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ABSTRACT
This work investigates flow measurement capabilities within meso- and micro-scaled
medically relevant devices using particle image velocimetry (PIV). Medical devices can be
particularly challenging to validate due to small length scales and complex geometries, which
can reduce measurement accuracy by introducing noise and reducing available signal. Although
the sources of such problems are often device specific, the effective outcome is a reduction in the
signal-to-noise ratios (SNRs) of PIV images and correlations. This effort utilizes advanced PIV
processing and post-processing techniques to establish protocols for achieving high accuracy
PIV measurements in challenging flow environments. This investigation takes place within three
wide-ranging medically related devices. First, channel flow in a microfluidic device is
investigated to evaluate improvements in measurement accuracy gained using phase correlations
in comparison to confocal microscopy. This work found substantial improvements in error with
respect to the ensemble field for phase correlations while only moderate improvements were
observed for confocal imaging with standard processing techniques. Secondly, an evaluation of
stenting procedures was executed resulting in the first published PIV and computational fluid
dynamics (CFD) joint study on bifurcating stents. This work analyzes steady flow in three
bifurcation angles and four different single- and double-stenting procedures, which are clinically
used in coronary bifurcations. Finally, a medical device analog was evaluated to develop a
comprehensive CFD validation dataset, including a full uncertainty analysis for velocity and wall
shear stress as well as estimates for pressure fields and relevant flow statistics including
Reynolds stresses and dissipation.
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1. INTRODUCTION
1.1. Motivation
The safety and efficacy validation process is a crucial step for the development of
medical devices. Unfortunately, this process can be time consuming and expensive due to costly
animal studies and clinical trials.

Computational fluid dynamics (CFD) provides one

inexpensive alternative for preliminary device testing and is commonly performed in the initial
stages of the design process to evaluate the flow environments in and around blood contacting
and fluidic medical devices. However, CFD is not considered a standalone validation tool due to
the methods’ assumptions regarding system geometries and boundary conditions. Alternatively,
particle image velocimetry (PIV) is a well-established experimental flow measurement technique
that can be used in conjunction with CFD to provide robust flow measurements in complex flow
environments.
The use of PIV in medical device studies is often challenging due to complex flow
environments such as large velocity gradients and high dynamic ranges, as well as sub-optimal
imaging constraints resulting in poor image quality, volumetric illumination, and partial or fully
diminished visibility. Because many of these challenges are inherent of the flow system and
cannot be overcome during data acquisition, advanced PIV processing and post-processing
techniques must be used to achieve high accuracy measurements.

1.2. Objectives and Structure of Dissertation

1

The objective of this dissertation is to improve velocity estimations within medically
relevant devices by applying advanced PIV processing and post-processing tools to overcome
measurement challenges common to many medical device studies. To accomplish this task,
three PIV studies were executed in fluidic devices or medical device analogs with length scales
ranging from approximately 10 µm to 10 mm. Each study resulted in a widely varying flow
environment with drastically different image qualities, particle seeding, and background
illumination. Each of the resulting studies accounts for a chapter in this manuscript. The
following provides an introduction of the work performed for this dissertation while the
individual chapters detail the background, motivation and results relevant to each study.
The second chapter of this work discusses the use of phase-correlations and confocal
microscopy to increase the accuracy of time-resolved micro-PIV measurements within
microfluidic devices. The use of small-scaled flow devices for high-throughput lab-on-chip
diagnostics has the potential to reduce laboratory costs, speed analyses, and diminish required
sample sizes.

However, the development of such devices often requires an exhaustive

understanding of the resulting flow environment including fluid mixing, and particle or cell
motions.

Measurements within such devices are primarily performed using microscopy to

increase spatial resolution, but results in poor image quality caused by the illumination of the
entire volume of fluid. This study evaluates confocal microscopy and phase correlations to
improve the accuracy of time-resolved flow measurements. The main conclusion of this study
suggests that phase filtering provides a greater accuracy over confocal systems.
The third chapter of this work analyzes steady flow conditions in bifurcating model
arteries studying three bifurcation angles and four different single- and double-stenting
2

procedures, which are clinically used in coronary bifurcations.

Despite the atheroprone

environment in coronary bifurcations, few studies have quantified the hemodynamics occurring
in these geometries, particularly after intervention with endovascular stents. This work resulted
in the first known publication quantifying the bulk flow hemodynamics in stented coronary
bifurcations using both CFD and PIV in a 1:1 scale bifurcating coronary artery model. Although
CFD has been widely used to investigate these devices, experimental methodologies are
challenged due to complex model geometries, poor image quality, blocked visibility, small
length scales, as well as many other obstacles affecting measurement accuracy. The resulting
study found general agreements between the bulk-flow measurements of PIV and CFD.
The fourth chapter of this work is an extension of a previous study carried out within the
FDA benchmark nozzle model, a flow facility created to mimic flow environments seen in
several blood-contacting medical devices. The aim of this study is to establish a protocol for
producing high accuracy velocity and WSS measurements for CFD validation using advanced
PIV processing and post-processing techniques. Several advancements beyond the scope of the
previous study were executed to establish a comprehensive CFD validation dataset. Data was
acquired to attain spatially and temporally resolved measurements allowing for increased grid
resolution and dynamic range enhancement. Ensemble correlation was applied to improve
resolution as well as measurement accuracy. Secondly, advanced post-processing techniques
including radial basis gradient estimation schemes were employed to achieve high accuracy and
robust wall shear stress estimates, which were absent from the previous study. A full uncertainty
analysis was performed on the experimental data to allow for spatial comparisons of velocity and

3

wall shear stress with CFD. Finally, Reynolds stresses as well as energy dissipation and pressure
field estimates were computed.

4

2. IMPROVED ACCURACY OF TIME-RESOLVED MICRO-PARTICLE
IMAGE

VELOCIMETRY

USING

PHASE-CORRELTAION

AND

CONFOCAL MICROSCOPY

This chapter is republished with kind permission from Springer Science and Business
Media. Copyright © 2013 Springer Science and Business media including figures 2.1 – 2.12
originally published in the following publication:
Jaime S. Raben, Steven A. Klein, Jonathan D. Posner, Pavlos P. Vlachos. “Improved
accuracy of time-resolved micro-particle image velocimetry using phase-correlation and
confocal microscopy” Microfluidics and Nanofluidics Volume 14 Issue 3-4 pp. 431-444
(2013).
Keywords: micro-PIV, phase correlation, RPC, confocal microscopy

2.1. Abstract
Micro-Particle Image Velocimetry (µPIV) measurements often suffer from poor image
quality because of volume illumination effects, out of focus particles and low seeding densities.
As a result, measurements are typically ensemble averaged in time in order to improve the
signal-to-noise ratio (SNR) of the resulting cross-correlations. To achieve reliable, time-accurate
µPIV measurements we need to improve the SNR of the recorded images and/or the SNR
treatment of the resulting cross-correlations. In this paper, we improve image quality and crosscorrelation SNR, by comparing the use of confocal microscopy with spectral filtering. Steadystate spatiotemporally resolved data from widefield and confocal µPIV experiments were used
and cross-correlations were performed using standard techniques and the Robust Phase
Correlation (RPC) method that employs a PIV-optimized spectral filter on the cross-correlation
5

planes. The accuracy improvements were assessed by comparison against the time-averaged
ensemble cross-correlation, which currently represents the most accurate and accepted approach
for steady-state µPIV measurements. Results show 24.77% erroneous vectors for two-pass
standard cross-correlation with widefield imaging, which was reduced to 9.08% erroneous
vectors when using the RPC and confocal imaging. Furthermore, a 59.2 % reduction of error
referenced to the ensemble correlation was observed when using RPC with confocal imaging
over baseline cases. Improvements seen for RPC and confocal cases result from synergistically
improving the correlation signal to noise ratio, resulting in correlation planes with sharper
primary peaks and lower background levels.

2.2. Nomenclature
CF
Csnr
DWO
Ensemble correlation:

Eens
GCC
Isnr
PHAT:
RPC:
SCC:
WF:

confocal imaging
correlation signal-to-noise ratio based on the
ratio between the 1st and second highest peaks
discrete window offset
fields resulting from averaging correlations in
time at each vector location rather than
averaging
instantaneous
velocity
measurements in time.
error with respect to the ensemble in pixels
(combined bias and RMS with respect to the
ensemble)
generalized cross correlation
Image signal-to-noise ratio
1
phase transform filter W (k) =
C12 (k)
SNR
robust phase correlation filter W (k) =
C12 (k)
standard cross correlation
widefield imaging
6

uijens ,vijens

uij ,vij
uij ,vij

streamwise and spanwise velocity fields
resulting from ensemble correlations in units of
pixels/frame-pair
instantaneous streamwise and spanwise
velocity fields in units of pixels/frame-pair
Time-averaged velocity
Time and streamwise averaged velocity
profiles for streamwise and spanwise
components in units of pixels/frame-pair
standard deviation of time averaged fields at
each spanwise location

u j ,v j

σ uj , σ vj

2.3. Introduction
MEMS devices have long been explored for microscale mixing and transport [1],
pumping of fluids [2, 3], immunoassays and biosensors, and cell manipulation [4]. Although for
many applications time-averaged flow measurements can be adequate, as flow complexities such
as unsteadiness or sharp spatial gradients are introduced, the need to achieve time-resolved
measurements with high accuracy, becomes critical.
Until now, most µPIV studies have relied on steady-state experiments or time/ensemble
average measurements to avoid increased inaccuracy associated with temporally resolved data
[5, 6]. Although a few studies have demonstrated high sampling frequency measurements within
microfluidic devices [7, 8], this task is often difficult and can be associated with large
measurement errors. Compared to traditional macro-scale PIV, µPIV is associated with much
higher image background noise due to a volumetric illumination of both in-focus and out-offocus particles. This volume illumination arises due to the basic difference of experimental
configurations seen between macro- and micro- PIV. In macroscopic PIV, the laser plane used
to illuminate the particles is much smaller compared to the flow domain and all the particles are
7

in focus. However, for measurements within microfluidic devices, the entire fluid volume is
illuminated and the depth of focus of the microscope objective, which determines the thickness
of the measurement volume [9, 10] is much smaller, which results in contaminating the images
from the light of the out-of-focus particles.

Selective seeding has been proposed to limit

particles to a thin fluid layer at the focal depth [11]. However, this method is not applicable for
most microfluidic applications and many studies have adopted alternative methods to overcome
volume illumination obstacles, some of which are described below.
The ramification of volume illumination is a decrease in the signal-to-noise ratio of the
images (Isnr). In this work we will adopt a previous definition of Isnr as the peak image intensity
of a typical in-focus particle divided by the average background intensity [12]. Image signal-tonoise ratios may be influenced by several experimental factors including particle seeding density,
numerical aperture, and illumination intensity gradients and ultimately poor values of Isnr can
compromise PIV cross-correlations. Furthermore, correlation planes have less discernable peaks
and can result in increased erroneous measurements. To address this problem, many studies rely
on ensemble averaging to gain high fidelity information about the flow. Typical correlation
planes seen for macroscopic PIV, ensemble correlation µPIV, and instantaneous µPIV are shown
in Figure 2.1(a-c). We see that macroscale (a) and ensemble correlation µPIV (b) result in
correlation peaks that are well defined, namely sharp and highly detectable. However, ensemble
averaging is not applicable for unsteady, or non-periodic flows, limiting this technique to time
averaged conditions. In contrast, the instantaneous µPIV correlation (c) has elevated background
levels in a large portion of the plane causing the peak to be wide and “buried within the noise”
reducing both the sharpness and detectability.
8

Figure 2.1 Correlation Planes for a) macro-PIV, b) ensemble correlation µPIV, and
c) instantaneous µPIV
This challenge has been addressed by either altering experimental methods to obtain
higher quality images (directly altering image SNRs) or by enhancing PIV processing algorithms
to account for high background noise (increasing correlation SNRs) [13-17]. Both approaches
center on the rationale that increasing the SNR of either the images or the correlations will lead
to improvements in measurement accuracy and the ability to temporally resolve the flow field.
Olsen and Adrian showed that optical systems can be tuned to increase or decrease the
depth from the focal plane at which particles are visible over the background illumination [10].
Building on this, Bourdon et al. aimed to analytically and experimentally evaluate the depth of
correlation within a µPIV system based on experimental parameters including the properties of
optics and particles [13, 18]. With this in mind, a particle field may be broken up depth-wise
into in-focus regions which contribute to the correlation, out-of-focus regions which also
contribute to the correlation (depth of measurement), and out of focus particles which only
contribute to noise [12]. Nonetheless, identification and separation of signal and noise of an
image are often difficult to achieve. For example, by simply applying a background subtraction

9

to raw images, some of the uncorrelated noise may be removed [19]; however, image
preprocessing does not consistently eliminate the challenges caused by low SNR.
Several studies have utilized advanced image pre-processing algorithms to eliminate
complications from background noise. For example, Bourdon et al. aimed at changing the depth
of correlation by applying a power filter to images which raises the intensity of the entire image
by a predetermined power and assumes in-focus particles (signal) will have a higher intensity
than out-of-focus particles (noise) [19]. Gui et al. showed that digital filters are able to reduce
low frequency noise resulting lower precision error [20] and Tian et al. used a Laplacian of
Gaussian image processing method to increase image SNR [21]. Alternatively, Wereley et al.
overlapped successive images using low seeding densities, thus limiting background illumination
and maintaining a sufficient number of particles [9].
While the above techniques focus on increasing image quality after data acquisition,
confocal µPIV is an experimental method, first proposed by Park and Kihm, used to decrease the
imaging depth of field, which increases image SNR [17, 22-24]. Confocal microscopy spatially
filters light emitted outside the image plane and can result in higher µPIV SNR correlations
relative to standard µPIV imaging, as well as less depth-wise spatial averaging (higher resolution
of depth-wise velocity gradients) [17, 25]. Although conventional confocal microscopes are
limited by low temporal sampling frequencies, time-resolved measurements may be obtained by
replacing a single pinhole aperture with a pattern of many pinholes (e.g. Nipkow disk) allowing
scanning of the entire field within a shorter duration [25, 26]. These high-speed confocal
systems, coupled with accurate depth-wise scanning from piezoelectric stages allows for three
dimensional, two velocity component flow reconstructions [16, 17, 27].
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Several studies

investigating blood flow within microchannels have been conducted using such systems [16, 2832].

