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Abstract

This research focuses on the development of intelligentniagte¢ool tracking systems for the
automotive industry to identify the fastened bolts. In order ¢oraplish such a task, the position of
the tool tip must be identified because the tool tip position coincides with dldeoh¢he fastened bolt
while the tool fastens the bolt. The proposed systemsgeutili inertial measurement unit (IMU) and
another sensor to track the position and orientation of the tool tip.

To minimize the position and orientation calculation error, an IMi¢ds to be calibrated as
accurately as possible. This research presents a naéhiticcelerometer calibration technique that
offers a high accuracy. The simulation and experimentaltsestithe accelerometer calibration are
presented.

To identify the fastening action, an expert system is developestilwa the sensor measurements.
When a fastening action is identified, the system identifiesfélstened bolt by using an expert
system based on the position and orientation of the tool tip anqubitéon and orientation of the bolt.
Since each fastening procedure needs different accuamiesequirements, three different systems
are proposed.

The first system utilizes a triaxial magnetometer and ad tl identify the fastened bolt. This
system calculates the position and orientation by using an IMUexpert system is used to identify
the initial position, stationary state, and the fastened bolt. nwhetool fastens a bolt, the proposed
expert system detects the fastening action by triaxiatlammeter and triaxial magnetometer
measurements. When the fastening action is detected, teensystrects the velocity and position
error using zero velocity update (ZUPT). By using the cordeictel tip position and orientation, the
system can identify the fastened bolts. Then, with the fastenepdsition, the position of the IMU
is corrected. When the tool is stationary, the system certieetar velocity error and reduces the
position error. The experimental results demonstrate that the pdoppstem can identify fastened
bolts if the angles of the bolts are different or the baksrat closely placed. This low cost system
does not require a line of sight, but has limited position accuracy.

The second system utilizes an intelligent system that incatggiKalman filters (KFs) and a
fuzzy expert system to track the tip of a fastening tool aridentify the fastened bolt. This system
employs one IMU and one encoder-based position sensor to determioetitation and the centre

of mass location of the tool. When the KF is used, the orientationiecreases over time due to the



integration step. Therefore, a fuzzy expert system is devekapedrrect the tilt angle error and
orientation error. When the tool fastens a bolt, the systentifies the fastened bolt by applying the
fuzzy expert system. When the fastened bolt is identified, therBtation error of the tool is
corrected by using the location and the orientation of thesrfadt bolt and the position sensor
outputs. This orientation correction method results in improveabildy in determining the tool tip
location. The fastening tool tracking system was experafgriested in a lab environment, and the
results indicate that such a system can successfuliyiféhe fastened bolts. This system not only
has a low computational cost but also provides good position and taerdacuracy. The system
can be used for most applications because it provides a high accurac

The third system presents a novel position/orientation trackieinodology by hybridizing one
position sensor and one factory calibrated IMU with the combinafianparticle filter (PF) and a KF.
In addition, an expert system is used to correct the angularityelneasurement errors. The
experimental results indicate that the orientation errors isf rttethod are significantly reduced
compared to the orientation errors obtained from an EKF approachimreved orientation
estimation using the proposed method leads to a better positionatesti accuracy. The
experimental results of this system show that the orientafitme proposed method converges to the
correct orientation even when the initial orientation is cotepleunknown. This new method was
applied to the fastening tool tracking system. This aygieovides good orientation accuracy even
when the gyroscopes (gyros hereafter) include a small error. In additiontrerargentation error of
this system does not grow over time, the tool tip position i@riftmited. This system can be applied
to the applications where the bolts are closely placed. pdhiion error comparison results of the
second system and the third system are presented in this thsisomparison results indicate that
the position accuracy of the third system is better than dhahe second system because the
orientation error does not increase over time.

The advantages and limitations of all three systems @mgpa&red in this thesis. In addition,
possible future work on fastening tool tracking system is destias well as applications that can be

expanded by using the KF/PF combination method.
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Chapter 1

Introduction

1.1 Motivation

Traditionally, motion tracking systems have been used for outdodicapms such as vehicle
and missile tracking [1]-[3] because traditional inertial semsvere bulky and heavy. Recently,
various motion tracking systems have been developed and used for amjdmations such as
manufacturing [4], human supporting systems [B], and rehabilitation [7]. This thesis describes
developments of tool tracking systems that identify fastened boltguedity control system.

Quality control has been a primary focus in the automotive industowever, many automotive
parts are still produced without any quality control process. ifsbance, the fastening process is
necessary in various assembly lines such as engine moupdigairand seat assembly. This process
requires fastening bolts in the right place with the right amount of torqueer@yrhuman operators
can set the output torque of the tool and monitor the fasteninggsrdo ensure that each bolt is
fastened through the application of a torque value within theedesange. However, monitoring the
torque values alone does not guarantee that each bolt issthatethe right places because operators
can make mistakes by not fastening all the bolts or fastening a bolt in thesgmrance. Therefore,
these assembly flaws in the fastening process should beicagtlif reduced to produce safer and
higher quality automotive parts. To eliminate any potentiagtakes and correctly fasten bolts, a
quality control system that tracks the location of the tool tiprerbelts are placed during fastening is
required.

Currently, only two fastening tool position tracking devices available in the market; namely,
SmartArm and UOS-100. SmartArm from PINpoint Information Systerosrelies on a passive
robotic arm without an actuator [8]. SmartArm consists of various limkseach link has an encoder
that tracks the angle of the link. When an operator moves atthe@d workspace, the encoders of the
passive robot arm track the motion of each link, and the posind the orientation of the tool are
calculated by using kinematics and the geometry of the roldus passive robot arm can accurately
track the position of the tool tip, but it can also easily lim& movement of the operators working on
the assembly process.

The other product, UOS-100 from Pepperl+Fuchs, uses ultrasoniducans to track the position

of the tool tip [9]. This system consists of one ultrasonigtemat least three receivers, and one
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control interface unit. The ultrasonic emitter is attachedheotip of a fastening tool, and the
ultrasonic receivers are placed on three different fixeditmtsmsuch as ceilings. Since this system
locates the ultrasonic emitter by triangulation method, ultias@teivers should be placed some
distance apart from each other. By measuring the distancedyetitme emitter and three receivers,
the location of the tool tip in 3D space (x, y, and z) is detemhinehe advantage of this system is
that it does not interfere with the movements of the operat@ubeconly a small light-weighted
ultrasonic emitter is attached to the tool tip. However, gmsdnic sensor has limited applications
due to maximum emitting angle, reflection, occlusions [10], and seanditivity [11]. Since the
ultrasonic position sensor uses triangulation method to locat8D@heosition of the ultrasonic
emitter, the lines of sight between the emitter and theveseare critical. For example, when the
receivers are installed on flat ceilings, UOS-100 can onlyctitte fasteners that have close to zero
tilt angles in order to obtain the lines of sight. Whereast three lines of sight are not secure, the
system fails to locate the position of the tool tip. In @ddj UOS-100 is not practical for a noisy
factory environment because of its sensitivity to high frequency acessich as metal beating.

In summary, the tracking systems that make use of thosertvducts are limited. Therefore, a
compact tool tracking system that has high dexterity and radsssta needed for automated tracking

and the quality inspection of parts assembled by bolt fastening actions.

1.2 Literature Review

1.2.1 IMU Calibration

Accelerometers and gyros include several errors such aseanty, gain error, and bias, as a
result of temperature change, input voltage and aging [12]-[14]. irdamity is not usually
compensated for, especially for a low cost IMU, because theegsoof modeling nonlinearity is
complex and the resultant error is often very small. Thug) Bdlibration typically deals with
estimating gains and biases. The gain and bias values depefidasigjgion temperature as shown
in [12] and [15]. Even with the temperature error compensationiMbezrror depends on the input
voltage. Therefore, the input voltage is usually controlled hioleage regulator. However, the
supplied voltage varies even if a voltage regulator is {E8d Therefore, when an IMU is powered,

it is commonly observed that the current gains and biases diifgitly from the previous values



even if the IMU is powered off and immediately powered on. To eethue gain and bias errors, an
IMU should be calibrated whenever it is powered on.

Due to the need for frequent recalibration of an IMU, the cglifm method should follow a
simple procedure and must provide a high accuracy. Section 1.2.1.Wgetvie calibration
techniques of a triaxial accelerometer, and Section 1.2.1.2 psothdebackground of triaxial gyro

calibration techniques.

1.2.1.1 Triaxial Accelerometer Calibration Techniques

The conventional method of triaxial accelerometer calibratioale$ rotating an accelerometer
at known tilt angles [16]-[18] to use the gravitational veasra reference. To achieve accurate
results with this method, the tilt angles must be preciselgsared. Calibration methods with an
external device such as an actuator [19], [20] or a positisos§Pl], [22] can accurately compute
the gains and biases, but such a device is not usually avail#tblde of a laboratory. Accelerometer
calibration methods that do not require known tilt angles or aredtdevice have been presented in
[23]-[28]. The calibration method in [23] continuously estimatagg and biases of a triaxial
accelerometer to calculate the tilt angle of human body.patiss method requires prior knowledge
of the frequencies of human body movements, and assumes thatdheraion of a body segment
has a zero mean to calibrate a triaxial accelerometer.ettowthe accuracy of this method depends
on how true the assumptions are. For example, this method has a higheacya when the
accelerometer is attached to the pelvis rather than th&. tr@©ther methods use a least squares
estimation to calculate the gains, biases, and misalignmeors ¢24], [25]. The aforementioned
method allows redundant tilt angle measurements to achieve acoreate calibration results.
However, Syecet al. [25] have stated that the initial estimation of the gain lsiases need to be
close to the true values to converge to reasonable gainsamas Ibd use the method in [24]. To find
the rough estimates of gains and biases, a calibration proced@fd mughly aligns the three axes
of the sensor with the gravity vector once positively and ongatively. Calibration methods rely
on the Taylor series expansion up to the first order term to linearize the noniizi&matical model
of the gains and biases are presented in [26]-[28].etal. [26] have reported a method to find three
gains and three biases of a triaxial accelerometer by pladmgix randomly chosen tilt angles in a
stationary state. The experimental results show that thisocheisually requires five iterative steps

to estimate the gains and biases. ¢faal. [26] have also stated that this method also requires the



initial estimations of the gains and biases so that thevalees do not diverge from the correct

solution.

1.2.1.2 Gyro Calibration Techniques

The conventional calibration method rotates each gyro about §satxiarious constant angular
velocities, and then, the relationship between the gyro outputtharahgular velocity measurement
are established [18]. To achieve accurate calibration sesith this method, the rotated axis must
be perfectly parallel to the calibrating gyro axis. Sinég miethod requires correct angular velocity
measurements, a turntable which can measure angular veloadgdsfor calibration in [24], [29].
However, the procedures of these methods are inconvenient andditseming. The calibration
method that utilizes an optical position sensor with three lightiegidtiodes (LEDs) has presented a
faster and simpler procedure [21]. This method can calibrate drbiMandomly moving the sensor
for half a minute. Then, by using the orientation measuremalttslated from three LED positions,
the IMU is calibrated. Although this method is easy to usegptieal sensor is relatively large and
expensive. Consequently, this method is not feasible outside thattayor Another calibration
method [16] places the gyro stationary to estimate the béhsotates the gyro about its rotation axis

360° to calibrate the gain.

1.2.2 Position and Orientation Computation Using an IMU

An IMU can be used to estimate orientation [30]-[32] and position [B3kuming that the local
gravity vector is perfectly known at all times, the positand the orientation of an object can be
accurately calculated by numerically integrating thedimacceleration and angular velocity measured
by an ideal IMU. However, an ideal IMU that has continuous an@gily accurate measurements
does not exist in the real world. Therefore, the position errcgases over time due to the numerical
integration of corrupted inertial sensor data. Figure 1-1 depie position error simulations of
different grades of stationary IMUs with small biases [1The simulations indicate that the position
error reaches 450 mm after 7 seconds with a commercial bvthélel0 seconds with a tactical grade
IMU, and 90 seconds with a navigation grade IMU. Figure 1-1 shmatgosition tracking systems
using an IMU only are not reliable for an extended periothw. In order to estimate the position,
the acceleration needs to be integrated twice and the angltaity needs to be integrated once.

However, to estimate orientation, the angular velocity si¢ede integrated once. This means the



orientation error grows at a much slower rate than the position erherefore, an IMU is often used
as an orientation sensor, otherwise is usually hybridizedamitither sensor to estimate the position
[34], [35].

1T I [T T [
500 | { tactical- 1 T u

commercial-grade strategic-

400 | | ! 1 1 | 1 |
/ navigation-grade geophvsical limit }
350 - —_—

5 "
300 . - / 2 -1 1 -

250 |y

mm

. / / i
.y y AN
e — =l

o ¥ . . |

o 0 2 3

10 10 107 10
seconds

Figure 1-1: Position error simulations of different grades of IMUs [11]

Using an IMU as an orientation sensor is still a challdrgmuse the orientation calculation drifts
over time due to the integration of gyro errors [36]. In ordeovercome this problem, three
accelerometers of an IMU are used as a tilt angle s&esause the accelerometer can find the tilt
angle without any integration step. An orientation correatiethod using a triaxial accelerometer is
described in [37], but the experimental results of this method shbigh orientation error. Many
researchers have employed the KF to combine the tilt anglesagccelerometer measurements with
the orientation calculation from gyro measurements [38]-[4Rehbinder and Hu [40] have utilized
gyros to find the angular position of a robot and correct thartgte with accelerometers when the
robot does not accelerate. Fuzzy expert systems are chosdrdbtlde static state of an object to
correct the tilt angles [41]-[43].

Although these techniques can limit the drift in the roll andhpétiegles, they cannot correct the
yaw angle which does not depend on the tilt angles. In order to tctheegyaw angle, three



magnetometers are used to measure the magnetic field of tih¢4ddr [45]. However, the magnetic
field of the earth can be corrupted by ferrous materi#$ énd the magnetic field can be generated
by electronic devices. Bachmaanel [47] have reported that when the ferrous material is lhess t
two feet from a magnetometer, the error due to the distortidtmeahagnetic field can be significant.
To reduce the distortion of the magnetic field of the earttthoas that combine IMU outputs with
magnetometers using a KF have been proposed [48]-[50]. The acotirmh methods decreases if
the disturbance has a similar low bandwidth to that of the andrfaencountered by the gyro error

or if the magnetic field is constantly disturbed.

1.2.3 Position Sensors

Various position sensing technologies are available and caatégocized as follows: (i) visual-
based, (ii) non-visual-based, and (ii) encoder-based. Each graujtshawn advantages and
limitations.

