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Abstract

Identification of vascular structures from medical images is integral to many clinical procedures. Most vessel segmentation techniques ignore the
characteristic pulsatile motion of vessels in their formulation. In a recent effort to automatically segment vessels that are hidden under fat, we
motivated the use of the magnitude of local pulsatile motion extracted from surgical endoscopic video. In this article we propose a new approach
that leverages the local orientation, in addition to magnitude of motion, and demonstrate that the extended computation and utilization of motion
vectors can improve the segmentation of vascular structures. We implement our approach using four alternatives to magnitude-only motion
estimation by using traditional optical flow and by exploiting the monogenic signal for fast flow estimation. Our evaluations are conducted on
both synthetic phantoms as well as two real ultrasound datasets showing improved segmentation results with negligible change in computational
performance compared to the previous magnitude only approach.
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1. Introduction

Identification of blood vessels from medical images is impor-
tant to many clinical procedures. Common applications of vas-
cular imaging range from routine non-invasive diagnostic pro-
cedures to complex surgical interventions. Vascular imaging is
routinely used to assess the risk for cardiovascular morbidity by
(i) directly imaging and analyzing the coronary arteries with in-
travascular ultrasound (US), magnetic resonance (MR), or com-
puted tomography (CT) imaging; (ii) quantifying arteriosclero-
sis from color images of the retina (Pedersen et al., 2000); (iii)
segmenting atherosclerotic plaque from US (Bots et al., 1997),
MR (Duivenvoorden et al., 2009), or CT images (Manniesing
et al., 2010) of the common carotid artery (CCA); or (iv) moni-
toring changes in vascular distensibility from MR images of the
aorta (Cavalcante et al., 2011) and CT angiography images of
the CCA (Hameeteman et al., 2013) – all of which have been
identified as independent predictors of stroke (Hansson, 2005;
Wong et al., 2001; Chambless et al., 2000; Laurent et al., 2003;
Josephson et al., 2004). In the domain of image-guided ther-
apies, the real-time acquisition speed and noninvasive nature
of US imaging have popularized its utility for guidance during
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commonly performed, yet laborious, vascular access (cannula-
tion) procedures such as insertion of central venous and arterial
pressure catheters (Maecken and Grau, 2007). Moreover, vas-
cular imaging is used regularly during preoperative planning
and screening of surgical interventions like kidney and liver
transplants (Halpern et al., 2000; Kamel et al., 2001). Finally,
in addition to the traditional applications of X-ray fluoroscopy
and CT angiography during image-guided cardiac catheteri-
zation (Grossman, 1986) and aneurysm surgery (Raabe et al.,
2006), vascular imaging is finding new applications in intraop-
erative guidance during robot-assisted prostate and kidney can-
cer surgeries (McLeod et al., 2015a; Amir-Khalili et al., 2014,
2015b; Tobis et al., 2011).

Extraction of vascular structures are of such importance that
many acquisition techniques and imaging modalities have been
specifically developed to enhance the appearance of vascula-
ture in medical images. Such techniques include contrast en-
hanced CT or MR angiography, laser speckle imaging (Mu-
rari et al., 2007), near infrared fluorescence imaging (Tobis
et al., 2011), color Doppler US and optical coherence tomog-
raphy (OCT) (Izatt et al., 1997). Although these modalities and
techniques enhance the appearance of the imaged vasculature,
many of the aforementioned clinical applications stand to ben-
efit from a fully automatic vessel localization algorithm. The
need for automated vessel localization, or segmentation, has in-
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Table 1: Categorization and comparison of existing automatic vessel segmen-
tation methods.

Modality Application Method

M
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ti-
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al
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M
ot
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M
od

el

Frangi et al. (1998) 2D DSA &
3D MRA

Vessel enhancement Vesselness Y N

Lorigo et al. (2001) 3D MRA &
3D CT

Vessel segmentation Active contours N N

Staal et al. (2004) RGB image Segment retinal vessels Vesselness Y N
Vermeer et al. (2004) 2D image Segment retinal vessels AM N N

McIntosh and Hamarneh (2006) 3D MRA &
3D CT

Vessel segmentation Vesselness+
TSMT

Y N

Law and Chung (2008) 3D MRA Detect curvilinear structures OOF Y N
Řı́ha and Beneš (2010) DUS Segment carotid artery OF+MO+HT N Y

Schaap et al. (2011) 3D CT Segment coronary artery Supervised AM Y N
Rigamonti and Lepetit (2012) 2D RGB Segment retinal vessels Random forests Y N

Becker et al. (2013) 2D RGB &
3D BM

Vessel segmentation CNN Y N

Amir-Khalili et al. (2014, 2015b) EV Segment renal vessels PBMS Y Y

Hennersperger et al. (2015) 2D US Segment carotid artery Vesselness+
AM+USCM

Y N

McLeod et al. (2015b) DUS Detect dural pulsation EKF+FS N Y
Gastounioti et al. (2015) DUS Segment plaque GWIR+GBS N Y

Amir-Khalili et al. (2015a) DUS Segment carotid artery MF+ PRMM Y Y

Gao et al. (2017) 3D MR Segment carotid artery
and abdominal aorta

HT + NURBS Y N

AM: Appearance Model MF: Monogenic Flow
BM: Brightfield Microscopy MO: Morphological Operations
CNN: Convolutional Neural Networks MRA: Magnetic resonance angiography
CT: Computed tomography NURBS: Non-uniform rational B-spline
DSA: Digital Subtraction Angiography OF: Optical Flow
DUS: Dynamic Ultrasound OOF: Optimally Oriented Flux
EKF: Extended Kalman Filter PBMS: Phase-Based Motion Segmentation
EV: Endoscopic Video PRMM: Pulsatile Radial Motion Model
FS: Frequency Smoothing TSMT: Tubular Spring-Mass Tracker
GBS: Graph-Based Segmentation US: Ultrasound
GWIR: Group-Wise Image Registration USCM: Ultrasound Confidence Maps
HT: Hough Transform

spired novel contributions in the field of medical image analy-
sis. In the next subsection, we provide an overview of important
contributions made in this field and survey the emerging trend
of incorporating temporal information (kinematics) into auto-
matic vessel segmentation algorithms.

1.1. Related Works

In Table 1, we have summarized notable contributions made
towards fully automatic segmentation of vascular structures
with an emphasis on seminal techniques (Frangi et al., 1998;
Lorigo et al., 2001; Staal et al., 2004; Vermeer et al., 2004) and
more recent approaches that incorporate temporal motion mod-
els (Řı́ha and Beneš, 2010; Amir-Khalili et al., 2014, 2015b,a;
McLeod et al., 2015b; Gastounioti et al., 2015). Included con-
tributions constitute a diverse sampling of vessel segmentation
methods applied to different clinical contexts ranging from low-
level generalized (Frangi et al., 1998; Law and Chung, 2008) or
application specific (Staal et al., 2004; Vermeer et al., 2004)
vessel extraction methods to high-level frameworks (Lorigo
et al., 2001; McIntosh and Hamarneh, 2006; Schaap et al.,
2007; Rigamonti and Lepetit, 2012; Becker et al., 2013; Hen-
nersperger et al., 2015; Gastounioti et al., 2015; Gao et al.,
2017). Cited works were chosen to represent a wide array of
imaging modalities, e.g., MR, CT, US, color images and endo-
scopic video, as well as popular supervised learning techniques.

The reader is referred to comprehensive surveys of vessel seg-
mentation techniques (Suri et al., 2002; Kirbas and Quek, 2003;
Lesage et al., 2009; Kirisli et al., 2013) for more information on
other existing methods.

The early attempts at automatic vessel segmentation fo-
cus on applying advanced low-level pixel based image anal-
ysis techniques to static intensity information acquired from
the aforementioned imaging modalities. Such attempts in-
clude the exploitation of ridge-like features in the image (Staal
et al., 2004), Hessian-based vesselness features (Frangi et al.,
1998; Hennersperger et al., 2015; Law and Chung, 2008), and
model/physics based approaches (Vermeer et al., 2004; Hen-
nersperger et al., 2015). Other high-level techniques have
also been proposed by embedding these low-level features in
broader frameworks, which include: vessel trackers (McIntosh
and Hamarneh, 2006), deformable 3D cylindrical non-uniform
rational B-spline surface models (Gao et al., 2017), a combi-
nation of wavelet-based features and machine learning (Soares
et al., 2006), active contours (Lorigo et al., 2001), and super-
vised machine learning techniques (Schaap et al., 2011; Rig-
amonti and Lepetit, 2012; Becker et al., 2013). With the ex-
ception of Doppler US and OCT, the techniques listed above
and in cited survey papers (Suri et al., 2002; Kirbas and Quek,
2003; Lesage et al., 2009; Kirisli et al., 2013) focus on extract-
ing low- and high-level features from static information alone,
ignoring the most characteristic feature of a pulsating vessel,
i.e., its kinematics or temporal behavior.