These studies were some of the first to accurately acquire measurements of a non-

homogenous fluid with red blood cells to investigate microcirculation.
Because confocal microscopy functions to block light from out-of-focus particles, higher
particle seeding densities are generally possible, while lower seeding densities are preferred for
widefield µPIV [25]. Furthermore, Meinhart et al. showed that the SNR could be increased in
widefield µPIV by increasing the ratio of in-focus to out-of-focus particles by altering
experimental parameters such as particle seeding density, which likewise holds true for confocal
µPIV [12]. For this reason, it is necessary to choose an appropriate particle concentration for
both confocal and widefield µPIV experiments.
A second approach to this problem is to design PIV correlation algorithms to better
perform in noisy environments while remaining independent of experimental methodology.
Conventionally, PIV correlation algorithms determine a shift between images by finding the
maximum cross correlation within a window centered at each query point. The shift is often
computed using a Fourier based correlation to improve the computational efficiency [15] and can
be coupled with a discrete window offset (DWO) [33, 34] and iterative deformation schemes
[35] to improve estimations. The Fourier based correlation with DWO was used for comparison
in this work and will be referred to as standard cross correlation (SCC) henceforth in this paper.
Several works have expanded upon the SCC with the addition of filters to attenuate noise,
for example, the generalized cross correlation (GCC) pre-filters signals based on their spectral
content [36, 37]. The phase-transform (PHAT) filter is one such filter which transforms the
cross correlation into the phase correlation through a normalization with the product of the
11

autocorrelation of the signals or equivalently the magnitude of the cross-correlation,

W (k) =

1
. Through this method, the correlation contains only phase information with a
C12 (k)

magnitude of unity and may be supplemented through the use of a priori filtering functions [38].
Eckstein et al. developed the robust phase correlation (RPC) which used the PHAT filter in
combination with an DPIV SNR filtering function in order to enhance the SNR of the DPIV
particle image pattern cross correlation. Specifically, this method estimates the SNR of the
correlation from a theoretical consideration of the signal and noise sources, which is then applied
to the PHAT as a spectral filter, W (k) =

SNR
[15]. The intensity power spectrum for a
C12 (k)

pattern of a Gaussian particle is the signal while noise contributions are computed for aliasing
and thermal noise. Other noise contributions are assumed negligible. The ratio of the signal
power spectrum, with the power spectra of the noise contributions, provides a final
representation of the SNR. Ultimately, the SNR is applied as a filter to the correlation prior to a
transformation back into the spatial domain.

Because the RPC utilizes a phase-only

transformation in the spectral domain, spectral magnitude information is provided only by the
use of this SNR, thus providing a correlation plane more similar in shape to a Dirac function
(Figure 2.2b) with higher SNR than would be obtained from SCC (Figure 2.2a). The correlations
resulting from this scheme have more discernable peaks in comparison with those derived from
conventional cross correlation methods and yield more accurate measurements [15].
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Figure 2.2 Correlation planes for a) instantaneous µPIV processed with the
standard cross correlation b). instantaneous µPIV processed with the Robust Phase
Correlation (RPC)
This study aims to compare confocal and widefield µPIV in combination with SCC and
RPC filtering and determine the improvements that can be achieved by combining confocal and
RPC for time-accurate µPIV measurements. We use steady-state flow in order to allow for
comparison of the instantaneous measurements against ensemble-averaged cross-correlation.
Specifically, the performance metrics we consider are the percentage of outliers and the
instantaneous measurement difference with respect to the ensemble correlation fields as a
function of image and correlation SNR. We will also refer to this difference as the error of the
instantaneous measurement, considering the fact that the ensemble correlation provides the
closest approximation of the true value at a given point, although it would not account for any
variability that may be present in the flow. In doing so, this work evaluates the individual and
combined effects of confocal or widefield imaging with RPC or SCC algorithms that may be
utilized to increase image quality and cross correlation SNR and relates these enhancements to
measurement improvements. This analysis demonstrates scenarios where the individual and
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combined use of confocal imaging and advanced processing algorithms are beneficial as well as
cases where only incremental improvement can be achieved.

2.4. Methodology
2.4.1. Experimental Methodology: Confocal versus Widefield µPIV
The experimental data presented in this paper originally appeared in the publication by
Klein and Posner [25]. However, all image and PIV processing and analysis presented herein is
original and has been newly performed in its entirety.

Analysis using synthetic data was

excluded due to the limitations of artificial image generation. These limitations include the
assumption of perfectly Gaussian particle images under ideal experimental conditions.
Additionally, an analysis using synthetic images has been performed for RPC versus
conventional processing algorithms [15].

For completeness, the information related to the

experiment execution and acquisition of the images is presented below. Widefield and confocal
µPIV images were acquired using a Nikon TE2000 epifluorescent microscope, Phantom v12
CMOS digital camera, BD CARV II Confocal system, a 60X water immersion objective (NA =
1.2) and illumination was provided using a DPSS continuous laser. For confocal data sets, a
Nipkow spinning confocal disk was placed in-line with the camera, which is capable of speeds
up to 12500 rpm allowing capture rates of 2.5k Hz.
Poiseuille flow was measured in a 24um deep, 100um wide PDMS channel 2 mm
downstream of a bifurcation (Figure 2.3). Fluorescent tracer particles with a 500nm diameter
were used to seed the flow. Measurements were conducted with particle seeding densities of
0.05%, 0.15%, 0.3%, 0.45%, 0.6%, 0.75% and 1.0% by volume at distances of 3um, 12um, and
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21um from the nearside channel wall. Images were acquired using an exposure time of 1.2ms
and a delay between exposures of 5ms for a frame rate of 200Hz. A full description of the
experimental design may be found in Klein and Posner [25].

Figure 2.3 Schematic of channel geometry. Depth, d = 24µm,	
   width,	
   w	
   =	
   100µm.	
  
Flow	
   direction	
   is	
   left	
   to	
   right	
   and	
   images	
   were	
   acquired	
   2mm	
   downstream	
   of	
   the	
  
bifurcation.
Image statistics were generated for both widefield and confocal cases to investigate
image quality based on seeding density.

As seeding density (volume fraction) increases,

additional out-of-focus particles are present and contribute to a higher background illumination,
while in-focus particle intensities remain unchanged. For this reason, increases in volume
fraction result in decreases in the SNR of the images.
For all cases, Isnr was calculated by isolating particles using a local maximum detection
scheme. Intensity thresholding was performed to identify in-focus particles by assuming that
typical in-focus particles will be brighter than out-of-focus particles. This is a reasonable
assumption as shown by Olsen and Adrian [10] who demonstrated the relationship between
particle peak intensity with distance from the object plane. The peak intensity of the identified
particles was averaged and then normalized by the median intensity of the entire image (Figure
2.4). Here the median intensity was used due to the statistic’s robustness against outliers
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compared to the mean. While anomalies may occur due to variance among particle properties,
this approximation provides a reasonable estimate for the Isnr. Results followed the expected
trends with confocal cases having larger Isnr values with respect to widefield cases and Isnr values
decreasing with increasing volume fraction. Futhermore, the two near-wall cases (3µm and
21µm) in general are associated with higher Isnr values in comparison to those at the center of the
channel.

Figure 2.4 Signal to noise ratio of images for confocal (filled markers) and widefield
(unfilled markers) methods for all volume fractions. Square markers indicate an imaging
depth of 3µm, circles indicate 12µm and triangles indicate 21µm with respect to the
nearside channel wall. Shaded regions indicate one standard deviation band.

2.4.2. Processing schemes
All data was processed using the open source software, Prana, developed in-house that
enables both RPC and SCC processing (‘http://sourceforge.net/projects/qi-tools/’). The software
used in this work has been tested on various data sets resulting in several publications [15, 38].
16

Data was processed using both single pass and two pass correlations with rectangular windows
and 75% window overlap. Window resolution was set at 96x48 pixels for pass one and 48x24
pixels for the second pass using a discrete window offset. These settings were chosen to
consider both the maximum displacement of particles in pixels as well as the number of particles
per window.

Rectangular windows were chosen due to small transverse velocities.

intermediate validation was performed for the two pass correlation processing.

No

The RPC

processing included a Gaussian apodization window maintaining constant window resolution in
comparison to the SCC which contained no windowing to represent a baseline case [39].
Gaussian apodization windows more heavily weight contributions from the center of the window
in comparison to edge locations; however, to maintain an equivalent signal quantity used in
conventional cross-correlations, window sizes are increased. Windowing schemes, such as the
one used here, reduce wrap-around aliasing caused by the periodicity assumption of fast Fourier
transforms.
For the purpose of establishing a basis for comparison, ensemble correlation is performed
for each dataset and for all conditions (widefield/confocal, RPC/SCC) by averaging the
correlations at each vector location in time. Ensemble correlation fields were produced with
spatial resolutions equivalent to both one and two pass processing. Because no true solution is
available for experimental data, the ensemble correlation fields are used as a reference and
assumed to be the best available approximation of the flow field. Ensemble correlations show
improvement over time-averaged fields specifically in the case of erroneous correlations where
secondary peaks at the “true” location still contribute to the ensemble measurement. Conversely,
time-averaged fields only average displacement information from the primary correlation peak.
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Given that the flow of interest represents a laminar channel flow, this approach provides the
means to test the fluctuations of the instantaneous measurements against a corresponding
experimentally observed baseline. However, only a bias error with respect to the ensemble can
be estimated and the total bias error inherent in the measurements cannot be directly determined.
Given that the field under consideration here corresponds to a laminar channel flow, sources of
bias error such as shear or Brownian motion would be common for both instantaneous and
ensemble measurements although possibly more amplified for the instantaneous measurements.
However, it is reasonable to expect that the bias error would be on the same order for both
instantaneous and ensemble measurements, hence by estimating the difference between the two
the RMS measurement error would be the most dominant parameter.

2.5. Results and Discussion
Ensemble correlation fields were averaged in the streamwise direction and resulting
velocity profiles are shown in Figure 2.5 for a volume fraction of 0.45% taken at a height of 3um
for all possible processing combinations considered herein. The theoretical profile of fully
developed flow in a rectangular duct is shown for comparison and displays good agreement [40].
An asymmetry is observed normal to the flow direction for all experimental and processing cases
and most likely is the result from a geometric bifurcation in the channel upstream from the field
of view. SCC cases resulted in poor correlations at inlet and outlet locations due to in-plane loss
of correlation from particles entering and exiting the interrogation window. For this reason, the
averaged velocity profiles were calculate after cropping inlet and outlet regions and averaging
along the streamwise direction of the remaining field.
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For all the cases analyzed, good

agreement was observed for the measured velocity profiles with an average difference of 0.14
pixels between RPC and SCC cases.

Figure 2.5 U velocity profiles for volume fraction 0.45% at a height of 3um. Average
difference of 0.14pix between RPC and SCC ensemble profiles. The theoretical profile for
a square channel is shown using a solid line.
Due to the good agreement between RPC and SCC measurements, RPC ensemble
correlation fields were referenced against instantaneous measurements for all cases.
Comparisons were performed in a point-by-point fashion to account for any experimental
inconsistencies along the length of the channel.
Two metrics were utilized to evaluate each test case, percent erroneous vectors (PEV),
and error/difference with respect to the ensemble using bias and RMS values. Finally, we will
explore the relationship between correlation SNR and image SNR and relate the findings to the
performance of each of the processing and experimental methods in consideration here.
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2.5.1. Outlier Detection
Several outlier detection schemes were initially considered to identify erroneous
measurements; however, many of the conventional methods failed at robustly identifying bad
vectors. For example, the universal outlier detection (UOD) identifies bad measurements by
comparing query points with a threshold based on the median of neighboring values [41].
However, for this data, the UOD often incorrectly identified measurements as erroneous within
high shear (near wall) regions because neighboring values differed greatly with the query point.
Similarly, bootstrapping [42] demonstrated difficulties at boundary locations where extrapolation
takes place as opposed to interpolation and as a result it was not considered further for this
analysis.
First, regions of the flow field that repeatedly resulted in erroneous measurements were
determined using the time-averaged field ( uij ,vij ). Figure 2.6 indicates regions with a high
frequency of erroneous measurements for RPC processing (results averaged over heights,
volume fractions and imaging method), and although not shown, similar results are seen for SCC
processing. Here, a mean velocity profile ( ui ,v j ) was calculated for each case by averaging
instantaneous fields in time and in the streamwise direction while excluding inlet and outlet
regions of the flow. These regions were excluded as measurements at inlet and outlets were
expected to be problematic because of in-plane loss of correlation [43]. The average standard
deviations of ‘U’ and ‘V’ velocity measurements ( σ uj , σ vj ) were calculated from the timeaveraged field for each spanwise location across the channel. Vectors from the time averaged
field were flagged as erroneous if a measurement was greater than two average standard
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(
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deviations from the calculated mean uij − u j ≥ 2σ uj or vij − v j ≥ 2σ vj . Locations of erroneous
measurements are reported in Figure 2.6 as a percentage of all cases processed with the RPC.
Figure 2.6 suggests that inlet/outlet and wall locations are often troublesome, even in the
case of time-averaged measurements. As mentioned above, inlet/outlet locations have a high
frequency of erroneous measurements due to loss of in-plane correlation while near wall
locations are characteristic of high velocity gradients. As mentioned above, regions of poor
measurements are more prevalent for time-averaged fields where velocity measurements are
averaged directly in contrast to ensemble correlation fields where correlations are averaged in
time.

Figure 2.6 Problematic regions of time-averaged fields reported as percent across all
RPC cases. Erroneous measurement in time-average field were averaged over height,
volume fraction, and imaging technique. Results for RPC (shown above) indicate
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problematic regions at inlet/outlet and near wall locations which is also observed for SCC
cases (not shown).
Next, instantaneous erroneous measurements were determined using an outlier detection
scheme that relies on the steady nature of the flow by comparing instantaneous measurements
with the ensemble correlation field.

