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Abstract—This article presents a novel method for bone segmentation from three-dimensional (3-D) ultrasound
images that derives intensity-invariant 3-D local image phase measures that are then employed for extracting
ridge-like features similar to those that occur at soft tissue/bone interfaces. The main contributions in this article
include: (1) the extension of our previously proposed phase-symmetry-based bone surface extraction from two-
dimensional (2-D) to 3-D images using 3-D Log-Gabor filters; (2) the design of a new framework for accuracy eval-
uation based on using computed tomography as a gold standard that allows the assessment of surface localization
accuracy across the entire 3-D surface; (3) the quantitative validation of accuracy of our 3-D phase-processing
approach on both intact and fractured bone surfaces using phantoms and ex vivo 3-D ultrasound scans; and (4)
the qualitative validation obtained by scanning emergency room patients with distal radius and pelvis fractures.
We show a 41% improvement in surface localization error over the previous 2-D phase symmetry method. The
results demonstrate clearly visible segmentations of bone surfaces with a localization accuracy of ,0.6 mm and
mean errors in estimating fracture displacements below 0.6 mm. The results show that the proposed method is
successful even for situations when the bone surface response is weak due to shadowing from muscle and fascia
interfaces above the bone, which is a situation where the 2-D method fails. (E-mail: rafeef@ece.ubc.
ca) � 2012 World Federation for Ultrasound in Medicine & Biology.

Key Words: Ultrasound, Local phase features, Phase symmetry, Bone localization, 3-D segmentation, Log Gabor
filters, Orthopaedic surgery.
INTRODUCTION

Bone fractures continue to be the leading cause of injury-
related hospitalization in the United States, accounting for
more than one-half of all such cases in 2004–2005
(Bergenet al. 2008).Manybone fractures, particularly those
involving articular surfaces (e.g., radial or pelvic fractures),
require accurate placement of bone fragments to optimize
the postoperative functional outcomes and to minimize
future joint degeneration. Almost universally, the medical
imaging modalities used in orthopaedic surgeries are
X-ray-based radiography, fluoroscopy and computed
tomography (CT). Although these modalities typically
provide high quality visualization of bone structures, they
nevertheless pose several challenges. For example, two-
dimensional (2-D) X-ray data limits the surgeon’s ability
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to visualize the three-dimensional (3-D) structure of the
bone surface which reduces their ability to accurately
reduce fractures andsafelyplace implants.Multiplefluoros-
copy scans from different views are thus typically required
to properly assess bone reduction and to guide the surgical
tools and implants. Three dimensional (3-D) CT images, on
the other hand, offer excellent visualization of the imaged
anatomic area at high resolutions; however, CT imaging
can normally only be acquired either pre- or postoperatively
and so is not useful for real-time guidance.

To overcome the limitations of trying to navigate in
2-D using conventional fluoroscopy, several research
groups have proposed registering 3-D computer models
of bone structures obtained from preoperative CT scans
to intraoperative 2-D fluoroscopy data (Hamadeh et al.
1998; Joskowicz et al. 1998; Wesse et al.1997) to provide
a virtual 3-D bone model upon which the positions of the
surgical tools can be superimposed. Many of the reported
results showed promising improvements in overall surgical
accuracy and decreased invasiveness of the surgeries.
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However, these techniques still involve the use of ionizing
radiation during surgery and require a CT scan, whichmay
not normally be acquired for a particular surgical proce-
dure. The need for a preoperative CT can potentially be
avoided by using statistical shape models built from CT
scans of a patient population and generating a patient-
specificmodel based on geometric data acquired intraoper-
atively from exposed bone surfaces using a tracked pointer
(Rajamani et al. 2007). Though promising, this technique
requires prior models for each bone fragment of interest,
so it is most applicable to procedures involving non-
fractured bones (e.g., in joint replacement procedures).

Recently, 3-D fluoroscopy (e.g., the Siemens
Siremobil ISO-C-3D; Siemens, Medical Solutions,
Erlangen, Germany) has also been introduced for intrao-
perative use (Linsenmaier et al. 2002; Nolte et al. 2002;
Stockle et al. 2006). While this modality is potentially
useful for some applications, such machines are also
expensive (approximately twice the cost of conventional
fluoroscopy machines) and can increase the length of
a typical trauma procedure (an average additional time
of 26 min in one study (Atesok et al. 2008)).

Furthermore, fluoroscopy involves significant radia-
tion exposure potentially harmful to both patients and
surgical teams with the latter enduring repeated exposure
on a regular basis. Because of this radiation risk and the
increasing use of image-guidance in orthopaedic surgical
procedures, there is, therefore, an increasing need for
imaging approaches, which could decrease the radiation
exposure and provide real timeguidance during the surgery.
Ultrasound would appear to be a promising candidate.
Nevertheless, extraction of relevant anatomic information
from ultrasound (US) images continues to be challenging
because US images typically contain significant speckle
and other artifacts that complicate image interpretation
and automatic processing (Jain and Taylor 2004; Kowal et
al. 2007). Due to these difficulties, US was initially
investigated primarily as a method to register preoperative
CT or statistical shape models to the intraoperative
anatomy by manually digitizing points on the bone
surfaces rather than using the US images themselves for
guidance (Amin et al. 2003; Barrat et al. 2006; Beek et al.
2006; Tonetti et al. 2001). Some research groups have had
some success in automating bone segmentation from US
images using image intensity and gradient information
(Daanen et al. 2004; Foroughi et al. 2007; Kowal et al.
2007 ). Unfortunately, due to the typical US imaging
artifacts and the associated low signal-to-noise ratios, these
reported methods remain highly sensitive to variations in
data and parameter settings and, to date, applications have
mostly been limited to 2-D images.

The possibility of using 3-D US as an alternative to
fluoroscopy imaging for guiding basic surgical tasks and
assessing fracture reduction in orthopaedic surgery is,
thus, relatively under-explored. In this article, we assess
the potential of using intensity-invariant local image phase
features in 3-D US images to segment bone surfaces. Our
main clinical focus is on assessing fractures, such as those
of the distal radius, which are responsible for about one
sixth of all fractures seen in emergency departments in
the United States (Hanel et al. 2002) and the pelvis
(Coppola and Coppola 2000), which constitute 4% of all
major injuries occurring in 1999 in Canada. The bone
surface localization accuracy required for such applica-
tions is typically in the range of 2–4 mm (Phillips et al.
2007). Local phase based features have been used previ-
ously in US image analysis applications such as US com-
pounding for image enhancement in echocardiography
and endocardial border detection (Boukerroui et al. 2001;
Grau and Noble 2005; Mulet-Prada and Noble 2000; Ye
and Noble 2002), liver characterization (Cao et al. 2006)
and in recent work by our group on extracting bone
surfaces (Hacihaliloglu et al. 2006, 2008, 2009a, 2009b).

Previous work by our group (Hacihaliloglu et al.
2006, 2009a) explored automatic bone surface extraction
from 2-D US data using local phase features. However,
2-Dmethods are inherently limited to cross-sectional anal-
ysis and do not take advantage of surface continuity
betweenadjacent images (i.e., along the axis perpendicular
to the scan plane direction). Furthermore, the 2-D method
was only quantitatively validated on phantom data and
qualitatively on distal radius scans obtained from healthy
human volunteers. This article aims to demonstrate that
bone surfaces and fractures can be accurately localized
using fully 3-D local phase features computed directly
from 3-D US image volumes. Specifically, we extend our
original local phase based processing technique from
2-D to 3-D US using 3-D Log-Gabor filters. We design
3-D Log-Gabor filters for use with 3-D ultrasound to
construct 3-D local phase symmetry features that produce
strong responses at bone surfaces while suppressing
responses elsewhere. To the best of our knowledge, this
is the first study that investigates the potential use of 3-D
US as a primary intraoperative imaging modality in ortho-
paedic surgery rather than as an adjunct to X-ray based
imaging or as a surface digitization tool (Amin et al.
2003; Beek at al. 2008; Barrat et al. 2006; Tonetti et al.
2001; Kowal et al. 2007). A preliminary investigation of
our approach was reported in (Hacihaliloglu et al. 2008).
In this article, we present a detailed formulation of our
bone segmentation technique together with quantitative
validation results based on a combination of phantom, ex-
vivo and in vivo experiments, which collectively demon-
strate the high accuracy of the proposed 3-D technique in
localizing bone surfaces and in detecting displaced bone
fragments. Finally, we demonstrate qualitative results ob-
tained from a clinical study by scanning intact as well as
fractured distal radius and pelvis bones.
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METHODS AND MATERIALS

