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ABSTRACT 

 

Development of a Virtual Scientific Visualization Environment for the Analysis 
of Complex Flows 

 

Ali Etebari 

 

 
This project offers a multidisciplinary approach towards the acquisition, analysis and 

visualization of experimental data that pertain to cardiovascular applications.  First and foremost, the 

capabilities of our Time-Resolved Digital Particle Image Velocimetry (TRDPIV) system were 

improved, allowing near-wall wall TRDPIV on compliant, dynamically moving boundaries.  As a 

result, false flow-field vectors due to reflections from the boundary walls were eliminated, and allowing 

measurement of wall shear stress, wall shear rate, and oscillating shear index within as little as fifty 

microns of the boundary.  Similar in-vitro measurements have not been reported to date by any other 

group.  Second, an immersive, virtual environment (VE) was developed for the investigation and 

analysis of vortical, spatio-temporally developing flows with complex fluid-structure interactions.  This 

VE was used to study flows in the cardiovascular system, particularly for flow through mechanical 

heart valves and inside the heart left ventricle (LV).  The simulation provides three-dimensional (3-D) 

visualization of in-vitro heart flow mechanics, allowing global, volumetric flow analysis, and a useful 

environment for comparison with in-vivo MRI velocimetry data.  3-D glyphs (symbols representing 

informational parameters) are used to visually represent the flow parameters in the form of an ellipse 

attached to a cone, where the ellipse represents a second-order Reynolds stress tensor, and the cone 

represents the velocity magnitude and direction at a particular point in space, and the color 

corresponds to an out-of-plane vorticity.  This new system has a major advantage over conventional 2-

D systems in that it successfully doubles the number of visualized parameters, and allows for 

visualization of a time-dependent series of flow data in the Virginia Tech CAVETM immersive VE.  

The user controls his/her viewpoint, and can thus navigate through the simulation and view the flow 

field from any perspective in the immersive VE. 

                                                 
TM CAVE is a trademark name of the Universtity of Illinois 



Finally, an edge detection algorithm was developed to determine the inner and outer 

myocardial boundaries, and from this information calculate the local thickness distribution of the 

myocardium and a myocardial area approximation.  This information is important in validating our in-

vitro system, and is integral to the evaluation and diagnosis of congestive heart disease and its 

progression. 
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C h a p t e r  1  

1 HIGH SPATIO-TEMPORAL RESOLUTION DIGITAL PARTICLE IMAGE 
VELOCIMETRY NEAR COMPLIANT, DYNAMICALLY MOVING 

BOUNDARIES 

1.1 Motivation 

The human cardiovascular system is a complex network of branching pipes with 

oscillatory flow, characterized by highly variant flow profiles and wall shear stresses.  This flow 

behavior is critical to the maintenance of cardiovascular health, as abnormal flow conditions can 

trigger such biological reactions as platelet aggregation and red blood cell damage, ultimately 

leading to thrombosis or vessel stenosis.  These reactions tend to occur in regions of the flow 

where the wall shear stress exceeds the physiological range for healthy vessels, as well as regions 

where the shear stress is oscillating in direction.  In order to correlate flow patterns with damage to 

the cardiovascular system, wall shear stress (WSS), wall shear rate (WSR), and oscillatory shear 

index (OSI) have been utilized as possible indicators of stenosis and atherosclerosis by identifying 

possible damage to endothelial cells (Wooton, 1999).  Thus, accurate measurements of these 

quantities on the vessel walls are critical to the successfulness of the experiment.  However, such 

in-vitro measurements on compliant, dynamically moving boundaries have not been demonstrated 

yet to date, primarily due to reflections from the silicon walls of the in-vitro models and to the 

motion of the boundaries.  Lack of such data has been a major limitation to the improvement of 

our understanding of cardiovascular hemodynamics (Browne, 2000).  By overcoming this obstacle, 

in-vitro testing could be validated by in-vivo measurements, and used to study the mechanisms by 

which the flow induces changes in WSS, WSR, and OSI without the need for extensive, invasive, 

and expensive in-vivo testing.  These results are integral to the design of new implants, including 

stents and mechanical heart valves. 

 

Thus, there is a need to measure flow accurately within microns of the wall in DPIV in-

vitro studies of cardiovascular flow.  Distortion from the walls causes the cross-correlation to 
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detect false vectors due to movement of walls, so a method was developed for automatically 

removing the boundaries and defining a region of interest in which the cross-correlation is 

performed. 

 
 
1.2 Background and Significance 

  

DPIV currently represents the state of the art for non-invasive global flow velocity 

measurements. The instantaneous velocities are determined by cross-correlating patterns of 

particles between consecutive images, thus mapping in space and time the velocity distribution for 

thousands of points in the flow field simultaneously. 

  

Despite the fact that DPIV has been employed on a wide variety of cardiovascular flow 

studies, velocity measurements near compliant walls and subsequently derived quantities such as 

the wall shear stress (WSS) and vorticity are difficult to measure. Compliant walls are defined as 

boundaries that change dynamically according to the internal pressure within the flow. Although 

the in-vitro models commonly used are transparent, their walls often scatter light from the laser 

sheet, resulting in high intensity regions within the images that significantly compromise the signal 

quality. This optical effect is of importance when studying rigid, non-compliant models as well, 

because the cross-correlation measures changes in the particle patterns between frames.  Thus, the 

bright bands of light from the walls bias on the flow velocities towards a value of zero because the 

walls do not move. For compliant walls, however, the reflected light from the walls creates moving 

bands of intensity in the acquired images. The cross-correlation then realizes the movement of the 

walls, and generates false flow field vectors corresponding to this motion, which introduces a large 

error on the flow velocities near the walls. As a result, DPIV has been regarded as an unfavorable 

method for studying systems with compliant boundaries, particularly when importance is placed 

upon near-wall flow, as is the case in hemodynamic studies measuring wall shear stress in vessels.  

In addition, it has been considered insufficient for turbulence measurements (Yoganathan, 2000). 

A state of the art DPIV system was developed and is presented here that provides high spatio-

temporal resolution, sufficient to dynamically resolve turbulent and near-wall flows in 

cardiovascular applications. 
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1.3 Methodology 

1.3.1 Digital Particle Image Velocimetry 

 

Time-Resolved Digital Particle Image Velocimetry (TRDPIV) is a non-intrusive state of 

the art global flow measurement technique that has been developed over the past ten years. A 

major advantage of TRDPIV over preexisting methods is the ability to provide global spatio-

temporal description of three-dimensional (3-D) flow patterns with high spatial and frequency 

resolution.  This facet allows an improved analysis of the turbulent characteristics of the flow.  

However, the data analysis process is limited by current visualization methods that are generally 

capable of only 2-D representations. 

 

DPIV provides instantaneous plane velocity measurements of the flow field. Detailed 

description of the principles of the method can be found in Willert and Gharib (1991), Westerweel 

(1993). The system used is based on a 55-Watt pulsing laser that illuminates the area of interest. 

The flow is seeded with neutrally buoyant fluorescent particles, which serve as flow tracers. A very 

fast CMOS video camera is synchronized with the laser to capture with up to 1000 frames/sec and 

512x512 pixel resolution the instantaneous positions of the particles. The task of the velocity 

evaluation is carried out using conventional cross-correlation between the particle image patterns 

of two consecutive frames. The interrogation window size was 16x16 pixel and 75% overlapping 

was used resulting in approximately 3,000 vectors. After removal of stray vectors and interpolation 

to generate a uniform Cartesian grid the overall accuracy of the method was estimate to be in the 

order of +/- 0.005m/s. A detailed description of the system is found in Vlachos (2000). For the 

present work data are acquired along a sequence of parallel planes to allow the reconstruction a 

volume of the flow field.  A schematic of our setup is shown in Figure 1. 
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Figure 1:  DPIV Setup  (Pierrakos, 2002) 

 
1.3.2 Application to Cardiovascular Flow 

 

The ESM Fluids Laboratory cardiovascular hemodynamics group has acquired extensive 

DPIV data from in-vitro experiments in various fields, including flow over bluff bodies, two-phase 

flows, and cardiovascular flows.  Of particular interest is the behavior of fluid flow through the left 

ventricle.  A heart machine was developed for the testing of mechanical and biological heart valves.  

The heart machine (Figure 2) uses a piston-driven chamber to generate physiological contractions 

of a synthetic ventricle. 
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Figure 2:  Heart Simulator Setup  (Pierrakos, 2002) 

 

 

1.3.3 Super-Resolution 

  

A major strength of our system is the integration of equipment and software algorithms 

that allow us to perform DPIV measurements near the walls with enhanced spatial and temporal 

resolution (super-resolution). In particular, the flow is resolved with up to 10KHz sampling rate, 

and with space resolution as low a 50 microns, resulting in more than 15,000 vectors measured 

within an area of less than 500 microns, which is comparable to an LDV probe volume size. A 

Vision Research Phantom-IV CMOS (Complementary Metal Oxide Semiconductor) camera was 

used. CMOS technology eliminates the blooming effect, allowing accurate imaging of the particles 

present in the flow, even within one or two pixels of the boundary of the model, because the high 

intensity light scattered from the boundary does not saturate the neighborhood pixels.  In addition, 

our software uses a dynamically adaptive cross-correlation (Westerweel, 1997), continuously 
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reducing the window size down to the smallest possible scale, giving maximum resolution 

throughout the flow independently from the velocity dynamic range. 

 
 
1.3.4 Application to Left-Ventricle DPIV Images 

  

Prior research has applied the DPIV system to in-vitro fluid dynamics research, studying 

flows in various applications, including bluff bodies, cardiovascular hemodynamics, and spray 

dynamics.  Cardiovascular flow has composed a major portion of our recent efforts, as DPIV data 

has been acquired through mechanical heart valves (MHV), compliant vessels with various 

implanted stents, and flow through the carotid bifurcation.  Of particular interest is the flow near 

the walls, as these areas have been linked to sites of anastamosis and stenosis (Lorthois, 2000). 

The purpose of this work entailed automatically defining a region of interest (ROI) on 

which to perform the cross-correlation such that we can use our super-resolution cross-correlation 

algorithm to determine the flow velocity as close as a single pixel from the walls without the 

boundary motion induced bias error. It is clear from Figure 3, which shows an unprocessed image 

of our in-vitro left ventricle model, that light scattered by the walls causes bright bands of intensity 

in the images.  This model was used throughout this effort to develop our methods, as it 

demonstrates a compliant system in which we are concerned with near-wall flow. 

In order to eliminate this error, an algorithm was developed to determine, and then 

binarize, the ROI where the cross-correlation is employed. In determining the ROI, a three-by-

three window is centered about the pixel of interest located at the point (i,j).  The intensity integral 

over the window area is defined as the sum of the pixel intensities within the window: 

∑ ∑
−= −=

++=
1

1

1

1q
sum ),(II

p
qjpi , 

where I(i,j) is the intensity at pixel (i,j).  Next, an area threshold is defined for the intensity area 

integral: 

COEFF*I*9  j)I(i,*COEFF threshold max
Area
∫ == , 

where Imax is the maximum pixel intensity value and COEFF is a coefficient between 0 and 1.  The 

condition, for the algorithm that is denoted the ROI filter, is then: 
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if (Isum > threshold) 

If this statement is satisfied, the pixel is given the value Imax; otherwise its value is zeroed.  The 

region of interest that is selected is dependent upon the threshold, as higher thresholds will identify 

only regions containing clusters of high-intensity pixels.  A low threshold highlights regions 

containing at least a small amount of intensity within the 3x3 window, thus including both 

windows containing only a single particle, and areas of high intensity. Thus, the ROI filter 

condition replaces the pixel intensity information with the intensity area integral information.  By 

altering the threshold, the ROI filter extracts different areas, allowing it to behave as a dynamic 

adaptive threshold or low-pass filter. 