Measurements with velocities deviating more than 1

pixel/frame-pair from the RPC ensemble correlation fields ( uijens ,vijens )were flagged as erroneous

(uij − uijens )2 + (vij − vijens )2 > 1 pix . Where uij and vij are instantaneous streamwise and spanwise
velocities in units of pixels/frame-pair. A threshold of 0.5 pixels/frame-pair was also considered
but was deemed too stringent as it resulted in the false identification of apparent valid
measurements.
Outlier detection was performed after the first pass for one-pass processing and only after
the second pass for two-pass processing. The resulting PEV for each case are shown in Figure
2.7 for one pass processing (a) and two pass processing (b). Reported values are averaged across
heights 3um, 12um, and 21um for each volume fraction using 1000 frame-pairs. It should be
noted that because no intermediate validation is performed between passes for the two-pass
analysis and the window size is decreased between pass one and two, results can occasionally
lead to increased number PEV in comparison to one pass.
In general, the RPC showed a reduction of approximately 15-20 percentage points for
PEV in comparison to the standard correlation. As highlighted in Figure 2.6, near wall and
inlet/outlet regions of the flow field are challenging for RPC processing. However, PEV is
further increased for cases processed using the standard correlation most likely due to the

22

absence of apodization windowing. Nonetheless, the SCC continued to struggle several vectors
in-ward from the boundaries.
The advantage of confocal over widefield is observed for most cases, and shows most
improvement at high volume fractions. This result is expected, as higher seeding densities will
more significantly degrade image SNR for widefield data in comparison to confocal.
Furthermore, cases with moderate volume fractions (0.3% to 0.6%) appear to perform superiorly
in comparison to cases with high or low fractions. This result can be attributed to the fact that
high volume fractions corrupt the measurement due to excessive background noise caused from
out-of-focus particles, while low seeding densities lack a sufficient number of particles for an
accurate correlation [25].
The PEV calculated for a volume fraction 0.15% shows large deviations from the
ensemble. After calculating the average flow rate over time, it was determined that this case
presented some inherent unsteadiness by comparison to other volume fractions. For this reason,
the outlier detection scheme likely flagged valid vectors as erroneous for both RPC and SCC
cases presenting a limitation in PEV values for the 0.15% case. Nonetheless, results for this case
were included in our analysis as the remaining analysis was performed on valid measurements
for all data cases. Large deviations from the ensemble correlation field were also observed for
0.05%, however for this case unsteadiness was not observed and therefore it is concluded that
high deviations are due to poor signal quality from low seeding.
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Figure 2.7 Percent Erroneous Vectors for each volume fraction for RPC (squares)
and SCC (circles), with filled symbols indicating confocal and open symbols indicating
widefield. One-pass processing (a), two-pass processing (b). Erroneous measurements
were determined by differences from the RPC ensemble.
In general, the RPC demonstrates improved performance over the SCC (Figure 2.7)
reducing average PEV from 30% (SCC) to 7% (RPC) for one-pass and 24.8% to 11.2% for twopass cases taken under widefield conditions. Additionally, confocal cases with high volume
fractions have fewer erroneous vectors in comparison to widefield cases. When compared to the
work by Klein and Posner [25], the current PEV results show an increase in erroneous vectors
that may be attributed to changes in processing as well as a more stringent validation metric.
One important result revealed from Figure 2.7 is that the RPC performs comparably for
both confocal and widefield cases, while the SCC noticeably depends on the imaging method.
This finding suggests that the RPC provides a robust processing scheme that is less influenced by
the background noise and volume illumination effects present in the widefield images, which can
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be explained by considering the properties of the RPC algorithm. When two images are crosscorrelated, the image background intensity is manifested in the magnitude of the crosscorrelation [44]. Conversely, the particle pattern displacement information is contained in the
phase space. During the RPC, the normalization of the cross-correlation with the product of the
autocorrelations of the two images that are being cross-correlated (PHAT) [36], removes
magnitude information, allowing for the displacement to be resolved directly in the phase
domain. As a result, intensity contributions from the background do not impact the correlation.
In addition, the PIV optimized spectral filter (RPC) restores the Gaussian intensity profile of the
imaged particles allowing for the three-point Gaussian subpixel position interpolator used during
on the correlation peak to perform optimally [15].
These steps are illustrated for comparison in the typical correlation shapes from the SCC,
GCC (with PHAT normalization), and RPC (GCC with SNR weighting function) as shown in
Figure 2.8 for widefield and confocal data. In this figure, the correlations were normalized by
the maximum peak value (values set between 0 and 1) to allow comparisons between cases.
Figure 2.8a,d indicate a reduction in background levels for confocal (Figure 2.8d) in comparison
to widefield (Figure 2.8a) illustrated both by a sharper peak but also a reduction of the
correlation pedestal for the RPC processing.

This observation supports improvements for

confocal over widefield data when processing with the standard correlation. However, the
background level for GCC (Figure 2.8b,e) is similar for both widefield and confocal cases
effectively illustrating the removal of the background information from the correlation plane.
Moreover the resulting peak is sharp and narrow. The correlation base for the GCC processing is
comprised of small and narrow peaks that result from the fact the GCC equally weights all
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possible displacements (spatial frequencies). Background levels between confocal and widefield
are also similar for RPC correlations but they are further reduced in comparison to GCC while
the peak is now wider and approximately three-pixels in diameter. This result is due to the RPC
spatial filter, which alters the spatial frequency weighting according to the SNR DPIV-optimized
filter. By comparing the confocal SCC and RPC planes we note that there are also differences in
the magnitude content between the two, with the RPC resulting is a slightly better defined peak.
The results suggest that the combination of RPC with confocal would likely yield improved
results by virtue of the fact that the confocal imaging will not be able to eliminate all background
signal. Moreover it should be noted that results could be further improved if the transfer function
of the optical system can be determined and incorporated in the RPC filter allowing the method
to be optimized not simply for PIV but between PIV imaging systems and different experiments.
Such an investigation is the subject of ongoing efforts.
To highlight comparisons between experimental method and processing algorithms,
PEVs were averaged across volume fractions and heights and are listed in Table 2.1 with
minimum and maximum values computed after averaging across all heights. By comparing the
improvements seen by using both confocal and RPC filtering as opposed to baseline methods
(widefield SCC), we see a reduction in percent erroneous vectors from 24.77% (SCC WF) to
9.08% (RPC CF), which represents the largest improvement. These results also demonstrate that
on average, confocal cases result in fewer erroneous vectors, but a larger reduction in erroneous
measurements can be gained by using the optimized phase-filter
methodology.

(RPC) processing

Maximum values of PEV consistently occurred at the two lowest volume

fractions for both RPC and SCC, which is consistent with the unsteadiness observed at a seeding
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density of 0.15% as well as insufficient signal due to shortage of particles. Minimum values of
PEV were seen at moderate to high volume fractions for RPC and at moderate volume fractions
for SCC.
Table 2.1 Percent erroneous vectors. Values listed are min, max and average for all
volume fractions and heights.
% bad vectors

Confocal

Widefield

min%, max% (mean%)

min%, max% (mean%)

1 pass RPC

1.7, 20.4 (6.48 )

1.3, 24.4 (7.26 )

1 pass SCC

21.0, 35.5 (26.39 )

24.3, 42.3 (30.53 )

2 pass RPC

1.5, 24.9 (9.08 )

1.9, 30.6 (11.44 )

2 pass SCC

14.9, 42.4 (22.63 )

14.9, 39.9 (24.77 )
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Figure 2.8 Typical correlation shapes for SCC (top row), Normalized correlation
(middle row), and RPC (bottom row) for widefield (left column) and confocal (right
column).
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2.5.2. Error with Respect to the Ensemble: Bias and RMS
The second evaluation metric evaluates the difference between instantaneous
measurements with respect to the ensemble.

This metric was evaluated only for valid

measurements as determined by the above outlier detection scheme. Bias was calculated as the
difference
( bias =

(u

between

ij

− uijens

the

) + (v
2

ij

time-averaged

− vijens

)

2

field

and

the

ensemble

correlation

field,

) while the RMS was calculated with respect to the temporal

mean of the instantaneous correlations ( RMS = (uij − uij )2 + (vij − vij )2 ). The bias and RMS
were combined into a single value Eens , which represents the error with respect to the ensemble
correlation at each vector location in time ( Eens = RMS 2 + bias 2 ).
Eens was averaged along the length of the channel and is shown in Figure 2.9 to display
the dependence of spanwise location on error. For brevity, we have only included results for
two-pass processing; however, all cases are summarized in Figure 2.10 as the median of the error
with respect to the ensemble.
This evaluation metric indicates that cases processed with RPC performed superiorly to those
processed with SCC, especially at high volume fractions. Confocal cases processed with RPC
(Figure 2.9a) perform the poorest at low volume fractions. In these cases, it is probable that an
insufficient number of particles are located within each interrogation window. However, for this
processing scheme, cases with VFs above 0.15% all appear to deviate from the ensemble
correlation by approximately 0.4 pixels. This finding suggests that the combined use of RPC and
confocal techniques reduces the influence of seeding density on measurements and permits the
use of more densely seeded flows, thus creating possibilities for improved spatial resolution.
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Similar results are seen for widefield cases processed with the RPC (Figure 2.9b) where cases of
high VF are observed to perform better than those of low seeding densities. Slight variations in
the error with respect to the ensemble correlation indicate marginal performance improvements
for moderate volume fractions. Nonetheless, both of the aforementioned cases suggest that
sparse seeding is problematic for the RPC, while the method is better suited to overcome
obstacles from high volume fractions.
Similarly, confocal cases processed with the SCC also suffer at low volume fractions as
indicated by Figure 2.9c, and variations of seeding densities above 0.15% had minor influences
on results. This observation reiterates the notion that both confocal and RPC techniques act to
filter contributions from out-of-focus particles, but cannot correct for insufficiently seeded flows,
and therefore perform best at moderate to high volume fractions.
As expected, widefield cases processed with the SCC (Figure 2.9d) perform significantly
worse at high VFs in comparison to low volume fractions. An increase in deviation from the
ensemble correlation is seen at the center of the channel where velocities are largest. The
influence of VF is more pronounced for these cases as no experimental or processing filtering is
performed. Therefore, significant improvements for moderate volume fractions are observed.
Additionally, the correlation of slightly out-of-focus particles increases the effective seeding
density thus reducing problems at low VFs. However, this effect is only beneficial for flows
with small depth-wise velocity gradients and can act to bias velocity measurements for high
spanwise gradients.
The median of the error with respect to the ensemble correlation was calculated by
including deviations from ‘U’ and ‘V’ velocity components. Here, the median error was used as
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opposed to mean values to limit influences from outliers. Results are summarized in Figure 2.10
for one pass (a) and two pass (b). The dependence of volume fraction on error with respect to the
ensemble correlation is illustrated in Figure 2.10 with cases of high and low volume fractions
deviating more in comparison to moderate volume fractions for all cases (RPC/SCC, WF/CF).
As expected, confocal cases were observed to perform superiorly for high volume fractions while
widefield cases performed better for low volume fractions. In general, the RPC displayed
improved performance over the SCC for one and two passes for both confocal and widefield
imaging.
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Figure 2.9 Error with respect to the ensemble correlation (Eens) in pixels for confocal
(a,c) and widefield (b,d), averaged across heights. Only valid measurements were used in
this calculation and erroneous measurements were determined using temporal validation.
Two-pass processing, RPC(a,b), SCC(c,d). Values include RMS and bias from ‘U’ velocity
component only.
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To highlight comparisons between experimental method and processing algorithms, the
median of the error with respect to the ensemble correlation fields were averaged across volume
fraction and height, and are listed in Table 2.2 with minimum and maximum values determined
after averaging across all heights. For two-pass processing with confocal and RPC filtering as
opposed to baseline methods (widefield SCC), we see a reduction in error with respect to the
ensemble correlation of 59.2%, which represents a best-case scenario.

Secondly, a 55%

reduction in error with respect to the ensemble correlation is observed for baseline (widefield)
imaging when utilizing RPC processing over SCC. Alternatively, the use of confocal over
widefield imaging with baseline (SCC) processing shows a 37.5% reduction in error with respect
to the ensemble. Minimum error values occurred at moderate volume fractions while maximum
errors resulted from both high and low seeding densities for SCC and primarily low seeding
densities for RPC. These results highlight the notion that filtering, whether applied to image
acquisition or directly to correlations, can lead to improvements in error with respect to the
ensemble; however, the use of advanced processing has a larger impact than the confocal
imaging for the measurements presented here.
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Figure 2.10 Median error with respect to the ensemble correlation (pixels) valid
measurements for a) one-pass and b) two-pass. Bars denote 1 standard deviation with
respect to the median.

Table 2.2 Error with respect to the ensemble correlation (pix). Values listed are
min, max and average for all volume fractions and heights.
Error with respect to

Confocal

Widefield

ensemble (pix)

min, max (mean)

min, max (mean)

1 pass RPC

0.4, 0.9 (0.39)

0.3, 0.9 (0.48)

1 pass SCC

0.4, 1.0 (0.67)

0.4, 1.4 (0.65)

2 pass RPC

0.4, 0.8 (0.43)

0.4, 0.7 (0.50)

2 pass SCC

0.6, 1.4 (0.76)

0.6, 2.6 (1.40)

2.5.3. Correlation SNR versus Image SNR
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For this work, the correlation SNR (Csnr) was defined as the ratio of the first to the second
highest peak of the correlations, as described by previous works [45, 46] and Isnr was defined as
the average peak intensity of in-focus particles over the median intensity of the image. The
definitions for Isnr and Csnr used in this study provide estimations of the true signal-to-noise ratios
of the images and correlations. Ideally, SNRs would incorporate all energy information from
signal and noise contributions as opposed to simply using the peak ratios (of intensity or
correlation) as done in previous works. For example, PIV images of sparsely seeded flows may
result in high Isnr values due to low background illumination. However, these images also
contain fewer in-focus particles contributing to the signal in contrast to fields with higher seeding
densities which is not accounted for through using an intensity ratio. A similar argument holds
for Csnr, where a ratio of the peaks does not accurately represent all energy contributions from
signal or noise.
The task of distinguishing signal contributions from noise is often difficult and has yet to
be fully addressed in the PIV community. Such ability would provide a means to improve PIV
processing as well as data evaluation such as outlier detection and will be considered for future
work. Nonetheless, the SNR definitions used in this work are reasonable approximations and
demonstrate a relationships between image and correlation SNR and measurement error.
For this work, Csnr was calculated for the first pass under the rationale that additional
passes provide only refinement from the initial velocity estimation. Csnr and Isnr were determined
at each vector location for all time instances and median values for both parameters were
calculated from all data points.
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A plot of median of the error with respect to the ensemble correlation versus Isnr is shown
in Figure 2.11 for valid measurements. In this plot, data points with moderate Isnr values
correspond to superior performance in comparison to data with either low or high values of Isnr.
Counterintuitively, data points with high image SNRs display high error with respect to the
ensemble. However, these data points result from low VF cases with an insufficient number of
particles per window. More specifically, this result can be explained by considering the amount
of signal available in low VF cases. Although the intensity ratio of in-focus particles to the
background is large, the quantity of signal is low, thus resulting in high error with respect to the
ensemble. This result shows us that image signal quantity in addition to image quality is
important for low error measurements. Alternatively, data with low image SNRs are high VF
cases with high background illumination, also causing poor measurements. The RPC algorithm
demonstrates improvements over SCC in error but the parabolic trend still persists for both
processing methods. This result suggests that image SNR is not directly proportional to error
with respect to the ensemble correlation and that other factors, such as the number of particles
per window, influences measurement ability.
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Figure 2.11 Median error with respect to ensemble correlation versus Image SNR
for valid measurements.
A plot of error with respect to the ensemble correlation versus Csnr is shown in Figure
2.12. A distinction between Csnr for RPC and SCC is observed. As mentioned above, the RPC
algorithm inherently produces correlations shaped similarly to the Dirac delta function and thus
peak ratios are often large in comparison to SCC correlations (Figure 2.2). For this reason, values
of Csnr may not be directly compared between RPC and SCC methods.

Nonetheless,

comparisons within processing methods provide insight into relationships between error with
respect to the ensemble correlation and Csnr.
As mentioned above, a clear distinction between Csnr values for RPC and SCC is observed with
RPC cases having larger Csnr values in comparison to SCC cases. Additionally, the ratio of
maximum to minimum Csnr values is similar (approximately two) for both RPC and SCC cases.
However, contrasting behaviors are seen between the two groups with RPC exhibiting minor
variations in error with respect to the ensemble correlation and SCC cases exhibiting large
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variations. Nonetheless, both RPC and SCC cases display trends that show higher values of Csnr
corresponding to lower error with respect to the ensemble.

Figure 2.12 Median error with respect to ensemble correlation versus correlation
SNR. Valid measurements only.

