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Abstract
Freehand 3-D ultrasound (US) using a 2-D US probe has the advantage over conventional 3-D probes of being able to collect arbitrary 3-D volumes at a lower cost.
Traditionally, generating a volume requires external tracking to record the US probe
position. An alternative means of tracking the US probe position is through speckle
tracking. Ultrasound imaging has the advantage that the speckle inherent in all images contains relative position information due to the decorrelation of speckle over
distance. However, tracking the position of US images using speckle information alone
suffers from drifts caused by tissue inconsistencies and overall lack of accuracy.
This thesis presents two novel methods of improving the accuracy of speckletracked 3-D US through the use of sensor fusion. The first method fuses the speckletracked US positions with those measured by an electromagnetic (EM) tracker. Measurements are combined using an unscented Kalman filter (UKF). The fusion is able
to reduce drift errors as well as to eliminate high-frequency jitter noise from the EM
tracker positions. Such fusion produces a smooth and accurate 3-D reconstruction
superior to those using the EM tracker alone.
The second method involves the registration of speckle-tracked 3-D US volumes
to preoperative CT volumes. We regard registration combined with speckle tracking
as a form of sensor fusion. In this case, speckle tracking is used in the registration
i

to generate an initial position for each US image. To improve the accuracy of the
US-to-CT registration, the US volume is registered to the CT volume by creating
individual US “sub-volumes”, each consisting of a small section of the entire US
volume. The registration proceeds from the beginning of the US volume to the end,
registering every sub-volume. The work is validated through spine phantoms created
from clinical patient CT data as well as an animal study using a lamb cadaver. Using
this technique, we are able to successfully register a speckle-tracked US volume to a
CT volume with excellent accuracy. As a by-product of accurate registration, any
drift from the speckle tracking is eliminated and the freehand 3-D US volume is
improved.
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Chapter 1
Introduction
An essential part of intraoperative medical procedures is the use of medical imaging
technologies. These technologies are particularly useful in guidance of a surgical procedure to ensure that the correct areas are being treated. The ability to visualize
areas within the body that are not otherwise visible enables the surgeon to focus
more on the procedure and less on ensuring the appropriate target has been reached.
Medical imaging technologies include Computed Tomography (CT), Magnetic Resonance Imaging (MRI), ultrasound (US), and fluoroscopy (X-ray) among others. Each
of these modalities have their own strengths and weaknesses and are able to image
different structures and areas within the body.
Intraoperatively, US is a useful modality. In some cases, it is preferred to other
modalities as i) there is no ionizing radiation emitted to the patient or the physician
during data collection; and ii) US is significantly more portable than other modalities
allowing it to be used at smaller outpatient facilities [61, 88].
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Motivation

The versatility of ultrasound allows for it to be used in both 2-dimensional (2-D) and
3-dimensional (3-D) configurations. When acquired in 2-D, US images can be seen in
real-time with no delay. However, 2-D US image are difficult to visualize and interpret
by the physician. The mental registration of the image on the screen to a specific
area inside the body is a major challenge, even for experienced users [15]. 3-D US,
however, overcomes this difficulty with its ability to visualize full 3-D volumes; entire
organs can be seen as opposed to only a single slice. Additionally, 3-D US enables
the user to visualize the imaged area from any plane in the volume through reslicing
and interpolation of the volume.
One technique for generating 3-D US volumes is tracked freehand scanning using
a 2-D probe. In knowing the position of every 2-D US image, a 3-D volume may be
reconstructed by placing each image into a 3-D volume with interpolation between
each image. Freehand 3-D US is advantageous over a traditional dedicated 3-D probe
due to its lower cost, smaller size and increased flexibility. Additionally, arbitrary 3-D
volumes can be constructed, limited only by the position of the probe. Unfortunately,
this tracking can be bulky and inconvenient in use. A tracked probe requires calibration so that the transformation is known between the US image and the attached
tracking device. This calibration can be seen as a drawback as it is not a trivial
process, and can be time-intensive. Additionally, extreme care must be taken as any
movement of the tracker post-calibration will introduce error.
Currently, there is research in freehand 3-D US focusing on eliminating the tracking element and generating a 3-D volume based on the speckle within each image.
By tracking the movement of the speckle in each image, a volume can be generated.
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Figure 1.1: Due to the imperfect focusing of the US, each pixel in the 2-D image is
created based off of information in the surrounding 3-D resolution cell.
When the US probe is moved in the elevational direction, subsequent
images contain overlapping information.

The parameters in-plane to the image (2 translations and 1 rotation) can be estimated through image registration techniques while the parameters out-of-plane to
the image (2 rotations and 1 translation) can be estimated from the decorrelation of
speckle with elevational position. Subsequent images have a specific correlation; the
closer the two images are spatially, the higher the correlation value. The correlation
between images occurs because the 2-D images contain 3-D information due to of the
imperfect focusing of the US beam (Figure 1.1).
Unfortunately, this speckle tracking technique of generating freehand 3-D US has
been shown to exhibit a significant amount of drift errors [31]. The main reason for
this error is that elevational motion is not the only source of speckle decorrelation.
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Rotation and coherent structures within the images also change the amount of correlation between images. For this reason, it is not advised to exclusively use speckle
tracking when generating a 3-D volume.
Additional position information can be used in combination with speckle tracking
using sensor fusion to increase its robustness. Through the fusion of measurements
from different sensors, the accuracy of the speckle tracking can be improved, eliminating drift errors. The use of an electromagnetic (EM) tracker for this fusion method is
one possibility. Another possible type of sensor fusion is combining speckle tracking
with image registration. Through registering two different modalities, accurate relative position information can be gathered. Provided that one of the volumes contains
a complete and accurate volume, registration with another modality can be used to
compensate for positional errors found in that other modality. In this case, the errors found in a speckle-tracked US volume can be compensated through CT volume
registration, a problem commonly seen in literature. As such, devising a speckle USto-CT registration framework solution that corrects for the speckle-tracked positions
is highly desirable.

1.2

Proposed methods

Two different methods are proposed in this thesis to improve the accuracy of speckletracked US by using sensor fusion. The first method attempts to improve the accuracy
by sensor fusion with EM tracking, while the second method registers the speckle US
to a CT volume to improve the overall accuracy.
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Sensor fusion with EM tracking

The first proposed sensor fusion method combines the positions of each US frame
generated using speckle tracking and EM tracking. This method is inspired by work
done on the fusion of inertial measurement units (IMUs) consisting of gyroscopes
and accelerometers with global positioning system (GPS) measurements to ensure
the accurate navigation of autonomous vehicles [39]. The drift errors in the speckle
tracking measurements are analogous to the drift errors seen in IMU measurements,
while the large scale position errors in the EM tracker measurements are analogous
to the errors in GPS measurements. In the proposed method, a fusion approach is
developed in which an unscented Kalman filter (UKF) is used. To account for the
drift in the out-of-plane parameters of the speckle tracking, one of the states in the
UKF state model is a bias term. This bias term acts to account for the drift by being
subtracted from its corresponding speckle tracking measurements. The overall fused
position for each US frame is then determined by the state model as it gets updated
based on both of the measurements.

1.2.2

Registration with a CT volume

The second proposed method is to fuse a speckle-tracked US volume with a CT
volume through image registration. The accuracy of the speckle tracking alone is not
conducive to a full volume-to-volume US-CT registration framework. Drift in the
speckle tracking will degrade the registration accuracy. Therefore, this framework
must be modified to account for the slowly varying drift of the speckle-tracked US
volume. To register the speckle-tracked US volume to the CT volume, the proposed
method consists of breaking the US volume down into “sub-volumes” and running a
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Figure 1.2: Overview of the registration framework for each sub-volume. Simulated
US images are generated from the CT volume to enhance similarity to
the US images.

full registration on each sub-volume. The idea is that the speckle-tracked US volume
is accurate over short distances, and therefore a sub-volume will be able to accurately
register to the CT volume. Each US sub-volume is fully registered to the CT volume
through a framework developed by Wein et al. [91] and modified by Gill et al. [21]
by simulating ultrasound images from CT images to create a more closely matched
registration problem. The framework for each sub-volume registration can be seen in
Figure 1.2. This method begins with the registration of the first sub-volume. The
result of this registration is applied to every US image including and beyond this
sub-volume. This procedure incrementally continues, registering each sub-volume
in succession until reaching the end of the volume. Consecutive sub-volumes will
contain overlapping images since only k frames are skipped when moving to the next
sub-volume.
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Thesis Objectives

The main objective of this thesis is to develop multiple sensor fusion methods in which
the accuracy of a speckle-tracked 3-D US volume is improved. First, the possibility of
combining two different tracking techniques is investigated. The positions of speckletracked US and those measured by EM tracking are combined in order to reduce
both drift and jitter errors. Next, multi-modality image registration is investigated
to simultaneously correct the speckle-tracked US positions and register the volume
to a corresponding CT volume. The proposed claim is that sensor fusion techniques
can be used to successfully improve the accuracy of a speckle-tracked 3-D US volume.
To validate this claim, experiments are carried out on speckle phantoms for the first
fusion method, and on patient-based spine phantoms and a lamb cadaver for the
second fusion method.

1.4

Thesis Contributions

A summary of the contributions of this thesis are as follows:
• Implemention of a speckle-tracking algorithm to reconstruct freehand 3-D US
volumes without the use of any external tracking.
• Development of a novel method for the sensor fusion of EM tracking and speckletracked US through the use of an unscented Kalman filter.
• Development of a novel registration technique for the registration of a speckletracked 3-D US volume to a 3-D CT volume by dividing the US volume into a
series of sub-volumes.
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• Evaluation of the proposed EM tracking and speckle fusion methodology through
the use of speckle phantoms, a linear stage and freehand US imaging. Additionally, for validation, a calibration method was used to register the EM tracker
to an optical tracker.
• Evaluation of the proposed EM fusion technique when the EM tracker is in the
presence of metallic artifacts, and thus generating distortions in the EM tracker
measurements.
• Evaluation of the proposed registration technique through extensive testing using phantom data based on patient CT scans of the lumbar spine as well as
lamb cadaver data.

1.5

Thesis Outline

This thesis is divided into six chapters organized as follows:
Chapter 2 Background: provides a review of 3-D US imaging techniques including reconstruction as well as tracking methods using traditional tracking sensors,
speckle tracking and sensor fusion. Additionally, a review of image registration is
given, with a specific focus on US-based image registration
Chapter 3 Speckle Tracking: includes the methodology for the reconstruction
of a 3-D US volume created using speckle tracking.
Chapter 4 EM Sensor Fusion Methodology: introduces the sensor fusion
methodology designed to combine EM tracking information with speckle tracking.
Additionally, the experimental setup and results are presented for experiments carried
out on phantoms.
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Chapter 5 CT-US Registration Methodology: introduces the proposed registration framework to register a speckle-tracked US volume to a CT volume. Also,
experimental setup and results are presented for experiments carried out on both
phantoms and animal cadavers.
Chapter 6 Conclusions: summarizes the author’s contributions as well as suggests areas for future research.

Chapter 2
Background
2.1

3-D Ultrasound

Clinically, 2-D US probes are more widely used than 3-D US probes given their lower
cost, smaller size and higher image resolution. Despite these benefits, there are many
drawbacks to using 2-D US as opposed to 3-D US, especially in a clinical setting.
These limitations, as discussed by Fenster et al. [15], include:
• The difficulty in mentally converting a sequence of 2-D US images into a 3-D
volume to visualize the anatomy of interest. This mental transformation is both
time-consuming and quite variable depending on the user.
• Estimation of volume using 2-D measurements, for example, from two orthogonal views, has been shown to be less accurate than those measurements made
of a 3-D volume.
• Repeatability in localizing the probe in the same spot over different examinations (follow-up procedures) is, again, very difficult.
10
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• Due to the limitations in where the transducer can be positioned, certain desired
views of the anatomy may be impossible to obtain.
It is thereby desirable to have 3-D US for many applications, as each of these discussion points do not apply. When using 3-D US, the full 3-D volume may be visualized,
measured, resliced, and repeated consistently with very little difficulty. The ability
to generate a complete volume and reslice this volume to obtain any desired view is
particularly common in the area of obstetrics and gynecology, as it is desirable by the
patients themselves [68]. Additionally, these volumes sometimes allow the physician
to see features that may otherwise have gone unnoticed in 2-D US, in part due to the
ability to reslice the volumes arbitrarily [14].

2.1.1

3-D Reconstruction Methods

A major area of research in 3-D US is the method with which the 3-D volume is
generated and reconstructed. Fenster et al. [15] has classified three different methods
for the acquisition of 3-D US: mechanical, tracked freehand and 2-D arrays.
Mechanical movement of the transducer face comes in three variations: linear,
tilt and rotational motions. Linear assemblies acquire US images in parallel to each
other while maintaining the same elevational spacing between images. Transducers
acquiring images by tilt scanning often use a stepper motor to rotate the transducer
face about the motor axis, maintaining a constant angular spacing between images. As
such, the spacing between images increases with depth, thereby decreasing the quality
of the volume in these areas. Many commercial systems take this approach. The third
approach, generating a volume by rotational motion, is often seen in transrectal US
probes [81].
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Using 2-D transducer arrays is a more modern way of generating 3-D US volumes.
The arrays eliminate the need for any mechanical aide in acquiring a volume [95]. As
such, high resolution “4-D” US volume acquisition is being made possible, generating
3-D volumes at real-time speeds.
The final method of generating 3-D US volumes is through freehand scanning.
Freehand scanning involves converting a 2-D US probe into a 3-D one through the
use of tracking technology to maintain the position of the probe [18]. Freehand 3D US has the advantage of being able to capture arbitrary volumes, limited only
by the motion of the probe. Many different types of position sensors have can be
used including acoustic devices [38, 56], electromagnetic sensors [3, 72], and optical
sensors [78, 98]. When using these devices, it is important that a calibration routine
be employed so that the transformation between each US image and the tracking
sensor attached to the probe is known [47]. An additional method of freehand 3-D
US reconstruction is by tracking the speckle in each image [86, 92]. Speckle tracking
works on the principle that each 2-D US image contains 3-D information due to the
imperfect elevational focusing of the US beam as it is transmitted through tissue.
The following sub-sections will describe in further detail how these freehand tracking
methods work. Additionally, the combination of an attached sensor and speckle
tracking has been looked at as forms of sensor fusion.