  

Three distinct regions are visible within the DPIV images (a) those regions containing 

intensity area integrals of zero or containing only very low-intensity noise (Figure 3(a)); (b) regions 

containing medium intensity integral information due to the presence of at least a single particle 

within the area of integration (Figure 3(b)); and (c) those areas containing high area integrals 

(Figure 3(c)).  As a result, by associating each pixel with its area integral information, it was 

possible to determine to which of the three regions it belongs. 
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Figure 3:  Pixel intensity regions 

 

The ROI filter originated as a method of identifying the pixels that lie within the bright 

bands.  Isolating the pixels that are well within the boundaries of the bright bands is almost a trivial 

task, because the intensity area integrals for these points are much higher than the integrals for all 

other areas.  The edges of the bright bands are more difficult to isolate, as they contain varying 

intensity integrals.  Thus, these minor false edges are treated separately.  First, the ROI filter is run 

for each pixel using an intermediate value of COEFF, highlighting the thick bright bands caused 

by the walls, as shown above (Figure 3(c)).  This new image is then subtracted from the original 

image (Figure 4(a)), resulting in Figure 4(b), and it is clear that there are still some minor bands that 

remain from the original image.  These thin lines still cause enough reflection to bias the near-wall 

flow velocities, so they too, must be removed. 

  

Removing the remaining lines is a far more difficult task, as they are not easily identifiable, 

at least while maintaining computational efficiency.  However, this task is bypassed by running the 

ROI filter again, this time with a very low value of COEFF, in order to highlight all regions with 
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area intensity integrals that contain reflected light from at least a single particle as shown in Figure 

3(b).  The newly highlighted region is close to the desired final ROI, but includes extraneous 

information, as the wall edges are still retained.  However, all thin lines can now be eliminated and 

the edges of the highlighted areas by running a triple pass of the ROI filter with a very high value 

of COEFF.  This pass of the filter will keep any regions that lie entirely within the highlighted area, 

as the intensity area integrals in these areas will be equal the ROI filter with a COEFF value of 1.  

Therefore, only the pixels with area integrals that are equal to the maximum value of the integral 

are retained.  All other pixels are zeroed, including those on the edges of the previously highlighted 

area, as well as those that make up lines or other thin features outside of the desired ROI.  Figure 

4(c) shows the result of the process for determining the ROI for the left ventricle model.  This 

image is then binarized and converted into a matrix that is used to determine whether or not the 

cross-correlation is performed on each pixel, thus generating an interrogation mesh.  The process 

is repeated for each frame in the data set, and for each pair of images used to calculate the flow 

vectors for a particular time-step the flow velocities are calculated in only the common regions of 

the ROI’s for the two consecutive images.  As a result, for the LV data set, there will be a certain 

set of points for which the post-processing will be conducted for the entire data set. 

  

For each point in the mesh, a first cross-correlation is performed, providing a first 

estimation of the actual velocity. The subsequent step reduces the interrogation window while 

employing a discrete window-offset (Willert, 1991). This last operation is repeated using smaller 

interrogation-windows, until a specified minimum window size is reached 
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                               (a)                                      (b)                                  (c) 

Figure 4:  (a) Original image; (b) image after edge subtraction; (c) binarized ROI 

 
 
1.4 Results 

  

Figures 5(a) and (b) show the results of the DPIV cross-correlation for an instantaneous 

frame of the left ventricle data, (a) showing the data without the ROI matrix, and (b) using the 

ROI matrix to eliminate all false vectors.  The result of this process is clear, as the true shape of 

the ventricle appears, and our experimental data shows close to zero velocity at the walls, 

approaching the no-slip condition (a close-up of the data at the walls is shown in Figure 6).  In 

addition, the false vectors that lie outside of the inner-ventricle are removed.  The result of this 

process is a significant improvement of our near-wall velocity calculations.  Having more accurate 

measurements of the instantaneous velocities at the wall, more reliable wall shear stresses 

calculations can be from these values. 
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Figure 5:  a) DPIV without ROI (left), (b) DPIV with ROI (right) 

 

   
(a)                                                  (b) 

Figure 6:  Near-edge close-up of (a) Figure 5(a) and (b) Figure 5(b) 
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In addition to improved velocity measurements near the boundaries, the accuracy of the 

various quantities that are calculated from the flow velocities were significantly improved, such as 

vorticity (rate of rotation) and Reynolds stress (explained in Chapter 2).  Figure 7 shows a 

comparison of the flows from Figure 5, with the vorticity values represented as color contours.  It 

is important to notice the significant differences in magnitude of vorticity near the ventricular 

walls, as in the boundary-removed case the vorticity values are an order of magnitude higher than 

in the non-removed case.  This result is more consistent with the anticipated result, as it is well 

established that the vorticity is generated on the walls and boundary layers. 

 

Figure 7:  Vorticity contours for Figure 5 

  

 



 

 13

The ROI process also reduces the computational time for the cross-correlation by a 

percentage equal to the ratio of the number of vectors within the binarized area to the number of 

original vectors, in the case of the left ventricle reducing our computational time by around 70%.  

 

These methods are currently being applied to similar in-vitro studies investigating the flow 

through bifurcating artery models.  The studies have produced physiologically realistic results, 

further validating our flow measurement results.  In addition, these results lead us to the 

conclusion that DPIV can be used to conduct wall shear stress research in-vitro, overcoming the 

limitations of in-vivo experiments, which can be highly invasive and costly.  These experiments 

can be performed with higher spatial and temporal resolution than any other global flow 

measurement system, with accurate measurements within 1 mm of the walls.  With the correct 

magnification, the proximity of these measurements to the wall can be reduced to as little as 50 

microns.  Such experiments have the potential to generate breakthrough results that can further 

the progress of cardiovascular research and the understanding of near-wall flow.  Figure 8 shows a 

set of wall shear stress results on a section of the bifurcation, with the measurements taken within 

384 microns of the wall.  The values calculated are consistent with physiological values, as well as 

with similar in-vitro studies. 
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Figure 8:  Wall shear stress distribution for bifurcation 
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CHAPTER 2 

2 SCIENTIFIC VISUALIZATION OF COMPLEX FLOWS 

 

2.1 Motivation 

 

The experimental investigation and analysis of complex vortical flows has always been a 

very tedious task. The level of complexity increases significantly in the case of spatio-temporally 

developing flows that involve the interaction of vortices with deformable walls and structures. 

These types of flows exist in the cardiovascular system, especially in the case of the flow through 

mechanical heart valves and inside the heart left ventricle (LV). The analysis of such complex 

systems requires a powerful and adaptive scientific visualization environment.  

 

Tools for visualizing velocities, flow field properties such as vorticity and helicity, 

instantaneous streamlines, unsteady streaklines, iso-surfaces, and volume slices, have been widely 

used in the past.  Quantitative flow visualization of the heart for evaluation of long-term 

performance of artificial heart valves is an important topic in blood flow engineering and heart 

biomechanics.  By combining the two systems, one can accurately determine the hemodynamic 

behavior of these valves, and improved designs can be developed. 

 

The purpose of this project is to integrate these tools with virtual reality (VR) and create an 

interface between experimental data from Digital Image Particle Velocimetry (DPIV) and 3-D 

virtual reality systems.  VR is proving to be an increasingly useful visualization tool in biomedical 

engineering as non-invasive measurement systems expand their capabilities.  For example, MRI 

scans can be turned into immersive 3-D representations that can give clinicians a major advantage 

over other methods of visualization.  By linking this technology with existing DPIV data, one 
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creates an accurate representation of the flow under investigation for heart valve performance 

evaluation and analysis. Advanced 3-D visualization of heart flow mechanics will give increasingly 

valuable insight into the fluid mechanics of mechanical heart valves, as well as possible modes of 

improvement.  Thus, it is the goal of this study to increase our capability of analyzing and 

interpreting complex three-dimensional flow fields by taking advantage of the potential of VR 

environments. 

 

2.2 Background 

2.2.1 Scientific Visualization  

 

The use of computer-based visualization in the representation of experimental data as well 

as output from numerical models are integral to our ability to gain insight into and make inferences 

to the physiological function of biomechanical systems.  Scientific visualization technologies are 

necessary when attempting to enhance the brain’s ability to recognize patterns and draw such 

inferences, as they capitalize upon the high-bandwidth channel of the human visual system.  

Although studies of three-dimensional gait and musculoskeletal function model have been 

explored in recent years, many of the resulting simulations have been unsuccessful in creating 

intuitively meaningful representations of human motions, forces, and torques, due to the inherent 

limitations of two-dimensional computer workstations in representing three-dimensional entities.  

In order to fully exploit the capabilities of the human visual system, a certain degree of realism is 

needed.  Accordingly, scientific visualization requires enhanced mediums whereby complex data 

sets and detailed three-dimensional models of gait and muscle function (Kepple, 1992; Delp, 1995) 

can be represented such that a more proper and complete analysis than is attainable on a desktop 

computer can be intuitively obtained. 

 

The purpose of scientific visualization is to physically represent a data set using visual 

tools, such as scaling quantities according to size, color, or shape, in order that the visual cortex of 

the user is stimulated and can therefore make a qualitative assessment of the occurrence, which 

can then be analyzed quantitatively in a particular region of interest.  This stimulation, however, is 
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reliant upon the quality of the simulation.  The human brain has the ability to recognize intricate 

patterns embedded within complex data sets, and responds most significantly to changes in visual 

information.  To accomplish this task, the visualization tool requires adequate rendering 

capabilities such that real-time, smooth data representation can be achieved.  Realistic simulation 

then allows for maximal user inference, based upon the natural ability of the brain to recognize 

patterns, as well as disturbances in patterns. 

 

It is more often than not these disturbances and changes in a data set that scientific 

visualization attempts to isolate by using the brain’s inherent ability to detect sudden changes.  

According to Kosslyn et al, “Brain cells are ‘difference detectors.’  What excites our neurons is not 

the absolute magnitude of a stimulus but its relative magnitude – that is, the difference between visual 

elements is what stands out.  Our attention is automatically drawn to the parts of a visual display 

that are different, and our minds reflexively assume that these most salient aspects of a display 

have special significance”  (Kosslyn, 1993).  Accordingly, when designing visualization software, 

the underlying feature that serves to optimize effectiveness is the manipulation of visual features 

such that relatively large or rapidly changing sections of the data set stand out. 

 

The use of virtual environments in scientific visualization has been identified as 

advantageous in solving engineering and science problems.  The usefulness of these systems is 

attributed to the value of the “natural interface between human and computer that will make much 

easier complicated manipulations of the data and in the opportunity to rely on the interplay of a 

combination of senses rather than a single or even dominant sense” (van Teylingen, 1997).  

Coupled with the ability to interact and immerse oneself within the simulation, this facet allows a 

problem to be approached with a user-controlled, systematic engineering analysis approach. 