2.6. Conclusion
This work highlights the importance of using a combination of techniques to improve
both image and correlation signal to noise ratios to achieve high fidelity time-resolved µPIV
measurements. This study identified improvements gained through the independent use of either
RPC processing or confocal imaging systems. A reduction in percent erroneous vectors from
24.77% (widefield SCC) to 11.44% (widefield RPC) was observed along with a 55% reduction
in error with respect to the ensemble correlation by using RPC without confocal imaging.
Additionally, we observed a reduction in PEV from 24.77% (confocal SCC) to 22.63% (confocal
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SCC) and a 37.5% reduction in error with respect to the ensemble correlation when
implementing confocal imaging with baseline processing methods. These results suggest that the
use of RPC processing provides a more significant improvements of PEV and error with respect
to the ensemble correlation in comparison to the improvements gained through the use of
confocal microscopy alone.
The use of RPC processing and confocal imaging have both shown large improvements
over baseline methods in cases of high and low volume fractions by overcoming either excessive
background illumination or an insufficient number of particles per interrogation window. While
moderate volume fractions may result in reductions in PEV and error with respect to the
ensemble, the filtering methods discussed here may provide a means for resolving data with
higher spatial resolution through increased seeding densities.
Finally, we consider the image and correlation signal-to-noise ratios in relation to the
error with respect to the ensemble. Error with respect to the ensemble correlation was seen to
increase for both low and high values of Isnr, which correspond to interrogation windows with
either an insufficient number of particles or high background illumination, respectively.
Conversely, the relationship between error with respect to the ensemble correlation and Csnr
highlighted the difference in behaviors between RPC and SCC cases with SCC data showing a
wider range of error values in comparison to RPC. Specifically, this result suggests that the RPC
is more equipped to process data with high and low signal-to-noise ratios.
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3. LOCAL BLOOD FLOW PATTERNS IN STENTED CORONARY
BIFURCATIONS: AN EXPERIMENTAL AND NUMERICAL STUDY
3.1. Abstract
Despite the atheroprone environment of blood flow in coronary bifurcations, limited
quantitative information is available on the hemodynamics occurring in these geometries,
especially after their treatment with endovascular stents. To the authors’ knowledge, this is
the first publication quantifying the bulk flow hemodynamics in stented coronary bifurcations
employing a combination of both Computation Fluid Dynamics (CFD) and Digital Particle
Image Velocimetry (DPIV) in a 1:1 scale bifurcating coronary artery model.
This work analyzes steady flow conditions in three bifurcation angles and four
different single- and double-stenting procedures, which are clinically used in coronary
bifurcations. The numerical aspect of this study utilized geometries derived from CAD
models (non-stented cases) and finite element simulations (stented cases). DPIV testing was
conducted within compliant bifurcating models, quantifying the velocity flow field.
Uncertainty analysis was performed at each measurement location for the purposes of CFD
validation.
Results were analyzed in terms of velocity magnitude contour maps and axial velocity
profiles at several locations in the bifurcated vessels. Qualitatively the two approaches
showed agreement in the bulk flow patterns. However the velocity computed with CFD was
outside the DPIV uncertainty estimates which can be attributed to the intrinsic differences
and modeling assumptions of the two approaches. The findings reveal that wider bifurcation
angles and double-stenting procedures are both characterized by increased areas of low flow
43

and recirculation. Additionally, inferior performance in terms of viscous and wall shear
stresses was observed in double stented cases.

Keywords: Coronary bifurcations, Stent, In vitro bench tests, Digital Particle Image
Velocimetry, Finite element model, Computational Fluid Dynamics

3.2. Introduction
Coronary stenting is the most common treatment to restore blood flow in
atherosclerotic coronary arteries. Despite the high occurrence of this procedure, failures
associated with hemodynamic alterations from vascular stenting, including in-stent restenosis
and late thrombosis, have yet to be overcome [1, 2]. Improvements in validation techniques
for interventional strategies and medical device designs are necessary to surpass these
shortcomings by expanding our understanding of these biomechanical environments.
Unfortunately, current in vivo imaging systems are not able to provide accurate quantitative
information on coronary stented arteries in terms of 3D stent deformations, velocity
measurements, or arterial stresses occurring during the intervention. Consequently, in vitro
experiments and numerical models have become essential and widely adopted tools in this
field [3].
Numerical methods such as finite element models or computational fluid dynamics
(CFD) utilize mathematical models of medical devices and biological tissues to determine the
mutual interactions of these components in terms of deformations, stresses, and resultant flow
fields [4-6]. However, numerical models are often sensitive to assumptions including the
geometry, mechanical behavior, and boundary conditions of the system, and therefore need to
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be verified and validated with in vivo or in vitro measurements to increase the reliability of
results. This process may be challenging, especially in complex biological systems [7] such
as stented arteries.
Alternatively, in vitro bench testing typically consists of the physical deployment of
stents in synthetic arterial models. Micro-CT systems may be used to quantify stent
deformations [8], while flow measurement techniques, such as Digital Particle Image
Velocimetry (DPIV), can provide hydrodynamic analyses [9-11]. Such techniques are widely
accepted in the interventional cardiology community as they have been used extensively and
successfully, having demonstrated their ability to achieve realistic deployments and deliver
high fidelity measurements. However, in vitro experiments often entail high technical
expertise and costly equipment to prepare complex experimental setups, and consequently, a
low number of studies include both experimental and numerical methodologies [12-15]
despite the shortcomings of each standalone method.
This study aims to compare local flow patterns resulting from steady flow in stented
and non-stented coronary bifurcation models using DPIV [9, 10] and numerical [16] methods.
In doing so, this paper outlines a methodology for performing each standalone method as
well as a means for comparison between the techniques by providing measurement
uncertainty for DPIV velocity estimates. To the authors’ knowledge, this is the first published
in vitro investigation using DPIV to quantify flow in stented bifurcating vessels, thus
establishing the foundations for future studies with higher physiological relevance accounting
for more complex geometries and pulsatile flow waveforms. A total of four different stenting
techniques and three bifurcation angles were investigated using DPIV and CFD to determine
each method’s ability to quantify the influence of stenting procedures and bifurcation angles
on flow environments. Our analysis investigates the hemodynamic influence of higher side
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branch (SB) angles and double stenting procedures. Ultimately, this work explores the
inherent differences between the current experimental and numerical methodologies used to
assess complex biomechanical problems such as stenting procedures.

3.3. Materials and Methods
3.3.1. Experimental Methodology
Bifurcating synthetic models with SB angled at 30°, 60° and 90° were fabricated
through a casting process using PDMS (Dow Corning Sylgard 184) at a mixture ratio of 1:10
resulting in a modulus of elasticity of approximately 1.0 MPa to approximate physiologically
observed arterial compliance [9]. The lumens of each model were created using 3.96 mm
main branch (MB) and 2.77 mm (SB) steel rods that were fit together at different angles
through an inset hole on the larger rod and centered in a casting mold resulting in a 0.4 mm
wall thickness. Only models with uniform wall thickness and without bubble defects were
used to ensure uniform compliance and optical clarity for DPIV. The branches of the
resulting arterial models had constant and straight lumen diameters, as well as uniform wall
thickness, which differ from physiologically observed tapered and curved arteries. Despite
the fact that only steady flow was considered herein, the use of compliant vessels in the DPIV
experiments was necessary for reproducing physiologically relevant stent deployment and
vascular geometric alterations in the bifurcating vessel caused by the various stenting
strategies.
Commercially available Endeavor Resolute stents (Medtronic, USA) were implanted
into four synthetic 60° bifurcated models by an interventional cardiologist using four
different stenting techniques (Figure 3.1). Angioplasty balloons with diameters equal to 4.0
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mm and 3.0 mm were used in the MB and SB, respectively. The four techniques [17]
investigated herein were:
1. Provisional Side Branch (PSB): A stent is deployed in the MB, followed by Final
Kissing Balloon (FKB) inflation.
2. Crush technique (CRU): A stent is deployed in the SB with one-third of the stent
protruding into the MB. A balloon is inflated in the MB outside of the previously placed
stent, and acts to crush the SB stent against the wall of the vessel. Finally, a second stent is
deployed in the MB ending with FKB inflation.
3. Culotte technique (CUL): A stent is deployed in the SB with a high protrusion into
the proximal region of the MB. A balloon is inflated in the MB through the SB stent struts,
which is used to re-open the MB lumen. This opening allows access for a second stent to be
implanted within the MB ending with FKB inflation. High overlap of the two stents occurs in
the proximal MB.
4. T stenting technique with high protrusion (T-PR): After performing PSB stenting,
a second stent is implanted in the SB with a section of the stent protruding into the MB.

Figure 3.1 In vitro bench testing of stenting procedures in the fabricated silicone
bifurcation models. Top left, provisional side branch stenting; top right, crush
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technique; bottom left, culotte technique; bottom right, T-stenting technique with high
protrusion in the MB.
The flow loop shown in Figure 3.2 and described in Charonko et al. [9] was used to
recreate a steady flow condition and modified to account for the presence of a bifurcation.
Resistive elements were placed downstream of the bifurcation model to control the ratio of
flow rates between the MB and SB. Pressure was measured at the inlet of the model while
flow rates were measured upstream and downstream of the model using an ultrasonic flow
meter. A 60%-40% water-glycerine mixture was used as a blood analog to approximate
physiological kinematic viscosity (3.77x10-6 m2/s). This fluid also filled the test section, and
matched the refractive index of the vessel walls, to reduce optical distortions and light
reflections at the vessel walls. Components of the setup were adjusted to obtain a constant
flow rate at the bifurcation inlet with an 84/16 flow split between MB and SB. Pressure
conditions were maintained at approximately 100 mmHg.
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Figure 3.2 Schematic depiction of the flow loop developed by Charonko et al.[9]
modified to examine steady flow cases with a bifurcated region of interest. Resistive
elements were placed downstream of the bifurcation model to control the ratio of flow
rates between the MB and the SB.

DPIV was performed using a high-speed intensified camera (IDT Xs-5i) with an NdYAG laser, and 7 µm fluorescent particle flow tracers. A double pulse strategy was adopted
to acquire image pairs with a separation time of 200 µs and a sampling frequency of 250 Hz
resulting in a peak particle displacement of approximately 8 pixels. For each set of data, a
total of 2000 images were acquired, corresponding to an acquisition time of 4 s. The field of
view for this study was chosen to visualize flow patterns in the majority of the stented region
of the arterial model resulting in spatial resolution of 7.33 µm/pixel for stented and 4.78
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µm/pixel for un-stented cases. The absence of the stent in the latter case allowed for higher
magnification by reducing the field-of-view. DPIV was performed for each stenting
technique in 60° bifurcation models as well as in the three non-stented bifurcating models of
varying bifurcation angles. For stented cases, stent struts visually blocked several areas in the
flow resulting in dark regions without particles, which provide no contributions to the
correlation. Velocity measurements are not available at these locations and for analysis
purposes stented regions of the velocity fields were masked and excluded from the data
analysis after processing was performed.

Because masking was performed after DPIV

processing, this procedure did not influence results.
DPIV processing was conducted using Prana (‘http://sourceforge.net/projects/qitools/’), an in-house software allowing for ensemble correlation processing [18] using the
Robust Phase Correlation (RPC)[19-21]. The processing method employed includes discrete
window offset [22] coupled with a window deformation scheme [23]. Processing methods
using window deformation are useful for near wall measurements due to shear at these
locations and serve to deform the image windows based on the local velocities computed in
the previous processing pass. Ensemble correlation processing can be performed in steady
flow conditions to improve measurement accuracy for noisy data by averaging DPIV
correlations in time [18, 24]. Gaussian windowing is applied to remove aliasing from finite
window sizes[20].
Prior to PIV processing, a median image subtraction was performed to remove
background illumination. Next, ensemble correlation processing was conducted on 1000
image pairs for two passes. The initial pass used a window resolution of 32x32 pixels with an
8-pixel grid resolution and the second pass used a window resolution of 8x8 pixels with a 2pixel grid resolution. Both passes were iterated three times and a Gaussian filter was used to
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smooth measurements after each iteration, as is typical for deformable window schemes.
Additionally, the universal outlier detection scheme [25] was used to identify erroneous
vectors after each pass using a 3x3 vector neighborhood.
Ninety five percent uncertainty bounds for the measured velocity fields were
computed following methods outlined by Charonko et al. [26]. Conventional DPIV
experiments often report an error of 0.1 pixels. However, this representation is often
misleading as error is defined as a deviation from the true value, which is unknown in most
circumstances [27]. Alternatively, the uncertainty was estimated from the cross-correlation
peak ratios as opposed to isolating each source of uncertainty. The correlation peak ratio has
shown to be a reliable method for outlier detection in standard cross correlation processing as
well as an evaluation parameter for signal-to-noise ratio (SNR) and detectability[28, 29].
Performing uncertainty analysis in such a way allows for the inclusion of sources of error
such as instantaneous particle image patterns, as well as image quality, sparse seeding, and
high velocity gradients, which are common problems when investigating flow systems on this
length scale. Additionally, the method produces independent uncertainty bounds for each
velocity estimate, thus allowing for CFD comparisons at each measurement location rather
than one confidence interval for the entire field. Uncertainty is estimated for RPC processing
using the ratio of the correlation peaks such that,
1 ⎛ P−1 ⎞ ⎞
⎛
(− ⎜
⎟
= ⎜ 9.757e 2 ⎝ 1.139 ⎠ ⎟ + (1.405P −1 )2 + (1.72 × 10 −5 )2
⎝
⎠
2

uuncert

(3.1)

where P is the ratio of the highest to the second highest peak in the correlation. Uncertainties
due to magnification and acquisition timing were estimated from calibration images and
timing system specifications, and propagated with correlation uncertainty using Taylor series
expansion.
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3.3.2. Numerical Methodology
The cases studied by means of DPIV experiments were subsequently simulated via
numerical methods. A CAD model of the 60° bifurcation was built using the commercial
software Rhinoceros 4.0 Evaluation (McNeel and Associates, Indianapolis, IN, USA) to
reflect the geometrical features of the bench-top models in terms of bifurcation angle, internal
diameters and wall thickness. The bifurcation was then discretized with 112,720 reduced
integration C3D8R hexahedral elements and the mechanical behavior was described as a
linear elastic material with a Young modulus and a Poisson coefficient equal to 1 MPa and
0.3, respectively.
Stent models resembled the commercial devices Endeavor Resolute (Medtronic,
USA) used in the in vitro bench tests, which have struts of circular cross section with a
diameter of 91 µm. Before deployment, stents had an external nominal diameter of 1.6 mm
and a length of 15 mm and were expanded with 4 mm and 3 mm balloons in the MB and SB
respectively. The device meshes resulted in a total of 272,384 reduced integration hexahedral
elements. Stents were constructed of a cobalt-chromium alloy that was described through a
Von Mises-Hill plasticity model with isotropic hardening and the following properties: 233
GPa, 0.35, 414 MPa, 933 MPa and 44.5% in terms of Young modulus, Poisson coefficient,
yield stress, stress and deformation at break, respectively [30].
Explicit dynamics finite element models were implemented in ABAQUS/Explicit (v.
6.10, Dassault Systems Simulia Corp., RI, USA) to replicate the four stenting procedures
(Figure 3.3). More details on these models can be found in Gastaldi et al. [31] or Morlacchi et
al. [16]. Despite the general similarity between stent deployment in the physical models and
by finite element modeling, some differences exist and are described in the section (4.1).
Lastly, since the double-stenting procedures examined here (CUL, CRU and T-PR) involved
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the deployment of bent devices in the SB, the stents underwent preliminary simulations of
crimping and bending in order to be correctly positioned in the bifurcated geometries and
maintain the history of stress modifications [32].