Traditional Tracking
As previously mentioned, traditionally, freehand 3-D US is acquired through the
tracking of the probe by an external position sensing system, such as EM and optical tracking. Each sensor system has its own set of advantages and disadvantages.
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Looking first at optical tracking systems, one will find extremely accurate measurements, with accuracy of up to 0.1 mm in the Optotrak Certus R camera system from
a distance of 2.25 m. In addition to such accuracy, optical systems also offer the
ability to capture data at high frequency. One of the major downfalls in using an
optical system is that a line-of-sight is required between the camera and any dynamic
reference bodies (DRB)1 attached to the US probe. To be used in an image-guided
surgery procedure, the surgeon must be careful not to block the camera. One solution
to this problem is to use multiple cameras positioned at various points around the
operating room. However, this is a fairly expensive solution.
Another tracking system, EM tracking offers a significantly reduced accuracy. The
Ascension Flock of Birds R offers a static positional accuracy of up to 1.8 mm. Additionally, metallic objects in the magnetic field will cause significant distortion, thereby
decreasing the accuracy [58]. However, the latest technology aims to reduce the effects of metallic distortions through advancements in signal processing as claimed
by Ascension Technology with their latest medSafe system2 . The major advantage
of EM tracking over optical tracking is that it has no line-of-sight restrictions. The
accuracy of the system will be maintained as long as there is no metal within the
magnetic field generated by the EM transmitter to distort the measurements.
As seen by Figure 2.1, the freehand 3-D US system begins with knowing the
transformation between the US image and the attached sensor, P TU S , whether it be
an optical DRB or an EM sensor. A calibration method is needed to determine this
transfomation before any 3-D reconstructions can be done. Freehand 3-D US probe
calibration is a very active field of research. Two very nice overviews and comparisons
1

DRB refers to sensor consisting of a series of rigidly placed infrared LEDs which can be tracked
and positioned by the optical camera
2
Ascension Technology Corp., Burlington, VT, USA, www.ascension-tech.com
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Figure 2.1: A look at a freehand 3-D US acquisition system. A tracker measures the
transformations for the position of the US probe as well as a reference
volume. The transformation between the US image and the probe must
also be known.
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of many different techniques for this calibration were done by Mercier et al. [51] and
more recently Hsu et al. [33]. The term “calibration phantom” is taken to mean a
phantom that is used for the sole purpose of being imaged to calibrate the US probe.
One of the more common types of calibration phantoms is the cross-wire phantom.
In these types of phantom, a set of wires are placed in the phantom in such a way
that the calibration parameters can be determined based on the position of the US
plane intersection with the wires [50, 65]. The intersected wires appear as dots in the
US image can then be segmented and through the known geometry of the phantom,
the calibration parameters can be found. One such formulation of the position of the
wires is as a series of N or Z shaped fiducials [10, 60]. The mathematical formulation
for how the calibration using N-wire fiducials can be found in Appendix B.
In addition to a spatial calibration between the image and the sensor, a temporal
calibration must also be done [51]. This temporal calibration is important because
the tracking system and the ultrasound system may not be perfectly synchronized
as the rate at which they are being acquired may not be the same. Additionally,
as is the case with the ultrasound system, there may be a delay between the time
in which the image is acquired internally and the time in which it is output to the
user. This delay is caused by the internal processing of the raw ultrasound data so
that it is visually more understandable for the user. There may be a similar amount
of processing of the tracker measurements, for example, internal filtering to remove
noise. One technique of determining the temporal offset between US acquisition and
tracking is by keeping the probe steady on a surface and suddenly removing it in an
impulsive motion [50, 66]. Another technique involves moving the probe in a constant
sinusoidal motion side to side of up and down while imaging a single string [22, 83].
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Upon both spatially and temporally calibrating the tracking system to work with
the ultrasound system, freehand 3-D US scans may be done. It is often that case
that one of the tracking sensors are placed upon the volume of interest as a reference
frame. The tracker will thereby generate two sets of transforms, as seen in Figure 2.1,
those between the probe and the tracker, T TP , and those between the reference frame
and the tracker, T TRef . The overall transformation between the US image and the
reference volume is thus Ref TU S = T TRef

−1

×T TP ×P TU S . Upon knowing this trans-

formation between the US image and the physical volume, a full 3-D reconstruction
can be created. Some sort of interpolation scheme must be implemented to convert
the unstructured series of 2-D images into a structured 3-D volume. Many different
reconstruction algorithms have been developed for this purpose, with comprehensive
reviews having been done by both Rohling et al. [72] and Solberg et al. [77]. Rohling
et al. [72] developed a method based on radial basis functions. Gobbi et al. [23]
used a “splatting” method with alpha-blending to insert each image into the 3-D
volume in real-time as each image is acquired. Coupé et al. [13] explicitly used the
probe trajectory information to aid in their reconstruction. One interesting alternative to generating a 3-D volume is presented with the Stradx freehand US acquisition
system [66] in which 2-D reslices can be arbitrarily extracted without the need for
generating a volume.

Speckle Tracking
The elimination of the cumbersome external tracking systems is a desired result that
speckle tracking attempts to accomplish. Speckle itself is inherent in all US images
(Figure 2.2). It is caused by the the transmitted US wave being reflected by scattering
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Figure 2.2: An ultrasound image consisting purely of speckle.
targets that are smaller than the resolution of the system. Objects smaller than the
wavelength of the US pulse are not resolvable. The summation of the reflections of
all of these targets constructively and destructively interfere to produce speckle noise.
Speckle that is generated from the reflections of a large number of particles will exhibit
a Rayleigh distribution in the image intensities and is termed as Fully Developed
Speckle (FDS). This statistical distribution has been proven by Burkhardt [7].
The information necessary to estimate the position of each US image relative
to the previously acquired images lies within the speckle itself. In order to properly
estimate the 3-D position of each US frame in a volume, one must look at two separate
problems. First, the in-plane transformation parameters must be estimated. After
these parameters are estimated, the out-of-plane transformation parameters can then
be estimated.
To estimate the in-plane parameters of motion between US images, image registration techniques can be used. Tracking of speckle within the plane of the image for
the specific purpose of generating a 3-D volume has sparsely been seen in literature.
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However, speckle tracking for the purposes of extended field-of-view imaging [79, 92]
and flow estimation [5] are more common. Weng et al. [92] stitched multiple in-plane
US images automatically through block matching. The final transformation parameters are determined using an optimization procedure. Geimann [19] and Bohs [5]
both used their own “grid-slopes” interpolation method of estimating the sub-sample
translation parameters, again found using block matching method. Also, Treece et
al. [82] used in-plane speckle tracking for the purposes of estimating and correcting
for probe pressure artifacts.
Looking at in-plane motion of US images for the specific application of estimating
the 3-D position of each US image has been looked at by Prager et al. [67]. In this
work, a modified block matching method was used in which the size of each block was
the entire width of the image. Building on this work, Housden et al. [30] also used
a block matching scheme. The major difference in this work is in the interpolation
scheme used to determine the sub-pixel x and y translations of each block. To do this
sub-pixel estimation, they fit a Gaussian curve to the set of five correlation values
in the area of the maximum value. They compared their method to the grid-slopes
method of Geimann et al [19] and found that their method was better suited to
tracking speckle in the presence of elevational3 motion, as is the case with freehand
3-D US.
For the estimation of the out-of-plane transformation parameters between US images, the theory of speckle decorrelation is used. Chen et al. [9] was one of the first to
develop this theory. The speckle decorrelation theory takes advantage of the inherently 3-D nature of ultrasound images (Figure 1.1). Each element on the transducer
3

The elevational direction refers to the z direction as related to the US image. The x and y
directions are termed as the lateral and axial directions, respectively. Rotations around these three
axes are termed yaw, pitch, and roll rotations. See Figure 2.3.

CHAPTER 2. BACKGROUND

19

Figure 2.3: The directions of the US image as refered to in this thesis. The x, y and
z directions are termed as the lateral, axial and elevational directions,
respectively, while the rotations around these three axes are termed yaw,
pitch, and roll rotations.
face generates an ultrasound waveform focused at a specific distance away from the
transducer. Unfortunately, this focusing is imperfect, and as such, the reflected wave
contains information about a 3-D resolution cell in the area of the reflection. Thus,
as the US probe is moved in an elevational direction, speckle that is fully developed
(FDS) decorrelates at a rate that is related to the distance between frames. As such,
speckle decorrelation curves can then be created that relate correlation to distance
(Figure 2.4).
One of the first uses of speckle decorrelation for the estimation of inter-frame spacing was in a patent by Li [46]. In this patent, Li discusses reconstructing a full 3-D US
volume based on speckle correlation measurements. Each US image is divided into a
series of “sub-frames”. Sub-frames containing speckle are used to estimate the elevational distance between successive frames. Since the speckle decorrelates completely
within about 1-2 mm, the image acquisition frame-to-frame distance must not exceed
this value. Tuthill et al. [86] later used speckle decorrelation to accurately estimate
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Figure 2.4: Decorrelation curve relating the distance to the correlation coefficient
value.
the elevational scan distance between US images by estimating decorrelation curves
for different depths along an image. Hassenpflug et al. [26] showed the importance
of using fully developed speckle to estimate elevational distances. Any additional
correlation introduced, especially in real tissues, has a significant effect on the shape
of the decorrelation curve. To correct for the absence of FDS, Gee et al. [18] devised
a way of modifying the speckle decorrelation curves to more accurately estimate the
position for real tissues. To do this correction, the axial and lateral decorrelation
curves (similar to the elevational curve in Figure 2.4) for each image are used to modify the elevational decorrelation curve. Their assumption is that each of these three
curves are related, and the axial and lateral curves can be used as a correction to the
elevational curves due to real tissue.
Unfortunately, when looking at the overall accuracy of speckle tracking in a full
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freehand 3-D system, it has been shown to exhibit rather poor accuracy with a significant rotational and translational drift. Advanced methods proposed in the literature
have been shown to reduce these inaccuracies [31, 45, 70, 71]. Housden et al. [31]
developed a comprehensive 3-D speckle-tracked reconstruction algorithm in which
US inter-frame spacing, frame intersections, and non-monotonic elevational motion
of the US probe are taken into account. Laporte and Arbel [45] extended this work
by incorporating a probabilistic model for elevational motion. Multiple correlation
measurements are then placed into a Maximum Likelihood Estimation framework.
Rivaz et al. [71] attempted to characterize the speckle within the US images into
regions of FDS based on the statistics of the noise. The regions of detected FDS
can be irregularly spaced throughout each US image. Despite all of these methods,
drift errors associated with speckle tracking can never be completely eliminated, only
reduced. The amount of drift seen is on order of 1 mm of drift error for every 5 mm
of elevational distance moved.

Sensor Fusion
A recent area of research to improve on the accuracy of speckle tracking is the fusion
with a secondary tracking system. Krupa et al. [43] used a visual servoing approach to
robotically control an US probe incorporating information through speckle tracking
to stabilize the position. This approach does not exhibit drift since the goal of visual
servoing is not to generate a reconstruction, but to locate and stabilize on a position.
This work showcases the ability to use the local information provided by speckle
tracking to aid in probe navigation. Housden et al. [32] combined speckle-tracked
reconstructions first with a 6 degree-of-freedom (DOF) optical camera and then with a
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3 DOF rotation sensor. Their fusion method consisted of using a constrained non-rigid
registration framework to combine each of the individual transformation parameters
of the speckle-tracked volume with the corresponding sensor measurements. In later
work, Housden et al. [29] used the measurements from a rotation sensor as a form
of tilt-correction, adjusting the speckle correlation vs. distance curves based on the
amount of rotation between frames. In the case of using 6 DOF sensors, the drift
of the speckle-tracked reconstructions was eliminated. Overall, the accuracy of the
resulting reconstructions proved to be very good, with error values of below 1 mm.
The added information from the speckle tracking was able to reduce the jitter seen
in the sensor measurements, despite the overall accuracy of the fusion being largely
limited to that of the external tracker. No other groups have pursued research in this
area.

2.2

Medical Image Registration

Medical image registration is a very large field of research that has enjoyed a strong
focus of activity in recent years. It is common in a clinical setting to acquire multiple images for different purposes. These images can be from different modalities
(inter-modality) or the same modality (intra-modality). To bring these images into
alignment, or into a single coordinate system, image registration must be performed.
Upon registration, these images can be viewed in a complementary manner, providing
a much better picture than either can provide individually [49]. As previously mentioned, using US clinically is quite common because of its portability and because it
is radiation free. It is easily integrated into intraoperative procedures. Unfortunately,
as compared with other modalities, the image quality of US is very poor. It contains
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a lot of speckle noise, shadowing from air and bone, as well as various reflection artifacts [36]. These drawbacks make US a less desirable modality, and as such, it is
desirable to incorporate intraoperative US with another preoperative modality such
as CT or MRI.

2.2.1

US registration

The intra-modality registration of US is important, but at the same time, something
not as commonly seen in literature as compared to inter-modality registration. Much
of the focus on image registration is multi-modality, such that preoperative images
in one modality can be combined with intraoperative images of another. Even such,
the registration of US to US is useful for such applications as spatial compounding
(averaging subsequent images) and analysis of temporal effects, such as with the
cardiac cycle.
To improve the image quality of a 3-D US volume, Rohling et al. [73] did spatial
compounding by registering US volumes together. Their rigid registration used a
correlation of the gradient magnitude of the data sets, as well as a multi-resolution
approach to refine the 6-dimensional search space to find the best registration. Schers
et al. [74] registered US volumes by taking advantage of the bone-tissue interface that
is visible. They enhance this interface through the combined use of thresholding with
edge and smoothing filters. They maximized the normalized cross-correlation between
the images. Their success rate was shown to be approximately 65%.
The use of the Mutual Information (MI) similarity measure for the registration
of US volumes is also commonly seen. Meyer et al. [52] used MI to register two US
volumes of breast cancer patients. Optimization is done through the movement of
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different control points and recalculation of the MI. Zagrodsky et al. [97] did a very
straight forward registration of cardiac US volumes using MI after temporal filtering
of the US data to reduce speckle effects. Later, Shekhar and Zagrodsky [76] again used
MI for US registration. In this work, the US volumes were preprocessed with a median
filter, intensity quantization and trilinear partial volume distribution interpolation for
the purpose of smoothing landscape of the MI function. Additionally, they looked at
the registration using both rigid and affine transformations. Results demonstrated a
large capture range, with the affine transformation having a smaller range than the
rigid transformation. Wang and Shen [90] also showed a method for the calculation
of higher-order MI, such that more than two images can be registered together.
Looking at elastic or non-rigid registration of US volumes, Krücker et al. [41]
registered overlapping volumes iteratively using a block-matching routine. The registration of every individual block in one volume to the other volume was followed by a
global interpolation step of fitting thin-plate splines to the deformation field (the set
of translation vectors generated through block matching). The majority of their experiments used MI as the similarity measure. Xiao et al. [94] used a cross-correlation
based block-matching routine to non-rigidly register overlapping 3-D US volumes.
They used a Bayesian regularization term to constrain the block movements. The
resulting deformation field was then fit with a B-spline. Later, Foroughi et al. [17]
registered US volumes by looking at feature or attribute vectors. A vector was created for each voxel consisting of intensity, gradient magnitude and the Laplacian of
Gaussian value. The strongest attribute vectors were registered between volumes to
find corresponding voxels.
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Inter-modality image registration of US

More commonly seen in literature is the registration of US with another modality.
This alternative modality is often CT. In CT, the bone-tissue interfaces are very
strong, and as such, are able to be identified and sometimes used in the registration
process itself. There are many different methods for performing the US-to-CT registration. One way of dividing the different methods is to split them into feature-based
and intensity-based methods.