In US images, bone surfaces typically appear blurry
with nonuniform intensity and substantial shadowing
beneath the surface. Depending on the imaged geometry,
and due to the finite thickness of the US beam perpendic-
ular to the scan plane, the surface response thickness at
the bone boundary can range from 2–4 mm (Jain and
Taylor 2004) for a typical transducer. The actual bone
surface has been found to lie between the points of high-
est gradient and highest intensity in this surface response
thickness (Jain and Taylor 2004). In previous research by
our group (Hacihaliloglu et al. 2009a), a feature detector
that was optimized for detecting ridge features was shown
to perform better than an edge detector in identifying
bone surface location due to the fact that the latter typi-
cally produces responses on both sides of the thick band.
:

Proposed 3-D local phase feature
A ridge can be thought of as a one-dimensional (1-D)

curve that represents an axis of local symmetry.
Symmetric features can be extracted using local phase
information (Hacihaliloglu et al. 2009a). The local phase
of a 1-D signal can be obtained by convolving the signal
with a pair of band-pass quadrature filters (an odd filter
and an even filter). Using the two filters in quadrature
enables the calculation of signal amplitude and phase of
a particular scale (spatial frequency) at a given spatial
location. One choice of quadrature filters is the Log-
Gabor filter,which can be constructedwith arbitrary band-
width. In frequency domain Log-Gabor filter is defined as:
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Here, k is a scaling factor used to determine the
bandwidth of the filter in the radial direction, u0i is the
filter’s center spatial frequency, and w(p)5jjpjj, where
p is a point in the frequency domain. To achieve constant
shape-ratio filters, which are filters that are geometric
scalings of a reference filter, the term k/u0i must be
kept constant. To obtain simultaneous localization of
spatial and frequency information, analysis of the signal
must be done over a narrow range of frequencies (scales)
at different locations in the signal. This can be achieved
by constructing a filter bank using a set of quadrature
filters created from rescalings of the Log-Gabor filter
(the subscript ‘i’ denotes the scale of the Log-Gabor
filter). Each scaling is designed to pick out particular
frequencies of the signal being analyzed. The scaling of
the Log-Gabor function is achieved by using different
wavelengths that are based on multiples of a minimum
wavelength, lmin, which is a user-defined parameter.
The relationship between the filter scale i, and the filter
center frequency u0i is set to u0i 5 2/ lmin 3 (d)i-1 where
d is a scaling factor defined for computing the center
frequencies of successive filters. If the signal to be
analyzed is denoted as I(x) the even(ei(x)) and odd
(oi(x))quadrature pair filter response can be obtained
from ei(x) 5 real(F21(Gi(u(p)) 3 F(I(x)) and oi(x) 5
imag(F21(Gi(u(p)) 3 F(I(x)). F and F21 denote the
forward and inverse Fourier transforms, respectively.

Kovesi’s image symmetry measure identifies the
points where the response of the even filter dominates
the response of the odd filter by taking the difference of
their absolute values and calculating a phase symmetry
measure as:
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jAj denotes max (A, 0), ε is a small number included
to avoid division by zero and T is a noise threshold, which
in principle, should be calculated as a specified number
(n) of standard deviations (s) above the mean (m) of the
local energy distribution of the noise in the image. The
distribution of noise is expected to be Rayleigh (Kovesi
1999). m and s are estimated using the response from
the filter with the smallest scale since this filter has the
largest bandwidth and will, therefore, have the largest
proportion of noise in its response. The local energy
distribution is computed by convolving the result of the
smallest scale filter with the input signal. The resulting
mean and standard deviation of this distribution are
used to compute T: T 5 m 1 n 3 s.

This simple yet powerful approach was the basis of
our 2-D US bone segmentation work (Hacihaliloglu et al.
2009a). In this article, we extend our previous 2-D adap-
tation of phase symmetry for US bone segmentation to
3-D by designing 3-D Log-Gabor filters.

The transfer function (3-DGij) of a 3-D Log-Gabor
filter in the frequency domain (1) is constructed as the
product of two components: a 1-D Log-Gabor function
(Gi) that controls the frequencies to which the filter
responds and a rotational symmetric angular Gaussian
function (Aj) that controls the orientation selectivity of
the filter (Dosil et al. 2006).:
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Fig. 1. Flowchart for computing the local phase representation of a 3-D volume. Each 3-D Log-Gabor filter (3-DGij) in
the filter bank is multiplied by the Fourier transform of the B-mode ultrasound volume. The even (eij) and odd (oij) compo-
nents of the output are summed as described in eqn (4). The 3-D Log-Gabor filter shown is constructed using a single scale

(i 5 1) and a single orientation (j 5 8) with azimuth and elevation angles of (fj 5144�) (qj530�), respectively.
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Here the subscripts ‘i’ and ‘j’ denote, respectively,
the scale and orientation of the filter. The angle between
the direction of the filter, which is specified by the
azimuth (fj) and elevation (qj) angles, and the position
vector of a given point p in the frequency domain is given
bya(p,fj ,qj)5 arccos(p$nj/jj p jj) where nj5 (cosfj cosqj,
cosfj sinqj, sinfj) is a unit vector in the filter’s direction.
sa is the standard deviation of the Gaussian spreading
function in the angular direction that describes the filter’s
angular selectivity. To obtain higher orientation selec-
tivity, the angular function must become narrower.

Extending Kovesi’s work in which 2-D phase
symmetry was defined (Kovesi 1997), we construct
a 3-D phase symmetry measure (PS3-D), in which the
image volumes resulting from application of the set of
filters Gij are summed:
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Here [eij(xy,z), oij(x,y,z)] 5 [real(F21(3-DGij 3
F(I(x,y,z))), imag(F21(3-DGij 3 F(I(x,y,z)))]. F and F21

denote the forward and inverse 3-D Fourier transforms
respectively and I(x,y,z) is the B-mode US volume.
ε was set to 0.001 (as was done in (Kovesi 1997, 1999;
Mulet-Parada and Noble 2000). The noise threshold Tj
(Tj 5 mj 1 nsj) is calculated largely as explained
previously for the 1-D case except that we calculate
a specific noise compensation term for each orientation
based on the response of the smallest scale filter used
with that orientation (Kovesi 1999). The subscript ‘j’
denotes that a different threshold is computed for each
orientation. The value n can be tuned to provide a balance
between the detected bone surface and speckle scale,
though no principled basis for choosing this value has
yet been described in the literature. Previous authors
(Kovesi 1997, 1999; Mulet-Parada and Noble 2000)
have used values in the range of 3–5; we experimented
with values beyond this range (up to about 12) but
found that a value of 5 appeared to produce images
with few soft tissue artifacts, relatively little speckle
and smooth, intact bone surfaces in a wide range of
circumstances ranging from scans of the in vivo human
radius to scans of the in vivo human pelvis. Increasing
this value reduces the number of soft tissue artifacts but
tends to produce gaps in the extracted 3-D bone surfaces.

Figure 1 shows an example of the local phase image
processing for a 3-D US volume obtained by scanning
a triangular geometric surface inside a water tank. The
3-D Log-Gabor filter (3-DGij) shown in Figure 1 is tuned
to a single scale (i 5 1) and a single orientation (j 5 8)
where the azimuth (fj) and elevation (qj) angles equal
144� and 36�, respectively. Local phase analysis of a 3-D
image volume proceeds by multiplying in the frequency
domain the 3-D US volume with the 3-D Log Gabor filters
(3-DGij), each tuned to specific orientation and scale
(Fig. 1). The outputs obtained from this frequency domain
multiplication are used as an input to the PS3-D formula
given in eqn (4). Since the filter shown in Figure 1 is tuned
to a single orientation, onlyone sideof the triangular surface
will be extracted. Using multiple orientations will enable
the extraction of the both sides of the triangular surface.

