [Hoehne et al., 1981].
The visual exploration is challenging due to the character and the quality of the data: They exhibit
various artifacts and thus the visualization also serves the assessment of the reliability of the original data
and the assessment of preprocessed data, where artifacts are reduced. In contrast to static CT data, no
absolute scale for the intensity values exists. Therefore, simple visualization techniques with predefined
(absolute) settings are not applicable. As a consequence of these difficulties, image processing and visualization have to be tightly integrated and a variety of visualization techniques is needed to detect and
characterize important features.
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Perfusion data are rarely used as the only imaging modality for diagnosis. MR perfusion data, e.g., are
usually interpreted along with other MRI data. For the sake of brevity, we cannot explain such comprehensive diagnostic procedures in detail, but we will mention which additional modalities are used.

Organization This chapter is organized as follows: In § 16.2, we give a brief overview on the medical
background in selected application areas. In § 16.3, we briefly describe image data processing, which
enhances the expressiveness of basic and advanced visualization techniques (§ 16.4).
Research in the last years revealed that a combination of data analysis techniques, such as dimension
reduction and clustering, with visual exploration is essential to advance perfusion imaging. In § 16.5 we
introduce such visual analysis techniques and their application to perfusion data.
The application of advanced exploration and analysis techniques in the most essential areas is described
in case studies on cerebral perfusion (§ 16.6), tumor perfusion (§ 16.7) and cardiac perfusion (§ 16.8).
There are a couple of more application areas, where perfusion imaging gained considerable importance.
Selected examples, including prostate and renal perfusion, are discussed in § 16.9.
16.2

MEDICAL IMAGING

In perfusion imaging, a certain amount of a CA is injected intravenously and its distribution is measured
by a repeated acquisition of subsequent images covering the volume of interest [Axel, 1980]. The CA
causes signal changes and works as a tracer of the blood. Perfusion imaging, however, differs strongly
from static imaging, since greater care must be exercised in injection rate and dose, image timing and
image analysis. While Choyke et al. [2003] assessed that “currently, such imaging techniques are mainly
performed in a research context”, they are now widely used.

Spatial and Temporal Resolution Perfusion imaging is possible with a high spatial and temporal resolution.
However, spatial and temporal resolution cannot be increased at the same time due to the time required
for image acquisition. As an example, cerebral MRI perfusion data have a low spatial resolution (2 mm
pixel spacing), but high temporal resolution (2 seconds), whereas dynamic MR mammography has a
high spatial resolution (0.7 mm pixel spacing) at the expense of a lower temporal resolution (1 minute).
Spatial and temporal resolution also have an influence on the signal-to-noise ratio (SNR): higher resolution
is usually achieved at the expense of a lower SNR. As an example, Ingrisch et al. [2010] investigated the
influence of temporal resolution (between 1 and 5 seconds) and the SNR on quantitative lung perfusion
parameters and found that the accuracy breaks down beyond a temporal resolution of 3 seconds.
DSC and DCE MRI Basically, variants of two imaging sequences are used for MR perfusion imaging:
•

•

Dynamic Susceptibility Contrast (DSC) imaging, a T2*-weighted sequence that exploits the susceptibility
effect. The magnetic susceptibility of different anatomical structures gives rise to local inhomogeneities in the magnetic field that is measured with T2* gradient echo sequences and a paramagnetic contrast agent.
Dynamic Contrast-Enhanced (DCE) imaging, where T1-weighted MRI data are acquired. DCE imaging
displays the long-term (>1 min) diffusion process of tracer particles through the membranes of
the microvessels.

DCE-MRI is typically used for breast cancer diagnosis, whereas DSC-MRI and CT are employed for
the diagnosis of ischemic stroke.1 In DCE imaging, a signal enhancement is achieved in areas of CA
accumulation. In contrast, DSC-MRI leads to a decrease of signal intensity where the CA accumulates.
1 A strongly restricted or blocked blood supply of tissue based on pathologies in surrounding vasculature is referred to as ischemia.

16.2

MEDICAL IMAGING

e21

Particularly CT, PET, SPECT, and MRI data are employed for perfusion imaging. In the following, we
focus on MRI perfusion, since this is the most widespread modality in tumor diagnosis. Moreover, MRI
outperforms CT in stroke diagnosis, since the entire brain can be scanned (instead of a limited volume
with CT) and it has shown to have at least a similar sensitivity and specificity in comparison to PET and
SPECT in the diagnosis of the coronary heart disease. However, in comparison to CT, the feasibility of
MRI is restricted due to the low availability, superior costs, and patient-specific difficulties with obtaining
MRI, e.g., claustrophobia [Wintermark et al., 2005].
An essential problem in perfusion imaging is the lack of standards and normalization: the signal change
over time strongly depends on the scanner, on parameters of contrast agent administration, on the specific
timing, and even on the menstruation cycle of woman. One essential use case, that we therefore consider
throughout this chapter, is medical research, aiming at the improvement of perfusion imaging.

Perfusion Parameters For the diagnosis, regions of interest (ROIs) in healthy and suspicious regions are
defined, and time-intensity curves (TIC)—averaged over all voxels in the selected region—are analyzed.
Typical TICs from cerebral and breast tumor perfusion are presented in Figure e16.1.The curves observed
in myocardial perfusion diagnosis are similar to those of cerebral perfusion. In both application areas,
regions exhibiting no significant or a delayed and diminished enhancement (red and green curves in
Fig. e16.1, left) are of interest. However, in breast tumor perfusion, regions showing a high early enhancement followed by rapid wash-out, i.e., a decrease of signal intensity afterwards, are especially suspicious
(red curve in Fig. e16.1, right).
To achieve a more quantitative description of the curve shape, perfusion parameters are derived from
the TICs. Depending on the application area, different perfusion parameters are relevant. However, some
parameters are of general interest for almost all application areas (see Fig. e16.2). Before we describe
these parameters, we introduce two parameters necessary for a reliable evaluation. The CA arrival represents the point in time when the signal enhancement actually starts, whereas TimeEnd refers to the end
of the first CA passage. The Baseline represents the average intensity before CA arrival (see Fig. e16.2).
These parameters are determined to focus the evaluation of the time-intensity curve on the relevant
portion.

Average time-intensity curves in different regions selected in perfusion data. Left: Cerebral perfusion—TICs for
regions of gray matter in the brain (40 measurements). The blue curve shows normal brain perfusion. The red curve indicates no
significant perfusion in the infarction core.The green curve shows decreased and delayed perfusion around the core. Right: Breast tumor
perfusion—TICs of different regions in breast tissue (5 measurements). The enhancement relative to the signal intensity at the first
points in time is shown to assess a suspicious tumor being benign or malignant. The red curve is especially suspicious because of its
strong wash-out, which is typical for malignant tumors.

FIGURE e16.1
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A typical time-intensity curve in cardiac perfusion with a significant first pass and an alleviated second pass of contrast
agent traversal annotated with the essential parameters to evaluate the first pass. Similar curves are observed in cerebral perfusion diagnosis.

FIGURE e16.2

Assessing perfusion considering the actual CA arrival (time), TimeEnd , and the Baseline are essential to
compare perfusion analysis results from different scanning devices and patients. Major diagnostically
relevant perfusion parameters are:
• Peak Enhancement (PE). The maximum value normalized by subtracting the baseline.
• Time To Peak (TTP). The point in time where PE occurs, normalized by subtracting the CA arrival
time. This parameter allows to assess whether blood supply is delayed in a particular region. If the
peak is not a significant maximum or the temporal resolution is low, theTTP value is not expressive.
The signal change in the interval between CA arrival and TTP is referred to as wash-in, whereas the
signal change in the time between TTP and TimeEnd is referred to as wash-out.
• Integral. For a certain time interval (often representing the first cycle or pass of blood flow) the
area between the curve and the baseline, the approximated integral, is computed. Together, PE and
Integral indicate reduced blood flow. Reduced and delayed blood flow is a strong indicator for a
damaged region, for example in cerebral stroke or cardiac diagnosis.
• MeanTransitTime (MTT). In the time interval used for the integral calculation, MTT specifies the first
momentum of the curve. It is normalized by subtracting the CA arrival time.
• The Slope characterizes the steepness of the curve during wash-in. Depending on the temporal
resolution, different regression methods, such as the gamma-variate and a linear fit are used to
characterize the curve progression. The term Up-Slope in cardiac diagnosis relates to the maximum
slope between two or three subsequent time steps between CA arrival and TTP.
• The Down-Slope characterizes the steepness of the descending curve during wash-out and is computed
similar to the Slope.
Additional parameters are employed for specific applications (see § 16.6–16.8). All these parameters
characterize the shape of the time-intensity curves; they are referred to as descriptive or phenomenological
perfusion parameters [Franiel et al., 2011]. In contrast, we later introduce a smaller set of perfusion
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parameters that result from adapting a pharmacokinetic model to the measured data. The perfusion
parameters are sometimes difficult to compute, e.g., the definition of the contrast arrival time in noisy
data is challenging (see Cheong et al. [2003] for a theoretical investigation). Also the precise determination
of the MTT parameter in DSC data is challenging and may be performed with an adaptive fitting method
[Li et al., 2003].

Storage of Parameter Volumes Several tools for the visual exploration of perfusion data compute the essential perfusion parameters for all voxels of the dataset and store them in parameter volumes. With this strategy,
parameter maps (color-coded slices of the parameter volume) or 3D visualizations of one or more parameters
may be generated rapidly. If perfusion parameters are only needed for selected subsets, e.g., a ROI around
a tumor, they may be computed on-the-fly.
16.2.1 C E R E B R A L P E R F U S I O N

In contrast to leaky vessels in malignant tumors, microvessels in normal brain tissue do not leak as a result
of the blood brain barrier. Consequently, there is no enhancement in the extracellular volume. Instead,
we observe the “first pass” of the CA through the vessel components. About 10 seconds after the first
pass of blood circulation, a broadened second pass can be seen. The volume of blood in each voxel is
diagnostically relevant. It is measured by the integral parameter.
CT and MRI are used to assess cerebral perfusion. MRI studies suffer from a lower spatial resolution
compared to CT, but allow scanning of the entire brain, and are thus better suited to detect an infarction,
if its location is not a priori known. In CT perfusion, generally a restricted volume is acquired. To reduce
image noise, a large slice thickness (10 mm) is employed [König et al., 2001].
CT images are used to discriminate cerebral hemorrhage and ischemic stroke. In case of an ischemic
stroke, cerebral perfusion images are used to assess the existence and the extent of “tissue at risk” surrounding the core of the stroke.“Tissue at risk” is characterized by reduced and delayed perfusion. Surgical
and chemical interventions aiming at revascularization may salvage at least parts of the “tissue at risk”
[den Boer and Folkers, 1997].
16.2.2 T U M O R P E R F U S I O N

The process of CA enhancement in a tumor can be described by the diffusion of tracer particles from the
inside of blood vessels into the extravascular space and vice versa before it becomes excreted in the kidneys
[Furman-Haran et al., 1997]. The permeability of the vessel walls and the extracellular volume fraction determine
the amplitude and the shape of the TIC. Time-intensity curves—which show a high early enhancement
followed by a rapid wash-out, i.e., a significant decrease of signal intensity afterwards—are especially
suspicious (see Fig. e16.1, right), because they indicate strong perfusion and high permeability of vessels. Strong
perfusion often results from tumor-induced vessel growth (neoangiogenesis) and sprouting of existing capillar
vessels. The newly formed vessels are leaky and therefore highly permeable, leading to a rapid wash-out
[Knopp et al., 1999]. Less suspicious are curves showing a plateau later on (green curve), or regions that
continue to enhance (blue curve).This is typically observed in benign tumors.To compensate for different
imaging parameters, TICs are normalized with respect to first point in time leading to relative enhancement
curves (RE curves). Thus, RE curves always start at zero at the first point in time. Figure e16.3 illustrates the
correspondence between ROIs selected in slice views and the related RE curves.
In DCE-MRI mammography, longer acquisition times are employed (compared to cerebral perfusion
with DSC-MRI) to enable a high spatial resolution.
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FIGURE e16.3 Evaluation of the relative enhancement of a suspicious breast tumor. Two elliptical ROIs have been defined in the
slice view (left). For both ROIs, the related time-intensity curves are shown. The dotted ellipse comprises a benign portion of a tumor.
Its kinetics is reflected in the dotted curve.The fully drawn ellipse represents malignant tissue where the contrast enhancement is strong
and wash-out characteristics are observed (From: [Glaßer et al., 2010b]).