Figure 3.3 Structural simulation of the culotte technique: implantation in the
MB of a conventional stent resembling the Endeavor Resolute stent (Medtronic, USA)
with a 4.0 mm balloon; opening of the SB access using a 3.0 mm balloon; advancement
in the SB and deployment of another similar device with a 3.0 mm balloon; FKB
inflation performed with a 2.5 mm balloon in the SB and a 3 mm balloon in the MB.
The fluid volumes of the three non-stented bifurcations with 30°, 60° and 90° were
created by means of a CAD software to replicate the physical models (Figure 3.4, left). A
structured fully hexahedral mesh was then created with approximately 350,000 elements for
the 30°, 60° and 90° bifurcation models. An O-grid was used to discretize the circular section
of the vessel with a total of 880 elements, thus enhancing the general quality of the grid at the
boundary layers while mesh size was decreased in the bifurcation area. The mesh quality was
numerically verified by means of a sensitivity analysis, which indicated that by halving the
mesh size, the difference among velocity predictions remained below 1.1% in all cases.
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Alternatively, for stented cases, the geometrical configurations of the stents and
vessels after the structural simulations (Figure 3.4, right) were used to define the fluid domain
[16]. A hybrid meshing method composed of hexahedral elements for the core and
tetrahedron for the surface was implemented to obtain a computationally efficient calculation
grid. Mesh size was chosen in accordance to the sensitivity study on WSS values presented in
Chiastra et al. [33] and resulted in meshes ranging between 2,331,624 elements for the PSB
case (1 stent) and 5,081,720 elements for the CUL case (2 stents).
Steady state simulations were carried out by means of the ANSYS/Fluent commercial
software using a parabolic velocity profile at the inlet and a constant flow split as outlet
condition in order to replicate the experimental conditions. Specifically, an 85 mL/min inflow
was divided with a 84/16 split in the MB and SB. The working fluid was modeled as a
Newtonian fluid with viscosity of 3.77x10-6 m2/s and a density equal to 1100 kg/m3. A
coupled solver was used with a second-order upwind scheme for the momentum spatial
discretization. Under-relaxation factors of 0.3 were applied for the pressure and momentum,
and a factor of 1 was applied for the density. The convergence criterion for continuity and
velocity residuals was set to 10−6.
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Figure 3.4 Geometrical configurations of the seven cases used for CFD analyses. On the
left, CAD geometries replicating the non-stented 30°, 60° and 90° bifurcations. On the
right, outcome of the structural simulations of the four stenting procedures investigated.
Top left, provisional side branch stenting; top right, crush technique; bottom left,
culotte technique; bottom right, T-stenting technique with high protrusion in the MB.

3.4. Results
Velocity magnitude fields for the non-stented and stented cases are shown in Figure
3.5 and Figure 3.6, respectively. For non-stented cases, experimental and computational
velocity fields display similarities in flow patterns and structures. Specifically, the locations,
sizes, and shapes of recirculation regions are similar between the two methods. For increasing
bifurcation angles (Figure 3.5), SB recirculation regions grow and protrude inward, toward
the lumen centerline. As expected, velocity magnitude in the MB drops off at locations distal
to the SB for all cases. For 30° and 90° cases, velocity magnitude values agree between
methods. Other differences exist between the computational and experimental results, the
most obvious being the existence of low flow regions at the MB walls immediately distal to
the bifurcation in the experimental cases. This difference is attributed to the bifurcation
model fabrication process causing cloudy regions near the bifurcation due to the junction of
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metal rods used to form the lumen. As a result the local particle images suffer from reduced
SNR.
Stented cases shown in Figure 3.6 show similarities between the two investigation
methods. For the PSB case, which does not include a stented SB, a smaller low flow region is
visible in the SB in comparison to the other stenting procedures. Additionally, results for
double-stented cases (CUL, CRU, T-PR) show flow pattern variation in the distal MB which
are manifested as low flow regions protruding inward toward the centerline of the MB and
follow the distal surface of the SB stent. This pattern is most obvious in the T-PR case where
the SB stent significantly protrudes into the MB lumen. Several differences are also visible
between experimental and computational results. First, for experimental cases the field of
view contains only stented regions of the bifurcation whereas CFD cases show the transitions
between stented and un-stented regions of the vessel. For this reason, CFD results show a
decrease in MB velocity over the stented length of the vessel, followed by a recovery of
velocity just after the stented portion of the vessel. This decrease and recovery of velocity can
be explained by an overexpansion of the stent, which is typical for stenting procedures.
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Figure 3.5 Velocity magnitude fields in m/s in the transversal plane of the three
non-stented models (top: 30°, middle: 60°, bottom: 90°). The experimental DPIV
measurements are shown on the left, while the numerical results are reported on the
right.
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Figure 3.6 Velocity magnitude fields in m/s in the transversal plane of the four
stented models. From top to bottom: PSB, CUL, CRU, and T-PR. The experimental
DPIV measurements are shown on the left, while the numerical results are reported on
the right.
58

Axial velocity profiles at the SB entrance are shown in Figure 3.7 in order to
quantitatively investigate the influence of bifurcation angles. Both investigation methods
show similarly shaped profiles indicating a growth in recirculation area and maximum
velocity magnitude for increasing bifurcation angle. Finally, for the T-PR case, velocity
magnitude profiles in different locations of the MB and SB are shown in Figure 3.8. A
comparison between numerical and experimental values is reported in the figures and similar
profiles are observed between investigation methods. At the proximal MB location, profiles
resemble Poiseuille flow. However, at the first distal MB location, the velocity profile
becomes skewed due to a low flow region caused by the SB stent protruding into the MB
lumen. Further downstream, the profile skewness is reduced and the velocity returns to a
Poiseuille shape.

Figure 3.7 Top: Axial velocity profiles at the SB take-off in the three non-stented
cases characterized by a bifurcation angle equal to 90° (red), 60 (blue) and 30° (green).
Values are measured at the cross section where the maximal axial velocity is found. The
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influence of the bifurcation angles in terms of reduction of the peak velocity and
recirculation is clear in both the numerical (right) and experimental (left) charts.
Bottom: Magnified view of recirculation areas in the SB measured by means of DPIV.
Dotted white lines represent the cross section where axial velocity profiles are extracted.

Figure 3.8 Velocity magnitude profiles measured at four cross sectional locations
of the T-PR case for experimental (blue dots) and numerical (red line) studies. Cross
sectional locations are highlighted in the contours of the top panel with white dashed
lines. Distal Main Branch-1 is located proximal to Distal Main Branch-2.
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The 95% uncertainty fields for the T-PR technique and the 60° non-stented case are
seen in Figure 3.9. Regions of elevated uncertainty exist in the MB at high velocity locations,
which is consistent for the other data cases. Additionally, increased uncertainty is visible in
several small circular regions within the vessel. This increase is due to optical artifacts, which
hindered visibility at these locations but did not affect flow inside the model. For brevity, the
median uncertainty values of the velocity field for each case are listed in Table 3.1. Larger
median uncertainty values are observed for non-stented cases due to the change in spatial
resolution.

Figure 3.9 Velocity uncertainty in m/s for the 60° non-stented case and the T-PR
technique. Problematic regions exist in the MB at high velocity locations, which is
consistent for other data cases.

Table 3.1 Median uncertainty values in pixels and velocity magnitude for the
seven cases investigated.
Stent Case
No stent 30°
No stent 90°
No stent 60°

Uncertainty, pixels
0.16
0.2
0.15
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Uncertainty , m/s
0.004
0.005
0.004

Crush Technique 60°
Cullotte Technique 60°
Provisional Side Branch 60°
T-Stenting with Protrusion
60°

0.04
0.04
0.04
0.04

0.001
0.001
0.001
0.001

To better examine the influence of the stenting procedures on the bulk flow, the inplane Viscous Shear Stress (VSS) was calculated and reported in Figure 3.10 for the
numerical cases and is defined as:

⎛ ∂V ∂V ⎞
VSS = µ ⎜ x + y ⎟
⎝ ∂y ∂x ⎠

(3.2)

where µ is the dynamic viscosity of the fluid while Vx and Vy are the velocities in the
principal directions of the transverse plane. For all stent procedures, an increase in VSS
magnitude is seen along the vessel wall distal to the bifurcation. Additionally, procedures
using multiple stents display high VSS magnitude values along the region of the SB
protruding into the MB lumen. This result is most obvious for the T-PR case, which displays
larger regions of high VSS magnitude in the area of the protruding stent. Finally, moderate to
high VSS values are seen at the entrance of the SB for each of the stent procedures.
Specifically, the PSB procedure, which does not use SB stenting, displays higher VSS values
at this location in comparison to the cases using SB stenting.
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Figure 3.10 In-plane VSS fields of the numerical results calculated in the
transversal plane of the four stented cases. To better visualize fluid structures at
different scales, VSS color scale values are bounded between -0.05 and 0.05 Pa. Viscous
shear stress is increased by approximately one order of magnitude in regions with close
proximity to stent struts.

Figure 3.11 Area averaged WSS for proximal (dark green area), distal (light
green area), and entire MB in dynes/cm2.
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Additionally, wall shear stress (WSS) was computed for the numerical stented cases
and values are reported as area averages in the proximal and distal MB (Figure 3.11) where
for analysis purposes, the division between these areas was chosen to be the centerline of the
SB inlet. Secondly, WSS values are reported as line plots (Figure 3.12) to show the
progression of WSS along the length of the MB. WSS values in Figure 3.12 are reported
along three axial wall locations (nearside along the wall adjacent to the SB, far-side, along
the wall opposite from the SB, and centerline, along the top wall in the flow direction). Rapid
reductions in WSS are observed at locations of the stent struts with maximum WSS values
occurring between struts.
For all stenting procedures, WSS is observed to be considerably lower in the proximal
region of the MB in comparison to distal areas (Figure 3.11 and Figure 3.12). This result is
expected, as proximal regions coincide with the over-expansion of the stents caused by the
FKB inflation. Results also indicate the detrimental influence of multiple metallic layers on
WSS. For instance, CUL performs the worst in the proximal region for both average WSS as
well as at each isolated wall location shown in the line plot. Alternatively, the CRU technique
has low WSS values localized to the nearside wall at z= 0.016 to 0.018m due to the presence
of the triple metallic layer. Results for the PSB case indicate moderate averaged values
without localized regions of low WSS. Finally, the T-PR case indicates higher WSS values,
specifically at the far-side wall and in the distal MB, due to the skewness of the velocity
profile shown in Figure 3.8.
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Figure 3.12 Wall shear stress along nearside (top), centerline (middle) and farside (bottom) of the MB vessel. Nearside corresponds to wall location on the side of the
SB, centerline corresponds to the top wall of the vessel at centerline of the MB, far-side
corresponds to the wall location on opposite from the SB.

3.5. Discussion
DPIV and CFD are commonly adopted in vitro methods used to assess local flow
patterns in coronary arteries. Unfortunately, both methods require modeling assumptions that
can affect the fidelity of the impending results. However, comparative investigations between
the methods can increase the reliability of results and provide an evaluation of CFD models
with respect to experimental data under targeted flow conditions.
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The 95% uncertainty bounds for velocity computed at each DPIV measurement
location serve as a validation metric between experimental and numerical analyses and
confirm existing differences between the methods. Typically, the cross-correlation is the
primary contributor of uncertainty with respect to other experimental sources in DPIV
measurements. However correlation uncertainty can be reduced for ensemble correlation
processing, as performed here, which increases correlation SNRs and peak ratios but requires
steady flow conditions. In this work, resulting DPIV uncertainty bounds are low and CFD
velocity measurements are observed to fall outside of the velocity range predicted by
experimental methods. However, velocity fields presented in Figure 3.5 and Figure 3.6 and
axial velocity profiles in Figure 3.7 and Figure 3.8, indicate a general good agreement
between the experimental and numerical results despite some point-to-point variations related
to intrinsic differences of the two methods. For this reason, the methodologies and analysis
presented herein can still bring valuable insight regarding bulk-flow trends of the
biomechanical system in question. Specifically, these methods are able to identify regions of
low and recirculating flows, conditions which have been associated with localized arterial
plaque formation in previous studies [34, 35].
In particular, previous studies have correlated the severity of atherosclerosis with
geometric risk factors such as wider SB angles due to the resulting hemodynamic
environments [36, 37]. In the current work, contour plots of velocity magnitude (Figure 3.5)
for DPIV and CFD indicate larger areas of low velocities occurring in cases with wider SB
angles. A more quantitative analysis is performed by plotting the axial velocity profiles at the
SB cross section (Figure 3.7). Results indicate a rise in peak axial velocity and recirculation
area as velocity profiles become skewed for larger bifurcation angles. In addition to
geometric risk factors, clinical trials have reported improvements in safety and efficacy for
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procedures using a single MB stent rather than double stenting techniques [38]. Alterations in
hemodynamic quantities are most noticeable in the current study when comparing velocity
fields among single (PSB) and double stenting procedures (CUL, CRU, and T-PR). By
observing both the in vitro expansions (Figure 3.1) and numerical simulations (Figure 3.4), it
is apparent that the simultaneous presence of two devices in a coronary bifurcation leads to
the creation of a metallic carina between the SB and the distal part of the MB, in addition to
the presence of a larger number of stent struts at the flow divider. The disturbance created by
this geometry is observed in the velocity fields (Figure 3.6) as well as VSS (Figure 3.8) and
WSS (Figure 3.12) measurements, which indicate low velocity and WSS as well as high VSS
in and around the region of the flow divider. Similar trends are also apparent in the proximal
MB after double stenting procedures due to increases in strut density, thus preventing the
recovery of low velocity and WSS behind densely spaced struts.
Within double stenting procedures, implications of metallic carinas have been
reported for in vivo studies suggesting that the altered geometries are critical in terms of late
stent thrombosis [39]. In the current work, cases with high protrusion of the SB into the MB
lumen (T-PR and CRU) are observed to have problematic regions distal to the metallic
carina. For instance, the T-PR case displays skewed velocity profiles with low flow regions
occurring in the MB distal to the SB stent protrusion for experimental and numerical results.
The implication of this skewness is the presence of high WSS values on the far-side wall, as
well as low WSS distal to the metallic carina on the nearside wall and highly disturbed VSS
field. This finding is quantified in the axial velocity profiles presented in Figure 3.8 and in the
WSS and VSS measurements (Figure 3.12 and Figure 3.10, respectively). Similarly, the CRU
case exhibits asymmetrical velocity in the distal MB, but additionally displays low WSS
measurements throughout the MB. Lastly, the CUL technique appears to be the least critical
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among the double stenting procedures in terms of bulk flow quantities, possibly due to the
presence of a small protrusion of the SB stent into the MB. However, CUL is characterized
by the lowest WSS values in the proximal MB due to an area of high overlapping stents. This
occurrence is also visible in the CRU technique where a triple metallic layer is present in the
proximal MB and correlates to the results proposed by Foin et al. [40] who found a higher
risk of stent malapposition within double stenting techniques, especially CRU and CUL
technique.