On the other hand, US and OCT exploit the pulsatile flow
kinematics of blood inside the vessels to facilitate localization.
Such modalities are capable of measuring the directionality and
relative velocity of structures (usually blood) by leveraging the
Doppler effect. The flow of blood, however, is not the only
temporal characteristic of vascular structures. The pulsatile ra-
dial distension and compression of the vascular walls (from the
lumen to tunica externa) is another characteristic that can be
observed and measured using almost any imaging modality so
long as the temporal and spatial resolutions are adequate.

The first use of temporal features for the purpose of vessel
segmentation did not explicitly model the kinematics (Řı́ha and
Beneš, 2010). In their paper, the authors simply assumed that
the only meaningful movement in dynamic US (DUS) scan of
the CCA imaged along the transverse axis is the pulsatile move-
ment of a circular pattern. Based on this assumption the au-
thors propose to use an optical flow (OF) algorithm to extract
motion vectors from adjacent frames in a sequence and simply
average the absolute value (magnitude) of motion across the
entire sequence to generate features. These features are then
processed with median filtering and morphological operations
(MO) to generate a binary mask. High-level features are finally
extracted from the Hough transform (HT) of the binary mask
and the resulting features, along with the last frame of the se-
quence, are fed into a Bayesian classifier to compute the center
and radius of the CCA.

We initially proposed to exploit the kinematics of pulsating
vessels in the context of kidney cancer surgery to identify major
vessels that are hidden under layers of connective tissues (Amir-
Khalili et al., 2014, 2015b). Rather than a simple computation
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of the average magnitude of motion using OF, we proposed the
use of a temporal bandpass filter to isolate features that are in
sync with the heart-rate. In our approach, we reformulated the
Eulerian video magnification (Wadhwa et al., 2013) pipeline
into a multi-scale phased-based motion segmentation (PBMS)
algorithm to detect the motion of renal vessels by analyzing the
magnitude of temporal change in the local phase information
of an endoscopic video (EV) sequence. Our PBMS method, al-
though novel in application, only operates on the magnitude of
local pulsatile motion and is consequently prone to false posi-
tives when tested on other applications and imaging modalities,
failing to differentiate between the motions specific to vascu-
lature versus neighboring structures that happen to move at the
same frequency as blood vessels. In a recent publication (Amir-
Khalili et al., 2015a), to reduce the number of false positives
and to extend the application of our method to more challeng-
ing imaging modalities, such as DUS sequences of the CCA, we
proposed a novel kinematic model-based vessel segmentation
(KMVS) pipeline that couples a pulsatile radial motion model
(PRMM) with a more detailed computation of motion charac-
teristics that entails an estimation of the local magnitude and
orientation of motion. We showed that this updated pipeline
increases the accuracy of kinematics-based vessel segmenta-
tion and that by reconstructing the monogenic signal (Felsberg
and Sommer, 2001) and computing the motion vectors using a
monogenic flow (MF) technique, the local orientation of motion
may be estimated in a more computationally efficient manner
compared to the previous PBMS method.

Concurrent with our efforts, other novel methods have been
proposed to address similar challenges with the help of pul-
satile kinematics models. In a recent publication, it was demon-
strated that a kinematic model of periodic low velocity out-
of-plane motion of structures in DUS using extended Kalman
filters (EKF) and frequency smoothing (FS) can localize dural
pulsation for spine needle interventions (McLeod et al., 2015b).
The proposed method operates in real-time and is capable of
detecting subtle motions that are imperceptible in Doppler US.
Furthermore, the proposed visualizations were shown to reduce
the normalizing path length and number of attempts required to
perform a mock epidural procedure on a spinal phantom model.
Although this method was shown to be effective in the novel ap-
plication presented, similar to our PBMS method, it will likely
not be able to distinguish between vascular structures and oth-
ers that happen to translate at the same frequency as vessels.
The FS aspect of the proposed method may allow the EKF ap-
proach to perform better than PBMS, but this method cannot
benefit from an advanced kinematic model of vasculature due
to the lack of a mechanism to account for the spatial orientation
of motion.

In the context of CCA atherosclerosis assessment, another
method was proposed to learn the kinematic dependencies
between atherosclerotic and healthy vascular tissue in DUS
by combining group-wise image registration (GWIR) with a
graph-based segmentation (GBS) scheme (Gastounioti et al.,
2015). Rather than implementing a physics-based kinematic
model, the authors proposed a data-driven approach to learn a
complex discriminative model. To do this, the magnitude of to-

tal vertical and horizontal displacements (MTD) are first com-
puted for every pixel throughout the sequence using GWIR.
Then, independent component analysis is used to identify the
dominant and independent motion classes, which are used as
a basis to which the MTD of each pixel is mapped using mu-
tual information. A final mutual information value is assigned
to a given pixel through majority voting. The likelihood of a
pixel belonging to a binary class (healthy or atherosclerotic)
given the final map is first learned and then used as the data
term to perform GBS and generate contiguous contours around
the atherosclerotic regions. Segmenting atherosclerotic plaque
from DUS is challenging and the proposed pipeline performs
well. It can be argued that the pipeline may be modified to seg-
ment vascular structures in addition to the plaque regions. Even
though real-time performance is not a strict requirement for di-
agnostic clinical applications, the speed of the algorithm is of
clinical value. The authors do not mention the runtime of their
pipeline and the GWIR method used in the paper was projected
to take minutes to complete, at best, if optimized and imple-
mented in C++ (Sotiras et al., 2009). It is thus unlikely that the
proposed method would be able to perform in real-time.

1.2. Contributions

Our objective in this paper is to assess the performance of
vessel localization using kinematic pulsatile radial motion mod-
els without the aid of learning or appearance models to motivate
the use of motion-based features within a broad range of ves-
sel segmentation applications including image-guided therapies
and routine diagnostic procedures. Specifically, we aim to dis-
seminate a fast and effective low-level motion based segmen-
tation pipeline that ultimately may be incorporated, alongside
complementary low-level intensity based features, into exist-
ing high-level discriminative segmentation frameworks (Becker
et al., 2013; Hennersperger et al., 2015). To that effect, we elu-
cidate the intuition behind our KMVS pipeline (Amir-Khalili
et al., 2015a) in detail and extend our original formulation with
alternative optimized and off-the-shelf techniques for perform-
ing the motion estimation stage of the pipeline. We start by
motivating the Eulerian motion estimation method employed in
our pipeline in order to link our current approach with our pre-
vious PBMS method. We then delve into the different ways that
complete motion vectors may be estimated from a sequence of
images, i.e., OF and MF, and the trade-offs associated with each
method. We evaluate the performance of all proposed meth-
ods with our original synthetic and clinical DUS scans of the
CCA as well as an additional large external dataset of pub-
licly available DUS sequences of the CCA imaged along the
transverse plane. Through the analysis of our results on the
DUS datasets, we conclude that a tuned OF motion estimation
method increases the segmentation accuracy and computational
performance of the KMVS pipeline beyond that of our original
formulation (Amir-Khalili et al., 2015a). Finally, we highlight
the future prospects of our kinematic approach; namely, the ex-
tension of the KMVS pipeline to high dimensional, 3D+time,
data and into the native radio frequency representation of DUS.