16.2.3 C A R D I A C P E R F U S I O N

Perfusion data is also crucial in the diagnosis of the coronary heart disease (CHD). At an early stage,
the CHD is characterized by a perfusion defect caused by a stenosis (an abnormal vessel narrowing). The
localization of the perfusion defect with respect to the myocardium combined with anatomical knowledge
about the supplying coronary arteries is essential in detecting stenosis as well as in early CHD diagnosis
[Oeltze et al., 2006].
Data acquisition is typically accomplished according to the standards of the American Heart Association
(AHA) [Cerqueira et al., 2002b] (Fig. e16.4, left). The slices are acquired during breathhold and they are
electrocardiogram (ECG)-triggered over a period of at least 40 consecutive heart beats.Typical parameters
for cardiac perfusion data are: matrix: 128 × 128, slice thickness 8 mm. In contrast to cerebral and tumor

FIGURE e16.4 Left: AHA-based acquisition of myocardial perfusion data in short-axis views. Schematic representation of the
left ventricle that is imaged with three to four slices dissecting the left ventricle basally, centrically, apically, and at the apex. Right:
Bull’s-eye plot and AHA-based nomenclature. The plot is generated by projecting the myocardial segments onto a plane. The segments
are colored according to the supplying coronary branch (Courtesy of Steffen Oeltze, University of Magdeburg).
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perfusion data, which continuously cover the volume of interest, cardiac perfusion data exhibit large gaps
(slice thickness: 8 mm and 10 mm gaps) and only three to four slices are acquired.

Rest and Stress Perfusion The acquisition of perfusion data is often carried out at rest and under druginduced stress. The stress test may even reveal marginal stenosis and is usually performed prior to the test
at rest using identical imaging parameters. The major application of stress perfusion is the analysis of a
known stenosis with respect to their hemodynamic relevance.
According to the AHA standard, the myocardium is divided into 17 segments based on a correspondence between those regions and the supplying coronary branch: ramus circumflex (RCX), left anterior
descending (LAD), and right coronary artery (RCA). The perfusion parameters characterizing the CA distribution for each segment are computed (per voxel), averaged (for all voxels of the respective segment)
and visualized separately by means of polar coordinates in a color-coded Bull’s-eye plot (Fig. e16.4, right).
The detection and localization of a perfusion deficit as well as the assessment of the severity are directly
relevant for treatment decisions. Major diagnostic tasks to be performed are:
•
•
•

16.3

to evaluate whether the patient suffers from CHD,
to evaluate the severity of the disease, and
to assess the vascular supply of less perfused tissue. For an overview of MR-based diagnosis of the
CHD, see Edelman [2004].
D ATA P R O C E S S I N G A N D D ATA A N A LY S I S

In the following we describe preprocessing and analysis techniques that enable an expressive visualization
of perfusion data. While motion correction (§ 16.3.1) and the calibration of signal intensities (§ 16.3.2)
are widely used, we also discuss segmentation and pharmacokinetic modeling that enable advanced visual
analysis and exploration techniques.
16.3.1 M O T I O N C O R R E C T I O N

Motion correction is essential when breathing, heartbeat, patient movement, or muscle relaxation occur
(Fig. e16.5). Without motion correction, subtraction images are filled with bright artifacts and TICs are
misleading. Motion artifacts might hide relevant signal changes, but can also be mistaken for signal changes
that are actually not present. Successful motion correction ensures that a voxel with coordinates (x, y, z)
at time t1 corresponds to a voxel with the same coordinates at time t2 . A significant amount of research
was directed at prospective motion correction in the image acquisition stage. Thus, data acquisition may be gated
according to the cardiac cycle or (partially) repeated automatically if motion is detected. However, even
with state-of-the-art imaging, motion cannot be completely avoided.

Motion Correction is an instance of registration, a frequent task in medical image analysis (recall § 4.8).
Registration is often tackled as an optimization problem where data of one image are transformed to
optimally match features of a reference image. A similarity metric is employed to determine the objective
function for the optimization.
Choice of a Reference Image The choice of the reference image affects the quality of registration. In perfusion
imaging, the reference image is usually the image related to the first point in time. If, however, perfusion
occurs in large portions of the volume, another point in time should be considered with an average
amount of perfusion. Often, a post-contrast image has the highest similarity to all other images. Since
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Subtraction volumes of DCE-MRI mammography data rendered as MIP (Maximum Intensity Projection). Due to
respiration, the data (left) exhibit bright artifacts in regions that are not aligned. After aligning the data (right), the volume becomes
more transparent and reveals an enhancing tumor (Courtesy of Sven Kohle, Fraunhofer MEVIS Bremen).

FIGURE e16.5

many images are involved (and not only two like in many other registration tasks), registration should be
performed fully automatically and not rely on landmarks specified by a user.
For DCE-MRI mammography data, rigid registration approaches, which (only) transform the whole
static dataset are not sufficient. Breathing and muscle relaxation result in considerable soft tissue deformations. Elastic (non-rigid) registration approaches, that consider local transformations, perform better
in terms of registration quality. The registration algorithm described by Rueckert et al. [1999] is a good
basis, which employs normalized mutual information [Wells-III et al., 1996] as similarity measure. Originally
developed for in DCE-MRI mammography, it is now also used for motion correction in other application
areas. However, it is a global one-step registration that might not optimally match all local details. Thus,
in § 16.7 we briefly discuss more advanced techniques. In cerebral perfusion, rigid registration is usually
sufficient, since breathing and heartbeat have no noticeable effect.
16.3.2 C A L I B R A T I O N O F S I G N A L I N T E N S I T I E S

While CT imaging provides calibrated signal intensities in “Hounsfield” units, MRI signals are dependent
on the scanning sequence used. Therefore, the raw signals are frequently converted into relative concentration of the CA, referred to as concentration time curves (CTC). The conversion depends on the imaging
sequence used. For T1-weighted MR images, the transformation is based on the assumption of a linear
correspondence between CA concentration and signal intensity, which holds quite well for gradient-echo
MR sequences [Choyke et al., 2003]. In DSC-MRI data the standard conversion formula is Equation e16.1
(see [Rosen et al., 1990]):
C(t) =

− ln(S(t)/S0 )
k2 T E

(e16.1)

where C(t) is the CA concentration at time t, S0 is the baseline averaged signal intensity before CA arrival,
S(t) is the signal intensity at time t, T E is the echo time, and k2 is a constant that depends on imaging
and tissue parameters. For all sequences used, the arterial input function (AIF) plays an essential role.
Definition 16.1. The arterial input function AIF is a time-intensity curve averaged for a small region of a
large artery after a bolus of contrast agent was applied. The selected region must belong completely to
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the artery. The AIF serves to normalize TICs and derived perfusion parameters and thus to standardize the
evaluation of perfusion data.

Determination of the Arterial Input Function The AIF exhibits an earlier peak, a higher peak intensity, and a
narrower shape compared to the curves derived in the tissue supplied by that artery. Since the manual
determination of the AIF is an error-prone process, automatic approaches have been developed. Mouridsen
et al. [2006], for example, employed k-means clustering and Kohlmann et al. [2011] provided a sophisticated image analysis pipeline to determine the branching of the pulmonary trunk to determine the AIF
for lung perfusion studies.
To achieve a valid transformation, the AIF should be determined for the individual patient and not
assumed to correspond to a standard value from the literature. The individual AIF is influenced by many
factors including hematocrit value, cardiac function, and renal output [Franiel et al., 2011] that differ
strongly among patients. As a further step, the normalized TICs are deconvolved with the AIF—a transformation that yields the cerebral blood flow in cerebral perfusion data. Still, these values are semi-quantitative
and further transformation would be necessary to yield quantitative parameters [Oeltze et al., 2009]. In
practice, these additional transformations are rarely performed, since they require patient-specific data,
such as hematocrit values, that might be unavailable.
Transformation to Relative Enhancement Curves In contrast to the rather complex transformation in DSC data,
DCE-MRI data are easier to process. The original TICs are transformed in relative enhancement curves. Thus, they
are normalized with respect to first point in time and represent the percentage increase compared to the
time before contrast arrival. Neither an arterial input function, nor a deconvolution is required.
The conversion of raw data to semi-quantitative parameters is accomplished by modern commercial
software tools for perfusion data analysis, such as nordic ICE.2
16.3.3 S E G M E N T A T I O N

As in many other fields of medical visualization, segmentation may provide valuable information for both
further analysis and expressive visualization. To further analyze the enhancement kinetics of a tumor, it is
essential to segment it [Glaßer et al., 2010a]. Thus, the further analysis may be restricted to decomposing
the suspicious tumor, e.g., with clustering or other region decomposition techniques. Diagnostic reports
and preoperative planning requires reliable information on the location of pathologies. Thus, advanced
systems employ segmentation information, e.g., breast tumor, skin, chest wall, nipple, and other landmarks
to automatically calculate spatial distances and create a report according to the BIRADS (Breast Imaging
Reporting and Data System) recommendations.
Segmentation of time-dependent data is challenging. Model-based segmentation techniques, such as
Statistical Shape Models or Active Contours (recall § 4.5), are frequently used. In most cases segmentation
is performed after motion correction and the segmentation result from one-time step is propagated to
other time steps.The correctness of the segmentation result can be observed by slicing through the images
and a good correspondence between the derived contours and the image features indicates that motion
correction was successful. An alternative is to employ temporal information instead of spatial information
[Boykov et al., 2001]. Thus, voxels are summarized in the segmentation process based on the similarity of
theirTIC. Segmentation and registration mutually influence each other. If segmentation is performed first,
the segmentation result may be used to constrain the motion correction process. As Song et al. [2006] show,
both processes can be intertwined such that a rough initial motion correction is used before segmentation
2

www.nordicneurolab.com.
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and later fine-tuning of the registration. They could improve the overall efficiency of both tasks. Although
their work was specific for kidney segmentation in renal perfusion, the concept is more broadly applicable.

Tumor Segmentation in perfusion data may be performed with a fuzzy c-means clustering [Chen et al.,
2006] and neural networks [Lucht et al., 2002]. Behrens et al. [2007] give an overview on segmentation
tasks and solutions for breast tumor perfusion.
Figure e16.6 shows volume rendering of perfusion data with a segmented breast lesion integrated
as colored surface. Segmentation information may also be used to steer a ghost view technique that
emphasizes a tumor, showing its location, and thus providing an overview (see Fig. e16.7).

Segmentation information is used to emphasize a breast lesion in its surrounding (Courtesy of Sarah Behrens,
Fraunhofer MEVIS Bremen).

FIGURE e16.6

In a longitudinal study with cerebral perfusion data, the development of brain tumors is analyzed. As an initial
step to reveal gross changes, ghosted views are generated showing the segmented tumor in its surrounding (Courtesy of Sylvia Glaßer,
University of Magdeburg).

FIGURE e16.7
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Discussion In order to remove occluding structures, it is necessary to segment them. For some applications,
such as stroke or infarct diagnosis, it is useful to restrict the visualization to relevant structures (ventricles
of the heart or brain tissue). Segmentation methods must be carefully adapted to the peculiarities of
dynamic 3D image data. Usually, both assumptions related to the morphologic image information and to the
enhancement characteristics are employed to identify and delineate anatomical and pathological structures in
perfusion data.
16.3.4 N O I S E R E D U C T I O N

Noise reduction in perfusion data is performed similarly to noise reduction in static image data. Thus,
Gaussian filters (discretized as binomial filters) are used as simple techniques. To better preserve features,
3D anisotropic diffusion filters are chosen (at the expense of computation time). Their use should be
restricted to regions in the dataset where the signal intensity does not change strongly between subsequent
time steps to preserve contrast agent accumulation [Song et al., 2006]. Since time-intensity curves exhibit
high-frequency noise, smoothing in the temporal dimension is essential for a reliable analysis. Lysaker et al.
[2003] introduced an appropriate filter based on partial differential equations, which simulate a diffusion
process, and applied it to DCE-MRI mammography data. Oeltze [2010] combined smoothing in the spatial
domain with a 3 × 3 Gaussian filter with smoothing in the temporal domain with a 1 × 3 Gaussian filter.
For the generation of parameter maps, such as MTT and Integral, the “right” points in time must be
chosen (recall § 16.2). Smoothed visualization may support this selection. Nevertheless, smoothing may
also introduce errors and should be applied carefully. In combination with motion correction, which also
has a smoothing effect, details may no longer be recognizable. Another noise reduction strategy is to fit a
gamma variate, a non-symmetric Gaussian function. Gamma functions are used, e.g., for evaluating cerebral
and cardiac perfusion data that exhibit a high temporal resolution. Furthermore, gamma functions restrict
the evaluation of TICs to the contrast agent’s first pass. Also wavelet transforms and Wiener-like filtering
have been successfully used for smoothing perfusion data [Wirestam and Stahlberg, 2005]. There is a lack
of guidelines or even consensus how data should be smoothed. In the publications mentioned above, the
authors primarily (often shortly) explained their choice but did not compare various methods.
16.3.5 P H A R M A C O K I N E T I C M O D E L I N G

Descriptive parameters are derived without any assumptions, which makes it easy to use them. Although
they can be employed for standardized evaluation of relative enhancement curve evaluation in DCE-MRI,
they are not directly related to physiologic parameters and bound to specific scanners and protocols.
Thus, they are not appropriate as a basis for a multicentric study. A more advanced method for the analysis
of perfusion data is to employ a pharmacokinetic model. These models relate to physiological parameters,
such as permeability of vasculature and the extracellular space. Moreover, pharmacokinetic models are
employed to assess the effect of treatment, in particular antiangiogenetic treatment [Zwick et al., 2010].
To employ a pharmacokinetic model, the model parameters are fitted to CTCs resulting from the
transformation of the TICs. These models may lead to a more standardized image interpretation—the
model parameters are less dependent from the imaging sequences and protocols than the general perfusion
parameters.