 

Modern visualization technologies are adequate for most commonplace applications, as 

they are capable of clearly and realistically representing two or three parameters of a data set at one 

time, and scaling them according to their respective magnitudes.  For the most part, scientific 

visualization tools are developed unique to our data acquisition systems.  For example, if we wish 

to represent a particular flow within a system according to velocity at several points within the 

flow, we need only acquire position and velocity data.  The data can then be represented at each 
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point by a scaled arrow oriented along the direction of the velocity, with its size scaled to the 

appropriate length to represent its magnitude.  The simulation is then a clear, concise 

representation that can be run quite efficiently and effectively on a desktop computer. 

 

However, when looking at how other parameters affect the flow under consideration, the 

obvious trade-off is the addition of relevant information versus the effectiveness of the simulation.  

Accordingly, there is need for a method of incorporating multiple characteristics of a data set into 

a simulation.  The amount of information represented in a graphical simulation affects two major 

characteristics of the visualization tool.  First, incorporation of an entire data set requires 

computing technologies not currently available.  Second, the human visual system is only capable 

of comprehending, let alone registering, a limited number of visual stimuli at once.  Advancements 

in scientific visualization systems, processes, and technologies have been referred to as a solution 

to reducing the ever-growing gap between the number gathering/crunching capabilities of data 

acquisition systems and numerical simulations over the inability of the human physiology to evolve 

to accommodate the amount of represented parameters or results (Ellson, 1998). 

 

A common solution to the task of visualizing multiple elements of a data set such that 

highly correlated information can be conveyed appropriately is the use of symbols.  Symbols have 

been used since the beginning of time as the simplest form of written communication.  An object 

can convey important information without the need for words or numbers, and the facets that are 

emphasized or stand out in a picture give an idea of what information is more important than 

others.  The saying, “A picture is worth a thousand words” is true to the very essence of visual 

communication, as one can depict a single element of a data set, or several entities.  For example, 

an arrow representing a flow vector can easily give us a magnitude and a direction, two criteria that 

are essential to most scientific phenomenon.  But by altering other dimensions and characteristics 

of a picture, we can simultaneously represent additional related parameters within the arrows for 

each point in space within the flow at each instance in time.  The color can be set according to one 

parameter to stand out in the simulation, and additional features can be added to the object to 

represent additional criteria. 

  



 

 19

Symbols have been used for years to communicate information.  An example of a use of 

symbols as a mode of communication that dates back to early times is Egyptian hieroglyphics, 

which were used to represent complex information so that others could easily understand their 

meanings.  Modern forms of hieroglyphics accomplish the same effect, and are known as “glyphs.”  

A common type of glyph is the weather glyph.  A weather glyph uses a simple diagram, in the form 

of an arrow with a circle tip to represent wind magnitude and direction at a particular location, and 

the sky cloud cover.  Wind speed is represented by the length of the arrow, and direction by the 

pitch angle.  The cloud cover is essentially a pie chart, with the amount of cloud cover given by the 

percentage of the circle that is shaded (Ellson, 1998). 

  

Most visualization toolkits utilize several common flow analysis methods with particular 

regard to making clear the overall structure of a flow field.  Streamlines, streaklines, and pathlines 

are three such techniques employed in flow field simplification, which involve superimposing 

curves representing the behavior of the flow over the actual spatial flow data.  Streamlines 

represent an instantaneous state of the flow velocities, defined as curves tangent to the velocity at 

each point.  Streamlines never cross each other, and do not represent the actual motion of 

individual particles.  Streaklines represent the motion over time of a series of particles through a 

flow that pass through the same point of origin.  Pathlines trace the motion over time of single 

particles through a flow field.  These techniques are quite effective in the study of comlex two-

dimensional flow fields, but are not well suited for three-dimensional flow field data. 

 

Streamlines and streaklines provide useful insight into the underlying mechanisms of two-

dimensional flow.  Streamlines provide information on the directional components of the flow 

during a single instance, and when shown as a time series, can display clearly the development of 

coherent structures within the flow, and of the flow itself.  In particular, regions of high shear 

stress often give rise to vortex formation and ultimately boundary layer separation.  The 

determination of such phenomena is important in the analysis of the effect of a disturbance to a 

flow, as in the case of a bluff body or other obstruction to the flow.  Pathlines, showing the path 

of a particle within the flow with respect to time, are integral in determining the residence time of 

the particle in various regions.  This information can be invaluable in fluid dynamics problems 

involving blood flow, as regions of recirculation and stagnation have been identified as major 
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causes of damage to red blood cells.  By characterizing the residence time of each particle, the 

areas corresponding to the most amount of red blood cell damage can be determined such that 

significant improvements can be made to the prosthesis design to remediate such problems.  

Streaklines then show the progressive path of several particles originating from the same point, 

and thus act as a series of pathlines. 

  

Special consideration must be taken, however, when dealing with large quantities of 3-D 

flow data.  Streamlines and streaklines, while clear and easy to recognize in two-dimensions can 

become cluttered and unclear in three-dimensions.  Surfaces and polygons are much better suited 

for the visualization of the three-dimensional structure of a flow.  An interesting technique used in 

the visualization of surfaces in complex spatio-temporal three-dimensional flows is the idea of 

streamballs.  Streamballs, like streaklines, pathlines, and streamlines, have been shown to be 

effective in displaying the overall structure of a flow field.  Streamballs are generated using the 

positions of particles in a flow as centerpoints for convolution surfaces, which are then blended 

together to form discrete streamlines.  Essentially, streamballs are three-dimensional pathlines.  

The main advantage of the streamball technique is that they merge in areas of converging flow, 

such as a sink, and split in areas of diverging flow, such as a source (Brill, 1994). 

  

Helman and Hesselink (Helman and Hesselink, 1991) use a method of topological curves 

and surfaces to visualize complex flow data sets.  Topological flow reconstruction involves 

determining the overall structure of a flow based upon the locations of critical points within the 

flow.  Critical points are points of stagnation within the flow, such as saddle points and vortex 

centers, the location of which may vary with time.  The local velocity at these points goes to zero.  

Other critical points include those located on boundary layers (attachment and detachment nodes), 

where fluid dynamics dictates that the local velocity is zero, as well as sources and sinks (repelling 

and attracting nodes).  After these points have been identified, the local velocity gradient matrix, 

which is also the Jacobian matrix for this case, is determined for each of these locations.  The 

eigenvectors of these matrices are important in understanding the nature and structure of the flow, 

as they give the directions of the radiating curves of flow.  The flow topology is then determined 

by the tangent curves, in two dimensions, or surfaces, in three dimensions, that connect the critical 

points within the flow.  The most important curves and surfaces to the reconstruction of the flow 
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are those that contact or intersect the bodies and boundaries within the field and those that start 

close and parallel to one another and then diverge.  In two dimensions, topological flow is easy to 

interpret, as the curves lie in a single plane and generally do not cross each other.  In three 

dimensions, however, the surfaces can wrap around each other and become more difficult to 

discern from one another.  Additionally, visualization of complex three-dimensional flow data with 

this system only gives qualitative information of the overall global characteristics of the flow.  

More advanced systems are needed to give both global and local flow characteristics within the 

same visualization toolkit. 

 

According to Oohigashi et al (1998), “to grasp the physical behavior of a three dimensional 

vector field phenomenon, not only its magnitude, but also its direction, loci and the streamlines of 

the vector field should be visualized simultaneously”.  As such, his software utilizes streamline 

visualization methods along with volume rendering techniques to visualize eddy current 

distributions and magnetic flux inside an aluminum plate.  

 

2.2.2 Current Virtual Environment Developments 

  

In recent years, increasing efforts have been directed toward the visualization of data in 

virtual environments (VE), which is also referred to as virtual reality (VR).  Here VR and VE are 

used interchangeably.  In particular, VR has been utilized for the display and manipulation of 

scientific data from natural phenomena, including weather, fluid and particle dynamics, and other 

information that is highly dependent upon spatial coordinate data.  These environments have been 

successful in representing experimental data, obtained through observation and data acquisition, as 

well as numerically simulated data that results from predictions of natural phenomena. 

 

Virtual Reality (VR) has emerged as an ideal platform for simulation, as its ability to 

convince the senses, which provides a solution to several problems that limit the functionality of 

current modes of scientific visualization.  A 1997 series of workshops, sponsored by the National 

Science Foundation (NSF) and the Department of Energy (DOE), analyzed current and predicted 

future computational capabilities and the needs of the scientific and engineering communities as 

pertained to scientific visualization through VR technologies.  The workshops were attended by 
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scientists in the fields of physics, chemistry, materials science, and engineering, and by computer 

scientists who were concerned with high-end visualization software for massive data sets.  The 

workshops clearly showed that the amount of data obtained and generated for visualization has far 

surpassed the capabilities of modern technologies, rendering them inadequate if the user of a 

simulation is expected to draw educated inferences based upon his/her visual sense.  In addition, 

the workshop showed a need for a fully networked and interoperable system of virtual 

environments, offering multi-user access for ongoing collaboration between members of the 

scientific community (Leigh, 1999). 

 

The potential for VR applications is regarded to be especially high in the area of data 

visualization and analysis, particularly in the visualization of highly complicated, interdependent 

multivariate data that can be updated which each frame for real-time simulation.  Most VR 

environments are currently in their infant stages, however, and serve more of an artistic/gaming 

purpose than the scientific analysis tool of which they are capable.  Many efforts are focusing upon 

exploiting the useful features of these systems (van Teylingen, 1997). 

 

One VR-based data visualization project that aims to improve the usability of virtual 

environments is the ‘Virtual Data Visualizer’ (VDV).  The VDV, a work by Ron van Teylingen et 

al., is a virtual environment based system for the display of complex multivariate information 

spaces with highly correlated, spatially dependent variables.  It is designed as a prototype for a 

more general type of VR related application, such that it could lay the background work for a 

flexible and reliable system that could be used in the future for data of all types.  The VDV acts as 

the basis for a toolkit for the visual analysis of complicated data sets, while giving the ability to 

focus the application to address specific needs.  A new method that the system introduces is the 

use of customizable glyphs. 
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2.2.3 Virginia Tech CAVETM 

 

The Virginia Tech CAVETM (Cave Automated Virtual Environment) system is currently 

being used to develop an immersive, 3-D environment for visualization and analysis of DPIV 

results from the flow inside a heart chamber.  This system will provide an advanced simulation of 

the heart flow observed in laboratory tests, with complete user-oriented control.  The CAVETM is a 

10’ x 10’ x 9’ theater, consisting of projection screens on the front and side walls. Two slightly 

offset stereo images are projected onto the screens, as well as the floor. Stereo goggles bring the 

images into focus in front of the walls, giving the user the illusion of immersion within the 

simulation. The viewpoint of the user is controlled by a six-degree-of-freedom electromagnetic 

sensor in the goggles, and manually using a similar sensor in a joystick controlled by the user. The 

major advantage of the CAVETM system is that it is a fully networkable collaborative environment, 

and is now cross platformed for use on any computer system through a program called DIVERSE 

(www.diverse.vt.edu). Thus, a scientist running the simulation in the Virginia Tech CAVETM could 

communicate with a cardiologist halfway across the world viewing the same simulation on a 

desktop PC. Avatars, which are essentially simple human models, virtually represent the users with 

in the simulation, and headsets are used for verbal communication between the users 

(Collaborative Tools:  www.sv.vt.edu/future/cave/software/D_collabtools/D_collabtools.html). 