Data acquisition and experimental set-up
We conducted five different experiments to validate

the proposed method. The first three quantitatively
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assessed the localization accuracy of the 3-D local phase
bone surface detection technique, the fourth one quantita-
tively assessed the accuracy ofmeasuring relative displace-
ments between bone fragments, as this is one of the main
clinically relevant tasks for which we are investigating
the use of 3-D US, the fifth experiment was a qualitative
validation to assess whether or not the local phase tech-
nique would produce clear images from scans obtained in
clinical situations. A human left radius model, an ex vivo
porcine tibia, and ex vivo bovine tibia were used in our first
threevalidation experiments. To quantify the bone localiza-
tion accuracy,we comparedour segmented 3-DPS surfaces
against two different ‘‘gold standard’’ surfaces. The first
‘‘gold standard’’ reference was based on an ultrasound-to-
ultrasound comparison using a stylus with a spherical tip
placed at a variety of locations on the surface of a bone
model in a manner similar to our previous work on 2-D
bone segmentation in (Hacihaliloglu et al. 2009a); the
spherical tip produces a consistent and well-defined
response a fixed distance from the bone when the trans-
ducer is aligned perpendicularly to the underlying bone
and bead surface (Hacihaliloglu et al. 2009a). To investi-
gate the effect of more realistic soft tissue interfaces on
the localization accuracy the same stylus validation exper-
iment is repeated using an ex vivo porcine tibia which is
a validation step that was not included in our previous
work (Hacihaliloglu et al. 2009).

The second ‘‘gold standard’’ measurements were
based on surfaces extracted from CT reference images
and registered to the US images using fiducial markers
visible in both modalities. The final validation experiment
was done to assess the ability of the proposed method to
detect small gaps between bone fragments in 3-D US
data. The clinical scans were obtained from patients with
distal radius and pelvic fractures. We also report qualita-
tive results obtained by scanning the distal radius and
pelvis of a healthy volunteer subject. In all cases, US
image acquisition was performed on a GE Voluson 730
Expert ultrasound machine (General Electric Healthcare,
Waukesha, WI, USA) with a 3-D RSP5-12 transducer;
this is a mechanized transducer in which a linear array
transducer is swept through an arc range of 20� at a rate
of 30 Hz. The reconstructed US volumes have a volume
size of 1993 1193 60 (lateral3 axial3 elevational) vox-
elswith an isotropic voxel size of 0.19mmoneach edge. In
the experiments where animal tissueswere used, the tissue
was obtained through a certified butcher following the
guidelines laid out by the University of British Columbia
(UBC) Animal Care and Biosafety Committee.

Experiment 1 bone surface localization accuracy stylus
validation: Bone model experiment

Scans of a bone model (#1018-3; Sawbones Inc.,
Vashon, WA, USA) were acquired inside a water tank
with the long axis of the bone aligned with the axis of
the linear array of the mechanized transducer (to produce
the clearest depiction of the bone surface) and the bone
fixed in position. Images of the Sawbone were obtained
at varying depths (shallow: 0.9 cm, middle: 1.5 cm,
deep: 3 cm) by changing the transducer position inside
thewater tank. To test the accuracy of surface localization
at different beam orientations relative to the bone surface,
as might occur in clinical use, two different orientations
for the Sawbone were tested – horizontal and inclined
at 20�, which we consider to be an upper limit for longi-
tudinal angulation in the clinical situations for which we
intend to use this imaging technique. For each of these six
transducer positions (3 depths3 2 angulations), to ensure
that the images with and without the bead in place were
otherwise identical, the US transducer and the Sawbones
were fixed in place and a reference 3-D US image was
acquired and processed using our phase-symmetry algo-
rithm. Following this, a stylus with a 3 mm diameter
spherical tip was sequentially placed at 30 different loca-
tions along the bone surface (these points ranged over an
area approximately 37.5 mm in length and 9.5 mm in
width). The stylus tip produces a high-intensity response
at the top surface, the maximum point of which has been
shown to be accurately correlated with the position of the
actual sphere surface with an accuracy of 0.1 mm
(Hacihaliloglu et al. 2009a). The location of the dot-
like bright intensity response which is the top of the
bead tip, f, and the location of the intensity response of
the bone surface obtained from the phase algorithm, b,
were then extracted. These two measurements, b and f,
were obtained in a highly automated and repeatable
manner using a subpixel edge detection algorithm
(Hacihaliloglu et al. 2009a). The bone surface localiza-
tion error was therefore defined as: error52 3 r
2(b2f), where r is the bead radius and b and f are ex-
pressed in mm (Fig. 2). In our previous work, during
the stylus validation part, the bead was centered in the
beam direction. To get a full 3-D surface point cloud
for this experiment, we have also collected surface points
where the bead was not centered in the beam direction.
When the US beam was not perpendicular to the bead
on the bone surface, the position of the underlying bone
surface was compensated for using the geometry calcula-
tions as in eqn (5) (Fig. 2):

cosðb1aÞ5 r

r1e
: (5)

Here, a is the angle of the plane showing the bead,
and b is the angle of the bone surface. The angle (a) is
calculated from the volume sweep angle (uvol), which
can be set before the acquisition using the US machine
settings. If the volume contains Z number of slices, the
sweep angle from one 2-D plane to the other one will



Fig. 2. Using a stylus with a spherical bead tip as gold standard surface measurement for bone surface localization accu-
racy assessment. (a) Central slice of an US volume of a Sawbone. Arrow points to the fiducial (bead) attached to the bone.
(b) Corresponding slice of 3-D volume resulting from our proposed local phase processing. (c) 2-D section plane showing
the angles and distance values used to deduce the location of the actual bone surface. For cases where the bead was not
aligned with the central slice of the volume, the location of the bone surface was calculated from the geometry of the angle
of the plane showing the bead (a), the angle of the bone surface (b) and the radius of the bead (r). (d) 3-D sketch of the
scanning set up. The 2-D US slices are shown in black planes and the white vertical plane represents the sectional plane

shown in (c).
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be uplane 5 uvol /Z. From this the angle a will calculated
as a 5 abs(Ns-Z/2) 3 uplane. Here Ns is the slice number
showing the bead.

Note that since mechanized 3-D US transducers use
a set of 2-D images to reconstruct a volume, the effect of
the finite beam thickness is implicitly incorporated into
the volume data through the machine’s 3-D image recon-
struction process.

To see if there was an interaction between depth and
surface inclination on the localization accuracy we per-
formed a two-way analysis of variance (ANOVA) analysis.

Experiment 2 bone surface localization accuracy stylus
validation: Porcine experiment

To investigate the effect of more realistic soft tissue
interfaces on our localization accuracy, we replicated the
above experiment using an ex vivo porcine tibia. With the
bone fixed in place, the soft tissue was removed from the
bone and then replaced prior to obtaining a reference
ultrasound scan. The same spherical-tipped stylus
described above was placed against the bone. The
removed soft tissue was then re-laid on top, leaving the
tip underneath the tissue and touching the bone. A set
of 3-D scans were then acquired with the bead positioned
at 30 different locations along the bone surface (again
these points covered a range of 37.5 mm in length and
9.5 mm in width). The error calculation proceeded in
the same manner described earlier. A t-test analysis on
the extracted surfaces from this experiment and experi-
ment 1 was performed to investigate the effect of soft
tissue on localization accuracy.

Experiment 3 bone surface localization accuracy
CT-based validation: Bovine experiment

The stylus experiments allowed us to measure accu-
racy only at a series of discrete points, so to assess accu-
racy across the entire scanned surface, we extracted
surfaces from both CT and US images of the same bone
and compared them following a rigid body fiducial-
based registration process. For this study, we built a novel
phantom by placing an ex-vivo bovine femur specimen
inside an open-topped Plexiglas cylindrical tube
(Fig. 3). Twenty eight markers (1mmdiameter steel balls)
were added to the construct with 14 beads placed on each
side of the bone (longitudinally), spaced at equal axial
intervals over a distance of 75 mm.We obtained US scans
of this specimen in which the captured volumes contained
14 fiducials (seven on each side) spanning a region of 37.5
mm. To hold the specimen and fiducials securely in place
during both CT and US scanning, the tube was filled with
a polyvinyl chloride gel (Super Soft Plastic; M-F
Manufacturing, Ft. Worth, TX, USA).