Tofts Model The first influential and still widely used pharmacokinetic model is the two-compartment
model developed byTofts and Kermode [1991] that has been primarily used for assessing tumor perfusion.
The Tofts model considers the vascular space and the extravascular extracellular space (EES) [Choyke et al.,
2003].The CA enters the tumor through the vascular space and diffuses into the EES.The rates of diffusion
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The Tofts model parameters for the fit to a time-intensity curve are K = 0.5 and v = 50% which suggests a

malignant disease.
depend on the interface between capillaries and the EES, as well as on the concentration of the CA in the
EES and in the vascular space. As a practical limitation, a high temporal resolution of at least 2 seconds
is required [Franiel et al., 2011]. Since this high resolution is not achieved in clinical routine imaging,
except that only one slice is acquired, the value of this kind of modeling is reduced. However, even with a
lower temporal resolution, pharmacokinetic modeling may be useful, as many studies indicate. As a rule
of thumb, at least ten points in time should be employed for curve fitting.
The basic parameters of the Tofts model are the vascular permeability K [1/min] and the extracellular
volume fraction v. K affects the amplitude of the TIC, and the quotient of K /v affects the shape of the
curve. A least squares fit to the TICs allows to estimate the parameters of the Tofts model (Fig. e16.8)
[Furman-Haran et al., 1997]. The estimated model parameters are also used for deriving parameter maps
(recall Fig. e16.10). Englmeier et al. (2004) describe pharmacokinetic modeling of breast tumor perfusion
data based on data acquired at 32 points in time.

Discussion In general, pharmacokinetic modeling is focused on cancer diagnosis, treatment monitoring,
and disease understanding. In addition to confirming cancer diagnosis, such models may be used for tumor
grading, an assessment of tumor biology that is essential for prognosis and treatment decisions, such as
chemotherapy. As an example, Radjenovic et al. [2008] could show that mamma carcinoma with grade
2 differed significantly from those with grade 3 with respect to the two parameters of the Tofts model
(possible grades are 1, 2, and 3 with three being the most aggressive tumor type). Such a sensitivity
analysis is typically based on a correlation with histopathological reports where tumor grading can be
determined reliably (and is considered as ground truth).
Zwick et al. [2010] and Franiel et al. [2011] give overviews on pharmacokinetic modeling and its
limitations. They consider a couple of more recent and complex models and explain their assumptions,
parameters, and application. According to these surveys, still primarily the two simpler and oldest models
([Tofts and Kermode, 1991] and [Brix et al., 1991]) are used in clinical routine. These models are also
realized in widely available commercial software.
16.3.6 C L A S S I F I C A T I O N O F P E R F U S I O N D A T A A N D C O M P U T E R - A I D E D
DETECTION

Another venue of analyzing perfusion data relates to a statistical analysis as well as to mining and knowledge discovery techniques. In particular, the classification of DCE-MRI mammography data by means of
artificial neural networks and clustering techniques is an active research area [Chen et al., 2006, Lucht et al., 2001,
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Meyer-Bäse et al., 2007,Twellmann et al., 2005]. As an example,Twellmann et al. [2005] applied an artificial
neural network architecture that combines unsupervised and supervised techniques for voxel-by-voxel
classification of temporal kinetic signals derived from DCE-MRI mammography data. Chen et al. [2006]
developed a fuzzy c-means clustering-based technique to automatically identify characteristic kinetic curves
from segmented breast lesions in DCE-MRI mammography data. Nattkemper and Wismuller [2005]
described the application of self-organized maps to time curve features of DCE-MRI mammography data and
discuss how the results may be visually represented as color-coded cross sections. The region decomposition method by Glaßer et al. [2010a] employs a four-dimensional feature vector derived from the TIC
and aims at supporting ROI selection. The classification of small enhancing lesions is challenging and has
been tackled in [Schlossbauer et al., 2008].
Data classification is also aimed at in other application areas of perfusion data, such as classification of
brain tissue by means of self-organizing maps and fuzzy c-means clusterings [Wismüller et al., 2006], and
semi-automatic region selection by means of an independent component analysis (ICA) [Kao et al., 2008].

Computer-Aided Detection For tumor perfusion, in particular thresholds for the early enhancement are
employed to detect suspicious lesions ([Dorrius et al., 2011]). According to this review, radiologists
with less experience attain a higher sensitivity with CAD systems. In the context of this chapter, CAD is
interesting, since it leads to new results that must be adequately presented (along with other relevant data).
Since the most important application of perfusion data analysis is diagnosis, there have been various
attempts to automatically detect and emphasize pathological structures. Such computer-aided detection
(CAD) solutions have been developed, e.g., for tumor perfusion in order to improve the accuracy and
shorten the time for diagnosis. Automatic classification may be useful in a screening setting in order to
replace the opinion of a second radiologist or to direct a radiologist to suspicious regions. Widespread
practical use is probably hampered by the low standardization of image acquisition. Thus, an automatic
classifier that was explored with one scanner and protocol may need extensive training and adaptation
when used for data from another hospital.
16.4
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In this section, we describe general techniques that are widely used (§ 16.4.1) and later more advanced
exploration techniques, such as the multiparameter visualization (§ 16.4.2). Even if advanced exploration
and analysis techniques are available, basic techniques are often used first to get an overview and an initial
understanding of a dataset that may guide the further analysis.
Based on the discussion of perfusion parameters, we formulate the following major questions for
perfusion data analysis (see also [Oeltze, 2010]):
• Which parameters are most essential to characterize perfusion?
• How are perfusion parameters related to each other?
• How do imaging parameters affect perfusion parameters?
We discuss these issues in all case studies.
16.4.1 B A S I C V I S U A L I Z A T I O N T E C H N I Q U E S

Basic techniques to visualize and analyze perfusion data include:
•

cine-movies, which step through all points in time for a selected slice,
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•
•

subtraction images, which depict the intensity difference between two selected points in time, and
color-coded parameter maps for a selected slice. A parameter map depicts the value of a perfusion
parameter in a pixelwise manner (see Fig. e16.10).

Cine-movies The cinematic depiction of gray scale images in a movie loop is helpful to assess image noise
and artifacts [Choyke et al., 2003], but especially for the assessment of enhancement patterns.
Subtraction Images Provided that motion is compensated, the resulting differences in subtraction images
reflect contrast agent accumulation or wash-out. Subtraction images may also be used for quality control;
the injection of a CA leads to an increase of signal intensity (in T1-weighted images). If the subtraction
for two points in time, t2 and t1 after CA arrival with t2 > t1 , leads to a negative value, it is likely that
the pixels do not correspond to each other due to motion artifacts. If this occurs, motion correction is
indispensable for a meaningful analysis.3
In Figure e16.9, two subtraction images are shown, which are used for the diagnosis of an ischemic
stroke. Both reveal a dark area in the right hemisphere (left part of the images). This is suspicious, since
it does not occur in the corresponding region of the left hemisphere. The region that is dark in both
images, depicts the core of an ischemic stroke. Around this region, a larger area appears dark in the early
subtraction image (left), but bright in the subtraction image, which refers to a later time (right). This
region shows the “tissue at risk” around a stroke core.
Subtraction images provide valuable information for the diagnosis. However, there is no assistance
in choosing the “right” points in time for subtraction images. Moreover, the 2D data are only used to
visually detect abnormalities. Subtraction images do not provide quantitative information, which could
make the diagnostic results more reproducible. Cine movies and subtraction images may be combined
with interaction facilities that enable to select regions and further analyze such regions.

Subtraction images to analyze cerebral perfusion. The T2 images have been inverted. Left: difference between t6 and
t2 ; right: t17 and t2 . The low perfusion in a larger portion of the right hemisphere (left part in the image!) characterizes the infarct
zone. In the right image, the late enhancement in a part of the right hemisphere represents the “tissue at risk”. It is characterized
by a high signal intensity. A brain segmentation algorithm has been applied to restrict the visualization to brain tissue (Courtesy of
JonathanWiener, Boca Raton Community Hospital).

FIGURE e16.9

3 In T2-weighted imaging, the intensity decreases after CA arrival. In these cases, the quality control must be adapted.
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FIGURE e16.10 Parameter maps for TTP, MTT, and the regional cerebral blood volume (roughly corresponding to the general
perfusion parameter Integral) of a cerebral MRI perfusion dataset are depicted. The delayed blood flow in the right hemisphere (left
part of the images) becomes obvious (Courtesy of JonathanWiener, Boca Raton Community Hospital).

Parameter Maps are displayed as color-coded images (see Fig. e16.10). Parameter maps were introduced
by Hoehne et al. [1981]. Besides parameter images, it is common to compute time-intensity curves
for user-selected ROIs. Often, a parameter map is used first to detect interesting or suspicious regions,
whereas time-intensity curves in selected regions are analyzed later. Parameter maps represent are part of
commercial tools, such as SIEMENS syngo Volume perfusion.
Summary Basic visualization techniques for exploring perfusion data include subtraction images, parameter maps and the display of TICs [Behrens et al., 1996, König et al., 1998, Meyer et al., 1999]. In clinical
routine, diagnosis is often restricted to these basic techniques. In particular, in urgent cases like ischemic
stroke diagnosis, more advanced methods are not used due to the additional time required.The diagnostic
quality often depends on appropriate data acquisition and processing techniques, in particular techniques
that limit motion in the acquisition stage or correct it later (motion correction).
In the following, we describe advanced visualization and analysis techniques for exploring perfusion data. These advanced techniques are motivated by three essential drawbacks of basic visualization
techniques. They do not support:
•
•
•

the integration of several parameter maps in one image,
the integration of information derived from perfusion data with morphologic information from
another dataset, e.g., with higher spatial resolution that is essential for the precise localization of
pathologies, and
the integration of detection and visualization of extracted features.