3



A. Amir-Khalili et al. / Medical Image Analysis 00 (2017) 1–16 4

2. Methodology

As motivated in the Introduction section, the goal is to lever-
age an understanding of the kinematics of vascular structures
to perform image segmentation. These kinematics are observed
through the change in intensity information of anatomical struc-
tures captured in a video or dynamic sequence of frames. In this
paper, each jth frame of such sequence is defined as a scalar val-
ued (grayscale) function f : (x ⊂ R2, j ⊂ R) → R mapping a
pixel x = (x1, x2)ᵀ in the 2D spatial domain of each frame to
an intensity value. Depending on the spatiotemporal resolution
of the sequence and the specific vascular anatomy being im-
aged, some kinematics of the vasculature may be observed by
the naked eye, the most notable characteristic being the peri-
odic motion of the vascular walls induced by the pulsatile flow
of blood in the vessel. The visibility of this phenomenon—
or the magnitude of observable displacement—varies depend-
ing on the radius, thickness, and viscoelastic properties of the
vascular walls as well as the flow rate and pressure of blood
inside the vessel (Warriner et al., 2008). In previous publica-
tions (Amir-Khalili et al., 2014, 2015b), we demonstrated that
advanced Eulerian motion estimation techniques may be used
to observe this phenomena, even in situations where the mo-
tions are subtle and imperceptible to the naked eye, by observ-
ing the temporal change in f at every pixel x.

There are different ways to identify periodic motions occur-
ring at a given pixel. For blood vessels, these periodic pulsa-
tions are within a temporal passband centered on the heart-rate
of the patient. A trivial way to identify this periodic motion is to
apply a temporal bandpass filter to the raw intensity information
f at every pixel x independently. This naı̈ve approach is prone
to error as it does not consider the motion of neighboring pix-
els, is sensitive to noise, and it cannot estimate the magnitude
of motion, which is required to attenuate the effects of noise.
In our previous phase-based motion segmentation (PBMS) ap-
proach (Amir-Khalili et al., 2014, 2015b), we overcame these
limitations by (i) estimating the magnitude of motion via the
change in local (spatial) phase information and (ii) measuring
this change over multiple spatial scales and orientations to en-
code the motion information from neighboring pixels.

2.1. Phase-Based Motion Segmentation

The shift property of Fourier transform states that motion is
directly related to the change in phase. Our aforementioned
PBMS method is built on this foundation and relies on a com-
plex “analytic” steerable pyramid to extract local motion infor-
mation from a sequence of grayscale images. The estimation of
motion from local phase information is straightforward when
there is only one spatial dimension. In 1D, local phase can be
measured by constructing the analytic signal. The analytic sig-
nal is constructed from quadrature filters, i.e., 1D Hilbert pair of
bandpass filters. The estimation of local phase is more complex
in 2D images and there are thus many approaches to extend the
analytic signal to 2D. One approach is to use a steerable com-
plex pyramid decomposition (Portilla and Simoncelli, 2000) to
extract local motion information from a sequence of grayscale
images.

2.1.1. Multi-Scale Steerable Analytic Decomposition
With the complex steerable pyramid, the analytic signal is es-

timated at different scales s = 1..S , along n = 1..N different ori-
entations from the complex response h(x, j; s, n)|s,n : R3 → C
to a set of steerable filters b(x; s, n). The real and imaginary
parts of h(x, j; s, n) correspond to a pair of even- and odd-
symmetric filter responses that are analogous to a one dimen-
sional Hilbert transform along the given orientation. The ori-
entations are sampled evenly such that the local orientation θn

(where ]x = (cos θn, sin θn)ᵀ) is determined by θn = πn/N,
where N is the total number of orientations used in the pyra-
mid. The steerable PBMS method measures the magnitude of
local phase φ(x, j; s, n) = arg(h(x, j; s, n)) projected onto N dif-
ferent angles θn, n = 1...N.

2.1.2. Spatiotemporal Filtering
To identify locations where φ exhibits periodic motion, we

filter the local phase measurements using an ideal bandpass fil-
ter:

z( j) = 2τHsinc(2τH j) − 2τLsinc(2τL j), (1)

where τL is the temporal low frequency cut-off and τH is the
high frequency cutoff and the sinc functions are the time do-
main representations of rect functions in the temporal fre-
quency domain that construct an ideal bandpass. The response
of the temporal bandpass filter is φz(x, j; s, n) = φ(x, j; s, n) ∗
z( j). Noise is suppressed by multiplying the bandpassed phases
and the normalized magnitude of the spatial filter response vec-
tors to obtain φ̂z(x, j; s, n) = |h(x, j; s, n)|φz(x, j; s, n). A spa-
tiotemporal median filter is also used to remove the impulse
noise introduced in the temporal filtering step.

2.1.3. Multi-Scale Motion-Based Segmentation
This denoised product φ̂z(x, j; s, n) is averaged across all

scales s, orientations n, and frames j to obtain our final fuzzy
labels

IP(x) =
1

MP

∑
∀ j,s,n

|φ̂z(x, j; s, n)|
2πωs

, (2)

where ωs is the spatial frequency of scale s and MP is a normal-
izing factor to fix the range of PBMS labels IP to [0 1].

The simple averaging across all orientations only considers
the weighted mean magnitude of motion. An alternative ap-
proach, presented initially in our kinematic model-based vessel
segmentation (KMVS) paper and described in detail in the fol-
lowing Section 2.2, is to compute the motion vectors entirely
(magnitude and orientation) and to implement a better kine-
matic model that only detects vessel-like structures, which ra-
dially distend and contract in time.

2.2. Kinematic Model-Based Vessel Segmentation

The PBMS method, described in the previous section 2.1,
leverages the pulsatile temporal motion of structures to approx-
imate the location of blood vessels. In addition to pulsatile mo-
tion, the geometry of the vessel is also an integral part of its dis-
tinguishing kinematics. Blood vessels are tubular structures and
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Figure 1: Overview of the PBMS and KMVS segmentation pipelines presented
in this article. In KMVS, the simple multi-scale motion-based segmentation
(red) step is replaced with a complex pulsatile radial motion model (cyan). This
radial model is built atop a multi-scale motion computation step (blue) instead
of the simpler steerable phase pyramid decomposition (orange) approach used
in PBMS. Although the parameters of the temporal bandpass filter (green) used
in both approaches are the same, the dimensionality of outputs and inputs to the
filter are different.

when these structures are subjected to a pulsatile flow, the vas-
cular walls undergo radial and longitudinal displacements (War-
riner et al., 2008). The radial displacement component mani-
fests as the expansion and contraction of vessel walls in medi-
cal images. These motions are unique to vasculature, unlike the
longitudinal motions that also occur in the surrounding tissues.
The complete computation of local motion vectors, that encode
orientation and magnitude, allows us to model the characteristic
pulsatile radial motion of a blood vessel more accurately.

The major components and differences between PBMS and
KMVS are presented in Fig. 1. The same filter parameters
are used to create the temporal bandpass filters in both PBMS
and KMVS pipelines but the dimensionality of inputs and out-
puts of the filters are different. The steerable phase pyra-
mid decomposition of PBMS decomposes the input sequence
f : R3 → R into the overcomplete representation of phase
magnitude φ : R3+N+S → R measured along N orientations and
S scales, while the output of the alternative multi-scale motion
computation step of KMVS is the dense flow field d : R3 → R2.
In the PBMS pipeline, the bandpassed phase magnitudes are
combined using a weighted average in the multi-scale motion-
based segmentation stage to generate fuzzy segmentation la-
bels; whereas, in the pulsatile radial motion model (PRMM)
stage of the KMVS pipeline, the divergence operator is ap-
plied to the bandpassed flow fields to extract a more accu-
rate fuzzy segmentation.The flow fields required by the PRMM
stage of KMVS be estimated using traditional optical flow (OF)
or monogenic flow (MF).

2.2.1. Optical Flow

OF methods compute apparent local motions of objects in
a sequence of images by imposing the brightness consistency
assumption. This constraint

f (x, j) = f (x + ∆x, j + ∆ j) (3)

assumes that the scene depicted at different points in time does
not change in intensity, i.e., objects merely translate across
frames. In the discrete time domain of the sequence, this con-
straint defines motion vectors d(x, j) that relate two frames in a
sequence

f (x, j + 1) = f (x − d(x, j), j), (4)

which can also be expressed as a continuous problem

d f (x, j)
d j

=
∂ f
∂x

dx
d j

+
∂ f
∂ j

= ∇x f v + ∇ j f = 0, (5)

where ∂ f
∂x = ∇x f is the spatial gradient of the frame, ∂ f

∂ j = ∇ j f
is the difference between the intensities of two frames, and v is
the velocity, or flow, of motion.