Fig. 3. Using CTas a gold standard surface measurement for bone surface localization accuracy assessment. (a) Our con-
structed phantom was comprised of an ex vivo bovine femur specimen inside an open-topped Plexiglas cylindrical tube
filled with polyvinyl chloride gel. (b) Diagram depicting a 2-D axial cut of the constructed phantom showing the fiducials

inserted into the gel.
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Three-dimensional US scans were acquired of the
phantom resulting in images of 199 3 119 3 60
(lateral3 axial3 elevational) voxels at an isotropic reso-
lution of 0.19 mm. Since the speed of sound differed in
the soft tissue from that in the gel, the portion of the
bone positioned below the gel appeared displaced relative
to the rest of the bone (i.e., that positioned under the soft
tissue). We, therefore, applied a simple correction for the
difference in the speed of sound based on measurements
made in a second phantom which consisted of a planar
surface overlaid by two sections: one of the gel and the
other of bovine soft tissue. This adjustment brought the
fiducials back into their correct position relative to the
bone that is necessary prior to registration to the corre-
sponding CT image.

The same specimen was also scanned in the axial
direction using a high-resolution CT machine (HR-
pQCT, XtremeCT; Scanco Medical, Switzerland) result-
ing in a 5123 5123 324 voxels image with an isotropic
resolution of 0.25 mm. The US data was subsequently
resampled (by Gaussian blurring and volume weighted
summation of the original data) to match the resolution
of the CT image.

Registration of the CT dataset to 3-D US volume
was then performed using the AMIRA software (TGS,
San Diego, CA, USA). The fiducial points were manually
digitized in both image sets; in the US datasets, the oper-
ator chose the point at the top of each marker where the
response was brightest, and in the CT datasets, the oper-
ator aimed to pick the point at the top of each marker. A
landmark-based rigid registration algorithm was used to
transform the input image (CT dataset); this algorithm
minimized the sum of the squared distances between
the corresponding fiducial points identified in both data-
sets. The accuracy of the registration was measured by
calculating the fiducial registration error (FRE), which
is defined as the sum of squared distances between corre-
sponding fiducials following registration.

Following CT-US registration, bone surfaces were
extracted from the CT scan by Otsu thresholding, which
we used to define the gold standard surface. To investi-
gate the effect of the thresholding method on the result-
ing gold standard bone surface from CT, we also tested
eight different automatic threshold selection methods
(Otsu method, moment preserving thresholding, thresh-
olding based on entropy of image histogram, threshold-
ing based on the mean of bimodal histogram,
thresholding based on maximum likelihood via expecta-
tion maximization method, minimum error thresholding
method, mode method and thresholding by finding the
mean of the pixels in the image) (Otsu 1979; Dempster
et al. 1977; Glasbey 1993; Kapur et al. 1985; Kittler
and Illingworth 1986; Prewitt and Mendelson 1966;
Tsai 1985). Since the US images captured the top
surface of the bone surface, only the upper transition in
the vertical direction was extracted from the CT dataset
to generate a corresponding bone surface.

One of the advantages of the proposed method is that
the PS3-D metric can be formulated as a multiscale anal-
ysis method. To investigate the effect of multiscale anal-
ysis on surface localization accuracy, the bone surfaces
from US volumes were extracted with scale values of
i 5 1, 2 & 3 and a scaling factor of d 5 3.To provide
a comparison we also extracted bone surface from the
US data by applying our 2-D method (Hacihaliloglu
et al. 2009a) to each slice of the US volume.

To compare our 3-D ‘‘gold standard’’ CT surface to
the 3-D US surface identified using our phase-based pro-
cessing method, a signed distance map was computed
around the 3-D CT bone surface. Each non-zero value
in the phase-processed US image was then mapped to
its corresponding location in the CT image so as to iden-
tify the signed distance value associated with that loca-
tion. This produced a set of intensity/distance pairs.
High-intensity values confined to a zone near zero
distance indicate a highly accurate US surface localiza-
tion (Fig. 4). To estimate the surface matching error, we
identified the highest phase-symmetry intensity value in
each column of the 3-DUS volume which intersected
the bone surface and defined the surface matching error



Fig. 4. Bone surface localization accuracy in CT based validation experiment. (a) CT image showing the bovine bone
where the segmented surface is overlaid on top (red curve). (b) Signed distance map of (a). The signed distance value
will increase the farther we move from the bone surface with positive values exterior to the bone and negative values inte-

rior to the bone surface.
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as the average signed distance values corresponding to
these maximum phase intensity values. This surface
localization accuracy assessment was repeated for 15
different volumes obtained from the same specimen to
average out variation due to the manual fiducial landmark
selection process. A one-way ANOVAwas performed to
compare the localization accuracies of all four methods
(2-D PS with two scales, 3-D PS with one, two and three
scales).

As a means of assessing differences in surface conti-
nuity between the proposed 3-D phase symmetry method
and our previous 2-Dmethod (Hacihaliloglu et al. 2009a),
we also assessed the fractal dimension (FD) of these
phase volumes. FD analysis compresses all the details
of a surface into a single numeric value which summa-
rizes the complexity of a surface/shape providing
a numerical value (Ross 2008).

The 3-D FD of the phase surfaces was estimated by
using the 3-D Fast Fourier Transform (FFT) method
(Zhang 2006; Wu et al. 2010), which provided a fast
Fig. 5. Fracture displacement experiment. (a) B-mode US volu
tion, (b) corresponding 3-D phase symmetry (PS) volume obtain

tion of the displacement which extend
and more accurate way of analysing 3-D data (Gaudio
et al. 2005; Zhang 2006). Again a one-way ANOVA anal-
ysis was performed to compare the fractal dimensions
between the 2-D PS and 3-D PS (with different scales)
surfaces.

Experiment 4 fracture displacement experiment
To assess the capability of our proposed 3-D phase

symmetry technique to detect small gaps between bone
fragments in 3-D US data, which is relevant in fracture
reduction applications, we created a simulated fracture
using the same Sawbones model (#1018-3) described
above and applied a series of displacements to the two
fragments ranging between 0.6 to 2.2 mm in the vertical
(Fig. 5) and horizontal directions (Fig. 5). The displace-
ment values were chosen to be similar to the range of
bone fracture separations, which our consulting ortho-
paedic surgeons advised are typically considered signifi-
cant when reducing an intra-articular fracture. An optical
tracking system (OPTOTRAK 3020; Northern Digital
me showing a 2.2 mm displacement in the vertical direc-
ed using the proposed method (red arrow shows the loca-
s throughout the bone surface).
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Inc., Waterloo, ON, Canada) with a localization accuracy
of 0.1 mm was used to measure the fracture fragment
displacements. Tests were conducted first with standard
coupling gel alone and then repeated with a 2-cm thick
slice of bovine muscle tissue overlaid on top of the frac-
ture to simulate more realistic specimen conditions. This
experiment is related to an earlier 2-D study we per-
formed (Hacihaliloglu et al. 2009a). However, in our
current experiment, the displacements of the fracture
boundaries are assessed in the 3-D volume along the
full length of the fracture rather than only on a single
2-D image as described in (Hacihaliloglu et al. 2009a).
Since fracture reduction is a 3-D problem, using displace-
ment information from multiple slices provides a more
accurate assessment of the reduction. Ten volumes were
obtained for each displacement to assess the reproduc-
ibility of the fracture detection method. The scans were
repeated by removing and reapplying the 3-D US trans-
ducer to the coupling gel/soft tissue. The displacements
estimated from each of the US volumes were then
compared to the known applied displacement. A three-
way ANOVA analysis test was performed to compare
the displacement amount and direction as well as
overlay medium.