The following subsections show how these problems may be tackled.
16.4.2 V I S U A L I Z A T I O N O F M U L T I P L E P E R F U S I O N P A R A M E T E R S

The integrated analysis of several perfusion parameters in a suspicious region is essential for various
diagnostic tasks [Sorensen et al., 1999].To support the analysis, we discuss the appropriateness of integrated
multiparameter visualizations. Multiparameter visualization is an established research area. Here we borrow from
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this long experience in that area (see the survey of [Wong and Bergeron, 1997]. These visualizations are
based on precomputed parameter volumes where the corresponding perfusion parameters are represented
for each voxel of the original dataset [Preim et al., 2009].
Advanced topic: Two- and three-dimensional color scales. In principle, color may be employed
for two or three perfusion parameters as well. Among the widespread color spaces, the HSV space
(describing a color by its Hue, Saturation, and Value component) is the best choice, since it is
perceptually roughly linearized [Ware, 2000]. To be compatible with expectations of users, the
most suspicious parameter combinations may be mapped to a red color (Hue) with high saturation
and high intensity (Value), whereas normal parameter values are mapped to lower saturation and
intensity values and a bluish hue component. With this approach, the viewer’s attention is directed
to suspicious regions. To overcome the limitations of color, color icons have been introduced by
Levkowitz [1991] and used for perfusion data exploration [Glaßer et al., 2010a, Oeltze, 2010].
Color-coded volume rendering of perfusion data and derived pharmacokinetic modeling parameters were suggested by Englmeier et al. [2004]. A discrete two-dimensional color scale was used
where four different hues and five different brightness/saturation values were employed to reflect
the two parameters of a two-compartment model (recall § 16.3.5). A better discernibility of the
contrast enhancement compared to gray value rendering was observed.
However, the simultaneous visualization of three quantitative values relating to data with high
spatial frequency is in general very hard to interpret. The correct interpretation of two or even three
perfusion parameters by means of one color cannot be achieved by preattentive vision. Oeltze et al.
[2006] investigated methods where color (for one perfusion parameter) is combined with another
visualization technique for visualizing a second parameter.
Isolines, height fields, or orientations of textures might be employed to combine several parameters within a single image [Tyler, 2002]. In particular, the combination of isolines and colors can
be easily interpreted.
Combining isolines and color-coding. Isolines connect regions where the investigated perfusion
parameter has a certain value. Isolines are easily computed by the Marching squares algorithm
[Schroeder et al., 2001]. Noise reduction is particularly important in order to prevent that many
irrelevant small and distracting isolines or relevant but jaggy lines result (see Fig. e16.11). In contrast
to color-coding, which supports a fast qualitative interpretation, isolines are not interpreted at a glance
but allow a more quantitative interpretation.

Exploration of Multiple Parameter Images with Lenses Lenses are frequently used to explore conventional
medical images such as X-ray. Digital lenses—working as pixel magnifiers—are also used in digital image
exploration to analyze small scale phenomena within enlarged visualizations.The interaction with movable
viewing lenses (magic lenses) is useful for exploring multidimensional data where lenses do not magnify
information but show different information in the lens region [Bier et al., 1993]. For parameter maps,
lenses may show information relating to one parameter in the context of a map of another parameter.With
this interaction style, the user starts by selecting a foreground and a background parameter (for example
TTP and MTT) and then moves a lens (a rectangle or an ellipse) to select either of the parameter set. Instead
of completely replacing the foreground display in the lens region, it might be shown as a semi-transparent
combination of information of the foreground and background parameter (see Figs. e16.12 and e16.20).
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Ten isolines, evenly distributed over the whole range of data, depict a perfusion parameter derived from DCE-MRI
mammography. The data and the resulting isolines are smoothed (Courtesy of Olaf Konrad, Fraunhofer MEVIS Bremen).

FIGURE e16.11

FIGURE e16.12 Exploration of DCE-MRI mammography data with a lens. Parameter wash-out is projected through the lens.
A blue color indicates a continuous enhancement for a later period in time, a green color indicates a plateau in the time-intensity
curve. A yellow and in particular a red color indicate a strong “wash-out” behavior (From: [Oeltze, 2010]).

Glyph-based Visualization of Multiple Parameters Glyphs represent a standard technique in the visualization
of multifield data.
Definition 16.2. A glyph is a simple geometric primitive, such as ellipsoid or superquadric, which is
positioned with respect to the original data points in space and whose attributes, e.g., color, extension,
size, and orientation, are modified according to the values they represent.
Glyph-based visualizations of multiple perfusion parameters were introduced by Oeltze et al. [2008]
with a focus on an intuitive mapping of perfusion parameter values to glyph shape. Intuitive mapping
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FIGURE e16.13 Left: glyph shapes are designed to correspond to the basic shape of a TIC. Right: application of these intuitive
glyphs to cerebral perfusion data (From: [Oeltze, 2010]).

here refers to the generation of an easy-to-learn glyph coding of TIC shape, e.g., by mapping parameter
“Integral” (area below the curve) to size, and “Slope” (steepness of the ascending curve) to orientation.
The sketch in Figure e16.13 illustrates these ideas.
Several 2D glyph shapes, e.g., circular disks, ellipses, rectangles, or toroids, with different visual
attributes besides color have been implemented in slice-based visualizations. Initial tests showed that
the placement of one glyph per data point results in too small glyphs due to the limited screen space (see
Fig. e16.14, left). Hence, a multiresolution glyph display has been proposed in [Oeltze, 2010] to improve
the readability of the glyph attributes (see Fig. e16.14, right). The display incorporates different resolution layers, which can be interactively explored by the user. It is essential to include a glyph legend in such
visualizations to convey how color, shape, size, and orientation of a glyph are related to the underlying data.

Glyph-based visual exploration of cerebral perfusion parameters.The glyph display in all images has been restricted
to suspicious regions by means of smooth brushing. Left: One circular disk is placed per data point. Changes in glyph size are hard to
interpret. A magnification (inlet) improves the readability but involves a loss of context information and spatial orientation. Right:
The application of a lower resolution layer solves the problem (Courtesy of Arvid Malcyczyk, University of Magdeburg).
FIGURE e16.14
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16.4.3 I N T E G R A T I N G D Y N A M I C I N F O R M A T I O N A N D M O R P H O L O G Y

Relevant perfusion parameters can often only be extracted for a restricted region, e.g., where perfusion
takes place. However, the display of other constituents, such as the bony structures, might provide substantial anatomical context. Also other surrounding tissues that are not enhancing, can be of indispensable
diagnostic value. Therefore, it is useful to add spatial reference information in the regions not containing
dynamic information. A reasonable strategy to realize this principle is to color-code dynamic information
and to display the reference data in the background using a gray scale. Depending on the resolution of the
image data, the integration of dynamic and morphologic information should be carried out in 2D slice
visualizations or 3D renderings. For DCE-MRI mammography data with more than 50 slices, 3D renderings
are appropriate, whereas cerebral and cardiac perfusion data provide a too small number of slices.
16.4.4 P R O B I N G A N D A N N O T A T I N G O F P E R F U S I O N D A T A

Another way to depict temporal curves specified at every position of the data is to render them outside
of their spatial location. The most common way is to show a set of time-dependent graphs for a set of
pre-selected spatial locations, respectively.With this approach, however, one might lose the correspondence
between the spatial position of the measured data and the curve data itself.
MLEJNEK and colleagues proposed the Profile Flag, an intuitive tool for browsing and annotating temporal
data [Mlejnek et al., 2005, 2006]. It enables the visualization of spatial or temporal curves closely connected
to the rendering of the anatomical structure of the data without removing any parts thereof. The Profile
Flag looks like a board-pin-like glyph that consists of a banner, a marker, a range selector, and a set of
needles (see Fig. e16.15, left). The Profile Flag can be positioned on and dragged along the surface or
inside of the inspected anatomical object. For probing of the underlying data, the set of needles is positioned
beneath the surface of the probed structure at locations of interest. Each needle defines the position of one
probed location or curve.The flag pole is a cylinder, which connects the banner with the range selector.The
range selector defines the size of the ROI, i.e., it encloses the set of needles. For perfusion data, the probed
information is taken along the time axis at a specific 3D location. Probing positions may be performed,
e.g., with a spherical range selector or a more complex geometry (see [Mlejnek et al., 2006] for details).
The probed curve data is visualized on the banner. Several types of banners can be defined, e.g., a
single-profile banner only shows the probed values at the position of a single needle. Profile Flags can be

Sketch of a Profile Flag (left) and DCE-MRI mammography data with two regions annotated by Profile Flags
(right): a healthy region (left part of the right image) and a malignant region (right part) (Courtesy of Matej Mlejnek,TUVienna).

FIGURE e16.15
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moved along the object’s surface, while showing the underlying probed time-intensity curves. Multiple
Profile Flags can be placed to emphasize differences between areas from different spatial locations, e.g.,
healthy vs. suspicious regions (see Fig. e16.15, right). For the visualization of dynamic data, the horizontal
axis usually corresponds to the time axis. Therefore, for time-varying data, the banner visualizes the time
steps along the horizontal axis, while the vertical axis shows the values for each measured time step.
Additionally, for sparse temporal data (i.e., just a few time steps), vertical lines are included in order to
facilitate reading off the values at particular timesteps. In order to avoid visual clutter, a banner is shown
that represents the average of all probed curves.

Summary Advanced visual exploration techniques still play no major role in routine diagnosis. As Oeltze
[2010] points out, they are rarely part of commercial tools and are considered as “bonus features.”
NEUROSUITE [Nowinski et al., 2008] and DYNACAD , a product from INVIVO [Wiener et al., 2005] are among
the tools integrating 3D visualizations. The low influence of advanced techniques after being around for a
couple of years indicates a need for serious studies to assess whether advanced techniques indeed lead to
a better diagnosis with respect to sensitivity, specificity, localization of features, and other relevant clinical
aspects. We have described advanced techniques here to give an overview of techniques that have been
carefully developed and to stimulate further research and development.
16.5
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This section briefly introduces the concept of visual analytics and then describes its use for perfusion data.
16.5.1 V I S U A L A N A LY T I C S

Visual analytics relates to the combination of data analysis, information visualization, and interactive exploration [Thomas and Cook, 2005, Keim et al., 2010]. Data analysis comprises dimension reduction, such as
Principal Component Analysis (PCA), cluster analysis (recall § 9.2.2.1) with a known or unknown number
of clusters as well as pattern analysis. Data analysis aims at the automatic detection of correlations and
trends. In visual analytics, such data analysis techniques are steered by means of appropriate visualizations
and the data analysis results are integrated in visualizations.
This combination has a great potential to understand perfusion data along with the multidimensional
space of derived perfusion parameters.While the classical medical visualization techniques, such as volume
rendering, may give an overview on the data, information visualization techniques, such as parallel coordinates
and scatterplots, may be employed to explore perfusion parameters in detail. While scatterplots represent
the relations between two parameters, a scatterplot matrix is an N × N matrix where each element Si j is a
scatterplot correlating the parameters i and j. The diagonal elements of a scatterplot matrix Sii show the
histogram of parameter i. Figure e16.16 presents a scatterplot matrix of all perfusion parameters derived
for one dataset. With such visualizations, time-intensity curves may be selected based on their properties,
instead of (only) based on a selected spatial region.

Linking and Brushing Parallel coordinates naturally show the temporal development of the signal intensity,
but may be also used to indicate the distribution of different perfusion parameters. In Figure e16.17 seven
perfusion parameters for all voxels are displayed and may be used for selection.
Definition 16.3. A brush, a simple geometric primitive, is integrated in a visualization of attributes and
selects all points in the spatial domain that exhibit the features specified with the brush in the attribute view.
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A scatterplot matrix summarizes the correlation between each pair of perfusion parameters. The background color
of each scatterplot represents the amount of positive or negative correlation. A high positive or negative correlation is emphasized with
highly saturated colors. The analysis was performed for a DCE-MRI mammography dataset (From: [Oeltze et al., 2007]).

FIGURE e16.16

A parallel coordinate view with one axis representing one (descriptive) perfusion parameter. A brush along the
MTT axis selects a certain range. All voxels where the MTT value is inside that the brushed range are emphasized in the parallel
coordinates to show how the MTT value relates to other perfusion parameters. The corresponding voxels are also highlighted in three
spatial views (top row) (From: [Oeltze et al., 2009]).

FIGURE e16.17

The most frequently used brush type is an axis-aligned rectangle—a primitive that allows to select
ranges in two dimensions. The attributes in our specific example are perfusion parameters and attribute
views are primarily scatterplots and parallel coordinates.The combination of selection (with a brush) and
highlighting in spatial views is called Link and Brush. The concept is often applied to select attribute ranges
in scatterplots. Thus, in Figure e16.17, a brush selects voxels based on their MTT value and highlights the
corresponding voxels in three slice-based visualizations.
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While a brush usually leads to a binary decision (an attribute value is inside a brush or not), the
decision may be more fuzzy with smooth brushes, a concept introduced by Doleisch and Hauser [2002].
Smooth brushes have two regions: an inner core and an outer transition zone. A smooth brush may for
example be used to display data semi-transparently that belong to the transition zone and render data
opaquely that belong to the core region. Smooth brushes account for the uncertainty in the data selection.
16.5.2 A P P L I C A T I O N T O P E R F U S I O N D A T A

In medicine, visual analytics in general is promising to study high-dimensional data, medical multifield
data, and cohort studies. For perfusion data, one can define general criteria (e.g., maximal deviation from
a predefined reference curve) for the selection. This strategy was employed along with the Profile Flags
(recall § 16.4.4). As another example Grzesik et al. [2000] employed higher-dimensional histograms to
explore MRI perfusion data and diffusion-weighted MRI data.Their system aimed at discriminating tissue
in ischemic stroke diagnosis.
Oeltze et al. [2007] introduced a pipeline of data analysis techniques and information visualization
techniques to efficiently explore the space of perfusion parameters.They came up with a layout of different
views combining information visualization techniques and original data that is related to other medical
multifield techniques [Blaas et al., 2007b, Blaas, 2010]. This general strategy was recently refined for
specific applications [Oeltze et al., 2009, Glaßer et al., 2010a]. Here, we present the general strategy and
later in the case study sections we will explain their adaptation.
A correlation analysis is carried out to investigate which perfusion parameters strongly correlate
(Fig. e16.16). The amount of correlation is quantified by a correlation coefficient that is 0 for uncorrelated
attributes, 1 for a perfect positive correlation and -1 for a perfect negative correlation. Here, we employ
the Pearson correlation that characterizes linear dependency of attribute pairs. Visually, a strong correlation is
obvious if all attribute pairs are located on one straight line. In case of strongly correlated parameters, one
of them is removed from further analysis.