A simple solution to this problem, initially proposed in the
context of computational stereopsis, is to assume that the mo-
tion is constant over a local window. This assumption leads
to an overcomplete system of equations that can be solved us-
ing least squares iteratively by warping the image at each iter-
ation (Lucas and Kanade, 1981). Additionally, large displace-
ments may be accounted for by performing the iterative opti-
mization over multiple spatial scales as well, by subsampling
the frames in the spatial domain. Computational stereopsis
problems comprise a subset of OF problems, where correspon-
dence between two rectified stereo images are constrained to
only one dimension (Hartley and Zisserman, 2004). Once the
motion of objects within the scene are generalized to 2D, the
simple localized least squares solution becomes ill-conditioned
and the problem of motion estimation becomes more difficult
due to the aperture problem. An alternative way to overcome
this problem, proposed by Horn and Schunck (1981), is to im-
pose a global smoothness constraint over the flow vectors v and
solve the problem globally.

Both of these local and global approaches of computing flow
have drastically advanced since their inception and have also
been successfully combined into a unified framework (Bruhn
et al., 2005), which combines the advantages of both ap-
proaches, i.e., robustness to noise and ability to yield dense
flow fields. In our analyses, we opted to use two modern im-
plementations of OF (Liu, 2009; Sun et al., 2010) implemented
in MATLAB for the purpose of computing the dense motion
vector d(x, j).

One of the major drawbacks of OF lies in the brightness con-
sistency assumption. This assumption is sensitive to smooth
contrast variations (temporal changes in lighting conditions)
and other similar situations where pixel intensities cannot be
considered as reliable features. These scenarios are abundant
in medical image sequences; examples include: moving light
sources in endoscopic video, specular noise or non-Lambertian
reflections, and local brightness variations caused by complex
acoustic beam propagation in dynamic ultrasound (DUS). In
context of 3D DUS imaging, Alessandrini et al. (2012) attribute
brightness consistency violations (temporal variations in the lo-
cal echo strength) in part to changes in the angle between con-
nective tissue fibers and beam propagation direction, and the
limited acquisition frame rates of 3D DUS. 2D DUS benefits
from higher frame rates, but suffers from artefacts caused by
the out-of-plane motion of structures within the 2D field of
view. Structures with varying thickness and acoustic properties
may travel through the field of view during acquisition and cast
a time varying acoustic shadow on surrounding tissues. This
results in local attenuation or amplification of 2D B-mode in-
tensity values which are not necessarily correlated to the rele-
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vant in-plane motions. On the other hand, it has been argued
that phase-based computation of motion vectors is more robust
to this type of noise and has the added advantage of produc-
ing subpixel accuracy without explicit subpixel reconstruction
or feature localization (Fleet and Jepson, 1990; Wadhwa et al.,
2013). This was the original motivation behind our choice to
utilize a phase-based (Wadhwa et al., 2013) approach in our
PBMS pipeline compared to seminal gradient-based Eulerian
video magnification approaches (Wu et al., 2012).

2.2.2. Monogenic Flow
The monogenic (MON) signal is another 2D extension of

the analytic signal (similar to the steerable phase-based method
presented in section 2.1.1) and it provides an efficient frame-
work for extracting the local orientation θ and the local phase φ
features from an image. By measuring the temporal change in
θ and φ in a sequence of images, we can estimate motion (Fels-
berg, 2007; Alessandrini et al., 2013). The MON signal is con-
structed from a trio of bandpass filters with finite spatial sup-
port. This trio is commonly referred to as spherical quadrature
filters (SQF) (Felsberg and Sommer, 2001). To estimate the
motion of both small and large structures in each frame, we
generate different SQF by tuning the spatial passband of the fil-
ters to varying scales.

Each set of SQF comprises an even (symmetric) radial band-
pass filter and two odd (antisymmetric) filters. The odd filters
are computed from the Riesz transform, a 2D generalization of
the Hilbert transform, of the radial bandpass filter (Felsberg and
Sommer, 2001). In the literature, many different bandpass fil-
ters have been proposed to construct the SQF including: first
order Gaussian (Boukerroui et al., 2004), Cauchy (Boukerroui
et al., 2004), Poisson (Felsberg and Sommer, 2004), and dif-
ference of Poisson filters (Wietzke et al., 2009). We employ
Log-Gabor (Kovesi, 1996) bandpass filters as they suit the nat-
ural statistics of an image (Soares et al., 2006; Field, 1987) and
maintain zero DC gain at lower spatial scales. For every scale
s, the even Log-Gabor component of the SQF is expressed as

Be(u; s) = exp

−
[
log

(
|u|
ωs

)]2

2
[
log k

]2

 , (6)

in the frequency domain u = (u1, u2)ᵀ, where k and ωs are
parameters of the filter. The parameter k = σ/ωs is a fixed
constant representing the ratio of the standard deviation σ of
the Gaussian describing the Log-Gabor filter’s transfer func-
tion in the frequency domain to the filter’s center frequency
ωs. At each scale s, the center frequency is defined as ωs =

(λ02(s−1))−1, where λ0 is an initial minimum wavelength. The
radial bandpass filter Be is symmetric as it is only a function of
the magnitude of the frequency u. Using the Riesz transform,
we compute the two odd components (Bo1 and Bo2) associated
to this SQF as

Bo1(u; s) = i
u1

|u|
Be; Bo2(u; s) = i

u2

|u|
Be. (7)

In the spatial domain, the components of the MON signal

(he,ho) are obtained by convolving the SQF with a given frame
of the sequence such that

he(x, j; s) = F −1 [
Be(u; s)F(u, j)

]
ho1(x, j; s) = F −1 [

Bo1(u; s)F(u, j)
]

ho2(x, j; s) = F −1 [
Bo2(u; s)F(u, j)

]
ho(x, j; s) = (ho1(x, j; s), ho2(x, j; s))ᵀ,

(8)

where F(u, j) = F [ f (x, j)] is the frequency domain representa-
tion of the frame.

From the SQF responses (8), the phase vector r is then de-
fined as the continuous representation of local orientation θ and
local phase information φ such that

r(x, j; s) = φ(cos θ, sin θ)ᵀ =
ho

|ho|
arg (he + i|ho|) . (9)

Local motion may then be calculated by first computing the
components of a 3D rotation that relates the response of two
adjacent frames in the video

∆he = he(x, j; s)he(x, j + 1; s) + ho(x, j; s)ᵀho(x, j + 1; s)
∆ho = he(x, j; s)ho(x, j + 1; s) − he(x, j + 1; s)ho(x, j; s)

(10)
and then computing the phase differences ∆r by substitut-
ing (10) into (9). Given a local neighborhood N , the local dis-
placement dN (x, j; s) is calculated from∑

x∈N

[
∇ᵀr(x, j; s)

]
dN (x, j; s) =

∑
x∈N

∆r(x, j; s) (11)

where ∇ᵀ is the divergence operator. The derivation of (9),
(10), and (11) from the response to the SQF falls outside of
the scope of this paper and can be found in the original MF
paper (Felsberg, 2007). To improve the estimate for the dis-
placement vector dN (x, j; s), we compute the mean of this value
across all scales s. The computed dN (x, j) is an estimate of the
true motion vectors d(x, j) that relate two frames in a sequence
f (x, j + 1) = f (x − d(x, j), j). This is the same motion vector
that is computed by traditional OF techniques.

2.2.3. Pulsatile Radial Motion Model
Let d(x, j) define a motion field containing the motion vec-

tors estimated for all adjacent frames inside a given sequence
using either OF or MF. We first isolate the motions that are in
sync with the heart-rate by applying the same ideal temporal
bandpass filter (Fig. 1) described in (1). We define the tempo-
rally bandpassed motion vectors as dz(x, j) = d(x, j) ∗ z( j).

Temporal filtering alone does not distinguish between struc-
tures that distend radially and tissues that translate at pulsatile
frequency. Pulsating vessels are subject to periodic expansion
and contraction, and the key insight is that the orientation of
motion vectors are opposing each other along the center-line of
the vessel during both contraction and expansion. Such vector
fields thus exhibit high divergence along the center-line of the
structure as illustrated in Fig. 2.