Experiment 5 qualitative validation
The primary purpose of this experiment was to

assess whether or not images acquired in vivo in clinical
situations and processed using our phase symmetry algo-
rithm can produce surfaces of sufficient quality to likely
be of use in live clinical scenarios. We, therefore, ob-
tained in vivo scans of the distal radius and pelvis of
a healthy volunteer and of two right distal radius fractures
and a pelvis fracture in, respectively, three patients pre-
senting to the emergency department of Vancouver
General Hospital (Vancouver, Canada). The patient scans
(two distal radius fractures and one pelvis fracture) were
obtained after obtaining the ethical approval from UBC
ethics board and obtaining signed consent of the patient.
In total, 10 different US volumes for each patient were
acquired. In addition, to assess the ability of the PS tech-
nique to produce useful images from scans obtained using
different transducers with a range of resolutions, we
acquired the in vivo radius and pelvic scans from the
intact volunteer using both a high frequency (RSP5-12)
and low frequency (RAB4-8P) 3-D transducer (operating
at 5-12 MHz and 4-8 MHz, respectively). Clinical scans
were obtained using the high frequency probe. The clin-
ical pelvis scans were obtained from the iliac crest region
since this region is frequently used to define the pelvic
anatomical coordinate system. The fractal dimensions
of the assembled 2-D PS images and the native 3-D PS
volume sets were also computed and compared using
a one-way ANOVA test.
RESULTS

In the experiments described in this study, the 3-DPS
method was implemented in MATLAB (The Mathworks
Inc., Natick, MA, USA) and run on an Intel Pentium 4 PC
(3.64 GHz, 2GB of RAM); processing of a single 3-D
volume typically takes approximately 43 s for a single
scale, rising to 90 s for two scales and 150 s for three
scales. A pilot study involving analysis of various 1-D
scanline profiles acquired from in vivo scans of a human
distal radius and pelvis showed that, although we initially
considered using a filter bank withmultiple scales, using a
single scale (i5 1) for the filters with a large wavelength
(lmin5 25 pixels) generally resulted in well-localized
bone surface features. Therefore, during experiments 1,
2 and 4, a single scale (i5 1) was used for extracting local
phase bone features. As mentioned previously multiscale
surface localization analysis was performed for experi-
ment 4. A value of k/u0i 5 0.25 provided good surface
localization in the presence of speckle. For the angular
component, we empirically determined, based on exper-
imentation with scans of an in vivo human distal radius
and pelvis, that it was possible to get good orientation
resolution and an adequate range of frequencies by select-
ing an angular bandwidth value of sa 5 14.3�. The filter
bank used in this work used 15 different 3-D filter orien-
tations (i.e., 15 different values for a). The noise
threshold parameter k was set to 5. Following this pilot
analysis, we kept the selected filter parameters the same
for all subsequent experiments.

Experiment 1 bone surface localization accuracy stylus
validation: Bone model experiment

For both the horizontal and inclined specimens, the
mean error was calculated from the measurements taken
at the 30 different bead locations for each depth setting.
The mean surface localization error (SLE) at the different
scanning depths ranged from 0.40 to 0.62 mm (biased
toward the inside of the bone surface) with standard devi-
ations of approximately 0.25 mm in all conditions (see
Table 1). A two-way ANOVA revealed that there was
no significant interaction between depth and inclination
and no significant main effect of inclination (both
p . 0.05) but that there was a main effect of depth
(p , 0.05). A Tukey post-hoc analysis revealed that the
only significant (i.e., detectable) differences were in the
horizontal condition between the deep setting and either
of the other two depth settings, although the absolute
differences in these cases were small (, 0.2 mm) and
likely of no practical significance.

Experiment 2 bone surface localization accuracy stylus
validation: Porcine experiment

The SLE was 0.44 mm (SD0.40 mm) biased toward
the inside of the bone surface response. This was similar



Table 1. Quantitative results for bone surface
localization accuracy assessment using stylus with

a spherical bead tip as the gold standard measurement

Surface inclination: Horizontal

Depth setting ME (mm) SD (mm)

Shallow 20.54 0.27
Middle 20.62 0.24
Deep 20.42 0.22

Surface inclination: 20� inclined

Depth setting ME (mm) SD (mm)

Shallow 20.40 0.22
Middle 20.53 0.26
Deep 20.45 0.23

ME 5 mean error; SD 5 standard deviation.
The middle scanning depth had the maximum mean error.
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to the error values found in experiment 1. The low values
of these errors demonstrate the ability of the proposed
3-D method to accurately detect bone surfaces even in
the presence of soft tissue interfaces. Furthermore, there
was no statistically significant difference in mean locali-
Fig. 6. Quantitative results for bone surface localization acc
measurement. (a) Box plot for fiducial localization accuracy. (b)
symmetry (PS), 3-D PS using one scale, 3-D PS using two sca

(FD) results for 2-D PS, 3-D PS using one scale, 3-D P
zation error between experiment 1 and this experiment
(p . 0.05).
Experiment 3 bone surface localization accuracy
CT-based validation: Bovine experiment

The fiducial registration error for the six different
US volumes averaged 0.27 mm (Fig. 6). The SLE
between the surfaces extracted from the CT and the US
images following rigid body registration was the lowest
when using a single scale (mean value of 0.18 mm, SD:
0.31 mm) compared with two scales (0.21 mm, SD:
0.29 mm) or three scales (0.23 mm, SD: 0.26 mm)
(Fig. 6). The SLEs using the 2-D PS algorithm were
larger than any of the 3-DPS results (0.31 mm, SD:
0.64 mm). A one-way ANOVA for all four methods
(2-D PS with two scales, 3-D PS with one, two and three
scales) showed that the differences in column means are
highly significant (p , 0.05). A Tukey post-hoc analysis
revealed that the mean values of the SLEs of all the 3-D
PS methods were significantly different than the SLE of
the 2-D method. Finally, a one-way ANOVA analysis
between the standard deviations of the 2-D PS method
uracy assessment using CT scan as the gold standard
Box plot showing the localization accuracy for 2-D phase
les and 3-D PS using three scales. (c) Fractal dimension
S using two scales and 3-D PS using three scales.



Fig. 7. Signed distance plots for CT validated bovine experiment for one of US volumes obtained by scanning the con-
structed phantom setup. (a) Signed distance (mm) vs intensity plot using 2-D phase symmetry (PS) method, (b) Signed

distance (mm) vs intensity plot for the proposed 3-D PS method.
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and the 3-D PS method affirmed again that the standard
deviations are significantly different (p , 0.05).

Figure 6c shows that the fractal dimensions for the
various versions of the 3-D PS method are significantly
smaller than the 2-D method (Hacihaliloglu et al.
2009a), which suggests that incorporating the extra infor-
mation in the elevation direction produces surfaces which
are smoother in the direction perpendicular to the scan
planes. A one-way ANOVA comparing the fractal dimen-
sions between 2-D PS and 3-D PS (with different scales)
revealed that there was a significant difference between
the column means (p , 0.05). The Tukey post-hoc
analysis showed that there were significant differences
in the fractal dimensions between the 2-D PS method
and the 3-D PS method (with different scales) but there
was no significant difference between any of the 3-D
methods.

The effect of using different automatic threshold
selection algorithms on the extracted gold standard CT
surface was in the range of 0.04 mm to 0.1 mm, so we
believe that the choice of threshold value has little impact
on the accuracy results reported above.

The distribution of phase intensity values with their
corresponding signed distance values obtained by pro-
cessing one of the US volumes with 2-D PS method
and the proposed 3-D PS (single scale) method are shown
in Figure 7. The x axis shows the signed distance value
associated with each phase intensity voxel and the
y axis corresponds to its intensity value. The tighter distri-
bution for the 3-D algorithm indicates that the 3-D
method produces sharper images than the 2-D method.
Experiment 4 fracture displacement experiment
For all experimental conditions (displacement direc-

tion, displacement amount and overlay type), the
displacement of the fracture was estimated in each scan
plane and averaged along the fracture line. The results
are shown in Figure 8 and the 10 repetitions from each
condition were entered into a three-way ANOVA with
repeated measures. Overall, the errors in the vertical
direction were quite small – on the order of 0.4 mm
(over-estimated) when imaged through a tissue overlay
and close to zero when imaged through gel. Horizontal
errors were also small and were under-estimated by an
average of approximately 0.5–0.6 mm, depending on
overlay type. The ANOVA revealed no main effect of
displacement amount or overlay type and no interaction
effects but did reveal a significant effect of displacement
direction (p, 0.05). This indicates that it is slightly more
difficult to detect horizontal displacements accurately,
although in both cases the errors are sufficiently small
to be likely of no clinical significance.
Experiment 5 qualitative validation
Figures 9 and 10 show 3-D phase symmetry images

of the radius and pelvis, respectively, from the healthy
volunteer. From Figure 11 it can be seen that the fractal
dimension of the 3-D versions of the phase symmetry
images is consistently smaller than the 2-D versions.
Both the 2-D and 3-D PS methods are able to extract
bone features even when a low frequency transducer
(which has lower resolution and therefore produces
a weaker bone feature response) is used (e.g., see bottom
row of Fig. 9). Figure 10 (column c) also shows that the
3-D method is able to extract a connected smooth surface
even when the bone surface response is weak due to shad-
owing from muscle and fascia interfaces above the bone
surface. In contrast, the 2-D method is more severely
affected by this overlying tissue and shows a small gap
on the extracted bone surface.

Figure 12 show the PS volumes obtained by process-
ing the 3-D B-mode US volumes obtained by scanning
three patients in the emergency department. As with the
previous in vivo scans, the proposed method again seems
to produce surfaces with lower fractal dimension than our
previous 2-D method (Fig. 11). A two-way ANOVA on
the fractal dimension as a function of the factors of clin-
ical situation (in vivo radius, in vivo pelvis, emergency



Fig. 8. Fracture misalignment results when imaged through gel (left column) or a layer of bovine soft tissue (right
column). The black point represents the mean, the red horizontal line shows the median and the box and whiskers repre-

sent the standard deviation and range of the data.
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room radius and emergency room pelvis) and dimension
of the phase processing algorithm (2-D and 3-D) shows
no interaction between these two factors (p 5 0.47) and
nomain effect of clinical situation (p5 0.14), but, despite
the relatively small number of samples entered into the
ANOVA analysis, it did show a significant effect of algo-
rithm dimension (p 5 0.004); this finding supports the
impression described above that the surfaces produced
by the 3-D algorithm are smoother than those produced
by the 2-D algorithm (Fig. 11).
CONCLUSIONS AND DISCUSSION

In this article, we have proposed a novel approach
for accurately and nearly fully automatically extracting
bone surfaces directly from 3-D ultrasound volumes
based on 3-D local phase symmetry image features calcu-
lated using 3-D Log-Gabor filters. Our method extends
our previous approach for 2-D bone segmentation in US
(Hacihaliloglu et al. 2009a) to 3-D, enabling the extrac-
tion of more accurate, smoother bone surfaces. Inte-
grating the surface information along the axis
perpendicular to the scan plane direction makes the
proposed algorithm less sensitive to soft tissue artifacts
and more robust in the presence of weak bone surface
responses. Through a set of accuracy experiments
involving both phantoms and ex vivo porcine and bovine
specimens, we demonstrated that the 3-D PS algorithm
can reduce bone surface localization errors to less than
half the error levels we obtained with the earlier 2-D PS
bone localization method (Hacihaliloglu et al. 2009a).
In the porcine preparation, the maximum mean error
was only 0.44 mm with a standard deviation of 0.40
mm, even when the US beam was not perfectly perpen-
dicular to the bone surface. These errors were essentially
independent of the depth of the bone interface and of the
inclination of the transducer relative to the bone surface.
Somewhat surprisingly, the accuracy of the bone surface



Fig. 9. Qualitative results for in vivo human distal radius scans. 3-D mode US volumes obtained using 3-D 5–12 MHz
transducer (top) and 3-D 4–8 MHz transducer (bottom). Fractal dimension (FD) 2-D phase symmetry (PS) top: 4.15,
bottom 4.41. FD 3-D PS top: 3.92, bottom: 3.89. The top left image also shows a 3-D anatomic sketch of a human radius
where the scanned area is highlighted by the white rectangle. Note that overall the higher-frequency probe (top) produces

a more detailed image.
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found in the bovine experiment (experiment 3) was better
than that found in the porcine experiment with the stylus
(experiment 2). This may be due to a small bias intro-
duced in the CT segmentation process or to a small error
in estimating the speed of sound in the gel and in the
porcine tissue such that, when we compensated for this
difference in sound speed, we fortuitously displaced the
bone surface in the US image in such a way as to reduce
surface matching error between these two modalities. In
either case, the 3-DPS method seems to produce bone
surface representations, which are typically accurate to
under 0.5 mm. The data from experiment 1 was also
divided into tests that encountered different ultrasound
resolutions and found that there was no significant differ-
ence between the tests at high resolution locations
(around focal point) and tests with low resolution loca-
tions (away from focal point). This suggests that the
effects of resolution, including the elevation resolution,
do not have a strong effect on localization with phase
symmetry, although this must be explored further.

In the fracture displacement experiment, horizontal
and vertical displacements betweenmodel bone fragments
were also accurately measured with a maximum mean
error under 0.6 mm, which is well below the value of
2–4 mm, which has been cited as being of value for
a number of fracture reduction applications (Phillips
2007).

The qualitative results and the best quantitative
results presented in this work were obtained using
single-scale analysis. Although we originally formulated
our method as a multiscale analysis, we found, contrary to
our initial expectations, that the use of extra scales did not
improve the accuracy results, though, as expected, it
added extra computation time. For the situations analyzed
in our studies, we did not find any significant benefit from
using multiple scales. Nevertheless, the multiscale
formulation may prove useful in future in clinical situa-
tions where one is trying to image more complex bone
surfaces which exhibit features of different length scales.

Our bone localization accuracy results (0.18–0.6
mm)were comparable to the best results reported by other
groups, in particular, Foroughi et al. (2007) and Kowal
et al. (2007) who showed mean errors in the range of
0.3–0.6 mm. Previously reported results, however, were



Fig. 10. Qualitative results for in vivo human pelvis scans. 3-D US volumes obtained using 3-D 5–12 MHz transducer
(top) and 3-D 4–8 MHz transducer (bottom). Fractal dimension (FD) 2-D phase symmetry (PS) top: 3.96, bottom
4.05. FD 3-D PS top: 3.96, bottom: 3.79. Top left image also shows a 3-D anatomic sketch of a human pelvis with

a 3-D transducer showing the scanned area.
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obtained from 2-DUS studies in which the transducer was
optimally aligned relative to the bone surface by a trained
sonographer to achieve the best surface response. In addi-
Fig. 11. Fractal dimensions results for in vivo human subject
scans and clinical scans. ‘‘Y’’ axis is showing the fractal dimen-
sions (FD) and ‘‘X’’ axis is showing the scanning situation.
Upward pointing triangles are showing FD dimensions obtained
using a high frequency transducer and downward pointing trian-
gles are showing FD dimensions obtained using low frequency
transducer. Filled triangles are showing FD results obtained
using the proposed 3-D PS method and open triangles are
showing FD results obtained using the 2-D PS method. All the
emergency room (ER) scans were obtained using a high

frequency transducer.
tion, both of these two studies incorporated assumptions
of bone surface continuity as part of their proposed frame-
work; such an approach will likely fail when the imaged
bone surface involves a fractured region andwill thus limit
the use of these methods to applications in which the bone
surfaces are comparatively smooth. In contrast, our
proposed method performs well with arbitrary probe
orientations, which eliminates the need for a trained so-
nographer, and it is also able to handle fractured bone
segments and gaps directly.

The average time to obtain a 3-D US volume is an
order of magnitude shorter than acquiring a 3-D fluoros-
copy scan (about 10 s vs 120 s) (Linsenmaier et al. 2002;
Stockle et al. 2006) and we have shown that the phase
symmetry processing time in a high-level programming
environment (MATLAB) is about a third of the fluoroscopy
acquisition time (43 s vs120 s);weanticipate thatwewould
be able to reduce this processing time significantly by im-
plementing our algorithm in a lower-level language and
optimizing the coding. This short acquisition and process-
ing timewouldmake3-DUSespecially attractive for use in
orthopaedic fracture reduction surgeries where multiple
scans are frequently needed to confirm the reduction.