 
 
2.2.4 Data Management and Reduction 

  

When dealing with the visualization of massive data sets, data management becomes a very 

important issue.  The use of improved data acquisition systems in methods such as particle image 

velocimetry has resulted in large, unmanageable data sets.  Optimally, we would like to generate 

data using the maximum possible resolution over only those regions where the data is relevant.  

Such resolution is, however, very difficult to visualize with modern technologies, as the number of 

calculations and polygons required by a simulation can be overwhelming.  In order to isolate only 

the most essential information, we have developed new methods of scientific flow data 

visualization for efficient, yet complete, data representation. 

                                                 
TM CAVE is a trademark name of the Universtity of Illinois 
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Ideally, we would like to visualize only information that is relevant to the flow of interest.  

For instance, when measuring flow velocities using DPIV, reflected light from moving particles is 

resolved into particle velocities.  At the same time, though, reflections from moving bubbles and 

walls can cause false velocities to be introduced into the data set.  By removing this incorrect 

information, the amount of data can be reduced.  Chapter 3 addresses this issue, and presents a 

method for isolating only correct information. 

 

The next important topic in data management is data reduction.  Data reduction involves 

filtering a data set to discard irrelevant information, while retaining enough data to represent the 

relevant features and structures within the flow.  This filtering process can drastically reduce the 

size of the data set, and therefore the computational and update time required in its visualization, 

based upon the number of calculations as well as the number of polygons and icons drawn 

(Westermann, 2001).  The effectiveness of a simulation is dependent upon its ability to present the 

information contained within a data set without losing playback quality.  Choppy play, particularly 

in time-varying data where the simulation needs to recalculate a flow field and then update the 

scene, is of significant concern, as it reduces the ability of the user to recognize patterns between 

frames. 

 

At the same time, however, special care must be taken as to remove only data that is 

irrelevant, or unnecessary to the effectiveness of the simulation.  Of course, each data point 

contains important information, but only certain data points are necessary for determining the 

overall flow characteristics.  If by truncating a data set the performance of the simulation is 

significantly improved without compromising any of the relevant information, the overall 

successfulness of the simulation can be greatly enhanced.  Localized flow characteristics can be 

quite useful in analyzing a flow field, and therefore should be an integral part of scientific 

visualization software, but should not cause a simulation to become choppy or slow in rendering.  

Accordingly, the methodology used for this system attempts to incorporate both the relevant 

truncated data, with the information contained within the individual time-varying spatial 

coordinate data throughout the entire flow field, using flow glyphs, in such a manner as to reduce 

the number of visualized data points.  The user then determines what type of representation is 

needed, and can run the simulation with only global information, only localized spatial flow 
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information, or global information superimposed over the local data set.  This method gives a 

more realistic display of the data, thereby maximizing the potential gain of the analysis. 

 

A possible example of reducing the number of data points is to incorporate streamlines 

and streamtubes that display explicitly the nature of the instantaneous velocity field, making large 

vortices and large areas of stagnation and/or separation clearly visible.  However, Westmann et al 

note that these methods ignore local flow magnitudes in their physical representation of the data.  

Topological skeletons used in creating flow patterns or flow surfaces suffer from the same 

inherent problem, as they oversimplify the flow field.  At the same time, 3-D texture mapping 

methods make it difficult to recognize the coherent structures within a flow field (Westermann, 

2001).  Thus, a hybrid approach could better represent the data.  For this work, emphasis will be 

directed towards the visualization of individual flow vectors, as the high spatio-temporal resolution 

of the data acquisition system resolves the small-scale turbulent nature of a flow.  This information 

is lost when the flow is represented by the overall structures within the flow.  At the same time, 

contours and iso-contours are used to isolate certain features that would otherwise be difficult to 

discern from the flow vectors.  These methods are described in the following section. 

 
 
2.3 Approach for developing an optimal visualization tool 

2.3.1 Previous Work 

 

Figures 9 through 11 correspond to previous work (Pavlos Vlachos, personal 

communication) that was conducted in developing a virtual world for the analysis of flow 

visualization data. Although the objective of VR is to allow an escape from the two-dimensional 

(2-D) visual limitations, we are bound to be constrained to a 2-D representation of images from 

the 3-D simulation in this thesis. 

 

Figure 9 shows a conventional representation of the instantaneous flow field for a single 

plane downstream the mitral valve, inside the left ventricle. The vectors correspond to velocity 

distribution, while the color mapping represents vorticity values. Obviously, reconstruction of a 

volume of data of such a complex three-dimensional flow field would significantly compromise 
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our ability to extract flow features. The use of a virtual environment provides to the investigator 

the ability to be “immersed in the flow”, move close to small-scale structures in order to focus on 

the detail or distant him/her-self and observe the global flow characteristics. A set of stacked 

planes describing the instantaneous flow around a ship hull is shown in Figure 10. An example of a 

detailed view of a vortical structure is shown in Figure 11, where the arrows correspond to the 

velocities with the vorticity distribution color-mapped on the vector body. 

 

 
Figure 9:  A two-dimensional representation of the velocity and vorticity distribution in the flow 

field downstream the mitral valve  

 

There are several flow properties other than velocity and vorticity that are of particular 

interest in cardiovascular flow, including Reynolds stresses and wall shear stresses.  This 

information can double, or even triple, the quantity of data that can be visualized.  Each plane of 

data can be resolved into instantaneous flow information composed of tens or hundreds of 

thousands of points within each plane.  When there are several planes of data, the number of 

points increases by a multiple equal to the number of planes.  For velocity data, six parameters are 

necessary to describe each flow vector.  These parameters are the three spatial coordinates and the 

three velocity magnitudes for each point in space.  Thousands of instantaneous frames of data 

were obtained, each for individual time instances, thus time is the seventh parameter for describing 

the flow.  When the out-of-plane vorticity and second-order spatio-temporal Reynolds stress 

tensor at each point are calculated, the number of parameters increases by four.  As a result, the 

amount of data obtained from these experiments to describe only one or two seconds at a 
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sampling rate of 1,000 Hz is on the order of hundreds of megabytes, and the memory required to 

visualize these parameters is on the order of ten to twenty gigabytes.  Therefore, there is a need for 

a method for visualizing complex data sets while maintaining computational efficiency and without 

confusing the user. 

 

 
 

Figure 10:  A virtual world demonstrating a three-dimensional reconstruction of the flow from a 
set of plane hydrogen bubble flow visualizations 

 
Figure 11:  A 3-D virtual world corresponding to a detail of the vortical structure velocity 

distribution. Colors correspond to vorticity values. 
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2.3.2 Methodology for improved flow visualization 

 
 

The first step in the process of developing an effective visualization tool is to determine 

the important parameters to be represented in the simulation.  It is generally assumed in a 3-

dimensional simulation that spatial coordinates are an essential element to be considered.  In 

particular, dimensions of the space or object can graphically recreated in the simulation to give the 

simulation recognizable boundaries or physical meaning.  For example, a human model requires 

specific anthropometric data, such as limb lengths and circumferences.  On a microscopic scale, 

the actual locations of individual particles are of significance, for the purpose of analyzing their 

individual behaviors as well as the characteristics of the field as a whole.  For flow fields, the 

projected motion of each particle is easy to analyze based upon the direction and magnitude of the 

velocity vector at that point. 

 

Beyond spatial coordinate data, the remaining relevant elements must be determined.  

Only the most important information should be displayed, as the simulation is limited by the 

technological capabilities of the visualization system.  Incorporating too much information can 

drastically reduce the frame rate of the system, causing interruptions in playback.  Choppy play is 

highly unfavorable in a simulation, as it nullifies any advantages gained by the visual display.  In 

addition, an excess of visual stimuli can overload the visual cortex.  The human brain thrives on its 

ability to recognize patterns and relationships between various entities, and draw conclusions and 

inferences as to how these parameters are dependent upon time and upon each other.  By 

attempting to send too much information to the brain at one time, the neural pathways become 

confused and the user of the system has trouble differentiating between one parameter and the 

next.  As a result, the simulation becomes cluttered and ineffective.  Therefore, only relevant 

criteria should be considered for a simulation (Ellson, 1998). 

 

Once the parameters to be represented have been chosen, a graphical method of 

visualization can be chosen.  Ellson suggests that the dimensions and form of the glyph in the 

simulation should be used to represent vector terms, with the magnitude of the vector determining 

the dimensional length of the glyph.  The time-dependency of the vector quantity can then be 
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recognized as the change of the shape of the glyph as the simulation progresses.  Also, scalar 

values are generally best represented by the coloration of the glyph.  The color scheme of the 

graphical representation can be altered without sacrificing the effectiveness of the simulation, 

because the color has little to do with the dimensional characteristics of the glyph. 

 

However, the nature of the color map is of concern, its success is determinant upon the 

range of colors chosen for the display.  Many simulations have used the colors of the visible 

spectrum to represent the scalar quantity.  The spectral colors do not convey the information of 

the values accurately, though, as they range from blue to red, with yellow in the middle.  The 

failure of such a color scheme lies in the fact that a “hot” color, or one to which the eye is 

particularly attracted, i.e. yellow, should represent an extreme value, not a middle value.  In most 

scientific applications, we are most often concerned only with how a parameter deviates from its 

average value to extreme values.  For example, for fluid flow through a particular space, areas of 

low vorticity are usually associated with a locally steady flow.  Areas of high vorticity, on the other 

hand, are usually characterized by circular, turbulent flow patterns.  These turbulent parts of the 

flow are important in analyzing boundary layer phenomena, as well as in wave and wake 

propagation.  Accordingly, the extreme values of a scalar parameter should be mapped to these so-

called hot colors. 

 

For the visualization of flow data within the left ventricle, the most important parameters 

include the spatial (x-, y-, and z-dimension) coordinates, the velocity components (u, v, and w 

corresponding to the x-, y-, and z-dimensions), and vorticity perpendicular to the plane of 

interrogation.  These are the most commonly visualized parameters in modern flow visualization 

software.  In addition to these parameters, we would like to be able to visualize the calculated 

Reynolds stresses in the three principal directions, as the Reynolds stress is a second-order tensor 

with components along the x-, y-, and z-directions.  The stress on a particular point in the flow can 

give the user insight into the areas in which to expect high-level stresses on the blood particulates, 

and use the results to evaluate the performance of a certain heart valve.  The visualization of stress 

levels brings into play another valuable piece of information, namely the wall shear stress.  Wall 

shear stress has been identified as a possible cause of damage to blood constituents.  Thus, it 

would significantly improve the effectiveness of the simulation to include the wall shear stress 
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information in some form.  A final parameter of significant interest is the mechanical behavior of 

the inner myocardial wall.  The fluid-structure interaction between the inner myocardial surface 

and the fluid governs the nature of the flow during the systolic contractions as well as during the 

diastolic relaxation of the ventricle. 

 

In order to represent as much of the aforementioned parameters in a compact yet 

comprehendible manner, our system utilizes “glyphs” (from the Egyptian term, hieroglyphics) to 

create a useful tool for interactive scientific visualization and analysis.  The glyph designed for the 

heart flow simulation consists of a cone attached to an ellipse, as shown in Figure 12.  The cone 

represents the magnitude of the velocity at a single point, and its orientation the direction.  The 

ellipse is scaled to the values of the symmetric Reynolds stress tensor at that point, with the lengths 

along the axes perpendicular to the axis of the cone representing the two in-plane Reynolds 

stresses, and the axial length corresponding to the cross-correlation term between the two. The 

color of the glyph represents the magnitude of the vorticity, with brighter colors indicating severe 

or extreme values.  Thus, one single glyph concisely represents nine flow parameters for a single 

point within the flow. 