In physical terms, divergence measures the extent to which a
point source in the vector field behaves as a sink or source and
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Translation
(no divergence)

(a)

Radial distension
(longitudinal axis)

(b)

Radial distension
(transverse axis)

(c)

Figure 2: Depiction of simple 2D motion vector fields (blue arrows) and cor-
responding scalar divergence value plotted on an orthogonal axis (red arrows).
The occurrence of divergent vascular wall motions are illustrated on longitudi-
nal (b) and transverse (c) cross sections of an artery. Vector fields that purely
translate in one direction (a) are incompressible or divergence free, whereas
radial distension motion (b and c) exhibit high divergence along the center of
expansion due to the tubular shape of the vessel.

(For high resolution images and interpretation of the
references to color in this figure legend, the reader is referred

to the web version of this article.)

it is defined as the sum of the partial derivatives of the vector
field

∇ᵀdz(x, j) =
∂dz

∂x1
+
∂dz

∂x2
. (12)

Due of the tubular geometry of vessels, the radial motion
along the center-line of the vessels are weaker compared to the
regions that are along the walls. We account for this by com-
puting the divergence across multiple spatial scales; the motion
field at each scale denoted dz(x, j; s). At each scale, we down-
sample the vector field by a factor of two using bilinear inter-
polation. The resulting vessel labels are computed to be

IK(x) =
1

MK

∑
∀ j,s

|∇ᵀdz(x, j; s)|, (13)

where MK is a normalizing factor to fix the range of KMVS
labels IK to [0 1].

3. Experiments and Results

In this section we present two experiments to evaluate
the performance of the different approaches presented in the
methodology section. In each experiment, we compare the orig-
inal phase-based motion segmentation (PBMS) implementa-
tion against four different implementations of kinematic model-
based vessel segmentation (KMVS). The four implementations
of the KMVS consist of different motion estimation techniques,
which includes two optical flow (OF) techniques (Liu, 2009;
Sun et al., 2010), the simple monogenic flow (MF) method pre-
sented in section 2.2.2, and a more robust alternative to compute
MF (Alessandrini et al., 2013).

Table 2: Summary of parameters used in all experiments.

Name Motion Estimation Kinematic Model
Method Parameters Method Parameters

PB Amir-Khalili et al. (2014, 2015b) s = 4,
n = 4

Multi-Scale
Motion-Based
Segmentation

s = 4

OF1 Sun et al. (2010) classic+nl-fast

PRMM s =
⌊
log2(L)

⌋
− 1

OF2 Liu (2009)

λ0 = 8,
α = 0.022,
δ = 2,
No = 1,
Ni = 1,
Ns = 20

MF1 Amir-Khalili et al. (2015a)
λ0 = 2,
k = 0.05,
s =

⌊
log2(L)

⌋
− 1,

N ∼ 7 × 7 box

MF2 Alessandrini et al. (2013)

mode = lucas kanade,
filter type = loggabor,
orient mode = robust,
freq mode = robust,
λ0 = 2,
k = 0.05,
δ = 2

3.1. Implementation Details
The different implementations of PBMS and KMVS are de-

noted PB, OF1, OF2, MF1, and MF2. A summary of the dif-
ferent parameters used in each implementation is provided in
Table 2. In our experiments, we use the default parameters of
PB (Amir-Khalili et al., 2015b) and the classic+nl-fast set-
ting of OF1 (Sun et al., 2010). In the OF2 (Liu, 2009) imple-
mentation, we manually tuned the parameters to increase the
speed and performance of the algorithm. The minimum wave-
length was set to λ0 = 8, weight of the regularization α was de-
creased to 0.022, the scale multiplier (inverse of downsampling
ratio) was set to match other implementations δ = 2, number of
outer No and inner Ni fixed point iterations were reduced to 1,
and the default number of successive over relaxation iterations
Ns = 20 was found to be sufficient for our purposes. The param-
eters for the MF1 (Amir-Khalili et al., 2015a) method were set
to values used in the original publication: λ0 is set to 2, ratio k
for the Log-Gabor filter was set to 0.05, and a 7×7 box filter was
used to average the displacements over the neighborhood ofN .
Note that the 7 × 7 box filter imposes a constant flow assump-
tion over small overlapping local neighbourhoods and does not
adversely impact segmentation results in our experiments. The
number of scales are set such that s =

⌊
log2(L)

⌋
− 1 where L is

the smallest image dimension. MF2 (Alessandrini et al., 2013)
was setup to use the same filter parameters as MF1 but the fre-
quency and scale computation mode was set to robust. The
motion estimation mode was changed to lucas kanade as the
spatially affine transformation model was not performing well
on our dataset.The remaining parameters were kept at their de-
fault values.

All of the methods described were implemented in MAT-
LAB 2013b1 running on a workstation with an Intel 3.7 GHz
Xeon E5-1620 processor and 8 GB of RAM. The source code
for OF1, OF2, and MF2 is publicly available online.

3.2. Materials and Experimental Setup
Although our methods are applicable to other imaging

modalities, ultrasound (US) is ideal for validation as it can im-

1MATLAB executables are publicly available for download from https:

//bisicl.ece.ubc.ca/software/radialDistension.html
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(a) US with bounding box (b) Ellipsoidal mask (c) Ground truth overlay

Figure 3: Processing steps used to generate ground truth data for the SPLab
dataset. Each frame in the dataset is accompanied by a set of coordinates that
define a bounding box, overlayed in yellow, around the CCA (a). We generate
an ellipsoidal mask (b) inside this bounding box and use it as an approximate
ground truth overlayed in red (c). (For high resolution images and interpretation
of the references to color in this figure legend, the reader is referred to the web
version of this article.)

age vessels in the transverse and longitudinal axes, it has high
temporal resolution, and the vessels can be manually delineated
with accuracy and regarded as ground truth for evaluation. We
validate the performance of PBMS and different implementa-
tions of KMVS on a set of synthetic computational phantoms
and two dynamic ultrasound (DUS) datasets of common carotid
artery (CCA) scans. The phantom dataset is designed to mimic
the kinematics of pulsating vascular structures imaged along
the transverse and longitudinal slices and is described in fur-
ther detail in Section 3.3. The first DUS dataset, hereby re-
ferred to as the UBC dataset, was acquired in-house and con-
sists of eight sequences from three volunteers with six scans ac-
quired along the transverse and two along the longitudinal axis
of the CCA captured at 30 frames per second. The first frame of
each sequence was manually segmented for quantitative analy-
sis. These eight cases and the synthetic dataset were previously
presented in our KMVS paper (Amir-Khalili et al., 2015a) and
are used as training dataset to select the parameters presented in
Table 2. A secondary publicly available DUS transverse scans
of CCA (Řiha et al., 2008; Řiha and Potúček, 2009; Řı́ha and
Beneš, 2010; Řı́ha et al., 2013), referred to as the SPLab dataset,
is used to further corroborate our findings. We selected a total
of 35 sequences from the dataset with each sequence contain-
ing four to eight frames captured at an estimated three frames
per second. Every frame in the SPLab dataset is accompanied
by image coordinates that define a tight bounding box (Fig. 3a)
around the CCA. These coordinates are used to generate an el-
lipsoidal mask (Fig. 3b) for the first frame of the selected se-
quences to serve as an approximate ground truth (Fig. 3c), in
lieu of manual segmentations.

3.3. Phantom Experiment

We use three computational phantoms, in a two-frame match-
ing experiment, to compare the effectiveness of our MF and OF
based segmentation techniques to the PB method. Temporal
filtering was not used in this experiment. Our phantoms con-
sist of: pulsating and translating circles (top row in Fig. 4 and
5), pulsating and translating tubular structures (middle row in
Fig. 4 and 5), and a noise pattern that undergoes a combina-

PBMS Proposed KMVS Implementations

(a) Phantom

B

B

A

A
A

(b) PB Seg. (c) MF1 Seg.

C

(d) MF2 Seg.

D

D

D

(e) OF1 Seg.

D

D

E

(f) OF2 Seg.

Figure 4: Qualitative phantom experiments illustrating the results of PB, OF1,
OF2, MF1, and MF2 implementations. Top row: circle phantom. Middle row:
tube phantom. Bottom row: noise pattern phantom. The first frame of each
phantom sequence is depicted in (a) with red contours around structures that
distend or contract radially and yellow contours for structures that are subject
to translation only. The estimated motions of these sequences are presented
separately in Fig. 5. The color-coded fuzzy segmentation results are presented
in columns (b-f). The colors range from blue to red, representing weak to strong
response to detected structures. Segmentations are thresholded at 0.3 for visi-
bility; responses below this threshold are colored black. In this experiment, the
KMVS results in columns (c-f) exhibit more accurate segmentation responses
(red) at the center-line of pulsating structures compared to the PBMS method
presented in column (b). Overall, the qualitative results favor the MF1 imple-
mentation of KMVS in column (c). Refer to Section 3.3 for detailed explanation
of annotations A© to E©. (For high resolution images and interpretation of the
references to color in this figure legend, the reader is referred to the web version
of this article.)