Visual-based position sensors require a detecting system tattoe line of sight of the object or
the marker to obtain measurements (e.g. infrared, camera, arsbniltrgosition sensor). An
infrared position tracking system can achieve less than Taotmean square (RMS) error when the
marker is less than 2 m from the sensor [51]-[54]. However, an accuratednfi@sition sensor such
as Optotrak is very expensive (over $150,000). The accuraaycaimera-based position sensor
depends on various factors such as the distance between ¢ioé afl the camera(s). Thus, the
position error range varies but [55] shows that stereo visyster® can achieve a 5 mm error.
However, the camera-based position estimation techniquesgtiire further improvement [56] and
a complex calibration procedure [57]. In addition, the accuracy of an ultrasoniompssitsor varies
depending on the distance between the marker and the rec&iverultrasonic-based fastening tool
tracking system, UOS-100, has a position error less than 10 noweudr, the ultrasonic position
sensors have performance issues related to reflections,ionslusnd sound sensitivity as discussed
in Section 1.1.

Non-visual-based position sensors do not require lines of sight, laityukave lower accuracy.
Non-visual-based position sensors include IMU, magnetic positissos¢58, radio frequency (RF)
[59]-[61], and ultra-wideband (UWB) [62]. Magnetic position sensmans achieve accuracy better
than a 10 mm error [63], [64] when no ferrous material is inmkasuring range. However, when

ferrous material is in the measuring range, the magnetit i distorted [47], and the position error



can be significantly increased depending on the ferrous material and theedistameen the material
and the sensor [$4][65]. The position estimation using the RF technology does notredings of
sight, but introduces undesirable errors when occlusions andti@ike occur [66], [67]. UWB is
suitable for in-door tracking applications such as body trackinghipping container tracking
because UWB can penetrate various wall materials [@8jvever, when a human body obstructs the
line of sight between the tag and the sensor, a UWB positisoiseannot locate the tag due to the
signal strength attenuation by human tissue [69]. In addition, thB Sighal can be reflected by
metal.

A string-encoder position sensor that can track 3D position has been asddd@]. This method
uses one encoder and three force sensors to estimate the posditierenél-point of the wire that is
connected to the sensor. However, the friction between theawidehe guidance hole creates a
measurement error in the force sensor, and significant noiseserveld when the position is
calculated from the force sensor measurements. Also, an ptbduaitilizes three encoders to find
the 3D position is available [71]. This position sensor hsiegle wire which is connected to three
encoders to find the position of the other end of the wire. This grddhs a high accuracy and
provides noise-free outputs. However, it still needs a line of sighbdhe existence of the string.

The summary of the position sensors and their advantages andidinsitare described in Table
1-1. Since each position sensor has its own characterigtiestisg a position sensor depends on the

required accuracy and the environment of the application.

Table 1-1: Position sensors and their advantages and limitations.

Sensor Accuracy Advantages Limitations
RF 3000 mm No LOS (line of sight) Poor accuracy, strength attenuation,
reflection
uwB 500 mm Ability to measure Poor accuracy, strength attenuation,
behind walls reflection
Magnetic 10 mm No LOS, high accuracy  Ferrous materials liritracy
Ultrasonic | 10 mm High accuracy 3 LOS, Noise
Infrared 1 mm High accuracy 3 LOS, High cost
Camera 5mm High accuracy Complexity, 2 LOS
Encoder 7 mm High accuracy LOS, longer length results in poor accuracy




1.2.4 Orientation Detection Using Position Sensors

By attaching multiple position markers on the tracking objdwft-free orientation estimation can
be achieved. A multi-antenna GPS receiver has been utitiZgt the orientation of a vehicle [72],
[73], and multiple ultrasonic markers have been used to find teatation [74], [75]. Multiple
position markers are integrated with one IMU to obtain a-fie€ position and orientation estimation
[76], [77]. The position and orientation can be estimated more atetuby hybridizing an IMU
with a position sensor. In addition, an IMU is used to estirpasition and orientation when the
position sensor data are not available. When position sesrsotgilized to estimate the orientation,
the position markers should be attached to a rigid body, and themnahould be located some
distance apart from each other to obtain meaningful orientatiosumaents. However, this
requirement is not feasible in many applications due to solgéct size or the restrictions of

applications.

1.3 Thesis Overview

The primary objective of this thesis is to develop framewodk ntelligent remote
position/orientation systems. Since each application has itsneeds and limitations, the newly
developed framework requires specific design considerationslatioreto the application. The
immediate goal of this research is to develop tool trackisgems that can identify the fastened bolt
for an automotive manufacturing environment. The proposed methadgate an IMU with an
additional sensor to identify the fastened bolt. A MEMS IMU is chdsethis research because it is
small and lightweight. Therefore, it can be attached to awibbut limiting the movement of the
operator. This thesis consists of seven chapters.

In Chapter 2, various hybridization techniques using variants dBdlgesian filter are described
as well as the fundamental concepts of fuzzy expert system.

Chapter 3 describes a novel triaxial accelerometer cabbrégichnique that does not require any
external sensor. The calibration parameters of an accalpohange slightly whenever the sensor
is powered on or when the temperature of the sensor is charBirde the presented calibration
method has a very simple calibration procedure and a high accitraan easily be applied by
operators in the automotive industry.

Chapter 4 presents a fastened bolt tracking system using araiidla triaxial magnetometer.

This chapter describes how to calculate the position and orientation by usiig.arlso, an expert



system that identifies stationary state, fastening actiod,initial position is presented. The expert
system also corrects or reduces position and orientation errors.

Chapter 5 presents a fastening tool tracking system by usidlylldnand an encoder-based
position sensor. This tracking system hybridizes one positinaoseand one IMU to estimate
position and orientation. In addition, a fuzzy expert system is algs@lto identify the stationary
state and the fastened bolts.

Chapter 6 presents a hybridization technique which combineB an® a KF. This novel
technique estimates orientation using a PF and estimatgso#iiteon using a KF. An extensive
analysis of the experiments is conducted. This novel methodtéxitand the results are compared

with those using the KF-based method in Chapter 5.

1.4 Contributions

The contribution of this research is as follows.
Development of a novel triaxial accelerometer calibration.
Development of a tool tracking system by using an IMU and a triaxial magegtom

Design of an expert system that identifies the fastening action, stedelyastd orientation
correction.

Design a fuzzy expert system that identifies the statioséaye and fastened bolt
identification.

Development of a tool tracking system using an IMU and encoder-based positon se
Development of the framework of a position/orientation tracking systemdhdtices the
PF and the KF.

Development of a tool tracking system that utilizes theRFeombination and an expert

system.



Chapter 2

Theoretical Preliminaries

2.1 Hybridization Techniques

Even for applications that require only position estimation, manytrezking systems depend
on a hybrid hardware consisting of one IMU and one position sensor pi@vien the position
estimation accuracy rather than using a standalone position sensor. When annfégiased with a
position sensor, the drawbacks of each sensor are accountaddanore accurate state estimations
can be achieved. To integrate one position sensor with one hdWatiants of the Bayes filter [78],
[79] such as the KF [80], [81] or the PF [82], [83] are widely used. A KF is an aptiobserver that
estimates the states of linear Gaussian state space médelsnd its variants such as the extended
Kalman filter (EKF) [84], unscented KF [85], and complementaly [86], [87] are the most
commonly used filtering techniques to integrate an IMU with a iposgensor. When the model is
highly nonlinear or the noise distribution is non-Gaussian, a Rtore suitable because a PF does
not require the state space model to be linear nor assume theimais® mean Gaussian. In
addition, even when the initial states are unknown, the sigiesity converge to the correct values
if enough number of particles is used. A PF approximates therjposvith a set of state samples,
called particles, instead of assuming that the posterior$Gaussian at every time step. As the
number of particles increases, the approximated posteriors ager ¢b the true posterior, which
offers more accurate estimation at the cost of higher conqmahtomplexity [88], [89]. To reduce
the computational complexity, the linear Gaussian part okyséem can be solved by using a KF
while the remaining part is solved by using a PF [90]. This caatioin provides improved results

even with a smaller number of particles.

2.1.1 Bayes Filter

For a system identification purpose, the following dynamic state space medekidered:

X, = fi (X1, Uk 1,04 1) (2-1)

z =h (%, dy), (2-2)
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where subscripk represents the iteration number or titpe x, is the statef, is a state transition
function from timet,_, to timet,,u,_, is the deterministic inputy _, is the process noise, is the
measurementd, is the measurement noise, ahdis a measurement function. The complete
solution of the current statex() is presented through the posterior probability density function (PDF)
when all the measurements up to the current time instgnt&nd all the inputs up to the previous
time instant (,.,) are given. Bayes filter calculates the posterior PP®, | z,,,Ugy.1), IN two

steps: (i) prediction and (ii) update. Using the Bayds amd the Markov property, that is if the
current state is known, the future state is independent of thetat@st $he prediction and update step

can be formulated as

Prediction:
P& | Zik-1, Yok 1)
(2-3)
= PO | %15 Upe- 1) XP(K 1 | Zye_ 15 Uoi 2) XA% 4
Update:
%) Xp(X, | Z., 1, Unyp.
DX, | Zue s Ui 1) = P(z [ %) *P(X | Zuy 1, Uok-1) . (2-4)

P(Z | Ziy.1+Yok-1)

p(z | %) is the likelihood,p(X, | Z,_;,Ug.1) IS the prior, andp(z, |z, ;,Uy.,) IS @ normalizing
factor. In order to construct the posterior PDF, the prior muat/agable including the initial PDF,
P(%) -

A Bayes filter requires integration over the state spachich is often impossible to calculate
analytically. In some cases, the posterior distribution caanbfytically calculated such as the linear

Gaussian state space model (i.e., KF). When the analytical catiopus not feasible, the posterior

density is approximated by using estimators such as a PF.

2.1.2 Kalman Filter [91]

The KF presents an optimal solution of a Bayes filter $suming that the posterior density is
Gaussian. In order for the posteriors to be Gaussian at @wergtep, the following conditions must
be satisfied [92], [93]:
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The initial PDF is Gaussian.

fi (X1 Ue.1,b1) is alinear function of _, andu,_, with added Gaussian noise.
h(x,.dy) is alinear function o, with added Gaussian noise.

By using these assumptions, (2-1) and (2-2) become:

X =F %1 G U +By g, (2-5)

whereF , is the system transition matrix from tinhg, to timet, , G is the input matrixH, is the

measurement matrix. It is assumed that the process noiseeamgdsurement noise have zero-mean

Gaussian distributions and they are uncorrelated. In addition, theacmeof process nois&€)y )
and the covariance of measurement noRg) @t each time step are known as well as the initial state

(%) and initial covariancel%).

The probability density distributions of both the predicted state and theureezent are Gaussian.

Since the estimated staté&,( is the combination of the two probability density distributiohs, t
estimated state is also Gaussian and has a linear metdfvedicted stat&, and measurement as
follows:

The objective of the KF is to find the weights, and K, , that minimize the error covariance. Since

the KF is a special case of the Bayesian filter, the KF also ¢efiratates by using the prediction step
and the update step. When the previous estimated state andrimpabwn, the current state can be

predicted as
X =F K1 +GoUy - (2-8)

In order to predict the error covariance, the error must be peddidhe predicted error is expressed

as

12



& =X - X =F X1 * QU g - X
=F (X1 +8c1) +GU g - X

=(F X1 + QU +b 1) - by +F 81 - X, ,
=F&.1- b,y

(2-9)

where é_, is the estimated error at tintg,. Then, the prediction covariance is calculated as

ISk = E[@@T]
=E[(F kék-l -b)(F kék—l - k-1)T] . (2-10)
=F E[&_.& 1T]F kT + E[bk-lbk-lT] - F (E[&. 1bk-1T] - E[bk-lék-lT]F kT

Since the estimated error and process noise are uncorrel@db, ,']=E[b,_ & ,'1=0 .

Therefore, the prediction error covariance becomes
Pe =F(PaF i + Qs (2-11)
where I5k_l is the estimated error covariance at titpg, which is defined as

P =E@.Et')- (2-12)

When the current measurement is available, the predictetastd error covariance is updated.

From (2-7), the estimated errag,( is calculated as:

~

=L (% +8) + Kz - X,

~ . (2-13)
=Le tLox + Kk(Hka +dk)' Xy
=L & + (L + K Hy - Dx + K, dy
In order to minimize the estimated error covariarigeshould be defined as

Then, the estimated state becomes

X = L X + K,z
=X + K (z - HX)
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In order to estimate the estimated error covariance, timatst error should be calculated. From

(2-13) and (2-14), the estimated error becomes

e =L +(L, +K.H, - I)x +K.d,

- (2-16)
=(- KgH e +K, d,
Therefore, the estimated error covariance at timeecomes
Pe-E@&")
=efa- K H,)& +K, df - K,H,)& +K,d} T] (2-17)

= E|d- Kka)ékaT - KH)T + dekdkTKkT
+E|(L- K H)EA K, + K d& (L- K H,)'

Since the estimated error and measurement noise are uncdtrbltteE[& d, '] and E[d, & '] are
zero. Then, (2-17) can be simplified as
Pe=(1- KHOR( - KeHOT +KRK, T (2-18)

Now, the weight factorK, , should be calculated. This weight factor should be choserasi th

minimizes the estimated error covariance. Eq. (2-18) can be expanded as:

F}( =[(1 - KgH)R( - K HY)T +KkRkKk_l
=R +K (HRH{ +RIK{ - KGHR - (KHR) . (2-19)
:ISL +Kk(Hk|5;<H|I)K|I +KkRkKI1— - Kkals;( - (KkaIS;()T
Since |5k is a covariance matrix, it should be symmetric and non-negafifeus, K, should be

chosen so that the trace of the estimated error covarsng@imized. The trace d@k is calculated

as
TracdP,] =TracdP,]+TracdK, (H,P.H} )K]]+TracdK, R K ]- 2TracdK,H PR.]. (2-20)

To find the weight factoK, that minimizesTrace{ﬁ], the derivative ofl race{lS] with respect to

K, should be zero as
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TracdR] _ TTracdR ] , TracdK, (H RHOKL] , TTracdK RK(]  2fTracdK,B]
K« K« K« K« K«

=0.

(2-21)

The first term in (2-21) is

fTracqR] _ fTracqdF c1PeaF 1+ Qeal -0
K, K,

Since the error covariance matrix and the measurement coiseiance matrix are symmetric, the

second term and third term in (2-21) is

ﬂTrace[Kk(HkﬁkH;)KkT]

= 2K, (HPH})
ﬂKk k k'k" Tk
TracdK, R K, '
q kRk k ]:2KkRk
K
The last term in (2-21) is
2MTracdK, H P, ~
d k' 'k k] :2(HkPk)T-
K
Then, (2-21) can be simplified as follows:
2Kk(Hk|5kH|I +R)- Z(Hkﬁk)T =0. (2-22)
Then, the weight factor becomes:
K = RTH{ (H R HY +R)™ (2-23)

Since the predicted error covariance matrix is symmetric, thghivigictor can be written as
K, =RH, (HRH+R)™. (2-24)

Then, (2-18) can be further simplified as follows:
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Isk =[(I - Kka)lsk(l - K HO)T + K RK{ ]
=|5k +Kk(Hk|5kH|I +Rk)KI1— - KkaISk - (KkaISk)T
=|Sk +[|SkHT(Hk|5kHII +Rk)_1(Hk|SkHl-<r +R K ]- Kkaﬁk - (KkaISk)T

~ o~ ~ ~ (2-25)

=P + BHK{ - KyH R - (KyH R

= ISk - KyHy ISk

=[| - Ky ka]XISk

In summary, the prediction and update equations of the KF are as follows.

Prediction:
Predicted state: X = F i + Gy (2-8)
Predicted covariance: 5k =F ><I3k_l . +Q, (2-11)
Update:

. 5 T 5 T -1
Kalman gain: K, =B xH, >{Hk B oxH, + Rk] (2-24)
Estimated covariance: |5k = [I - Ky ><I—|k]><ﬁ( (2-25)
Estimated state: X =X + K Xz, - H %) (2-15)

2.1.3 Sampling Importance Resampling Particle Filte  r [93]

The PF is a suboptimal solution that approximates the true postégtiora finite number of
random state samples with the corresponding normalized weightsn, e posterior density
approximation at time, is

N . .
P(X | Zuyr Ugie1) »  Wed(% - %) (2-26)
t=1

where a() is the Dirac delta functiory is the number of sampleg, is the normalized weight of the

i" particle at timet, , and X is thei" state particle at timg, .
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In order to derive the PF state estimation algorithm, consheeposterior density up to timg

such that

P(Z | %) XP(Xie | X415 Uy 1) XP(Xoe-1 | Ziye_ 15U )
P(Z | Zuy. 15 Yy r)

p(XO:k | Zl'k'uo:k.l) = (2'27)

Since it is usually difficult to sample from the posterior dgngkie importance sampling technique
[94] is used to sample in the PF. When the target densityefmsdensity in this case) can be
evaluated at any point but is difficult to sample from, sampl@s be drawn from a known

normalized probability densityr[x)], the so-called importance density. To compensate for the

difference between the target density and the importance damsitgalized weights, which are the
ratios of the two densities, are assigned to all the pestif92]. The discrete posterior density
approximation up to time, is expressed as

N

P(Xox | Zik»Uok-1) » Wli<d(X0:k - X(i):k) . (2-28)

t=1

The normalized weight has the following relationship with thgetadensity, p(x), and the

importance densityr, (X) :

i p(X(i):k | Ziy, Ugy-1)

et o 2t
Xok ileu O.ki-l i i (2-29)
u P(Z | %) XP(X | X 15U 1) XP(Kee 1 | Zey 15U »)
r (Xox | Zex Yok 1)
The importance density should be chosen so that it can be determineivebcass
F (Xox | Zeks Uo-1) = T (K | Xox- 15 Zese» Uow-1) X (Ko 1 | Zeye. 10 Yok 2) - (2-30)

When the importance density also satisfies the Markov propamtg sis the target density, (2-29) is

rewritten as

W|i< p(z, |X|I<) XP(XL |X|i<-1vuk-1) ’_‘p(xéxk-l | Z 1) Yok o)
F(Xic | Xk-15 Zs Ui 1) 0 (Ko 1 1 Zeye 1 Uoi- 2)

P(z, %) *P(X, | Xi.1,Uy1) .

F (X [ Xk 10 Zo Uy 1) o

(2-31)
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To simplify (2-31), the importance density can be chosen from prior as

F(X | X415 Zs Uy 1) = PO% | %15 Uy 1) - (2-32)

Then, (2-31) can be rewritten as
W 1 W g Xp(Z, [ %) - (2-33)

The problem with this type of PF is that only one particlé kdlve high weight (close to unity)
and the remaining particles will have negligible weights ¢aslmzero) whenk is high. This
phenomenon, called a degeneracy problem, is undesirable because thmedvpayticles do not
represent the true posterior density. In order to avoid this proplemicles can be resampled based
on their weights. Resampling draws more samples from the higdights and reduces the number

of samples from the lower weights. After resampling, allpticles are assigned the same weight;

thus, the weights at timg_, are the samew_, =1/N). Then, (2-33) becomes

W B P(Z %) - (2-34)
After resampling at time, , (2-26) can be written as

N

1 i
P(X | Zyy s Ugk-1) »N A% - %) - (2-35)

t=1

Some approaches in the literature propose to calculate the sveigded on the “fithess” value
[95], [96] or the “evidence” value [97], [98] of each patrticle to repredenlikelihood in (2-4).

2.2 Fuzzy Expert Systems

Fuzzy expert systems, a branch of artificial intelligerace,very powerful decision-making tools
and are used for quality control algorithms in various industriglsiding textile companies [99],
steel companies [100], and PCB manufacturing [101]. The main compafemexpert system are
a knowledge base, reasoning mechanism, and user interface Tla2knowledge base in a classical
expert system is constructed with facts and rules thabgmessed in Boolean logic. Rules are often
expressed in a form of ‘IF A, THEN C’ where A is a set atfeaedent conditions, and C is a set of
consequences. In classical crisp logic, the consequence, Qeisvitren the antecedent, A, is
perfectly satisfied. As discussed in section 1.2, positiotsae do not always output reliable

measurement. As a result, fuzzy expert systems are proposedricdus position tracking
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applications including a GPS/IMU hybrid system [106]-[108] and arabnic/IMU hybrid sensor

[109] due to the ability to estimate outputs when sensor measurements rervaintnes.

2.2.1 Fuzzy Set

A fuzzy expert system utilizes fuzzy sets [103] and fuzzycldgfjp4]-[105] and allows for the
computation of a partially true consequence based on how much doedant is satisfied. A fuzzy
set,F, is defined on a universe discourse and can be described in tetinesroémbership function.
The fuzzy membership function can take any value between 0 amdhele O indicates false
(complete non-membership) and 1 indicates true (complete menershie value between 0 and 1
represents a partial membership to the fuzzy set. The fetity a generalization of crisp sets where
the governing axioms are relaxed to allow for partial memberghijpzzy set of generic elements,
and its membership functiomg(x), can be represented as follows:

me (x)  xif Uis continuous

e m. (x) Xif Uis discrete

U

DeMorgan’s law, laws of contradiction and the excluded middleaks@ investigated for these
operations. Motivated by their crisp counterparts, for any twayf setsA andB, the fuzzy union,

intersection and complement is defined as:
Ma g (x) = max{m a(x),mg (x)]
My g (x) = min[ma (x), ms (x] (2-36)
Mg (x) =1- ma(x)
The fuzzy set theory can be viewed as an extension of thsicclassp set theory where
DeMorgan’s Law holds. However, the laws of contradiction anduded middle in a crisp set may

not be true for fuzzy operations due to a partial membershipexaonple, the following can be true
in a fuzzy set:

_ (2-37)
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2.2.2 Fuzzy Logic

By applying the fuzzy set to the classical crisp logic, fultmyic is derived. The fundamental

axioms of the fuzzy logic are: (i) each fuzzy proposition haembership degree between 0 and 1,
(i) each fuzzy proposition is a collection of linguistic teramsl fuzzy operations, (iii) the terms of
fuzzy proposition are defined within the fuzzy set domain, and tfig) fuzzy logic operators
combining fuzzy propositions are conjunction, disjunction, negation and atiphc In fuzzy logic,
a proposition is a combination of terms that are defined withibdheadaries of the fuzzy set theory.
A fuzzy rule is also expressed in the form of ‘IF A THENIike the classical crisp logic, but both A
and C have their own membership function. The membership fumogasures the degree of truth
of the implication.

The fuzzy logic system provides a method of mapping an input spage dotput space. The
mapping is achieved by transforming the crisp inputs to the mehiperalues of a fuzzy set. This
process is called fuzzification, and an example is shown in FiguréAZhién the input value is X1 or
X3, the membership degree becomes 0.5, and when the input value e X&rhbership value is 1.
The membership degrees of the fuzzy set are processed bythesifiugzy inference mechanism and
fuzzy rules incorporated in the rule-base and yield a fuzzy oufphis fuzzy output is transformed
back into crisp outputs. This inverse process of fuzzificatboalled defuzzification. Many
defuzzifiers have been proposed and the following five difuzgifewe widely used: maximum
defuzzifier, mean of maxima defuzzifier, centroid defuzzifiergthiedefuzzifier, and modified height

defuzzifier.

Membership Degree

Figure 2-1: Fuzzification example.
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In a fuzzy expert system, fuzzy rule-base is a collection esrbhsed on expert knowledge to
identify the state (or output) of the given system by usingrpats. A fuzzy rule with multiple

antecedents and a single conclusion in Mamdani’s style is describdlbas:fo

IF X is A|’1 Lo Xo iSAgyj... XdiSAj’d THEN ylSG

where x,..., X are the input space, and y the output, subsgigpthe rule numbelj=1,...,dis the

index for the inputs, and jAand G, are fuzzy sets, and denotes a fuzzy operation such as ‘AND’,
‘OR’. In Mamdani’s rule, the consequence of the rule itsel i®izzy set. Although each set of
antecedent can have multiple inputs, each set has a singibenship degree value. The
membership degree derived from each antecedent is used toeréishaule’s output. An example of

an inference mechanism is given in Figure 2-2. For example, The rulesaragifollows:

Rule 1: IF X is A1 AND x; is A, THEN y1 is max[u(X1), n(X2)] and
Rule 2: IF x is A1 AND X, is Ay, THEN y2 is min[y(X1), u(X2)].

The membership degree based on Input 1 in Rule 1 is 0.3 and the membeysdepbadsed on Input
2 in Rule 1 is 0.5. Since Rule 1 states to find the maximum of thenputsi the membership degree
of the output of Rule 1 (y1) is 0.5, and the membership function of ydnte=cthe shaded shape of
the output of Rule 1. For Rule 2, the membership based on the oyR)uis(0.4, and the
membership function is shown as the shaded shape of the outpuei.RUhe results of each rule
are added to get the crisp output value through defuzzification.n Wkecentroid defuzzifier is used,

output y1 and output y2 are added and the centre of gravity value is chosen agtthe out
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Figure 2-2: Inference mechanism.

22



Chapter 3

Accelerometer Calibration Technique

This chapter presents a novel triaxial accelerometéraaon method that does not require any
additional sensor but guarantees a high accuracy. The propmseal ticcelerometer calibration
method utilizes the gravity vector and the mathematical modlethe triaxial accelerometer
calibration parameters; three gains and three biases.s mbthod only requires the triaxial
accelerometer to be stationary in six different tilt asgio estimate six calibration parameters and
does not require any knowledge of the tilt angles. Sinced#filsration method does not require any
additional sensor but offers a high accuracy, it is suitédilea variety of applications including
industrial applications.

3.1 Overview

Figure 3-1 summarizes the calibration parameter estimateps and the process of conversion
from the triaxial accelerometer outputs to acceleratidhshe calibration parameters are available,
the accelerometer data are converted from voltage to acceleratidrthleutalibration parameters are
not available, the proposed method outputs the accelerometasreraasts. The fundamental basis
of the proposed triaxial accelerometer calibration methdbaisthe vector sum of the acceleration
measurement by using a triaxial accelerometer is equdietgravity vector when the sensor is
stationary. Since a triaxial accelerometer has six unknoWoratson parameters, three gains and
three biases, it has to be placed in six different tilt angles to obtansations as shown in Figure 3-
2. The stationary state is identified by using an expert sys@hen the six tilt angles are measured
for calibration, the sensor should be rotated in at leastdifferent axes. If the sensor is rotated in
only one axis, one of the three accelerometers will not be aedibr When the accelerometer output
readings in six different tilt angles are collected, thecalibration parameters can be estimated from
the derived equations.

When the sensor is stationary, the relationship between thé doavity vector @,) and the

accelerations in X, Y, and Z axi8y Ay, andAz, respectively) is

AZ+AZ+AZ=(g)%. (3-1)
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Figure 3-1: Flow chart diagram of the proposed triaxial acceleromer calibration method.
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Figure 3-2: Calibration procedure: the proposed calibrationmethod requires six different tilt

angle measurements to determine six calibration parameters.
The relationship between the accelerometer outputs in eaci@i9 and the true acceleration in
each axis A,,;;) can be written as

Saxis = Gaxis >(Aaxis + Baxis' (3'2)

where G, is the true gain of each axis aBg, is the true bias of each axis. Therefore, the squares

axis

of the triaxial accelerometer system outputs are described as
S’ + Sy2 +S7=(G, xA +B,)? + (G, %A, + By)2 +(G, %A, +B,)%. (3-3)

When the accelerometer is stationary, (3-1) holds, and (3-3) can be ekxpande
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sz + Sy2 + 822 = (Gx2 - 1) xAx2 + 2>Gx XA( ><Bx + sz
+(G,” - N xA* +2>G, XA, *B, + B, (3-4)
+(G, - DA +2>G, A, B, +B,” +(g))”.
When all three true gains are unity and all three trusebiare zero, the accelerometer system output
of each axis is equal to the acceleration. Otherwise, thetddshe an error terniE¢ror) due to the

gain error and the bias error where the gain error is definée @min minus unity, and the bias error

is the bias minus zero. Thus, (3-4) is represented as

S’+S,°+S, =¢g,°+Error

2 2 2 2 (3-5)
Error =5,°+S,°+S,”- g,".

By substituting (3-5) into (3-4), the error term can be described as

Error =(G,” - )xA,” +2>G, XA B, +B °
+(G,2 - D xA 2 +2>G, XA, B, +B,* (3-6)
+(Gz2 - 1) ><Az2 + 2>(32 ><Az ><Bz + B22'
The error term of (3-6) can be determined from (3-5). Howesitgece the acceleration terms are

unknown, the acceleration terms of (3-6) should be replaced with the lammeferometer system

output terms. Then, (3-6) is rewritten as

Error = (1- 1/G,%)xS,* + 255, 5B, /G,” + (1- 1/G,*)xS,* + 23S, <B, /G, *

(3-7)
+ (- 1/G,%)S,” +255,58,/G,” - (B,* /G2 +B,*IG,* +B,*/G,”).

Eq. (3-7) has six unknowns, and the last t¢Byf,/G,”* +B,*/G,* +B,”/G,”) , is non-linear and

has six unknowns. Thus, to determine all six unknowns, this problem shosidivbd by using an

iterative method.

3.2 Iteration Method to Calculate Axes Gains and Bi ases

The proposed calibration method uses an iterative method to ¢althdagains and biases of each
axis of a triaxial accelerometer. To implement an iterative method, {®8)dsbe rewritten so that it

fits the method. Thus, (3-2) is rewritten as
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k

K “ -~
Saxis = Gaxis anxis + Baxis = O Gaxis,i anxisk + Baxis,i
i=0 i=0 1 (3-8)

= Ga)(is,k ><Aa)(is,k + Baxis,k’

where G represents the calculated gain of each axis ati"thiéeration, B

axis,i

represents the

axis,i
calculated bias of each axis at iffdteration, Aaxis’k is the estimated acceleration of each axis at the
K" iteration,éaxis‘k is the estimated gain of each axis atkfeteration, andl§axi&k is the estimated
bias of each axis at thé iteration. Given that the true gains are real positivebaismand the true

biases are real numbers, the initial estimated gain df eais (éaxis‘o) can be chosen from any

positive real number, and the initial estimated bias of aa'rsh(éaxisyo) can be chosen from any real

number.
When the iterative method converges, the estimated gains ases kiathel" iteration should

match their true counterparts. Thus, the objective of thetiteranethod is to determine the

calculated gains of each axiéa((isyk) and the calculated biases of each aﬁ&igk) that satisfy

~ ~

G Gaxis,k (3_9)
B +B

axis,k- 1 axis,k

G G

B

axis axisk — “axisk-1

1]
0>

axis axisk —

From (3-8), the estimated acceleration at kag){ iteration is

Aaxis,k—l = (Saxis - Baxis,k—l)/Gaxis,k—l' (3'10)

Since the accelerometer outputs are known as well as theysestimated gains and biases, the

acceleration of each axis at thie1)™ iteration can be calculated by using (3-10). When the
accelerometer is stationary, (3-1) hoIds.Angs’k_l does not match the true acceleration of each axis

(A,s), an error is encountered. The error term athkrgiteration is

B = (A ) + (A1) + (A1) - 9

. . N . . . (3-11)
=((Sy - Bye1)! Gy 1) > +((Sy - Byy1) /Gy 1)® +((S; - Boyn)/Gyp)® - 91

Since all the terms in (3-11) are knowH,_ ; can be calculated. By using (3-1), (3-11) is written as
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=((Sx - B )/ Gxsc1)? +((Sy - Byy)/Gyyen)?

- A 2 2 2 (3-12)
+((S; - Bz,k-1)/Gz,k-1)2' (A +A+AD).

The true acceleration terms in (3-12) are replaced with the kaoweelerometer terms from (3-8) and

(3-9). Then, (3-12) can be expanded as

=@ 1/éXk2)xAXk12+2><§kaAXk1/(é Gy k)
FA- UG, P A it + 2By A 1 Gy Gy D) (3-13)
+(- 1/Gz,k )XAZ,k—l +2><Bz,k xAZ,k—ll(GZk 1°Gz “)- s

= = N

BX,k2 BY,k BZ,k .
whereg,_, = (—= ~——5t = ~ *t = ~——) - EQ. (3-13) has six unknowns and
X,k-1 >GX,k) (GY,k—l >GY,k) (GZ,k—l >GZ,k)

the last termg,_,, is nonlinear with all six unknowns. However, when the iterattomverge,e,_,
becomes almost zero because the calculated bias teﬁm@(ﬁyw and éz,k) are expected to

converge to zero. By setting_, zero, (3-13) can be rewritten as

=@- 1/Gx,k2) ><Ax,k-l2 +2>‘é"x,k xAX,k—ll(éX,k—l >GX,k2)

+(1-1/6Yk2)xA(k 12+2>4§Y xA(kl(AYkl>GY,k2) . (3-14)
+(1- 1/GZk )XAZkl +2>BZkXAZk1( 7 k- 1>GZ,k2)

To solve for the six calibration parameters, a triaxial &coeteter should be placed in six

different tilt angles. Then, (3-14) becomes a 6 by 1 matrix such that

[Error,_,] =[Acce|_,]4{Cal,]
Ek—ll AX,k—ll2 A{ k- 112 AZ k- 112 AX,k—ll 'f‘{,k—l 'f‘Z,k—ll 1- 1/GX k2
Ek—12 '?‘X,k—lzz A( k- 122 AZ k- 122 '?‘X,k—lz '6{,k—12 '?‘Z,k—lz 1- 1/GY k
E..3 'f‘x,k-132 A{ k- 132 Az k- 132 'i“x,k-l3 'f‘(,k—lg Az k13 x 1-v Gz k _
Ek—l4 '?‘X,k—l‘l'2 A( k- 14'2 AZ k- 14'2 '?‘X,k-l4 '6{,k—l4 AZ k- 14 2XBX k /(GX k-1 >GX k )
Ek-15 AX,k—152 A{ k- 152 AZ k- 152 ’?‘X,k—lS 'f\(,k—lS 'f‘Z,k—l 2><BY k /(GY k-1 Y k )
Ek-16 X,k—l62 A{,k—162 AZk 162 AX,k—l6 ’A‘\(,k—l6 AZ,k—16 2><BZk/(GZk 1>GZk )

(3-15)
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Matrix [Error,_;] can be calculated from (3-11), and Matffr#cce|_;] can be calculated from (3-10).

Since Matrix[Error,_,] and Matrix[ Accel_,] are known, Matri{Cal, ] is calculated as
[Cal, ] =[Acce} ,] *{Error, ,]. (3-16)

From Matrix[Cal, ], three calculated gains at tki2iteration should be determined first from the

first three rows. Then, with the square of the calculatédsgat thek™ iteration and the estimated
gains at thel-1)" iteration, three calculated biases atkféteration can be determined from the last
three rows. The gains, however, must be real positive numbersnsiice that the calculated gains

are positive real numbers, the calculated gains are calculated as

~ 1 -05
Gy« :‘1- [Accel , XErrork_l]l‘ ,
~ -05
Gy :‘1- [Accel ,* XErrork_l]z‘ , (3-17)

~ - -05
G, :‘1- [Accel , xErrork_l]g‘ ,

where subscript 1, 2, and 3 represent the row numbekafe} ,] * {Error,_,] matrix.

After the six unknowns are determined, the estimated gains asdsbat th&™ iteration are
obtained from (3-9). This iterative method terminates when the ttakeulated gains converge to

unity and the three calculated biases converge to zero.

3.3 Numerical Analysis

In experiments, it is difficult to validate the calibration resbkecause the true gains and biases are
unknown. In addition, accelerometers have many sources of erobr @& non-linearity,
misalignments, and cross-axis sensitivity. In simulations, hawéwe true gains and biases can be
defined to allow for validating the iterative calibration technipteposed in subsection 3.1.2 without

the sensor errors. The simulation procedure is depicted in Figure 3-3.
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Figure 3-3: Procedure for the simulation calibration and paraméer validation.

The true gains and biases are defined for the simulation, amg¢hierometer data are generated
with MATLAB © based on the true gains, true biases, gravity, and the moventleataaicelerometer.
Then, by using the proposed calibration method, the gains and hiasestimated. Unity gains and
zero biases are chosen to initialize the iterative algaritWhen the final estimated gains and biases
are calculated with the proposed calibration method, they are compared witretains and biases.

One hundred simulations were performed with gains between 0.001 and\1Q®0s9] and
biases between +100V. The six stationary tilt angles haglhat ° difference for the simulations
because when the tilt angle differences are less than 1.%fithand bias errors start to increase due
to the computer software precision limitations. Five distiesults of the hundred simulations are
presented in Table 3-1 and the tilt angle data for the five simulatirershown in Figure 3-4. For the
first simulation (Simulation 1 of Table 3-1), all the biases saeto zero. The second simulation
consists of high gains and high biases, and the third simulaticaim®mdw gains and low biases.
Simulation 4 consists of a mixture of high and low gains aadesi, and Simulation 5 has low gains
and high biases. Simulation 1 converges on the first iteration leeta@isnitial estimated biases

match the true biases. In this casg,n (3-13) becomes zero, and the gains and biases can be

accurately calculated by using (3-14). Simulation 2 to 4 indibatethe biases converge on the first
iteration, and the gains converge on the second iteration. Swonubahas high biases and low gains
that create a higle, in (3-13). Due to highg,, Simulation 5 requires more iteration steps than the
other four simulations. For all one hundred simulations, the gathdiases converge to the correct

values within three iteration steps.
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Figure 3-4: Tilt angle contents of the simulations: tilt angds for (a) Simulation 1, (b) Simulation

2, (c) Simulation 3, (d) Simulation 4, and (e) Simulation 5.

Table 3-1: Simulation results with different gains and biases.

Number of Gy Gy Gy Bk By B>
iterations VI(m/s?)] | [VImISD)] | [VI(m/s)] (V) (V) V)
Simulation 1 Result

True value 0.24 712 32 0 0 0

1 - converged | 0.24000 712.00 32.000 0.00000 | 0.00000 0.00000
Simulation 2 Result

True value 1000 500.0 400 100.0 -100 -25

1 999.72 499.86 399.89 100.00 -100.00 -25.000
2 - converged | 1000.0 500.00 400.00 100.00 -100.00 -25.000
Simulation 3 Result

True value 0.001 0.5 0.4 -0.1 0.5 -1

1 0.010148 | 5.0741 4.0593 -0.10000 0.50000 -1.0000
2 - converged | 0.0010000] 0.50000 0.40000 -0.10000 | 0.50000 -1.0000
Simulation 4 Result

True value 0.06 300 1.4 -11 -1.5 80

1 1.1730 5864.9 27.369 -11.000 -1.5000 80.000
2 - converged | 0.060000 | 300.00 1.4000 -11.000 -1.5000 80.000
Simulation 5 Result

True value 0.001 0.002 0.001 -100 100 100

1 15.191 30.489 15.409 -99.155 100.77 100.17
2 0.096219 | 0.19244 0.096219  -100.00 100.00 100.00
3 - converged | 0.0010000| 0.0020000| 0.0010000| -100.00 100.00 100.00
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3.4 Experiments

The proposed calibration method was tested with two differexiatiaccelerometers. The first
triaxial accelerometer consists of three identical singig-accelerometers, and the second triaxial
accelerometer is assembled with two different biaxial lacometers that have different gains. The
experimental system setup is shown in Figure 3-5. One triscdaleaometer is connected to a data
acquisition card (DAQ) which is connected to a computer. Sincethettriaxial accelerometer and
the data acquisition card have their own gains and biases, ttesedogalibration method determines

the gains and biases of the combined system (hereafter accelersystdan).

Accelerometer

@\QQ

—— PAQ

Figure 3-5: Experimental system setup.

The six sides of the accelerometer were placed on a taltalfioration because such a procedure
is the easiest way to make a sensor stationary in six diffdteartgles and also minimizes the effects
of the sensor errors such as nonlinearity on the calibratiomptgacalculation. In order to identify
the stationary state and collect the six stationary state sensor datpedrsgstem is used. When the
accelerometer is stationary, the acceleration in each axiddsbeuconstant. Thus, when the
accelerometer measurements of each axis do not fluctuateawittagnitude that exceeds the
maximum noise level of the accelerometer system fortaingveriod of time, it is assumed that the
accelerometer is stationary. When the sensor is calibbgtedperson, two seconds is a sufficient
time period to identify the stationary state because uhlkely for a person to maintain the same
acceleration for two seconds unless the sensor is stationémgtead of using instantaneous
accelerometer outputs in each ax®,(,), the average accelerometer outputs in each axis are used to
minimize the effect of noise in the experiment.

The accurate magnitude of the local gravity vector muskrmvn to solve (3-11). In this
experiment, 9.8036 nf/ss used for the magnitude of the local gravity vectordii@ner-Waterloo,

Ontario, Canada) [110]. Unity gains are used for the initizhased gains because a unit gain is far
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from the specs of both triaxial accelerometers. For theliréstimated biases, two values are
selected: the bias voltages from the accelerometer spkicd) are close to the true biases and 10V
which is far from the biases of both triaxial acceleromet&#ce the true gains and biases are not
available in the experiments, the estimated gains and biase®mt be compared with their true
counterparts. However, if the estimated gains and biasesh ntla¢tr true counterparts, the
accelerations measured with an accelerometer at statistaeyshould match the true accelerations
that are calculated from the tilt angle measurements. Thwerify if the final estimated gains and
biases match their true values, the acceleration measureafientsalibration are compared with the
accelerations calculated from the gravity vector. Theikitions were generated based on the final
estimated gains and biases that are obtained from the expariwigntLOV initial estimated biases

for comparison. The experimental test procedure is summarized in Figure 3

Orient Rotate accelerometp g, =9.8036m/% - Compare accelerometg
accelerometer ih | at 0°, 30°, 45°, 60°, Initial guesses measurements with trug
six different tilt and 90° that are Gaxis) = 1 o accelerations
angles for —»| measured with > B(axis)oz 10v [*]Calibratio - Generate simulations
calibration inclinometer for or biasoon spec using gains and biases
validation experiments
Data Collectior SensorCalibration Validation

Figure 3-6: Procedure for the calibration experiment and paramegr validation.

3.4.1 Experiments Using a Triaxial Accelerometer wi  th Three Identical Single-Axis
Accelerometers

A commercially available triaxial accelerometer (Coldr$F3000L) is selected for the first set of
experiments. This accelerometer consists of three almosecperfperpendicular single-axis
accelerometers that have almost the same gains and biasesthAfaccelerometer was calibrated by
rotating the sensor in six different tilt angles, the sensorplased on a milling vise as shown in
Figure 3-7. Then, the sensor was held stationary for a wiife 8¢, 45°, 6(°, and 90 with respect
to the gravity vector as presented in Figure 3-8 to atdidhe estimated gains and biases. These

reference tilt angles were measured with a mechanical inclieoifidilger & Watts, TB121-1).
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Figure 3-7: Colibrys triaxial accelerometer on a 3-way miing vise: the sensor axes (XY) and

the fixed frame axes (xy).

(2) Initial orientation

(2) rotate -30° about x-axis

from (1)

(3) rotate -45° about x-axis
from (1)

(4) rotate 30° about x-axis
from (1)

(5) rotate 45° about Xx-axis
from (1)

(6) rotate 30° about y-axis
from (1)
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(7) rotate 60° about y-axis
from (1)

(8) rotate 90° about y-axis
from (1)

(9) rotate 30° about x-axis
from (8)

(10) rotate 45° about x-axis
from (8)

(11) rotate -30° about x-axis
from (8)

(12) rotate -45° about x-axis
from (8)

Figure 3-8: Rotation sequence of a triaxial accelerometepn a 3-way milling vise after

calibration and the fixed frame (xyz).

Since the calibration parameters change whenever an raxuoeter is powered on, three

calibration tests are conducted to check if the proposed methodaaataly estimate the calibration

parameters in all three cases. Each test used unityl iegiimated gains and two different sets of
initial estimated biases: OV and 10V.

convergence steps of the calibration when the initialneséid biases are close to the true biases of
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the accelerometer systeréa(ds'oz 0V). This figure indicates that the experiment convergesteps
almost agree with the simulation steps. Figure 3-10 displagssittmulation and experiment
convergence steps of calibration when the initial estimated biases amnfahe true biaseségxi&o:

10V). Figure 3-10 shows noticeable mismatches between the sonu&tps and the experiment
steps on the first iteration while Figure 3-9 exhibits $nma¢matches. These mismatches could be
caused by the triaxial accelerometer system error suchrdimearity and misalignment. The sensor
errors create error in MatrifAccel_,]. Wheng,_, in (3-13) is small, the experiment steps almost
match the simulation steps (Figure 3-9) because the multiplicaif the inverse of Matrix

[Accel, ,]and g_, is small. However, whee, _; is large, the multiplication of the inverse of

Matrix [Acce|_,]and g, is large. Thus, the mismatch between the simulations and regoesi

becomes significant as shown in Figure 3-10. Due to these s, the experiments of both
Figure 3-9 and Figure 3-10 converge on the third iteration whilesithalations converge on the
second iteration.

The gains and biases of the simulations were generated badedastimated gains and biases of
the experiments with 10V initial estimated biases. Thereféigaire 3-10 shows that the gains and
biases of simulations (dotted lines) perfectly match the expatah results (solid lines) after
convergence. Also, Figure 3-9 shows that the experimental resufectly match the simulation
results when the initia¢stimated biases are zeros. These results demonstriategdaless of the

initial estimated bias values, the converged calibration parametehe aane.
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Figure 3-9: Calibration of SF3000L accelerometer system whethe initial estimations of biases

are OV: experiment and simulation results.
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Figure 3-10: Calibration of SF3000L accelerometer system whehe initial estimations of biases

are 10V: experiment and simulation results.

The result of Experiment 3 in Figure 3-9 is analyzed in Figure. 3Fldure 3-11 (@) illustrates the
acceleration measurements before and after calibration, ignceB-11 (b) displays the tilt angle

measurements by the following calculation.
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gy =arcsin@®, /(A’+ A% +A,%)%) 180/p
q, =arcsin@s, /(A >+ A%+ A,%)%%) 180/p , (3-18)
q, =arcsin@, I(A° + A% +A,%)%) 180/ p

where s represents the tilt angle of each axis in degree. hbnieontal grid lines represent the
accelerations and tilt angles induced by the rotations illustratedume~3-8.

For the first 35 seconds, the accelerometer is calibratgaabing it in six different tilt angles.
During this period, Figure 3-11 (a) demonstrates that the magnitfittes accelerations are not close
to the magnitude of the gravity vector because the initimhattd gains and biases do not match the
true values. However, after 35 seconds, the accelerometaliisated, and the magnitude of the
acceleration almost matches the magnitude of the gravitprve&igure 3-11 (b) shows that the tilt
angle measurements with the accelerometer after calibmatioostationary at 0°, 30°, 45°, 60°, and

90° with the same sequence of rotation displayed in Figure 3-8.

(a) 10 (b) 90
8.49
6.93|- ¥ 60 3l
N"; 4.9 4 HH
é 30 F —=:
c > H
i=l )
§ 0 §) 0
< <
8 i 30
< 49 -45
-6.93 -60
-8.49

-10
0

-90
0

500 1000
Time (s)

Figure 3-11: Measurements with the SF3000L triaxial acceleroater system: (a) acceleration

measurements and (b) tilt angle measurements using (3-18).

A small acceleration error exists due to the errors of theleometer and the data acquisition
card. The sources of errors are investigated and compared wittcéleration error after calibration.
SF3000L has a 0.1% nonlinearity error, 0.5° misalignment error, and &d&s8é-axis sensitivity.
Also, the accelerometer is connected to a computer through a Blagsgrement Computing, PCI-
DAS-1602/16) that contains a nonlinearity error and cross-talke Specifications of the data

acquisition card indicate that the nonlinearity errorti least significant bits (LSB), and the

maximum cross-talk error i#s2 LSB.

37



The acceleration errors of all three experiments and the rain of the accelerometer system
are analyzed in Figure 3-12. The figure denotes that the accelerationrR¥S 6.09 m/Sat ¢ and
decreases as the tilt angle increases. This occurs becausedtseda#fthe misalignment error and the
cross-axis sensitivity error are the maximumcat Dhe maximum acceleration error is 0.147ats®
and tends to decrease as the tilt angle increases. Fid@et®ws that the maximum acceleration

error of each axis is below the error margin of the accelerosyettam.

I
N
~

O RMS Error
@ Maximum Error
B Margin of Error

0.16 4
0.08 +
0.04 4
45 60 90

0 30

o
N
L

. 2
Acceleration Error (m/s”)
o
=
N

o

Angle (9
Figure 3-12: Error comparison among the acceleration RMS errorthe maximum acceleration

error, and the margin of error of the SF3000L triaxial accelerometer syem.

The experimental results demonstrate that the proposed calibnagithod accurately estimates
the calibration parameters when three single-axis accele¥mmieave almost the same gains and
biases. In addition, the experimental results demonstrateviiatwhen the initial estimated biases

are different, the proposed calibration method generates accurdte resu

3.4.2 Experiments Using a Triaxial Accelerometer wi  th Different Gains

For the second set of experiments, a triaxial acceleroneteissembled with two biaxial
accelerometers (MA-A202 and MA-A210, Mechworks Systems Inct)nidnee different gains. MA-
A202 has a gain three times higher than MA-A210. This triaxiaélarometer (hereafter referred to
as a Mechworks triaxial accelerometer) is assemblddtwid axes (X, Y-axis) of MA-A202 and one
axis (Z-axis) of MA-A210 (Figure 3-13).

38



MA-A210
/
X

I—»Y
y f
T—» X MA-A202

Figure 3-13: Triaxial accelerometer which consists of two ibxial accelerometers, the sensor
axes (XY), and the fixed frame axes (xy).

After the sensor is calibrated, it was held stationarg omilling vise at 9, 3¢, 45, 6(°, and 90
with respect to the gravity vector as shown in Figure 3-&dtidation. Three calibration tests were
conducted. Each test comprised two different sets of ingtahated biases: 2.5V and 10V. Figure

3-14 shows the simulation and experiment results when thd idtisnated biases are close to the
true biases of the accelerometer systeég‘is(oz 2.5V), and Figure 3-15 shows the simulation and
experiment results of the calibration when the initial est&d biases are far from the true biases
(éaxis,oz 10V). The experimental results of the Mechworks triaxcmeserometer have the same

trend as the experimental results of SF3000L. Figure 3-14 deniesstnat the experiment steps
agree with the simulation steps while Figure 3-15 does not. Indas#s, the experimental results
reveal that the calibration parameters converge to the same wéliesthree iterations.

The experimental results of Experiment 3 in Figure 3-14 are expanded in Figure 3li& 316
(a) shows the acceleration measurements, and Figure 3-16af¥ she tilt angle measurements
converted from the acceleration measurements by using (3-18)firdth&6 seconds of Figure 3-16
reflect the calibration period where the initial estimagaths of each axis are unity and the initial
estimated biases of each axis are 2.5 V. Since the Mechwodelerometers have true gains less
than 0.04 V/(mA) and the initial estimated biases almost match thebiiages, the first 36 seconds
of Figure 3-16 (a) shows the acceleration signal around 0 V withsveall fluctuations. However,
after calibration, the two figures in Figure 3-16 illustrttat the acceleration measurements match

the accelerations induced by the rotation sequence illustrated in Bigure
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Figure 3-14: Calibration of the Mechworks triaxial acceleronmeter system when the initial

estimations of biases are 2.5V: experiment and simulation results
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Figure 3-15: Calibration of the Mechworks triaxial acceleronmeter system when the initial

estimations of biases are 10V: experiment and simulation resaslt
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Figure 3-16: Measurements with the Mechworks triaxial acelerometer: (a) acceleration

measurements and (b) tilt angle measurements using (3-18).

The specifications of the Mechworks accelerometers dehatethey have a 0.2% nonlinearity
error, 1° misalignment error, and 2% cross-axis sensitivitye accelerometers were connected to a
computer through the same data acquisition card that is usedntwat the Colibrys triaxial
accelerometer. Figure 3-17 relates the acceleration RME #ite maximum error, and the margin of
error of MA-A202 and MA-A210 with the data acquisition card. Feg®17 shows that the
acceleration RMS error is 0.10 /st @ and tends to decrease as the tilt angle increases. The
maximum acceleration error is 0.16 fé @ and tends to decrease as the tilt angle increases. The
maximum error of the system is within the margin of errobath accelerometer systems. The
experimental results of the Mechworks triaxial acceleremaetemonstrate that the proposed
calibration method can accurately estimate the gains andsbwdse triaxial accelerometer with

different gains.
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Figure 3-17: Error comparison among the acceleration RMS errorthe maximum acceleration

error, and the margins of error of the MA-A202 and MA-A210 accelerometesystem.

3.5 Conclusion

This chapter presented a novel calibration method that deterthexgains and biases of a triaxial
accelerometer by placing the sensor in six different tilteengThe presented method was developed
by using the mathematical model of gains and biases. To ‘atitetproposed calibration method,
simulations and experiments were performed.

The simulation results demonstrated that the proposed calibrattbondreccurately estimated the
gains and biases within three iterations. Since the w@ues gand biases were not available in the
experiments, the accelerations measured with an acceleraftetecalibration were compared with
the true accelerations calculated from the gravity veictoralidate the estimated gains and biases.
The first set of experiments was performed by using a #lisagccelerometer consisting of three
single-axis accelerometers that have almost the same ajainisiases. The acceleration RMS error
of the accelerometer after calibration was 0.09,nafsd the maximum error was within the margin of
error of the accelerometer system. The second set of exmsiiwas conducted by employing a
triaxial accelerometer that has two different gainsanwst the same biases. The acceleration RMS
error of the Mechworks triaxial accelerometer after calibratiaa @10 m/ and the maximum error
was within the margin of error of the accelerometer system.

From the simulations and experiments, it is concluded that the propdigeaticen method can be

adapted to estimate the calibration parameters accurdted/proposed calibration method follows a
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very simple procedure and has a low computational cost. In addiisrméthod does not require
any prior knowledge of the accelerometer calibration paramateithe six tilt angles that are needed
to implement the iterative approach for the proposed calibration method.

The proposed method is especially useful for a low cost trimadeélerometer whose initial
estimated gains and biases highly vary from power-on to powdrecause the simulation and
experiment results indicate that the gains and biases carcbmtely estimated even when the initial

estimated gains and biases are not close to the true value.

43



Chapter 4
Fastened Bolt Tracking System Using an IMU and a Tr  iaxial

Magnetometer with an Expert System

4.1 Proposed Tracking System

In some automotive parts, the bolts are not closely placed biotherientations are different. In
such cases, a cost-effective position/orientation trackigtisn with a sufficient accuracy is
desirable. This chapter proposes a cost-effective fastened bkib¢raystem by using an IMU and a
triaxial magnetometer.

In order to calculate position from IMU measurements, the aatielss need to be integrated
twice and the angular velocities need to be integrated onceevdoysince the sensor errors are also
factored in the integration steps, the position errors incre@asetime as shown in Figure 1-1. In
order to reduce the position error of a down-hole drill, ZUPT wdized in [111]. ZUPT zeros
velocity whenever the object is stationary, and the positioor esr reduced by subtracting the
position accumulation error caused by the average veloaity. elTo achieve high accuracy with
ZUPT, a short time span between the stationary statesifaldes Thus, ZUPT is widely used to
track the location of a person by attaching a low cost IMU shae [112]-[114] because the time
span between each foot step (stationary state) is very short.

For a fastening procedure of the manufacturing environment, an apgieks up a tool from the
tool holder and fastens all the bolts, and then places the toolttdbk tool holder. This entire
procedure usually takes less than one minute. The trackingnsgstaild be able to detect when the
tool is placed on the tool holder to correct the position areht@iion error. In addition, the system
should be able to detect the stationary state and the fastening actierZtdRIE.

The method to accomplish the aforementioned is described ireHglr First, the IMU must be
calibrated to estimate the position and orientation as detyias possible. By using the calibrated
IMU measurements, the position and orientation of the toota@oelated. Even if an IMU is well-
calibrated, the position error grows over time due to the riatieq steps. Therefore, an expert
system is proposed to correct the position, velocity, and orientatiors.e By using the corrected

position and orientation of the IMU, the tool tip position and orientation arelatdd.
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Figure 4-1: Overview of the position/orientation sensing system

4.2 Orientation Representations

An IMU is rigidly strapped down to an object being tracked tasure the linear accelerations
and angular velocities in terms of the object body frame. Toeldfie orientation of the object with
respect to a reference frame, a rotation matrix that itbescthe transformation from the body frame
to the reference frame is required. In this section, twatioot matrix representations are described:
the direction cosine matrix and the quaternion [115].

4.2.1 Direction Cosine Matrix

A direction cosine matrix consists of three unit vectorsiyatesent three body axes projected on
three reference axes. These three unit vectors form tbhemrts of a direction cosine matrix. The

direction cosine matrix from the tool frame to the local fixed frame igitbescas follows:
CxX Cy>< CzX

IC: Cyv CyY Cx (4'1)

CxZ CyZ CzZ
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where subscripk, y, z are the orthogonal unit vectors of the tool frame 2hdy, Z are the

corresponding vectors of the reference frarog,, is the cosine of the angle between veaton the

body frame and vectd in the body frame.

4.2.2 Quaternion

The quaternion orientation representation is widely used to asdctile orientation of the body
frame with respect to a reference frame. The quaternioas@mation obtains a rotation matrix with
a single rotation about one axis in space. This method useseptofithe hyper-complex number

of rank 4: one real number and three imaginary numbers. A quaterisiowitten as
q=0o+0d, =0 +(hi + 0, +0K). (4-2)
The imaginary numbers follow the right hand rule such that
ij=k, ji=-k, jk=i, kj=-i,ki=j,ik=-]j,andi®*=j?=k*=-1.
In order to use quaternion to determine the orientation in a 8@rvepace, the real part of a

quaternionv needs to be zerovE0+v,i +v, j+v,k). This also means that the real part of a 3D

vector v should be zero once rotated by quaterrgonTo satisfy this condition, the 3D vector is

multiplied by quaterniom and the conjugate of quaternigndenoted ag*, as follows:
V(=qx>g*, (4-3)
where vector’ is the rotated 3D vector. The conjugate of the quatemismlefined as
O =0p- 0 =0o- Chi- OpJ - QK. (4-4)

The resultant multiplication of (4-3) should form a cosine mattikipiication by the 3D vectov

expressed as
fCw=qwxq*. (4-5)

From (4-5), the rotation matrix becomes

Qo +%°- 0" - 0 2O - Go%s)  2(Ghls + Gol,)
{C = 2(0y0, +go0s) %2 - q12 + q22 - q32 2(0,05 - doGh) . (4-6)
2(0405 - 9o0>) 2(0,0; + doh) %2 - q12 - Q22 + Q32

When a unit quaternion is used, (4-2) should satisfy
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q02 + (q12 + q22 + %2) =1. (4-7)

Then, (4-2) can be written as
q=0 +q, =Cosg +using. (4-8)

whereu is a unit vector ¢ =u,i +u,j+u,k). Then, when the vectar is rotated by angle by

applying (4-3), the quaternion componentsg decome

Qo = cos%, g, =Uu, >sin% , Oy =U, >sin% ,andg; =u, min% . (4-9)
The rotation angle is divided by a factor of 2 in (4-9) bectusaector was rotated byy twice:
about bothg andqg*. The detailed derivation of quaternion orientation repragentis given in
Appendix A.
Since the quaternion orientation representation and the dimemtisine matrix should match, the

following equality is true:

2

Cixx  Cyx  Cyxx q02 + Chz - q22 - 03 2(0,9; - do0s) 2(0,93 + Gp,)
IC = Gy Cy Cpy = 2(040, +do0s) q02 - q12 + QZZ - q32 2(d,; - Go%h) . (4-10)
Cz Cyz Cypy 2(040;3 - Gpd,) 2(d,9; + do%) q02 - q12 - q22 + q32

4.3 Position Estimation

Since accelerometers measure accelerations with respettte tonertial frame, the motion
equations using accelerometers are derived from the ineailméf However, the local fixed frame is
attached to a stationary building which, in fact, moves widpeaet to the inertial frame in this
application. Therefore, the equations of motion should be expresgedegpect to the local fixed

frame. The acceleration of an object with respect to the local fiaetefcan be expressed as [116]
V="A- 2u” V-, R+, (4-11)
where wis the angular velocity of the earth with respect to the indrtiate ancR is the location of

the tool from the centre of the earth. In this applicationcéripetal force termy,” [u,” R], is

caused by the angular velocity of the earth and changes &scttion of the tool with respect to the

centre of the eartlR, changes. However, the changeRag small for the tool tracking applications
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(maximum 4 m), and the multiplication of the square of angulavcitgl of the earth makes the
change in value insignificant. Therefore, the centripetal fduseto the rotation of the earth can be
considered constant. Combining the centripetal force with rédnatgtional force results in different

local gravity values which can be written as:
‘9="g- w "[w R (4-12)

The Coriolis force2>w,” "V, can be omitted when the velocity of the object is small bectas

angular velocity of the earth is very small (7.3%18d/sec). Since the velocity of the tool is small
(usually less than 1 m/s) in the tool tracking applicatibe, €oriolis term is much lower than the

noise level of the accelerometers; hence this term is ignofeeh, 14-11) can be simplified as
fy/—f f
V="A+'g,. (4-13)

The specific force measurements are represented with taspibe tool frame because they are
measured with accelerometers. To change the specific faasumrement terms from the tool frame

to the local fixed frame, a rotation matrix is required. Thus, (4-13) isttewas
f'v=ICA+'g,. (4-14)

The rotation matrix from the tool frame to the local fixed feacan be determined from (4-10).
Since the Z-axis of the local fixed frame is chosen in the@sippdirection of the local downwards,

the local gravity vector is expressed as
‘a=[0 0 |g (4-15)
The velocity and the position of the object can be calculated by integoatingime as follows:

'v= fvit, (4-16)

'P= 'Vodt, (4-17)

whereP is the position of the object.
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4.4 Expert System

4.4.1 Stationary State Identification

When the tool is stationary, its velocity is zero, but the caledla¢locity using an IMU is usually
not zero. Thus, the calculated velocity should be correoteéro when the tool is stationary. To
identify the stationary state, the IMU measurements alieeati When an object is stationary, the
angular velocity is zero, the acceleration in each axisoisstant, and the magnitude of the
acceleration is equal to the magnitude of the gravity vectblowever, the angular velocity
measurements are typically not zero because a gyro haslsewarces of error such as noise. The
acceleration measurements also contain noise, and the magrofuthe acceleration measurements
due to gravity vary depending on the tilt angles because of thdineanity. To identify the
stationary state from these inaccurate measurementsxpant esystem is incorporated by using
acceleration measurements and angular velocity measureniegitshe magnitude of gravity-free

accelerationAccg and the magnitude of angular velocin@_ve) be expressed as

Acc=‘(AK2 +Ay2 +A12)0.5_ |9| ” (4-14)

Ang_vel=(w” +w,” +n,*)% . (4-15)

When the IMU is stationary, the accelerations of eaclk akiuld be constants. Thus, the
fluctuation of the acceleration measurements in each axis shouldsbethan the maximum

acceleration noise. The acceleration fluctuatieer( flug is defined as
Acc_ fluc=((A - Avg_A)* +(A - Avg_A))* +(A, - Avg_A))*)*, (4-16)

where the average accelerations are expressed as

Avg_A = AG)n,
i=1

Avg_A = A)/n, (4-17)
i=1

Avg_A, = " A (i)/n,

i=1
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wheren is the number of acceleration samples. While the IMU isos&y, n increases to obtain
more steady average accelerations.

When the IMU is stationary, the gravity-free acceleratidecy should be lower than the maximum
error of the accelerometers which includes non-linearityreand the maximum noise. In addition,
the magnitude of the angular velocidng_ve) should be lower than the maximum error of the gyro
which includes random walk and the maximum noise. Since the towhnsially moved, the IMU
measurements cannot maintain almost a constant acceleragaoh axis and almost a zero angular
velocity for 1 second. Therefore, the IMU is consideredastaty when the following conditions are

met:

Rule 4-1:

IF ACC< \/(A(_max_error)z + (Ay_max_error)2 + (Az_max_error)2 for the IaSt 1 Second da‘ta AND

Ang_vel < \/(VVx_max_error)z + (Wy_max_error)2 + (M/z_max_error)z for the IaSt 1 Second data AND

Acc_ fluc < \/(A<_max_noise)2 + ('%/_max_noise)2 + (Az_max_noise)2 for the last 1 second data,

THEN stationary = 1 (IMU is stationary)
ELSE stationary = 0 (IMU is moving)

where A ic max error 1S the maximum acceleration error in each aMSy max eror 1S the maximum
angular velocity error in each axis, aldlic nax noise IS the maximum acceleration error in each axis.

When the IMU is stationary, the three accelerometersumnedise tilt angles which are the angles
between the gravity vector and the IMU body frame axes. Teddie tilt angles, the relationship
between the tilt angles and the direction cosine matrix needs eésthblished. When the Z-axis of

the reference frame is chosen to be in the opposite directitimeafravity vector, the tilt angle
components of the direction cosine matrix from (4-1) e, c,,, andc,, . The tilt angle
components can be derived by normalizing the three acceleration cantgome reduce the effects
of the acceleration measurement noise, the average valugsedr&o calculate the tilt angles instead
of the instantaneous accelerations. The tilt angle componemsyia bf the average acceleration in

each axis are
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_ Avg_A,
(Avg_AZ+Avg_A2+Avg_A%)%
_ Avg_A
Cyz = (Avg_sz + Avg_Ayz + Avg_A22)0.5 '
_ Avg_A,
(Avg_AZ+Avg_AZ+Avg_A>2)°%’

CxZ

(4-18)

CzZ

From (4-10), the quaternion terms in the tilt angles are

2(0,03 - dod,) =Cyz, (4-19)

2(9,0;5 +0ody) =Cy, (4-20)

2 2

Qo - Gh - q22 +Q32 =C,. (4-21)

There are four unknowns and four equations (4-7) and (4-19) to (4-21). Howevequations
cannot be solved analytically because all four equations arensfinear forms. To find the four
guaternion terms, one of them is fixed, and the other threes tere corrected. From (4-7) and (4-
21),

1- 20" - 20, =20," +20;" - 1=c,,. (4-22)
When q, is fixed, the corrected quaternion terms become

qO_cor_O =0y (4'23)

Gs_cor_o = SIGME;) " (C1z +1- 27 O _eor o] /2%, (4-24)

Ciz U3 cor 07Cyz Qo cor 0

2’ (qg_cor_o + qg_cor_o)

ql_cor_O -

, (4-25)

- Cyz qO_cor_O +Cyz q3_cor_0

2’ (qg_cor_o + qg_cor_o)

: (4-26)

q2_cor_0 =

whered, .o 0+ % cor 0 U2 cor_0» @NA0; ¢ o are the corrected quaternion terms. Eq. (4-25) and

(4-26) should be calculated after (4-23) and (4-24) are calculateddee@&25) and (4-26) use the
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corrected quaternion terms. Since a quaternion has four componentxrfeation possibilities are
evaluated. The corrected terms are fed to (4-22) and the teortecms that do not satisfy (4-22) are
discarded. From all the possible quaternion correctionsotinection with the minimum RMS error
is chosen as the best correction possibility. To prevent fusther orientation drift, the angular
velocity is set to zero when the IMU is stationary.

The calculated non-zero velocity at the stationary statesepts the velocity error. The position
of the IMU can be corrected by utilizing the velocity erabthe stationary state [111], [117]. The
velocity error is partially caused by the integral of acosieter error such as bias, gain error, non-
linearity, and noise. In addition, when the calculated ori@matif the tool is not correct, the
acceleration calculation in (4-14) produces an error, which résuhe accumulation of the velocity
error. When an IMU is accurately calibrated, it can berasd that a large portion of the velocity
error is caused by orientation errors. Since the tool travehmg spans between fastening bolts are
short, it can be assumed that the velocity error is causedcbysdant acceleration error which is
caused by constant orientation errors. Then, position estimedionbe corrected by using the

following equation:

P

axis —

P

axis

-V

axis

Dt /2 (4-27)

where P

) «is 1S the current IMU position component in each aXig, is the calculated velocity error
in each axis at stationary state, dbidis the time span between the current time and the previous

velocity correction. Then, an expert rule is derived to correct thégroand tilt angles as follows.

Rule 4-2: Position and orientation correction at stationary state.
IF stationary = 1

THEN Piyq = Pays - Vais X0t /2 AND W, =0, AND V=0 AND w;, =0, w, =0, w, =0 AND

is

correct the quaternion terms using (4-23) to (4-26) ANBNn+1
ELSE n=1

4.4.2 Initial Position Detection

The position and orientation of the tool can be corrected Wieetool is placed in the tool holder.
Such error correction is possible because the position and Goantéthe tool in the tool holder is

known. Therefore, the system should be able to identify if thagaolthe tool holder to correct the
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position and orientation constantly. In order to detect the inpoeition, the tool holder was
designed so that the tool is placed at a specific tilt anglas shown in Figure 4-2. The top of the
tool holder is shaped so that the bottom of the tool almosegibrffits on it. However, there is a
small gap between the top of the holder and the tool bottom taeetisat the tool can easily be

placed on the holder. Therefore, it is possible for the tool totheed in the z-axis of the tool frame.
In order to calculate the rotation matrix from the tool fraimethe local fixed frame {(C), this

misalignment angle in the z-axis, should be calculated as well. The tilt angle,and the
misalignment in z-axis,, have the following relationship with the measured acceleration components

and the gravity vector:

A, coy sinfj 0 costg) O - sin(-gq) 0
Ay =-sinfj coy O0x O 1 0 x 0 . (4-28)

A, 0 0 1 sin-g) 0 costqg) - g

Tool bit

110mm /

110mm

A MEMS IMU
—__ with a triaxial

Gravity magnetomett

X

Y,y <+«—— Tool holdel

q

> X

Figure 4-2: Fastening tool, the tool holder, and a sensor thabnsists of a triaxial magnetometer

and an IMU. The tool frame is labeled xyz and the fixed frame is ladded XYZ.

From (4-28), and are calculated with the accelerometer measurements as follows:
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J =arctant Avg_A, / Avg_A,),

(4-29)
g =- arccosfivg_ A,/ Q).

The fixed frame (XYZ) is chosen so that the Z-axis is the oppdsiéction of the gravity vector,

and the x-axis of the tool is chosen so that it is paralldigédool bit. Since (4-29) shows thaf

depends only on, A, can be used to identify the tool holder angle,When|AZ -g ><:osq| is less

than the threshold (the maximum error of the acceleromatet)the tool is stationary, the system
concludes that the tool is placed on the tool holder. Then, the njoatégrms of the rotation matrix

from the tool frame to the fixed frame can be corrected by usamgl as:

%2 + Q12 - q22 - QSZ 2(0h0; - GoGs) 2(0q0; + GoT,)
2(0,0, +dy0s) QOZ - q12 + q22 - Q32 2(0,05 - Goh)
(0 - GoClz) 2005 + Qo) o - G- O, 0
coy sinf 0 costg) O -sin(-g)

= -sinf coy O0x O 1 0
0 0 1 sin-g) 0 costg)

(4-30)

There are ten equations {nine from (4-30) and one from (4-7)} anduftkmowns. From (4-7) and
three equations that only have square terms, the square ofusdaemn terms are identified. Then,
one of the four quaternion terms can be assumed either positregative, and the signs of the rest
three quaternion terms can be identified using the rest of the equations.

The expert rule to identify the initial position and to estimate thetatien is derived as follows.

Rule 4-3: Position and angle correction using the tool holder.

IF stationary = 1 ANOA, - g>cosg| < Threshold

THEN P,,;s =0 AND / =arctanf Avg_A, / Avg_A,) AND correct the quaternion terms by using
(4-7) and (4-30)

whereThresholdis the maximum tilt angle measurement error.

4.4.3 Fastening Action Detection

The fastening action needs to be detected to identify thenéabteolt. However, the high

magnitude of vibration can cause high acceleration fluctuatidiss may result in high velocity
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error in discrete time domain. In order to reduce the magndldeceleration measurements due to
vibration, an IMU (3DM-GX2, Microstrain) is attached to the bottonthef tool as shown in Figure
4-2. This point has lower vibration than the top part of the tochusecthe gripping hand of an
operator acts as a damper. Due to the reduced magnitudesationibneasurements, acceleration
measurements alone do not provide sufficient vibration to idethtéyfastening action. Thus, the
proposed system uses both acceleration and magnetic field nmeestgdo detect the fastening

action.

Running Fastening
in the air actior

=
o

=
IN

Magnetic Field (Gauss)
e
N

Acceleration (m/sz)

Time (sec)
Figure 4-3: Comparison study between the fastening actioand running the tool in the air: (a)

magnitude of magnetic field and (b) magnitude of acceleration.

Figure 4-3 shows the magnetic field and the acceleration pltis2@0 Hz sampling frequency
when the tool is running in the air (from 3 second to 5 secondjsdadtening a bolt (from 7 second

to 9 second). The magnetic fields fluctuate in both soesiabut the accelerations have high

55



frequency vibration only when the tool fastens a bolt. By udmeget two distinct measurement
signatures, the expert system can accurately detestemifag action. From several test results, it has
become expert knowledge that the tool is fastening a bolttliie are at least 3 peaks with at least
0.02 Gauss difference between the magnitude of the current ncafieletimeasurementr(ag and

the previous magnetic field measurememe(mag in the last 0.1 second and (ii) there are at least
two magnitude of gravity-free acceleratiohc) peaks that are greater than 1 nifsthe past 0.1
second. To identify this 0.1 second of time span, time couste(fatime), which increases by one
every time step, is used. When the system detects thaif@sstetion, the time count is changed to
0.05 second so that continuous fastening action detection is posshmetweaching the 0.1 second

time limitation. The rules to identify the fastening action arerdesd in Rule 4-3 to Rule 4-10.
Rule 4-3 to Rule 4-10: Fastening action detection

Rule 4-3:

IF Acc> 1 m/$ AND fasten_time (0.1 second x 200 Hz)

THEN fasten_time = 0 AND Acc_peak = 0 AND Mag_peak = 0 AND Acc_peak_higAND
Mag_peak_high = 0 AND Fasten_ Accel =0 AND Fasten_Mag =0

Rule 4-4:

IF Acc< 1 m/$ AND Acc_peak_high = 1

THEN Acc_peak = Acc_peak + 1 AND Acc_peak _high=0

Rule 4-5:

IF Acc> 1 m/$ AND Acc_peak_high =0

THEN Acc_peak _high=1

Rule 4-6:

IF Acc_peak > 1 AND fasten _time < (0.1 second x 200 Hz)

THEN Fasten_Accel =1

Rule 4-7:

IF mag- pre_mag> 0.02 AND fasten_time < (0.1 second x 200 Hz)

THEN Mag_peak high=1

Rule 4-8:

IF mag- pre_mag< -0.02 AND Mag_peak_high =1
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THEN Mag_peak = Mag_peak + 1 AND Mag_peak_high =0

Rule 4-9:

IF Mag_peak > 3 AND fasten _time < (0.1 second x 200 Hz)

THEN Fasten_Mag =1

Rule 4-10:

IF Fasten_Accel =1 AND Fasten_Mag = 1 AND fasten_time < (0.1 second xZ00 H

THEN Fasten= 1 AND fasten_time = (0.05 second x 200 Hz) AND Acc_peak =1 AND
Mag_peak = 3 AND Fasten_Accel = 0 AND Fasten_Mag =0

where Acc_peak_high is an indicator that shows the acceleratibigher than 1 nmfsAcc_peak is

the number of the gravity-free acceleratigxcd peaks higher than 1 m/sMag_peak_high is an
indicator that showmag- pre_magis greater than 0.02 Gauss, Mag_peak is the number of magnetic
field peaks more than 0.02 Gauss difference, Fasten_Acceinsliaator that the tool is fastening a
bolt based on acceleration measurements, Fasten_Mag is anointhiea the tool is fastening based

on magnetic field measurements, dabtenis the fastening action indicator. The specific numbers
vary depending on the tool type and the location of the IMU.

The fastened bolt should be identified when the fasteningraigtidetected. When a bolt is being
fastened, the position of the tool tip and the position of theradt bolt head coincide, and the
fastened bolt angle is almost parallel to the tool bit angleidé@ntify the fastened bolt, the position
and orientation of the tool tip was compared with the position aerdtation of each bolt. When the
gyros of 3DM-GX2 are calibrated, the orientation does not usdaftymore than 3°/min. Since one
cycle of fastening process (fastening all the bolts in onekmigce) usually takes less than one
minute, the maximum orientation error of the system is 3?th® other hand, position error can drift
over 500 mm in 10 second when a commercial grade IMU is used as shbigore 1-1. Thus, it is
the best to identify the fastened bolt using the orientatidheotool rather than the position of the
tool tip.

While a tool fastens a bolt, the orientation of the fastendd<phrallel to the tool bit. Since the
x-axis of the body frame is parallel to the tool bit, the amglehe x-axis of the body frame is
compared with the angles of all the bolts in the workpiece tdifglehe fastened bolt. However, a
small gap between the tool bit and the bolt head can introducellacsiewtation error. Therefore,

the fastened bolt may not be parallel to the threaded hole dietfianing of the fastening. In
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addition, the orientation calculation drift due to the ird¢ign of angular velocity measurements
should be accounted for. By considering all the error margingxjhexrt system concludes that the
tool fastens one of the bolts which has less than a 15° erveedrethe x-axis of the tool and the bolt
angles as follows.

Cux - O, <15°

Cyy - O, <15°, (4-31)

Cys - Ony <15°

whereQ,,, O, , andO,, are the orientation of th# bolt with respect to the fixed frame.

o Pny s
If more than one bolt satisfies (4-31), the position information rbasutilized to identify the
fastened bolt. While the tool fastens a bolt, the tool tipbmaassumed stationary. In addition, the
angular velocity of the tool is almost zero because the tbbtdin the bolt head and does not allow
the tool to rotate very much. Therefore, the linear velamitthe IMU is set to zero while the tool

fastens a bolt. Then, the position of the IMU can be correcteihg (4-27). After the position is

corrected, the position error between the corrected tool tipigrosind then™ bolt position Err,) is

calculated as

P, 011 PR,
Em,= P, +iC 0 - P, , (4-32)
P, 011 R,
where P, P/, andP,, are the position of the" bolt. The bolt with the minimum position error is

chosen as the fastened bolt. Since the fastened bolt isietbntife position of the IMUR,,,) can

be corrected by using the position of the fastened IBplt,( ) and the rotation matrix as:

P, P, 011
P, =P,-i{C 0 . (4-33)
P, P, 011

Then, the fastened bolt identification expert rule is as follows.

Rule 4-11: fastened bolt identification
IF Fasten=1
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THEN P,

= P, - Vi X /2, AND Fastened_bolt bolt with minimum(Err," xErr_)°® AND
V,.is =0 AND correct the IMU position using (4-33) ANBasten=0

ELSE fasten time = fasten _time+1

whereFastened_boltepresents the fastened bolt number.

4.5 Experiments

The proposed fastened bolt tracking system was tested wjtstem consisting of a MEMS IMU
and a triaxial magnetometer shown in Figure 4-2. In order to abiimue position and velocity, an
ultrasonic position sensor (CMS10, Zebris) is attached to the IVl tool fastens four bolts on an
aluminum tube shown in Figure 4-4. There are two sets of boltdlvetbame orientation, and these
bolts are 410 mm apart from each other. The tool fastenedBaodirl to Bolt 4 in sequence and

then placed back on the tool holder. The IMU sensors were sampled at 200 Hz.

I: 410 mm :I

Bolt 1
Bolt 3

Bolt 4 Bolt 2

Figure 4-4: Workpiece with four bolts. Bolt 1 and Bolt 3have the same orientation and Bolt 2

and Bolt 4 have the same orientation.

Figure 4-5 depicts the magnitude of magnetic field, the magnitfidecceleration, and the
identified fastened bolt number during the experiment. The figndésate that the proposed system

identified the fastened bolt in the correct sequence.
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Figure 4-5: (a) Magnitude of magnetic field, (b) magnitude ofcceleration, and (c) identified

fastened bolt number by the proposed method.

Figure 4-6 shows the velocity comparison among the true values, the traditional navigation
system, and using the proposed method. Figure 4-6 illustratethehttie velocity almost matches
the velocity using the proposed method because the velocityi®orrected whenever the fastened
bolts are detected. In addition, the velocity is zeroed at 26 seedreh the tool was placed on the
tool holder. However, the velocity calculation by using the coimealt navigation equations drifts

over time.
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Figure 4-6: Velocity comparison in each axis among the true va¢s measured with an
ultrasonic sensor, the calculated values using the conventidnaavigation equations, and the

calculated values using the proposed method.

Figure 4-7 displays the position comparison results betweenubevélues measured with the
ultrasonic position sensor and the calculated values by usingdpespd system. Figure 4-7 shows
the position comparison between the calculated values by usingdpespd method and the true
values. When the fastening action is detected, the expert systeTts the position by using (4-27),
which is labeled “After position correction using ZUPT” (at 8.155ns)igure 4-7 (b). Then, by
comparing the orientation and the corrected position of the fatlith the possible bolt positions
and orientations, the fastened bolt is identified. After thief@sl bolt is identified, the expert system
calculates the position of the IMU using (4-33), which is labekdtet position correction using bolt
position” in Figure 4-7 (b). As a result, the position err@limsost zero at 8.16 seconds as shown in
Figure 4-7 (b). The position error comparison before and after thigoposorrections using ZUPT
are shown in Table 4-1. This table shows that the fastenedamolie identified more accurately by
using ZUPT.
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Figure 4-7: Position comparison in each axis between theue values measured with an

ultrasonic position sensor and the calculated values ugjrthe proposed method (a) entire time

span and (b) magnified when Bolt 1 is fastened — before amdfter ZUPT, and after the position

correction using (4-33).
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Table 4-1: Position Error using the proposed method before and adt position correction.
Position error before position correctiposition error after position correction
(mm) using ZUPT (mm)

Bolt X Y 4 Total X Y Total

1 -261 -198 -46 331 -52 14 6 54

2 370 -249 -125 463 100 72 -31 127

3 -138 =77 -153 220 -30 -6 69 75

4 34 128 -12 132 -66 -6 -22 70

4.6 Conclusion

This chapter presented a novel cost-effective fastenedraoking system that does not require a
line of sight. Such a system is intended for a workpiecehdmtdifferent bolt orientations or long
distances between the bolts. The position and orientation of thareektimated by the use of an
IMU, and the fastening action is detected utilizing a tdbxaccelerometer and a triaxial
magnetometer. The inaccuracies in position, velocity, and diimmtare corrected by using an
expert system.

The expert system identifies the stationary state, initiatippsand fastening action. When the
tool is stationary, the system corrects the velocity ertdtsangle errors, and reduces the position
error. When the tool is on the tool holder, both the calculatedgositd orientation of the tool are
corrected. When the tool fastens a bolt, the system idemntifie fastened bolt and corrects the
velocity and position error.

The experimental results indicate that the proposed systerdes#ify the fastened bolt when the
time span between the fastening actions is short. When theniitblthe same orientation are closely
placed or the time span between the fastening actions is lengeste accurate IMU must be used.
Therefore, the tradeoff between the required accuracy andehsor cost should be decided

depending on the application.
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Chapter 5
Fastening Tool Tracking System Using an IMU and a P osition

Sensor with Kalman Filters and a Fuzzy Expert Syste m

In the previous chapter, a fastened bolt tracking system usiiiglh and a triaxial magnetometer
was presented. This system is low-cost and does not require a line dbsighg time span between
the fastening bolts must be short or the bolt orientation tmeigtifferent to correctly identify the
fastened bolts. In this chapter, a fastening tool trackin@mysbnsisting of an IMU and a position
sensor is presented. The presented system uses KFs amy exjpert system to track the position of

the tool tip and to identify the fastened bolt.

5.1 Position Sensor Selection for Tool Tracking Sys  tem

Selecting a position sensor depends on the required accuracy armhvihenment of the
application. Table 1-1 describes the accuracy, advantages aadiding of various position sensors.
The error of RF position sensors is too high for precision apiplitsasuch as fastening tool tracking.
When the UWB position sensor is hybridized with an IMU, the amyumight be improved enough
to be used for the fastening tool tracking system. Howeversignal strength can be attenuated by
human tissue, and signals can be reflected by metal as sdidcirs subsection 2.1.3. These
drawbacks make UWB position sensors unsuitable for a todlingasystem because a fastening tool
is always used in the proximity of an automotive metal partaangperator can easily block the lines
of sight between the emitter and the receivers. Anrel®elgnetic position sensor is inappropriate
for an automotive manufacturing environment because magnetic dilddistorted by ferrous parts
as discussed in Chapter 1.

The ultrasonic position sensor requires three lines of sight angdrformance issues related to
sound reflections and sound noise sensitivity. Since most autenfiatiories are subjected to sound
noise, an ultrasonic position sensor is not a reliable soludioa fastening tool tracking system. The
camera-based position estimation techniques require a compliéxatiah procedure and the
procedure can be time consuming. Since the whole assembly line can be stogechtibration, a
time consuming calibration procedure is not desirable. Irdrposition sensors are too expensive to

be installed for all fastening operations.
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A string-encoder position sensor can track 3D position with a higlracy and provides noise-
free outputs. The string-encoder position sensor is a feagilen for a fastening tool tracking
system because fastening tools are often hung on a balanastomotive factories as shown in
Figure 5-1. Since the position sensor acts as a balancer and suppartthe end of the wire must
be connected to the centre of mass of the tool. This erthel@g®sition sensor to locate the centre of
mass of the tool instead of the tool tip. To determine theipogf the tool tip with a string-encoder

position sensor, an IMU is used as an orientation sensor.

String balancer

Fastening tools

Figure 5-1: Two fastening tools are attached to a string balaec on the centre of mass of the

tools

5.2 Tool Tracking System Design with an IMU and an  Encoder-Position Sensor

A string-encoder position sensor provides the location of theecefitnass of a tool, and an IMU
provides the orientation of the tool. With this sensor configurathe position of the tool tip can be

calculated as
. 7, T)=[r R Rl L, LT (5-2)

The location from the tool tip to the centre of mass of the tool with respéx toadl frame, L[, L, L],

is fixed and can be predetermined. The location of the centrasd of the tool is obtained by the
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position sensor. The rotation matrix from the tool frame tddbal fixed frame,!C, is obtained by

integrating angular velocity measurements from the gyros of the IMU.

In order to compensate for the orientation drift, an intelliggatesn which utilizes KFs and a
fuzzy expert system is proposed. Figure 5-2 depicts the strudttiie proposed system. An IMU
consists of accelerometers and gyros that have biases and gains, accelerometers and gyros
should be calibrated before use. The position sensor consistsoafeenevhich always start from
zero whenever the sensor is turned on. Therefore, the position sensor shouidlizedrby locating
the sensor to a known position. A KF is used to estimate thetation and the angular velocities of
the tool with gyros, and another KF is employed to estimatg@abk#éions and accelerations of the
centre of mass of the tool with an IMU and an encoder-basedopasitnsor. Although two KFs can
be combined, they are separated because the position KFegegtgntation information, and using
two KFs is computationally cheaper. The workpiece informagimvides the locations and the
orientations of all bolts. All the information is processeithvan expert system to identify the
fastened bolt and to correct the orientation error. Wheretipert system detects a fastening action,
the fastened bolt is identified. Then, the complete 3D orientaff the tool can be determined by
using the location and the orientation of the fastened bolt andddiolo of the position sensor; thus,
the orientation error can be corrected. When the toolaisosary, the tilt angles of the tool are
corrected. The fuzzy expert system outputs the orientation arttbpasfithe centre of mass of the

tool. Then, the location of the tool tip is estimated by using (5-1).

IMU : —1 Angular velocity Fastening
— Orientation —>| |action detectio
Gyroscope > Calibratior )—-» Kalman Orientatiot
filter —>
Bolt
Orientatiot identificatior
Accelerometel H=p Calibratior }—P Positi Centre of mass Location
| osition | -~ tion of tool Steady state| |—p :
ocation of tool :
Kalman > detectiol of tool tip
Position senst |—> Initializationmy=» ~filter Acceleratiol >
. —— Velocity Orientation
Workpiece .
informatior Location and orientation of bo Fuzzy
Expert System

Figure 5-2: Overview of the fastening tool tracking system
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5.2.1 Orientation Calculation Using Kalman Filterin g

Gyros measure angular velocities with respect to the ihfrdaime whose origin is at the centre of
the earth and its axes are stationary with respect toxie $tars [116]. However, the tool tracking
system is used in a small area, and the local fixed franad¢tached to a stationary building which
rotates 360°/day with the earth. Thus, the position and orientdtaorges due to the rotation of the
earth must be discarded. In order to discard the angular velfcitye earth, gyros should be
calibrated so that the angular velocity is zero when the IMbtationary with respect to the local
fixed frame. Even when the rotation rate of the earth is rantusted for the calibration, the earth

rotation rate does not make any difference because the romasitiix is corrected often and the

rotation rate of the earth is only 7.275<51t}31d/sec, which is often smaller than the noise level of a
MEMS gyro. Therefore, the rotation rate of the earth cadi$sarded. Figure 5-3 shows the tool
frame and the local fixed frame which is attached to the lddilbg. The Z-axis of the local fixed
frame is chosen in the opposite direction of the local graeityor, and the z-axis of the tool frame is

chosen so that it is parallel to the bolt socket axis, which is paratlet fastened bolt.

z

X Local Fixed
Y Frame

Tool
z Frame

y \I/’X
<+— Bolt socket

100l tip

Figure 5-3: Local fixed frame and tool frame: the Z-axis othe local fixed frame is the opposite

direction of the gravity vector and the z-axis of the tool frame islong the bolt socket axis.

To define the orientation of the tool with respect to thereefee frame, the quaternion
representation is used. To utilize the KF, the quaternion equatids teeee written in the form of

(2-5). The differential equation of quaternipmvith respect to time has the following matrix form:
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o G -4 -0, -0 0
G _1& G -& % % ' (5-2)
0 20, 0 D -G W

Os G -0 G Qo w,

<

Since there are four quaternion states and three angulartyetoeasurements, the state of

orientation, x,; , becomes

Xori :[qO G G G W W Wz]T- (5-3)

From (5-2) and (5-3), the system matrix of orientation in the form of (2-5) becomes

2 000 -g® -0,% -0;%
0 2 00 gy -0g3¢ 0,
0 020 g% (O -qg*
F o =% 0 00 2 -g,% qg*® Qg . (5-4)
00O0O0 2 0 0
00O0O0 O 2 0
00O0O0 O 0 2

The system input matrix of orientatioG,, , is a zero matrix because the tool is rotated by a human

operator. Also, since the quaternion states are estimated from the angdaiegethe process noise

of the system is
bori :[0 00O bang bang bang]T' (5'5)

whereb,,4 is the process noise of the angular velocity of the tool.
The angular velocities are measured by gyros, but there ienmsmrsthat measures quaternion
components. Since the gyros are calibrated, the measuneraieixt for the orientation in the form of

(2-6) becomes
Hoi = [03x4 |3x3]' (5-6)

To satisfy (4-7), all the quaternion components should be normalizedhafyeaire calculated.
The states of a KF converge on meaningful estimations when &tes stre observable. The

observability matrix QM) is calculated as

68



H

H xF
OM = , (5-7)

H > ™!

wherem is the dimension of the state veckor If the observability matrix has a rankrof then the
states are completely observable.

For the orientation KF, the rank of the observability matrixhree¢. In other words, only three
angular velocities are observable, and the four quaternion teemsnat converge to the correct
values. Therefore, a quaternion term correction method needsmpleeiented. The details of this

correction method will be discussed in Section 5.3.

5.2.2 Position Kalman Filter Using an IMU and a Pos ition Sensor

For the position estimating system, six measurements artald@athree position components in
the local fixed frame from the position sensor and three aetiele components in the tool frame
from the IMU. From (4-14) and (4-15), the three acceleratiomsorements in the tool frame can be

expressed in the local fixed frame in the form of (2-5) as

Vx = Cxx xAx + CyX ><Ay + CzX ><Az
Vy =Cyy xAx + CyY xAy +Cuy xAz . (5'8)
Vz =C><Z xAx +CyZ ><Ay +CzZ ><Az +|gl|

By applying a constant acceleration motion model, the equationdoaftyan the local fixed frame

are

P, =V, X +V,
P, =V, X +V, . (5-9)
P, =V, X +V,

According to (5-8) and (5-9), the states of the position X[, are defined as follows:

Xo0s=|P Vi A, P, V, A PV, Al (5-10)
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The position and velocity components are represented in the loeal frame, and the
acceleration components are represented in the tool frame. F&nauf8 (5-9), the system dynamic

matrix of object position in discrete timg, ., becomes

1t cyx?/2 0 0 cy%?/2 0 0 c,yx?/2
01 cx® 00 cux 00 cuiX
00 1 00 0 00 0
0 0 cyx?/2 1 t c,x?/2 0 0 c,yx*/2
Fos=0 0 cyx 01 cux 00 cux . (5-11)
00 0 00 1 00 0
0 0c,%?/2 0t c,%%/2 1 t c,%*/2
0 0 c ™ 0 0 c,% 01 ¢c,
00 0 00 0 00 1

The gravitational force is treated as a deterministic input. Sincé-#xés is parallel to the gravity
vector, the velocity and the position changes due to the gradtpivshould be compensated for in

the Z-axis. Thus, the system input matrix of position is
G =[0 0 0 0 0 0 [g[2/2 [g[ O] (5-12)
Since the position and the velocity states are estimated with tlogerations, the process noise is
_ T
Wk—l,pos_qaccel>{0 0100100 1] ’ (5'13)

where g, iS the process noise of the tool acceleration.
The acceleration of each axis is measured by three accelersmand the position components
are measured by a position sensor. Since both accelerometdtse grosition sensor are calibrated

and initialized, the measurement matrix for the position estimaticoniies

(5-14)

pos

OO O O o o
O O O o o o
OO O O O+ O
o O O +r»r O O
o O O O O o
o O r O O O
O r O O O O
o O O O O o
= O O O O O
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The rank of the observability matrix of the position KF iseninTherefore, all nine states are
observable. This position KF utilizes the orientation of the twbich is estimated from the
orientation KF. These filters reduce the measurement noiseeleeations and angular velocities.
In the next section, the dynamic status of the tool such aenstigt state is identified using the

filtered measurements.

5.3 Fuzzy Expert System for Tool Tracking System

5.3.1 Tilt Angle Correction

The system in the previous chapter identifies the statigtatg by using the IMU measurements.
The presented system in this chapter identifies theostalj state of the tool by using three sets of
states: (i) angular velocity, (ii) acceleration fluctaat and (iii) linear velocity. The estimations of
accelerations and angular velocities from the KFs are uséehoh of the direct measurements from
the IMU because the estimated values from the KFs hasent@se. However, the derivatives of the
encoder-based position sensor outputs are chosen for the linggitywehlculation because they are
zero when the tool is stationary.

Although the KFs are used to estimate acceleration and angliteity states, only a portion of
the noise is removed, and the linear acceleration and the angldeity estimations still suffer from
nonlinearity and random walk. To identify the stationary staim fthese measurements, a fuzzy
expert system is proposed. The rules are developed based aopbdigs of the sensors in using
linguistic terms. If the fluctuation of the acceleration reation@ high or the angular velocity
estimation is high, the tool is not stationary even though the lineasityelilmm the position sensor is
zero. This case occurs when the tool is hung on the wire of ti@pagnsor, and the tool rotates
about an axis: i.e., the wire of the position sensor. The fseig/of the expert system inputs are
shown in Figure 5-4 a) and b). The magnitude of angular velogitg (ve) is calculated with
angular velocity estimations after the KF by using (4-15)eads of using angular velocity
measurements. Also, the acceleration fluctuatidoc (flug is calculated with the acceleration
estimations after the KF using (4-16). Figure 5-4 c) exhibitslyhamic states of the tool. Table 5-1

lists the fuzzy rules to identify the stationary state of the tool.
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a) b) c)

i low medium  high low medium _high ,|.static  quasi-static _movin

0.8 0.8 0.8

0.6 0.6 0.6

0.4 0.4 0.4

0.2 0.2 0.2

Membership Degree
Membership Degree
Membership Degree

0

0 0.02 0.04 0.06 008 0.1 0 0.04 008 0.12 016 0.2 0 0.2 0.4 06 08 1

Ang_vel (rad/s) Acc_fluc (m/s?) Dynamic State

Figure 5-4: Membership functions of the fuzzy expert sstem for the tilt angle correction

algorithm.

Table 5-1: Fuzzy rules to identify the stationary state of the tool.

Fuzzy rules | Ang_vel | Acc_flug Dynamic state
1 Low Low Static

2 Low Med Quasi-static
3 Med Low Quasi-static
4 Others Moving

When the derivative of the position sensor is zero for 0.1 secmhthadynamic statés less than
0.5 for 0.1 second, the tool is considered stationary. The 0.1 secoodiipariiosen because it is not
realistic for an operator to move a tool so thatdyieamic statés less than 0.5 and the derivative of
the encoder-based position sensor output is zero for 0.1 second unless istationary. Also, the
0.1 second period is used to calculate the average accelgnatieach axis. According to the above
assumption, the fuzzy expert rules for the stationary datdification of a tool are shown in Table
5-2 (Rule 5-1 and Rule 5-2). When the system concludes that thie spationary, the tilt angles are
corrected by using the method in Subsection 4.4.2. To prevent a fonitvaation drift, the angular

velocity is set to zero when the IMU is stationary (Rule 5-3 in Table 5-2).

5.3.2 Fastening Action Detection

To identify the fastening action, the acceleration sigeatustudied and distinguished from other
possible movements that the fastening tool can experiengeréFs5-5). The identification of the

fastening action by using the frequency domain is difficult beeahe frequency contents of the
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fastening action depend on many variables such as materialseasitbipe of the workpiece. Instead,
the time domain is used for the analysis of the fastening action.

The acceleration signature of the fastening action (Figure)beenotes a very high vibration and
high magnitude of acceleration. Figure 5-5 b) shows the basetiexcitden the tool is free-running
in the air without fastening a bolt. The acceleration of tlee lecitation has a high frequency of
vibration, but it does not have a high magnitude of accelerattogure 5-5 c) depicts the situation
when the tool is manually shaken by a person. It displays high tmdgsiof acceleration but does
not exhibit a high frequency of vibration. Figure 5-5 d) shows nomaaements when the tool is
moved around. This movement does not have a high frequency atiabior high peaks of
acceleration. This study demonstrates that fastening actionbe identified with acceleration
frequency contents and the magnitudes of acceleration. leetntéignitude of acceleration

measurementdcc_meabe
Acc_mea=(AZ+ A7 +A%)%. (5-15)

If at least three peaks satishgc_mea>20 m/setwithin a 0.1 second interval, the expert system
concludes that the tool is fastening a bolt. In order to measure the 0.1 seenvad, iattime variable,
fastening_period is initialized when the accelerometers first detAct_mea>20 m/set, and
increases as the time elapses. |If the system does not thegecipeaks that satishcc_mea>20
m/seé within 0.1 second interval, it is initialized again when tiet peak is detected. The rules for
the fastening action detection are shown in Table 5-2 (Rule 5-4 to5RA)le The specific values of
the expert system conditions such as the peak valukscoimeamay vary depending on the shapes

and the materials of the bolt and the workpiece.

a) so b) so C) s0 d) 5
—~
(\{\é 40 40 40 40
A
c 30 30 30 30
o
=
g 20 20 20 20
[
o 10 10 10 qu 10 WMW
bat ‘4.—m\r
<
0 0 0 0
0 2 4 0 2 4 0 2 4 0 2 4
Time (sec)

Figure 5-5: Possible acceleration measurement signaturesthe fastening tool used in different

scenarios: a) fastening action, b) base excitation, ¢) hand vibratipand d) normal movements.
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5.3.3 Fastened Bolt Identification

When the fastening action is detected, the tool trackystesn must identify the fastened bolt.
The fastened bolt identification process is summarized inr&i§-6. There are three scenarios for
the bolt identification:

1.  The position sensor alone identifies the fastened bolt.

2.  When Scenario 1 fails, the IMU information is added to verify the fastened bol

3. When Scenario 2 fails, the system assumes that the boltheithighest possibility of being
fastened is fastened and waits for the next fastening actiomen\fie system identifies the
next fastened bolt, it identifies the previously fastened bolt.

When the system successfully identified the fastened baolirigcts the orientation error and outputs

the fastened bolt number.

. _ Only one bolt _ Output
astening |is within Scenario } Orientation| _ fastgned ol
action > position sensqr vec | carrectior A
detectiol error margin number
A 3
No | Scenario 1
\ 4
Use fuzzy Fastened bolt Correct orientation| Fastened bolt
expert systen is identifiec and identify is identifiec
to identify the previously fasteneg
fastened bo bolt
Fastened bolt i$ ; 4
. o Scenario
not identifiec | Yes
Waiting for Fastening _Only one bolt Use fuzzy
fastening o action _| is within No | expert system
action | detection "| position "| to identify
detectiol Sensor err¢ fastened bol

a

Fastened bois not identifiec

Figure 5-6: Fastened bolt identification process.

When the tool fastens a bolt, the location of the tool tip cogscwdth one of the bolts (Figure 5-

7). Then, the distance between the position sensor and one of th@obiion should be
(L +L,2+L,))%. However, the position sensor has error, and the location of thalsolhas

error due to manufacturing uncertainties. When the toolfagtéoolt, the position sensor error with

respect to the™ bolt is
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PSE, =((n,- P)*+(n,- B)*+(n,- P)*)™ - (L, +L," +L,)™. (5-16)
PSE, includes the error of the position sensor as well as dreufacturing error of the workpiece.
Thus, when the tool fastens a bolt, the following inequality holds for datdeasolt:
PSE, £ MPSE+ MMU . (5-17)

If there is only one bolt that satisfies (5-17), the systemladas that the tool fastens that bolt. In

this application, the maximum position sensor error is £7mm.

Position of i
bolt/tool tip

[Ny, Ny, Ny

[Lo Ly, L]

l

Position sensor
location
[Px Py, P]

Position sensor error
envelope

Figure 5-7: Position sensor error envelope while a tool fastens alboThe position of the tool tip

coincides with one of the bolts.

It is possible that more than one bolt satisfies (5-17). Inctss, the tool tip position calculation
by using (5-1) is utilized to identify the fastened bolt. However, identifyingestened bolt does not
simply correspond to finding the closest bolt from the calcdlat®l tip position because the
orientation error is unknown. To identify the fastened bolt in the pcesaf orientation uncertainties,
a fuzzy expert system is utilized.

Two inputs are employed to identify the fastened bolt: the calduleté tip position error and the
run-time which is the duration from the previous complete oriemtaiorrection to the current time

excluding the stationary state period. As the calculated foplosition error with respect to the bolt
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decrease, the probability of fastening the bolt gets higher. dloalated tool tip position error is

represented as
I:)En = ((Tx - nx)2 + (Ty - ny)2 + (Tz - nz)2)0-5 : (5_18)

As the run-time increases, the reliability of the calcdat®ol tip position decreases. Both
position error and run-time are modeled, and the membership degtieesspect to the™ bolt are
shown in Figure 5-8. The two antecedent conditions are aggiegétethe min operation [118],
[119] to obtain the implication on the consequence membership fundtigire 5-8 ¢) shows the
membership degree output for tm® bolt. The bolt with the highest membership degree of
Bolt_Output_1 is chosen as the fastened bolt because it haigtiest probability of being fastened.
When the membership degree of the calculated tool tip positionisriower than that of run-time,
the closest bolt from the calculated tool tip position is the fastened kabibas in Figure 5-9.

a) ‘ ‘ ‘ b) ‘ ