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Abstract

This research concerns the development of a smart sensory system for tracking a hand-held moving
device to millimeter accuracy, for slow or nearly static applications over extended periods of time.
Since different operators in different applications may use the system, the proposed design should
provide the accurate position, orientation, and velocity of the object without relying on the knowledge
of its operation and environment, and based purely on the motion that the object experiences. This
thesis proposes the design of the integration a low-cost Local Positioning System (LPS) and a low-
cost StrapDown Inertial Navigation System (SDINS) with the association of the modified EKF to

determine 3D position and 3D orientation of a hand-held tool within a required accuracy.

A hybrid LPS/SDINS combines and complements the best features of two different navigation
systems, providing a unique solution to track and localize a moving object more precisely. SDINS
provides continuous estimates of all components of a motion, but SDINS loses its accuracy over time
because of inertial sensors drift and inherent noise. LPS has the advantage that it can possibly get
absolute position and velocity independent of operation time; however, it is not highly robust, is

computationally quite expensive, and exhibits low measurement rate.

This research consists of three major parts: developing a multi-camera vision system as a reliable
and cost-effective LPS, developing a SDINS for a hand-held tool, and developing a Kalman filter for

sensor fusion.

Developing the multi-camera vision system includes mounting the cameras around the workspace,
calibrating the cameras, capturing images, applying image processing algorithms and features

extraction for every single frame from each camera, and estimating the 3D position from 2D images.

In this research, the specific configuration for setting up the multi-camera vision system is
proposed to reduce the loss of line of sight as much as possible. The number of cameras, the position
of the cameras with respect to each other, and the position and the orientation of the cameras with
respect to the center of the world coordinate system are the crucial characteristics in this
configuration. The proposed multi-camera vision system is implemented by employing four CCD
cameras which are fixed in the navigation frame and their lenses placed on semicircle. All cameras
are connected to a PC through the frame grabber, which includes four parallel video channels and is

able to capture images from four cameras simultaneously.
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As a result of this arrangement, a wide circular field of view is initiated with less loss of line-of-
sight. However, the calibration is more difficult than a monocular or stereo vision system. The
calibration of the multi-camera vision system includes the precise camera modeling, single camera
calibration for each camera, stereo camera calibration for each two neighboring cameras, defining a
unique world coordinate system, and finding the transformation from each camera frame to the world

coordinate system.

Aside from the calibration procedure, digital image processing is required to be applied into the
images captured by all four cameras in order to localize the tool tip. In this research, the digital
image processing includes image enhancement, edge detection, boundary detection, and morphologic
operations. After detecting the tool tip in each image captured by each camera, triangulation
procedure and optimization algorithm are applied in order to find its 3D position with respect to the

known navigation frame.

In the SDINS, inertial sensors are mounted rigidly and directly to the body of the tracking object
and the inertial measurements are transformed computationally to the known navigation frame.
Usually, three gyros and three accelerometers, or a three-axis gyro and a three-axis accelerometer are
used for implementing SDINS. The inertial sensors are typically integrated in an inertial
measurement unit (IMU). IMUs commonly suffer from bias drift, scale-factor error owing to non-
linearity and temperature changes, and misalignment as a result of minor manufacturing defects.
Since all these errors lead to SDINS drift in position and orientation, a precise calibration procedure is

required to compensate for these errors.

The precision of the SDINS depends not only on the accuracy of calibration parameters but also on
the common motion-dependent errors. The common motion-dependent errors refer to the errors
caused by vibration, coning motion, sculling, and rotational motion. Since inertial sensors provide
the full range of heading changes, turn rates, and applied forces that the object is experiencing along
its movement, accurate 3D kinematics equations are developed to compensate for the common
motion-dependent errors. Therefore, finding the complete knowledge of the motion and orientation
of the tool tip requires significant computational complexity and challenges relating to resolution of
specific forces, attitude computation, gravity compensation, and corrections for common motion-

dependent errors.
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The Kalman filter technique is a powerful method for improving the output estimation and
reducing the effect of the sensor drift. In this research, the modified EKF is proposed to reduce the
error of position estimation. The proposed multi-camera vision system data with cooperation of the
modified EKF assists the SDINS to deal with the drift problem. This configuration guarantees the
real-time position and orientation tracking of the instrument. As a result of the proposed Kalman
filter, the effect of the gravitational force in the state-space model will be removed and the error
which results from inaccurate gravitational force is eliminated. In addition, the resulting position is
smooth and ripple-free.

The experimental results of the hybrid vision/SDINS design show that the position error of the tool
tip in all directions is about one millimeter RMS. If the sampling rate of the vision system decreases

from 20 fps to 5 fps, the errors are still acceptable for many applications.
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Chapter 1

Introduction

Over the past few decades, micro-electromechanical systems (MEMS) have been used in a wide
range of research areas. Recently, MEMS have found new applications in medicine, especially
surgery [1]. This technology provides real-time data, such as the surgical tool force, temperature,
position, or direction, to improve the functionality of the surgical devices. The real-time feedbacks
help surgeons to not only control the surgical procedure, but also develop new techniques for cutting

and extraction.

During a medical operation, a surgeon is interested in knowing the position and orientation of
surgical tools so as to control the surgery process with lowest possible risk. An endoscope is
traditionally used for localizing surgical instruments in a patient. The view of the tools is not always
ideal for estimating the position of an instrument precisely. Moreover, if the instrument is outside of
the camera’s view, then its position is unknown. Computer-aided surgery techniques deal with this
problem by providing 3D models. An imaging device, such as MRI or CAT, scans the patient body
during the operation and simulates 3D models with position and orientation to give a better view of

the surgical area.

Tracking system technologies in this area are solely optically-based. In these tracking system
techniques, two sets of markers are used for localization. Some markers are mounted on the surgical
tools for tracking, and some are located on the specific position on the body of the patient for
reference. Since the position of the reference markers are known, a computer can localize and align
the tools with the image of the patient’s body. The positions and orientations of the tool tips must be
estimated by extrapolating techniques; but because of bending of the tools as well as the compression
of tissues, these techniques are not precise and accurate. During a surgery, the markers must be in
the field of view of the camera system, and the surgeon must pay attention not to obstruct, with arms

or hands or surgical tools, the path from marker to cameras.

To deal with these issues, in this study a tracking system based on inertial sensors is proposed. As
the MEMS fabrication techniques miniaturize the inertial sensors in size and weight, then MEMS-

based inertial sensors can easily be mounted on a tool and do not interfere with the surgery.



The real-time states estimation of rigid bodies, including position, orientation, and velocity, has
been the focus of research for several decades. The principal reason for this interest is its application
in the guidance and navigation of aircraft and spacecraft and in robotics and automation. The best-
known way of deriving position and orientation in these systems is to use inertial navigation sensors,
which provide high frequency and continuous acceleration and rotation rate data. The inherent noise
and biases of the sensors lead to unbounded and exponential error that grows in time. Researchers
have long sought to aid inertial sensors with other sensors’ measurements [2, 3]. A hybrid Inertial
Navigation System (INS) can now provide a robust system with grouping of the best features of

different tracking technologies, and compensate for their limitations by using multiple measurements.

The integration of vision and inertial measurements is an attractive solution to address both system
problems.  Vision measurements can be employed to reduce the INS drift that results from
integrating noisy and biased inertial measurements. However, a vision system can provide the
absolute position and velocity of a moving object independent of time, but, because of low
measurement rate, it is difficult to meet the high dynamic range of fast moving. In addition, the
image-based pose estimation is sensitive to the incorrect image feature tracking and camera modeling
errors.  Nevertheless, highly precise cameras such as Optotrak [4] can track an object in a high
frequency and also provide the accurate position; these cameras are extremely expensive and are not
even easily portable for use in many applications. Besides, keeping the moving object in the field of

view requires the chaining of several of these cameras together.

This research proposes the integration of a low-cost multi-camera vision system and low-cost
MEMS-based inertial sensors to provide a robust and cost-effective system. The proposed multi-
camera vision system includes four common CCD cameras, with their lenses placed on an arc line.
Accordingly, the total workspace of the vision system is expanded compared with the straight line

configuration, an arrangement that reduces the possibility of the loss of the line-of-sight.

1.1 Thesis Overview

This thesis presents the development of the integration of the LPS/SDINS. The thesis is organized
as follows. The rest of Chapter 1 reviews previous related work and results. It also presents our
research and describes its application and its contribution to the state of knowledge. Chapter 2
describes the strapdown inertial navigation system, introduces the inertial measurement unit, and
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develops the navigation equations for a hand-held tool.  Chapter 3 presents the LPS concepts,
develops the multi-camera vision system, and gives details on calibration and vision tracking
procedures. Chapter 4 discusses the sensor fusion via estimation filtering and proposes a
modification of indirect Kalman filter for the application in hand. Finally, Chapter 5 summarizes the

significant findings of this research and provides recommendations for future work.

1.2 Literature Survey

1.2.1 Medical Application

Positioning accuracy in microsurgery has recently been a focus of attention. Modern surgical tools
for the improvement of microsurgical precision [5] use inertial navigation sensors to compensate for
active tremor and improve human performance in micro-manipulation. In this approach, the hand-
held microsurgical tool is equipped with a unique inertial measurement unit (IMU) [6], consisting of
three dual-axis miniature accelerometers and a three-axis magnetometer. However, the six
accelerometers of an IMU provide high resolution angular and translational components of the
motion; they are drifting. The three-axis magnetometer with non-drifting but noisy output assists all-
accelerometer IMU to overcome the drift problem. Therefore, a quaternion-based augmented-state
Kalman filter [7] has been developed to estimate and improve the resolution of the orientation without
drift. However, the accurate model of the system provides the precise estimation; the computational
complexity increases, a fact that interferes with implementing in real-time.  Nevertheless, their
theoretical development presents the drift errors that would be eliminated, but in practice, they have

had to make a simpler and more linear model to balance between time consumption and nonlinearity.

Another application of the inertial navigation sensors is the home-based rehabilitation program.
Traditionally, physiotherapists help patients who have physical problems due to illness or injury to
take physiotherapy as part of their rehabilitation activities. Recently, integration of vision and
inertial sensors for arm [8, 9] and upper limb [10] motion tracking in a home-based rehabilitation
program has been proposed. In this technique, a simple kinematic model of arm and forearm are
considered. The arm is modeled as two rigid segments with known lengths, which are linked by a
revolute joint. In this assumption, the upper arm has a three-degree of freedom (3D), and the

forearm, including the hand, has a one-degree of freedom. The position of the shoulder is considered
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to be fixed, and the elbow position is calculated based on the fixed position of the elbow with respect
to the shoulder. The rotation matrix can be calculated from Euler angles which come from the
inertial sensors. The wrist position is found based on elbow position and image tracking results.
However, a hybrid tracking system is used to follow the arm motion; during a short experiment (20
second), the result showed a large drift in the estimation [8]. Since the intrinsic sensor error is not
modeled, the approach relies on the accelerometer readings to apply to the 2D image processing
algorithm to calculate the position. Later, a new and simple orientation update technique is used to
overcome the drift problem of gyros [11].  In this method, the outputs of gyros are taken into
account when the changes in accelerometers’ outputs are more than threshold. The result shows a

significant improvement.

1.2.2 Sensor Drift and Solutions

Most of the research shows that the inertial navigation sensors have drifts. There are two drift
components in the inertial sensors, bias stability and bias variability. The first one refers to the bias
varying from turn-on to turn-on and is modeled as a Gaussian random constant. ~ The second refers
to the variability of bias after turn-on and is modeled as a random walk or first-order Markov process.
Since these factors are involved in the inertial navigation computing task, they cause unavoidable
drift in orientation and position estimation. = Removing the drift of inertial navigation systems
requires that the sensors be assisted with other resources or technologies. In fact, the sensor fusion
can improve the estimation result and reduce the effect of the drifts. In order to sensor fusion, the
Kalman filter, such as the traditional one or a modified version, is used to integrate data provided by
various sensors and obtain the best estimate for the states of a system. The following collection of
related aided technology serves as examples in order to discuss the method of each approach to solve

the drift problem.

In the field of human movement tracking, a conventional IMU was used with the recommended
Kalman filtering [12, 13]. However, the Kalman filter is a powerful technique to estimate output of a
system; but for this particular case, the estimation cannot solely solve the drift problem, because the
prediction based on the output of the inertial sensors, which has intrinsically drifted, always includes
the drift.  Since these researchers performing this work did not take advantage of any extra sensors
to improve the estimation with the fusion of additional information, the drift still remains in the

estimation results.



A miniature inertial sensing system for a head-mounted display has been presented in the area of
virtual reality [14]. The sensing system is based on a three-accelerometer, three-gyro, and three-
magnetometer system called InertiaCube. The InertiaCube uses the magnetometer output as a
reference to remove errors resulting from the gyros’ drift in the Euler angles estimation. The sensors
fusion is achieved by a complementary separate-bias Kalman filter [15]. This approach provides an
algorithm to correct the estimated orientation by using the output of accelerometers and
magnetometers. However, such sensor errors as bias, scale-factor nonlinearity, and temperature
dependency are not modeled explicitly. In this scope, another device called MARG has been
invented [16, 17]. MARG consists of a three-axis magnetometer, three-axis angular rate, and three-
axis gravity sensor to track human body movement and model humans in motion in a virtual
environment The quaternion-based Kalman filter has been applied to combine the nine sensors
outputs, and estimate orientation. Their approach takes advantage of the Gebre-Egziabher [18]
method by combining the quaternion error to solve the nonlinear measurement equation with a lower
numerical computational load. The dynamic error of the gyro is modeled using the Gauss-Markov

process. In addition, a linear model is considered for the scale factor error and bias.

The global positioning system (GPS) is another interesting resource for consideration in the
application of INS aiding. Although, GPS was developed for military purposes; it is now used as a
navigation and positioning tool in airplanes, boats, and cars, and for many outdoor recreational
activities.  Finding the instantaneous three-dimensional position and velocity, and detecting the
accurate time were the initial objectives of this system [19]. GPS is a satellite radio positioning
system that provides continuous and low-rate data to track an object anywhere on or near the surface
of the Earth. The non-drifting and noisy GPS signals might be lost for a while because of signal
blocking, interference, or overcrowding [3]. However, the short-term loss never occurs in the use of
IMU. Since both systems have complementary working characteristics, the integration of GPS and
IMU associated with the Kalman filter is recommended. In order to achieve hybridization, different
Kalman filtering methods are developed and implemented [20-25]. Although, the result shows that
this method can deal with INS drift; the use of GPS is restricted to outdoor activities.