2.2.3

Feature-Based US Registration

When looking at feature-based registration techniques, it is common to have segmented bone surfaces from both the CT and US volumes used in an iterative closest
point (ICP) registration [4]. The biggest drawback with the feature-based methods
is the need to segment the bone surfaces in US. The amount of noise in US images as
well as the shadowing below surfaces makes automatic bone segmentation difficult.
Additionally, when using ICP, it is important to have an accurate initial alignment.
Carrat et al. [8] and Tonetti et al. [80] aligned intraoperative US images of the sacrum
with a preoperative CT model. Manual segmentation of US surface points were used
to align the US and CT images using a “surface-based registration algorithm”. With
regards to the spine, Herring et al. [27] used ICP to register surface points extracted
from the US and CT images. US surface points were extracted using a combination
of morphological operations, linear thresholding and ray-tracing. CT points were
found manually. Experimental results were done on an untracked US probe imaging
a plastic spine phantom placed in a water tank, and thus accuracy results were quantitative. Building off of this work, Muratore et al. [57] again registered US and CT
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images of the lumbar vertebrae using ICP however, CT surface points were extracted
this time using a modified Marching Cubes algorithm. In more recent work, Barratt
et al. [2] proposed using a point-based registration method between CT and US that
simultaneously determined the calibration parameters for the freehand 3D US system. Manual segmentation was used to define the surface points. Finally, Moghari et
al. [53] proposed an improved registration framework replacing the ICP registration
with an unscented Kalman filter based method. Again, results are reported based on
manually segmented US surface points. While feature-based registration of US and
CT images shows promise with acceptably low reported error values, it relies significantly on the accuracy of the segmentation of the surface points. In many cases, these
points are determined manually as surface point extraction in US images is difficult
to perform.

2.2.4

Intensity-Based US Registration

Among intensity-based registration methods for registering CT and US volumes containing bone structures, Winter et al. [93] proposed a surface-volume registration
framework between extracted bone-surface points from CT data and a US volume
that has bone surfaces enhanced via processing. Penney et al. [62] convert both the
CT and US volumes into probability images before calculating the similarity. This
probability represents the probability of a bone-tissue interface. Another approach
to the CT-US registration problem as done by Wein et al. [91] is to generate a simulated US volume from the CT volume, allowing for a more closely matched registration
problem. Density information in the CT allows for a simple approximation to acoustic
impedance to generate these simulated US images. Later, Shams et al. [75] extended
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this approach to include beam width effects and speckle noise. Several groups have
also been working on GPU implementations to improve the speed of the simulated
US from CT as used in the registration framework [44, 69]. Also inspired by the
simulated US approach, Gill et al. [21] recently proposed a method for registration
of a preoperative CT volume to a 3-D US volume for the specific application of the
lumbar spine. In this work, a groupwise approach is used in registering the L3 to L5
vertebrae allowing unconstrained free motion between them. A biomechanical model
was later introduced to restrain the motion of these vertebrae in a more realistic
constrained way. [20]

Chapter 3
Speckle tracking
3.1

Overview

Upon acquisition of two or more individual freehand 2-D US images, one can start
to generate a speckle-tracked 3-D US volume. As each new US image is acquired, its
placement in the volume can be determined relative to the previous frame, provided
the two images overlap and sufficient speckle correlation exists between the images.
Since no external tracking is used, the coordinate system of the overall volume can be
arbitrarily defined to be the origin of the first US image in the acquired sequence. The
process for finding the position of a single frame relative to a previous frame begins
with first determining areas of noise, bone and shadow to be excluded within each
image due to a lack of fully developed speckle in these areas. Next, the three in-plane
and three out-of-plane transformation parameters between the two frames must be
determined. These parameters, tx , ty , tz , θx , θy and θz , represent the three translations
and three rotations. Finally, the overall speckle-tracked 3-D US reconstruction is
updated based on the position of the current frame.
28
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An important thing to note is that radio frequency (RF) US data is acquired
instead of standard B-mode US data to maintain the accuracy of the speckle tracking
due to the significant improvement in axial resolution. This RF data is the data
directly received by the US probe without processing. Additionally, the use of RF
data allows it to be directly used for speckle tracking, as B-scan images have a logcompression applied, which would need to be undone [64]. B-mode data (brightnessmode; also known as B-scan) is what the user of the US system will look at after
post-processing has improved the image quality.

3.2

Exclusion of no-speckle areas

We have developed a method in which we automatically determine which areas in
each US image contain bone reflections and shadows. An important feature of our
speckle-tracking method is that each image is broken down to a grid of smaller image
patches. For our experiments, each acquired US frame is divided into an L × M grid
of patches (Figure 3.1a), where L and M were empirically chosen depending on the
size of the data acquired. It is very important that only blocks containing speckle
are used, so as to not degrade the speckle tracking accuracy by degrading speckle
correlation. Therefore, any patches containing either a strong bone reflection or the
underlying shadow below the bone must be discarded. Additionally, the first row and
the last two or three rows in each image are excluded due to the poor elevational
focusing and excessive noise exhibited in these areas. The number of excluded rows
again depends on the experiment.
Blocks containing bone or shadow can be determined automatically through analysis of each block’s histogram. First, the square root of each pixel in the RF US
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Figure 3.1: (a) For speckle tracking, each image must first be divided into a grid of
blocks. (b) In block matching, each block from one image is moved in
the neighborhood of the corresponding block in the next image for the
purpose of finding the peak correlation value. (c) The peak correlation
value and the surrounding values are interpolated by fitting a Gaussian
function. (d) Every block ends up with an associated translation vector.
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frame is taken to reduce the dynamic range of pixel values. Any mapping to reduce
the range of the intensities could be used but the square root was chosen arbitrarily
for simplicity. Next, to find areas of shadow, a threshold value for the shadow intensity is chosen along with a corresponding threshold for the percentage of shadow
pixels in the block. The percentage of total pixels with values below the given intensity threshold are then calculated. If this percentage is above the chosen percentage
threshold, then the block is determined to be a likely area of shadow. Based on empirical observation, values of 22 for the intensity threshold and 35% for the percentage
threshold were used for our images. The same thresholding technique can be used
to find bright bone surface reflection blocks. In this case, the percentage of total
pixels with values above the given intensity threshold are calculated and compared
to the chosen percentage threshold. Again, if the calculated percentage is above the
percentage threshold, then the block is said to be an area with strong reflections.
Values of 90 for the intensity threshold and 15% for the percentage threshold were
used in this case. All of the given values are entirely dependent on the gain levels of
the US system.

3.3

Estimation of in-plane parameters

The in-plane parameters, tx , ty and θz , are solved for as in an image registration
problem. A block matching method is employed as devised by Housden et al. [30]
with minor modification. For a given block in one image, the corresponding block
in a subsequent image is found. The corresponding block is padded with 7 pixels
on each side, since frame-to-frame translations are not expected to be large. The
normalized cross-correlation (NCC) value between the two blocks is found for every
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possible position of the first block within the second block (Figure 3.1b). The NCC
calculation between two image blocks, I1 and I2 , takes the form of:

ρ=

1 X (I1 (x, y) − I1 )(I2 (x, y) − I2 )
n − 1 x,y
σ1 σ2

(3.1)

where ρ is the NCC value commonly known as the correlation coefficient, I is the
average pixel intensity over the entire block, σ is the standard deviation of the pixel
intensities and n is the total number of pixels in each block. The location of the peak
NCC value is considered as the integer pixel translation between the blocks. The
resulting grid of NCC values is then used to determine the sub-pixel level shift between
the two blocks. In our work, the 3 × 5 neighborhood of NCC values surrounding the
peak value are used to interpolate the sub-pixel peak value by fitting a 2D Gaussian
with five parameters of the form:
2 +C(y−y

Ae−1/2(B(x−x0 )

2
0) )

+ D.

(3.2)

Here A is the scale, B and C are the variances of x and y, respectively; x0 and y0 are
the x and y offsets of the Gaussian, respectively; and D is the vertical peak offset.
The neighborhood size of 3 × 5 was used because of the larger pixel scaling in the
lateral direction in RF images. Figure 3.1c shows an example of this Gaussian surface
fitting. This peak-fitting is carried out using a Levenberg-Marquardt [55] optimization
routine (in the work of Housden et al. [30], only the lateral translations were fit to
this Gaussian curve, while the axial translations were fit via a triangular interpolation
scheme). The offsets of the resulting Gaussian fit, x0 and y0 are thus the sub-pixel
shift values added to the integer level shift found previously. After determining the x
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and y translations for each block (Figure 3.1d), the in-plane parameters between the
two images are then determined by a least-squares best fit of the translation vectors
using a 2-D version of the technique of Arun et al. [1].
Labeling the two point sets, {pi } and {p0i }, {pi } are the center points of each block,
and {p0i } are equal to {pi + ti }, where ti is the translation vector of the ith block.
The mean is then subtracted from these points, forming two new sets of points, qi
and qi0 . An estimate of the rotation matrix, R̂ between the point sets is found by
P
t
0t
singular value decomposition of the matrix H = N
i=1 qi qi , resulting in H = U ΛV ,
where R̂ = V U t if det(X) = +1. The estimate of the x and y translations is thus,
T̂ = p0 − R̂p, where p0 and p are the mean values of each point set.

3.4

Estimation of out-of-plane parameters

To determine the out-of-plane elevational translations in each block, we must take advantage of the 3-D nature of the ultrasound beam (Figure 1.1). Speckle decorrelation
curves of the type in Figure 2.4 must first be created so that the relationship between
the NCC value and the distance is known. The curves were determined by rigidly
mounting the US probe above a speckle phantom such that the probe was perpendicular to the phantom surface. A speckle phantom was placed on a linear stage with
micron accuracy (Velmex Inc., Bloomfield, NY, USA), which then moves in 0.02 mm
increments up to 2 mm. Speckle decorrelation curves were created for each block,
since the distance between them is known. Figure 3.2 shows the experimental setup
for acquiring the decorrelation curves.
Given that the correlation between each block in any subsequent image is known
from determining the in-plane parameters, the elevational distance between these
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Figure 3.2: A look at the stage setup used to accurately measure the distance between US frames so that the decorrelation curves could be created. The
US probe is rigidly mounted to a table while the stage moves the speckle
phantom below it. The probe is mounted such that the face is approximately perpendicular to the surface of the phantom.
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blocks can then be found by using the decorrelation curves as a look-up table. Provided the distance is known between all of the blocks on an image, a plane can be
fit using a least-squares method to solve the equation of a plane [42]. The general
equation of a plane in terms of the elevational position is:

z = w1 x + w2 y + w3 ,

(3.3)

z = Mw

(3.4)

or in matrix form:

where M is an n×3 matrix containing the axial and lateral position of all of the blocks
in the first two columns and a column of 1’s for the last column, z is an n×1 vector
of elevational block distances and w contains the three parameters for the plane, w1 ,
w2 and w3 . Solving for w in a linear least-squares sense, we obtain:
w = (MT M)−1 MT z

(3.5)

To find the corresponding elevational translation, and pitch and yaw rotations, we
must first construct a normal vector to the plane



w1 w2 1

n= 



(3.6)

w1 w2 1
and the three out-of-plane parameters between the frames become

tz = w3

(3.7)
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n3

(3.8)

ryaw = arcsin n2

(3.9)

rpitch = arctan

3.5
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Correction for real tissue

When real tissues are scanned with US, a minor adjustment in the speckle-tracking
algorithm must be made. In US images, real tissues will not always contain fully
developed speckle (FDS) because of the addition of ligaments, muscle and fat [26].
In our own experiments, we deal with both speckle phantoms and lamb spine tissue.
For the speckle-tracked US reconstructions of the lamb spine, this lack of FDS must
be corrected for. The method that we use to correct for a lack of FDS was developed
by Gee et al. [18]. The basic idea of this method is that the speckle decorrelation
curve (Figure 2.4) for each image block must be modified to account for the coherent
components of the speckle. An estimation of this coherency can be determined by
looking at the decorrelation curves in the axial and lateral directions. They estimated
that speckle decorrelates approximately four times faster in these two directions than
in the elevational direction, regardless of the tissue type. Therefore, the elevational
curve of a particular image can be modified based on the axial and lateral decorrelation
curves for each individual image.

3.6

Speckle-tracked reconstruction

The final speckle-tracked reconstruction is created by starting with the first frame
of the sequence. The next frame in the sequence is determined to be the frame
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Figure 3.3: (a) Considering a series of US images in a stack, the speckle-tracked
reconstruction chooses only the images that are closest to 0.3 mm apart in
the elevation direction. (b) The coordinate system of the speckle-tracked
volume is at the origin of the first frame. As such, the transformation
for each frame in the volume consists of the concatenation of all previous
transformations. (c) Converting the coordinate system of the speckletracked volume to a defined reference frame is often desirable.
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that is the optimal elevational distance from the first frame (Figure 3.3a). We used
a value of d = 0.3 mm as the optimal distance which gave the best results. This
value makes sense as it is close to the average mid-point of the speckle decorrelation
curves for each block, which has been shown to be the optimal distance for speckle
tracking accuracy [26]. Frames continue to be selected in this fashion throughout
the sequence. Provided no optimally spaced frame exists, the closest frame to the
optimal distance is chosen as the next frame. The scan direction is assumed to be
in one single monotonic direction and therefore non-monotonic motion does not need
to be accounted for. We make this assumption because our application as shown in
Chapter 5 consists of scanning the spine in only one elevational direction (the probe
will not be moved both forwards and backwards).
Once a frame is selected, the six transformation parameters can be combined
into a single transform between the selected frame and the previous frame using the
following equation:


cθy,i cθz,i sθx,i sθy,i cθz,i − cθx,i sθz,i cθx,i sθy,i cθz,i + sθx,i sθz,i tx,i 


cθy,i sθz,i sθx,i sθy,i sθz,i + cθx,i cθz,i cθx,i sθy,i sθz,i − sθx,i cθz,i ty,i 


i−1
Ti = 
 (3.10)
 −sθ

sθ
cθ
cθ
cθ
t

y,i
x,i y,i
x,i y,i
z,i 


0
0
0
1
where i is the index of the selected frame and sθ and cθ represent the sine and cosine
of the respective angles.
Additionally, an origin for the coordinate system of the speckle-tracked volume
must be defined. It is logical to select the origin of the first image in the scan
sequence as the origin for the speckle-tracked volume, with the image origin being
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the top left corner of the image. As such, the transformation taking image i into the
speckle tracking coordinate system (represented by S) can be determined through the
concatenation of the appropriate transformations as:

S

Ti = 1 T2 2 T3 · · · i−1 Ti

(3.11)

where S Ti is equivalent to 1 Ti since the origin is defined by the first image. For
some applications, it is necessary to transform the volume to a reference coordinate
system (represented by R). For validation of the methods described in Chapters 4
and 5, optical tracking is used to determine the ground truth US reconstruction. As
such, the coordinate system of the speckle tracking must be placed into alignment
with this reference coordinate system. Figure 3.3c shows this simple transformation.
Equation (3.11) simply needs to be modified by multiplying each transformation by
this reference transformation:

R

Ti = R TS S Ti = R TS 1 T2 2 T3 · · · i−1 Ti

(3.12)

In order to visually reconstruct the US volume, the RF data must be converted
into B-scan data via log compression and scan-conversion to improve the visual quality
of the US images for the registration procedure. First, the RF US data is compressed
using a compression table created using the equation

c=

eα log x
eα log 214 /255.0

(3.13)

where c is the compression value for a given RF US value, x, where x is a 14-bit
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unsigned integer in our case. The value of α is set to 0.14. The post-compression
image is then resized to a more reasonable size, converting the x and y pixel scale to
0.13 mm/pixel using bicubic interpolation. This value is the default scale used by
our ultrasound machine for B-scan images. Next, contrast adjustment is performed
to enhance the contrast between bone shadows and the surrounding tissue. Here, the
intensity values in the range between 110 and 255 are remapped to the range between
0 and 255. Finally, a gamma correction is applied to adjust the brightness of the final
image, using the equation
B = Cγ

(3.14)

where B is the output B-scan image, C is the post-contrast-enhanced image, and γ
is chosen to be 1/0.6.