Principal Component Analysis The remaining parameters are processed by a Principal Component Analysis (PCA)
in order to detect major trends (see Fig. e16.18). The PCA is widely used for dimension reduction in
multidimensional statistics. With the PCA, the original attributes are replaced by principal components

FIGURE e16.18 After excluding four highly correlated parameters,a PCA was performed.While the first principal component (with
integral, MiTR and negative Down-Slope as major contributions) indicates the amount of perfusion, the second principal component
(with MTT and TTP as major contributions) represents the speed of enhancement (From: [Oeltze et al., 2007]).
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(a)

(c)

(b)

(d)

Analysis of DCE-MRI mammography data. Examination of the trend represented by the first principal component
(pc1 , lower bar chart in (a)). High scores in pc1 have been brushed (b) and the selection is visualized within the context of the right
mamma in (c). The selection has been color-coded according to Slope.Yellow and red regions indicate as fast wash-in. The boundary
of the tumor has been delineated. The selection in (b) is transferred to a scatterplot (d) opposing Slope and Down-Slope. Zooming in
on the plot reveals that regions exhibiting a fast wash-in as well as a fast wash-out have been detected (red dots).

FIGURE e16.19

(PCs), a weighted combination of the attributes where each PC carries a loading that characterizes its
importance. The efficient use of PCA is not straightforward: many aspects, such as normalization, have to
be considered (see [Oeltze et al., 2007] for an in-depth discussion of these issues related to perfusion data
and derived parameters).
Inspired by Doleisch et al. [2003], the trends as well as the original perfusion parameters are displayed
in 2D histograms and scatterplots and are used for (smooth) brushing of relevant subsets of the data (see
Fig. e16.19). This strategy turned out to be useful to discriminate different tissues in cerebral perfusion
data, tumor perfusion and myocardial perfusion data. In most cases, the PCA resulted in two major trends
(the principal directions). One trend represents the amount of contrast enhancement (a combination of the
parameters “Integral” and PE) and the second trend represents the speed of enhancement (a combination
of TTP and MTT). Due to patient-specific differences, the correlations as well as the PCA results (weighting
of perfusion parameters) may differ strongly, but a larger analysis in breast tumor perfusion showed that
still the two most important principal directions are quite reliable to assess perfusion (although their exact
meaning differs due to the PCA results).

Evaluation of Visual Analysis Techniques The overall analysis pipeline is probably too complex for routine
diagnosis. However, it may be essential for researchers investigating the effects of CAs, magnetic field

e42

C H A P T E R e 16 . V I S U A L E X P L O R AT I O N A N D A N A LY S I S O F P E R F U S I O N D ATA

strength and other imaging parameters on the diagnostic value of certain perfusion parameter combinations. The pipeline has been discussed with two experienced radiologists from the Medical Faculty of the
University of Magdeburg, both familiar with perfusion imaging in the clinical routine, though not in a
research context. Both argued that the data analysis is only applicable in the clinical routine, if carried
out in the background leading to an initial suggestion for suspicious regions. Both assessed brushing as
valuable for exploring a non-standardized parameter domain. The combination of analysis techniques,
linking and brushing for efficiently locating features in perfusion data has been extended with a dense
visualization of TICs for all voxels of a perfusion dataset. Special techniques are used to reduce clutter in
the visualization of a multitude of TICs and dedicated brushes are employed to define TIC target shapes,
e.g., a sudden increase and a later decrease of the signal intensity [Muigg et al., 2008].
16.6

C A S E S T U D Y: C E R E B R A L P E R F U S I O N

In contrast to highly permeable vessels in malignant tumors, microvessels in normal brain tissue do not
leak as a result of the blood brain barrier. Consequently, there is no enhancement in the extracellular
volume which is essential for DSC-MRI. In cerebral perfusion imaging, we observe the first pass of the CA
through the vessel components. About 10 seconds after the first pass of blood circulation, a broadened
second pass can be seen. The volume of blood in each voxel is diagnostically relevant. It is measured
by the integral parameter of the TIC. The major diagnostic task where cerebral perfusion is essential, is
the cerebral ischemic stroke. Perfusion imaging is often used in addition to diffusion-weighted imaging
which provides complementary information.
16.6.1 M E D I C A L I M A G I N G A N D P R E P R O C E S S I N G

CT and MRI are primarily used to assess cerebral perfusion in clinical routine. MRI studies suffer from a
lower spatial resolution compared to CT, but allow scanning of the entire brain, and are thus better suited
to detect an infarction, if its location is not a priori known. Both CT and MRI are useful in diagnosing
the acute ischemic stroke and in decision making for therapeutic interventions [Wintermark et al., 2005].
For cerebral perfusion, Dynamic Susceptibility Contrast (DSC) imaging is employed, as we explained in
§ 16.2.With DSC-MRI, the contrast agent reaches the capillary bed after 5–10 seconds and the first passage
through the capillary bed lasts approximately 18 seconds. Thus, a high temporal resolution is essential to
record the signal intensity change. Typical imaging parameters in DSC-MRI are 128 × 128 matrix, 2 mm
spatial resolution in the plane, and 7 mm slice thickness.
Preprocessing of cerebral perfusion data is relatively straightforward, since severe motion artifacts rarely
occur. If visual inspection indicates a relevant motion artifact, the general techniques described in § 16.3.1
are usually sufficient [Oeltze et al., 2009]. Further preprocessing may include brain segmentation and the
conversion from signal intensities to changes in contrast agent concentration as well as noise reduction
(§ 16.3).
16.6.2 D I A G N O S I S O F I S C H E M I C S T R O K E

Cerebral perfusion images are used for ischemic stroke diagnosis, in particular to discriminate cerebral
hemorrhage and ischemic stroke. Both situations represent medical emergencies that require immediate
actions. In case of an ischemic stroke, the existence and the extent of “tissue at risk” surrounding the
core of the stroke has to be evaluated. While the core exhibits no significant perfusion (recall Fig. e16.1,
p. e21), “tissue at risk” is characterized by a reduced and delayed perfusion. The perfusion characteristics
of the “tissue at risk” is due to collateral blood flow that may for a certain time compensate for the blocked
vasculature. Surgical and chemical interventions may salvage at least parts of the “tissue at risk.”The most
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promising treatment is thrombolysis that resolves the blood klot by an intervention with a thrombolytic
drug [den Boer and Folkers, 1997].
The value of combining cerebral perfusion and diffusion-weighted image data for predicting stroke
evolution is discussed in [Rose et al., 2001]. In both types of data, areas of ischemic brain tissue can
be identified in acute stroke patients. The mismatch between these areas has been reported to present
the “tissue at risk” [Warach et al., 1995]. Sorensen et al. [1999] argue that MTT as well as two specific
parameters for cerebral perfusion, namely regional cerebral blood volume (rCBV) as well as the regional
cerebral blood flow (rCBF), are essential to assess stroke. rCBF (Eq. e16.2) and rCBV (Eq. e16.3) are
quantitative perfusion parameter that require to transform TICs to concentration time curves and their
normalization with the arterial input function (AIF), as discussed in § 16.3.2.
rCBV
[ml/min/100g].
rMTT
∞
CTC(t)dt
kH
∗ 0∞
[ml/100g]
rCBV =
ρ
0 AIF(t)dt
rCBF =

(e16.2)

(e16.3)

The reliable determination of rCBF and rCBV is described in [Østergaard et al., 1996]. Similar quantitative parameters (pulmonary CBF and pulmonary CBV) are determined to evaluate lung perfusion data
[Kohlmann et al., 2011].
The regional cerebral blood flow is the perfused vessel volume (in ml) of a vessel voxel divided by the tissue
mass (in g) of this voxel. The regional cerebral blood volume is the amount of blood (in ml) that travels through
the voxel. The theoretical basis of these computations is discussed, e.g., in [Meyer-Bäse et al., 2007].
The symmetry of the brain is essential for a diagnostic evaluation of static and dynamic images.Whether
or not a part of the brain appears to be pathological is judged by comparing it with the corresponding
part of the other hemisphere. To support symmetry considerations, cerebral perfusion tools provide a
feature to define a region of interest (ROI) in one hemisphere and let the system define the corresponding
ROI in the other hemisphere. The simultaneous display of TICs relating to the both regions supports the
evaluation of a correlation between them. In cerebral perfusion diagnosis, synchronized lenses may be used
to exploit the symmetry of the brain in axial views [Wintermark et al., 2005]. A lens is mirrored on a
relocatable, vertical line of symmetry (see Fig. e16.20).

Visual Analytics Oeltze et al. [2009] described a visual analytics strategy to support the diagnosis of
ischemic strokes. Using the general framework to analyze perfusion data (recall § 16.5), they applied
PCA for dimension reduction and could show that the two major directions are suitable to select the
relevant brain tissue (Fig. e16.21).
They presented the concentration time curves of the entire dataset in a curve view to enable the
selection of interesting regions via brushing (see Fig. e16.22). To support the selection, dedicated brush
types have been designed that characterize, e.g., regions with increasing signal intensity and regions
without perfusion that might be selected to exclude them from further analysis. Thus, in Figure e16.22,
the infarcted tissue and the “tissue at risk” could be selected. Oeltze et al. [2009] describe various brush
shapes and combination facilities and explain how the diagnosis of cerebral perfusion data benefits from
these exploration facilities. Although stroke diagnosis triggered these developments, they can be translated
to other perfusion data and related diagnostic tasks.
Their system was evaluated by means of two patient data studies, relating to patients with an acute
ischemic stroke in the parietal lobe after thrombosis of the middle cerebral artery. Data were acquired at
three points in time, reflecting the development of the brain in the first hours after system onset.
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Synchronized lenses in both hemispheres of the brain support the comparison between the symmetric regions. The
peak enhancement is the foreground parameter mapped to an optimized color scale and TTP is the background parameter. The core of
the stroke in the right hemisphere becomes obvious by comparing the regions inside the synchronized lenses (From: [Oeltze, 2010]).

FIGURE e16.20

A scatterplot indicates the distribution of voxels along the two major trends of the PCA. One dimension primarily
represents the timing (slow or fast enhancement) and the second represents the amount of enhancement. With a brush, a certain
interval is selected in both dimensions. The three views in the top row show the selected voxels in the longitudinal study. It turns out
that brain perfusion has improved over time, since low and delayed enhancement are restricted to a smaller area in the last dataset
(From: [Oeltze et al., 2009]).

FIGURE e16.21
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(c)

(a)

Multiple coordinated view with a curve view and two 3D visualizations. In the curve view (a), two brushes are
defined to select the tissue at risk (slanted brush) and the infarction core (horizontal brush).The selected curves and the corresponding voxels are emphasized in the 3D visualization.The color of the voxels represents the time to peak. Interaction in both views,e.g.,clipping in the
3D views and transformation of brushes in the curve view support the analysis of cerebral perfusion data (From:[Oeltze et al.,2009]).