Generally, dead-reckoning or vision were used for mobile robot localization. In the dead-
reckoning techniques, the odometer system is a common position sensor for mobile robots. Since it
records total traversed distance by cumulating the travelled distances continuously, any sensing error

is included in this accumulation and the error of estimated distances increases as time passes. To
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prevent excessive error and obtain accurate estimations of position and orientation, dead-reckoning is
integrated with the inertial navigation sensors [26]. Owing to the intrinsic error of both IMU and
odometer, the data fusion requires precision calibration of the IMU [27]. The dead-reckoning
methods are not suitable for use in precise manipulation applications since small movements cannot
be sensed and slow signal processing does not allow real-time processing. In vision-based robot
localization, the robot equipped by camera finds its current location using different features extracted
from visual information of the environment. Each feature and its corresponding position are stored
in a database, and the robot retrieves its position by comparing the current extracted feature with the
database and finding the most similar vector. Lately, the inertial sensors have been playing a role in

robot positioning [28, 29] as well as augmented reality [30, 31].

Most vision-based hybrid INS systems are based on a monocular vision system [29, 30]. While
the inertial sensors measure the components of the motion, the current position of the moving object
is simultaneously determined by using visual information from the surrounding environment. In fact,
a camera is mounted on the object, and a database of various features corresponding to a landmark is
established.  During object navigation, several images are captured and then different invariant
features are extracted. = The extracted feature vector is compared with those in the database. The
current position can be retrieved once the optimum vector is found.  Then, the sensor fusion
algorithm estimates the current state of the object. In many applications, land marking is not
practical or is hard to implement. Besides, mounting a camera on the tracking object is not possible
because of the size and weight of the camera compared with the dimensions of the object. However,
two-camera vision systems are used in particular applications [9, 10, 28, 32, 33]; they have a limited

field of view and accuracy.

Without considering the result of the above hybrid vision-inertial systems, the robot’s precision is

not satisfactory and reasonable in precise manipulation tasks.

1.2.3 Local Positioning System (LPS)

The Local Positioning System (LPS) is a system with the capability of detecting, tracking, and
localizing multiple targets accurately in real-time in an indoor environment. Typical applications of
LPS include resource management [34], robot localization [35, 36], environment monitoring [37], and

people-tracking for purposes of special supervision [38] and public safety [39].
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The target or moving object is equipped with a small transmitter that includes a micro-controller
and an emitting device. The emitting device sends the identification of the target to the LPS receiver

with a unique sequence of on and off flashing.

The current localization systems can be classified by the core transmission techniques as IR, RF,
ultrasound, magnetic, or electromagnetic. Their distinctive characteristics make them popular for

different applications.

RF-based systems now have a low accuracy. However, they do not require a direct line of sight
between sender and receiver, and their accuracy is considerably reduced by multiple-path and fading
effects. Experience shows that the measurement results can be influenced even by the number of

targets and by varying the number of objects standing close to a target [40].

In the ultrasound technique, targets emit an ultrasonic pulse to a set of ceiling-mounted receivers,
such as the Active Bat system [41]. The objects can be located to within 9 cm of their true position.
The accuracy of ultrasound-based systems suffers from reflections and obstacles between senders and
receivers. However, the performance of these systems can be improved by establishing a dense

network of receivers; this requirement makes them expensive, as well as complex to install.

Magnetic-based tracking systems are commonly used in virtual reality and motion capture
applications. = However, the magnetic tracking technique offers a high resolution; the use of

magnetic-based systems is limited to a small and precisely controlled environment.

The electromagnetic systems are based on a network of wire coils covering the area of tracking.
The accuracy of the electromagnetic systems is within a few millimeters in 3D; however, the large
metal objects affect the electromagnetic systems; to achieve good accuracy, therefore, a precise
calibration procedure is required. In addition, the infrastructure of these systems is such that it is

difficult to install them in rooms with high ceilings.

Ultra-WideBand systems (UWBs) [42] are wireless communications techniques based on very high
frequency signals, and their bandwidth is much wider than the conventional RF bandwidth.
Furthermore, a higher receiver density than that in traditional RF systems is required. UWBs are

capable to transmit pulses with duration as short as nanosecond or less. Since these systems are less



affected by multi-path than are conventional RF systems, they can be accurate to about 5 cm in 3D.

Besides, they can be installed much easier than ultrasound and electromagnetic systems.

Infrared (IR) optical-based systems cover a wide range of field [41], but they require a direct line of
sight between transmitter and receiver. This means that obstacles and surfaces cause the
communication linkage between senders and receivers to be missed. However, the emitters must be

mounted at uncovered places; this constraint does not severely limit their use.

Considering the complementary working characteristic of RF- and IR-localization systems,
researchers have started to focus attention on finding effective means to combine these two systems
into a hybrid localization system with higher accuracy and better performance than previous systems
[43, 44]. Thus, large rooms can be covered easily and positioning within the room is possible with

less limitation; however, the complexity of the system is drastically increased.

An IR-LPS for smart items and devices is designed for integration with a camera [40]. This

system covers a wide area (~100m2) and tracks a large number of targets with a constant sampling
rate without impacting on performance significantly. The result shows the accuracy is about 8 cm
over a small range and 16 cm over a wide range. As well, the multi-robot positioning experiment
[43], which takes advantage of the hybrid IR/RF communication system, shows that the measured
distance error is relative to the range of view; the target can be located within 3.25 cm to 15 cm of its
true position. In addition, bandwidth, sampling time, number of targets, and some hardware intrinsic

bottlenecks are restricted when using this system.

Typically available IR optical tracking systems, such as Optotrak [4] and Firefly [45], are used
mostly in precise applications, given that the accurate and instantaneous responses are two vital and
crucial factors. The IR optical systems can cover and bring up to the field of view a wide region,
while the Optotrak positional resolution and accuracy of positioning each marker in 3D is about 0.002
mm and 0.05 mm at 2.5 m respectively. Accordingly, even though IR optical systems are extremely
expensive, their use in medical applications has grown. On the other hand, in most vision-based
tracking systems including Optotrak, cameras are aligned on a straight line. ~When applications
require keeping the object in the field of view during all of its movement, several of these optical

systems must be chained together, creating an exceedingly expensive tracking system.



1.3 Research Objective

In this research, we propose a Local Positioning System (LPS)/SDINS for use in designing a hand-
held tool tracking system. At the beginning of using the tool, a stationary reference point is affixed
in the workspace. The ultimate goal here is to develop a hand-held tool, which is instrumented with
MEMS sensors for full six degrees of freedom (6D) tracking.  The tool is placed in the reference
point in a mechanically stable and repeatable fashion. The measurement system is reset when the
tool is placed in the reference position. This position is considered the origin, where acceleration due
to gravity can be determined. The orientation is therefore determined relative to gravity. The tool
can then be removed from the reference point. It is moved by hand to a point of interest in the

workspace.

The end tip position and tool orientation must be tracked and be reported to a host computer for
further analysis.  This end-tip measurement and the attitude of the tool must remain accurate to
better than one millimeter RMS and one degree RMS for duration of at least one minute as it is
required for many applications in medicine and industry. An audible or visual indication must be
made after such time that the system determines it can no longer accurately report the pose.  The
user then returns the tool to the reference holder to re-establish the origin. Remaining accurate for a
time greater than one minute would be of great benefit as the operator does not require returning the
tool frequently. The local coordinate system of the tool can be established relative to the reference

holder by well-known registration techniques.

The LPS is designed to calculate the position and orientation of the tool. To implement the LPS,
we locate a multi-camera vision system around the workspace, which is connected to our own

computer to facilitate 6D position-orientation calculation during tool operation.

The proposed multi-camera vision system is implemented by employing CCD cameras which are
fixed in the navigation frame and their lenses placed on a semicircle. All cameras are connected to a
PC through the frame grabber, which includes four parallel video channels and is able to capture
images from four cameras simultaneously. Digital image processing algorithms are applied to detect
the tool with markers which are located on the body of the tool, determine the tool orientation, and

find the 3D position of the tool tip with respect to the navigation frame.



In the SDINS, three accelerometers and three gyros are mounted rigidly and directly to the body of
the tool in a three perpendicular axes frame. Since these sensors provide the full range of heading
changes, turn rates, and applied forces that the object is experiencing along its movement, accurate
3D kinematics equations are developed to compensate for the motion-dependent errors caused by

vibration, coning motion, sculling, and rotational motion.

In addition, the multi-camera vision system data with cooperation of the modified EKF aids the

inertial sensors to deal with the drift problem.
The specifications of a final solution for a hand-held tool tracking are as follows:
e  Measuring Devices for 6D (translational and rotations) or 3D (only rotations)
e Update rate of 100 Hz.
e Inexpensive
e Light weight and ergonomically balanced for the human hand.

e Auto-cleavable for at least 10 cycles (withstand storage temperatures of 125° C and high
humidity).

e User-friendly push-buttons, LED indicators, and limited capacity programmable memory

device.

1.3.1 New Contribution

The objective of this research is to design a reliable and cost-effective positioning system which is
capable to locate precisely the position of the tool and determine accurately its orientation in real-

time.

The accurate available positioning systems such as Optotrak are expensive and not affordable to be
used in many applications such as industries. Therefore, the system is designed based on the cost-

effective factor.
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The performance of the positioning systems is not only evaluated based on the accuracy but also
the measurement rate. The measurement rate of the existing positioning systems is reduced by
increasing the number of markers. Keeping the sampling rate of the system at the same measurement
rate that the system is operating with fewer markers requires extra hardware.  Introducing more
hardware to the system adds more complexity in hardware and software design. This means the price

will be increased significantly.

One of the most important contributions of this research is that the proposed positioning system is
capable to respond at the highest measurement rate at all time of operation, which is at least 100 HZ

in order to response in real time.

The low-cost and high frequency features of the MEMS-based inertial sensors allow us to meet the
high measurement rate requirement. Besides of these features, they are miniaturized in size and
weight which allow them to be mounted on an object and without interfering with its operation. In
addition, they can provide full dynamic range of the motion that the target is experiencing during its
movement. All these characteristics make them popular in navigation applications; however, few
research studies have been done in the field of the tool tracking [5]. Current tool tracking systems
based on MEMS-based inertial sensors use 6 or 9 accelerometers and no rate gyros, which is call all-
accelerometer IMU or gyro free IMU. Magnetometers are introduced in these systems to assist the
accelerometers in estimating the 3D orientations. As the function of the magnetometers is affected
easily by metals around the workspace, they are not appropriate for many applications. To address
this problem, this research study proposes to employ a 3-axis accelerometer and a 3-axis rate gyro to

estimate the 6D positions and orientations.

Although, the general equations of the SDINS computing task are applied in many navigation
applications such as the navigation of land vehicles, airplanes, spacecrafts, and submarines;
introducing MEMS-based inertial sensors in the tool tracking system whose accuracy should be in the
range of few millimeters requires developing precise kinematics equations in order to minimize the
SDINS errors resulting from the common motion-dependent errors as much as possible. The relative
motion analysis and driven equations in the current research studies in this area are based on the gyro
free assumption. The 3D relative motion analysis and developing required 3D kinematics equations
for the hand-held tool including a three-axis rate gyro and a three-axis accelerometer is the other

essential contribution of this thesis.
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Even though, the drift error of the SDINS is significantly reduced by developing 3D kinematics
equations and applying them into the general equations of the SDINS; but the SDINS still lose its
accuracy over the time. This thesis recommends that the SDINS is integrated with another local
positioning system associated with a sensor fusion technique to improve the accuracy of the system

and keep it in the desired range for a longer period of the time.

However, GPS is commonly used for integrating with INS and SDINS in many outdoor
applications; it is not recommended for indoor applications, since the satellite signals cannot penetrate
the buildings materials. Vision systems are one of the most popular indoor tracking systems. Aside
form Optotrak which is used three IR cameras and are not optical cameras, other research studies
employ monocular or stereo vision systems in order to video tracking. One of the shortcomings of
the vision systems is the loss of line of sight; which means the path between the target and the

cameras will be blocked by obstacles and the video tracking will be failed.

Another significant contribution of this research is the design of a multi-camera vision system with
individual configuration so as to prevent the loss of line of sight as much as possible. This
configuration proposes to place the cameras along a semicircle in order to expand the angle of view

and initiate a wide circular field of view.

As a matter of cost effectiveness, the low-cost CCD cameras are chosen to be employed in the
proposed vision system. The more inexpensive cameras the smaller angle of view. As a result of
smaller angle of view, more cameras are required to be employed to cover the entire circular
workspace. However, utilizing more cameras introduces more complexity in calibration procedures
and computer vision algorithms; the positioning error of the multi-camera vision system is

significantly reduced. The number of required cameras is directly relative to the angle of view of the
cameras. Since the angle of view of the chosen cameras in this project is % , four cameras are

necessary for achieving the proposed arrangement.

As a result of this arrangement, an individual calibration procedure is designed to estimate the
intrinsic and extrinsic parameters of the multi-camera vision system. In addition, the 3D position
estimated by SDINS is provided in the navigation frame, therefore, a 3D transformation is required in
order to map each point expressed in the world coordinate system of the multi-camera vision system

into the navigation frame. First, the calibration procedure assigns a unique world coordinate system
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into the multi-camera vision system, and then provides a 3D homogenous transformation for each
single camera to transform each point in camera frame into the unique world coordinate system and a
3D homogenous transformation to map each point in world coordinate system into the navigation

frame.

Aside from the camera calibration, video tracking requires applying digital image processing and
computer vision algorithms. To address the computation load problem of the video tracking, the

simple and efficient algorithms for application in hand are selected.

Integration of the multi-camera vision system and SDINS requires an estimation method. Various
types of EKF are developed for different application. These methods provide an estimation of the
state variables or the errors. This research develops an EKF which offers the estimation of the
changes in the state variables. Then the current estimated values of changes in the variables are
added to the previous estimation. According to the general equations of the SDINS, the constant
value of the gravitational force is removed from the resulted equations and the resulting error from

the uncertainty value of the gravitational force is eliminated.

The inertial sensor noise is theoretically modeled with a zero-mean Gaussian random process. In
reality, the actual mean of the noise is not absolutely zero. As a result of the proposed EKF and due
to the inherent characteristic of the Gaussian random process, the average of the input noise is
decreased while its variance is increased. It is expected that the resulting drift from input noise is

reduced and smooth positioning is obtained.

1.3.2 Publications

Journals:

N. Parnian, M. F. Golnaraghi, 2007, “Integration of Vision and Inertial Sensors for Industrial Tools

Tracking,” Sensor Review, Vol. 27, No. 2.

N. Parnian, M. F. Golnaraghi, 2008, “Compensation for the Common Motion-Dependent Errors in
the Strapdown Inertial Navigation System in Application of a Hand-Held Tool Positioning,”
Submitted to: IEEE Journal of selected topics in Signal Processing, Paper Number: ASPGRN.103
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N. Parnian, M. F. Golnaraghi, 2008, “Integration of the Multi-Camera Vision System and SDINS

with a modified EKF,” ready for submission.

N. Parnian, M. F. Golnaraghi, 2008, “A New Configuration for a Multi-Camera Vision System in
its Integration with the Strapdown Inertial Navigation System for Hand-held Tool Tracking,” ready

for submission.
Conferences:

N. Parnian, S.P. Won M. F. Golnaraghi, “Position Sensing Using Integration of a Vision System

and Inertial Sensors,” Proceeding of [IECON2008, November 2008, Orlando, Florida, USA.

S.P. Won, N. Parnian, M. F. Golnaraghi, W. Melek, “A Quaternion-Based Tilt Angle Correction
Method for a Hand-Held Device Using an Inertial Measurement Unit,” Proceeding of IECON2008,
November 2008, Orlando, Florida, USA.

N. Parnian, M. F. Golnaraghi, “A Low-Cost Hybrid SDINS/Multi-Camera Vision System for a
Hand-held Tool Positioning,” Proceeding of IEEE/ION PLANS Conference, May 2008, Monterey,
California, USA.

N. Parnian, M. F. Golnaraghi, “Hybrid Vision/Inertial Tracking for a Surgical Application,”
NTC2007 Proceeding of the First Nano Technology Conference, February 2007, Shiraz, Iran.

N. Parnian, M. F. Golnaraghi, “Integration of Vision and Inertial Sensors for a Surgical Tool
Tracking,” Proceedings of IMECE2006 2006 ASME International Mechanical Engineering Congress
and Exposition, November 2006, Chicago, Illinois USA.

1.4 Summary

Our survey of the prior-art shows that there is a need for research in the area of precise positioning
and the proposed topic will advance the state of knowledge in this field. In particular, the
advancements from the proposed research will have the potential to benefit computer-assisted
surgical devices in medical applications. The research will provide innovations in sensor tracking of

devices utilizing the multi-camera vision system and inertial sensors, a new configuration and
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calibration method for the proposed vision system, and integration of the vision system and SDINS

by introducing a new estimation algorithm.
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Chapter 2

Strapdown Inertial Navigation System

Inertial navigation systems (INSs) were initially developed for military aviation applications.
INSs are widely used in the positioning of various types of vehicles such as land vehicles, aircrafts,
spacecrafts, and submarines. An INS is implemented based on two different techniques, gimbaling

and strapdown systems.

The first system requires complicated, power consuming, and massive structures for gimbaling the
inertial sensors on a mechanized-platform [46].  In the second system, inertial sensors are mounted
on the body of a moving object [2] rather than a mechanized-platform. As a result of MEMS
fabrication techniques, the inertial sensors such as accelerometers and angular rate gyros have been

manufactured in a small size and light weight, allowing them to be strapped onto the moving object.

Because MEMS fabrication techniques have made inertial sensors low-cost and inexpensive,
SDINS is allowed to be used for outdoor recreational activities, as well as for indoor environment

applications such as medicine, industry, robotics, sports, virtual reality, and human motion tracking.

In an SDINS, inertial sensors are mounted rigidly and directly to the body of the tracking object
and the inertial measurements are transformed computationally to the known navigation frame. The
SDINS can continuously monitor the position and orientation of a moving object with respect to the
known navigation reference frame, based on measuring its instantaneous linear acceleration and
angular velocity with respect to the body reference frame and knowing its initial position, velocity,
and attitude with respect to the navigation reference frame. Since the inertial measurements are in
the body reference frame, computing the position and orientation requires a set of guidance

navigation equations to transform the inertial measurements to the navigation reference frame.

In order to implement SDISN, three gyros and three accelerometers, or a three-axis gyro and a
three-axis accelerometer are employed. These sensors are typically integrated in a unit which is

referred to as inertial measurement unit (IMU).
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2.1 Inertial Measurement Unit (IMU)

An Inertial Measurement Unit (IMU), includes gyros and accelerometers, is mounted on the
moving object to track its motion, attitude, and position. IMUs commonly suffer from bias drift,
scale-factor error owing to non-linearity and temperature changing, and misalignment as a result of
minor manufacturing defects.  All these errors lead to SDINS drift in position and orientation.
Reducing the resulting drift in SDINS requires that the IMU be calibrated and parameters be

estimated before mounting the IMU on a mobile object.

2.1.1 IMU Calibration

Calibration is the process of comparing a sensor’s output with known reference quantities over the
range of output values. The precision of the SDINS depends on the accuracy of calibration

parameters such as scale factors and cross-coupling, measurement noise, and sensor bias.

An IMU measures acceleration and angular velocity in three perpendicular sensor axes, using one
accelerometer and one gyro per axis. In a real device, these three sensor axes are not truly

perpendicular owing to the minor manufacturing defects, as shown in Figure 1.
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Figure 1 - Gyros and accelerometers misalignments

As a result of this misalignment, each sensor output is affected by sensing the motion in another
direction and leading to SDINS drift. In addition, scale-factor error and inherent static bias are the
common errors in sensors. The changing scale-factor error could be non-linear [32, 47], and the bias
error usually does not remain static but changes dynamically [48-50]. Error modeling of gyros and

accelerometers is required to apply the calibration process.

17



2.1.2 Rate Gyros and Accelerometers Output Modeling

The outputs of the rate gyros and accelerometers are electrical signals that are proportional to the

angular rate and the specific force. For these sensors, the following model is widely used [51]:

@(t) =w(t)+b, () +{()

. 2.1)
b, () =n()

and

a(t) =a(t) +be(t) +¢(t)

. 2.2)
b, (t) = HO)

where @(t) and w(t) represent the continuous-time measured angular rate and the actual angular rate,
a(t) and a(t) refer correspondingly to the continuous-time measured acceleration and the actual
acceleration; b, (t) and b, (t) show the dynamic bias for gyro and accelerometer; and {(t), n(t),

¢(t), and &(t) represent independent zero-mean Gaussian white noise process.

Since @(t) and d@(t) are related to the output of gyros and accelerometers, a simple first-order

model can be written in order to take into account the misalignment error:

a(t) = M.v,(t)

(2.3)
a(t) = N.v,(t)

where v, (t) and v, (t) are 3x1 vectors and refer to the output voltage of the gyros and accelerometers
in the three directions of x, y, and z; M and N are 3x3 matrices, while their diagonal indices represent

the scale-factor and their oft-diagonal indices show the misalignment factors.

Substituting equation (2.3) into equations (2.1) and (2.2) gives a simple model for estimating the

scale-factors, misalignments, and biases by applying the least square technique:
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w(t) =M.y, (t) — b, () + (1)
a(t) =N.v,(t) + by (t) +¢(t)
b, () = 7(t)
b (t) = &(t)

2.4

Modern calibration techniques utilize the benefits of recursive least square estimation to achieve
optimal estimates of the calibration parameters [52]. If a single-input single-output system is

described by
y=Ax+b+n 2.5)

where y and u represent output and input respectively, 4 and b refer to the model parameters, and # is

the input noise, then the system model can be rewritten as:

y=[‘2][x N+n=putn (2.6)

Then £, which consists of model parameters, is calculated as follows:

Bk = Br—1 + Kk — Bre—1ux)
P, = Py_q — Kug P, (2.7)

-1
K= Pk_luz(az + ukPk_lu,f)

where o is a variance of the noise measurement, P, is the covariance matrix of the estimation, and
K541 1is the gain. Since the IMU is a nonlinear and multi-input multi-output (MIMO) system, equation

(2.6) can be expanded with respect to equation (2.4) as follows [3]:
W] _ [M][Yg ba) {]

[l = (Wl el + [
v,

vla +[§]—>Y=ﬂU+e
[ 1

2.8)

As a result, equation (2.7) is rewritten for the MIMO system as:

19



Bk = Br—1 + K(Yx — Br—1Uk)
Py = Py_q — KUy Py—q (2.9)

-1
K =P,_1UL (R + Uy P _1Uf)
where R is the noise measurement covariance matrix.

Determining the unknown parameters requires measuring the output of gyros and accelerometers in
different temperatures over the range when the actual angular rates and actual acceleration are known

or obtained from the precise device, such as a turntable.

It is well known that the scale factors of inertial sensors are changing with temperature. These
changes are considerable even the temperature is changing in the small range (see the result in the
section 2.3.1). Since the hand-held tool can operate in different environment for different

applications, then a wider range of temperature is considered for IMU calibration.

2.1.3 Thermal Tests

The thermal tests are employed to establish the variation in the calibration parameters with
temperature; when either the sensor is working at the lowest or highest operating temperature. The
sensor is usually placed in the thermal chamber allowing tests to be run at the sub-zero temperatures
and increased to the high temperatures. Various tests can be carried out to study the behavior of the
inertial sensors in different temperatures. Soak method and ramp method are two popular thermal

tests for MEMS inertial sensors [53 , 54].

In the soak method, the sensor is put in the chamber for sufficient time allowing the sensor to
establish its temperature at the temperature of the chamber. Then, the system records the output of the

SE€nsor.

In the ramp method, the response of the sensor is recorded during different rates of temperatures.
The sensor is placed in the chamber with the variable temperature. The temperature is linearly
increased or decreased during a given period of time. During this period, the output of the sensor and

temperatures are recorded correspondingly.

20



2.2 Navigation Equations

A SDINS determines the position and orientation of the tracking object by measuring applied
specific forces to, and turning rates of, the body. In order to obtain the position and attitude of the
object with respect to the known navigation frame, a set of equations are required to compensate
measured inertial components for common motion-dependent errors and transform compensated
quantities to the navigation frame. Navigation equations provide the motion behavior of a known
particle of a rigid moving object [3]. In order to derive the motion equations of the moving object, a

precise definition of reference frames is required.

2.2.1 Reference Frames

Analyzing the three-dimensional motion of a rigid body requires the use of two reference frames:

the body reference frame attaching to the body of a moving object, and the navigation frame.

Figure 2 shows the reference frames and a symmetric hand-held tool equipped with an IMU when

the body frame aligned on the IMU coordinate system.

Figure 2 - Hand-held tool and assigned reference frames

When the position of the tool tip is desired, the IMU is attached to the bottom of the tool. The

assigned body frame is the IMU frame, while its z-axis is aligned on the tool tip axis. The navigation
21



frame is a fixed geographical reference frame whose x-axis points to the North, y-axis to the East, and

z-axis to Down.

2.2.2 Motion Analysis

Motion analysis of a rigid body provides a set of equations determining its trajectory, speed, and
attitude during its movement.  Since the IMU measures the inertial components of the connected
point, the acceleration and velocity of other points on the body can be computed relatively.
Achieving complete knowledge of the motion and orientation of the tool tip requires significant
computational complexity and challenges relating to resolution of specific forces, attitude

computation, gravity compensation, and corrections for common motion-dependent errors.

The performance of a SDINS is certainly dependent on the motion of the host object. The
precision of the SDINS depends not only on the accuracy of calibration parameters but also on the
common motion-dependent errors. Many research studies on the subject of the inertial navigation do
not take into account the common motion-dependent errors [2]. Their impact on the performance of
the SDINS in aerospace and vehicle navigation can be neglected by applying some constraint on the
motion. Even in some applications, such as navigation shoe [55, 56], autonomous underwater
vehicles [57], or even oil drilling [58], the zero-update velocity is considered to address and cancel
the effect of the common motion-dependent errors; but in the application of the hand-held tool
tracking, these errors grow rapidly over time because of the non-restricted and non-constrained

movement in 3D space.

The common motion-dependent errors refer to the errors caused by vibration, coning motion,
sculling, and rotational motion [59, 60]. A number of motions can be experienced by inertial sensors
that show the tool is moving; however, the tool tip still remains in the initial position. For instance,
the tool is rotating alternately about either the x-axis or y-axis while the tool tip is fixed in the ground.
As shown in Figure 3 and Figure 4, the accelerometer mounted on the y-axis or x-axis is
correspondingly affected by this rotation; however, the tool tip is not moving. If the tool is
experiencing the coning motion around z-axis, then both accelerometers of x-axis and y-axis would

be affected, see Figure 5 and Figure 6.
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Figure 3 - The effect of rotation about x-axis on the output of y-axis accelerometer.
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Figure 4 - The effect of rotation about y-axis on the output of x-axis accelerometer.
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Figure 5 - The effect of coning motion around z-axis on the output of x-axis accelerometer.
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Figure 6 - The effect of coning motion around z-axis on the output of y-axis accelerometer.
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Inertial sensors provide the full range of heading changes, turn rates, and applied forces that the
object is experiencing along its movement. The accurate 3D kinematics equations for a hand-held

tool are developed to compensate for the common motion-dependent errors.

2.2.3 Relative-Motion Analysis Using Translating and Rotating Axes

The hand-held tool is grabbed at the known point B by the fingers of an operator in order to
perform the manipulation task. The possible motions are the translational motion of the tool tip and
the rotational motion of the body. As a result of the tool rotation, the sculling and coning errors
appear in the measurements. These errors must be taken into account in order to determine the
absolute acceleration of the tool tip accurately. When the tool is rotating about its axes at the fixed
point P, the Coriolis and centripetal accelerations are detected by accelerometers. The general
kinematics equations [61] for the motion of two points 4 and P, the origin of the body frame aligned
on the IMU reference frame and the tip of the tool shown in Figure 2, are derived by using the

relative motion analysis.

If the position of point A with respect to point P measured in the local frame is denoted by the

relative position vector 14 p, Figure 7, then the vector summation rule gives:

Figure 7 - Relative position
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Ty =T7p + TA/P (210)

where 1, and rp are vectors defining position of points 4 and P with respect to the navigation frame.
The velocity of point A measured from navigation frame is obtained by taking the time derivative of

equation (2.10):
Ty =1Tp +Typ (2.11)

Since the body frame axes are rotating with respect to the navigation frame, the time derivative of
each arbitrary vector in the body frame must take into account the change not only in the vector’s

magnitude but also in the vector’s direction [62], meaning that:
k = (k)xyz +wxk (2.12)

where k is an arbitrary vector in the body frame; k is its time derivative with respect to the fixed
navigation frame; ® is a vector referring to the angular rate of the body frame measured in the fixed

navigation frame; and “x” denotes the cross product operation.

By considering the angular velocity of body frame, ®, measured from navigation frame, the last

term in equation (2.11) yields:

Tap = (Tasp)xyz + @ X 1y/p (2.13)
Then equation (2.11) is rewritten as:
T4 =Tp+ (Tap)xyz + @ X Ty/p (2.14)
or
Vg =vp+ 0 X1yp + (Vasp)ryz (2.15)

where v4 and vp represent the velocity of points 4 and P, and (V4,p)yy, is the relative velocity of

point 4 with respect to point P measured from the body frame. As well, the acceleration of point 4

measured form the navigation frame is calculated by taking the time derivative of equation (2.15):
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S . d
Vy = Up + w X TA/P + w X T'A/P + a(UA/P)xyz (216)

Once again, due to the rotation of the body frame with respect to the navigation frame, equation

(2.12) will be applied into the last two terms of equation(2.16):

W X 7gyp = 0 X ((Fasp)xys + 0 X 14/p)

(2.17)
=0 X (Vg/p)xy; + @ X (u) X rA/p)
d .
E(UA/P)xyz = (UA/P)xyz +w X (UA/P)xyz (218)
Substituting equations (2.17) and (2.18) into equation (2.16) yields:
‘DA = ‘Dp + w X Ta/p + w X ((1) X TA/P) + 2w X (UA/P)xyZ + (l)A/P)xyZ (219)
or
(2.20)

ag=ap+®X1yp+wx(@X1p)+ 20X (Vasp)xyz + (Aasp)xyz
where a4 and ap are the total acceleration of points 4 and P; w refers to the time derivative of

angular velocity; and (as/p)y,, denotes the relative acceleration of point 4 with respect to P

measured in the body frame.

Since the estimation of the position of the tool tip, point P, is desired, ap must be evaluated from

equation (2.20) by measuring and evaluating other quantities.

According to Figure 2, the attached IMU measures both the angular velocity and applied forces at
point 4. This means that the angular velocity, o, is measured by the gyros and w can be determined
by taking the time derivate of . It is well known that the derivative of noisy signals produces a
noisy result with the very large values. To address this problem, the data is smoothed before

derivation and a low-pass filter is also applied after signal derivation.

The acceleration of point 4, a4, can be evaluated by using the following equation:
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as = fa+ gp (2.21)

where f, denotes applied forces or the accelerometer measurements, and g, is the gravity vector

represented in the body frame.

Since both points P and 4 located on the same rigid body and moving along the motion of the tool,
the two terms (Viip ja)xy, and (Qgp/a)xy, become zero.  As demonstrated in Figure 7, 7p is

changing because of the rotation of the tool:

Lsin@

_ Lsinf
Tap = — —Lsin¢ = —|—Lsin¢ (2.22)
L\/1 —sin2 6 —sin2 ¢ LD
Therefore, the total acceleration of the tool tip, ap, is computed as:
ap =ﬁ4—(i)><rA/p—mx(u)XrA/p)+gb (223)

The Euler angles corresponding to the roll, pitch, and yaw [63] are shown in Figure 8, and denoted
with the angles ¢, 0, and v, respectively. The length of the line 4P which connects the tool tip to the

origin of the body frame has a known value of L.
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Y

Figure 8 - Euler angels of the tool with respect to the NED frame

The direction of the attached local reference frame is the same as the direction of the navigation
frame and translating only with respect to the navigation frame, while the tool is rotating only with

respect to the local reference frame.

T

Expanding the second and third terms in equation (2.23) by considering w = [w, w, w, ]" and

w = [w, ®) @, 17, gives the following equations:

wy,D — w, sin¢
a=wXryp=-L| w,sin6—wD (2.24)
W, Sin¢ — w,, sin 6

W, Wy SN + W, w,D — wy sinf — w7 sin 6
a, =wX ((o X rA/p) = —L|w,w,D + w,w, sinf — w?sin¢ — w?sing (2.25)
Wy, Sin 6 + w,w, sin¢ — wa — w?D

According to Figure 2, the possible sculling and rotation motion is about the x-axis and y-axis and
the feasible conical motion is the circular cone traced by the z-axis. If equations (2.24) and (2.25)

are rearranged as follows:
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—w, sing wy D
a; = —L[ w, sin 6 ] —L —w,D (2.26)
0 Wy Sing — w,, sin @

2 .
wyw,D — w?sin@ wyw,D — wy sinf
a, = —L wyw,D + —w?sing|—L wyw,y, sinf — w? sin ¢ (2.27)
0 Wy W, Sinb + wyw, sin¢—w§D—w§D

then the first terms and the second terms of equations (2.26) and (2.27) introduce the effect of the
coning motion and the sculling/rotation motion, respectively.  Therefore, equation (2.23) can be

rewritten as:

ap = fy —a; — a, + gy (2.28)

Since the angular velocity, angular acceleration, and applied force in equation (2.28) are expressed
in the body frame, a transformation matrix [64] is required to convert the acceleration of the tool tip

from the body frame to the navigation frame.

2.2.4 Direction Cosine Matrix

The direction cosine matrix (DCM), C}', is a 3x3 matrix that transforms any represented vector in

the body frame, r?, to the corresponding vector in the navigation frame, r",:
= Chrb (2.29)
Therefore, the acceleration of tool tip with respect to the navigation frame is computed as:
ay =Cy(fa—ar—an) + gn (2.30)
where g,, denotes the gravity vector in the navigation frame [0 0 9.81].

Obviously, the body frame is rotating with respect to the navigation frame around three directions
during the movement of the tool, so the changes of direction cosine matrix should be calculated with

respect to time. The changes in the rate of C}} with time is given by:
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. 6C _ CR(t+6t) = Cl ()
C' = lim — = lim
5t—0 Ot 5t—0 ot

2.31)

where CJ} (t) and C} (t + 8t) refer to the transformation matrix at times ¢, and (t + 6t). Cj' (t + 8t)
can be considered a product of two sequent rotations: a transformation from body frame to navigation

frame and transformation from body frame at time # to body frame at time (t + 6t). As a result,
Cp(t +6t) = Cl(t)D(t) (2.32)

The three rotations of body frame may be expressed as a transformation from one frame to another

frame as:

[cos 0 cosy —cos¢ siny sin ¢ siny
+sin¢ sin @ cosyP + cos ¢ sin 8 cos P
D =|cos@siny cos ¢ cosy —sin¢ cosy (2.33)
+sin¢ sinf siny +cos¢sinfsiny
l —sin@ sin ¢ cos 6 cos ¢ cos 6

where y, 6, and ¢ are represented the Euler rotation angles. For a small angle rotation of dy, 06, and
0¢ which the body frame has rotated over the time interval o7 about its yaw, pitch, and roll axes;
sindyY — Y, sindf — §6, and sind¢p — d¢; and the cosines of these angles approach unity.
Making this substitution into equation (2.33) and ignoring the angles products, which are much

smaller than the angles itself, gives:

1 =&Y 1 0 0 0o -y 6
5 1 —5¢] [o 1 0|l+|y 0 —¢|=I+6" (2.34)
—66 0o 1l [-6 ¢ o

By substituting equation (2.34) into equation (2.32), the direction cosine matrix at time

(t + 8t) is expressed in terms of the changes in Euler angles:
C}(t+6t) =Cr ([ +6¥] (2.35)

According to equation (2.31), the rate of changes of C}' (t) can be rewritten as:

oY
CM = CI'(t) lim 2.36
b b()lo& (2.36)
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where
lim — = Qb, (2.37)

In equation (2.37), Q2, denotes the skew-symmetric form of the angular rate vector
w?, =[wx @y @7 which refers to the turn rate of the body frame with respect to navigation
frame expressed in body axes and measured by gyros. As a result, the changes in the rate of

transformation matrix is calculated by the following equation:

Cp = Ch(t)Qpy = Cf [oony, X]
0 -, (2.38)
Qﬁb =| w, 0 —W,
—w, Wy 0

2.2.5 Quaternion

The three-dimensional Euler angles representations were applied for attitude estimation in the
SDINS, but these representations are singular or discontinuous for certain attitudes [65]. Since the
quaternion parameterization has the lowest dimensional possibility for a globally non-singular attitude

representation [51, 66], the quaternion is generally used for attitude estimation in the SDINS.

The direction cosine matrix,Cj’, can be expressed in terms of the quaternion [2, 3]

q=1[q1 92 93 q4]" as:

q? +q3—q3—q; 209293 — 9194) 2(q294 + q193)
CH @) =] 2(q2q3+ q19s) f—aé+a5—aqi 2(9394 —q192) (2.39)
2092094 — 193)  2(q3q4 + q192) 91 — 495 — 45 + 4i

Since q7 + q% + q% + q7 = 1, equation (2.39) can be rewritten as:

¢ +q2-05 9203~ 0194 294 + G193
Ch(@) =2%| q2q3 + q1qs Gf 45— 05 39a~ 142 (2.40)
Q204 — 193 9394+ 0192 qf +q5—0.5
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Moreover, a quaternion vector for small angular displacements can be expressed in terms of the

direction cosine matrix as follows:

1
CI1:§\/1+C11+022+C33

1
gz = 0 (c32 — €23)
1

qz = 4—%(013 —c31)

(2.41)

1
Qs = P (c21 —€12)

The complete algorithm for the computation of quaternion parameters from the transformation

matrix can be found in [67].

On the other hand, the angular velocity is related to the quaternion [68], and can be written as:

wy = 2(—q2q1 + 4142 + 9493 — q344)
wy, = 2(—q391 — 9492 + 4143 + q2q4) (2.42)
w; = 2(—q41 + 4392 — 9293 + q144)

Rearranging equation (2.42) gives:
. 1
4 = —E(‘hwx + qzwy, + qaw,)

_ 1
q; = E(‘hwx — q4wy + q30,)

" (2.43)
q3 = E(q4wx + qrwy, — ;)
. 1
q4 = _E(q3wx —qwy — CI1wz)
This set of equations can be represented in two matrix forms:
] = 1A" _1 0 (2.44)
Q=73 an—zQ(q)[wgb] :
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where Q(q) is a quaternion matrix representation and A7, is a 4x4 skew symmetric matrix of the

angular rate vector. These two matrices are described as follows:

nb — » 0 _[wa]T
n
_wa —[wflb X]
(41 —92 —q3 —qa (2.45)

@2 q1 —494 Q3
@W=1g; @& @ -a
|44 —q3 Q2 q1

where x denotes the cross product operator.

2.2.6 Attitude Compensation
While the angular velocity remains fixed over a computational update interval [2], the quaternion

vector update equation [59] may be written as:

1 [tk+1 Y
Qi+1 = [exp <§f A dt)] qix = exp (E) x
t

k

AT tk+1
2=[0 g ]andazf w dt
o —[oX] e

(2.46)

where o represents the change in the rotation angle express in navigation frame over the computer

cycle t; to ty 4.

According to existing coning motion, the attitude cannot be computed solely based on the

measured angular velocity [69]. The rate of the rotation angle, g, is expressed as follows:
d=w+é (2.47)

where €is a component of ¢ because of coning motion. By using the Bortz equation [69] and
neglecting the higher order terms [51, 70], the following approximation is obtained for equation

(2.47):
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1 1 1
y = =0 X —0 X X = = X
o w+20 w+120 (o0 X w) w+2a(t) )
(2.48)

a(t) = ftoo dt

9%

2.2.7 Effect of Earth Rotation

Aside from the motion that the tool is experiencing during its operation, the entire system including
both the navigation frame and body frame are also rotating simultaneously along the Erath. Since the
accelerometers measure the total acceleration resulting from any rotational and translational motion
that they are sensing, the effect of Earth rotation must be taken into account and considered in the

relative motion analysis.

According to the relative motion equations, the acceleration of point 4 can be expressed in the

Earth frame as:

a4 = ap + Draren X Taj0 + Oparen X (Ogaren X Tas0)

(2.49)
+20 X (Va70)n + (@4/0)n

where O is the origin of the navigation frame. As the navigation frame is considered to be fixed to
the ground, the relative acceleration of the navigation frame with respect to the Earth, ay, is zero.
Moreover, the angular acceleration of the Earth is almost zero [71] because of its constant angular
velocity.  Since the angular velocity of the Earth is nearly 7.3 x 107 rad/s [72] and the relative
position and velocity of 4 with respect to the O is too small owing to description of on-hand
application, the effects of Coriolis and centripetal acceleration in equation (2.49) are too small to be
detected by available accelerometers. As a result, the acceleration of point 4 with respect to the

Earth reference frame is the same as its acceleration with respect to the navigation frame.

2.2.8 Physiological Hand Tremor

Physiological hand tremor introduces a linear and Gaussian random process to the output of the
inertial sensors [73, 74]. Generally, low pass filters (LPF) are added [75] to reduce the errors

resulting from noise and physiological hand tremor.
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Research studies [73 , 74] show the frequency of this rhythmic and oscillatory motion lies in the

range 2.5 Hz to 17 Hz; therefore, the cut-off frequency of 2 Hz is considered for the low pass filters.

In addition, the errors resulting from sensor bias are compensated by employing high pass filters
(HPF) [75] with a very low cut-off frequency. A cut-off frequency of 0.5 Hz is chosen as it is
consistent with frequencies used by other researchers. For example, Bouten and et. al. [76] used 0.1

Hz, Forster and Fahrenberg [77] chose to use 0.5 Hz, and Verburg and Strackee [78] decided to use
0.7 Hz.

In this research, a band pass filter is designed with cascading a high pass filter and low pass filter.
For each sensor, a second order Butterworth high pass filter and second order Butterworth low pass
filter are cascaded with a cut-off frequency of 0.5 Hz and 2 Hz, respectively. Selecting the order of a

filter is a compromise between the resulted overshooting and settling time.

The entire correction process before the strapdown computing task is represented in Figure 9.

: Strapdown
Accelerometers » Band Pass Filter 1, Coning, Sculling, &
Rotation Motion »| Navigation
. C tion .
Rate Gyros » Band Pass Filter I g orrec Computing

Figure 9 - Sensor’s output correction block diagram

2.2.9 State-Space of the System

Finally, the general equations of the SDINS for the hand-held tool application can be written from
equations (2.31) and (2.44):
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vt = Cl(fa—ar —ay) + gy (2.50)

L1 [o]
4=7280wa =500

where r" and v™ denote the position and velocity of the tool tip with respect to the navigation frame.

2.3 Experimental Result

In this research, a 3DX-GX1 IMU from the Microstrain was used, which included three rate gyros
and three accelerometers with a sampling rate of 100 Hz and a noise density of 3.5 °/vhour and

0.4 mg/(rms VHz), respectively [79]. Detailed specifications are found in Appendix A.

2.3.1 IMU Calibration
Microstrain Company has performed the calibration procedure for 3DX-GX1 IMU. This IMU is

calibrated for the scale factor, bias, misalignment, and even gyro G-sensitivity. In addition, the

performance of 3DX-GX1 is improved by full temperature compensation.

According to 3DX-GX1 documentation [79], the calibration parameters such as sensor gain and
bias are changed with temperature. Therefore, the calibration parameters must be calibrated with
respect to the operating temperature. Figure 10 through Figure 13 show the effect of temperature
compensation on the stability of the sensor gain and bias over the range of -20°C to 60°C. As shown
in these figures, the changes in the sensor gain and bias are considerable even the temperature is
changing in the small range. These results illustrated the importance of the parameter calibration
with respect to the temperature when it is hard to control the temperature of the environment that the

inertial sensors are operating,.
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Figure 13 - Gyro gain without and with temperature compensation [79]

2.3.2 Noise and Physiological Hand Tremor Compensation

The inherent noise of sensors and the noise introduced by the hand tremor must be removed by
means of a low pass filter. Figure 14 and Figure 15 show the denoised output versus the actual
output, while the tool is moving on the 2D plane has and experiencing both rotational and
translational motion. As a result of the low pass filtering, the noise is greatly diminished and
smoother signal are resulted; consequently, it is expected that the SDINS drift resulting form the

noise is reduced.
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Figure 14 - The output of accelerometers: measured (left) denoised (right)
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Figure 15 - The output of gyros: measured (left) denoised (right)
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2.3.3 Compensation for the Common Motion-Dependent Errors

While the tool is experiencing only the rotational motion and the tool tip is fixed at the initial
position, it is expected that the absolute acceleration of the tool tip will be zero. By assuming zero
acceleration for the tool tip in the equation (2.28), the output of the accelerometers must be equal to

the acceleration resulting from sculling and coning motion.

Figure 16 and Figure 17 show the effect of the rotational motion around x- and y- axis on all
accelerometers, while Figure 18 and Figure 19 represent the error of the estimated acceleration of the
tool tip in x, y, and z axes in the body frame; however, it is assumed to be zero. The error is a result
of the remaining noise and bias in the inertial sensors measurements and the error in the attitude
estimation which involves in the evaluation of the Euler angles. As shown, the magnitude of the error

is less than 5 mg in all directions, and it can be neglected in the strapdown navigation computing task.
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Figure 16 - Accelerometers outputs while the tool is experiencing the rotational motion around x-axis
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Figure 17 - Accelerometers outputs while the tool is experiencing the rotational motion around y-axis
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Figure 18 - Acceleration error when the tool rotating around x-axis
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Figure 19 - Acceleration error when the tool rotating around y-axis

2.3.4 Acceleration Computation

When the hand-held tool is moving on a 2D plane and experiencing both translational and
rotational motion, the residue in equation (2.28) estimates the linear acceleration of the tool tip. The
total acceleration resulting from both the coning motion and the sculling/rotation motion expressed in
the body frame is estimated from equation (2.27), and then compared with the acceleration measured

by accelerometers, see Figure 20 through Figure 22.
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Figure 20 - Estimated acceleration vs. measured acceleration in x axis
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Figure 21 - Estimated acceleration vs. measured acceleration in y axis

44



Z-direction in body frame
D-4 T T T T T T T
— Accelerometer output
Estimated Coriglis & Centripetal Acceleration

01F

Accelerometer (g)

a1k i

_Dz 1 | 1 1 | 1 |
1l 10 20 30 40 a0 B0 70 g0

Time (s)
Figure 22 - Estimated acceleration vs. measured acceleration in z axis

The total linear acceleration of the tool tip along x, y, and z axes resulting from both the
translational of the hand-held tool on a XY plane is shown in Figure 23. Since the tool tip is not
experiencing any translational motion along the direction of z-axis, its linear acceleration is supposed
to be zero; however, the estimated linear acceleration in z-axis is about 5 mg. This error is nut
unexpected, since the results in section 2.3.3 shows that the linear acceleration error is less than 5 mg,

when there is no translational motion in each direction.
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Figure 23 - Linear acceleration in X, y, and z axes

2.3.5 Attitude Computation

While the hand-held tool is moving on a 2D plane and experiencing both translational and
rotational motion, the attitude of the tool can be estimated by equations (2.46) and (2.48). The
computed heading compared with the actual attitude measured by magnetometers is shown in Figure
24, and the error of estimated orientation is represented in Figure 25. However, the error in
quaternion format is less than 0.05, but the corresponding error in the Euler angle domain is about 8

degrees, see Figure 26.
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Figure 25 - Quaternion error
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2.4 Summary

This chapter presents an algorithm for reducing the effect of the common motion-dependent errors
in SDINS for a hand-held tool tracking system. The drift resulting from accelerometer bias is
reduced by applying a high-pass filter, while the error produced by the sensor noise and the tool
vibration is diminished by employing a low-pass filter. = The common motion-dependent errors
including rotational and coning motion are taken into account not only in the calculation of the
effective acceleration but also in the computation of the attitude. The effects of the common motion-
dependent errors are reduced considerably, but the remaining attitude error is still great enough to

cause a drift in position estimation.
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Chapter 3

Local Positioning System

The Local Positioning System (LPS) is a reliable and cost-effective tracking system for indoor
applications, designed to localize a moving object by estimating its three-dimensional position in real-
time. The LPS provides a small centralized version of the Global Positioning System (GPS) for
indoor environments, since the satellite signals are blocked easily by construction materials of

buildings.

Over the last few decades, the real-time video tracking systems have been used for a wide range of
applications such as robotics [35, 36], medicine [38], security [39], and even interactive games [80,
81].  Automated video analysis has been made possible by the easy access to high-powered

computers and high-quality but inexpensive video cameras.

In computer vision, object tracking refers to the detection of a desired object in each single frame
of sequential frames and the estimation of its trajectory as it moves around the scene. Video tracking
can be a complex and time-consuming process because of the noise in images, complex motion,
partial or full object occlusions, and loss of information because of projection of the 3D world on a

2D image.

Video tracking includes mounting the cameras around the workspace, calibrating the cameras,
capturing images, applying image processing algorithms and features extraction for every single

frame from each camera, and estimating the 3D position from 2D images.

In this chapter, the proposed multi-camera vision system, which includes four common CCD
cameras, is described with a new configuration set up and calibration procedure. In addition, the

required image processing techniques and feature extraction method is discussed.

3.1 Multi-Camera Vision System

The multi-camera systems generally include two or three digital cameras, while the positions of

their lens are placed in a straight line. However, the calibration procedure for the cameras is easier
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and more accurate than it would otherwise be; the total field of view of the system is limited. A
multi-camera vision system is proposed which includes at least four common CCD cameras when

their lenses are placed on an arc line.

Because each tracking point is visible for two or more cameras, the average value of the estimated
positions by triangulation between each two adjacent cameras is used so as to obtain a more accurate

positioning and reduce the uncertainty.

3.1.1 Configuration

A multi-camera vision system with a unique configuration is recommended as being a reliable and
cost-effective vision system. A specific configuration for mounting the multi-camera vision system
is proposed so as to prevent the loss of line of sight as much as possible. The number of cameras, the
position of the cameras with respect to each other, and the position and orientation of the cameras
with respect to the center of the navigation frame are the crucial characteristics in this configuration

set up.

It is proposed that all cameras are located in a semicircle, as shown in Figure 27 for a four-camera
vision system. In addition, the distance between each two adjacent lenses is the same as for the others

and depends on the radius of the semicircle.

Camera #3 Camera #2

Camera # \ Camera #1

Center

Figure 27 - Cameras configuration set up
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According to Figure 27, the distance between each two cameras is calculated as follows:
- T (3.1)
d =2rtan ( 8)

Moreover, the tilt of the lenses toward the center and the length of the radius of semicircle depend
on the angle of view of each camera, the height of the cameras from the workspace, and the width of

the desired workspace.

As a result of this arrangement, a wide circular field of view is initiated with less loss of line-of-
sight. Figure 28 and Figure 29 show the field of view of the proposed multi camera vision systems

with a straight line and a semicircle configuration.

As shown in Figure 28, if the angle of view of each camera is a, the angle of view of the multi-
camera vision system with the straight line configuration is still equal to a with a forward-facing field
of view. However, the proposed multi-camera vision system initiates the wider angle of view which
is equal to (m — @/8). In addition, a circular field of view is provided with this configuration as

illustrated in Figure 29.
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Figure 28 - The field of view of a multi-camera vision system when the lenses of its cameras are

placed on a straight line
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Camera #3 Camera #2

Camera #4 Camera #1

Figure 29 - The field of view of the proposed multi-camera vision system

3.1.2 Camera Modeling
In order to find the Cartesian mapping grid for transforming 2D positions in the cameras’ image
plane to the corresponding 3D position in the navigation frame, the single camera calibration for each

camera and the stereo camera calibration for each two adjacent cameras are required.

Performing the single and stereo camera calibrations requires the camera model which provides the
relationship between the physical camera parameters and projected point into the camera display. A

perspective projection model of an ideal camera is shown in Figure 30.
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Figure 30 - Ideal camera imaging model

In this model, the image plane is located at the focal length of the lens on the optical axis z parallel
with the x-y plane of the camera frame [82]. Each point of an object in the navigation frame,

P =[xy z]", is projected to the corresponding point p:

x (3.2)
. kfs,— N,
p=[5y]: leZ +[Ny]
VA

where f'is the focal length of the camera lens, % and % denote the dimension of a pixel on the image

plane, s, represents the image scale factor [83], and the vector N is a zero-mean Gaussian random

measurement noise.

In a real digital camera, because of the lens distortion, the location of point p is not located exactly
on the projected line [84, 85]. As shown in Figure 31, two tangential and radial distortions relocate

the position of the projected point.
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Figure 31 - Radial and tangential distortion

The direction of the radial distortion is inward or outward of the center of image plane and along
the line connecting the projected point to the principal point O, while the direction of the tangential
distortion is perpendicular to the radial distortion [84]. The total relocation for each point is directly

2
related to its distance from the principal point, d? = (f) + (g) , and distortion parameters of the

lens [86, 87]:

d, = (1+ a,d* + a,d*) (3.3)

g |5 (4 &)

d, Y\ Xy
t,y Bx (dZ +2(;) >+2ﬂy22

where d, and d; denote the radial and tangential displacements of a point; d represents the distance

from the center of the image plane; and a,, a,,, B, and B, are the distortion parameters of the lens in

both directions x and y.
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In addition to the distortion, because of minor manufacturing defects, the vision sensor pixels may
be skewed, while the angle of the x and y pixel axes are not exactly perpendicular [83]. Taking into
account the effect of the distortions and skewed pixels, the following model applies:

x y (3.4
ks, Z + ks,y (E + dt,y) dy Nx]

s o[
p f r lX dtry Ny
Z

where v is the skew coefficient and equal to zero when the angle of the x and y pixel axes is exactly

90 degree.

Furthermore, the actual origin of the camera coordinate system is at the upper-left corner of the
image plane and not at its center. This adds the coordinate of principal points [88] into equation
(3.4). The principal point refers to the intersection of the optical axis with the image plane. The

center of the image plane matrix usually does not coincide with the principal point.

x y 35
ks, 2 + ks, y (E + dt,y) C, d, N, (-5
p = fd, +| 4]+

Yy Cy dey Ny

=
z

3.1.3 Single Camera Calibration

The single camera calibration refers to the estimation of geometric camera parameters. According
to the camera model obtained in equation (3.5), the geometric parameters f; s,,, C, o, p, and y can be
estimated by capturing enough images while the coordinate of both points P and p are known in

calibration grids.

The calibration grids are obtained by capturing a set of images from an identical checkerboard [89]
in various poses in the field of view of the camera. In the calibration process, the number and the size
of the checkerboard grids are essential. Usually, a 9x8 or 8x7 checkerboard with 5 cmx5 cm or

3 cmx3 cm squares, shown in Figure 32, is used for the calibration procedure.
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Figure 32 - Checkerboard with 5 cmx5 cm squares

During the single calibration, an arbitrary coordinate is assigned with respect to the sequence of the
grid corner selection. In each image, the first selected corner grid is assumed to be the origin of the
coordinate system. Subsequently, the x and y axes are considered in the next grid selection, and then
the z-axis is chosen perpendicular to the checkerboard plane whose direction is chosen with respect to
the right hand rule. Once the coordinate system is assigned to the image, the rotation matrix and
translation vector are obtained to convert this coordinate system to the camera frame. As a result, the

coordinate of point P and its 2D projection, point p, are known. If equation (3.5) is rearranged as:

1 fdrksy, ksyy dix+ksyyde, +Colx N 1 3.6)
_— x —_——
p=- 0 fd,l diy +C, [}11 +[Ny]—ZMP+N

0 0 1
then matrix M can be estimated by applying the least square parameter estimation method [90, 91].

In case where the world coordinate system is distinct from the camera frame, each point in the

camera frame can be transformed to the world coordinate system by the homogenous transfer matrix:
w w
pC — [RC T] [P ] (3.7
o 1it1

By substituting equation (3.7) into equation (3.6):
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(3.8)

1 w
p:_MPC T

—m | 1“iq+N:§MP+N

where matrix M includes intrinsic and extrinsic parameters; and then, the geometric parameter of

the camera can be obtained by estimating matrix M .

3.1.4 Stereo Camera Calibration

Since the 3D position of each tracking point with respect to the navigation frame is desirable, aside
from the single camera calibration, the stereo camera calibration [92] for each two adjacent cameras

should be performed to make three-dimensional vision possible.

The stereo camera calibration refers to a procedure that provides the extrinsic parameters of two
adjacent cameras relative to each other. This procedure allows us to calculate depth by using
triangulation algorithm. Performing stereo camera calibration requires a set of images captured by
two neighboring cameras simultaneously. Going through the corner extraction process, the same set
of points must be selected in both the left and right image of the same scene. In addition, this is
crucial that the same grid must be selected as being the origin point for both images. This means the

identical pattern must be chosen for selecting the corner grids for all pair of images.

As a result of the stereo calibration, the homogenous transfer matrix is obtained, which transforms
each point in the right camera frame into the left camera frame and allows computing the 3D position

of each point in the image plane expressed in the both right and left camera frame.

3.1.5 Defining the World Coordinate System

Finding the 3D position of the tool tip with respect to the navigation frame requires that a unique

world coordinate system is considered for all cameras.

According to the single camera calibration procedure, a unique world coordinate system can be
considered for all four cameras as shown in Figure 33. This world coordinate system is also aligned

on the navigation frame which is defined in the SDINS.

First, all four cameras capture the image of the checkerboard simultaneously. Then a unique

corner of checkerboard in four images is chosen as the origin of the world coordinate system. Since
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the direction of the X, y, and z axes are obtained with respect to the next grids selection, the next grids
must be selected in the same pattern in four images. Once the calibration procedure is performed for
all cameras, the homogenous transfer matrix is available to convert each point from each camera

frame to the world coordinate system.

(c) (d)

Figure 33 - The world coordinate system in the view of:

(a) camera #1 (b) camera #2 (c) camera #3 (d) camera #4

3.2 Digital Image Processing

Digital image processing techniques are the two-dimensional digital signal processing which are
designed to enhance the quality of an image, restore information from a distorted image, and extract

required information.
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Digital image processing techniques, as a fundamental part of the image analysis, are applied in a
wide category of images — such as space images, satellite images, medical images, and optical camera
images — for classification, recognition, diagnosis, prediction, and object tracking in the field of the

computer vision.

3.2.1 Image Enhancement

Image enhancement refers to the process of enhancing the quality of image features such as edges,
boundaries, and contrast. Typically, noise reduction and edge enhancement operators are applied

into images to remove the isolated noise and sharpen the boundaries, respectively.

The denoising and sharpening operations can be performed in the spatial domain or frequency

domain by filtering. Image filtering is usually used to deal with the restoration of degradation [93].

Spatial operations are designed to enhance the image based on local neighboring pixels [94]. The
common spatial noise reduction and smoothing operators are spatial averaging, spatial low pass
filtering, and median filtering. Each of these operators introduces a masking window, when the
window defines the weight of enhancing pixel and its neighboring pixels in the spatial domain. In
the spatial averaging, the weights of all pixels are the same and equal to 1/N, where N is the number
of pixels in the window. The usual size of the window is 3x3, 5x5, or 7x7, shown in Figure 34. In
the low pass filtering, the weights are chosen such that their summation is 1 and the weights are
spread in the window symmetrically. The 5-point weighted low pass filter is show in Figure 34. In

the median filtering, the pixel is replaced by the median of the pixels in the masking window.
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(a) (b)

Figure 34 - Spatial averaging window mask: (a) 3x3 window (b) 5-point weighted low-pass filter
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The original image is blurred by applying the noise reduction and smoothing operators. The
unsharp masking operation is generally used to sharpen the edges. This operation can be

represented as:
v(m,n) = u(m,n) + 1g(m,n) 3.9

where u(m,n), v(m,n), and g(m,n) are the original, unsharp masked, and gradient image,

respectively; and 4 is chosen to be greater than zero. The gradient is a discrete Laplacian operator:

g(m,n) = u(m,n) (3.10)

—%[u(m— 1,n)+uimn—1)+u(m+1,n) +u(@mn+ 1)]

Besides the spatial domain, denoising and sharpening can be performed in the frequency domain.
Digital Fourier transform (DFT) or Discrete Wavelet transform (DWT) of an image is the
representation of the image in the frequency domain.  Accordingly, various filters have been
designed to apply into the image in this domain. Displaying the resulting image in the spatial
domain requires inverse transformation of DFT or DWT. Studies show that the result of image

filtering in the frequency domain is more precise than it is in the spatial domain [95].

3.2.2 Edge Detection
The very first step of features extraction and segmentation is edge detection. Edges can be
considered the pixels that their luminous intensity or gray-level changes sharply with respect to their

neighboring pixels.

Edges can be localized by finding maximum local in the image derivatives [96]. Gradient and
Laplace operators are designed based on computing the first- and second-order derivatives of the

image. These operators include a mask or pair of masks, shown in Figure 35.
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Figure 35 - Edge operators: (a)&(b) pair gradient operators, (c)&(d) single Laplace operators

The edge detection masks can be considered as a weighted window when the summation of

weights is zero. In fact, these masks define high pass filters [97].
For detecting the edges, first the mask is applied into the image by:
g(m,n) = u(m,n)®h(—m, —n) (3.11)
where ® represent the convolution operator.

For the operator with a pair of masks, each mask must be applied into the image separately, and then

the magnitude gradient is calculated as:

3.12
glmm) = Jghm,m) + g3 m,m) G-12)

Then, the pixel (m,n) is detected as an edge position if g(m,n) is greater than a threshold. The
resulting image is a binary image, while the binary value of the edges is 1. The luminance histogram
of g(m,n) gives the contrast distribution of the image which is useful for selecting the threshold.
Since the edges play an important role in tracing the boundaries, it is essential to choose the proper

value for thresholding.
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3.2.3 Boundary Extraction

The outline of an object or the boundary of its hole can be found by connected edges. Two pixels
are connected in a binary image if they have the same value. In the boundary detection, two types of

connectivity are defined: four- and eight-connected neighbors [98], as shown in Figure 36.

(a) (b)

Figure 36 - Pixel connectivity: (a) four-connected (b) eight-connected

Tracing the boundaries requires linking all connected edges which belong to the same boundary.
Typically, these connected edges are linked by labeling. The pixels with the same labels represent

the boundary an object or a hole.

3.2.4 Morphologic Operations

Once the boundaries of objects are extracted, further operations are required to localize a desired
object in the image or extract certain features. An object can be recognized by its shape and
geometric features which can be extracted by comparing with a template whose structures composed

of line or arc patterns.

Mathematical morphology algorithms [99] refer to a set of simple operations based on shape
structure, which are used for shape analysis and object detection. These techniques are different

from many image processing algorithms because of their nonlinear approaches.

Morphologic operations usually are declared in binary mode and applied into the binary images
such as the images resulting from the edge detection process. These operations require defining the
structuring elements. The structuring element is a masking window when the origin pixel in the

center is defined based on the structure of the shape which needs to be detected or extracted. Typical
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operations are dilation, erosion, opening, and closing, with the net effect of expanding, shrinking,

simplifying, and smoothing the shapes [100], respectively.

The dilation of set 4 by set B denoted by A@B and defined as:

A®B = (maxiz)| (B) n A=+ 0) (3.13)
Z
where sets 4 and B are members of the 2D integer space; (§) is the translation of the reflection of
Z

the set B by point z = (z1, z;) and obtained by

B = {x|x = —b,for b € B}
(B),={yly=b+2zforb € B}

(3.14)

In other words, the origin pixel is replaced by the maximum value of all the neighboring pixels in
the structure window B.  In a binary image, if the value of any of the neighboring pixels is 1, the

origin pixel is set to 1.
The erosion of set 4 by set B denoted by A © B and defined as:
A © B = {mini{z)|(B), < A} (3.15)
where sets 4 and B are members of the 2-D integer space.

In other words, the value of origin pixel is set to the minimum value of all the neighboring pixels in
the structure window B. In a binary image, if the value of any of the neighboring pixels is 0, the

origin pixel is replaced by 0. The opening and closing operation are called dual operations.

An opening operation is defined by erosion followed by dilation with the same structuring element,
while a closing operation is defined by dilation followed by erosion with the same structuring

element.
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3.3 Experimental Results

This section summarizes the experimental results based on the described multi-camera vision
system. The multi-camera vision includes four surveillance IR-CCD cameras; their specifications

are described in Table 1.

Table 1 - Camera specifications

Image Sensor 1/3" Color Sharp CCD
Effective Pixels NTSC: 510(H) X492(V)
Unit Cell Size 9.6um (H) x 7.5um (V)
Sensor Size 4.8mm (H) x 3.6 mm(V)
Scanning System 2:1 Interlace

Signal System NTSC

Infrared LED's 24 LED's

Infrared [llumination 60 ft

Minimum Luminance 0 Lux

Horizontal Resolution 420 TV Lines

S/N Ratio Less than 48 dB
Gamma 0.45

Video Out BNC

All cameras are connected to a PC through the IDS Falcon Quattro PCle frame grabber, which
includes four parallel video channels and is capable of capturing simultaneously images from
four cameras with a sampling rate of 20 fps. Detailed characteristics of the frame grabber

are listed in Table 2.
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Table 2 - Frame grabber specifications

Hardware Interface PCI Express Interface

Video Channels 4 Parallel Video Channels

Video Inputs MAX 16 (4x4) CVBS video inputs

Video Outputs 1 CVBS video output

Digital Inputs 12 Digital Inputs

Digital Outputs 8 Digital Outputs

Frame size Free scalability of frame sizes for
each channel

Triggers 4 Triggers

Multi-board support Up to 4 board

Other Programmable EEPRO

3.3.1 Configuration Setup

As described, the cameras are arranged in a semicircle, as shown in Figure 37.

Figure 37 - Experimental setup for the multi-camera vision system
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3.3.2 Single Calibration

The single calibration procedures are performed to obtain the intrinsic and extrinsic parameters for
each single camera. The Camera Calibration Toolbox for MATLAB [101] is used for the single
calibration. ~ Calibration of the cameras is accomplished by using an 8%9 checkerboard with

5 cmx5 cm squares, as shown in Figure 32.

The Single calibration procedure requires a number of images of the checkerboard which are
captured by each camera when the checkerboard is placed in different poses in the field of view of
camera. In this experiment, 50 images are captured for each camera. As the stereo calibration is
based on the two sets of left and right images which are captured simultaneously by two adjacent
cameras, the images are acquired for two neighboring cameras at the same time, as shown in Figure

38 through Figure 43.

Figure 38 - Calibration images for camera #1 as a left camera for camera #2
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Figure 40 - Calibration images for camera #2 as a left camera for camera #3
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Figure 41 - Calibration images for camera #3 as a right camera for camera #2
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Figure 42 - Calibration images for camera #3 as a left camera for camera #4
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Figure 43 - Calibration images for camera #4 as a right camera for camera #3

Once the images are taken, the grid corners must be extracted for each single image. First, the four
extreme corners on the rectangular checkerboard pattern must be indicated manually by clicking on
them. As mentioned, the first chosen corner declares the origin of the coordinate frame and the
sequence of choosing other three grids declares the direction of the coordinate frame for each image.
Since the stereo calibration requires that the left and right images of the same scene have the same

coordinate frame, the same sequence must be chosen for every single frame.

Afterwards, the program extracts all grid corners bounded by the four extreme corners, as shown in

Figure 44.
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Figure 44 - Grid extraction for a sample image

Once the grid corners for all images of each camera are extracted, the intrinsic and extrinsic

parameters of the camera can be estimated. The resulting intrinsic parameters of each camera are

listed in Table 3.

Table 3 - Intrinsic parameters

Camera #1 Camera #2 Camera #3 Camera #4
Focal Length 3.865 mm 3.8442 mm 3.8890 mm 3.8458 mm
0.7776 0.7775 0.7753 0.7776

Image Scale Factor

Principal Point

X: 131.12 pixels
Y: 130.10 pixels

X: 152.74 pixels
Y: 122.79 pixels

X: 144.77 pixels
Y: 118.23 pixels

X: 136.90 pixels
Y: 145.34 pixels

Distortion Coefficients K, .- -0.3494 K, . -0.3522 K, .: -0.3567 K, .:-0.3522
K,,:0.1511 K, 0.1608 K,,: 0.0998 K,,: 0.0885
K, x: 0.0032 K, v 0.0047 K, ,: -0.0024 K, : 0.0024
K, -0.0030 K, -0.0005 K, 0.0016 K, -0.0002
0.00 0.00 0.00 0.00

Skew Coefficient
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By using the estimated radial and tangential distortion parameters, the complete model of the
camera distortion can be computed. For example, the complete distortion model of Camera #1 is
shown in Figure 45, while the radial and tangential distortion models are represented in Figure 46 and

Figure 47, respectively.

a0

100
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200

Figure 45 - Complete distortion model of camera #1
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Figure 47 - Tangential component of distortion model of camera #1
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Furthermore, the extrinsic parameters in both camera-centered and world-centered of each set of
calibration images in Figure 38 through Figure 43 are represented in Figure 48 through Figure 53. It
should be mentioned that because of simplifying the parameters estimation, the skew coefficients of

cameras are assumed to be zero.

><-morld

Figure 49 - Extrinsic parameters cam. #2 in Figure 39: (left) camera-centered, (right) world-centered
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Figure 50 - Extrinsic parameters cam. #2 in Figure 40: (left) camera-centered, (right) world-centered

>{v\/orld

Figure 52 - Extrinsic parameters cam. #3 in Figure 42: (left) camera-centered, (right) world-centered
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Figure 53 - Extrinsic parameters cam. #4 in Figure 43: (left) camera-centered, (right) world-centered

In addition, introducing the world coordinate system requires that all four cameras observe the

checkerboard and capture its image at the same time, as shown in Figure 33.

Since the single calibration images includes the above corresponding images for each camera, the

rotation and translation vectors for transforming each point in the camera frame to the navigation

frame are calculated by the single calibration procedure.

parameters for each individual camera.

Table 4 shows the transformation

Table 4 - Transformation parameters from each camera frame to the world coordinate system

Camera #1 Camera #2 Camera #3 Camera #4
1.552265 0.4686021 0.6128003 1.537200
Rotation Vector 2.255665 2.889162 -2.859007 2.314144
-0.635153 -0.7405382 0.7741390 0.4821106
729.4870 mm 385.2578 mm -61.1933 mm -365.5847 mm
Translation Vector 293.6999 mm 625.1560 mm 623.1377 mm 289.6135 mm
873.3399 mm 840.7220 mm 851.9321 mm 848.5442 mm




3.3.3 Stereo Calibration

The stereo calibration process refers to an algorithm of estimating extrinsic parameters of the right
camera with respect to the left camera for each two adjacent cameras. The result of the sterco

calibration allows applying the triangulation technique to estimate the depth of the desired object.

Since the captured images for each of two neighboring cameras in the single camera calibration
phase are followed the required rule for executing the stereo calibration procedure, the direct result of
the single calibration step can be employed in the stereo calibration algorithm. Table 5 shows the
rotation and translation vector for transforming each point in the right camera frame to the left camera

frame.

Table 5 - Extrinsic parameters for each two adjacent cameras

Camera #1 & #2 | Camera #2 & #3 | Camera #3 & #4

0.02865 -0.03225 0.09050
Rotation Vector 0.42562 0.42071 0.42463
0.76695 0.63442 0.64168

431.649730 mm | -410.24851 mm | -419.84660 mm
Translation Vector | 19741507 mm | -147.60000 mm | -134.27390 mm
55.10179 mm 105.27998 mm 94.60045 mm

3.3.4 Image Processing

In this research, the image processing techniques are applied to every single frame from each
camera to localize the tool tip. The results of the image processing techniques are shown on a

selected image which is displayed in Figure 54.
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Figure 54 - Original Image

First, the average operator with the window mask of 3x3 is applied to reduce the effect of the

isolated noise as shown in Figure 55.

Figure 55 - Denoised image

As a result of the noise reduction, the original image is blurred and the edges are distorted.
Therefore, unsharp masking is used to sharpen the edges and image adjustment is applied to enhance

the contrast of the image to restore the distorted edges, Figure 56 and Figure 57..

78



Figure 57 - Contrast Enhancement

In order to extracting the tool tip, the edge detection and boundary extraction are required. In order
to obtain the gradient of the image, each pair of the Sobel operator is applied to the enhanced image
from the last step, and then the magnitude of the gradient is computed for the first step of the edge

detection, see section 3.2.2.
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Figure 58 - Detected edge by gradient operator

Obtaining the edge of the tool tip requires thresholding. Each pixel is detected as an edge if its
gradient is greater than the threshold. In this research, the threshold is chosen as the boundary pixels
of the tool tip are detected as the edge positions. Since the size of the tool tip is about a few pixels,
then recursive thresholding is applied to remove the noise pixels around the tool tip as much as
possible. For this purpose, a masking window is chosen around the initial guess of the position of the
tool tip. Then, a fixed threshold is chosen which select pixels that their value is above the %80 of the
value of all pixels of the image. If the boundary detection technique can identify the boundary of the
tool tip, then it shows that the threshold selection is appropriate. Otherwise, the previous threshold is
reduced by %5, and this procedure is run recursively to find the proper threshold. The desired edges
are detected by thresholding shown in Figure 59.
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Figure 59 - Detected Edges

Afterwards, the opening morphologic operation followed by closing operation is applied to
simplify and smooth the shape of the tool tip. As shown in Figure 60, the undesired pixels which are
detected as an edge will be removed. As a result, the position of the masking window and the tool tip

will be computed more accurately.

Figure 60 - The effect of opening morphologic operations followed by closing operation

Finally, the boundary of the tool tip can be detected and extracted by using the eight-connected

neighbors, illustrated in Figure 61.
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Figure 61 - Extracted boundary of the tool tip

Since the initial position of the tool tip in the first frame is known, the masking window is chosen

based on this position, see Figure 62.

Figure 62 - Initial guess window mask for the position of tool tip

After boundary detection, the mask is relocated to keep the tool tip in the middle of the window

demonstrated in Figure 63.
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Figure 63 - Mask repositioning

The new position of the mask is the initial guess for searching the tool tip in next image frame. In

fact, the relocated mask in each frame is the initial guess masking window for the next frame.

3.3.5 Tool Tracking
After estimating all required parameters of the vision system and applying image processing
techniques, each single camera can track the tool tip. Figure 64 through Figure 67 demonstrate the

result of the video tracking by each camera.

Figure 64 - Tool tip tracking by camera #1
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Figure 65 - Tool tip tracking by camera #2

Figure 66 - Tool tip tracking by camera #3

Figure 67 - Tool tip tracking by camera #4
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The 3D position of the tool tip can be estimated by using the measured 2D position of the tool tip in
the image plane by each two adjacent cameras and employing the triangulation technique while
knowing the intrinsic and extrinsic parameters of cameras. Subsequently, the average of three 3D
estimated positions resulting from each two neighboring cameras is calculated as the final 3D tool tip

position.

Figure 68 through Figure 70 show the estimated position of the proposed multi-camera vision

system versus the estimated position of each two neighboring cameras and the original traced path.
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Figure 68 - Comparison of the positioning with the use of two cameras (1&2) and four cameras
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Figure 69 - Comparison of the positioning with the use of two cameras (2&3) and four cameras
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Figure 70 - Comparison of the positioning with the use of two cameras (3&4) and four cameras
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Table 6 - The position error of the multi-camera vision system compared with each camera pair

Camera Pair Positioning Error reduction | Variance
Cameras #1 and #2 2.1 mm RMS 0.881
Cameras #2 and #3 3.5 mm RMS 0.958
Cameras #3 and #4 2.8 mm RMS 0.488

As illustrated in Table 6, the error of the vision system is significantly reduced by employing the

proposed camera arrangement; but the error is still considerable for some applications.

Accordingly, the maximum error is occurred at section 2 which is about 5 mm. These errors are

resulted from two factors: human hand motion error and vision system error.

It should be mentioned that a predesigned path is printed on the 2D plane and it is tried to be traced

by the tool tip during its movement on the plane.

In fact, because of hand tremor and other physiological factors, the precision of the hand
manipulation is restricted; therefore, the desired path cannot be traced accurately by hand motion.
The resulted errors can not be measured by available instruments in our lab. In addition, the
positioning error of the multi camera vision system with respect to the predesigned path can not be
evaluated, since this path is independent of the time and the tracing speed. Figure 71 compares the

pre-designed path with the traced path by tool tip moved by hand.

Since the pre-designed path is almost traced by tool tip, all results are compared with the pre-designed

path.

The locations of the maximum errors occurred during video tracking are shown in Figure 72 and

their magnified images are listed in Table 7.
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Figure 71 - The traced path by tool tip (red) in comparison with the pre-designed path (blue)
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Figure 72 - The location of the maximum errors occurred during video tracking
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Table 7 -

Magnified images of the maximum errors in the tool tip positioning
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Table 7 - Continued
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The low quality of the cameras, calibration error, object detection error, and tracking algorithm
error lead to the positioning error of the vision system. However, the complex algorithms are
designed in computer vision to reduce the error of the video tracking; implementing these algorithms
to respond in real time requires advanced, high-speed, and multi-processor PCs, which are usually

extremely expensive.
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3.4 Summary

This chapter details a multi-camera vision system. The proposed vision system includes
four cameras located in a semicircle instead of arranged in the classical pattern. As a result,
the entire workspace is covered by this configuration is expanded and a wide circular field of

view is provided. As a result, the possibility of the loss of line-of-sight is reduced.

Furthermore, the accuracy of the vision system increases by using multi-cameras; however,
its precision is affected by the low quality of the cameras, calibration error, object detection error,
and tracking algorithm error. Reducing the error of the video tracking requires applying complex

computer vision algorithms whose implementation algorithms needs advanced multi-processor PCs to

respond in real time.

However, low-quality cameras and simple image processing techniques are applied; the
experimental result shows that the accuracy of the multi-camera vision system is less than 5 mm and

acceptable for many applications.
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Chapter 4

Extended Kalman Filter

Most research studies show that the inertial navigation sensors have drifts.  There are two
components in the inertial sensor drift, bias stability and bias variability. These components are
involved in double integration in position calculation; so after a while, the output of the inertial
navigation system (INS) is not reliable. To remove the resulted drifts in position, the INS is assisted

by other positioning technologies such as GPS, vision system, or odometer.

The use of Kalman filters is a common method in the data fusion technique. The Kalman filter
technique is a powerful method for improving the output estimation and reducing the effect of the

sensor drift. Different Kalman filters are being developed in the area of the sensor fusion [20- 25].

In the past, the three-dimensional attitude representations were applied, but these representations
are singular or discontinuous for certain attitudes [65]. As a result, the quaternion parameterization
was proposed, which has the lowest dimensional possibility for a globally non-singular attitude

representation [51, 66].

In assisted inertial navigation systems, the state variables of a Kalman filter usually take one of two
forms: first, the sensed quantities such as acceleration, velocity, and attitude, etc.; and second, the
errors of these quantities. The first form is used by the centralized Kalman filter [25], unscented
Kalman filter [48, 102, 103], adaptive Kalman filter [50, 104], and sigma-point extended Kalman
filter [105], while the second one is used by the indirect Kalman filter [26, 27,106].

A Kalman filter that operates on the error states is called an indirect or a complementary Kalman
filter. The optimal estimates of the errors are then subtracted from the sensed quantities to obtain the
optimal estimates.  Since the 1960s, the complementary Kalman filter has become the standard
method of integrating non-inertial with inertial measurements in aircrafts and spacecrafts navigation.

This method requires dynamic models for both the navigation variable states and the error states [64].

In this chapter, a modified EKF is developed. In this filter method, the magnitude of the changes
in position and velocity are estimated and then added to the previous estimation of the position and

velocity, respectively.
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4.1 General Extended Kalman Filter

Extended Kalman filter (EKF) is an estimation method for conveniently integrating data provided
by various sensors in order to obtain the best estimate for the states of a nonlinear dynamic system
[107]. Figure 73 shows a block diagram of the integration of the multi-camera vision system and the

inertial navigation system:

Correction

Strapdown Inertial
IMU > Navigation
Computing Task
Prediction
Extended . N
—— Optimal Estimation
. | Kalman Filter
Multi-Camera Vision . Rate Measurement
System Transfer

Figure 73 - Integration of SDINS and vision system with using EKF
Typically, EKF is applied by combining two independent estimates of a nonlinear variable [3, 108].

The continuous form of a nonlinear system is described as:

x(t) = f(x(6),t) + G(EO)n (L)

4.1
z(t) = h(x(t), k) +n

where the system noise and the measurement noise are zero-mean Gaussian random processes with

known covariance R and S, respectively.

4.1.1 System Model

By considering the state-space vector X = [x; x5 x3]7 = [r v q]” and the input noise 7, the set of

equation (2.50) can be revised as follows:
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=" = fi1(x)

v = Cl(fa—ar—ap) + gn + Cyni(t) = fo(x3) + g2 (x3) n1(8) (4.2)

1 1
q= EATrlqu + EQ(Q)Uz(t) = f3(x3) + g3(x3) n2(0)

or
#1 [0 I 0 [ 0 0 0
H:[o 0 o0 ||Y|+|CF(fu—ar—a)+g,|+]| O Cz’f]n(t) (4.3)
ql lo o o5Aallg 0 0.5Q(q) 0

4.1.2 Measurement Model
The multi-camera vision system with the Gaussian noise of n~N(0,S) provides the position of the

tool tip; therefore, velocity can be computed by taking the derivation of the position:

I 0 0]fr
z=[0 I o[v +n
0 0 0l%0 (4.4)
_ar
V=

As mentioned, the derivative of noisy signals generates a noisy result with the very large

magnitudes. In order to address this problem, the input signal must be smoothed and the resulted

signal must be filtered by a low-pass filter.

4.1.3 Extended Kalman Filter Equations

According to the general model of the system in equation (4.1), f is defined as:

v
_ Cl?(fA_at_an)"an
f= 1 (4.5)

A
2 q
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Applying the EKF requires obtaining the transition matrix by linearizing f about the current
estimated state [2, 109]. The following matrix F' is computed by assuming the state-space vector

X=[rvq]'anda = (f; — a; — a,):

0 I 0
0 9]
F = —f =0 0 —Cja (4.6)
X X=X 6q
0 0 0.5A

a .
where % Ca is computed as:

4101 — q403 + q3a3 G201 + q3a; + qqa3
%Ca =2| q4a1 +q1a; —q4a3 q3a; —q20; —q103
—q3a; + qza; + q1a3  q4aq + q10; — Q203 7)
—q3a; + qza; + q1az3  —q4a; — q1a; + G203
201 + q3a; + qaas  q1a1 — q40; — Q1a3]
—q1a1 +q4a; —q3az  gaa; +q3a; +q4a3

Since the measurement model is a linear function, then the observation matrix is defined as:

I 0 0
H=|0 I 0] (4.8)
0 0 O
As a result, the predication and update steps of the EKF can be written as:
Prediction:
1 = (% k)
P = F P F + GyR, Gy
(4.9)
Update:

Xps1 = X1 + K241 — h(Zy, K]
P,y = P—KH,P
K = PHI (S, + H,PH])™!
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4.2 Modified Extended Kalman Filter

Since the sensor outputs are provided at discrete intervals of time, it is appropriate to express the

system modeling, shown in equation (4.1), in the form of discrete differential equations:

X1 = QX +Mi

(4.10)
Zk+1 = Hgp1 X1 + Mgy
where
G = expiF (t1 — )]
af 4.11)

F(ty) ==

a XI,J?k

4.2.1 System Model

According to equations (2.50), (4.10), and (4.11), the discrete form of the system is developed as:

Tep1 = 1, + Tivg
Viy1 = Vg + Ti(Cray + gy + CiM1k)
Qr+1 = (I + 0.5T;Q)qy, + 0.5Q(q)n2k

a=fp+oXrg+w0X(WX1g/4)

(4.12)

where T; is the sampling rate of the inertial sensors. In this research, instead of estimating the actual
value of these quantities, we propose to estimate how much the position and the velocity will be

changed; that is,

ATjy1 = The1 — T

(4.13)
AVpy1 = Vg1 — Vg
Substituting equation (4.13) into equation (4.12) gives the following results:
Aty =1 + Tivg = 11 = TiV—1 = (1 = X—1) + Ti(Wg — V1)
(4.14)

- ATk+1 = ATk + Tl-A’Uk
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and

Avgy1 = v + Ti(Crag + g + Cetire) — Vi1 — Ti(Cr—1@k—1 + gn + Crm1M1e—1)
= (W — V—1) + Ti(Cray — Cr—rax—1) + Ti(Cemr — Co—1Mige-1))
= Avy + T;(Crag-1 — Cp—1ax-1 + Cray — Crag—1) (4.15)
+ Ti(Cinike — Cr—1Mk—1) + Cr—1M1k — Ch—1M1k)

- Avk+1 = Avk + Ti(ACkak_l + CkAak + ACkThk + ZCknlk)

As a consequence, the effect of the gravitational force is removed in the state-space model. In
fact, the error caused by inaccurate value of the gravitational force in the state-space model is

completely eliminated.

The inertial sensor noise is theoretically modeled with a zero-mean Gaussian random process. In
practice, the average of the noise is not absolutely zero. Due to the inherent characteristic of the
Gaussian random process, the discrete difference of a zero-mean Gaussian random process is also a
zero-mean Gaussian random process with very lower actual mean while its variance is twice of the

variance of the original process.

Figure 74 shows a zero-mean Gaussian random process with 6=0.01 when the actual mean is
-0.0012. While the program is generating this process, its discrete difference is calculated. As
illustrated in Figure 74, its discrete difference is also a zero-mean Gaussian random process with
0=0.02 and actual mean=-0.000012. This shows that the average of the process is significantly
reduced. As a result, the drift resulting from the input noise is reduced and a smooth positioning is

expected.
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Figure 74 — The discrete difference of a Zero-mean Gaussian noise:

original signal (red) discrete difference (blue)

The equations of the SDINS with the state vector X = [Ax Av q]” can be reformulated as:

Ar 0 I 0 |[Ar 0 0 0
Av| = [0 0 0 [|Av|+|ACa+CAa|+| O AC +2C|n(t) (4.16)
q 0 0 05Allgq 0 0.5Q(q) 0
or
Ar Av 0 0
Av| =|ACa + Chal+| O AC +2C|5(t) (4.17)
q 0.5Aq 0.5Q(q) 0

Then the input matrix fis defined as:
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Av
f =|ACa + CAa (4.18)
0.5A¢q
Subsequently, the transition matrix [108, 109] is calculated as:
0 I 0 (4.19)
F_af =({0 O aAC+CA
=%l 0~ 3q (ACa a)
0 0 0.5A
By considering Aa = [A; A, A5]T:,
P q181 — q4ly + q383  q281 + g3y + q4l3 (4.20)
%CAG =2 q4b1+q18; —q4d3  q381 — G287 — q183
—q381 + @282 + 183 Q4 + q187 — G243
=301 + g2 + 13 —q4A1 — q1h; + 4243
G281 + @387 + q4A3 q1A — qud; — q183
—q181 + @487 — q383  q81 + q38; + q43
Substituting C = Al}m0 (%), where At = T, into equation (2.38) leads to the following equation:
AC = -T;CQ 4.21)
Subsequently,
d d d 422
—ACa = —(-T;CQa) = —T; — C« (4.22)
dq dq dq
aq —w3ay + wy0as3
a=0a= azl = w3aqy — a)laZ]
as woaq + wiap
As a result of equation (4.22):
Q101 — 40y + q3a3 G201 + g3 + qaag (4.23)

a—Ca =2| q401 T q1Qy —q403 G301 — 0 — q103
q —q301 t @0, + 13 Q01 + 10 — 03
—q301 T Q202 + q103  —q401 — q10; + G203
Q01 + Q307 + Qa3 Q101 — Q40 — G103
—q1a1 t 403 — q303 Q201 + q3a + qaa3
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4.2.2 Measurement Model

Since the vision system as the measurement system provides the position of the tool tip, velocity

can be computed from knowledge of the present and the previous position at each time step:

z=z4+n=|] (4.24)
- Ti41 — 7
Vit1 = T

v

where T, is the sampling rate of the cameras. Accordingly, the measurement model related to the

new state-space is:

Arye 44

I 0 0 (4.25)
Azpy1 =10 T O |AVkqr| + Mg
0 0 O0lLgk+1
T;
Avpyq = E(Ark+1 — Ar)
Subsequently, the observation matrix is derived as:
0 I 0 (4.26)
H=|0 I 0
0 0 O
As a result, the predication and update steps of the EKF can be written as:
Prediction:
w1 = f(Xe k)
P = F P Fl + Gy R, G}
Update: (4.27)

Xp+1 = Xs1 + K21 — h(Zy, k)]
P,.1 = P—KH,P
K = PHT (2S, + H,PH)™!
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4.3 Experimental Result

This section presents the experimental result of applying EKF and the proposed Kalman filter.
The experimental hardware includes a 3DX-GX1 IMU from Microstrain, an IDS Falcon Quattro PCle

frame grabber from IDS Imaging Development Systems, and four surveillance IR-CCD cameras.

The integration of the SDINS and multi-camera vision system is accomplished by using classical
EKF and modified EKF described in section 4.2. The system model and measurement model, which

are derived in section 4.1 and 4.2, are substituted into the prediction and update steps.

The position estimated by both versions of Kalman filter is compared with the position estimated
by the vision system and the original path. The sensor fusion techniques allow us estimating the
states variables of the system at the sampling rate of the sensor with the highest measurement rate. In
this experiment, the sampling rate of cameras and inertial sensors are 20 fps and 100 Hz. As a result
of sensor fusion, the measurement rate of the proposed integrated system is 100 HZ. In addition, the
classical EKF is applied in both switch and continues modes. In the switch mode, the estimation of
the states variables is corrected whenever the measurement of the vision system is available.

Otherwise, the states are estimated only based on the SDINS.

In order to reduce the computational complexity of image processing algorithms, sensor fusion

allows that the sampling rate of the vision system can be reduced to 10 fps and 5 fps.

As illustrated in Table 8, the positioning error is increased by reducing the sampling rate of the
cameras. In addition, the error in proposed EKF grows faster than the other methods; since this
technique assumes that the rate of the changes in state variables is constant from one frame to another
frame. So, this assumption cannot be valid in lower measurement rates. Although, it is shown in
that the position error of the continuous EKF is less than the others; it should be mentioned that the
position obtained by the multi-camera vision system still has errors compared with the predesigned

path. As mentioned in section 3.3.5, the actual traced path is not measureable.
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Table 8 - Positions estimated by different estimation methods are compared with the position

estimated by the multi-camera vision system

Proposed EKF EKF (Switch) EKF (Continuous)
Cameras Measurement Error Error Error
Variance Variance Variance
Rate (RMS) (RMS) (RMS)
16 fps 0.9854 0.1779 1.0076 0.7851 0.4320 0.1386
10 fps 1.0883 0.3197 1.2147 0.8343 0.5658 0.2149
5 fps 1.4730 1.5173 1.3278 0.8755 0.7257 0.8025

Figure 75 and Figure 76 compare the position resulting from each method at two different parts of
the trajectory of the tool tip at two sampling rate of 16 fps and 5 fps. As shown, the camera path is
traced smoothly by applying continuous EKF. Since the position is estimated in real-time, it is not
possible to fit a curve between each two camera measurement without sensor fusion techniques. The
position resulting from switch EKF is crinkly due to the drift position in the SDINS and the wrinkles
are amplified by decreasing the measurement rate of the cameras. The position estimated by the
proposed EKF is smooth and ripple-free and this method tries to reduce the errors of the entire system

compared with the predesigned path.

As a result, the proposed EKF is suitable for the higher measurement rate; while the continuous

EKEF is recommended for the lower sampling rate.
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However, the error of inertial sensors resulting from noise and the common motion-dependent
errors are compensated according to chapter 2, but the remaining errors cause the position error
estimation in the integrated system. In addition, the video tracking errors lead to the position
estimation error as well. Since the vision data and inertial sensor outputs were not synchronized by

hardware but they were synchronized later manually, new errors were introduced in the system.

4.4 Summary

This chapter describes the use of the EKF to develop integration of the multi-camera vision system
and inertial sensors. = The sensor fusion techniques allow estimating the state variables at the
sampling rate of the sensor with highest measurement rate. This helps to reduce the sampling rate of

the sensors with high computational load.

The classical EKF is designed for nonlinear dynamic system such as the strapdown inertial
navigation system. The performance of the classical EKF is reduced by lowering the sampling rate
of the cameras. When the sampling rate of the cameras is reduced, the rate of updating decreases and
the system must rely more on the inertial sensors output for estimating the position. Because of the

drift in the SDINS, the position error increases.

The modified EKF is proposed to obtain position estimation with less error.  Furthermore, it
removes the effect of the gravitational force in the state-space model. In fact, the error resulting from
inaccuracy in the evaluation of the gravitational force is eliminated in the state-space model. In
addition, the estimated position is smooth and ripple-free. =~ However; the proposed EKF is not

convincing at the lower measurement rate.

The error of the estimated position is resulted by inertial sensor errors, uncompensated common

motion-dependent errors, attitude errors, video tracking errors, and unsynchronized data.
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Chapter 5

Conclusion and Future Work

This chapter reviews the material presented throughout the research and summarizes the major
findings and limitations of the study. It also discusses the contribution of this research to the state of

knowledge on the subject and provides suggestions for future work.

5.1 Conclusion

Chapter 1 discusses the problem of localization in the field of medical operation applications,
presents the available technologies, and describes their limitations in this area. It then introduces the
novel idea of the integration of the multi-camera vision system and strapdown inertial navigation
system by using a modified EKF, and compares it with other approaches. The chapter also previews

the organization of the thesis.

Chapter 2 describes the strapdown inertial navigation system and its implementation requirements.
It then introduces inertial sensors and inertial measurement units. The chapter also presents the
fundamental idea of the IMU design and its calibration procedure, which includes the computation of
the scale factors and compensations for the sensor misalignment, sensor bias, and sensor sensitivity to
temperature and gravitational force. In addition, it illustrates how the sensor outputs are impacted by
the common motion-dependent components and presents an algorithm to remove these components
from the measurements by applying the relative-motion analysis. This chapter also expresses that
physiological hand tremor adds Gaussian random noise to the system. Therefore, the errors produced
by the sensor noise and the tool vibration are diminished by applying a low pass filter, while the drift
resulted by the accelerometer bias is reduced by employing a high pass filter. Finally, the strapdown
inertial navigation computing task is developed to estimate the position and attitude of the hand-held
tool in addressing the common motion-dependent errors and noise problems. The experimental
results show the significant improvement of the system performance. The resulting errors are
reduced considerably, but the remaining attitude error is still great enough to cause a drift in the

position estimation.

Chapter 3 describes the Local Positioning Systems and available tracking technologies. It then

proposes a multi-camera vision system that includes four IR-CCD cameras which are aligned along a
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semicircle. The chapter also describes the multi-camera vision system calibration procedure, which
includes single- and stereo-calibration processes for estimating the intrinsic and extrinsic cameras
parameters, and compares it with the calibration procedure for the straight line configuration. The
algorithm for aligning the world coordinate system on the navigation frame is also presented. The
experimental results of the proposed multi-camera vision system compared with those of the stereo
vision system show that the new configuration can cover the entire workspace, reduce the possibility
of the loss of line-of-sight, and increase the accuracy of the vision system. As usual, the precision of
the vision system depends on the quality of the cameras, precision of the calibration process, and
accuracy of the object detection algorithms. Reducing the error of video tracking requires the
complex computer vision algorithms. Employing these algorithms requires the use of advanced,

high-speed, and multi-processor PCs to respond in real time.

Chapter 4 presents two different extended Kalman filters for integration of the multi-camera vision
system and inertial sensors. These methods allow estimating position at the sampling rate of the
inertial sensors which have the higher measurement rate than the cameras’. The result of both version
of the Kalman filter shows improvement in the system performance.  Since the modified EKF
removes the effect of the gravitational force in the state-space model, the error resulting from
inaccurate value of the gravitational force in the state-space model is eliminated. In addition, the

modified EKF reduces the error of the position estimation and results smooth and ripple free position.

Furthermore, the proposed integrated tracking system compared with the multi-camera vision
system allows a reduction of the sampling rate of the cameras without loss of accuracy. When the
sampling rate is reduced, the system implementation does not require a highly advanced PC and

system responses in real-time.

5.2 Contributions

The objective of this thesis is the design of a reliable and cost-effective positioning system with
capability of the tool localization by estimating its position and orientation in real-time. The major

contributions of this research are as follows:
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The system is designed based on the cost-effective factor, since the precise available positioning

systems are not affordable to be used in many applications.

Responding in real time is one of the most important contributions of this research. The sampling

rate of the proposed positioning system is 100Hz at all time of its operation.

The low-cost MEMS-based IMU including three accelerometers and three rate gyros is introduced
to the system in order to provide high frequency and full dynamic range of the motion. Although, the
general equations of the SDINS computing task are applied in many navigation applications; but the
accuracy of the tool tracking system should be in the range of few millimeters. This requires
developing precise kinematics equations in order to minimize the SDINS errors resulting from the
common motion-dependent errors as much as possible. The 3D relative motion analysis and
developing required 3D kinematics equations for the hand-held tool is the other essential contribution

of this thesis.

Even though, the drift error of the SDINS is significantly reduced by developing 3D kinematics
equations; but the SDINS still lose its accuracy over the time. It is recommended that the SDINS is
integrated with a vision system associated with a sensor fusion technique to improve the accuracy of
the system and keep it in the desired range for a longer period of the time. As a matter of cost

effectiveness, it is proposed to employ the low-cost CCD cameras in the proposed vision system.

Another significant contribution of this research is the design of a multi-camera vision system with
individual configuration so as to prevent the loss of line of sight as much as possible. This
configuration proposes to place the cameras along a semicircle in order to expand the angle of view
and initiate a wide circular field of view. As a result of this arrangement, an individual calibration
procedure is designed to estimate the intrinsic and extrinsic parameters of the multi-camera vision
system, which includes the required 3D transformation to map each point expressed in the world

coordinate system of the multi-camera vision system into the SDINS navigation frame.

To address the computation load problem of the video tracking, the simple and efficient algorithms

for application in hand are selected.

Integration of the multi-camera vision system and SDINS requires an estimation method. This

research develops an EKF which offers the estimation of the changes in the state variables.
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According to the general equations of the SDINS, the constant value of the gravitational force is
removed from the resulted equations and the resulting error from the uncertainty value of the
gravitational force is eliminated. As a result of the proposed EKF, it is expected that the resulting

drift from input noise is reduced and smooth positioning is obtained.

5.3 Future Work and Research

The design of the integrated multi-camera vision system and strapdown inertial navigation system
has not been completed in this research. ~More engineering efforts are required to overcome the

existing bottlenecks in the proposed system.

The performance of the system can be improved by making a few design changes in both the

hand-held tool and the multi-camera vision system.

Since the MEMS-based inertial sensors are quite small, the inertial sensors can be placed inside of
the tool and as close as possible to the tool tip. Redesigning the hand-held tool would help to reduce
the effect of the common motion-dependent errors. Besides, adding a magnetometer per axis, which
is not affected by these motions, would help to reduce the attitude errors, resulting in less error in the
position estimation. In addition, the resolution of available IMUs, which use a 16-bit analogue to
digital converter, is about 5 mg. However, the micromanipulation application requires a better

resolution, which can be provided by a 24-bit analogue-to-digital converter.

The performance of the multi-camera vision system can be increased by using eight CCD cameras
with a 45° field of view angle or twelve CCD cameras with a 30° field of view angle which can be
placed along a circle. However, a complex calibration procedure must be performed to obtain the
intrinsic and extrinsic parameters of the multi-camera vision system. Using the low-cost CCD

cameras with a higher resolution would help to reduce the error of video tracking algorithms.

In order to synchronize the multi-camera vision system and inertial sensors, additional hardware is

required to initiate both systems and obtain their outputs simultaneously.

Aside from the hardware design enhancement, improvement of the software is also required.

Future work can focus on reducing the position and attitude error by considering the effects of the
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coning, sculling, and rotational motion more precisely in the position and attitude computation

equations in the strapdown inertial navigation computing task.

Also, the computer vision algorithms proposed in this research for object detection, image
segmentation, and object tracking can be enhanced by a few changes or be replaced by new simple
and efficient techniques. The orientation of the hand-held tool was not computed by using video
tracking algorithm in this research. This estimation can reduce the error of the attitude and position

estimation in SDINS by taking into account in the measurement model of the Kalman filter.

Finally, the classical or modified Kalman filter would be developed for the system through these

changes.

Although this research focuses on the hand-held tool tracking application, the concept of
performing compensation for the common motion-dependent errors, developing the multi-camera
vision system, and integrating the different sensors has enormous application in the localization tasks

that require accuracy enhancement.

The tracking system developed in this thesis can be applied in a variety of areas such as industry,

medicine, human motion tracking, and sports.
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Appendix A

Detailed Specification for MicroStrain IMU

Parameter Specification Comments
Attitude Range: Pitch, Roll, Yaw (°) +/-90, 180, No Attitude limitations
Static Accuracy (°) 180
Dynamic Accuracy (° rms) +/-0.5 Typical, application dependent
Repeatability (°) +/-2
Resolution (°) +/-0.2
0.1
General A/D converter resolution (bits) 16
Performance Turn on time (sec) 0.8
Analog output (Optional) 0.5V 4 channels, user configurable
Update Rate (Hz maximum) 100 Orientation outputs
Physical Size (mm) 65x90%25 With enclosure
42x40%15 Without enclosure
Weight(grams) 75 With enclosure
30 Without enclosure
Electrical Supply Voltage (V) 5.2-12DC
Supply Current (mA) 65
Environmental Operating Temperature (°C) -40 to +70 With enclosure
-40 to +85 Without enclosure
Vibration (g rms) 4 20-700, white
Shock Limit (unpowered) (g) 1000
Shock Limit (powered) (g) 500
Communications | Serial Interface RS-232, RS- | RS-485 networking optional
485
Serial Communication Speed (kBaud) User selectable
19.2,384,
115.2
Angular Rate Range (°/sec) +/-300 Custom ranges available
Bias:
1)Turn-on to turn-on repeatability (°/sec) TBD 25°C fixed temperature
2) In-Run stability, fixed temp. (°/sec) 0.1 After 15 minute warm up
3) In-Run stability, over temp. (°/sec) 0.7 Over -40°C to +70°C range
4) Short term stability (°/sec) 0.02 15 second Allan variance floor
Angle random walk, noise (°Nhour) 3.5 Allan variance method
Scale Factor Error (%) 0.5 Over -40°C to +70°C range
Nonlinearity (% FS) 0.2
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Resolution (°/sec) 0.01
G-sensitivity (°/sec/g) 0.01 With g-sensitivity
Alignment (°) 0.2 compensation
Bandwidth (Hz) 30 With alignment compensation
-3dB Nominal
Acceleration Range (g) +/-5 Custom ranges available
Bias:
1)Turn-on to turn-on repeatability (mg) TBD 25°C fixed temperature
2) In-Run stability, over temp. (mg) 10 Over -40°C to +70°C range
3) Short term stability (mg) 0.2 15 second Allan variance floor
Noise (mg/\Hz rms) 0.4
Scale Factor Error (%) 0.5 Over -40°C to +70°C range
Nonlinearity (% FS) 0.2
Resolution (mg) 0.2
Alignment (°) 0.2 With alignment compensation
Bandwidth (Hz) 50 -3dB Nominal
Magnetic Field Range (Gauss) +/-1.2
Bias:
1)Turn-on to turn-on repeatability (mGauss) TBD
2) In-Run stability, over temp. (mGauss)
Noise (mGauss/\Hz) 15 Over -40°C to +70°C range
Scale Factor Error (%) TBD
Nonlinearity (% FS) 0.7
Resolution (mGauss) 0.4
Alignment (°) 0.2
Bandwidth (Hz) 0.2 With alignment compensation
50 -3dB Nominal
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