(a) Phantom (b) MF1

A

A

(c) MF2

B

B

B

(d) OF1

B

B

(e) OF2

0

90

180

270

360

Figure 5: Intermediate results of the motion estimation stage of different KMVS
implementations applied to the phantom dataset. The final segmentation results
are presented in Fig. 4. The PBMS method is not included in this comparison
as it does not explicitly compute the flow vectors. Column (a): the first frame of
each phantom sequence with red contours around structures that distend or con-
tract radially and yellow contours for structures that are subject to translation
only. Columns (b-e): the estimated 2D motion vectors of each implementation
is color-coded such that hue represents the direction and saturation represents
the relative magnitude of motion. The color-bar to the right shows the mapping
of hue to the orientation of motion measured in degrees. Refer to Section 3.3
for detailed explanation of annotations A© and B©. (For high resolution images
and interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)
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tion of pulsating and translating motions in shape of circles and
tubes (bottom row in Fig. 4 and 5). The fuzzy automatic seg-
mentation results obtained with all five implementations pre-
sented in section 3.1 are presented in Fig. 4 and the intermedi-
ary motion computation results of the KMVS implementations
are presented in Fig. 5.

In our phantom experiments (Fig. 4), the PB implementa-
tion is only capable of detecting the translating structures ( A© in
Fig. 4c) and the edges of the larger pulsating structures ( B© in
Fig. 4c) that appear as local translations. Among the proposed
KMVS implementations, MF2 (d) fails to localize the large pul-
sating structure in the circle phantom ( C© in Fig. 4) and any of
the structures in the tube phantom. This is due to the fact that
the MF2 method fails to estimate the motion of large circular
structures in the circle phantom ( A© in Fig. 5c) and any of the
tubular structures in the tube phantom (Fig. 5c). The algorithm
cannot detect the motion of the larger circles due to the fact
that default window sizes, over which the motion is computed,
are too small. Increasing the window size improves the perfor-
mance when computing the motion of the larger circles, but it
increases the computation time and adversely effects the overall
performance on the real data presented in the following section,
thus the default values were kept. As for the poor performance
on the tube phantom, upon inspecting the algorithm, we noted
that this may be due to a stability check performed by the al-
gorithm during motion estimation. We found that relaxing the
stability threshold results in some motions being correctly mea-
sured on the tube phantom but we ultimately decided to leave
the threshold unchanged as lower limits resulted in more errors
on other phantoms.

The results of motion estimation presented in Fig. 5 are vis-
ibly different, especially for the circle and tube phantoms, as
both of the OF codes used rely on Horn and Schunck (1981)
style regularization (flow field smoothness constraints) in re-
gions that do not contain salient textures ( B© in Fig. 5). This
regularization sometimes results in falsely occurring divergent
behaviour and, as a result, false positives in the final segmenta-
tion ( D© in Fig. 4). Although similar false positives are observed
on the tube phantom results for MF1 (Fig. 4c), the strength of
the response is lower compared to the response at the center-
line. We thus chose to use the third phantom to perform fur-
ther quantitative comparison between the OF and MF estima-
tion modules (presented in Fig. 6) by computing the error in
flow endpoint εE to the ground truth dGT defined as

εE(x, j) = ‖d(x, j) − dGT (x, j)‖2 (14)

and the constituting errors in flow orientation εO and magnitude
εM defined as

εO(x, j) = cos−1
( d(x, j)·dGT (x, j)
‖d(x, j)‖‖dGT (x, j)‖

)
εM(x, j) = |‖d(x, j)‖ − ‖dGT (x, j)‖| .

(15)

In the quantitative comparison of flow estimation methods,
the OF2 method is the fastest method and ranks as second best
in motion computation performance for all three error met-
rics. However, combined with the pulsatile radial motion model
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MF1
MF2
OF1
OF2

Method Mean endpoint error
(95, 99.3 percentiles)

Mean angular error
(95, 99.3 percentiles)

Mean magnitude error
(95, 99.3 percentiles)

MF1 0.27(0.64, 0.74) 23o(90o, 97o) 0.23(0.59, 0.86)
MF2 0.16 (0.42, 0.52) 19o(85o, 160o) 0.11 (0.30, 0.50)
OF1 0.21(0.71, 0.72) 11 o(40o, 82o) 0.17(0.51, 0.93)
OF2 0.20(0.46, 0.57) 18o(93o, 114o) 0.15(0.40, 0.59)

Figure 6: Boxplots of endpoint errors, angular errors in degrees, and magnitude
errors in pixels for each motion estimation methods in the KMVS pipeline. The
corresponding mean of the errors are depicted with filled markers and black out-
line. The errors are computed at every pixel of the noise texture phantom (bot-
tom row of Fig. 5) by comparing the estimated motions resulting from a two-
frame matching experiment against corresponding ground truth motion vector
values used to create the phantom. The mean errors and maximum errors at the
95 and 99.3 percentiles over all pixels are tabulated, with the best performing
methods presented in bold. All differences in motion estimation performance
are significant according to the Wilcoxon signed rank test (p < 0.006). The
OF2 method is the fastest method in this experiment and ranks as second best
in motion computation performance for all three error metrics.

(PRMM), the motions extracted from OF2 fail to detect the
small pulsating tubular structure ( E© in Fig. 4f) present in the
noise phantom. Reducing the regularization weight α to 0.01
improves the detection of the small pulsating tubular structure,
however we observed that regularization weights outside the
range of 0.015 < α < 0.1 consequently result in noticeable re-
duction in motion estimation performance on synthetic data and
segmentation accuracy on UBC dataset experiments presented
in the following section.

3.4. Real Data Experiment

Initial real data evaluation is conducted on the UBC dataset,
consisting of eight 30- to 40-frame DUS sequences of the CCA
acquired along the transverse and longitudinal axes, where the
vessel appears as a pulsating ellipsoid and tube respectively.
Unlike the previous two-frame phantom experiment, the exper-
iment with real data requires the temporal filtering stage to re-
move the high frequency noise and the low frequency motions
(caused by breathing and small movements of the probe) that
occur in the sequence. The passband of the temporal filter is
tuned depending on the patient’s approximate heart-rate, de-
noted τr. The parameters were set such that τL = τr/2 and
τH = 2τr. The PBMS segmentation method and the four im-
plementations of KMVS (Section 3.1) are then applied to the
dataset using the same temporal filter parameters across all
methods. All of the resulting fuzzy segmentation labels are
shown in Fig. 7. To clarify the advantages of each approach as
a trade-off between accuracy and computation time, in Fig. 8,
we present quantitative analysis of segmentation error using the
ground truth segmentations of the DUS sequences. The area
under the receiver operating characteristics curve (AUC) for
each case (thresholding the fuzzy segmentations from 0 to 1)
is reported as a measure of segmentation accuracy, in which the

9



A. Amir-Khalili et al. / Medical Image Analysis 00 (2017) 1–16 10

PBMS Proposed KMVS Implementations

(a) US (b) PB Seg. (c) MF1 Seg. (d) MF2 Seg. (e) OF1 Seg. (f) OF2 Seg.

Figure 7: Qualitative results of our experiment on the UBC dataset with yellow grid-lines superimposed to facilitate correspondence. Column (a): first frame of
DUS sequences of CCA in axial and longitudinal axes including the bifurcation of internal and external carotid arteries. The corresponding US ground truth for the
vessel is shown in red. Columns (b-f): color-coded fuzzy segmentation results of different implementations. The colors range from blue to red, representing weak
to strong response to detected vessels. Segmentations are thresholded at 0.3 for visibility; responses below this threshold are colored black. (For high resolution
images and interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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PB
MF1
MF2
OF1
OF2

Method Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7 Case 8 Mean
PB 0.20 0.21 0.16 0.13 0.32 0.032 0.23 0.14 0.18

MF1 0.0049 0.056 0.018 0.026 0.13 0.0095 0.24 0.026 0.063
MF2 0.0077 0.12 0.0046 0.027 0.17 0.0068 0.34 0.0042 0.085
OF1 0.0081 0.058 0.0082 0.0042 0.013 0.013 0.098 0.0015 0.025
OF2 0.0040 0.020 0.0014 0.0023 0.017 0.0006 0.069 0.0003 0.014

Figure 8: Quantitative performance of our experiment on the UBC dataset.
Left: Performance of each segmentation method illustrating the trade-offs be-
tween computation time and segmentation performance; corresponding aver-
ages depicted with filled markers and black outline. Right: Bar chart of seg-
mentation errors, grouped according to case number. Segmentation error values
(1-AUC) are tabulated with the best performing methods in bold. (For high res-
olution images and interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)

value of 1 indicates perfect segmentation and 0.5 is the noise
threshold.

Once the parameters of each implementation have been tuned
on the phantom and UBC datasets, the real data experiments
are repeated using the larger publicly available SPLab dataset.
Only the first four frames of each sequence, recorded at an esti-
mated three frames per second, was used to generate the results
presented in Fig. 9 and 10. Due to the small number of frames
and low frame rate of each sequence in this dataset, the tem-
poral bandpass filter becomes a highpass filter that passes all
of the temporal frequencies except for the zero frequency, DC,
component.

In addition to the quantitative evaluation of segmentation er-
rors using AUC, we also compare the results of each implemen-
tation by computing the Dice similarity coefficient (DSC) be-
tween the computed segmentations and corresponding ground
truth of each dataset. To compute the DSC, the fuzzy segmenta-
tion labels generated using each implementation were binarized
at a threshold of 0.5. The mean DSC and AUC of all cases in
each dataset is computed and tabulated in Table 3. The summa-
rized results indicate that the OF2 implementation of KMVS is
the best performing method in terms of DSC and AUC. Detailed
analysis of the presented results are carried out in the following
section.

4. Discussions

Our experimental results show that all of the kinematic
model-based vessel segmentation (KMVS) implementations
outperform the phase-based motion segmentation (PBMS) ap-
proach in terms of segmentation accuracy. Compared to PB,
with the addition of our proposed pulsatile radial motion model
(PRMM), our monogenic flow (MF) and optical flow (OF)
pipelines are more specific to motion of the common carotid

Table 3: Quantitative summary of segmentation performance of the experi-
ments performed on real data presented as mean Dice similarity coefficient
(DSC) and mean area under the receiver operating characteristic curve (AUC)
across all cases of the UBC and SPLab datasets. The fuzzy segmentations were
thresholded at 0.5 in order to compute the DSC. The OF2 implementation of
the proposed KMVS pipeline boasts the highest performance (shown in bold)
compared to PBMS and other implementation of KMVS.

Name Method UBC Dataset SPLab Dataset
DSC AUC DSC AUC

PB PBMS 0.11±0.10 0.82±0.084 0.20±0.096 0.83±0.070
OF1

KMVS

0.60±0.15 0.97±0.034 0.53±0.28 0.93±0.12
OF2 0.72±0.097 0.99±0.023 0.67±0.21 0.98±0.027
MF1 0.49±0.095 0.94±0.080 0.42±0.18 0.95±0.051
MF2 0.36±0.18 0.92±0.12 0.44±0.26 0.88±0.16

artery (CCA) and resilient to motions that occur on the sur-
rounding soft tissues. In the phantom experiments (Fig. 4),
we explicitly showed how the PB implementation is only capa-
ble of detecting the translating structures ( A© in Fig. 4) and the
edges of the larger pulsating structures ( B© in Fig. 4) that appear
as local translations. On the other hand, the KVMS segmen-
tation results presented in columns (c-f) of Fig. 4 are closer to
center-line of the pulsating structures. This trend is also evident
in the qualitative results of the real data experiments presented
in Fig. 7 and 9, and is further substantiated by the quantitative
analysis of segmentation accuracy presented in Fig. 8, Fig. 10
and Table 3. However, contrary to our initial conclusions on
real data experiments that favored MF methods over OF (Amir-
Khalili et al., 2015a), we show that it is possible to outperform
our proposed MF1 approach using the tuned OF2 algorithm.

The parameters selected for the MF1, MF2, and OF2 imple-
mentations were empirically tuned using only the phantom and
UBC datasets originally presented in our KMVS paper (Amir-
Khalili et al., 2015a) to minimize bias in the selection of pa-
rameters across different datasets within the same application
domain. The automatically tuned OF1 implementation did not
require any parameter tuning. These parameters were chosen
based on visual assessment of the resulting segmentation and
motion estimation quality, as well as the quantitative segmen-
tation accuracy metrics used to evaluate our results. For both
MF methods, we observed less than 1% change in the mean
area under the receiver operating characteristics curve within
25% change in log-Gabor filter parameters k and δ. While se-
lecting the parameters of OF2, we observed that the minimum
wavelength λ0, number of outer No, and inner Ni fixed point it-
erations mainly impacted the speed of the Liu (2009) algorithm
used in OF2, while on the other hand, the regularizer weight
α had a more direct impact on the results. We observed less
than 1% change in the mean area under the receiver operating
characteristics curve for 0.015 < α < 0.1.

Both OF implementations presented in this paper tend to
perform well on dynamic ultrasound (DUS) sequences as the
global flow smoothness constraint enables OF to approximate
the motion of tissues in locations that are void of salient image
information, i.e., the center of the vessel. This added constraint
increases the computational complexity of the algorithm but,
by comparing OF1 to a manually tuned OF2 (Fig. 8 and 10),
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PBMS Proposed KMVS Implementations

(a) US (b) PB Seg. (c) MF1 Seg. (d) MF2 Seg. (e) OF1 Seg. (f) OF2 Seg.

Figure 9: Eight cases presenting the best and worst results of our experiments on the publicly available SPLab dataset with yellow grid-lines superimposed to
enhance correspondence. Column (a): first frame of DUS sequences of the CCA with the corresponding ground truth shown in red. Columns (b-f): color-coded
fuzzy segmentation results of different implementations. The colors range from blue to red, representing weak to strong response to detected vessels. Segmentations
are thresholded at 0.3 for visibility; responses below this threshold are colored black. The best and worst performing out of all 35 cases are framed in green and red
respectively. For high resolution images and interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Figure 10: Quantitative performance of experiment on 35 sequences from the
publicly available SPLab dataset. Left: Performance of each segmentation
method illustrating the trade-offs between computation time and segmentation
performance; corresponding averages depicted with filled markers and black
outline. Right: Boxplots of segmentation errors for each method.

we demonstrate that it is possible to obtain low segmentation
error without increasing the run-time of OF motion computa-
tion. The motion estimation errors presented in Fig. 6 further
confirm that the manually tuned OF2 implementation produces
errors that are comparable to the automatically tuned OF1 im-
plementation, while maintaining a run-time that is faster by al-
most two orders of magnitude across all phantom and real data
experiments. The only notable difference between the two OF
methods is that the mean angular error of OF2 is greater than
that of OF1 and, as a result, OF1 is better at localizing the small
pulsating tubular structure in our noise phantom compared to
OF2 ( E© in Fig. 4f). Regardless, OF2 outperforms OF1 on all
real DUS data experiments (Fig. 8 and 10). From this observa-
tion, we conclude that although the more computationally ex-
pensive OF1 method generates better estimates of motion vec-
tors, the much faster OF2 implementation performs better in
tandem with our proposed PRMM technique and thus gener-
ates more accurate vessel localizations in DUS sequences.

The motion estimation method used in MF2 was originally
developed to extract motion from medical imaging modali-
ties, e.g. DUS and dynamic magnetic resonance (MR) imag-
ing, in which the brightness consistency assumption does not
hold (Alessandrini et al., 2013). Despite performing well on the
synthetic phantom experiments, producing the lowest endpoint
error among all methods (Fig. 6), MF2 does not perform as well
as other KMVS methods on the real datasets. We hypothesize
that this might be due to the fact that MF2 was specifically de-
signed to compute large myocardial motion as opposed to the
subtle motion of vascular walls such as the CCA.