3.5.1. Study Limitations
Both the experimental and computational methods presented herein are subject to
some intrinsic limitations and assumptions that must be carefully considered when discussing
results and drawing conclusions.
First, the physical models differ from their numerical replica due to manufacturing
inaccuracies. Specifically, a small extension of polymer remained confined in the bifurcation
area at the connection between MB and SB. This occurrence is mainly evident in the velocity
fields of the non-stented cases where low flow areas are present before and after the
bifurcation.
For the experiments, analysis was performed with real commercial stent devices
deployed by an experienced interventional cardiologist. Alternatively, numerical models were
based on virtual simulations that aimed to replicate the experimental stenting procedures but
included imprecisions associated with many numerical studies. For instance, the length of the
stent used in the numerical models is reduced to decrease computational cost. Axial
positioning and rotation of the devices is performed by visual inspection of in vitro
expansions and may slightly differ from the experimental stent configuration.
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Secondly, the arterial models used for DPIV analysis were compliant in order to allow
for proper stent deployment and geometric alterations for stenting procedures, while rigid
wall boundary conditions were assumed for CFD simulations. However, negligible influence
on resulting velocity estimations is expected from the compliance mismatch due to the steady
flow conditions.
These differences prevent direct quantitative validation of numerical models respect
to experimental methods and in part explain the observed quantitative disagreements between
experiments and simulations. However, these observations combined with the uncertainty
range estimation punctuate the fact that accurate CFD validation in such complex geometries
and flows as the ones presented here, cannot be trivially presumed on the basis of qualitative
agreements. Nevertheless, the qualitative comparisons still provide valuable insight with
respect to the overall structure of the flow.
In addition to the differences between the experimental and numerical methods, other
limitations with regard to the study should be considered. First, only one stent design and one
bifurcation model geometry were analyzed. Due to manufacturing challenges, straight, nontapering vessel branches were fabricated with constant compliance, which differ from
physiological coronary bifurcations. Secondly, this study was limited to steady flow to permit
ensemble correlation processing and account for low correlation SNR from poor image
quality, sparse seeding and high velocity gradients. Despite the drawback of neglecting
pulsatility, the chosen field of view and processing scheme permitted velocity measurements
in the majority of the stented bifurcation for a 1-to-1 scale model, as well as high allowable
spatial resolution with small DPIV interrogation windows to improve accuracy of bulk-flow
measurements. These advancements serve as the basis for future experiments of unsteady
pulsatile flow in stented coronary bifurcations with time-accurate resolution.
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3.6. Conclusion
This study compared flow patterns within stented and non-stented coronary
bifurcation models under steady flow conditions, using DPIV and numerical methods. In
doing so, the work outlines a methodology for performing both evaluation techniques and
provides an uncertainty analysis for DPIV velocity estimates allowing comparison between
numerical and experimental results. Both methodologies display highly disturbed velocity
fields in cases of wider angles and double-stenting procedures. In particular, by increasing the
bifurcation angles, larger recirculation and stagnation zones are found in SB areas.
Furthermore, double-stenting procedures result in a higher density of metallic struts near the
flow dividers. In these areas, both DPIV measurements and CFD predictions highlighted
marked low flow regions.
Several intrinsic fundamental differences between the two methodologies including stent
placement, vessel length, and modeling approximations have been discussed and provide
rationale for the observed discrepancies. These differences currently prevent the
straightforward quantitative comparison necessary for complete validation of CFD with
DPIV measurements. However, the presented results underline how both CFD and DPIV
analyses are able to capture the main trends of the fluid flows within the stented and nonstented cases, increasing the reliability of both methods. These findings suggest that the role
of hemodynamics before and after stenting procedures might be assessed with both strategies.
Nonetheless, both approaches still require a challenging direct validation against in vivo
measurements to fully demonstrate their ability to describe the existent hemodynamics of
coronary flows from a clinical standpoint.
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4. EXPERIMENTAL WALL SHEAR STRESS AND UNCERTAINTY
QUANTIFICATION FOR THE FDA BENCHMARK NOZZLE MODEL
4.1. Abstract
We present validation and benchmarking experimental data for computational fluid
dynamics (CFD) analysis of medical devices using advanced Particle Image Velocimetry
(PIV) processing and post-processing techniques. This work is an extension of a previous
FDA-sponsored multi-laboratory study of a generic geometry referred to as the FDA
benchmark nozzle model. Time-resolved PIV analysis was performed in five overlapping
regions of the model for Reynolds numbers 500, 2,000, 5,000, and 8,000. Data was processed
using ensemble correlation, dynamic range enhancement, and phase correlations to increase
signal-to-noise ratios and measurement accuracy, and to resolve large velocity ranges with
high gradients, which is typical of many blood-contacting medical devices. Parameters
relevant to device safety, including shear stress at the wall and in bulk flow, were computed
using radial basis functions (RBF) to improve accuracy. In-field spatially resolved pressure
distributions, Reynolds stresses and energy dissipation rates were computed from PIV
measurements.

Velocity measurement uncertainty was estimated directly from the PIV

correlation plane, and uncertainty analysis for wall shear stress at each measurement location
was performed using a Monte Carlo model. Local velocity uncertainty varied greatly and
depended largely on local conditions such as particle seeding, velocity gradients, and particle
displacements. Uncertainty on low velocity regions was found to decline greatly when
dynamic range enhancement was applied, reducing uncertainty from 6.1% to 1.7%. Wall
shear stress uncertainty was dominated by uncertainty contributions from velocity
estimations, which were shown to account for 90 - 99% of the total uncertainty.
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4.2. Introduction
Computational fluid dynamics (CFD) is a valuable tool for the validation of safety
and efficacy levels in medical devices. Specifically, CFD can deliver a fast and low-cost
alternative to animal studies during the initial stages of product development, as well as
provide supplemental data to substantiate safety claims during Food and Drug Administration
(FDA) product reviews. However, CFD is not considered a stand-alone method for device
safety validation due to the method’s large dependence on boundary conditions and modeling
assumptions.
In-vitro techniques, such as Particle Image Velocimetry (PIV), can complement CFD
by providing experimentally derived velocity estimates within bench-top models that recreate
the physiological system in question.

PIV is especially attractive for medical device

validation as the method is non-invasive, can provide high spatial and temporal resolution,
and is less costly than in-vivo alternatives.

Furthermore, many of the hydrodynamic

quantities relevant to medical device safety, including wall shear stresses (WSS), viscous
shear stresses (VSS) and Reynolds stresses, may be estimated from velocity gradients and
fluctuations calculated from PIV velocity fields.
Many studies have demonstrated the relationship between abnormal shear in medical
device implants and problems such as hemolysis, platelet activation, and thrombus formation
[1-6]. The exact shear level at which blood damage occurs depends upon exposure time due
to the viscoelastic behavior of red blood cells (RBC) [1, 7, 8]. However, Baldwin et al.
predicted that a threshold of 1500-4000 dynes/cm2 [9] marks the initiation of RBC damage
and other studies have shown that platelet activation occurs below these values [1]. This
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range is often surpassed in commonly used medical devices and vascular anomalies,
including mechanical heart valves (MHVs) [1-5] (used alone and in ventricular assist devices
(VADs)), and in stenotic arteries [8, 10]. Specifically, VADs are associated with abnormally
high shear (>10,000dynes/cm2) due to regurgitating jets impinging on closed MHV leaflets,
but also are troublesome due to low WSS (<15-20dyne/cm2 [11, 12]) in the chambers of the
device [1]. Prothrombogenic flow properties such as stagnation regions, high fluid residence
times and diminished WSS can occur in bifurcating vessels, cardiovascular stents, and
anastomoses from both bypass grafts and Fontan procedures. Such environments can result in
atherosclerotic lesions, intimal hyperplasia, in-stent restenosis, and thromboemboli [13-19].
It is these reasons that support the need for robust and accurate medical device validation
techniques that combine experimental and numerical efforts.
Unfortunately, the measurement of shear and velocity fluctuations in medical devices
using PIV can be challenging due to large velocity gradients at boundaries, high dynamic
ranges of velocity, and low signal-to-noise ratios from poor image quality.

These

complications test the limits of PIV by increasing measurement uncertainty, thus calling into
question the ability of conventional PIV to serve as a validation dataset for CFD.
The aim of this study is to establish a protocol for producing highly accurate velocity
and WSS measurements for CFD validation using advanced PIV processing and postprocessing techniques. The work is an extension of a previous study [20] using the FDA
benchmark nozzle model (Figure 4.1); however, several experimental advancements that
extended beyond the scope of the previous study were accomplished to establish a more
comprehensive CFD validation dataset.
First, temporally resolved PIV data was acquired to allow for dynamic range
enhancement processing to improve measurement precision in low velocity regions such as
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near boundaries and in recirculation regions [21].

Additionally, ensemble and phase

correlations were used to augment correlation signal-to-noise ratios (SNRs), thus allowing for
a reduction in interrogation window size, increased spatial resolution, and reduced near wall
bias in comparison to the previous study [22-25]. The accuracy enhancements from the
aforementioned processing techniques improved measurement reliability of WSS, which was
unavailable in the former work.

Radial basis functions (RBF) were used to compute

gradients for VSS and WSS estimations due to the method’s low susceptibility to noise and
high accuracy in comparison to finite difference schemes. Additionally, the absence of
reported uncertainty for the previous study limited comparisons with CFD predictions,
whereas the current work provides a means of spatial comparisons for both velocity and WSS
estimations.

Finally, this work presents an analysis on Reynolds stresses and energy

dissipation rate as well as provides estimates of pressure fields derived from PIV data for
order of magnitude comparisons with CFD. Many of the advancements proposed by this
work rely on PIV processing and post-processing techniques, and therefore, a brief
description of each method will be discussed.
Conventional processing utilizes discrete window offset (DWO) by shifting image
windows by a distance equal to the integer-pixel displacement [26]. The use of image
deformation, which continuously deforms images based on velocity information computed
from previous processing passes, has become widely used and is considered a standard by
many PIV users [27]. This technique is especially advantageous in high shear regions, such as
near walls, where images are deformed to account for variations in particle displacements
within the same interrogation window. Additionally, various windowing schemes such as
apodization filters remove wraparound aliasing caused by the periodicity assumption when
performing fast Fourier transforms [28]. In addition to these conventional processing
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techniques, which were used in the former work [20], a number of recent advancements,
including phase filters, dynamic range enhancement, and ensemble correlation, were applied
to the current dataset to improve the accuracy of velocity and velocity gradient estimations
and to determine measurement uncertainty bounds.
Phase filters, such as the phase-transform (PHAT) filter, can be implemented to
increase the correlation signal-to-noise ratio (SNR) and are especially valuable in data sets
with high background noise levels, inhomogeneous illumination, and image artifacts [29, 30].
Many of the aforementioned obstacles are often encountered in medical devices including the
analog device used in this study. Specifically, because all information regarding particle
displacement is contained in the phase space, correlations are performed in the spectral
domain to exclude noise embedded in the magnitude information of conventional crosscorrelations. The resulting correlations have highly defined peaks, similar to the Dirac delta
function, as well as increased SNRs. The Robust Phase Correlation (RPC), which used in
this work, takes the analysis one step further by analytically recreating the PIV SNR by
considering sources of signal and noise to improve sub-pixel accuracy [31, 32].
Secondly, dynamic range enhancement, or multi-frame PIV, utilizes the flexibility of
time-resolved PIV to improve cross-correlation accuracy in data sets with large velocity
ranges. This method was applied to the current work to reduce measurement uncertainty near
boundaries and within the recirculation region of the sudden expansion where sub-pixel
particle displacements and large bulk flow velocities occur in the same domain. Specifically,
lower velocity regions in the flow field are computed using larger frame separations than in
high-speed regions. The method improves measurement precision in low velocity regions by
increasing the particle displacement above sub-pixel levels [21]. The frame separation used at
a given vector location is determined by the criteria
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Q=

c1 ⎡
⎤
PIV error
×⎢
,
c2 ⎣ velocity magnitude ⎥⎦

(4.1)

where Q is the quality for a given image pair, c1 and c2 are the primary and secondary
peaks of the correlation at each vector location, PIV error is the user defined allowable error
and velocity magnitude is the pixel displacement between the two chosen frames. The
temporal separation resulting in the maximum quality is chosen for the final velocity field.
Finally, ensemble correlation performs temporal averaging of the PIV crosscorrelations at each measurement location prior to sub-pixel interpolation to increase the
correlation SNR [33]. This method has been widely used for velocity estimations in steady
data sets and is particularly advantageous in regions with low seeding densities or poor image
quality where the signal is diminished, as seen at near wall locations and in the recirculation
region of the current model. In the current study, ensemble correlation allowed for an
increase in spatial resolution in comparison to the previous study [20] as quantified in the
following section. Furthermore, by directly averaging correlations as opposed to velocity
measurements, bias from erroneous instantaneous measurements can be reduced.
It is clear that recent advances in PIV analysis have led to improvements in
measurement accuracy; however, only a handful of recent studies focus on the quantification
of uncertainty [34-36]. Timmins et al. discussed the existence of several spatially and
temporally varying factors that contribute to the non-uniformity of PIV error, including the
PIV algorithm, hydrodynamic environment, and experimental setup. Their work suggests
that a universal estimate for PIV error is inadequate to describe an entire flow environment,
and they present a method for estimating uncertainty at each vector location resulting from
several sources. Additionally, Sciacchitano et al. developed an a posteriori technique, which
uses the residual distance between matched particles in image pairs (after cross-correlations)
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to estimate spatially distributed uncertainty [35]. Finally, Charonko et al. utilized the PIV
cross-correlation to identify a relationship between measurement uncertainty and correlation
peak ratio,
2
1 ⎛ P−1 ⎞ ⎞
⎛
− ⎜
2
2 ⎝ 1.139 ⎟⎠
⎟ + 1.405P −1 + 1.72 × 10−5
δΔx = ⎜ 9.757e
⎜⎝
⎟⎠

(

) (

)

2

,

(4.2)

where δΔx is the 95% uncertainty bound for RPC correlations and P is the ratio of the
first to second highest peak of the correlation. This technique provides an uncertainty
estimate for the cross-correlation at each vector location in time to account for the nonuniformities discussed above.
Ultimately, velocity measurements with associated uncertainties will be used to
determine near wall gradients for WSS estimates. Several options exist for gradient
estimators such as high-order finite differencing and analytical fitting methods [37-40].
Finite differencing methods provide a straightforward technique to determine gradients
between gridded vector locations. However, analytical fitting methods such as Radial Basis
Functions (RBF) can result in a reduction in error and susceptibility to noise in comparison to
finite difference approaches. The method uses local data points to approximate the data
surface as a linear combination of RBFs and polynomial bases. An analytical expression of
the data surface is determined from the base coefficients and ultimately differentiated to
compute local gradients.

4.3. Materials and Methods
4.3.1. Experimental Methodology
Particle image velocimetry was performed in the FDA benchmark nozzle model,
which has been thoroughly described in previous literature [20, 41] and is illustrated in
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Figure 4.1(a). The geometry chosen for analysis contains several features that commonly
exist in fluidic medical devices such as sudden and gradual (conical) expansions and
contractions. The work herein is limited to the flow direction producing a conical contraction
and sudden expansion depicted in the figure as left-to-right flow. For consistency, all axial
and radial locations are reported with respect to the centerline at the sudden expansion as
indicated in Figure 4.1(a), with positive x/Dth locations occurring downstream of the sudden
expansion.

Figure 4.1 (a) Dimensions of FDA benchmark nozzle model, flow direction leftto-right. (b) Overlapping field of view locations acquired in PIV analysis.

Three sides of the model were polished to obtain optical access to the channel while
the top side contained counter-bored pressure ports (0.56mm in diameter) centered radially
along the axis of the nozzle. Slight optical distortions were present at junctions between the
inlet, contraction, throat and sudden expansion, but were most notable at the transition
between the throat and sudden expansion. Optical distortions from the wall curvature were
largely eliminated through refractive index matching using a sodium iodide solution for the
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working fluid. The blood analog was composed of approximately 50 wt % saturated Sodium
Iodide - DI water solution mixed with a 60-40 wt % mixture of glycerin and water. The
refractive index of the solution was measured using a refractometer (Misco Palm Abbe-202)
and adjustments were made to the solution throughout the experiment to maintain a refractive
index between 1.485-1.486. A working fluid density of 1700 kg/m3 and viscosity of 3.13 cP
were measured using a digital scale (OHaus Scout II) and viscometer (Brookfield LVDCII+P).
Steady flow was created using two gear pumps connected in parallel and located
upstream from a stagnation chamber and flow straightener (Figure 4.2). Stainless steel tubing
(12mm ID) provided entrance and exit lengths of approximately 150D and 60D respectively,
where D is equal to the inlet nozzle diameter of 12mm. Pressure data was acquired at ten
pressure tap locations (Figure 4.1(b)) using differential pressure transducers (0-2 psi, Setra
210) throughout the duration of each test case. Differential pressures were kept within the
range of the sensors by use of reference pressures, which were likewise monitored
(Omegadyne 0-5psi and 0-15psi). Flow rate was also measured throughout the duration of
each test case using an ultrasonic flow meter located downstream of the test section
(Transonic Systems T110, probes 11XL and 3XL). The RMS of the measured flow rate
showed negligible variations in the flow rate (<4mL/min) for all cases. Four Reynolds
numbers based on the throat diameter and measured fluid properties were chosen for analysis
(Re = 500, 2000, 5000, and 8000).
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Figure 4.2 Schematic of flow facility used to acquire PIV data.
PIV was performed at five locations in the nozzle as illustrated in Figure 4.1(b). An
intensified IDT Xs-5i high-speed camera and a high-speed Nd:YAG laser (Dantec Lee,
λ=532 nm) were used to acquire time-resolved PIV data at a frame-pair rate of 250 Hz with 7
µm polystyrene particles. The resulting spatial resolution was 15.1 µm/px and the frame
separation varied for each Reynolds number to obtain a maximum displacement of
approximately 20 pixels between image pairs.

4.3.2. PIV Processing Methodology
Prior to PIV processing, images underwent a temporal minimum intensity subtraction
at each pixel location to remove background illumination. PIV processing was performed
using Prana (available at ‘http://sourceforge.net/projects/qi-tools/’), an in-house, open-source
software which has been thoroughly validated in several publications [34, 42-44].
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First, processing was conducted by combining ensemble and multi-frame correlation
techniques to take advantage of the steady nature of the flow as well as to resolve the large
dynamic range in the flow fields. Two-pass processing was performed using the RPC on a
total of 4300 images with window deformation [27, 32]. The window resolution of the first
pass was 64 x 16 pixels with a grid resolution of 16 x 8 pixels where interrogation windows
were extended in the primary direction of flow. The second pass used a window resolution of
16 x 16 pixels and a grid resolution of 4 x 4 pixels. The previous study [20] resulted in a final
physical grid resolution of 168 µm/vector; through the use of ensemble correlation, the
current study was able to achieve a resolution of 60 µm/vector, approximately a 3-fold
increase.

To ensure that a proper deformation was applied to subsequent passes, two

iterations were performed on the first pass and three on the second. For all passes, a
Gaussian apodization filter was applied to the windows to reduce wrap-around aliasing [28].
PIV validation was performed using the Universal Outlier Detection (UOD) scheme [45] with
neighborhood of 7x3 and 3x3 vectors for the first and second passes, respectively.
Secondly, time-accurate processing was conducted to compute Reynolds stresses,
energy dissipation rate, and pressure fields from PIV data. Instantaneous processing was
executed using multi-frame RPC correlations with window deformation and Gaussian
apodization windows as applied for the ensemble correlation processing above. However, to
compensate for the reduction in SNR with respect to ensemble correlation, interrogation
windows were enlarged to 96 x 32 pixels with 32 x 16 pixel grid resolution on the first pass,
and 32 x 32 pixel windows with 16 x 8 grid resolution on the second pass. As in the ensemble
case, two iterations were performed on the first pass and three iterations on the second, and
all outlier detection was performed using the UOD scheme.
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4.3.3. Wall Shear Stress Estimation
After PIV processing was completed, wall shear stress was estimated from the
velocity fields by determining the near wall velocity gradients. First, particle images were
summed in time and wall detection was performed by locating channel boundaries from the
edges of the illuminated regions of the summation image. Resulting pixel wall locations
were converted to fractional vector locations prior to velocity gradient estimations. Wall
shear stress is defined as
τ w = µε12′

(4.3)

! is the wall-tangential components of the
where µ is the dynamic viscosity and ε12
strain rate tensor. Specifically,
⎡ ∂u ∂v ⎤
ε12′ = ⎢ + ⎥
⎣ ∂ y ∂x ⎦

(4.4)

where u and v are the streamwise and spanwise velocities, respectively. A rotation
transformation matrix,
⎡ cosθ sin θ ⎤
Tij = ⎢
⎥
⎣ − sin θ cosθ ⎦

(4.4)

was applied to the strain rate tensor to account for any misalignment between the
image coordinate system and the coordinate system along the wall, where θ is the angle
between the wall and the image coordinate systems. Here, the transformation is applied as

! = TmiTnjεij as described by Charonko et al. [12, 25].
εmn
The velocity gradients used in equation (4.4) and in VSS calculations were computed
using a Thin Plate Spline (TPS) Radial Basis Function (RBF). A TPS was chosen over other
options of RBF’s as this function provides the smoothest possible interpolated surface for a
given set of data points [37]. Velocity gradients at each wall location were interpolated from
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a 7x7 grid of data points that were centered at each vector query point but extended only
inward from the wall. Erroneous velocity measurements as determined by the UOD and
measurements with peak ratios less than 1.5 were excluded from the RBF during WSS
calculation. WSS was not reported for query points with erroneous measurements or
insufficient peak ratios (c1/c2 < 1.5).

4.3.4. Velocity and Shear Stress Uncertainty Analysis
Uncertainty bounds were estimated for velocity measurements using Taylor series
expansion, giving
2

2

⎛ ∂v
⎞ ⎛ ∂v ⎞ ⎛ ∂v
⎞
∂v = ⎜
δ M ⎟ + ⎜ δ t⎟ + ⎜
δΔx ⎟
⎝ ∂M
⎠ ⎝ ∂t ⎠ ⎝ ∂Δx
⎠

2

(4.5)

where ∂v is the uncertainty of the velocity, v , and includes contributions from the
PIV cross-correlation, δΔx (from Eq.2), image magnification, δ M , and acquisition
timing δ t . The uncertainty contribution from image magnification was assumed to be
constant across the PIV images and was determined using calibration images taken of the
FDA model nozzle. Here, a measurement uncertainty in the calibration image was assumed to
be ±1pix while the uncertainty of the physical model dimension was ±1/100”. Specifications
from the laser-camera timing system were used to compute the uncertainty from acquisition
timing (±2.1x10-8 s).
Monte Carlo simulations were performed to determine uncertainty on WSS
measurements due to the challenge of determining analytical derivatives of WSS with respect
to uncertainty sources.

In doing so, distributions of 10,000 data points for image

magnification, acquisition timing, cross-correlation shifts, wall locations, and viscosity were
generated and used as input parameters for the RBF, which was iterated 10,000 times.
Uniform distributions were used for calibration image measurements and the acquisition
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timing with bounds equal to the uncertainty values described above. Uniform distributions
were also chosen to represent uncertainty in wall detection and viscosity with bounds equal to
±1pix and 1.1x10-5 cP (1% full scale dependent on 60 RPM), respectively. Distributions for
particle image displacements were limited to the direction estimated by the local ensemble
velocity with the mean value equal to the measured velocity and two standard deviations
equal to the uncertainty determined in Eq. 2. Resulting distributions of particle displacements
were non-Gaussian; however, the final WSS distributions were normal. The five and ninetyfive percentiles were determined based on the resulting WSS distributions and reported as the
95% confidence intervals.

4.4. Results
Resulting velocity profiles at the inlet (x = -21Dth) normalized by the average inlet
velocity are plotted in Figure 4.3(a & b) for ensemble correlation and time-averaged fields.
Uncertainty bars indicate 95% confidence intervals as computed from equations (4.2) and
(4.5). For the time-averaged field, uncertainty from each instantaneous field was averaged in
time to compute the final uncertainty value. Profile symmetry was determined using a
symmetry index (SI) computed as the ratio of the flow rates in the left and right halves of
each profile [20]. Symmetry indices indicated symmetric flow with SI values greater than 0.9
for ensemble and instantaneous profiles, and values are listed in Table 4.1 with corresponding
local Reynolds numbers listed in parenthesis. Profiles for throat Reynolds numbers less than
5,000 (local Re<1,670) resemble Poiseuille flow while the highest Reynolds number case
resembles plug flow, with a local Reynolds number of 2,670. In general, the ensemble
correlation and time-averaged profiles are in agreement. However, a larger near-wall bias is
observed for the time-averaged profiles in comparison to the ensemble correlation profile
(inset plots of in Figure 4.3(a & b)), as well as increased uncertainty throughout the profiles.
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Figure 4.3 Inlet ensemble correlation velocity profiles normalized by the inlet
average velocity located at x = -21Dth. Theoretical profiles plotted in solid lines for Reth
=500, 2000, and 5000 (Relocal = 170, 670, and 1670). Uncertainty bars show 95%
confidence intervals. (a) ensemble correlation, (b) time-averaged velocity fields.

Table 4.1 Symmetry indices for the ensemble correlation velocity profiles for
each Reynolds number
Reynolds throat (Reynolds local)

Symmetry Index Ensemble
correlation

Symmetry Index
time averaged field

500 (170)
2,000 (670)
5,000 (1,670)
8,000 (2,670)

0.99
0.96
0.90
0.93

0.97
0.99
0.94
0.99

Velocity profiles normalized by the average throat velocity are plotted in Figure 4.4 (a
& b) at locations x = 2Dth and x = 5Dth in the expansion region for ensemble correlation
processing. When comparing results of the two locations, profiles at x = 5Dth appear to widen
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in comparison to the upstream location where shear layer gradients are diminished and a
more prominent recirculation region is observed.

Figure 4.4 Ensemble correlation velocity profiles normalized by the throat
average velocity at x = 2Dth (left) and x = 5Dth (right) with respect to the sudden
expansion. Uncertainty bars represent 95% confidence intervals.

Centerline velocities normalized by the inlet average velocity are plotted along the
length of the nozzle for all Reynolds numbers and shown in Figure 4.5. Optical distortions
created from the nozzle fabrication process prevented reliable PIV measurements at the
entrances to the throat and sudden expansion, and therefore centerline velocities are not
reported at these locations.

Normalized centerline velocities increase from a value of

approximately 2 at the inlet to a maximum value at the sudden expansion (x/Dth = 0), and
they reduce throughout the remainder of the measured area.

89

Figure 4.5 Centerline velocities for ensemble correlation fields normalized by the
average inlet velocity. Uncertainty bars indicate 95% confidence intervals.

The velocity uncertainty fields for Re = 500 at the inlet and sudden expansion are
shown as percent uncertainty with respect to the local velocity in Figure 4.6 (a & c). The inlet
field of view is cropped due to visibility problems upstream from x = -22Dth. In Figure 4.6,
bad measurements as determined by the UOD and insufficient peak ratios (c1/c2<1.5) are
excluded and contoured in white. For both fields, uncertainty is increased at near wall
locations, and is particularly observable near the upper and lower corners of the sudden
expansion where particle seeding was low and uncertainty reaches above 100% of the local
velocity.

Additionally, increased uncertainty is observed downstream of the sudden

expansion in the high shear region surrounding the jet, which decreases with increasing x/Dth.
For brevity, the median percent of velocity uncertainty is listed in Table 4.2 for all cases with
dynamic range enhancement.
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Figure 4.6 Uncertainty field for ensemble correlation velocity, reported as
percent uncertainty with respect to local velocity for Re = 500 at (a) location 1 with
dynamic range enhancement median uncertainty = 3.3%, (b) location 1 without
dynamic range enhancement median uncertainty = 3.9%, (c) location 5 with dynamic
range enhancement median uncertainty = 1.7%, (d) location 5 without dynamic range
enhancement median uncertainty = 6.1%.

Table 4.2 Median percent uncertainty of the velocity field for valid
measurements
Re Number
500
2,000
5,000
8,000

Location 1
2.9
0.7
1.3
0.8

Location 2
1.7
4.0
4.3
6.2

Location 3
1.3
2.1
1.0
2.2
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Location 4
2.8
5.8
8.4
4.6

Location 5
1.7
4.5
16.0
10.8

To illustrate the influence of dynamic range enhancement processing, uncertainty
fields without multi-frame processing are shown in Figure 4.6 (b & d). Here, velocities are
computed conventionally, with only PIV image pairs separated by the shortest frame
separation. When comparing uncertainty between conventional and multi-frame processing,
a significant reduction in uncertainty is observed for low velocity measurements, particularly
in the recirculation regions of Figure 4.6 (c & d) and near-wall locations in the inlet (Figure
4.6 (a & b)). Furthermore, the median percent uncertainty in the sudden expansion drops
from 6.1% to 1.7% and from 3.9% to 3.3% in the inlet. While uncertainty analysis was not
provided for the previous study [20] and therefore a direct comparison cannot be made, it is
likely that the former data is similar to the results from the single frame separation technique.
Profiles of VSS normalized by 1/2ρvth2 are plotted in Figure 4.7 (a & b) at locations x
= 2Dth and x = 5Dth. As expected, profiles appear relatively symmetric and opposite in sign
across the centerline of the flow field. A reduction in peak VSS is observed along the length
of the sudden expansion for all Reynolds numbers as depicted in Figure 4.7 (c).
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Figure 4.7 Viscous Shear stress profiles normalized by 1/2ρvth2 at (a): x = 2Dth
and (b) x = 5Dth. (c): Maximum and minimum viscous shear stress profiles normalized
by 1/2ρvth2 downstream of the sudden expansion. All plots derived from ensemble
correlation fields.

WSS and corresponding 95% uncertainty bounds were calculated from the ensemble
correlation field and are reported in Figure 4.8 (a & b) for the walls in the gradual contraction
and throat. General trends of the WSS in these regions agree with expected results showing
increasing WSS for increasing Reynolds number. The gradual contraction indicates a rapid
increase in WSS as the nozzle diameter reduces. WSS values in the throat are seen to
gradually decrease with increasing x/Dth for all Reynolds numbers as velocity profiles begin
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to develop and near wall gradients reduce. For both cases, uncertainty bounds display high
fluctuations along the length of the wall and occasional spikes in uncertainty are visible
corresponding to small fluctuations in measured WSS (prominent in Figure 4.8(b)).