3.7

Summary

Three-dimensional US volumes can be generated from a stack of freehand-acquired
2-D US images through speckle tracking. No external tracking is required for this
reconstruction. The speckle tracking proceeds in two major steps; estimating the
in-plane parameters followed by estimating the out-of-plane parameters. The final
reconstruction is determined based on careful frame selection. Unfortunately, the
accuracy of this reconstruction has considerable error. The results of speckle tracking
will be given in the following two chapters, Ch. 4 and Ch. 5, where the accuracy of
speckle-tracked US volumes are jointly examined with the experimental methods on
improving the speckle tracking accuracy using sensor fusion.

Chapter 4
EM Sensor Fusion Methodology
4.1

Overview

Our aim here is to combine the measurements from speckle tracking of a freehand
US volume with the measurements from an EM tracker. The goal is to combine
the strengths of each tracking method, resulting in a US reconstruction that is more
accurate than either tracking system alone. After the tracking measurements are
acquired, they are combined using a UKF fusion method. A bias term is used to
compensate for the drift of the speckle tracking measurements. Both optical tracking
and EM tracking are used to track the US probe. The optical tracking’s considerably
higher accuracy allows it to be used for ground truth measurements. Therefore,
calibration of the US probe to both tracking systems must be considered. We perform
this calibration using a hand-eye calibration method. We additionally study the
effect of metallic distortions on the accuracy of 3-D volume reconstruction using our
proposed methodology.
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Sensor fusion of EM and speckle tracking

The fusion framework employed to combine the EM tracking with speckle tracking
takes a very similar form to the fusion of GPS and inertial navigation systems (INS).
EM tracking can be compared to the GPS unit in a car which enables the driver to
know their exact location on a virtual roadmap. For the the case of EM tracking,
the US volume is analogous to the roadmap. Large scale inaccuracies in GPS and
EM tracking make help from other tracking methods desirable. INS devices are
used to complement GPS measurements by providing rotational and acceleration
measurements. Unfortunately, INS units suffer from drift in their measurements,
similar to the way that speckle tracking exhibits drift. For the proposed fusion method
for EM and speckle tracking, an unscented Kalman filter [34] is used in a manner very
similar to techniques used by van der Merwe and Wan [87]. Also, considerations for
using a UKF with quaternion orientations were taken as done by Kraft [40]. Details
of our process and measurement model follow. Further details on implementation of
the UKF can be found in Appendix A.

Process model
For our process model, a first order constant velocity model is used. The process
state vector is
T


x=
T


where p =

p v q ω bp bq
T



are the position and velocity

T
vectors for the lateral, axial and elevational translations, q = q0 q1 q2 q3
px py pz

and v =

(4.1)

vx vy vz
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are the quaternion orientation and rotational velocity for

T
the roll, pitch and yaw rotations, and bp = bvz and bq = bωy bωz
are the bias
ωx ωy ωz

terms for the out-of-plane transformation parameters. Note that the bias terms are
not incorporated into the state model for the in-plane parameters as the speckletracking does not exhibit drift in those parameters. Additionally, since a first order
velocity model is used, any acceleration is considered as noise. Thus, we have as our
process noise vector
T


n=

ap aq nbp nbq .

(4.2)

Looking at the discrete-time update models for each variable in our state vector we
have
pk+1 = pk + T vk +

T2
ap
2

(4.3)

vk+1 = vk + T ap

(4.4)

qk+1 = qk ⊗ q∆

(4.5)

ω k+1 = ω k + T aq

(4.6)

bp k+1 = bp k + nbp

(4.7)

bq k+1 = bq k + nbq

(4.8)

where T represents the time between samples and ⊗ represents a quaternion multiplication. The delta quaternion, q∆ , is a quaternion representing the differential
rotation using the rotational velocity and acceleration noise [40]. The quaternion can
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be created by first determining the axis-angle representation of the rotation

α∆ = ω k +

e∆ =

ωk +
ωk +

T2
aq
2

(4.9)

T2
a
2 q
2
T
a
2 q

(4.10)

where (4.9) is the angle and (4.10) is the axis, from which we can create the quaternion
T


q∆ =

cos

α∆
,
2

e∆ sin

α∆
2

(4.11)

The bias terms are represented as a random-walk process affected by zero-mean Gaussian noise.

Measurement model
The measurement vector of our system consists of measurements made by the EM
tracker and the speckle tracking:
T


yk =

pEM qEM vs ω s

(4.12)

where pEM and qEM are the position of the US frame made by the EM tracker and vs
and ω s are the difference in position and rotation between the current frame and the
previous frame as measured by the speckle tracking. The bias term in the state vector
is subtracted from the speckle tracking measurements for the measurement update.
Each of the different measurements also has an associated measurement noise that is
chosen empirically based on the accuracy of their reconstructions.
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Experimental Setup

A Sonix RP research ultrasound machine (Ultrasonix Medical Corp., Richmond,
Canada) was used to collect RF ultrasound frames. An RF frame contained 256
lines with 2064 samples each, which were subsequently passed through an envelope
detector. US frames were captured at a depth of 4 cm with a probe frequency of
10 MHz using a single focal point at 2 cm. Tracking was done using an EM tracker
(pciBird, Ascension Technology Corp., Burlington, VT, USA) and an optical tracker
(Optotrak Certus, Northern Digital Inc., Waterloo, Canada). EM sensor measurements were filtered using the pciBird’s internal AC notch and DC filters to reduce
the amount of noise in the measurements. Additionally, a DRB (Traxtal Technologies
Inc., Toronto, Canada) was rigidly mounted to the probe in addition to the EM sensor.
Calibration of the optical tracker and EM tracker is described below in Section 4.3.1.
In total, 26 different scans of a speckle phantom were done. The first 10 scans
were performed using a linear stage with micron precision. The phantom was placed
on top of the stage, with the US probe placed rigidly above the phantom. A layer
of water covered the phantom to prevent any contact between the US probe and the
phantom during scanning. The last 16 scans were done as completely freehand scans,
where the US probe was slowly moved across the phantom by hand.
Speckle-tracked reconstructions of each scan was performed following the methods
outlined in Chapter 3. Each US RF image was divided into an 11 × 7 grid of patches.
In these experiments, the first and last two rows were excluded from the estimation
of the six transformation parameters between frames.
For each set scans, the first half were in a distortion-free environment and the
second half were taken with the electromagnetic field undergoing a distortion. The
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distortion was caused by placing the phantom and the EM transmitter on a table
largely made up of metal. The transmitter was approximately 2 cm from the table
while the EM sensor attached to the probe was approximately 15 cm from the table
above the phantom.

4.3.1

Tracker Calibration

The calibration of the optical tracker coordinate system to the US probe coordinate
system was performed using an N-wire phantom in a water bath [10]. Further details
of this calibration are found in Appendix B.
The EM tracker was calibrated using a different method. Instead of calibrating
the EM tracker directly using the N-wire phantom, we chose to take advantage of the
fixed transformation between the optical DRB and EM sensor that are both rigidly
mounted on the US probe (Figure 4.1). The transformation between the DRB and
the EM sensor,

EM

TD , can be solved for, using techniques commonly applied in

robotics, namely a hand-eye calibration method proposed by Tsai and Lenz [84, 85].
Unfortunately, this method has been shown to not be so effective for measurements
susceptible to error (namely in the EM tracker transformations) [28]. As such, the
resulting transformation output by this method is used as an initial guess for a leastsquares optimization routine. Following Tsai and Lenz’s method, we use the constant
relation between tracker positions:

EM2

where

EM2

TEM1 EM TD = EM TD D2 TD1

(4.13)

TEM1 represents the transform between two EM sensor positions,

represents the transform between two DRB positions and

EM

D2

TD1

TD represents the rigid
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Figure 4.1: The relation EM2 TEM1 EM TD = EM TD D2 TD1 holds between any two
probe locations in space. T represents the EM transmitter, EM represents the EM sensor, D represents the optical DRB and C represents the
optical tracker.
transform between the DRB and the EM sensor which can be solved for with enough
measurements. Note that EM TD is equivalent to EM1 TD1 or EM2 TD2 as this relation is
constant between measurements. Equation (4.13) takes the same form as the equation
AX = XB commonly seen in the hand-eye calibration literature. Tsai and Lenz [85]
method depends on breaking down the AX = XB equation into the following two
equations:
RA RX = RX RB

(4.14)

(RA − I)tX = RX tB − tA

(4.15)

and

where R and t signify the respective rotation matrices and translation vectors. The
matrix RX is solved for using Equation (4.14). Upon finding this matrix, tX in the
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second equation is easily solved for using linear least squares. Note that solving either
equation requires at three measurements from each device to uniquely solve for X.
As previously stated, Tsai and Lenz’s method is used to provide an accurate initial
guess for

EM

TD . A non-linear least-squares optimization routine using CMA-ES [25]

was then used to minimize the error between the two sides of Equation (4.13) after
applying the transformation
N
X

EM

TD of the current optimizer iteration:

(tli − tri )T (tli − tri ) + K(rli − rri )T (rli − rri )

(4.16)

i=1

where tli and tri represent the three translational parameters from the translational
part of the matrices formed by the left and right hand side of Equation (4.13), rli and rri
represent the vector of the three Rodrigues parameters [35] formed from the rotational
part of the matrices formed by the left and right hand side of Equation (4.13), and
K represents a scaling parameter that weights the error of the translational and
rotational components together. A value of K = 10 was used since the EM tracker
was found to have a static rotational measurement accuracy (in degrees) that was
about 10 times lower than that of the translational measurements (in mm).

4.4

Results

For evaluating the accuracy of the linear stage driven scans, the speckle-tracked, EM
tracked and fused reconstruction transformations are compared to known stage positions. For freehand scans, the reconstructions are compared to the optical tracking
transformations. For all cases, the inter-frame RMS error was used to define the error
of the individual reconstructions. The orientation error is taken as the error in the
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roll, pitch and yaw angles.
Table 4.1 demonstrates the errors for the scans using the stage with and without
distortion. As seen from the error values for the undistorted case, it is clear that that
sensor fusion has improved upon the EM tracking in both the translational and rotational components of the reconstruction. In order to determine whether or not the
improvement of the fusion is significant, we ran a t-test to compare the EM tracking errors against the Fusion tracking errors. For the translational components, p-values of
0.0052 and 0.0096 were reported for the undistorted and distorted cases, respectively,
making the difference significant. However, for the rotational components, p-values
of 0.19 and 0.01 for the undistorted and distortion cases were calculated, meaning
that under no distortion, the difference fails to show significance. Figures 4.2 and
4.3 show example plots of each of the six different transformation parameters from
one data set in the non-distortion and distortion cases. Some of the EM plots here
look especially noisy as a result of the low accuracy of the tracking as well as the
small scale of the plots. The fusion results can be seen to have improved the in-plane
translations significantly in both cases over the EM measurements by following the
speckle tracking closely. The rotational component improvements can also be seen as
a result of the smoothing of the EM measurements by the UKF.
The errors of freehand scans that use an optical tracker as the ground truth measurement are given in Table 4.2. Similar results to the stage tracked errors are observed. Sensor fusion again results in significant improvements over the EM tracking
for the translational components with p-values of 0.03 and 0.0006 for the no distortion
and distortion cases, respectively. The small difference between the EM tracking and
fusion tracking translational error under no distortion came out as significant due to
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Table 4.1: RMS error of the speckle tracking, EM tracking and fusion tracking using
a stage for translations.

Speckle Tracking
EM Tracking
UKF Fusion Tracking

No distortion
Translational Error (mm)
0.50 ± 0.17
0.45 ± 0.17
0.23 ± 0.14

Rotational Error (degrees)
0.64 ± 0.17
0.069 ± 0.028
0.061 ± 0.022

Speckle Tracking
EM Tracking
UKF Fusion Tracking

Distortion
Translational Error (mm)
0.22 ± 0.11
0.77 ± 0.14
0.49 ± 0.15

Rotational Error (degrees)
0.92 ± 0.10
0.17 ± 0.054
0.15 ± 0.047

the fact that the fusion consistently had a smaller error value as compared to the EM
tracking, however small that difference was. Looking at the rotational components,
we see that the EM tracking was better than the sensor fusion under no distortion
and the fusion was better under distortion with p-values of 0.0001 and 0.025, respectively. One possibility that the EM tracking had better accuracy in rotations for the
freehand non-distorted case is that the speckle tracking did not follow the curves of
the optical tracking very well on a small scale, thus pulling the fusion away from the
actual values. Figure 6 shows the plots for the out-of-plane parameters of the reconstructions for a single scan with and without distortion. Again, we see the fusion
parameters following the EM parameters closely due to the bias model used.
From Figures 4.3 and 4.4, it is important to note that the distortion does not
increase the amount of noise present in the EM tracking by much; rather it causes a
minor drift in the reconstructions. This minor drift results in the superior performance
of sensor fusion compared to the EM tracking alone, especially for the translational
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Table 4.2: RMS error of the speckle tracking, EM tracking and fusion tracking using
a freehand scans.

Speckle Tracking
EM Tracking
UKF Fusion Tracking

No distortion
Translational Error (mm)
1.49 ± 0.71
0.31 ± 0.11
0.30 ± 0.11

Rotational Error (degrees)
1.12 ± 0.49
0.057 ± 0.016
0.063 ± 0.016

Speckle Tracking
EM Tracking
UKF Fusion Tracking

Distortion
Translational Error (mm)
1.10 ± 0.82
1.90 ± 0.43
1.53 ± 0.31

Rotational Error (degrees)
1.09 ± 1.19
0.32 ± 0.08
0.30 ± 0.089
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Figure 4.2: Plots of the six transformation parameters from one scan using the linearstage under no distortion for the stage tracking (blue line), EM tracking
(red line), speckle tracking (green line) and fusion (cyan line).
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Figure 4.3: Plots of the six transformation parameters from one scan using the linearstage under distortion for the stage tracking (blue line), EM tracking (red
line), speckle tracking (green line) and fusion (cyan line).
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Figure 4.4: Plots of the three out-of-plane transformation parameters for one freehand scan data without (a) and with (b) added distortion for the optical
tracking (blue line), EM tracking (red line), speckle tracking (green line)
and fusion (cyan line).
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(b)

(d)

Figure 4.5: Views of 3-D reconstructions from one freehand scan data under distortion for (a) speckle tracking, (b) EM tracking, (c) sensor fusion and (d)
optical tracking.
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components. Since in our Kalman filter, the in-plane translations are weighted more
towards the speckle tracking translations, the fusion involving these parameters will be
significantly improved over the EM tracking as long as the speckle tracking accuracy
is better than the EM tracking.
We also see in Tables 4.1 and 4.2 that, in the distortion case, the translational
error of the sensor fusion is higher than that of the speckle tracking. The reason for
this difference is that it is assumed by the sensor fusion that there is no drift in the
EM tracking translational values. Hence, the fused translations will be very close
to the EM values, with only small differences due to the added speckle information.
Since, under distortion the EM tracker translations exhibit a drift, the resulting fused
translations will exhibit a drift as well. If the drift of the EM tracking is more than
that of the speckle tracking, then the fused results will be worse that the speckle
tracking. For the rotational case, the distortion caused only a minor amount of drift,
allowing the fusion to maintain its accuracy. Much of the improvement in accuracy in
the rotational parameters through fusion can be attributed to the low-pass filtering
effect of the EM tracker generating a smoother curve, as well as the addition of the
speckle tracking information, which often exhibits peaks and valleys in the plots that
line up with the optical tracker reconstruction, only with a significant drift error.
The volumetric reconstructions of a single ultrasound scan is plotted in Figure 4.5.
A close inspection of these figures reveals that the fusion reconstruction is much
smoother than the EM tracker reconstruction, and very closely resembles that of the
optical tracking with the only exception of the drift in the elevational error caused
by the combined drift of the EM tracker and the speckle tracking. This elevational
error leads us to perhaps the largest downfall of this fusion technique, in that given
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a drift in both the speckle tracking and the EM tracking, the fused result will often
exhibit a drift that is close to that of the EM tracking.

4.4.1

Discussion

It is clear that using speckle tracking in and of itself is not accurate enough for 3-D
ultrasound reconstructions. It exhibits far too much drift, especially when longer
scans are required. However, it does provide good small scale accuracy with little
jitter. By combining the speckle tracking with electromagnetic tracking, we are able
to use the strengths of each to improve the reconstruction accuracy by combining
them in a sensor fusion framework.
The results presented here offer insight to an optimal way of fusing EM and
speckle-tracked position information. In evaluating the results of the fusion, it is
better to study the translational and rotational components of the reconstruction
separately. Looking simply at the translational component of the reconstructions,
we see the fusion exhibit improvements over the EM tracking under both the nondistortion and distortion cases. The accuracy of the axial and lateral translations
of the speckle tracking account for much of this improvement, as the elevational
translations sometimes have a drift that cannot be corrected for if both the speckle
tracking and EM tracking show drift. If there is no drift in the EM tracking elevational
positions, a much more significant improvement over both the speckle tracking and
the EM tracking is seen through the fusion, as shown by the stage-tracked results.
Also, studying the rotational components of the fusion, we observe results that are
very similar to that of the EM tracking alone. The fusion shows small improvements,
especially when distortion is added, partially due to the filtering effect of the UKF
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and partially due to the addition of the speckle tracking information.
One of side effect of the sensor fusion technique presented here is that much of the
jitter exhibited in the EM tracker reconstruction is removed due to the filtering. Also,
since the rotational components of the EM tracking are not as affected by distortion,
we will see at a minimum an improvement in five of the six transformation parameters,
with improvement in the elevational parameter dependant on the amount of drift in
the EM tracker. It is also possible that we can further improve the fusion accuracy, by
improving on the speckle tracking accuracy. A very simple real-time speckle tracking
algorithm was used for this work; however, more advanced speckle tracking algorithms
could be used to improve upon the accuracy, such as that of Housden et al. [31]
and Laporte and Arbel [45], previously discussed in Chapter 2.1.1. Further, using a
rotational decorrelation model in addition to the elevational decorrelation model could
improve the speckle tracking accuracy, as Housden et al. have done [29]. Another
source of inaccuracy, especially in the freehand scans, is the calibration error of the
transformation between the US image and the optical tracker. Calibration is not
perfect, and thus small errors in calibration will lead to small errors in the differences
between the speckle tracking and optical tracking. This becomes more apparent with
a speed of sound mismatch between the calibration in water and that of the phantom.
Care must be taken to minimize this source of error; however, small differences will
always exist because of the imperfect focusing of the US beam.

Chapter 5
CT-US Registration Methodology
5.1

Overview

Our aim here is to register a speckle-tracked freehand 3-D US volume to a preoperative CT volume. Due to the low accuracy of the speckle-tracked volume, we cannot
register the entire speckle-tracked US volume directly to the CT volume. Instead, the
proposed registration works on “sub-volumes” of the entire US volume. A sub-volume
is not a 3-D reconstruction, but instead a series of n 2-D US slices, each with a given
3-D position in space. The overview of our registration framework is presented in
Figure 5.1. During registration, the entire CT volume is considered as the “fixed
image” while the sub-volume is considered as a “moving image” and thus is transformed into the coordinate system of the CT volume. In this multi-slice-to-volume
framework, an optimization is carried out to determine the best transformation between the US sub-volume and the CT volume. Once the two volumes overlap, the
position of the n transformed US sub-volume slices is used to extract a stack of n
2-D slices in the CT volume. All of these CT slices are converted into simulated US
58

CHAPTER 5. CT-US REGISTRATION METHODOLOGY

CT Volume

Image
Transforms
i:i + n

59

Speckle
Tracked US
Volume

Extract
Slices

Simulated
US
Update
Transform
Similarity
Measure

No

Converges?

Sub-Volume
US Images
i:i + n

Optimizer

Yes
i=i+k

Figure 5.1: Overview of the registration framework where i is the starting frame of
the current sub-volume, n is the number of frames in each sub-volume,
and k is the number of frames to skip after each sub-volume registration.

slices to enhance the similarity between the two modalities. Upon completion of one
individual sub-volume registration, a new sub-volume is chosen and registered to the
CT volume. The starting frame for this sub-volume, i, is incremented by a value
of k so that frames i + k to i + k + n are now used. The value of k is less than
that of n and thus successive sub-volumes overlap. The overall registration process
proceeds until the last sub-volume of the full US volume is registered. As such, a
total of f loor((N − n)/k) + 1 total sub-volume registrations will be carried out for
the complete speckle-tracked US-to-CT registration, where N is the number of US
images in the full speckle-tracked volume.
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Ultrasound simulation

As outlined in Figure 5.1, at each iteration of the registration framework, the US
sub-volume is first transformed to a new position, with the purpose of finding the
transformation leading to maximum similarity between the CT and US volumes.
This transformation takes place before the similarity measure is calculated. Since
a multi-slice-to-volume technique is being employed, multiple 2-D slices must first
be extracted from the CT volume, each one corresponding to the position of a 2-D
freehand US slice. Since different modalities are being used, before calculating the
similarity measure, the CT slices are processed to increase similarity to the US images.
Upon extracting the appropriate CT images from the CT volume, a simulated US
image is created for each one. Following the method of Wein et al. [91], the ultrasound
simulation takes three steps: (1) the simulation of the US reflection from CT, (2)
mapping the CT values to those found in US, and (3) calculating the weights to
combine these two images with a bias correction term. Additionally, bony structures
in the image must be masked out according to Gill et al. [21]. Figure 5.2 shows the
result of the first and third step in addition to the masked out area under the bone
surface.
The first step in simulating an ultrasound image from a CT image is to create a
reflection map that represents the reflection of an ultrasound wave as it propagates
through the tissue. The reflection of ultrasound is directly related to the acoustic
impedance of the material it passes through. The assumption is made here that the
acoustic impedance can be related to the intensity of the CT image (in Hounsfield
units), or more specifically the gradient of these intensities. Beginning at the top of
each image, we propagate an ultrasound wave down each scan line, calculating the
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Figure 5.2: An look at the simulated ultrasound method where the left image is the
CT image, the center image is the reflection image and the right image
is the final simulated US image with the bone-tissue interface mapped to
the highest US value. Values below this interface are masked out.

reflection and transmission at each pixel based on the following equations [91]:

∆r(x, y, d) = (dT ∇µ(x, y))


∆t(x, y) = 1 −

|µ(x, y)|
,
(2µ(x, y))2

|µ(x, y)|
2µ(x, y)

(5.1)

2
,

(5.2)

r(x, y) = I(x, y − 1)∆r(x, y, d),

I(x, y) =




I(x, y − 1)∆t(x, y) if

|r(x, y)| < τ



0

|r(x, y)| ≥ τ

if

(5.3)

,

(5.4)
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where d is the direction of the ultrasound wave, µ is the intensity of the CT image, ∆r is the reflection coefficient, r is the simulated reflection intensity, ∆t is the
transmission coefficient, τ is the full reflection threshold, and I is the intensity of
the simulated ultrasound beam as it propagates down each scan line beginning at
I(x, 0) = 1. The value of τ is used as a threshold for full reflection based on the
gradient value, whereby any time we find a value greater than τ all subsequent values
of the simulated reflection image in the scan line are set to zero. We used a value
of τ = 150. Next, a log compression is applied to the simulated reflection image to
amplify small reflections and compute the final reflection image:

r(x, y) =

log(1 + ar(x, y))
log(1 + a)

(5.5)

A value of a = 15 was used here.
The CT values are then mapped to a corresponding US value based on the value
of the Hounsfield unit using a linear approximation to the curve presented in [91],

p(x, y) = 1.36µ(x, y) − 1429 .

(5.6)

The final step in creating a simulated ultrasound image is to weight the reflection
image, r(x, y), and the mapped image, p(x, y), together along with a bias term, γ, in
the following way:

f (x, y) =




αp(x, y) + βr(x, y) + γ

if I(x, y) > 0



0

if I(x, y) < 0

,

(5.7)
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where f (x, y) is the final simulated ultrasound image and α and β are the weights for
their respective images. The two weighting terms and the bias term are determined
through a closed-form least squares solution performed to match the simulated ultrasound to the real ultrasound images in an optimal way. Any pixel in the simulated
image that has a value of zero is treated as its own region, and as such, has its own
weights calculated. The reason for treating the shadow this way is to account for the
US pixels that never have a zero value, instead often having a value closer to 10 in
our images.
Finally, a contribution of our work to modify the simulated US method of Wein
et al. [91] and Gill et al. [21] is that any time the τ threshold from Equation (5.4) is
met in the reflection image, a value equal to the maximum intensity in the US image
is given to the final simulated US image. As bone produces a very strong reflection
at bone-tissue interfaces, this mapping helps to identify bone surfaces.

5.3

CT to speckle-tracked US registration

As previously mentioned, speckle tracking suffers from a significant amount of drift.
Drift causes the reconstructed US volume to be substantially misaligned from the
CT data. This misalignment cannot be completely corrected for by a rigid registration between the two volumes. Therefore, a straightforward multi-slice to volume
framework such as the one used by Wein et al. [91] and Gill et al. [21] is not sufficient.
In our registration algorithm, as shown in Figure 5.1, we divide the registration
problem into a series of smaller rigid registrations. It has been shown that over a short
scan distance, speckle-tracked 3-D US yields a reasonably accurate US volume [32].
Therefore, it would be logical to use series of sub-volumes of speckle-tracked US in

CHAPTER 5. CT-US REGISTRATION METHODOLOGY

64

our registration. The first sub-volume is taken from the first n US frames. This
sub-volume is subsequently rigidly registered to the entire CT volume following the
work of Gill et al. [21]. A standard image registration framework is used to find the
best transformation, T 0 , that maps the CT volume position to that of US volume in
which the optimization routine is used:

T 0 = arg max(S(U S(x), CT (T (x))) − αR(T ))
T

(5.8)

where U S(x) is the US sub-volume, CT (x) is the CT volume, T (x) are the transformed CT voxel positions, S(I1 , I2 ) is the similarity measure between two images
and R(T ) is a regularization term scaled by α used to limit the movement of each
sub-volume. The similarity measure is defined by the Linear Correlation of Linear
Combination (LC2 ) metric as used by Wein et al. [91]:
P
2

LC =

(U (x, y) − f (x, y))2
P × V ar(U (x, y))

x,y

(5.9)

where P is the number of pixels that overlap between the CT and US images and
f (x, y) is the simulated US image created from the CT volume after slice extraction
based on the position of each US frame. Additionally, occluded voxels are included
for the calculation of the metric. Finally, since we are using a multi-slice-to-volume
framework, the LC2 measure must be averaged over all slices in the US sub-volume.
The Covariance Matrix Adaptation Evolution Strategy [25] is used to optimize the
transformation, T , that transforms the US coordinate system to the CT coordinate
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system. Upon completing this initial sub-volume registration, the final transforma0
tion, T1:1+n
, is applied to the entire volume, or frames 1 to N , where N is the num-

ber of frames per US volume. The next sub-volume is chosen such that it overlaps
the previous sub-volume, only offset by k number of frames. Therefore, US frames
1 + k : 1 + k + n are chosen to create the next US sub-volume to be registered to
0
the CT volume. The resulting transformation, T1+k:1+k+n
, will then be applied to all

subsequent frames beginning with first frame of the sub-volume, or frames 1 + k to N .
As such, the full registration process proceeds in a “sliding window” type of fashion,
which assures smoothness in the final US registration volume after all sub-volumes
are registered.
One must be careful in selecting k. If k is too small as compared to n, the error
in registration may potentially increase due to a bias towards the beginning of each
sub-volume registration as the leading frames leave the sliding window. Also, if k is
too large as compared to n, it may result in an exceedingly “disjoint” registration,
where each sub-volume will be more independent of other sub-volumes. A value of
k balanced between 1 and n should produce the most accurate registration. Unfortunately, the resulting registration can still be rather jagged due to each sub-volume
not completely overlapping the previous sub-volume. Figure 5.3 shows the result of a
simple example of registering two different lines together using this method. Registration results are shown for different values of k. A small value of k very clearly shows
a larger amount of error, while values of k = 16 and k = 40 result in very similar
error values. Despite lower error values, these two experiments showed results that
were not as smooth as compared to a value of k = 1. For our work on the spine, we
chose values of n = 80 and k = 30, experimentally determined as explained further
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in Section 5.5.3.
Additionally, the regularization term, R(T ), in Equation (5.8) is utilized to prevent
each individual sub-volume from registering too far from the previous sub-volume,
thus preventing outliers in the registration and also ensuring additional smoothness
in the resulting volume. The equation for this term is
4

R(T ) =

1X 0
p − pi,1 (T ) ,
4 i=1 i,1

(5.10)

where pi,1 (T ) are each of the four corner points from the first frame in the current US
sub-volume transformed by the current optimizer transformation, T , and p0i,1 are each
of the four corner points of the first frame as transformed by the previous sub-volume
registration. The average Euclidean distance between these two sets of points is used
as our regularization term. Therefore, we penalize any movement of the sub-volume
during registration. A value of α = 0.01 was used in our registrations.

5.4
5.4.1

Experimental Setup
Data acquisition

A Sonix RP ultrasound machine (Ultrasonix Medical Corp., Richmond, Canada) was
used to collect RF ultrasound frames using an L14-5/38 linear array transducer. An
RF frame contained 128 lines with 2064 samples each, with each line subsequently
passed through a Hilbert transformation envelope detector. US frames were captured
at a depth of 5.5 cm with a probe frequency of 6.6 MHz using a single focal point at
2 cm. Freehand tracking was performed using an optical tracker (Optotrak Certus,
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(b)

(d)

Figure 5.3: Here we look at a simple example of the registration of two different
lines, as shown by (a). For this example, n = 40 for each registration and
in (b) k = 1, (c) k = 40, and (d) k = 16. The RMS error for each case is
(b) 0.1323 mm, (c) 0.0795 mm, and (d) 0.0707 mm.
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Northern Digital Inc., Waterloo, Canada) with a DRB (Traxtal Technologies Inc.,
Toronto, Canada) rigidly mounted to the probe. Probe calibration was performed
using an N-wire fiducial phantom [10]. Once again, further details of this calibration
are found in Appendix B. Registrations were run on a Dell Precision 690 with 2×2.33
GHz Intel Xeon Quad-core CPU and 16GB of RAM.

5.4.2

Phantom Study Setup

Initial experiments were carried out on five lumbar spine phantoms. The phantoms
were created by first segmenting the L1 to L5 vertebrae in five patient CT data sets
using ITK-SNAP [96]. The CT data was collected at Kingston General Hospital and
all the patients gave informed consent for this data to be used in our research. The
segmented CT images were then used to generate a 3-D physical model of lumbar
vertebrae using a Dimension SST 3-D printer (Stratasys, Inc., Eden Prairie, MN,
USA). The natural curvature of the spine is maintained between the patient CT and
the printed model. The hard plastic printed vertebrae were securely glued in a plastic
container and then filled with a tissue mimicking material [48]. The tissue mimicking
material was made from a recipe of 1.17% agar (A9799, Sigma-Aldrich, St. Louis,
MO, USA), 3.60% gelatin (G9382, Sigma-Aldrich), 1% Germall R Plus (International
Specialty products, Wayne, New Jersey, USA) as a preservative, 3% cellulose (S5504,
Sigma-Aldrich) for speckle, and 3.2% glycerol (G6279, Sigma-Aldrich) to adjust the
speed of sound to approximately 1540 m/s.
Next, 10 CT-visible fiducial markers (Beekley Corp., Bristol, CT, USA) were
placed at various locations on the outside of the phantom container and the phantoms were CT scanned at high resolution (0.46 mm × 0.46 mm × 0.625 mm). Before
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collecting a freehand US scan, the locations of the fiducial markers were determined
using an optically tracked pointer and the same Certus camera system described before. An initial guess for the gold standard registration between the US coordinate
system and the CT coordinate system was then determined through the point-topoint registration technique of Arun et al. [1] as described in Section 3.3. This initial
guess was then used to determine the final gold standard registration by rigidly registering the optically-tracked multi-slice US volume to the CT volume using the above
described simulation of US from CT.
A single freehand 3-D US scan was captured from each of the five phantoms
consisting of between 295 and 300 frames per volume. The speckle-tracked US reconstruction approach from Chapter 3 was performed on each US data set. Each US RF
image was divided into an 8 × 7 grid of patches. Also, the first and last three rows
were excluded from the estimation of the 6 transformation parameters between frames
(see Figure 3.1a). The resulting speckle-tracked reconstructions contain US frames
that are positioned in a coordinate system that is originated at the first frame in the
sequence. To transform this volume to the CT coordinate system, it must first be
aligned with the optical tracker coordinate system. This alignment can be achieved
by simply giving the first frame in the speckle-tracked volume the same transformation as the first frame in the optically tracked volume. This initial transformation
is then applied to all subsequent frames in the speckle-tracked volume. Aligning the
two US volumes this way allows speckle tracking to be directly evaluated relative to
the optically tracked ground truth.
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Animal Study Setup

Additional experiments were carried out on the spine of a lamb cadaver. Lamb spine
was chosen due to its similarity to that of the human spine. Each vertebrae is a bit
smaller, however there is not as much fat tissue as that of other available animal
tissues such as pig. For these experiments, the lamb spine was rigidly fixed in a large
box. CT visible fiducials were then placed on the skin of the lamb surrounding the
spine on both sides. The methods described in Section 5.4.2 were then followed to
align the CT volume with freehand US scans of the spine to a gold standard using an
initial guess from Arun’s method followed by a rigid registration. Two freehand 3-D
US scans consisting of 300 frames each were done on the lamb spine and subsequently
reconstructed using speckle tracking. Both scans were performed over different areas
of the spine.

5.5
5.5.1

Results
Phantom Study

Speckle tracking and US to CT registration
To evaluate the accuracy of speckle-tracked US reconstruction relative to the ground
truth optically tracked reconstruction, we analyze the target reconstruction error
(TRE) [16] at each frame in the reconstruction, since each frame is positioned independently of all other frames, and therefore will have a different amount of error. The
TRE for a single speckle-tracked frame is defined as the average Euclidean distance
between the four corners of the speckle-tracked image to their respective ground-truth
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(c)

(e)

Figure 5.4: TRE vs. frame number plots for each of the five different speckle-tracked
reconstructions. The horizontal line across the plots represents the average TRE over all of the frames. The average TRE values for each patient
are (a) 3.55 mm, (b) 3.28 mm, (c) 5.83 mm, (d) 3.75 mm, and (e) 4.47
mm.
positions. The resulting plots of TRE vs. frame number for each of the five speckletracked reconstructions are shown in Figure 5.4. A very clear drift in the error is seen
in these plots, with the error beginning at 0 and ending up between 6.4 mm to 10.9
mm.
To test the accuracy of the proposed reconstruction technique, each speckletracked US reconstruction is initially aligned to the CT volume using the goldstandard transformation. Obviously, the initial aligned position for the speckletracked volume is only in perfect alignment for the first frame, as all subsequent
frames drift as previously seen. This US volume is then registered to the CT scan
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(c)

(e)

Figure 5.5: TRE plots over five different freehand US scans. Figures (a)-(e) represent
patient numbers 1-5. Speckle-tracked results are in lighter color while
registrations with CT are in black and the mean TRE values are plotted
as horizontal dotted lines of the respective color.
volume from its initial aligned position using the proposed CT to US registration
algorithm. We ran the registration on each patient phantom for a total of 100 times
each. The results of these registrations can be found in Table 5.1. Figure 5.5 displays
the plots of the resulting TREs for five example registrations from each of the five
patients phantoms. There is a very clear improvement between the speckle-tracked
reconstruction error and the registration error, including the elimination of the drift
error. Additionally, for visual inspection, overlapping images from the CT scan and
the respective ground truth, speckle-tracked and registered US reconstructions can
be seen in Figure 5.6, where the registered volume is in a very similar position to that
of the ground truth.
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Table 5.1: TRE of the speckle-tracked US and after registration with CT for each
phantom averaged over 100 trials. The fourth column is the average percentage of frames below 3 mm throughout the final registered volume. The
success rate is defined as the percentage of registrations with less than 3
mm TRE.
Phantom
Number
1
2
3
4
5

Speckle-tracked Mean Reg.
TRE (mm)
TRE (mm)
3.52
1.27 ± 0.09
3.62
1.11 ± 0.07
5.87
1.18 ± 0.08
3.64
3.09 ± 0.26
4.82
2.17 ± 0.27

(a)

(b)

Mean % of frames
< 3 mm TRE
99.9%
100%
99.8%
33.1%
83.6%

Success
Rate
100%
100%
100%
30%
98%

(c)

Figure 5.6: A slice from an ultrasound reconstruction of the second patient phantom
data set with the CT bone surface contour overlaid using positions from
(a) ground truth, (b) speckle-tracking, and (c) after correction through
registration.
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Table 5.2: Final TRE of the registered speckle-tracked US volumes after registration
with CT for each phantom averaged over 100 trials. The initial TRE
values varied uniformly between 0 to 20 mm in each phantom. The mean
TRE value only considers successful registrations, which had final TRE
values below 3 mm. Success rate is defined as the percentage of successful
registrations out of the 100 trials.
Phantom
Number
1
2
3
4
5

Mean Final
TRE (mm)
1.82 ± 0.09
1.35 ± 0.07
1.23 ± 0.08
1.83 ± 0.26
1.90 ± 0.27

Success Rate
92%
84%
87%
96%
55%

Success Rate for
iTRE < 10 mm
96%
84%
98%
100%
82%

Registration capture range
For our second set of phantom experiments, we analyzed the capture range of registration. For each patient phantom, the speckled tracked US reconstruction in initial
alignment with the first frame of the gold standard reconstruction was randomly
transformed to a position away from this gold standard position. Transformations
were randomly generated using a uniform distribution ranging between ±5 mm in
translation and ±5 degrees in rotation, to produce a uniform distribution of initial
TRE (iTRE) values between 0 and 20 mm. Once again, 100 total registrations were
performed on each phantom. The results of these registrations are presented in Table 5.2 with the iTRE vs. final TRE (fTRE) plots of all five patient phantoms found
in Figure 5.7. Any resulting fTRE values that are above 25 mm were set to 25 mm
for purposes of visualization. Registrations were considered as failures for an fTRE
value above 3 mm.
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(b)

(c)

(d)

(e)

Figure 5.7: Plots of the initial TRE values vs. final TRE values over 100 registrations
are shown for each of the five patient phantoms.

CHAPTER 5. CT-US REGISTRATION METHODOLOGY

(a)

76

(b)

Figure 5.8: TRE plots over both scans of a lamb cadaver spine. The horizontal line
across the plots represents the average TRE over all of the frames. The
average TRE values for each scan are (a) 6.35 mm, and (b) 6.85 mm.

5.5.2

Animal Study

The resulting speckle tracking TRE plots over all frames in each scan are shown in
Figure 5.8. Again, we see a significant drift in the speckle tracking, more than that
of the patient phantoms.
The results of the lamb spine experiments can be found in Table 5.3. The resulting
TRE values are very similar to those of the patient phantom experiments. The most
significant difference is that speckle tracking on the lamb tissue had a higher amount of
drift. Additionally, visual results of the lamb registration can be seen in Figure 5.9.
Looking at the speckle-tracked reconstruction image, it is clear that the areas of
strong reflection, as referenced by the arrows, do not match those in the groundtruth and registered reconstruction. Due to the elevational drift, the speckle-tracked
reconstruction image is significantly misaligned with the CT contour.
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Table 5.3: TRE Error of the speckle-tracked US and after registration with CT for
each scan of the lamb spine averaged over 100 trials. The fourth column
is the average percentage of frames below 3 mm throughout the final registered volume.
Scan
Speckle-Tracked
Number
TRE (mm)
1
6.10
2
7.03

(a)

Mean Registration
TRE (mm)
1.89 ± 0.27
1.61 ± 0.18

(b)

Mean % of frames
below 3 mm TRE
90.3%
87.8%

(c)

Figure 5.9: A slice from an ultrasound reconstruction of the lamb with the CT bone
surface contour overlaid using positions from (a) ground truth, (b) speckle
tracking, and (c) registration. The arrows show areas of strong reflection
in the ultrasound. The bone structure on the left and right side of the
images above the vertebra represents the overlapping ilium bone of the
pelvis.
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Discussion

Speckle tracking and US-to-CT registration
Looking at the speckle-tracked US reconstruction results in itself, without registration
to CT, as shown in Figure 5.4 and the second column of Table 5.1, the previously
discussed drift error is very apparent. Even though the average TRE values across
all frames is relatively low (as shown by the horizontal lines in Figure 5.4), the total
error for the whole volume is significantly higher. The trend, as seen in Figure 5.4,
is the unbounded increase in the TRE value (drift error) as the US scan distance
increases. In each patient phantom US scan, the TRE of the final speckle-tracked
US frame is approximately double that of the average TRE. Perhaps a better way of
looking at the error is to study the standard deviation around the mean TRE value.
The standard deviations for each speckle-tracked data set over all frames are 2.64
mm, 2.04 mm, 3.52 mm, 1.90 mm, and 2.40 mm, respectively, for phantoms 1 to 5.
Such a variance around the mean TRE value suggests that the overall error is far
worse than the mean TRE value indicates. For instance, a mean TRE of 3.55 mm
for patient 1 does not seem so bad at first sight, but when the final TRE value of
almost 9 mm is taken into account, the overall error can be considered as much worse
than it appeared at the beginning. This final TRE value is approximately at the two
standard deviation mark of the error. In all, speckle tracking without registration
performed decidedly poorly.
It is apparent from the results in Table 5.1 that our registration framework significantly improves the reconstruction of the speckle-tracked US. Setting a target of 3 mm
as a successful registration for our application, four out of the five patient phantom
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registrations were successful. Looking at the percentage of frames in each registration that were below this 3 mm threshold, we see that there were greater than 90%
of all frames registering below this value for three out of five patient phantoms, with
the fourth above 80%. It is virtually impossible to guarantee that all frames will be
below this threshold because there will always be local variations in the registration
due to the nature of having so many sub-volume registrations within a single total
volume-to-volume registration. Variations as well as similarities in the spine will also
cause some sub-volumes to register better than other sub-volumes. There especially
exists a great deal of similarity in the vicinity of the spinous process between different
frames.
If we look at result for patient 4, at first we see inadequate performance in the
registration method. The reduction in mean TRE over all registrations is only 15.1%,
finishing with a mean TRE of 3.09 mm. Figure 5.5d shows that the registration
had a difficult time diverging away from the speckle-tracked initial position. For this
particular case, the regularization term (as discussed in Section 5.3) appears to have
been too strong, preventing any significant movement in each sub-volume registration.
This is the disadvantage of using a regularization term in the registration, as it can
overpower the similarity between the US and CT volumes. One possible fix is to
reduce the scale of the regularization term. When the regularization scale was reduced
to a value of 0.005, the mean TRE over 100 registrations reduced to 2.51 ± 0.55.
Overall, the registration was able to reduce the TRE by more than 50% in four
out of five patient phantoms, with the largest improvement being 79.9% in patient
3 and the lowest being 55.0% in patient 5. Looking at the plots of the TRE values
for the registration results in Figure 5.5, the drift seen so prominently in case of the
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Figure 5.10: Discontinuities in the TRE plots after registration can be attributed to
the transitional areas between vertebrae where the spinous process goes
out of the volume or into the volume.
speckle tracking is almost non-existent in these four phantom cases. We see some
discontinuities in the TRE plots for the registration results in Figure 5.5 despite the
use of a regularization term. This unusual behavior can be attributed to the areas
between vertebrae, where the spinous process is not visible in the images. Looking
closer at Figure 5.5a in Figure 5.10, we see the transition between vertebrae around
frame 150. However, there is still enough information in the absence of the spinous
process to register under 3 mm. In Figure 5.5c we see that registration follows the
speckle-tracking result for the first 100 frames. This result can be, again, explained
as a result of the regularization term overpowering the similarity measure. In these
first 100 frames, many of the images include the spinous process and thus give very
close similarity metric values. In regions where the similarity metric is very close, the
regularization term tends to dominate the registration.
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Overall, however, the TRE values are very consistent throughout each scan.
Again, looking at the average standard deviation over all experiments for each patient
phantom, we see average standard deviations of 0.67 mm, 0.61 mm, 0.70 mm, 1.01
mm, and 0.55 mm. Comparing these values to those of the speckle-tracking, results
are immensely improved. Within each registration, the average TRE values are very
low in addition to having a small variance. In essence, there is little or no drift remaining after registration as the deviation from the mean is very small. The small
variance can in part be attributed to the regularization term’s suppressing outlier
sub-volume registrations. Also, in addition to low variance between the registration
of all frames, Table 5.1 shows very little variance in the average registration TRE
values over all registrations. This means that the registration is very consistent when
starting from the same initial position. Furthermore, there were very few failures in
registration over any of the four phantoms being registered 100 times each, as shown
by the success rates in Table 5.1. This consistency without outliers shows the importance of applying the registration result from one sub-volume to all subsequent frames
in the full volume. Applying this transformation allows the subsequent sub-volume
to be registered with a very close initial guess as provided by the previous sub-volume
registration.
One factor that must not be overlooked is the effect of k and n parameters outlined
in Section 5.3, with k representing the number of frames skipped between sub-volume
registrations and n representing the number of frames per sub-volume. The effect
of the different k values was shown for a very simple example of the registration of
two different lines in Figure 5.3. The best values for each parameter may in fact be
dependent on the type of objects being registered. To experimentally test the two

CHAPTER 5. CT-US REGISTRATION METHODOLOGY

82

Table 5.4: The effect of changing the number of frames skipped between each subvolume registration (k) on the overall registration accuracy. For each patient, the best TRE value is in bold. A total of 12 registrations were done
for each k value.

k
5
10
15
20
25
30
35
40

Mean TRE
1
1.81 ± 0.14
1.68 ± 0.08
1.64 ± 0.08
1.55 ± 0.07
1.65 ± 0.12
1.50 ± 0.08
1.51 ± 0.07
2.64 ± 2.24

for Patient Number (mm)
2
Lamb 1
2.28 ± 0.27
1.89 ± 0.26
1.95 ± 0.41
1.97 ± 0.23
1.90 ± 0.36
1.87 ± 0.27
1.96 ± 0.43
1.94 ± 0.28
2.04 ± 0.41 1.74 ± 0.12
1.68 ± 0.31
1.84 ± 0.23
1.70 ± 0.20
2.14 ± 0.49
1.65 ± 0.09 1.92 ± 0.18

different parameters, two sets of experiments were carried out. First, to look at the
effect of k, its value was varied between 5 and 40 in increments of 5. Two of the
phantom datasets and the lamb dataset were registered to their corresponding CT
volume for a total of 100 times. Additionally, a value of n = 60 was kept constant
among all registrations. The average TRE value for each trial is shown in Table 5.4,
along with the standard deviation. The minimum average TRE value for each patient
number is highlighted in bold.
The mean TRE values for different k values fail to show a statistically significant
difference. However, the best average TRE value always seems to occur for a k value
of between 25 and 40. Surprisingly, this conclusion is slightly different from what we
found for the simple line registration in Figure 5.3, where the best value was around
16. The registration between CT and US of a spine phantom proves to be far more
complex than that of a simple line. One explanation for the lack of importance of the
k parameter in the patient data is that each sub-volume is able to register well, fairly

CHAPTER 5. CT-US REGISTRATION METHODOLOGY

83

Table 5.5: The effect of changing the number of frames per sub-volume registration,
n, on the overall registration accuracy. For each patient, the best TRE
value is in bold. A total of 12 registrations were done for each n value.

n value
30
40
50
60
70
80
90
100

Mean TRE
1
3.77 ± 1.06
1.68 ± 0.09
1.61 ± 0.14
1.52 ± 0.12
1.61 ± 0.12
1.59 ± 0.10
1.81 ± 0.10
2.02 ± 0.15

for Patient Number (mm)
2
Lamb 1
3.54 ± 0.53 1.84 ± 0.14
2.78 ± 0.33
2.31 ± 0.47
2.62 ± 0.33
2.01 ± 0.41
2.11 ± 0.34
2.07 ± 0.26
1.43 ± 0.11
1.92 ± 0.20
1.43 ± 0.14
2.16 ± 0.23
1.25 ± 0.12 2.00 ± 0.13
1.36 ± 0.17
2.20 ± 0.22

independent of the other sub-volumes. For our final registrations, a value of k = 30
was used as it is very close to the best registration accuracy for the phantoms and
the lamb spine. Also, a higher value of k will speed up the overall registration.
Next, a series of experiments were performed to examine the effect of n on registration accuracy. The experiments were set up to be identical to those designed to
look at the change in parameter k above, only the value of n is varied between 30
and 100 in increments of 10. A constant value of k = 16 was used. The results can
be found in Table 5.5.
Based on the results of these experiments, we can see that a smaller number of
frames used for each sub-volume increases the error in the two patient phantoms.
In the case of using 30 frames, the error was very large as compared with the other
values. When fewer frames are used, the registration has less information to work
with. A set of about 30 frames corresponds to an elevational scan distance of about
5 to 10 mm. When looking at US images of the spine within this distance, we see a
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lot of similarity from frame to frame, as the spinous process does not provide a lot of
variation over short distances. Additionally, the tissue surrounding the phantoms was
completely homogeneous, providing no additional information. The only information
that the registration can work with is the information in the reflection of the bone.
In the case of the lamb spine, the problem was different. The US scan of the lamb
contains much more information in the surrounding tissue close to the bone, and thus
is able to register with higher accuracy when fewer frames are used. There is also an
increase in error for the phantoms as f increases beyond the best value. This increase
in error can be attributed to speckle-tracking drift. It gets increasingly more difficult
to register the speckle-tracked US volume when more frames are used. In the end, a
value of f = 80 was used as a balance between the results from the two phantoms
and the lamb cadaver.
Finally, we performed a series of experiments to examine the effect of the regularization scale term, α. Again, similar experiments were carried out as those performed
above to study k and n, only this time only the first patient phantom was examined.
In these experiments, values of k = 16 and n = 60 were used and the value of α
was varied from 0 to 0.5 in increments of 0.01. The results are shown in Figure 5.6.
Looking at Table 5.6, larger values of α increase the error significantly. The increased
error is due to the preference given to the speckle-tracked positions over the values
of the similarity metric. Since the regularization is determined based on the distance
the sub-volume moves, a larger α value will show a preference to maintain the initial
position, which was initialized to be that of the speckle-tracking. Larger α values will
converge to the speckle-tracked error values. Also, we see that a value of α = 0 is not
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Table 5.6: The effect of changing the regularization scale for phantom number 1 on
the overall registration accuracy. The best TRE value is in bold. A total
of 100 registrations were performed for each value of α.
α value Mean TRE
0
1.52 ± 0.12
0.01
1.22 ± 0.10
0.02
1.29 ± 0.07
0.03
2.39 ± 0.27
0.04
2.50 ± 0.06
0.05
2.65 ± 0.09
0.10
3.18 ± 0.25

the best value, as sometimes this allows for local minima among each sub-volume registration. Adding the regularization restricts the sub-volume movement from being
too extreme.

Registration capture range
Experiments to determine the capture range of the registration algorithm showed
varying levels of success. When studying the success rate for registrations with an
iTRE value of less than 10 mm, three of the five phantoms performed excellently, all
above 96% success rate. The other two phantoms both performed above 80%. As seen
in Figure 5.7, the majority of the failures in these two cases occurred when the iTRE
was above 7 mm. Studying the success rate over the entire 20 mm range, only two of
the five phantoms performed above 90% success rate. One of the phantoms performed
very poorly with a 55% success rate. This particularly poor success rate can possibly
be attributed to a poor initial rigid registration for this particular phantom. The
speckle-tracked reconstruction was not able to rigidly register with the entire CT
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volume very well and it failed before our registration algorithm was able to begin.
The results discussed above point out one particular vulnerability associated with
the proposed algorithm. If the US and CT volumes are not in a close initial alignment, they must be rigidly registered together to provide some sort of close initial
guess. If this initial rigid registration has a large error, the algorithm will have very
little chance to compensate for this error. The initial guess is important as the first
sub-volume registration sets the pace for the rest of the sub-volumes. Large initial
registration errors (> 20mm) indicate that the US volume and CT volume have drifted
entirely away from each other. This may happen due to the overlap of the US volume
with the CT volume in an area without bone having a very broad local minimum.
Another reason for inaccurate initial registration is when the US volume registers to
the wrong vertebrae initially. The CT volume contained five vertebrae in the patient
phantoms and seven vertebrae in the lamb spine. However, the speckle-tracked US
scans contained at most two vertebrae. The similarity between the spinous process
over two vertebrae is quite high, so being caught in this local minimum can be expected. A potential solution to this problem would be to restart the registration
at different elevational values, equal to the average distance between the vertebrae.
Also, the inclusion of more than two vertebrae would decrease the number of failures
as the additional vertebrae would provide more information for the registration.
An interesting result of the capture range experiments can be found in the case of
patient 4. In the previous experiments, the speckle-tracked US volume from patient
4 had trouble registering to the CT volume with a mean registration TRE of 3.09
mm, according to Table 5.1. However, when an initial rigid registration is used, the
mean TRE over all experiments decreases to 1.83 mm. The initial rigid registration
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was able to improve the results for this patient phantom. In the first three patient
phantoms, we see an increase in TRE between the two experiments, albeit a very
small one. In these cases, the rigid registration more than likely gave the US volume
a worse initial position than when the speckle-tracked US and CT volumes are aligned
based on the first US frame.

Lamb spine registration
Results of the lamb registrations show similarity to those in the patient phantom
studies. The initial speckle-tracked TRE is larger than those of the patient phantom
data sets due to the lack of speckle found in the lamb tissue around the vertebrae.
Speckle decorrelation correction described in Section 3.5 was able to improve the
speckle tracking accuracy from 6.93 mm to 6.1 mm in the first scan and from 7.86
mm to 7.03 mm in the second scan. However, despite an increase in initial speckletracked error, the registration was able to successfully register the lamb US and CT
volumes to within 2 mm average TRE, with over 87% of all frames being within the
3 mm TRE threshold. Visually, we see improved results in Figure 5.6 where the
registered volume is shown to be much closer to the gold-standard than the speckletracked volume.
The reason that the patient phantoms and the lamb scans produce similar results
is that despite differences in tissue surrounding the vertebrae, the reflections seen at
the tissue to bone interface in US are always similar. In the US images, the interface
itself will be very bright, due to a large percentage of the US being reflected from the
same spot. Additionally, below the interface will have a shadow. The bone surface
and underlying shadow are easily able to be matched between the US and simulated
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US from CT. Any additional surrounding tissue can then be used in the registration
to further improve the accuracy, especially in the lamb scans as the phantoms had
very little surrounding tissue structure.

Chapter 6
Conclusions
6.1

Summary of Contributions

This thesis presented two approaches for the improvement of a speckle-tracked freehand 3-D US volume through the use of sensor fusion. A speckle-tracked 3-D US
reconstruction method was introduced which was then combined with an EM tracker
through sensor fusion, as well as combined with CT through registration. The following summarizes the main contributions of this work:

6.1.1

Speckle Tracking

A speckle-tracked 3-D US reconstruction method was developed inspired by previous work by Housden et al. [30, 31]. In this method, the in-plane and out-of-plane
parameters were solved for separately and successively. For estimating the in-plane
parameters, we combined the estimation of the axial and lateral parameters into one
step, by fitting a 2-D Gaussian function. Additionally, we incorporated a method for
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detecting and excluding blocks containing shadow effects as well as strong reflection
effects. It is important to exclude these blocks since they do not contain speckle
information. Finally, to generate the final 3-D reconstruction, the US frames were
carefully selected such that only frames within the “good” part of the decorrelation
curves are chosen. Proper selection of frames further improved the accuracy of the
reconstruction. The proposed method also has the advantage of being a real-time reconstruction method. Since the method attempts to only perform the speckle tracking
on frames an optimal distance away; calculations are not performed on every pair of
frames.

6.1.2

Fusion Methods for Improvement of Speckle-Tracked
US

To improve the accuracy of the speckle-tracked US reconstruction, we proposed two
fusion methods. In the first method, we fused speckle tracking with EM tracking.
In our second proposed method, we combined a speckle-tracked US reconstruction
with a corresponding CT volume through an image registration framework. The
contributions of these two different fusion frameworks are described as follows:

Fusion of Speckle-Tracked US with EM Tracking
EM tracking is widely known for its noisy measurements and large inaccuracies, especially in the presence of metal. EM tracking is used here through the fusion EM
tracker measurements with the positions of speckle-tracked US images using an unscented Kalman filter. The UKF was designed such that measurements are weighted
based on the accuracy of each tracking system. Additionally, the drift in the speckle
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tracking was compensated for through the use of a bias correction term in the state
vector. This bias was subtracted from the speckle-tracked measurements and therefore
the drift was corrected for. It is necessary to only apply the bias to the out-of-plane
parameters as the in-plane parameters do not exhibit much drift.
Through multiple experiments on speckle phantoms, more insight into an optimal
method of fusing EM and speckle-tracked position information was obtained. Studying the translational component of the reconstructed US volume, the fusion exhibits
improvements over the EM tracking under both the non-distortion and distortion
cases. The accuracy of the axial and lateral translations of the speckle tracking account for much of this improvement. If there is no drift in the EM tracking elevational
positions, a much more significant improvement over both the speckle tracking and
the EM tracking is seen through the fusion. Studying the rotational components of
the fusion, we observe results that are very similar to that of the EM tracking alone.
The fusion shows small improvements, especially when distortion is added, partially
due to the filtering effect of the UKF and partially due to the addition of the speckle
tracking information.
One of the more important aspects of the sensor fusion technique presented here is
that much of the jitter exhibited in the EM tracker reconstruction is removed. Also,
since the rotational components of the EM tracking are not as affected by distortion,
we will see at a minimum an improvement in five of the six transformation parameters,
with improvement in the elevational parameter dependant on the amount of drift in
the EM tracker.
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Registration of Speckle-Tracked US with CT
The speckle-tracked US volume was registered to a CT volume using a modified rigid
multi-slice-to-volume registration framework. A series of sub-volume registrations
were performed, where a sub-volume of the US volume was extracted and registered
to the CT volume. The speckle tracking is accurate enough over short distances such
that these sub-volumes can be accurately registered to the CT. Additionally, an US
simulation framework was used to register each sub-volume to the CT volume [21].
Results were validated through a phantom study of plastic spines created from
clinical patient CT data as well as an animal study using a lamb cadaver. Studying
the accuracy improvement of the registration, the algorithm performed well, reducing
the TRE by over 50% to a value consistently below 3 mm in four out of five patient
phantoms. Speckle tracking drift errors were completely eliminated through the registration process. The values of the two registration parameters, k and n were shown
to be very flexible. In the lamb spine experiments, very similar results to those on
the patient phantoms were observed, with errors under 2 mm. The additional errors
introduced in the speckle tracking of the lamb tissue did not affect the accuracy of
registration.
Studying the capture range of the algorithm, it was able to successfully register
a speckle-tracked US volume to a CT volume greater than 80% of the time with an
error below 3 mm for all five patient phantoms, for initial TREs less than 10 mm.
When the initial TRE was increased to 20 mm, we still saw greater than 80% success
rate in four out of the five phantoms.
It should also be noted that this registration technique is not limited only to
speckle-tracked US-to-CT. Provided a suitable registration methodology between the
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US volume and another modality exists, especially for areas of bone, the registration
will still work. MRI could be used instead of CT for example. Additionally, the
possibility of using a statistical model or atlas for the registration exists. In the
case of the spine, with motions between the vertebrae, the speckle-tracked US-toatlas registration might fail. The drift of the US could misplace the position of the
vertebrae within the atlas. For applications involving a single rigid bone, such as the
pelvis, the US-to-atlas registration is more promising.

6.2

Future Work

The following suggestions for future work are made:
• Further improvements to speckle tracking algorithm are needed. Very few research groups have explicitly studied methods for the improvement of speckle
tracking. One opportunity for improvement is in the area of speckle characterization, such as the work done by Rivaz et al. [71]. Accurate characterization of
the speckle would lead to more accurate speckle-tracked US volumes. A more
accurate speckle-tracked US volume would benefit both of the presented fusion
methodologies. In the case of the US-to-CT registration, the initial rigid registration between the two complete volumes would improve due to the more
accurate initial US volume.
• For the presented speckle tracking work, only one volume was generated in the
forward direction beginning with the first frame. Reconstruction can also be
done in the reverse direction beginning with the last frame moving backwards.
The resulting reconstructions can be combined to possibly generate a more
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accurate US volume.
• For the presented registration method, speeding up each US sub-volume to
CT registration through the use of GPU processing would allow more complex
registration routines to be analyzed. Several different initial ideas were found
to be too computationally slow to exhaustively research. One such idea was to
selectively optimize the position of 3-5 randomly selected frames at a time until
the US volume converges to a final position. Unfortunately, convergence of this
method would take a long time. Another method to be analyzed is one where
the presented registration method proceeds both forwards and backwards once
or multiple times, again until convergence is reached. At up to one hour per
forwards registration, going back and forth would take an unreasonable amount
of time, especially to reach this convergence.
• It would be interesting to examine the use of a non-rigid registration method to
register the speckle-tracked US volume to the CT volume. This method would
act in a similar manner to the proposed framework, however, would be under
the constraint of the non-rigid parameters, for example, that of a B-spline grid.
• The subject of patient motion was not addressed here. Patient motion between
US scans can be corrected for through US-to-US registration. In the case of
speckle-tracked US, the registration of multiple speckle-tracked US volumes can
be researched.
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Appendix A
Unscented Kalman Filter
The Unscented Kalman Filter (UKF) was originally derived as an extension to the
Kalman filter for estimation of nonlinear systems [34]. Previously, the extended
Kalman filter (EKF) was used to approximate these nonlinear systems. The EKF
works by approximating the nonlinearities of the system with a linear model. This
linearization neglects second and higher order terms in the system. Additionally, implementation of the EKF requires calculation of Jacobian matrices, which are often
difficult to derive and compute. The UKF uses the unscented transform to propagate
the mean and covariance information through the nonlinear system, without the need
for any Jacobian calculations. For many applications, the UKF has been shown to be
as accurate or more accurate than the EKF with a much simpler approach [34, 37, 54].

A.1

Kalman Filter

The Kalman filter is used for the optimal state estimation of a signal from noisy
measurements. This filter assumes that at each time step, the state of the system
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is updated in a linear fashion. Looking at the Kalman filter in a general sense, the
discrete time system without additional inputs is characterized by the equations [63]

xk+1 = Fk xk + wk

(A.1)

z k = Hk xk + vk

(A.2)

where xk represents the state vector of the system at time k, zk is the measurement
vector at time k, F is the state transition matrix for the process model, H is the
measurement matrix for the observation model, and wk and vk are uncorrelated,
zero-mean noise vectors drawn from a normal distribution with covariance natrices
of Qk and Rk respectively. The Kalman filter proceeds iteratively with a prediction
step followed by an update step. In the prediction step, we have the equations

x̂k+1|k = Fk x̂k

(A.3)

Pk+1|k = Fk Pk FTk + Qk

(A.4)

which are followed by the update step equations

Kk+1 = Pk+1|k HTk (Hk Pk+1|k HTk + Rk )−1

(A.5)

x̂k+1 = x̂k+1|k + Kk (zk − Hk x̂k+1|k )

(A.6)

Pk+1 = (I − Kk Hk )Pk+1|k

(A.7)

where Kk+1 represents the Kalman gain used to update the state estimate, x̂k+1|k ,
resulting in the final state estimate of x̂k+1 . At each new time step, these two sets of
equations are alternately used to estimate the new state.
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Unscented Kalman Filter

Given nonlinearities in either the process or the observation model, the equations
(A.1) and (A.2) can be redefined as:

xk+1 = f (xk , wk )

(A.8)

zk = h(xk , vk )

(A.9)

where f (·) and h(·) are nonlinear functions. In this case, the Kalman filter cannot be
used. Instead, the UKF can be used to estimate the state of the system.

Unscented Transform
To understand the UKF algorithm, one must first look at the unscented transform [89].
The unscented transform is a method of estimating the statistics of a random variable
which is propagated through a nonlinear function. We consider propagating the ndimensional state vector x through a nonlinear function, y = h(x). We first assume
that x has a mean of x̄ and covariance of Px . A set of 2n + 1 sample points, or sigma
points, χ, are used to approximate x as

χ0 = x̄
p
χi = x̄ + ( (n + λ)Px )i
p
χi = x̄ − ( (n + λ)Px )i−n

(A.10)

where λ = α2 (n + κ) − n is a scaling factor, α determines the size of the sigma point
spread around x̄ and κ is another scaling factor. Propagating these sigma points
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through the nonlinear function results in a new set of points:

Yi = f (χi )

(A.11)

from which the statistics of y can be found from
2n
X

(m)

Yi

(A.12)

Wi (Yi − ȳ)(Yi − ȳ)T

(A.13)

ȳ =

Wi

i=0

Px =

2n
X

(c)

i=0

with the weights calculated as
(m)

W0

= λ/(n + λ)

(c)

W0 = λ/(n + λ) + (1 − α2 + β)
(m)

Wi

(c)

= Wi

(A.14)

= 1/(2(n + λ))

where β is provides information about the distribution of x.

A.2.1

UKF

As with the Kalman filter, there are two main steps to the UKF algorithm, the prediction and update stages [89]. The state vector here is defined as the concatenation
of the original state vector with the noise vectors as xa = [xT wT vT ]. The prediction
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step begins by first calculating the sigma points around xk :

χk,0 = x̂k
p
χk,i = x̂k + ( (n + λ)Px )i
p
χk,i = x̂k − ( (n + λ)Px )i−n

(A.15)

These sigma points are propagated through the process and measurement models as

χk+1|k,i = f (χk,i , wk )
2n
X
(m)
Wi χk+1|k,i
x̂k+1|k =

(A.16)
(A.17)

i=0

Pk+1|k =

2n
X

(c)

Wi (χk+1|k,i − x̂k+1|k )(χk+1|k,i − x̂k+1|k )T

(A.18)

Zk+1|k = h(χk+1|k,i )
2n
X
(m)
ẑk+1 =
Wi Zk+1|k,i

(A.19)

i=0

(A.20)

i=0

Finally, the update step takes form as the following:

P zk =

2n
X

(c)

Wi (Zk+1|k,i − ẑk+1 )(Zk+1|k,i − ẑk+1 )T

(A.21)

i=0

Pzk ,xk =

2n
X

(c)

Wi (χk+1|k,i − x̂k+1|k )(Zk+1|k,i − ẑk+1 )T

(A.22)

Kk+1 = Pzk ,xk PTzk

(A.23)

x̂k+1 = x̂k+1|k + Kk+1 (zk+1 − ẑk+1 )

(A.24)

Pk+1 = Pk+1|k − Kk+1 Pzk KTk+1

(A.25)

i=0

to get the final estimate of the next state, x̂k+1 .
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UKF in a unit quaternion space

When quaternions are included in the UKF model, certain changes in the algorithm
must be done. Let us first define the state vector as a quaternion and angular velocity:
T


x=

qT ω T

.



(A.26)
T

The quaternion consists of four components, q = q0 qx qy qz
, while the an
T
gular velocity consists of three, ω = ωx ωy ωz
. The quaterion is restricted by
the constraint of kqk = 1 and therefore is reduced to having only three degrees of
freedom (DOF). This reduction of DOF causes a need to change the way in which
the UKF interprets the state noise.
A simple first order process model is shown here. Any rotational acceleration and
higher order terms are assumed to be included in the process noise, wa . Here, a
constant angular velocity is assumed:

ω k+1 = ω k + wa · ∆t.

(A.27)

The quaternion is then updated according to

qk+1 = qk ⊗ q∆

(A.28)

where ⊗ represents a quaternion multiplication and ∆t is the time step between
measurements. The quaternion q∆ represents the differential rotation based on the
rotational velocity and acceleration noise. This quaternion can be created by first
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determining the axis-angle representation of the rotation

α∆ = ω k · ∆t + wa

∆t2
2

(A.29)

2

e∆ =

ω k · ∆t + wa ∆t2

(A.30)

2

ω k · ∆t + wa ∆t2

where α∆ is the angle and e∆ is the axis, from which we can create the quaternion



q∆ =

cos

α∆
,
2

e∆ sin

α∆
2

(A.31)

To make this quaternion process model applicable for the UKF, we must modify
the equations of (A.15). If we change the notation in these equations to

χk,i = x̂k + Wi

(A.32)

then we can see that they are not valid for quaternions, as the q̂k of x̂k contains
4 terms while the Wiq part would only contain 3 terms. The dimension size of Wiq
takes on the size of the process noise vector, which is our rotational acceleration term
with a size of 3. Instead, the sigma points must be generated in a similar fashion to
equation (A.28):
χqk,i = qk ⊗ qW

(A.33)

where qW is the sigma point quaternion generated similarly to q∆ in equations (A.29)(A.31) by:
αW = |Wiq |

(A.34)

Wiq
|Wiq |

(A.35)

eW =
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from which we can create the quaternion



qW =

cos α2W , eW sin α2W

(A.36)

Additionally, considerations for equations (A.17) and (A.18) must be made. Equation (A.17) consists of the weighted average of the sigma points, and as such, the
average of the quaternion sigma points. Averaging each of the 4 terms over all quaternions does not guarantee that a unit quaternion will result. However, as shown by
Gramkow [24], averaging over all quaternions and renormalizing the result proves to
be a close approximation to the average quaternion, provided that all of the quaternions lie within the same hemisphere, as q and −q represent the same rotation. As
such, equation (A.17) for the quaternion term will become:
P2n

i=0

q̂k+1|k = P
2n

(m) q
χk+1|k,i

Wi

(m) q
χk+1|k,i

(A.37)

i=0 Wi

In equation (A.18) we see the term (χk+1|k,i − x̂k+1|k ) which again does not cross
over to quaternion math. Therefore we must replace the quaternion subtraction with
multiplication by the inverse: (χqk+1|k,i q̂−1
k+1|k ). Consequently, similar changes must be
made to equations (A.20)-(A.22) and (A.24) provided that the measurement vector
contains a quaternion term.

Appendix B
Ultrasound probe calibration using
an N-wire fiducial phantom
For all US probe calibration experiments carried out in this thesis, the materials,
methods and software as described by Chen et al [11] were used. In this work, a
Double-N phantom was created, consisting of two sets of parallel N-fiducial wires
with a known geometry. This known geometry allows correspondences to be made
between the 6 points as seen in a US image and the points in the phantom frame.
As shown by Figure B.1, each segmented wire point in the US image can undergo a
transformation mapping it from the US image coordinate system (U) to the phantom
coordinate system (H):
XH = H TT T TP P TU XU .

(B.1)

The transformation H TT is between the tracker frame and the phantom frame, which
can be found by registering the optical marker attached to the phantom with the
known phantom geometry. The known transformation T TP is between the US probe
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APPENDIX B. US PROBE CALIBRATION

120

Figure B.1: The closed loop representing the full probe calibration process, showcasing the US image and probe, the tracking as well as the geometry of the
N-wire phantom [11].

frame and the tracker frame, while P TU is the unknown transformation between the
US image and the US probe. The point XU represents a point position within the US
image obtained from segmentation of the wire points, while the point XH represents
the position of that same point in the phantom frame. Determining the positions
XH allows the unknown transformation P TU to be solved for by a least-mean-squares
method.
The geometry of the N-wire phantom is used to solve for the points XH given the
points XU . The original concept of using N-wire fiducials was seen in the stereotactic
head frame developed by Brown [6] for CT guidance. The idea was later extended
and used in US probe calibration by Comeau et al [12] and Pagoulatos et al. [59].
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Figure B.2: The intersection of the US image plane with the three N-wires. The
resulting points in the US image are thus visible.

To illustrate the concept of finding the position of XH from the US images, we look
at a single N-wire fiducial. When this fiducial is imaged by US in a water bath such
that the US image intersects the wires at 3 points (Figure B.2), 3 corresponding dots
appear in the US image. We can label these 3 points as X1 , X2 and X3 corresponding
to wires 1, 2 and 3 respectively.
Through the geometry of similar triangles, we see that the following ratio is formed
by the wires and the intersecting image plane (Figure B.2):

α=

kX1 − X2 k
kA − X2 k
=
kA − Dk
kX1 − X3 k

(B.2)

We can therefore calculate the position of point X2 in the phantom frame as

X2,H = AH + α · (DH − AH )

(B.3)

This ration, α, can also be estimated using the US image and the three segmented
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Figure B.3: A US image of the cross-section of the N-wire phantom. The top three
points represent one N-wire while the bottom three points represent the
second N-wire. The ratio formed by the distance between the wires is
used to determine their position in the phantom frame, H.

points as (Figure B.3)
α=

kX1,U − X2,U k
kX1,U − X3,U k

(B.4)

Finally, combining equations (B.3) and (B.4) we get

X2,H = AH +

kX1,U − X2,U k
· (DH − AH )
kX1,U − X3,U k

(B.5)

where DH and AH are known positions on the phantom. Following this procedure
for both N-wire fiducials as well as for multiple images will result in many sets of
corresponding XU and XH points. These points can be plugged into equation (B.1),
after which a least mean squares method can be used to solve for the calibration
transformation P TU .

Glossary
2-D

Two-Dimensional.

3-D

Three-Dimensional.

Axial Direction In reference to the 2-D ultrasound image, the direction in which
the ultrasound wave travels, or the y-direction of the image.
B-mode A two-dimensional ultrasound image produced after processing of the RF
data.
CMA-ES Covariance Matrix Adaptation Evolution Strategy; an optimization method
which uses an evolutionary algorithm to converge to a solution.
CT

Computed Tomography.

DOF

Degree-of-freedom.

DRB

Dynamic Reference Body; a target used for optical tracking which consists
of a group of infrared markers. The position and orientation of the target
can be determined through the triangulation of the marker positions.

Elevational Direction In reference to the 2-D ultrasound image, the direction
orthogonal to the axial and lateral directions, or the z-direction of the
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image.
EM

Electromagnetic; in reference to spatial tracking by generating electromagnetic fields to induce voltages in the sensor coils.

FDS

Fully Developed Speckle; speckle generated having a Rayleigh intensity
distribution.

Fixed Image The reference image to which a second image is aligned during image
registration.
Ground Truth Any measurement of an observed quantity that can be used to
validate or verify a new technique.
Intraoperative During operation.
Lateral Direction In reference to the 2-D ultrasound image, the direction in which
the transducer elements are lined up, or the x-direction of the image.
Moving Image The image that is transformed to align with the fixed image during
registration.
MRI

Magnetic Resonance Imaging.

RF

Radio Frequency; in reference to RF ultrasound, meaning the raw, unprocessed US data.

Similarity Metric A quantifiable measure of the similarity between two images.
TRE

Target Registration Error.

US

Ultrasound.