Potential limitations of 3-D US in orthopaedic
surgery are related primarily to (1) difficulties in being
able to place the US probe in a desired location under
typical operative conditions, (2) only being able to image
the near surface of a bone and being restricted in depth of



Fig. 12. Qualitative results for clinical study. Scans were obtained from patients represented to emergency department of
VancouverGeneralHospital (Vancouver, Canada)with a right distal radius fracture (first two rows) and a pelvis fracture (last
row). (a) Preoperative CT scan of initially reduced fracture. Thewhite arrows points to the location of fracture. The scanning
direction is shownwith the transducer sketchedon topof theCTscan. (b)Corresponding3-DB-modeUSscan. (c) 3-Dphase
symmetry (PS) volume obtained by processing each individual B-mode US slice with 2-D PS method. (d) 3-D PS volume
obtainedusing theproposedmethod. For pelvic scannote that our purposewasnot to scan sucha deep fracture directly, but to

determine the practicality of obtaining anterior pelvic surface images from a patient with this type of fracture.
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penetration, (3) the limited field of view of an US probe,
and (4) limited availability of 3-D US machines.

With regard to the first issue, US imaging typically
requires the use of a coupling gel between the transducer
and the patient; in a trauma situation, the patient may
have an open wound above the bone, which could poten-
tially interfere with the ability to place the US transducer
in a reasonable position, though in many such situations it
may be possible to acquire an image from the opposite
side of the bone. We are currently conducting a clinical
study to assess the potential opportunities and limitations
of 3-D US on an orthopaedic trauma service.

The imaging depth limitation and the inability to see
beyond the first bone interface may prevent imaging intra-
articular structures (complex fractures), joint surfaces or
deep bones (e.g., bones deep in the pelvis). However, in
many such cases, a preoperative CT scan would normally
be available and 3-DUS could be used to register the bone
fragments to the preoperatively acquired images, so could
still prove to be a useful intraoperative adjunct.

The limited field of view of the US prevents us from
being able to acquire a full-length US image in a single
scan. This limitation could potentially be addressed either
by using an external localizer to track the US probe
during image acquisition or by some form of volume
stitching (Poon et al. 2006). It is already common to
use tracked 2-D US probes (Hsu et al. 2005) to acquire
a set of slices tagged with their spatial position and to
assemble a 3-D dataset through spatial compounding,
so generalizing this approach for intrinsically 3-D US
volumes should be feasible.

The limited availability of 3-D US machines does
not preclude using variations of the technique we present
here. Certainly the 2-D versions of our algorithms can be
applied to standard 2-D US scans. Furthermore, our 3-D
techniques could be applied directly to 3-D datasets
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constructed from the spatial compounding of 2-D images
mentioned above.

The two filters most commonly used to extract local
image phase information are Log-Gabor and monogenic
filters (Hacihaliloglu et al. 2006, 2009a; Rajpoot et al.
2009; Wachinger et al. 2009). The main motivation in
support of using a monogenic filter is that it simplifies
computation of local phase features since the filter is
isotropic and, thus, involves no orientation selectivity.
Such filters have been successfully used for boundary
extraction from US echocardiography images (Rajpoot
et al. 2009). However, we have recently shown
(Hacihaliloglu et al. 2009b) that careful selection of filter
orientations derived from the image content, e.g., using
Log-Gabor filters, facilitates superior differentiation of
bone features from the rest of the US features, such as soft
tissue interfaces. In contrast, monogenic filters will tend to
extract both bone and non-bone features in such situations.

In the study reported here, we selected the filter
parameters (e.g., the orientations, bandwidth and scale)
empirically by investigating the outputs of the 3-D Log-
Gabor filter for a variety of test cases.

A key challenge in local phase based feature extrac-
tion is in the proper selection of filter parameters. Since
Log-Gabor filter responses widely change when varying
the filter parameters, actual parameter selection can
significantly affect the quality of extracted features.
However, we have recently investigated a novel data-
driven automatic filter parameter selection framework
for the 2-D case (Hacihaliloglu et al. 2009b). We have
shown that it is possible to design a 2-D Log-Gabor filter
that is less sensitive to US artifacts and soft tissue inter-
faces by selecting the parameters automatically using
information extracted from the B-mode US image; in
effect, this approach is roughly equivalent to the auto-
exposure function of a camera. We found that using this
automatic parameter selection technique also improved
the localization accuracy relative to that obtained with
empirically-chosen parameters (Hacihaliloglu et al.
2009b). We believe a similar approach could be devel-
oped for automating the selection of the 3-D Log-Gabor
filter parameters, which is currently under investigation.

The continuity of the extracted phase surfaces using
the proposed method and the previously developed 2-D
algorithm were compared using FD analysis. The 3-D FD
of the phase surfaces were estimated by using the 3-D
FFT method (Zhang 2006). Other alternative methods for
calculating FD include Kolmogorov, Korcak, Minkowski,
root mean square and slit island methods (Gaudio et al.
2005; Zhang 2006). In our implementation we deployed
the 3-D FFT based FD analysis method which was found
to provide both efficiency and accuracy.

The accuracy results we report here are very encour-
aging and suggest a strong potential for success in using
local phase processed images for bone localization and
fracture assessment since the accuracy required for
a number of relevant applications is on the order of
2–4 mm (Phillips 2007), though certain applications
may require somewhat greater accuracy. A comparison
of in vivo scans of the human distal radius and pelvis
showed that an intrinsically 3-D analysis produced
a noticeably smoother image of the bone surface than
our previously reported 2-D analysis. We expect that
such 3-D processing will be of special importance for as-
sessing fractures, where good accuracy is needed to avoid
malunions.

Despite the encouraging experimental results and
initial clinical study presented here, which demonstrate
the potential benefits of the proposed method, additional
clinical studies are required to fully address the potential
opportunities and limitations of 3-D US. Future work will
focus on extending this method to panoramic 3-D US
volumes in which a larger region-of-interest is obtained
by stitching together several US volumes. We will also
work on establishing the clinical feasibility and effective-
ness of using 3-D US to assess fractures in the emergency
department, to assess fracture reductions in orthopaedic
trauma applications, particularly for distal radius and
pelvis fractures, and to determine intraoperatively the
position of bones for which we have acquired a 3-D
model through preoperative imaging.
Acknowledgments—The authors acknowledge the support of the Natural
Sciences and Engineering Research Council for this work and thank the
Centre for Hip Health and Mobility at Vancouver Hospital for access to
the XtremeCT machine used in experiment 3 and the UBC Institute for
Computing, Information and Cognitive Systems for travel support for
Dr. Hacihaliloglu during his doctoral studies.
REFERENCES

AminDV,KanadeT,DigioiaAM, JaramazB.Ultrasound registrationof the
bone surface for surgical navigation. J Comput Aid Surg 2003;8:1–16.

Atesok K, Finkelstein J, Khoury A, Liebergall M, Mosheiff R. CT (ISO-
C-3-D) image based computer assisted navigation in trauma surgery:
A preliminary report. Inj Extra 2008;39:39–43.

Barratt DC, Penney PG, Chan SK, Slomczykowski M, Carter TJ,
Edwards PJ, Hawkes DJ. Self-calibrating 3-D-ultrasound-based
bone registration for minimally invasive orthopaedic surgery.
IEEE Trans Med Imaging 2006;25:312–323.

Beek M, Abolmaesumi M, Luenam S, Ellis RE, Sellens RW,
Pichora DR. Validation of a new surgical procedure for percutaneous
scaphoid fixation using intraoperative ultrasound. Med Image Anal
2008;12:152–162.

Bergen G, Chen LH, Warner M, Fingerhut LA. Injury in the United
States: 2007 Chartbook. Hyattsville, MD: National Center for
Health Statistics; 2008.

Boukerroui D, Noble JA, Robini M, Brady M. Enhancement of contrast
regions in suboptimal ultrasound images with application to echo-
cardiography. Ultrasound Med Biol 2001;27:1583–1594.

Cao G, Shi P, Hu B. Ultrasonic liver discrimination using 2-D phase
congruency. IEEE Trans Biomed Eng 2006;53:2116–2119.

Coppola PT, Coppola M. Emergency department evaluation and treat-
ment of pelvic fractures. Emerg Med Clin North Am 2000;18:1–27.



144 Ultrasound in Medicine and Biology Volume 38, Number 1, 2012
Daanen V, Tonetti J, Troccaz J. A fully automated method for the delin-
eation of osseous interface in ultrasound images. Proc MICCAI
2004. Lect Notes Comput Sci 2004;3216:549–557.

Dempster AP, Laird NM, Rubin DB. Maximum likelihood from incom-
plete data via the EM algorithm. J Royal Stat Soc 1977;39:1–38.

Dosil R, Pardo XR, Fernandez-Vidal XR. Data driven synthesis of
composite feature detectors for 3-D image analysis. J Image Vis
Comput 2006;24:225–238.

Foroughi P, Boctor E, Swatrz MJ, Taylor RH, Fichtinger G. Ultrasound
bone segmentation using dynamic programming. IEEE Ultrason
Symp 2007;2523–2526.

Gaudio E, Chaberek S, Montella A, Pannarale L, Morini S, Novelli G,
Borghese F, Conte D, Ostrowski K. Fractal and Fourier analysis of
the hepatic sinusoidal network in normal and cirrhotic rat liver.
J Anatomy 2005;207:107–115.

Glasbey CA. An analysis of histogram-based thresholding algorithms.
CVGIP Graph Models Image Processing 1993;55:532–537.

Grau V, Noble AJ. Adaptive multiscale ultrasound compounding using
phase information. Proc MICCAI 2005. Lect Notes Comput Sci
2005;3749:589–596.

Hacihaliloglu I, Abugharbieh R, Hodgson AJ, Rohling RN. Enhance-
ment of bone surface visualization from 3-D ultrasound based on
local phase information. Proc IEEE Ultrasonics Symp 2006;21–24.

Hacihaliloglu I, Abugharbieh R, Hodgson AJ, Rohling RN. Bone
segmentation and fracture detection in ultrasound using 3-D local
phase features. Proc MICCAI 2008. Lect Notes Comput Sci 2008;
5241:287–295.

Hacihaliloglu I, Abugharbieh R, Hodgson AJ, Rohling RN. Bone
surface localization in ultrasound using image phase based features.
Ultrasound Med Biol 2009a;35:1475–1487.

Hacihaliloglu I, Abugharbieh R, Hodgson AJ, Rohling RN. Automatic
data-driven parameterization for phase based bone localization in
US using Log-Gabor filters. Proc of 5th International Symposium
onVisual Computing. Lect Notes Comput Sci 2009b;5875:944–954.

Hamadeh A, Lavallee S, Cinquin P. Automated 3-D computer tomo-
graphic and fluoroscopic image registration. J Comput Aid Surg
1998;3:11–19.

Hanel DP, Jones MD, Trumble TE. Wrist fractures. Orthop Clin North
Am 2002;33:35–57.

HsuP,PragerRW,GeeAH,TreeceGM.Rapid, easyand reliable calibration
for freehand 3-D ultrasound. Ultrasound Med Biol 2005;32:823–835.

JainAK, Taylor RH.Understanding bone responses in B-mode ultrasound
images and automatic bone surface extraction using a Bayesian prob-
abilistic framework. Proc SPIE Med Imaging 2004;5733:131–142.

Joskowicz L, Milgrom C, Simkin A, Tockus L, Yaniv Z. FRACAS: A
system for computer aided image guided long bone fracture surgery.
J Comput Aid Surg 1998;3:271–288.

Kapur JN, Sahoo PK, Wong AKC. A new method for gray-level picture
thresholding using the entropy of the histogram. Comput Vis Graph
Image Processing 1985;29:273–285.

Kittler J, Illingworth J. Minimum error thresholding. Pattern Recogni-
tion 1986;19:41–47.

Kovesi P. Symmetry and asymmetry from local phase. Proc Tenth Austra-
lian Joint Conference on Artificial Intellegence 1997;185–190.

Kovesi P. Image features from phase congruency. Videre. J Comput Vis
Res 1999;1:1–26.
Kowal J, Amstutz C, Langlotz F, Talib H, Ballester MG. Automated
bone contour detection in ultrasound B-mode images for minimally
invasive registration in computer assisted surgery an in vitro evalu-
ation. Int J Med Robotics Comput Assisted Surg 2007;3:
341–348.

Linsenmaier U, Rock C, Euler E, Wirth S, Brandl R, Kotsianos D,
Mutschler W, Pfeifer KJ. Three-dimensional CT with a modified
C-arm image intensifier: Feasibility. Radiology 2002;224:
286–292.

Mulet-Parada M, Noble JA. 2-D1T boundary detection in echocardiog-
raphy. Med Image Anal 2000;4:21–30.

Nolte LP, Walti H, Fujita H, Zheng G, Seissler W, Hey J. A novel mobile
C-arm system for use in image-guided surgery: A feasibility study.
Proc of the International Conference on Computer Assisted Ortho-
paedic Surgery 2002.

Otsu N. A threshold selection method from gray-level histograms. IEEE
Trans Sys Man Cyber 1979;9:62–66.

Phillips R. The accuracy of surgical navigation for orthopaedic surgery.
Curr Orthopaed 2007;21:180–192.

Poon TC, Rohling RN. Three-dimensional extended field-of-view ultra-
sound. Ultrasound Med Biol 2006;32:357–369.

Prewitt JMS, Mendelsohn ML. The analysis of cell images. Ann NY
Acad Sci 1966;128:1035–1053.

Rajamani KT, Styner MA, Talib H, Zheng G, Nolte LP, Ballaster GMA.
Statistical deformable bone models for robust 3-D surface extrapo-
lation from sparse data. Med Image Anal 2007;11:99–109.

Rajpoot R, Grau V, Noble AJ. Local-phase based 3-D boundary detec-
tion using monogenic signal and its application to real time 3-D
echocardiography images. Proc IEEE 6th International Symposium
on Biomedical Imaging (ISBI), 2009;944–964.

Ross JC. Fractal surfaces. New York: Springer-Verlag, LLC; 2008.
Stockle U, K€onig B, Sch€affler A, Zschernack T, Haas NP. Clinical expe-

rience with the Siremobil Iso-C (3-D) imaging system in pelvic
surgery. Unfallchirurg 2006;109:30–40.

Tonetti J, Carrat L, Blendea S, Merloz P, Troccaz J, Lavallee S,
Chirossel JP. Clinical results of percutaneous pelvic surgery:
Computer assisted surgery using ultrasound compared to standard
fluoroscopy. J Comput Aid Surg 2001;6:204–211.

Tsai W. Moment-preserving thresholding: A new approach. Comput Vis
Graph Image Processing 1985;29:377–393.

Wachinger C, Navab N. Alignment of viewing-angle dependent ultra-
sound images. Proc MICCAI 2009. Lect Notes Comput Sci 2009;
5761:779–786.

Wesse J, Penney GP, Desmedt P, Buzug TM, Hill DL, Hawkes DJ. Voxel
based 2-D/3-D registration of fluoroscopy images and CT scans for
image guided surgery. IEEE Trans Inf Technol Biomed 1997;1:
284–293.

WuYT, ShyuKK, Chen TR, ChenHY, HuHH,GuoWY.Using 3-D FFT
fractal dimension estimator to analyze the complexity of fetal
cortical surface from MR images. Exp Syst Applications 2010;37:
6123–6127.

Ye X, Noble JA. 3-D freehand echocardiography for automatic left
ventricle reconstruction and analysis based on multiple acoustic
windows. IEEE Trans Med Imaging 2002;21:1051–1058.

Zhang J. Detection and monitoring of wear using imaging methods.
Ph.D. Thesis, University of Twente, The Netherlands, 2006.


	Automatic Bone Localization and Fracture Detection from Volumetric Ultrasound Images Using 3-D Local Phase Features
	Introduction
	Methods and Materials
	Proposed 3-D local phase feature
	Data acquisition and experimental set-up
	Experiment 1 bone surface localization accuracy stylus validation: Bone model experiment
	Experiment 2 bone surface localization accuracy stylus validation: Porcine experiment
	Experiment 3 bone surface localization accuracy CT-based validation: Bovine experiment
	Experiment 4 fracture displacement experiment
	Experiment 5 qualitative validation

	Results
	Experiment 1 bone surface localization accuracy stylus validation: Bone model experiment
	Experiment 2 bone surface localization accuracy stylus validation: Porcine experiment
	Experiment 3 bone surface localization accuracy CT-based validation: Bovine experiment
	Experiment 4 fracture displacement experiment
	Experiment 5 qualitative validation

	Conclusions and Discussion
	References