Figure 4.8 Wall shear stress computed at (a) the contraction and (b) throat walls.
Thick lines represent computed WSS for each Reynolds number and thin lines
represent 95% confidence intervals for the local measurement.

The percent uncertainties with respect to locally computed WSS values are reported in
Table 4.3 for all Reynolds numbers and PIV locations.

Uncertainty bounds without

contributions from the velocity estimation are listed in parenthesis for comparison. Larger
uncertainties, in some cases well above 100%, are reported in the inlet, gradual contraction,
and sudden expansion regions, while lower uncertainties of 20 – 50% are reported for the
throat regions. No obvious trends are observed in terms of percent uncertainty with respect to
the various Reynolds numbers, although a clear increase in uncertainty bound values is seen
for higher Reynolds number cases in the aforementioned line plots. Bounds estimated by
neglecting velocity uncertainty indicate a marked decrease in the estimated bounds, as
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uncertainty from velocity estimations account for approximately 90 – 99% of the total WSS
uncertainty.
Table 4.3 Percent of total uncertainty of WSS. Percent uncertainty omitting
contributions from velocity shown in parenthesis.

Reth 500
Reth 2000
Reth 5000
Reth 8000

Location 1
(inlet)
208.4 (2.3)
77.0 (3.2)
103.6 (3.3)
37.3 (2.9)

Location 2
(contraction)
272.4 (2.8)
150.9 (2.0)
87.3 (1.6)
99.0 (1.5)

Location 3
(throat)
19.7 (3.7)
17.8 (3.3)
20.6 (2.2)
18.2 (2.0)

Location 4
(throat)
45.9 (5.8)
51.7 (7.6)
24.0 (3.0)
22.1 (3.0)

Location 5
(expansion)
1107.3 (2.3)
730.0 (2.4)
2571.5 (2.4)
7963.0(2.5)

Pressure measurements acquired for each Reynolds number were averaged in time
and across the five data sets taken for each flow case and are plotted in Figure 4.9(a). Fields
of relative pressure were estimated from instantaneous PIV velocity data using an omnidirectional line integral method outlined by Charonko et al. and adapted from Liu and Katz
[46, 47]. The pressure fields in the gradual contraction and throat are show in Figure 4.9 (b
& c) for Re = 500. The fields are referenced with respect to the measured pressure at x/Dth = 11.5 and x/Dth = -5 for the contraction and throat, respectively. As expected, pressure is seen
to decrease as the velocity increases in the throat. Additionally, centerline pressures from
pressure field predictions are also plotted in Figure 4.9 (a) showing generally good agreement
with measured pressures.
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Figure 4.9 (a) Pressure measurements at ten tap locations shown in colored ‘X’
symbols. Estimated centerline pressures from relative pressure calculation plotted on
same figure. Pressure fields for Re 8000 computed from instantaneous PIV fields at (b)
location 2 and (c) location 3.

Reynolds shear stress profiles for u ′ 2 U o2 and v′ 2 U o2 derived from instantaneous PIV
fields are plotted in Figure 4.10 (a & b) at several x/Dth locations for Reynolds numbers 5,000
and 8,000. For both of the presented cases, velocity fluctuations in the streamwise direction
are dominant, and stress profiles are observed to widen with a reduction in peak values for
increasing values of x/Dth. Profiles of energy dissipation rate shown in Figure 4.10 (c),
indicate high rates of dissipation localized to the shear layer, which spread with increasing
x/Dth. Additionally, the peak rate of energy dissipation appears to grow with x/Dth for Re =
5000 while decreasing slightly for Re=8000.

Dissipation was calculated using a two
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dimensional representation assuming fully resolved, turbulent, isotropic, and homogeneous
fields [48, 49]. Although the minimum resolution for this data (~240µm) is approximately 10
times the estimated Kolmogorov length scale (~25µm), and the flow environment may not be
considered isotropic or homogeneous, the analysis still provides an order of magnitude
estimate of dissipation and dissipation patterns.

Figure 4.10 Reynolds stresses plotted for (a) streamwise and (b) spanwise
velocity components and (c) Five term energy dissipation rate for Reynolds numbers
5000 and 8000. Plots derived from instantaneous processing.
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4.5. Discussion
This study integrates several advanced PIV processing techniques that can
improve measurement accuracy for velocity and shear estimations, including ensemble
correlation, dynamic range enhancement, phase correlations, and RBFs. Many of these
techniques are particularly useful in flow environments with large velocity gradients, a high
range of velocity magnitudes, and poor image quality, conditions that are commonplace in
many blood-contacting medical device studies and in the various geometries in the FDA
nozzle model. This discussion will highlight the challenging flow environments in the current
flow facility and discuss the implications of advanced processing and post-processing
schemes in terms of uncertainty. The discussion will end with an overview of the turbulence
statistics and pressure analysis for comparisons with CFD.
One of the most prominent challenges in the current flow environment is the presence
of large velocity gradients at near-wall locations in the inlet, conical contraction, and throat.
Inlet velocity profiles for ensemble correlation data in Figure 4.3 (a) demonstrate a reduction
in uncertainty and near-wall bias in comparison to time-averaged data shown in Figure 4.3
(b). The improvements in uncertainty occur due to strengthened correlation SNRs produced
by correlation summation, which allows for diminished window sizes and an increased
spatial resolution of approximately 3 times larger than the previous study [20]. Conversely,
time-averaged fields computed from instantaneous processing schemes require larger
windows to combat low SNRs from sparse seeding near the wall.

The implication of

increased window size and lower resolution is two-fold. First, large interrogation windows
increase the range of particle displacements in shear flow, widening the cross-correlation
[50], and in extreme cases can cause peak-splitting [51], both of which lead to increased
uncertainty.

Secondly, because particle displacements are averaged across interrogation
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windows, a larger velocity bias is present at the wall as seen in the insets of Figure 4.3 (a &
b). Ultimately, if CFD validation is to take place at near-wall locations, the improvements
gained through ensemble processing should be employed whenever possible.
Poor image quality, sparse seeding, and the overlap of interrogation windows
with regions outside of the flow environment, also provide challenges at boundaries by
introducing noise and reducing the available signal. In cases such as these, phase correlations
can be implemented to reduce the influence of noise by performing correlations in the
spectral domain. Although a direct comparison with standard correlation methods is not
provided in this work, other works have sufficiently shown the reduction in correlation noise
floor, higher peak detectability, and increased accuracy resulting from this procedure [31, 32,
42]. However, despite the use of phase and ensemble correlations with deformable windows,
near-wall velocity estimates continue to be associated with higher uncertainty in comparison
to the bulk flow, as shown in Figure 4.6 (a).
Steep velocity gradients are also observed away from boundaries such as in the jet
shear layer shown in velocity profiles (Figure 4.4 (a)) and VSS profiles (Figure 4.7 (a))
plotted at x = 2Dth. Downstream at x = 5Dth, the jet dispersion is reflected in velocity (Figure
4.4(b)) and VSS (Figure 4.7 (b)) profiles, which widen in comparison to x=2Dth and display
diminished peak velocity, velocity gradients, and VSS.

The corresponding velocity

uncertainty (Figure 4.6 (c)) for Re = 500 resembles patterns of VSS with increased
uncertainty occurring in the shear layer, and a slow decline in uncertainty following the decay
of maximum VSS with increasing x/Dth (Figure 4.7 (c). Particularly, this reflection of
uncertainty trends on VSS patterns isolates the influence of shear flow on velocity
uncertainty without influences from boundary complications.

99

The sudden expansion location is exceedingly complex due to the high range
of velocities between the jet and recirculation zones. For this data, a dynamic range of
approximately 100:1 was observed between the jet and recirculation regions, resulting in
displacements on the order of 0.1pixels in the low flow regime. Through the use of dynamic
range enhancement, a larger frame separation lengthened particle displacements above 1
pixel, allowing for higher precision velocity estimations. In extreme cases, such as areas of
the sudden expansion, this correction resulted in a reduction of local uncertainty from over
1000% to values below 5% of the local velocity, providing more reliable measurements in
comparison to the conventional processing performed in the previous study [20].
WSS measurements along the throat walls in Figure 4.8 (b) are associated with lower
uncertainty in comparison to other regions. This result is somewhat unexpected due to the
high velocity gradients in this region. However, adequate seeding, coupled with phase
correlations, small and deformable interrogation windows, and RBF derivative schemes, most
likely contribute to the improved performance in this region. Nonetheless, isolated spikes in
uncertainty coincide with small WSS fluctuations, again highlighting the sensitivity of WSS
to even moderate levels of velocity uncertainty.
The overwhelming influence of velocity uncertainty on WSS measurements is
apparent when comparing uncertainty bound estimates with and without contributions from
velocity estimates (Table 4.3). In part, this sensitivity is not surprising when considering the
exponential propagation of uncertainty through spatial or temporal derivatives from PIV
fields even with minimal error [37, 38, 46]. As expected, the challenges discussed above
including sparse seeding, high velocity gradients and poor image quality largely influence
WSS measurement certainty. However, the results are surprising when considering the small
contributions from velocity gradient estimations. These findings reiterate that, in general, the
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RBF provides a robust method to calculate gradients with moderate velocity fluctuations,
here introduced in Monte Carlo simulations as local uncertainty. Furthermore, although the
use of RBFs is seemingly overcomplicated in comparison to central difference schemes, the
procedure is similar to that of finite difference methods, which also require interpolation of
the gradients at non-gridded wall locations, as well as coordinate transforms to properly
account for wall-tangential velocity components. This argument can be extended to WSS
uncertainty analysis where both methods require Monte Carlo type analyses as performed in
this work.
In addition to WSS, Reynolds stresses remain an important metric to evaluate bloodcontacting medical devices due to potential RBC damage caused by shearing forces. For the
current geometry, velocity fluctuations are observed to be largest in the jet shear layer
downstream of the sudden expansion. Specifically, Reynolds stress profiles for Re = 5000
and 8000 in Figure 4.10a & b indicate dominant velocity fluctuations in streamwise rather
than spanwise components. As expected, peak fluctuations occur in the shear layers and
profiles widen as the jet disperses for both Reynolds numbers. For Re=8000, peak
fluctuations remained relatively constant across the domain. Additionally, profiles of the rate
of energy dissipation for this Reynolds number, shown in Figure 4.10 (c), widen with
increasing x/Dth. For Re = 5000, peak fluctuations and energy dissipation appear to grow
throughout the measured region with increasing x/Dth. Despite the assumptions made
regarding measurement resolution and isotropic, homogeneous flow conditions, this analysis
permits an order of magnitude comparison for CFD validation. Supporting this assumption,
work by Sharp and Adrian found, using the same dissipation model, that PIV with spatial
resolution seven times greater than the Kolmogorov scale was consistently capable of
capturing at least 70% of the true dissipation [49].
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Finally, estimates of relative pressure fields are included in this analysis to provide an
additional reference for CFD comparisons. General agreement was observed among relative
pressures measured at port locations and that of the estimated fields. However, sensitivity to
velocity uncertainty was reflected in pressure estimates, which displayed increased deviations
from expected values near regions of high velocity uncertainty. Nonetheless, the reported
pressures should supplement the PIV comparison with CFD.

4.6. Conclusion
This study synergistically implements several advanced PIV processing and
post-processing techniques including ensemble correlation, dynamic range enhancement,
phase correlations, and RBFs to improve velocity and shear estimations for validation of CFD
medical device models. In particular, the analysis focused on flow fields with large near-wall
velocity gradients, high ranges in velocity, and poor correlation SNRs resulting from sparse
particle seeding and/or poor image quality, which are problems in many medical device
studies using PIV.

Uncertainty analysis was provided in a spatial sense to more

comprehensively compare velocity and WSS PIV estimates with CFD predictions. Results
indicate that WSS uncertainty is primarily dominated by velocity uncertainties, highlighting
the importance of advanced PIV processing schemes to improve accuracy at boundary
locations. Of the many challenges inherent to medical device validation, sparse near-wall
seeding is perhaps the most difficult to resolve due to lack of signal. Alternatively, the use of
advanced processing and post-processing schemes can often mitigate problems such as large
velocity ranges and gradients, as well as noisy images. This study supplements previous
works by addressing protocols for measurement of velocity, WSS, uncertainty, Reynolds
stresses and dissipation and pressure estimates to provide a comprehensive dataset for CFD
validation
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5. CONCLUSION
This dissertation documents the evaluation of flow measurement capabilities within
meso- and micro-scaled medically relevant devices using PIV. The work focused on three
largely varying flow environments, each with inherently different challenges associated with
experimental velocity measurements. Several conclusions from each study were found and
are worth reiterating here.
The work detailed in chapter 2 focused on the influence of particle seeding and
volume illumination on image and correlation SNRs. This study suggests the importance of
using several techniques to improve image and correlation quality. However, the use of
advanced PIV processing was found to have a more significant benefit in comparison to
filtering with confocal microscopy. The results confirmed that advanced processing schemes
were able to remove the influence of noise through phase correlations.

However, the

investigated methods were unable to overcome inaccurate results due to low seeding densities
where noise was reduced and insufficient particle counts limited the available signal.
Nonetheless, the improvements observed from advanced imaging and processing techniques
are promising to future studies indicating that time accurate micro-PIV measurements are
possible while remaining within the constraints imposed by the length scales of microfluidic
devices.
The third chapter of this dissertation performed the first known study quantifying the
bulk flow hemodynamics in stented coronary bifurcations using CFD and PIV. PIV results
were associated with low measurement uncertainty due to ensemble correlations, and
although CFD measurements fell outside of the predicted PIV velocity ranges, bulk flow
measurements were generally in agreement between the methods.
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However, intrinsic

differences between CFD and experimental models such as stent placements, vessel lengths
and CFD assumptions are likely the cause for variations in flow estimations. Additionally,
the methods agree on general trends in the flow environments specific to each interventional
strategy and were able to depict problematic flow regions such as low velocity regions due to
increased strut density, and blockages in arterial lumens.
The fourth chapter of this dissertation used an analog medical device to set protocols
for experimental device evaluation and validation of CFD predictions. The results from this
study showed tangible improvements in measurement uncertainty through the use of
advanced PIV processing schemes such as ensemble correlation and dynamic range
enhancement. Specifically, the use of ensemble correlation allows for increased spatial
resolution and reduced near-wall velocity bias, and should be used whenever possible,
especially if CFD comparisons are important near boundaries. Dynamic range enhancement
was found to largely reduce uncertainty for small particle displacements and should be used
wherever particle displacements drop below a single pixel. Furthermore, the uncertainty
analysis along with velocity measurements, pressure estimates, and turbulent statistics,
permits spatial CFD validation.
In all, the work detailed in this dissertation provides a comprehensive analysis of
several PIV processing techniques that should be used when evaluating medical devices or
comparing flow environments with CFD predictions.

The studies set protocols for

overcoming challenges specific to device length scale, flow environments and boundary
conditions, and outline methods to verify measurement uncertainty when true solutions are
unknown.
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