 

For the present time, and for the purposes of the following examples, the 3-D glyphs are 

confined to a 2-D plane because the experimental DPIV data were limited to measurements within 

that plane.  The visualization system is however capable of representing 3-D data, such that when 

the data acquisition system is advanced to allow acquisition of actual volumetric data, as opposed 

to stacked planes, the VE is designed to accommodate the data. 

 
Figure 12:  Flow vector glyph 
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The Reynolds stress tensor mentioned above gives valuable insight into the nature of the 

flow, particularly pertaining to the stress due to turbulent structures.  We first define the velocity as 

the sum of the time-varying mean flow plus a term representing the variation from this mean: 

u(t) = u(t) +u’(t) 

This relation describes an easily recognizable mean flow with high-pressure fluctuations of a much 

smaller magnitude.  An oscillatory flow is shown below in Figure 13, first the mean flow (a), then 

the fluctuations (b), and finally the sum of the two flows (c). 

 

 
(a)                                       (b) 

 
(c) 

Figure 13:  Sample mean sinusoidal velocity signal (a); turbulent fluctuations (b); and combined 
signal 
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Next, we define the Reynolds stress tensor as the outer product of the turbulent velocity terms: 

Rij = [u’i2 u’iu’j u’iu’w 

          u’iu’j u’j2 u’ju’w 

            u’iu’w u’ju’w u’w2] 

The significance of the Reynolds stress tensor can be viewed from a classical turbulence 

standpoint, where the correlation between u1 and u2 can be used to describe turbulent transport in 

the form of an energy cascade.  The energy cascade explains the phenomenon by which, in a fully 

developed turbulent flow, energy is transferred from the low-frequency scale to subsequently 

higher-frequency scales, until the energy from the flow is dissipated in the form of heat.  A classical 

example of this phenomenon is the concept of vortex tube stretching.  To illustrate this 

phenomenon, take for example a shear flow in Figure 14(a).  Instantaneous streamlines are shown 

within the flow, showing the existence of organized vortical flow structures, which are maintained 

by entraining energy from the flow.  The turbulent energy transport of these eddies involves their 

three-dimensional interaction with the mean flow, where the eddies that are able to absorb energy 

from the flow most efficiently are those that are aligned axially with the direction of mean strain 

rate.  The result of this interaction is known as vortex stretching, whereby the vortex is elongated, 

shown in Figure 14(b).  At the same time, however, the stretching causes a contraction of the 

radial dimension of the vortex.  Thus, although most of the energy has been maintained, the scale 

of the flow has changed.  From a frequency scale standpoint, a free stream represents the lowest 

possible frequency (f = 0) and the energy decreases with the radial dimensions of the eddie.  In this 

manner, as vortex stretching occurs and the radial dimensions of the eddie decrease, the energy 

that was once contained in a low frequency is transferred to a higher frequency.  This process 

continues until the energy is finally dissipated as heat (Tennekes, 1994). 
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Figure 14:  (a) Shear flow with streamlines (left); (b) Vortex stretching process (right) 

 

Thus, the Reynolds stress tensor is integral to our understanding of vortex generation 

and breakdown, and how these phenomena cause regions of low and/or rapidly fluctuating 

pressure, eventually leading to damage to blood constituents and endothelial cells.  As such, 

we would like to visualize this stress tensor so as to be able to correlate it with the regions of 

rapidly oscillating flow or rapidly accelerating and decelerating flow, and correlate them with 

the nature of the flow structure.  By developing methods by which the origins of these 

detrimental factors can be ascertained, whether they be mechanical heart valve leaflets or 

stent struts, possible improvements in cardiovascular implant designs for more favorable 

hemodynamic performance can be developed. 

 

In order to represent the structural information of the ventricle further processing of the 

acquired images is required to generate the wall shear stress and coordinate information for 

each particular in-vitro case.  These concerns will be addressed in Chapters 1 and 3, 

respectively. 
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2.4 Results 

2.4.1 Visualization of In-Vitro Left Ventricular Flow Data 

 

 

Scientific visualization techniques have been used extensively in the representation of 

velocities, flow field properties such as vorticity and helicity, instantaneous streamlines, unsteady 

streaklines, iso-surfaces, and volume slices.  These simulations are quite effective in providing a 

platform for qualitative assessment of highly complex systems, as they make use of the inherent 

ability of the human brain to recognize patterns and correlations between parameters, and to make 

inferences based upon visual information. 

 

Virtual environments (VE) are becoming increasingly popular among the scientific 

visualization community, as they create the illusion of immersion within the system, particularly in 

biomechanical and medical applications.  It is demonstrated that the integration of a sophisticated 

non-intrusive flow diagnostic tool with the visual observation power of VE can significantly 

enhance our ability to analyze and understand complex vortical flow fields. This is a critical feature 

when better understanding of cardiovascular flows can guide the improvement of the design of 

mechanical heart valves implants. 

 

The scientific visualization software is designed as a tool for interactive simulation and 

analysis.  As such, the single most important aspect of the software is its user-controlled design.  

The scientist can move through the tens of thousands of data points, and isolate points/areas of 

particular interest or concern using the red, cone-shaped probe wand.  Once a point is highlighted, 

it is enlarged such that it stands out from the rest of the points, and is shown above on a pop-up 

display.  These features are shown in Figure 15, which displays a single two-dimensional plane of 

61 x 61 data points.  Once the user has selected a point in the data set, there are various options 

for exploring the various parameters associated with the point.  For instance, with the push of a 

button the simulation can be controlled such that a new set of glyphs are used to isolate only a few 

parameters at once.  Figure 16(a) shows a result of reducing the number of visualized parameters, 

displaying a contour surface representing only the spatio-temporal distribution of the Reynolds 
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stress tensor over the plane.  The contour is made up of cylinders of equal height, with the two 

horizontal axes scaled to the in-plane values of the tensor, and the color according to a cross-

correlation term.  Normally all three dimensions would be scaled to the three eigenvalues of the 

tensor, but due to limitations in the data acquisition system that allow only in-plane measurements, 

the known values are used for the purpose of illustrating the tool.  By clicking a second button, a 

set of iso-points is created as represented by the overlying colored spheres, showing the set of 

points that have a vorticity level close to the value of the selected point (Figure 16(a)).  This tool 

allows the user to compare contours of a single or few parameters to recognize correlations in the 

data set from a global viewpoint. 

 

The program displays five separate planes, each composed of a grid of 125 x 125 points, 

which are displayed as glyphs.  The areas that appear to be denser than others, those near the top, 

are regions of high Reynolds stress.  The vorticity is represented by the color of the glyphs, with 

brighter colors signifying higher vorticities.  The user can move through the simulation and 

explore the obtained data.  Figure 17 shows a pair of images displaying the full time-averaged flow 

through the heart, from both the frontal view and an oblique view.  The system has the advantage 

that it almost doubles the number of visualized parameters from six (x, y, x-velocity, y-velocity, 

time, and vorticity) to eleven (x, y, z, x-velocity, y-velocity, z-velocity, time, vorticity, and three 

Reynolds stress parameters).  In addition, five planes are visualized simultaneously, as opposed to 

just a single plane of data. 

 

Time resolved three-dimensional velocity, vorticity, and Reynolds stress data are imported 

into the virtual environment using software that we developed in C++, OpenGLTM and VRML in 

order to convert the spatial coordinate and 3-D velocity data from the PIV system into a series of 

glyphs in three-space to represent the flow.  Each time step allows for instantaneous changes in 

the velocity magnitude and direction associated with each coordinate, creating a time-dependent 

series of frames that depicts the state of the velocity field as it changes in time, or frame-by-frame 

as controlled by the user in the CAVETM environment.  The user can then move through the flow 

and view the flow field from the perspective of a particle in the field.  It is important to note, 

however, that our system is currently limited to interrogating only individual planes of data that are 

stacked to form a volumetric data set.  Although the planes of data are not acquired 
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simultaneously, they are triggered at the same point in the heart cycle, and the experiments have 

been repeatable.  Presently data is confined to the plane.  There are no out-of-plane velocity or 

Reynolds stress components; hence glyphs shown in Figures 15-19 have no out-of-plane 

components.  At the same time, our visualization system is designed such that it is capable of 

displaying true three-dimensional volumetric data for such a time as is allowed by our data 

acquisition system. 

 

 
Figure 15:  Planar flow glyphs 
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(a) 

   
(b) 

Figure 16:  (a) Planar Reynolds stress contours, (b) Stress contours 
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(a) 
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(b) 

Figure 17:  3-D time-averaged flow through left ventricle (5 planes); (a) front view (b) oblique 
view 
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Figure 18:  Full 3-D Reynolds stress glyphs 

 
The series of pictures shown below in Figure 9 represent six time-steps of an unsteady 

heart flow data set.  The user is viewing the simulation from the top of the heart on the aortic side.  

The arrows point up and out of the picture at the top left represent the outflow of blood through 

the aorta.  The arrows point in the direction of the flow at each point in space and time, and the 

color is scaled to the value of the vorticity, according to the legend shown in the upper right-hand 

corner.  Notice how easily the vortices can be followed as they move through the heart for 

multiple layers of data.  The scientific visualization system is an excellent tool for monitoring such 

parameters at particular points in space or in the volume as a whole. 
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Figure 19:  Unsteady time-series of 3-D flow glyphs in the left ventricle (left-to-right then down) 
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2.4.2 Visualization of MRI Velocimetry Flow Data 

 

 

A major goal of this project was to compare the in-vitro left-ventricular flow data obtained 

in our laboratory with MRI velocimetry flow data obtained by clinicians at Wake Forest University.  

MRI velocimetry is a method by which time-resolved blood flow velocity measurements are 

calculated from MRI images.  The visualization of this information would have been invaluable 

and integral to the evaluation of our system, methods, and results.  However, we were unable to 

obtain this data unlike we originally anticipated.  As a result, the successfulness of the results of 

this research is significantly compromised.  It should be noted, however, that the program is 

designed such that this data can easily be ported into the visualization environment. 
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C h a p t e r  3  

3 THREE-DIMENSIONAL SURFACE IMAGING OF LEFT VENTRICLE 
MOTION 

3.1 Motivation 

  

An important factor in the study of the function of the human heart is the motion of the 

inner left-ventricular walls.  This motion is driven by the myocardium, the complex musculature 

enveloping the left ventricle.  In the study of the mechanical function of the heart, spatio-temporal 

analysis of ventricular relaxation and contraction is an integral task.  By developing an 

understanding of normal, healthy ventricular motion, we can begin to validate our in-vitro system, 

taking advantage of data that has already been acquired in-vivo.  In addition, we can begin to 

extend our image processing abilities to the assessment of cardiac dysfunction. 