The quantitative results presented in Fig. 8 and 10 also show
that the MF1 method can, on average, achieve comparable ac-
curacy with the OF1 method. The comparable performance
of MF1 to other flow estimation methods is further confirmed
by the analysis of the endpoint errors presented in Fig. 6. In
terms of run-time, both OF2 and MF1 implementations are suit-
able for diagnostic applications, e.g., CCA segmentation, as
they are projected to perform in near real-time with our imag-
ing setup given an efficient implementation and a specialized
workstation. MF1 is slower than OF2 in the two-frame phan-
tom experiment (Fig. 6) and the experiment on the SPLab data
(Fig. 10), but it performs faster on the UBC data (Fig. 8). This
is attributed to the computational overhead cost of building the

spherical quadrature filters (SQF) for each sequence. The MF1
method is designed in such a way that the filter bank containing
the SQF pyramid is constructed only once per sequence and, as
a result, this one-time computational cost dominates the over-
all run-time in cases where the number of frames are few, such
as in the phantom and SPLab data experiments. In the UBC
data experiments, where each sequence contains 30-40 frames,
our MF1 implementation is faster than OF2. MF1 is also paral-
lelizable as most of the computations performed are point-wise
(pixel-wise) operations, which do not need a Horn and Schunck
(1981) style global smoothness constraint. By precomputing
the filter bank and porting the code to run on a graphical pro-
cessing unit (GPU), it is possible to achieve further performance
gains and enable the method to run in real-time on sequences
with larger images (Pauwels and Van Hulle, 2008; Amir-Khalili
et al., 2013).

We envision our segmentation pipeline to be deployed within
an open software ultrasound platform, such as the BK Ultra-
sound (Analogic Corp, USA) Sonix system. GPU capabilities
can be integrated directly into an OEM configured Sonix sys-
tem or incorporated as part of a separate dedicated computing
workstation linked to the Sonix system via available software
development kits.

Our UBC dataset was recorded at 30 frames per second while
the SPLab dataset was recorded at an estimated three frames
per second. This translates to a recording window, and conse-
quently a filtering lag time, of 1 to 1.3 seconds for both datasets.
In our experiments we found this recording length to be empir-
ically sufficient for localizing the CCA as it captures the peri-
odic behavior of a patient’s resting heart-rate of 60 beats per
minute (1 Hz) or above. The maximum computation time for
our unoptimized MATLAB implementation of MF1 and OF2
methods brings the total lag time to approximately 10 seconds,
which is reasonable in the context of CCA segmentation. With
a direct implementation on a specialized ultrasound system or a
dedicated workstation, this total computation time may be de-
creased by approximately an order of magnitude.

The proposed ideal temporal filtering scheme is suitable in
the context of CCA segmentation as, in our experiments, it only
contributed 1 to 1.3 seconds to the total 10 second lag time.
To extend our methodology to applications that impose stricter
constraints on temporal performance and lag times, e.g., intra-
operative image-guidance systems, causal filters such as infinite
impulse response filter used in Wu et al. (2012) and general bi-
quad filter employed by McLeod et al. (2015a), or the extended
Kalman filtering approach of McLeod et al. (2015b) may be
incorporated as alternatives to ideal filtering. Tuning the pass-
band of the proposed temporal filter currently requires an es-
timate of the patient’s heart-rate. The heart-rate can either be
manually estimated by the imaging technician during acquisi-
tion, recorded using a heart-rate monitor or via the electrocar-
diography triggering capabilities that are built into advanced US
machines, e.g., the BK Ultrasound Sonix system. However, if
the probe is relatively still during acquisition and other motion
artifacts are minimal, the passband of the filter may be fixed
to a constant value between 0.5 - 4 Hz, which is sufficiently
broad enough to encompass resting heart-rate frequencies rang-
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ing from 60 - 120 beats per minute, as was demonstrated with
the experiments on the SPLab dataset.

Although the OF2 pipeline outperforms both MF methods in
our real data experiments, monogenic methods have other ad-
vantages that may be exploited to improve vessel localization.
In the domain of US image processing, SQF have been shown
to improve the extraction of structures, during radio frequency
signal to B-mode conversion, by demodulating the radio fre-
quency signal in a 2D context (Wachinger et al., 2011). This
implies that MF methods may be used to extract local motion
information from raw radio frequency data, allowing for a direct
implementation in the native representation of acquired DUS
data.

Another advantage is that the MF implementations presented
may be extended to three spatial dimensions (Alessandrini
et al., 2012). Our approach is not yet able to cope with gross
out-of-plane motion, common during 2D+time DUS acquisi-
tions, but such problems would not exist once the method is
extended to process 3D+time sequences. A study on 3D steer-
able wavelets and the monogenic signal (Chenouard and Unser,
2011) concluded that the steerable approach of Portilla and
Simoncelli (2000), which was used in the PBMS method, is
hard to extend into 3D due to its invertibility but, on the other
hand, the MF formulation can be extended to process 3D+time
sequences (Chenouard and Unser, 2011; Alessandrini et al.,
2012). Similarly, 3D+time extension of the OF implementa-
tions are also possible, e.g., 3D OF between two volumes fol-
lowed by divergence computation of the estimated 3D vector
field and multi-scale averaging. This will allow our proposed
MF and OF implementations to be extended to volumetric med-
ical images such as 3D+time CT fluoroscopy, Cine MR, and 3D
DUS. However, due to the aforementioned fact that the MF1
implementation largely consists of point-wise operations, we
hypothesize that a 3D MF implementation would outperform
3D Horn and Schunck (1981) style OF methods in terms of
speed. Unfortunately, aside from cardiac motion analysis ap-
plications, 3D+time data of vasculature is not yet common.

5. Conclusions

In this paper, we assessed the performance of vessel localiza-
tion using automatic segmentation algorithms that model pul-
satile radial motion. We presented multiple effective imple-
mentations of a low-level motion-based segmentation pipeline
that detects the characteristic pulsatile radial motion of vas-
cular structures through the analysis of divergent motion vec-
tor fields extracted from a sequence of frames. Our proposed
methods are focused on fast and accurate extraction and model-
ing of motion vector fields, without the aid of learning and ap-
pearance models, such that our segmentation labels may be in-
corporated, alongside complimentary low-level intensity based
features, into existing high-level discriminative segmentation
frameworks (Becker et al., 2013; Hennersperger et al., 2015).

In each implementation, we explored alternative optimized
and off-the-shelf techniques for performing the motion estima-
tion stage of the proposed pipeline. Through evaluation of all
proposed methods, using synthetic and real dynamic ultrasound

(DUS) sequences of the common carotid artery, we conclude
that coupling a tuned optical flow motion estimation method
with our pulsatile radial motion model provides the best overall
performance compared to other candidates. Our experiments
on two real DUS datasets show that the performance of the old
phase-based motion segmentation method can be increased us-
ing the tuned OF2 implementation of kinematic model-based
vessel segmentation from an average area under the receiver op-
erating characteristics curve of 0.82 to 0.99 on the UBC dataset
and from 0.83 to 0.98 on the SPLab dataset. Similarly, binariz-
ing the resulting fuzzy segmentation labels at 0.5 yields a signif-
icant increase in Dice similarity coefficient from 0.11 to 0.72 on
the UBC dataset and 0.20 to 0.67 on the SPLab dataset. Further-
more, the tuned OF2 implementation of the pipeline performs
the fastest on short sequences compared to all other imple-
mentations, while our MF1 implementation boasts the fastest
run-time on longer sequences due to the precomputation of the
spherical quadrature filters.

The computational speed of our proposed MF1 motion es-
timation method can also greatly benefit from a parallel im-
plementation that takes advantage of GPU computing (Amir-
Khalili et al., 2013). The monogenic framework used to
extract motions in the MF1 implementation may also be
able to estimate motion from native RF data of DUS se-
quences (Wachinger et al., 2011) and can be extended to pro-
cess volumetric dynamic (3D+time) data efficiently (Alessan-
drini et al., 2012; Chenouard and Unser, 2011). The Horn and
Schunck (1981) style optical flow methods, on the other hand,
do not scale as well in comparison as the spatial dimensionality
of the data increases from 2D to 3D. As a result, point-wise mo-
tion estimation methods such as MF1 are poised to outperform
competing methods as the use of volumetric dynamic imaging
of vasculature becomes more prevalent in medical diagnostics
and interventions.
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Řiha, K., Chen, P., Fu, D., 2008. Detection of artery section area using arti-
ficial immune system algorithm, in: Proceedings of the 7th conference on
Circuits, systems, electronics, control and signal processing, WSEAS. pp.
46–52.
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