FIGURE e16.22

16.6.3 B R A I N T U M O R D I A G N O S I S

Compared to ischemic stroke diagnosis, brain tumor diagnosis is a more recent and less widespread
application of cerebral perfusion. MR perfusion imaging is employed to assess tumor neoangiogenesis
and to better estimate the tumor grade and patient prognosis. Prognosis is essential in case of glioblastoma,
a malignant brain cancer with poor prognosis, but with high variability in the survival time of patients.
With respect to imaging, an intact blood-brain barrier cannot be assumed.
In a cooperation between the University of Bergen and the University of Magdeburg, seven brain
tumor datasets were analyzed with a slightly modified version of the analysis pipeline described in § 16.5
(recall [Oeltze et al., 2007]). Brain and tumor segmentation are major preprocessing steps.The quantitative
parameters rCBF and rCBV were derived.
The correlation between these parameters seems to be higher for low-grade tumors than for high-grade
tumors according to first experiments. A scatterplot with the dimensions rCBV and rCBF may be used for
brushing and emphasizing brain regions with low rCBF and rCBV values. The correlation analysis may
also be used to exclude tumor voxels with a low correlation between rCBF and rCBV. A detailed inspection
of such voxels revealed that they primarily occur in border regions and that the low correlation probably
relates to neoangiogenetic activity that occurs in more regions of a highly malignant high-grade tumor.
By color-coding such voxels according to their cerebral blood flow this hypothesis was further confirmed,
since indeed voxels with high perfusion are selected (Fig. e16.24).
Another technique to analyze and quantify inhomogeneity is to compute the local correlation coefficients (LCC) between rCBF and rCBV [Glaßer et al., 2013]. Figure e16.23 displays the slices of a tumor
color-coded with the LCC value. In this particular example, data from longitudinal studies are analyzed. Note that the timepoints here differ in years between the examinations. At each timepoint, a
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FIGURE e16.23 LCC values characterize the inhomogeneity of a suspicious tumor. They are displayed here for all slices at four
points in time. The tumor obviously grew and the LCC values exhibit stronger inhomogeneity over time (Courtesy of Sylvia Glaßer,
University of Magdeburg).

FIGURE e16.24 Left: A segmented brain tumor is shown with tumor voxels color-coded according to the regional cerebral blood
flow with red corresponding to the highest values(rCBV). Middle:The scatterplot indicates that rCBF and rCBV do not correlate
well (red: tumor voxels, yellow: remaining brain voxels). Right: Negative brushing (correlating regions are selected to be excluded)
reveals that low correlation occurs in a large boundary region. Color coding according to rCBV shows that the perfusion in this region
is high, which is probably due to strong neoangiogenetic activity (Courtesy of Sylvia Glaßer, University of Magdeburg).

perfusion study with the typical 40–80 timepoints is available. Thus, a matrix with slices and timepoints
results.
We briefly mentioned this research, although it is at an early stage since it illustrates the potential power
of a visual analytics approach.
16.7

C A S E S T U D Y: B R E A S T T U M O R P E R F U S I O N

Breast cancer is the most common cancer and cause of cancer-related death in women. Early detection of
breast tumors and the assessment of their dignity (malignant or benign lesions) are crucial to treat patients
successfully. Several image acquisition techniques have been employed for breast cancer diagnosis. X-ray
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mammography is still the most widely used technique. Dynamic contrast-enhanced magnetic resonance
imaging (DCE-MRI) mammography has been introduced by Heywang et al. [1986]. However, only recently
it gained widespread acceptance, which is partially due to effective computer support [Wood, 2005].
DCE-MRI is currently the most sensitive modality for the detection of invasive breast cancer. Thus, the
number of malignant cancers, which are not detected (false negatives), is lower compared to other imaging
modalities such as X-ray mammography. However, compared to X-ray mammography, DCE-MRI only
exhibits a moderate specificity, i.e., a relative high rate of tumors is incorrectly classified as being malignant (false positives) [Kuhl, 2007]. In particular, smaller tumors and tumors in dense breasts of younger
(pre-menopausal) women are detected more reliably with DCE-MRI. Thus, DCE-MRI is the modality of
choice for screening younger women with a high risk for breast cancer due to a history of breast cancer
in the family.
Although there is a significant difference in the enhancement pattern between malignant and (most)
benign tumors, there is some overlap, e.g., with inflammative changes, (benign) fibroadenoma and breast
cancer. A recent survey and meta analysis of ten publications reported an average sensitivity for experienced
radiologists of 79% and a specificity of 56% that could slightly be increased with computer-aided detection
to 83% and 62% [Dorrius et al., 2011].
For the detection of wash-out curves, the ROI should be manually placed in the area of a tumor with the
strongest enhancement. If the tumor is very heterogeneous, this part of the tumor cannot be determined
easily. The average TIC is only expressive if the ROI is small and does not include necrotic tumor cells
or surrounding tissue. The heterogeneity of tumor vascularization, the close neighborhood of necrotic
and vital tumor tissue, and the subjectiveness of ROI placement harden the interpretation of the kinetics.
If a possibly malignant tumor has been detected, core needle biopsy must be carried out to confirm or
reject malignancy. Since core needle biopsy of a benign region close to a malignant tumor results in a
false histopathological report, it is important to determine the most malignant part of the tumor and its
precise localization [Glaßer et al., 2010a].
16.7.1 M E D I C A L I M A G I N G A N D P R E P R O C E S S I N G

In DCE-MRI mammography,T1-weighted images are employed. Contrast enhancement lasts considerably
longer than in cerebral blood vessels. Therefore, longer acquisition times are employed. There are many
different sequences and protocols, but commonly, DCE-MRI mammography data is characterized by a
high spatial resolution and a low temporal resolution. Data processing, in particular motion correction, is
challenging. The elastic registration method introduced by Rueckert et al. [1999] is the standard method
correction.The low temporal resolution hampers the use of pharmacokinetic modeling.Typical parameters
for DCE-MRI mammography data are: 512 × 512 matrix, 2 mm slice thickness, 60–80 slices, and 3–6
time points with a temporal resolution of 60–90 seconds.

3TP Method Degani et al. [1997] suggest to use only three points in time (3 TP method), which should
be chosen such that wash-in can be assessed by subtracting image intensities at t2 and t1 and wash-out by
considering t3 and t2 . The quality of the MR scanner has a strong influence on the diagnostic quality. As
an example, the survey of Dorrius et al. [2011] shows that the best diagnostic results in tumor perfusion
studies were achieved with a modern 3 Tesla scanner. For more details on tumor perfusion, see [Degani
et al., 1997, Heywang-Köbrunner et al., 1997, Kuhl, 2007].
Motion Correction is often accomplished with the non-rigid B-spline-based registration method developed
by Rueckert et al. [1999]. A more recent approach refines this method in a two-step approach, where the
method by Rueckert et al. [1999] serves as a first step. In particular, for the analysis of small enhancing
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lesions, a second local step is promising. Local corrections are based on assumptions that the movement
(with respect to translation and rotation) is strongly limited [Schäfer et al., 2010]. In this paper, three
similarity metrics, including normalized mutual information, were compared. The method was validated
by computing the fit of a pharmacokinetic model.This kind of validation is motivated by the fact that such
models capture contrast agent dynamics in a tumor region well. Thus, in the absence of motion artifacts,
a good fit should be possible. A review of motion correction in DCE-MRI mammography data was given
in [Guo et al., 2006].
16.7.2 V I S U A L E X P L O R A T I O N O F D C E - M R I M A M M O G R A P H Y D A T A

In the following, selected visualization techniques for DCE-MRI mammography that go beyond the standard visual exploration (recall § 16.4.1) are described.

Color Coding Two parameters describing the diagnostically significant shape and amplitude of each voxel’s
TIC may be mapped to color [Kohle et al., 2002]:
•
•

the slope of the early CA enhancement to brightness and
the slope of the late wash-out to the color value, encoding suspicious wash-out in red.

Using continuous color values creates a smooth transition between slowly enhancing and depleting
regions.

Projection Methods For the integration of morphologic information and perfusion parameters, 3D visualization techniques are useful. To avoid visual clutter, the visualization of perfusion parameters should be
restricted to those voxels, which exhibit a high dynamic (significant changes of signal intensities). Projection techniques, such as MIP and ClosestVessel Projection (CVP) [Napel et al., 1993] (recall § 11.3.1), provide a direct link between pixels and the corresponding voxels with the relatedTIC.Thus, with a colorized
projection image, morphological information can be visualized together with physiological parameters
[Kohle et al., 2002]. Projection methods are established for the visualization of small, enhanced regions
embedded in a relatively transparent data volume, e.g., the distribution of filamentary vessels.
Kohle et al. [2002] introduced a colorized temporal MIP (maximum value along the temporal scale).
With this approach, voxels characterized by a strong dynamics (either in the wash-in or wash-out phase)
are represented by a color that incorporates the wash-in as well as the wash-out behavior by mapping
these values to the hue-, saturation- and value-component of a color in a HSV color space. The most
intense voxel along the projection ray is no longer selected; rather, the voxel that represents the first
local maximum above a certain threshold is taken. The threshold has to be adjusted to display only the
interesting structures. A threshold of 20% relative enhancement is appropriate for visualizing DCE-MRI
mammography data. Figure e16.25 shows a colored CVP. Both MIP and CVP are offered as whole-volume
visualization techniques and as slab rendering—restricted to a portion of the data characterized by two
parallel clipping planes.
This particular example also illustrates the difficulties of the diagnosis of breast tumors. The roundish
shape of the tumor without stellar components suggests a benign character. The wash-out behavior (see
the yellow and red parts in Fig. e16.25) indicates malignancy. However, biopsy, histopathological report
and follow-up confirm a fibroadenoma.
Volume Rendering and Information Visualization Techniques To speed up the analysis, volume rendering and
information visualization techniques were developed to efficiently extract essential information. Coto et al.
[2005] presented several investigation tools (e.g., scatterplots and volume rendering) for the classification
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A gray scale MIP of the subtraction volume of two early points in time is combined with a color-coded CVP of
DCE-MRI mammography data.The color encodes the dynamical behavior:bright voxels show a strong enhancement for an early period,
less intense voxels show less enhancement. A blue color indicates a continuous enhancement for a later period in time, and a green color
indicates a plateau in the TIC.Yellow and red colors indicate a rapid wash-out (Courtesy of Sven Kohle, Fraunhofer MEVIS Bremen).

FIGURE e16.25

and visualization of DCE-MRI mammography data. The approach combines brushing and linking interaction
with effective visualization of the selected suspicious areas. The concept of importance driven volume rendering
[Viola et al., 2005] was used to show the suspicious region.
For the computation of the time-intensity curves, the pre-contrast scan (t0 ) is subtracted from all postcontrast scans (ti ).This step emphasizes the gradient in the temporal dimension of the analyzed curve and
highlights suspicious areas. An enhancement scatterplot (see Fig. e16.26, left) is calculated. It shows the
relative enhancement of the pre-contrast step with respect to the post-contrast step ti . In the interaction
step, brushing is performed on one of the scatterplots, while the selected set is emphasized on all remaining

% Enhancement (t1-t0)

400

60
0
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Intensity

500

Enhancement scatterplot with a selected region for time step t1 (left) and importance-driven volume rendering of
areas defined by brushing on a set of enhancement scatterplots (right) (Courtesy of Ernesto Coto, Central University ofVenezuela).

FIGURE e16.26
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scatterplots. If the brushing is performed on multiple scatterplots, the result of the selection is calculated
by a logical “and” operation. The selection set and the way of interaction with the scatterplots depends
on the specific application. The result of the interaction can be displayed in a 2D view by highlighting the
selected areas, or in a 3D view with importance driven volume rendering (see Fig. e16.26, right).
16.7.3 V I S U A L A N A LY S I S O F D C E - M R I M A M M O G R A P H Y D A T A

Visual analytics methods (recall § 16.5) to understand perfusion data are quite complex and currently
not suitable for routine diagnosis. They may, however, be clearly useful for medical research in disease
understanding and in improving imaging techniques. In the following, we describe the application of
visual analytics techniques to a larger series of breast tumor datasets. These techniques are later employed
to assess the heterogeneity of breast tumors, a parameter that is derived from the enhancement kinetics and
turns out to be more specific than any established perfusion parameter [Preim et al., 2012].
A visual analysis approach is useful to support the subjective and error-prone ROI placement as a
prerequisite for TIC visualization. To quantify the relative enhancement (RE) of a tumor, the percentaged
signal intensity increase is calculated. S I is the pre-contrast and S Ic is the post-contrast signal intensity.
The RE can be plotted over time, yielding RE curves, which can be classified in
•
•
•

slow enhancement (less than 50%),
normal enhancement (between 50 and 100%), and
fast enhancement (more than 100%)

after CA arrival. According to the behavior in later stages (see Fig. e16.27), it can be classified in:
•
•
•

steady curves (continuously increasing signal intensity in the post-contrast phase, at least 10%),
plateau curves (signal intensity change in the interval between −10 and +10%), and
wash-out (descending signal intensity by at least 10%)

Since any of the three types of initial contrast shape may occur along with any of the three types
of late post-contrast shape, nine classes of curves exist. We later use this classification to discuss the
heterogeneity of tumors. A wash-out curve indicates malignancy. This kind of analysis is based on data

Classification of the relative enhancement (RE) curve shape based on the 3 TP method. Each curve is classified
based on the CA accumulation between t1 and t2 (slow, normal and fast) and the curve shape between t2 and t3 (steady, plateau and
wash-out) yielding nine different classes.

FIGURE e16.27
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available immediately before the contrast agent arrives t1 , 2 minutes and 6 minutes after CA arrival (t2
and t3 ). Thus, it is inspired by the 3 TP method [Degani et al., 1997]. Please note that the curves depicted
in Figure e16.27 are idealized—in practice any kind of mixture of these curves occurs.

Glyph Display In § 16.4.2 we briefly explained the potential of glyphs to represent the multidimensional
space of perfusion parameters. This general concept has been refined for tumor diagnosis [Glaßer et al.,
2010b]. For each voxel, the curve shape is analyzed with respect to the relative enhancement and the
curve type. This information is mapped to color and texture according to the scheme in Figure e16.28.
In Figure e16.29 these glyphs are employed to display voxels of a benign and a malignant tumor. Note
that the blue voxels (low enhancement) are border voxels and likely represent portions where tumor
and surrounding tissue are averaged (partial volume effect). With this mapping strategy, the curve shape
may be directly inferred from each glyph. This type of visualization is not familiar to radiologists, but it
supports the analysis of tumors with borderline enhancement characteristics, e.g., a rather slow to normal
early enhancement followed by a wash-out.
Semi-automatic Region Selection Region selection for TIC analysis is a necessary and error-prone step of
the analysis. Because of the heterogeneity of breast tumors, there is a considerable high inter- and intraobserver variability. To overcome subjectiveness, whole lesion analysis is recommended [Preim et al.,
2012]. According to recommendations of the American College of Radiology (ACR) regions should not
be too small (at least three voxels) to compensate for noise [Kuhl, 2007]. If voxels with inhomogeneous
contrast agent kinetics are summarized, the averaged TIC is misleading. Some authors suggest to display
the standard deviation at each time step to convey at least the amount of inhomogeneity. However, it
would be more appropriate to determine regions automatically. Glaßer et al. [2010b] suggest a rather
simple, yet effective method and summarize voxels based on a four component feature vector comprising
perfusion parameters. A Pearsson correlation of at least 99% was considered as similarity criterion for
merging voxels. Figure e16.30 shows the decomposition and the related TICs.

The color of the glyph indicates the relative enhancement with red for (suspicious) high enhancement.The pattern
represents whether the curve is steadily increasing (type 1), has a plateau shape (type 2) or wash-out-characteristics (type 3)
(Courtesy of Sylvia Glaßer, University of Magdeburg. See also [Glaßer et al., 2010b]).

FIGURE e16.28
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FIGURE e16.29 Glyphs for a voxel-wise mapping of the RE curve shape in the intermediate and late post-contrast phase for each
voxel. Left: A small benign tumor with high RE values (red colors) and mostly steady curves (see brighter centers of glyphs) is
depicted. Since breast tumors are heterogeneous, there are also voxels with wash-out-curves (see top row of color-coded voxels). Right:
A representative slice of a small malignant tumor is shown. The area in the center is characterized by a strong wash-in (red colors)
and wash-out (glyphs with dark centers) (Courtesy of Sylvia Glaßer, University of Magdeburg).

Analysis of regions with similarly perfused voxels. Left: Computed regions in adjacent slices. Right: The RE curve
diagram of the 10 biggest regions is shown along with the percentaged size and the curve class. The curve representing the average
enhancement of the entire tumor is shown in gray. The most suspicious regions R1 , R2 and R10 exhibit curves that are classified as
wash-out curve (recall Fig. e16.27) (Courtesy of Sylvia Glaßer, University of Magdeburg).

FIGURE e16.30

16.7.4 A S S E S S I N G H E T E R O G E N E I T Y O F B R E A S T T U M O R S

Since the discrimination of benign and malignant breast tumors in DCE-MRI by means of perfusion
parameters is still not very reliable, several authors have explored whether the heterogeneity of such tumors
is a better diagnostic criterion [Karahaliou et al., 2010, Preim et al., 2012].This is motivated by the fact that
malignant cancer with necrotic parts and parts where neoangiogenesis occurs are rather inhomogeneous.
This raises the question how heterogeneity may be quantified. The analysis of Karahaliou et al. [2010]
was based on a selected slice and heterogeneity was assessed on the basis of three perfusion parameters.
Preim et al. [2012] analyzed whole lesions and combined five perfusion parameters. A rather simple
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criterion is the number of regions in which a tumor is decomposed by applying a homogeneity criterion.
This simple criterion does not account for the size of tumors (larger tumors are probably decomposed in
more regions) and for the degree of variability between the regions.
Despite these limitations, Preim et al. [2012] could show that a higher number of regions indeed occurs
significantly more often in malignant tumors than in benign ones. In a study with 68 small enhancing
lesions from 50 patients, the 37 malignant lesions had on average 17 regions (determined with the method
described in [Glaßer et al., 2010b]), whereas the 31 benign lesions had eight regions. Benign and malignant
lesions had no significant difference in size and patient age was very similar—thus, the comparison seems
to be unbiased. Another significant result of their study was that malignant tumors had more different
classes of relative enhancement curves (from the nine possible classes (recall Fig. e16.27) 6.2 occurred in
malignant lesions and 5.3 in benign lesions.The ground truth for this study was a histopathological report
that was available for 60 lesions and a longer follow-up that ensured a benign diagnosis in eight cases.The
pathologists’ report is rather reliable, however, it is of course also not correct in 100% of all cases. In particular in a tumor with mixed benign and malignant portions one biopsy of a small part may be misleading.

Discussion The sensitivity and specificity of the heterogeneity criterion is still rather low. The selection
of small enhancing lesions with unclear findings in X-ray or ultrasound is very hard to diagnose reliably
without biopsy (therefore 60 biopsies were taken). The region decomposition may reliably detect the
most suspicious tumor regions—an information that is essential for biopsy planning.
The heterogeneity analysis described above was based on data where motion correction was performed
with the method by Rueckert et al. [1999]. Better results might be possible with the refined motion
correction developed by Schäfer et al. [2011] (recall § 16.7.1).
The study of [Preim et al., 2012] is mentioned as an example for the use of visual analytics for medical
research on perfusion data. Medical research usually involves larger series of patient data and a lot of statistics (only a few key results are mentioned here).A streamlined analysis of the data and a careful management
of all relevant results is essential in addition to visual exploration techniques to enable such research.There
are many more research questions around perfusion data and their use for specific diagnostic questions.
16.8
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Cardiac perfusion data are acquired to detect and characterize the coronary heart disease (CHD). We have
already dealt with this disease in § 11.7.2, where we discussed how volume rendering contributes to the
assessment of calcified or vulnerable soft plaques. Perfusion imaging may add to this diagnosis, e.g., by
detecting the disease at an earlier stage based on its effect on microcirculation. CHD is characterized by
a perfusion deficit caused by stenosis in one of the major supplying arteries. Perfusion imaging helps to
assess whether or not a stenosis is hemodynamically relevant—that is, whether blood supply of the myocardium
is affected. Similar to ischemic stroke diagnosis CHD is treated with revascularization therapies, such as
bypass surgery or percutaneous intervention.
16.8.1 M E D I C A L I M A G I N G A N D P R E P R O C E S S I N G

Perfusion imaging in the heart is performed with nuclear medicine techniques (PET and SPECT) but
increasingly more with MRI. PET is very specific in assessing the state of heart tissue, but it is expensive
and the availability is limited. MR perfusion imaging is often part of a comprehensive MRI study that
investigates various effects characterizing the myocardium in a non-invasive radiation-free manner. In the
following, we focus on MRI perfusion, which is the recommended imaging modality of the American
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Heart Association (AHA) and the American College of Cardiology for assessing hypoperfused tissue of the
myocardium [Oeltze, 2010].

Rest and Stress Perfusion To investigate the perfusion of the myocardium, perfusion data is often acquired
at rest and stress that is either induced by a pharmaceutical drug, e.g., adenosine or physical exercise.
Stress leads to a higher demand of oxygen and as a consequence to vasodilation, a process that enables
the coronary vessels to transport more blood. Thus, the coronary flow reserve is defined as the ability of the
coronary arteries to increase blood flow under stress by vessel dilation.With perfusion imaging in rest and
stress state the severity of CHD can be reliably assessed. Imaging is ECG-triggered to ensure that imaging
is always at the same point in the heart cycle. Various techniques, including breath hold maneuvers, are
employed to reduce the effects of respiratory motion. Similar to cerebral perfusion imaging, the analysis
is usually restricted to the first pass. First pass cardiac MRI perfusion was introduced by Atkinson et al.
[1990] and has since then become an established technique [Gerber et al., 2008]. Typically, three to six
slices are acquired.Thus, in contrast to cerebral and tumor perfusion, 3D visualizations are of limited value
due to the low number of slices. The slices do not cover a myocardium region completely. Instead, there
are gaps of approximately 1 cm (see Fig. e16.31). The in-plane resolution is approximately 2 mm with a
matrix of 128 × 128 or 256 × 256. Data are acquired at end diastole over a sequence of 30–60 seconds.
To acquire rest and stress perfusion data such that both may be compared is technically challenging,
since the heartbeat is strongly accelerated under stress. Thus, the timing of ECG-triggered acquisition is
different. Sophisticated registration techniques have been developed to establish a correspondence between
the slices in rest and stress perfusion data [Hennemuth et al., 2008].
Preprocessing Noise reduction in cardiac MR perfusion data is often performed with anisotropic diffusion
filtering [Oeltze, 2010]. Fitting the gamma variate or a Fermi function are also employed to compute
perfusion parameters in a robust manner [Gerber et al., 2008]. Segmentation is often employed to restrict
the analysis of perfusion to the myocardium (Fig. e16.31). Segmentation also enables to characterize the
location and extent of perfusion deficits.
Motion correction is essential due to the severe respiratory motion effects. A combination of rigid and
elastic registration employing mutual information as the similarity metric, and a gradient descent method
for optimization [Rueckert et al., 1999] works reasonably well for most datasets [Oeltze et al., 2006].
For parameter computation, the user applies the motion-corrected perfusion dataset and selects a ROI in

FIGURE e16.31 Four thick slices with considerable gaps between are acquired to study perfusion. The slices are shown along with
a volume rendering of CT data (From: [Hennemuth, 2012]).
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healthy myocardial tissue. Utilizing these data, the parameters are calculated for each voxel of the dataset.
Since the diagnostic questions mostly relate to the myocardium of the left ventricle, the visualization of
perfusion parameters is restricted to this structure.

Myocardial Segments The myocardium of the left ventricle is often divided into the 17 segments according
to the recommendations of the AHA (recall Fig. e16.4, page e24). The 17 segments are defined based on
four short axis slices and serve to communicate diagnostic results in a standardized manner. The location
of these slices is selected such that the basal, mid-cavity, and apical part of the myocardium is represented.
Besides perfusion information, also functional information on wall thickness and wall thickness changes
are described by means of that model. The Bull’s eye plot is a prominent example of a map-like display in
medical visualization (recall Chap. e14). The number of segments (17) is a trade-off. On the one hand,
the number is low enough to give a good overview on myocardial tissue state. On the other hand, the
number is not too low to lose most interesting information due to averaging.
16.8.2 M U L T I P A R A M E T E R V I S U A L I Z A T I O N S F O R C A R D I A C P E R F U S I O N
A N A LY S I S

In cardiac perfusion imaging, similar to the other application areas, descriptive and quantitative perfusion
parameters are employed. Quantitative perfusion analysis requires again the normalization with the arterial
input function that is derived from a blood pool region. The parameters PE,TTP, Up-Slope, and MTT have
been evaluated as especially meaningful [Al-Saadi et al., 2000]. In addition, the parameter MPRI (myocardial
perfusion reserve index) is exploited to assess combined rest and stress perfusion. The MPRI characterizes the
coronary flow reserve as the ratio between the Up-Slope at rest and under stress and thus facilitates a more
reliable detection of ischemic areas. In healthy persons, the coronary flow is increased three to six times
to normal flow, whereas in patients with a severe CHD it is often only about 1.5 times increased.
Multiparameter visualizations (recall § 16.4.2) are potentially useful for evaluating cardiac perfusion
data (see Fig. e16.32). Among the useful multiparameter techniques are animated movements that show
signal intensity changes over time averaged for the AHA segments. Breeuwer [2002] introduced the
Perfusogram that is based on such animations.

Refined Bull’s-eye Plot for Rest/Stress Comparison In a rest/stress comparison, (multi)parameter visualizations
may be displayed side-by-side to identify areas where perfusion defects first appear or become worse with
stress. In order to simplify a mental integration of rest and stress perfusion in one area, a refined Bull’s
eye plot (BEP) was introduced in [Oeltze et al., 2006]. Each segment ring is bisected, thus, duplicating the
number of segments.The resulting outer and inner rings represent the stress and the rest state, respectively
(Fig. e16.33). This circular bisection ensures that neighboring segments in the plot are adjacent in the
myocardium as well. Compared to the BEP from Oeltze et al. [2006], the segments are visually separated
by means of a gap for better recognizability.The refined plot may also be used for comparing two different
perfusion parameters.
The diagnosis of CHD benefits from a link to morphologic image data, in particular MR angiography
data. Oeltze et al. [2006] provided a link between the Bull’s-eye plot and the 3D view of the coronaries
and picking facilities for both. A segment of the plot exhibiting a suspicious parameter value may be
selected by pointing—resulting in an animated emphasis of the corresponding vessel branch in the 3D
view (Fig. e16.34) and vice versa emphasizing the supplied segments.
In this section, we could only touch cardiac perfusion and its clinical application that involves a careful
integration of perfusion data with other MR imaging modalities. For more information, we refer to
[Hennemuth et al., 2008, Oeltze, 2010,Termeer et al., 2008,Termeer, 2009]. In particular, we recommend
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FIGURE e16.32 Parameter “Up-slope” is displayed for the myocardium in the context of an original slice. Parameter “integral” is
projected through a user-defined lens. Dark inferior and septal regions indicate a perfusion defect (From: [Oeltze, 2010]).

Integrated visualization of the parameter PE for the rest and stress state in a refined Bull’s-eye plot. An ischemic
area is revealed in each slice (ring) from anterior to inferoseptal along the septum. Dark regions mark a diminished perfusion. Apically,
the perfusion defect may remain unnoticed if perfusion is only examined at rest. Segment 17 is missing,since no slice has been acquired
at the apex (Courtesy of Steffen Oeltze, University of Magdeburg).

FIGURE e16.33

the recent PhD thesis [Hennemuth, 2012], where the underlying image analysis problems are carefully
analyzed and a number of new techniques were presented.
16.9

F U R T H E R A P P L I C AT I O N A R E A S

Perfusion analysis bears a great potential in other diagnostic tasks as well. It has been shown that lung
perfusion [Nikolaou et al., 2004] enhances selected diagnostic processes, such as detecting disorders of
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FIGURE e16.34 Anatomy and myocardial perfusion of a patient suffering from atherosclerosis of the RCA and the LAD. Upper
left: Apical slice of the original perfusion dataset and the AHA-based segmentation of the myocardium overlaid. Upper right: Apical
slice of the parameter volume computed for Up-Slope. Middle left: Selection of two segments in the Bull’s-eye plot, which color-codes
the parameter Up-Slope. Segment 17 is missing since no slice has been acquired at the apex itself. Lower left:Time-intensity curves
corresponding to the selected segments. Lower Right: Coronary branch (RCA) supplying the selected segments. The animated focusing
is illustrated by a semi-transparent overlay of a previous point in time (Courtesy of Steffen Oeltze, University of Magdeburg).

pulmonary vessels and acute pulmonary embolism. Also for the diagnosis and treatment monitoring of
asthma and the chronic obstructive pulmonary disease (COPD), perfusion imaging may play an essential
role [Kohlmann et al., 2011], in particular to reliably discriminate these two diseases. In the following, we
briefly discuss two application areas that gained a lot of attention in recent years: prostate cancer diagnosis
and renal perfusion studies.
16.9.1 P R O S T A T E C A N C E R D I A G N O S I S

Similar to the prevalence of breast cancer in women, prostate cancer is the most common cancer in men
and the second leading cause of cancer death in men [Franiel et al., 2011]. MR imaging plays an essential
role in diagnosis, tumor staging, and treatment planning. Prostate cancer is shown as low intensity signal
in T2-weighted images. However, the low signal intensity is not specific to cancer. Other pathologies,
such as prostatitis and fibrosis, lead to a similar intensity. Thus, a variety of functional MRI techniques are
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increasingly used to yield a more specific diagnosis. Among them is DCE-MRI. Similar to breast cancer,
also prostate cancer exhibits early and strong enhancement [Franiel et al., 2011]. The analysis of DCE-MRI
with pharmacokinetic models was suggested and applied by several groups to enhance the diagnosis and
reduce the need for biopsies.
Moreover, color-coding of pharmacokinetic parameters in a high spatial resolution supports tumor staging
that involves the determination of infiltrated structures. Staging is an essential diagnostic procedure with
direct consequences for the treatment, e.g., whether or not surgical removal is recommended. Among
other applications where perfusion imaging was proven to improve the results is the detection of recurrent
prostate cancer. A reliable detection of recurrent prostate cancer is essential: if patients are unnecessarily
warned that cancer might have recurred this causes severe psychological problems. On the other hand, if
cancer recurred indeed, immediate treatment is typically required. The diagnostic task is difficult, since
radiation treatment of the initial cancer leads to signal changes in conventional MR that are similar to
cancer.The sensitivity of diagnosis could be strongly increased from 38% to 72% (with a similar specificity)
with DCE-MRI data. Finally, perfusion data also contributes to an assessment of tumor aggressiveness, a
crucial parameter to avoid overly aggressive treatment with severe side effects [Franiel et al., 2009]. Franiel
et al., [2011] give a comprehensive survey on prostate cancer diagnosis and treatment with DCE-MRI citing
100 studies. So far, in all these studies only simple pharmacokinetic models and only basic visualization
techniques were employed.
16.9.2 R E N A L P E R F U S I O N S T U D I E S

Renal perfusion is essential to assess renal vascular diseases that is characterized by a loss of microvessels
and may eventually lead to kidney failure. Reduced renal perfusion may be treated with drugs that induce
neoangiogenesis. Besides renal perfusion, the glomerular filtration rate is an essential property of renal function
that may be assessed with DCE-MRI renography. Due to its high spatial and temporal resolution DCE-MRI
challenges nuclear medicine renography—the old gold standard of renal perfusion assessment [Zikic et al.,
2008]. Renal perfusion is assessed in two compartments of the kidney: in the renal cortex and the renal medulla.
These compartments may be separated based on the properties of the related TICs (see Fig. e16.35).
Many aspects of data acquisition and data processing are similar to the applications we discussed
before. A typical spatial resolution of DCE-MRI data is 3 × 3 mm in plane and 7 mm slice distance; the
temporal resolution is 2.5 seconds with an acquisition time of at least 5 minutes [Cutajar et al., 2010].
Medical research is focused on the effect of contrast agent administration and other scanning parameters.
Gadolinium (Gd)-DPTA is employed in various concentrations. The acquisition takes several minutes and
due to the location of the kidney strong motions are involved. Different acquisition and image processing
techniques were explored to reduce motion artifacts, e.g., respiratory gating. Motion correction with
registration is challenging due to the amount of motion and the strong changes of the image intensity
due to the contrast bolus.Thus, without any constraints related to the kidney shape, a deformable non-rigid
registration would lead to strong and anatomically implausible changes of the kidney shape.
Zikic et al. [2008] thus introduced a rigid registration scheme based on the observation that primarily
translational movement in the coronary slices occurs. The user input is reduced to the selection of one
coronary slice and a sketch of the kidney in that slice. As a quality measure, they consider that highfrequency changes in the perfusion are strongly reduced and in general smoother curves result. Song et al.
[2006] solved a combined registration-segmentation problem where both processes are intertwined. To
characterize renal perfusion quantitatively, again the arterial input function (AIF) is defined by placing a
ROI in a large feeding artery and the specific position and extent of that ROI has a strong influence on
the derived renal blood flow [Cutajar et al., 2010] leading to research that automatizes ROI placement. Finally,
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The lower image depicts all TICs of a renal perfusion study. Gradient sum brushes are employed to select regions
with similar perfusion characteristics. In the top left image, the renal cortex is shown based on the selection with left brush. The right
image shows the renal medulla where contrast enhancement occurs later (Courtesy of Steffen Oeltze, University of Magdeburg).

FIGURE e16.35

compartment models play an essential role in evaluating renal perfusion. A modified renal Tofts model is
employed, for example by Cutajar et al. [2010]. Major perfusion parameters are MTT,TTP, PE, and Up-Slope
[Michaely et al., 2006]. Current research also focuses on arterial spin labeling (ASL), an MR acquisition
technique to study perfusion without any contrast agent. Winter et al. [2011] and Wu et al. [2011a], for
example, compare perfusion measures derived from ASL and DCE-MRI and found a good correspondence.
16.10

CONCLUDING REMARKS

Perfusion data have a great potential for diagnosis and treatment monitoring for a couple of severe and
widespread diseases, such as coronary heart disease, various types of cancer and cerebral ischemic stroke.
Perfusion data are analyzed by inspecting the original time-dependent data and by deriving perfusion
parameters that have no dynamic character. Perfusion parameters characterize the shape of signal intensity
change or, after normalization and other transformations, quantitative aspects, such as regional blood
flow or regional blood volume. So far, the potential of perfusion imaging has not been fully realized, since
image acquisition is insufficiently standardized.
We presented general techniques for analyzing and exploring perfusion data. Many aspects of the
exploration of perfusion data are relevant for other dynamic medical volume data. As an example, the
analysis of dSPECT (dynamic Single Photon Emission Computed Tomography) data is also based on the
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selection of regions and the investigation of curves depicting changes over time in these regions [Pohle
et al., 2004]. The analysis of functional MRI data also involves the analysis of time series [Friston et al.,
1995]. The concept of Profile Flags, which enable an integrated view of the time-intensity curves and
the underlying dynamic image data, is also a general approach for exploring dynamic medical image
data [Mlejnek et al., 2006]. Glyph-based visualizations enable the simultaneous display of a couple of
perfusion parameters. They are promising because of their large design space. However, users may easily
be overwhelmed by either too complex glyph mappings or a too dense display of glyphs. We tried to
provide guidance on how intuitive glyphs for perfusion data may be derived.

Outlook In the future, it might be expected that the acquisition of perfusion parameters will be better
standardized, which is an urgent need of radiologists.The analysis of perfusion data will also benefit from
research in contrast agent development.The analysis of perfusion data remains an active research topic.The
integration of advanced clustering techniques and more elaborate techniques for assessing heterogeneity
may help to streamline diagnostic procedures and make them more reproducible. Finally, in-depth user
studies are essential to further advance perfusion diagnosis.

FURTHER READING
We have not discussed the rather new imaging modality of contrast-enhanced ultrasound perfusion. An
inspiring paper on how these and related image data may be analyzed is [Angelelli et al., 2011]. Their key
idea is to employ statistical analysis in local neighborhoods instead of an analysis of the whole dataset.
A particularly challenging motion correction problem relates to cardiac perfusion data, since complex
movements occur and the target anatomy changes their shape due to the heart beat at the same time. The
latter movement may not be corrected by motion compensation. Instead, a model of the heart movement
needs to be incorporated. For a review on cardiac perfusion, we recommend [Gupta et al., 2012]. Wintermark et al. [2005] give an overview on seven brain perfusion imaging techniques, including CT and MRI.
We discussed pharmacokinetic modeling to analyze perfusion data. Similar modeling problems occur
in other types of dynamic medical image data, such as PET. The general problem of fitting model curves
and estimating parameters in treated in Feng et al. [1996].
We could give only a brief overview of segmentation in perfusion data. Many more specific methods
have been developed. In particular texture analysis is frequently employed to segment structures [Gon and
Brady, 2008,Woods et al. 2007]. For breast cancer diagnosis, it is promising to combine the morphologic
analysis of the shape of a lesion with the dynamic analysis of enhancement kinetics. A first attempt in this
direction is described in Glaßer et al. [2011].