 

Depending upon the health or underlying pathological conditions of the individual, the 

physical behavior of the myocardium can vary greatly.  In addition, the shape of the left ventricle 

can change over time, resulting in an oversized, swollen ventricle.  This condition, known as 

congenital heart failure, occurs in response to the inability of the heart to meet the metabolic 

demands of the body.  The swelling occurs in order to increase the pretension, thus pushing 

increasing the force generated by the myocardium, in accordance with the Frank-Starling Curve, 

and increasing the left ventricular end diastolic dimensions (LVEDD), such that a smaller 

contraction results in sufficient cardiac output.  Congenital heart failure is a potentially fatal 

condition, and can occur over time without warning.  In many cases, it results from cell necrosis 

(cell death) after the occurrence of myocardial ischemia.  Myocardial ischemia, also known as heart 

attack, occurs as a result of loss of coronary blood perfusion to a region or regions of the 

myocardium resulting in low perfusion of oxygen, and an inability to maintain the local metabolic 

demands of the myocardial smooth muscle cells.  It has also been recognized that certain drugs, 

particularly anti-cancer agents, can cause myocardial cell necrosis in situations of prolonged use 



 

 44

(Dr. Greg Hundley, personal communication).  However, the process is reversible until a certain 

unknown point in time, at which point termination of the medication can allow for complete 

rehabilitation.  The onset of irreversible heart failure is to this date undeterminable due to 

underdeveloped methods for monitoring these dimensional and cellular changes over time.  Thus, 

a robust method for determining the important parameters for monitoring these changes would be 

a significant advancement in the diagnosis and treatment of congenital heart failure. 

 

The objective of this work is to characterize LV function based upon volumetric changes, 

as generated from MRI images. Instantaneous MRI sections of the LV have been processed to 

provide exact shape of the inner and outer myocardium for a healthy test subject.  These results 

will be intended to serve as a baseline for comparison with possibly diseased cases.  MRI data will 

then provide information for cases of damaged myocardia and the corresponding clinical 

indications. 

 

In addition, the shape information is used to validate our in-vitro LV model, which is used 

for obtaining particle image velocimetry data for analyzing the flow around mechanical heart 

valves.  By comparing the localized volumetric changes of a live myocardium with our synthetic 

myocardium, we can identify areas for improvement within our model, providing more realistic 

simulations for testing and analysis.  This information can be used in developing and testing the 

performance of new ventricular models that can be used in our laboratory in-vitro experiments or 

computational models. These models will then be employed in exploring different levels of 

myocardium damage and the corresponding hemodynamic response. 

 
 
3.2 Background and Significance 

3.2.1 MRI-Based Detection of Myocardial Dysfunction  

 

 

Normal left ventricular function is characterized by synchronous firing of myocardial 

muscle fibers.  Healthy myocardial function is essential in maintaining cardiac output, and any 

disturbance to the contracting muscle cells can be detrimental to the health of the heart.  A 
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method for non-invasively monitoring left ventricle (LV) operation is necessary for documenting 

the progression of heart disease and malfunction, such that the point at which disease becomes 

irreversible can be determined. 

 

Previous research indicated that the thickness of the damaged myocardium lags in its 

temporal increase during active relaxation, if compared with healthy tissue. The inverse holds for 

the local length of the myocardium. Misshapen ventricles characterize late stages of cardiovascular 

disease, as they become large and swollen during the progression of disease. For diagnosing 

myocardial dysfunction, it is critical to be able to detect the temporal behavior of the myocardial 

tissue. For this purpose, we developed a sophisticated image processing software that by 

automatically performing segmentation of MRI images can quantify the thickness and length of 

the myocardial muscle. 

 

In the continuation of this effort we intend to modify the software to recognize the 

outside boundary of the myocardium. In this way we will be able to define the local thickness of 

the myocardium at all points in space and for many instances within a heartbeat. These efforts will 

guide the design and development of the computer and experimental models and aid the analysis 

of the results. 

The complex nature of the deformation of the myocardium has become an important area 

of research. New, improved imaging systems have enabled more accurate, robust, and efficient 

segmentation techniques, thereby creating a method for the extraction of vital information that 

could not previously have been attained. This information, describing the instantaneous three-

dimensional geometry of the myocardium, improves two fundamental areas of research: (1) 

understanding the mechanical function of the healthy heart; and (2) diagnosing diseased 

myocardial cases based upon temporal geometrical changes. By identifying and measuring 

quantifiable properties of the myocardium, the localization and amounts of diseased myocardium 

could potentially be determined, as the assessment of regional cardiac mechanical function is the 

most prominent indicator of cardiac health (Clarke, 1995, Staib, 1996, Drzewiecki, 1996). 

Accordingly, there is a need for more robust systems to automatically diagnose cardiac mechanical 

conditions. 
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Automatic segmentation of MRI images is performed to detect the shape and location of 

various organs with special interest in the myocardium and the LV. These tasks are carried out 

using image-processing algorithms developed by our group. Segmentation of MRI generated 

images is not a trivial task because of the complexity of the shapes of interest and the inherent 

background noise of the image acquisition process. Previous work requires extensive user input in 

order to carry out the aforementioned task (Staib, 1996; McVeigh, 1998). Therefore we were 

forced to develop new algorithms, based upon already established methodologies. 

Staib and Duncan developed a system to detect boundaries from MRI images, defining 

surface detection as an optimization problem. Their approach required prior knowledge of the 

general shapes of the images, along with extrinsic model-based information, to generate simple 

boundary information using parametric decomposition (Staib, 1996).  McVeigh et al used tagged 

MRI images to generate boundary points for canine ventricles (McVeigh, 1998).  These 

technologies, although effective for these specific cases, are rather inflexible when applied to 

generic MRI images, for which there is little or no prior knowledge or tagging. 

 

Various segmentation methods have been used in medical image processing applications.  

These include, region growing, classifiers, clustering algorithms, Markov Random Field models 

(MRF), Artificial Neural Networks (ANN), deformable models, active templates, and atlas-guided 

approaches to name a few.  Region growing methods require manual selection of a seed point, and 

proceed to find the points connected to this point to characterize a segment.  Classifiers use the 

image information based upon training data to characterize patterns of points as segments, while 

clustering algorithms perform the same methods without the use of training data.  MRF methods 

use statistical models to segment images based on spatial interactions of adjacent points.  ANNs 

use a simulated biological learning algorithm to train themselves to perform the segmentation 

based upon a training set.  Deformable models use shapes to provide initial user-input guesses that 

deform into the shape of the segment, while active templates use previously generated segments to 

perform essentially the same operation.  Finally, atlas-guided approaches use transformations (both 

linear and nolinear) to transform templates into the new image segmentation information.  An 

extensive review of these methods is provided in Pham (2000).  For this work, a region growing 

method was utilized. 
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3.3 Methodology 

 

Previous research has indicated that locally, the thickness of the damaged myocardium lags 

in its temporal increase during active relaxation, if compared with healthy tissue. The inverse holds 

for local length of the myocardium. The data that our software generates allows the user to 

examine the local thickness, T, and length, L, at all points on the myocardium. Integral quantities 

were defined that will provide more robust criteria of the onset of muscle damage. These could be 

the volume of the myocardium, V, the overall internal area, A, etc. All these quantities are 

functions of time and their dependence on time should be denoted in the form, V(t), A(t) etc. A 

good global nominal measure of the thickness will be for example the ratio of the volume over the 

area: 

T(t)=V(t)/A(t) 

 

And a good measure of the linear extension is the square root of the difference between 

the systolic and the diastolic values of the area. 

 

L=[Ad-As]1/2 

 

The geometrical information on the shape and size of the myocardium will be the data 

basis for the computer and laboratory models. It will also provide data for special cases of 

damaged myocardia that will help us construct prediction software as described later.   Software 

was developed that allows the user to examine the local thickness at all points on the myocardium. 

In addition, integral quantities are calculated that provide more robust criteria for detecting the 

onset of muscle damage. Of particular interest is the overall internal area of the myocardium, as 

well as the inner area of the ventricle.  By observing how these quantities change with time, as well 

as their effect on the mechanical performance of the heart, the progression of disease can be 

monitored, and early detection criteria can be developed for clinical use. 
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MRI heart sections were obtained and processed, as well as images from the in-vitro 

model. A typical example of an MRI section is shown in Figure 20.  The software utilizes image-

processing routines to refine and then analyze the image in order to determine the pixel locations 

of the edge points of the inner and outer surfaces of the LV.  

 

In order to determine the LV boundary points for both the MRI and in-vitro images, each 

image is transformed by an edge detection routine that replaces the intensity value of each pixel 

with a value proportional to the maximum directional intensity gradient at that point. Two edge 

detection methods are used to perform the segmentation tasks. The first method uses a simple 

intensity gradient formulation to detect edge points, as well as the second derivative of the 

intensity.  

 
Figure 20:  Sample MRI Image 

 

3.3.1 Gradient edge detection formulation 

 

The intensity gradient formulation designates a pixel to be an edge point if its gradient 

magnitude is above a predefined threshold.  The gradient formulation is performed for a 3x3 

window as shown in Figure 21, with the center pixel denoted (i,j).  Using a central differences 

approach, the x-direction gradient would then be: 
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gradx (I)= Abs(I(i+1,j) - I(i-1,j))/d,  (1) 

where d is the distance between the centers of the two adjacent pixels in the respective direction 

and I is the pixel intensity value. Similarly, the y-direction gradient is: 

grady (I)= Abs(I(i,j+1) - I(i,j-1))/d.  (2) 

The gradient is also computed for the +/-45 degree directional axes. These gradients can be 

expressed as: 

grad+45 (I)= Abs(I(i+1,j+1) - I(i-1,j-1))/d,  (3) 

grad-45 (I)= Abs(I(i+1,j-1) - I(i-1,j+1))/d,  (4) 

 
Taking d to be the distance in pixels between the centers of the two pixels, it is observed 

that d is 2 pixels for the horizontal and vertical intensity gradients, and 22  for the +/- 45 degree 

intensity gradients. This reduces to four directional derivatives, of which only maximum values are 

significant. The other directional derivatives are of little consequence, as they do not correspond to 

edges, as peaks of the intensity gradient characterize edges. The local intensity derivative at each 

pixel is thus chosen to be the maximum of the four values. To illustrate this method, analysis of 

the 3x3 window centered about the point P(i,j) is shown in Figure 21, where the grayscale colors 

represent the pixel intensities. 

 
Figure 21:  3x3 gradient formulation window 
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In this case, the maximum intensity gradient occurs along the positive 45-degree direction. 

For this situation, the center point would be characterized as an edge point, as its gradient is 

computed using a point with very high intensity (i-1, j-1) and a point with very low intensity 

(i+1,j+1). Thus, this point corresponds to a high intensity transition, and therefore an edge point. 

 

Next, the second derivative is computed, again using a central differences approach, such 

that the directional second derivatives are given by: 

deriv_gradx (I) = Abs(grad(I)(i+1,j) – grad(I)(i-1,j))/d,  (1) 

deriv_grady (I) = Abs(grad(I)(i,j+1) – grad(I)(i,j-1))/d,  (2) 

deriv_grad+45 (I) = Abs(grad(I)(i+1,j+1) – grad(I)(i-1,j-1))/d, (3) 

deriv_grad-45 (I) = Abs(grad(I)(i+1,j-1) – grad(I)(i-1,j+1))/d. (4) 

Only the set of points at which the second derivative is equal to or very near zero 

correspond to local first derivative maxima or points of inflection. The local second derivative is 

thus taken to be the minimum of the four values. However, in order to avoid generating local 

second derivative minima in regions containing no real edges, but only edge information due to 

noise, the second derivative is only computed for pixels for which the intensity gradient is above a 

very small threshold. Otherwise, the second derivative at that point is given a value of 1. The 

second derivative information is used to supplement the intensity gradient information in the 

searching algorithm, described below. 

 

Finally, once intensity gradient and second derivative information has been obtained, a 

global threshold is used to plot only those pixels for which the intensity gradient is above a certain 

value, as well as the pixels for which the second derivative is below a threshold value.  This 

method accurately describes all of the significant edges in the image. A major limitation of this 

method, however, is that it fails to describe each edge in terms of a curve consisting of a set of 

single points, as opposed to a curve with multiple points describing the same edge in each region. 
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3.3.2 Canny’s edge detection algorithm 

  

MRI segmentation is not a trivial task, and thus requires a robust edge detection algorithm, 

as it is necessary to retrieve simply connected regions so that they are characterizable, and to 

eliminate all false edge points because of the limited amount of spatial information available from 

the images. The simple gradient approach, although adequate for clean images, is insufficient in 

providing the degree of robustness and accuracy required in order to quantify small changes in 

myocardial area that could signify changes in cardiovascular health. Accordingly, we employ a 

second, more comprehensive method of edge detection known as Canny’s algorithm. 

 

Canny’s edge detection algorithm is based upon three criteria for superior edge 

recognition. Classes of edges are defined using detection and localization criteria to optimize the 

performance of the algorithm. The most important goal of edge detection is the accuracy of the 

detected points, in how they correspond to the true edges.  This requirement is a rather 

straightforward and necessary detection condition for all edge detection algorithms, as it implies a 

low error rate. Obviously, the success of the system is dependent upon the recognition of 

boundary information on all edges of varying strengths, as well as various signal-to-noise ratios 

throughout an image. This process describes the detection criterion, which inherently involves the 

maximization of the signal-to-noise ratio, as the probabilities of failing to find edge points and 

detecting false edge points are both inversely proportional to the signal-to-noise ratio. In addition, 

it is important to minimize the distance between the centers of the pixels designated by the 

algorithm and the centers of the true edge pixels. The localization criterion is employed in order to 

optimize this condition. However, these two criteria for optimal edge detection are not sufficient 

enough for true edge detection, as they do not generate thin or single response edge curves. As is 

the case in the previous formulation, multiple responses for the same edge can occur frequently, 

causing the recognition of unwanted points. Thus, a third necessary criterion formulated by Canny 

to satisfy the requirement that the detector has only a single response to each edge.  This third 

criterion is based upon the assumption that when there are multiple responses to the same edge 

point, some of these must be false, as we explicitly impose the condition that the detector should 

only have a single response to each edge (Canny, 1986). 
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The major advantage of Canny’s algorithm is that it is optimized for all spatial scales using 

a single operator, making it applicable to a variety of applications. In addition, it utilizes directional 

operator outputs to enhance the gradient maxima detection. The first step in Canny’s method 

performs the detection criteria algorithm. The intensity signal is taken to be characteristic of an 

edge with Gaussian noise. The signal is convolved with an optimized Gaussian filter, and is divided 

by the root-mean-squared (RMS) response of the noise to the filter.  This quotient is taken to be 

the signal-to-noise ratio, and is the measure for the detection criterion. The resulting local 

maximum in the convolved intensity signal is designated as an edge point. In order to satisfy the 

localization criterion, the algorithm tries to maximize the reciprocal of the RMS value (which can 

be thought of as simply minimizing the RMS value), as the RMS value itself should tend to zero as 

the distance of the detected edge point approaches the location of the actual true edge point.  

Thus, the measure of localization increases as the error in the position of the edge point decreases. 

In order to optimize the effectiveness of both of the first two criteria, Canny recognizes that they 

should both be maximized simultaneously, so the product of the two criteria is used to satisfy and 

optimize both conditions. The result of this optimization is that the optimal detector for step 

edges is a truncated step (differences of boxes) operator. 

 

The filter for the first two criteria provides good edge detection at each edge center. 

However, they tend to fail in the regions near the edge center, as these points can be characterized 

as edge points, even though they are not part of the true edge. This problem brings about the need 

for the third criterion to eliminate multiple edge responses. In particular, the step edge approach 

used has problems when the edge region is overly noisy. As a result, the optimization criteria yield 

multiple maxima within the same region. By utilizing an autocorrelation function, the third 

criterion sets a minimum distance between the zero-crossings of the derivative of the gradient, 

thereby limiting the sensitivity of the response of the filter to only one point within a radius equal 

to the minimum distance. 

 

As a result of the improvements over previous edge detection formulations, Canny’s 

method proves to be the most favorable candidate for MRI segmentation. It recognizes true edge 

points and only gives single edge point responses, facilitating easier tracking of connected regions. 

Figure 22, below, shows an example of the results of the gradient method (a) and Canny’s 
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algorithm (b) on a simple curve. The important differences to notice are the sensitivities of the 

responses, and that Canny’s algorithm is a binarized set of points, while the intensities of the 

gradient pixels vary. 

 

 
Figure 22:  Detected edges:  gradient formulation (left) and Canny’s edge detector (right) 

 

3.3.3 Searching algorithm: Connected regions 

 

In characterizing the myocardial region, we take interest only in connected regions.  

Without paths that begin and end at the same point, it is difficult to characterize the edge points in 

order to define the myocardial area.  Thus, it is of the utmost importance to develop a method to 

convert the edge information from the entire image into a curve containing only the points of 

interest. In order to achieve this task, we experimented with various methods in order to extract 

only the simply connected regions outlining the myocardium. From such information we could 

then extrapolate area and thickness information. We first set out to determine the inner myocardial 

edge points, as the inner left ventricular area is most readily distinguishable from short-axis images. 

 

3.3.4 Window maximum gradient searching 

 
The first method for tracking the inner edge points consists of tracking maximum gradient 

pixels from the first (gradient) approach. First, a threshold is set over the entire gradient matrix, 

filtering out all weak edges resulting from noise. The only information that needs to be input by 

the user is the starting coordinates from which to start the edge detection. The software finds the 
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nearest edge point of significant value, and continues the searching from this point. Using a 

dynamically altering window size, a square window is centered about the current pixel. The first 

window size used is a 3x3 square. If a maximum gradient point exists within the window, it is 

deemed to be an edge point, and all of the pixel gradients within the window are zeroed, 

preventing multiple edge point responses within the window, as well as the possibility of doubling 

back over the same part of the connected region. The basic assumption that must hold true for the 

tracking to follow each path only once is that the thickness of the edge in pixels cannot exceed the 

window width. The tracking is run continuously until the window contains only zeroed pixels, and 

thus no edge points.  If the tracking has proceeded along the curve for a prespecified minimum 

number of points (10), and the path reaches a prespecified distance of 5 pixels from the starting 

point, then we have obtained the entire curve and are done with the tracking. If, however, no edge 

points are found, and the tracking has not found its way back to the original starting point, then 

the closed curve surrounding the inner LV has not been fully tracked. At this point, we look to the 

second derivative (derivative of the gradient) for more edge information. Within the same window, 

if the second derivative approaches zero, this satisfies a zero-crossing condition of the gradient, 

indicating an edge point. If a point is found, the process is repeated again with the gradient 

information, and again only goes to the second derivative if a window contains no indication of an 

edge point from the gradient values. If neither the gradient nor the second derivative values within 

the window indicate the existence of an edge point, and if the condition where the curve has 

reached the original starting point has yet to be satisfied, then the window size is increased 

incrementally until the detection algorithm finds the curve. This method is generally reliable, but 

ignores certain information, as the smallest window is a 3x3 square, from which only one pixel can 

be chosen. 

 

A slight variation to this approach was taken by searching for the path of minimum change 

in gradient from pixel to pixel. In an image with a relatively high signal-to-noise ratio, such an 

algorithm would be more effective than the previous approach, although this proved not to be the 

case for the MRI images. 
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3.3.5 Directional window search 

 
In order to improve the window searching method, directional gradient information is 

obtained in line with the tracking algorithm, determining the current direction of the edge curve. 

Figure 23(a) shows the edge curve directions for a 5x5 pixel window, centered about a point P(i,j) 

denoted by the black circle. The arrows indicate the current curve direction, which is dependent 

upon the region in which the next edge point occurs, depicted by the differently colored regions. 

The directions are determined by taking the pixel with the new maximum gradient, and subtracting 

the x- and y-components of the center point, such that we obtain the change in each of the two 

components. For example, if the new maximum gradient point lies at the point Q(i+2,j+2), which 

is the top right corner within the red region, then the vector PQ would be Q-P = (2,2). Since both 

elements of the vector are positive, we know that the curve direction is up and to the right, which 

corresponds to the search pattern highlighted in red in Figure 23(d). Figure 23(b) shows the search 

pattern for a curve direction pointing in the positive y-direction (blue), and Figure 23(c) shows the 

search pattern for a curve direction pointing in the positive x-direction brown). The other five 

patterns are the different orientations of the three patterns shown. 

 

 
                                    (a)                                                                    (b) 
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(c)                                                                    (d) 

Figure 23:  Illustration of directional window search algorithm 

The directional approach to the search window provides a significant improvement in the 

curve tracking, as it is implemented as the first pass of the tracking, so that the entire window 

search is employed only if the directional search fails. Because of the intricacies of the inner LV 

boundary, however, the tracking can be led to a region that effectively acts as a corner. This can 

cause the tracking to follow the curve to region where it loses the rest of the edge information. 

The original entire window-searching algorithm must then be utilized to find the edge once again. 

 

The final option in the tracking algorithm, if there is no longer any edge point information 

and the curve has yet to return back to the starting point, is to return to the starting point and 

check using the dynamically growing windows for any nearby edge points. Any new points are 

added to the array of curve points. Finally, the points in the curve array are ordered by starting 

with the original starting point, and finding the nearest point in the curve array, and so on. 

 

This method can be regarded as a fine-to-coarse searching algorithm, as it starts with the 

smallest possible window, thereby ignoring the least possible amount of gradient information. 

Fine-to-coarse Starting with a well-defined edge, where there is only a single response to each edge, 

would attain an improvement to this system. Accordingly, we opted to integrate Canny’s algorithm 

so that the tracking could be performed without ignoring any edge information. 
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3.3.6 Least-distance searching algorithm 

 
As previously mentioned, Canny’s algorithm gives single responses to edges, and thus 

allows for simpler, more comprehensive, and more accurate edge point tracking. The other 

difference between Canny’s algorithm and a gradient approach is that Canny’s edge detector flags 

each edge point with a boolean value of 1, and leaves all other points with a value of 0. In the 

gradient algorithm, each pixel is given a value equal to the maximum directional gradient at that 

point, and thus can be any real number within the domain. Utilizing the same 3x3 window from 

the previous searching algorithm, we determine the distance between the first point located at P(i,j) 

and Q(i’,j’): 

 

22 )'()'( jjiid −+−=  

 

The edge point within the search window for which the distance, d, is minimized is the 

next edge point along the curve. Since there is only a single response for each edge point, we do 

not need to zero all of the information within the window after we find each consecutive point, 

but rather we zero only the points that we have chosen along the path. This process ensures that 

we track all of the boundary points. 

 
 
3.3.7 Outer-myocardial boundary detection 

 
Detection of the outer boundary of the myocardium is a more difficult task than that of 

the inner boundary. Short-axis MRI images give a clearly defined inner left ventricular area, but 

there is limited information at the outer-myocardial boundary, which can be seen clearly from 

Figure 24. In order to find the boundary points, we make two observations: (1) that the outer 

myocardial boundary for each cross-section is very nearly circular; and (2) that the average radius 

of the approximately circular boundary is about twice the average radius of the inner myocardial 

boundary at diastole, if we average the distances from the centroid of the LV as determined by the 

inner-myocardial edge detection, and approximate the shape of the inner LV as a circle. A circle of 

points is then drawn at this radius, and each point is shifted to the nearest edge point as 
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determined by Canny’s algorithm. We use two criteria for optimizing the outer-myocardial edge 

detection. The first criterion involves finding the edge points that are nearest to the point 

estimated by the circle, thereby minimizing the number of false edge points that belong to other 

structures. We define the first criterion as the distance between the estimated point P(iguess,jguess) and 

an edge point Q(i’,j’) within a search window. The second criterion is based upon the need for 

connected regions, involving the minimization of the distance between tracked points. Thus, we 

define this criterion as the distance between the previously chosen point R(iprev,jprev) and an edge 

point Q(i’,j’) within the window. To optimize both of these criteria simultaneously, we multiply the 

two criteria to obtain one new criterion, which can be denoted: 

 

))'()'((*))'()'(( 2222
prevprevguessguess jjiijjiidist −+−−+−=  

 

A result of this optimization routine applied to the outer-myocardial boundary detection is 

shown in Figure 29. 

 
 
3.3.8 Local myocardial thickness 

 
One important result that can be obtained from the segmentation process is the local 

myocardial nominal thickness. This information is integral to the monitoring the effect of and 

identifying acute myocardial damage in an isolated part of the myocardium.  The thickness is 

calculated for each edge point of the inner myocardium in relation to the outer boundary points.  

Because of the complexity of the inner and outer myocardium, the local thickness is simply taken 

as the least distance from an inner point to an outer point on the myocardium. 

 
 
3.3.9 Myocardial area approximation 

 
After boundary information for the inner and outer myocardial walls has been obtained, 

we require a method of approximating the areas of the inner LV, the entire LV and myocardium, 

and the actual myocardial area. These areas are then normalized according to the diastolic area, so 
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that area information from various patients can be compared, as well as area information for the 

same individual at different cardiovascular health states. 

 
3.3.9.1 Cross-product area approximation 

 
 

The first method used in approximating myocardial area was a cross-product approach. As 

we have the boundary points along the curve, we can approximate the area of the triangle formed 

by the centroid of the region, which should inherently be located within the region, and two 

consecutive edge points, by the one-half the cross-product of the two vectors leading from the 

centroid to each of the two points. If we denote points 1 and 2 in Figure 24 as P1(i1,j1) and P2(i2,j2), 

respectively, and the centroid as G(iG,jG), then the vectors R1 and R2 become: 
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The area of the yellow triangle then becomes: 
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This method yields good results for simple regions. However, when the region becomes 

more complicated and doubles over itself, as is the case when looking at the triangle formed by 

points 5 and 6 and the centroid in Figure 24, the addition of the triangular area is not part of the 

internal area, falsifying the results. As a result, we were forced to develop a new method of 

approximating the area within the curve. 
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Figure 24:  Cross-product area approximation formulation 

 
 
3.3.9.2 Growing region area approximation 

 

In order to solve the problem associated with the cross-product area approximation, it was 

necessary to develop a more robust algorithm.  Because the inner and outer myocardial boundaries 

are simply connected regions, an enclosed pixel count estimator approach is utilized.  The success 

of the algorithm is dependent upon the region being fully enclosed, with no gaps or breaks in the 

contour.  The only required input is a single point within the boundary, such that the area 

approximation can grow from this single point until it fills up the entire area.  It was observed that 

the centroid of the inner myocardial surface lies, in almost all certainty, within both regions, and is 

thus used as a starting point for the area approximation.  The algorithm starts from this point, 

which is flagged as having been already counted, then looks at the points adjacently above, below, 

left of, and right of the point, and flags the points if they are not edge points or already counted.  

The newly selected points add one pixel each to the total number of pixels within the boundary 

and are flagged as having been counted, and each of these points are used as initialization points 

for the next iteration in the loop.  This process continues until the entire area has been accounted 

for.  Figure 25 shows a series of iterations of the area approximation. 
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Figure 25:  Growing region area approximation 
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3.4 Results 

3.4.1 Edge detection visualization 

  

An example of the above described edge detection results are presented in Figure 26. A 

sample MRI image of the thoracic area (Figure 26(a)) is processed by employing the algorithms 

described above in order to detect the edges (shown superimposed over the original image in 

Figure 26(b)). 

 

   
Figure 26:  (a) Original MRI Image (left); (b) illustration of the detected edges superimposed on 

the original image (right) 

  

The detected edges from the MRI images are used to generate a stacked series of planar 

curves, as shown in Figure 27(a).  Using Bezier curves, the planar boundaries are used to generate a 

3-D surface (Figure 27(a)) with a wireframe showing the points used for interpolation. 
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                                              (a)                                                      (b) 

Figure 27:  (a) Stacked curves; (b) Wireframe and surface 

In order to fully understand the complex three-dimensional shape of the LV walls, we 

have animated the edge information and also projected these time-dependent rendered images in a 

Cave Automated Virtual Environment (CAVETM). Three frames from the time-varying surface 

reconstruction are shown below in Figure 28.  The CAVETM is a 10’ x 10’ x 9’ virtual reality 

theater, consisting of projection screens on the front, top, bottom, and side walls. Stereo goggles 

bring two offset images into focus in front of the walls, giving the user the illusion of complete 

immersion within the simulation.  

In addition, we have performed surface reconstruction from planar images of our in-vitro 

LV model. An instantaneous frame of this reconstruction is shown in Figure 29. Comparison 

between the time-resolved in-vivo and in-vitro LV contraction-relaxation surfaces will guide the 

future development of physiologically accurate simulations and experiments. 
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Figure 28:  Time Series of LV Contraction 

 
Figure 29:  3-D In-vitro model surface rendering 
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3.4.2 Thickness measurements 

 

Figure 31 shows an example of the local thickness of the myocardium as a function of the 

angle around the myocardium as determined from the software, which an image displaying the 

local myocardial thickness (Figure 30).  The nominal values (referenced to the largest observed 

value for simplicity) are plotted versus the angle around the curve of points.  The successfulness of 

the methods in a clinical or diagnostic setting has yet to be explored, but the methodology to 

obtain the information has been developed. 

 

Figure 30: Myocardial thickness results 
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Myocardial Thickness versus Angle with respect to 
Myocardial Centroid
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 Figure 31: Myocardial thickness distribution versus angle around the myocardium 

 

3.4.3 Area approximation 

 For each plane in the set of MRI images, a curve can be determined to represent the 

temporal variation of the myocardial, inner LV, and overall LV areas.  Figure 32 shows a set of 

curves for the middle plane in the data set for twenty time instances in one cycle.  Further 

processing yields similar information for the other planes. 
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Left ventricular planar areas
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Figure 32: Left ventricular planar areas through one cycle 
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C h a p t e r  4  

4 CONCLUSION AND FUTURE WORK 

 

The purpose of this project was to develop a virtual reality environment for the 

experimental investigation and analysis of complex vortical flows, with application to 

cardiovascular hemodynamics.  An interface between experimental DPIV data obtained in our 

laboratory using our heart simulator and a state-of-the-art 3-D virtual reality system was created.  

The software creates an accurate representation of the flow under investigation for heart valve 

performance evaluation and analysis. The simulations give full 3-D visualization of heart flow 

mechanics, increasing the ability of the scientist to evaluate the fluid dynamical performance of 

mechanical heart valves.  The result is an increased capability of analyzing and interpreting 

complex three-dimensional flow fields. 

 

3-D glyphs (symbols representing informational parameters) are used to describe the flow 

in the virtual environment in a concise and informative manner.  The glyphs are shaped in the 

form of an ellipse attached to a cone, where the ellipse represents the 3-D Reynolds stress tensor, 

and the cone represents the velocity magnitude and direction at a particular point in space.  The 

glyph is color-coded according to an out-of-plane vorticity.  This new system has a major 

advantage over conventional 2-D systems in that it successfully increasing the number of 

visualized parameters from six (x, y, x-velocity, y-velocity, time, and vorticity) to eleven (x, y, z, x-

velocity, y-velocity, z-velocity, time, vorticity, and three Reynolds stress parameters), and five 

planes (or more depending upon the available data) are visualized simultaneously, rather than just a 

single plane of data. 

 

The simulation allows for instantaneous changes in the velocity magnitude and direction 

associated with each coordinate, creating a time-dependent series of frames that shows the 

dynamical nature of the flow in the CAVETM environment.  The user controls his/her viewpoint, 
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and can thus navigate through the simulation and view the flow field from any perspective in the 

virtual environment. 

 

The Virginia Tech CAVETM system used for the simulation is an immersive, 3-D 

environment composed of a 10’ x 10’ x 9’ theater, with projection screens on the front and side 

walls. Two slightly offset images projected onto the screens and floor are brought into focus by 

stereo goggles, creating the illusion of immersion within the simulation. The major advantage of 

the CAVETM system is that it is a fully networkable collaborative environment, and is now cross 

platformed for use on any computer system through a program called DIVERSETM. Thus, a 

scientist running the simulation in the Virginia Tech CAVETM could communicate with a 

cardiologist halfway across the world viewing the same simulation on a desktop PC. Avitars, which 

are essentially simple human models, virtually represent the users with in the simulation, and 

headsets are used for verbal communication between the users.  As a result, the system developed 

in this work is a fully expandable, fully networkable environment. 

 

In addition to these attained results, the capabilities of our system were improved.  By 

utilizing the super-resolution capabilities of our CMOS camera, a region of interest algorithm was 

developed to isolate the region in which our dynamically adaptive cross-correlation methods are 

performed for each time step such that this process can be updated as the frames progress and 

thus account for dynamically changing boundaries.  Accordingly, we eliminate all false flow-field 

vectors, and are able to measure wall shear stress and wall shear rate within as little as fifty microns 

of the boundary.  In addition, the wall spatial coordinate data and wall shear stress data are 

visualized in the system, again increasing the number of visualized parameters. 

 

Finally, an edge detection algorithm was developed to determine the inner and outer 

myocardial boundaries, and from this information calculate the local thickness distribution of the 

myocardium and a myocardial area approximation.  This information is integral to the evaluation 

and diagnosis of congenital heart disease and its progression, and could lead to the development of 

early detection criteria that could allow for treatment before the disease reaches the point of 

irreversibility. 
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An unfortunate limitation of this project was the inability to obtain MRI velocimetry data 

from in-vivo measurements.  The system was designed on the premise that the in-vitro flow data 

obtained in our laboratory could be compared with the actual flow through the human heart to 

validate our system, results, and conclusions.  The ability to perform this validation would be 

invaluable to the progress of our research, and would increase the significance and applicability of 

our studies.  The tools, however, were designed such that once the MRI velocimetry data is 

obtained it can be ported directly into the system.  Thus, the main focus of future work will be to 

integrate these data into our virtual environment so that the in-vivo time-varying flow data can be 

seen adjacent to the in-vitro data that is already being visualized. 
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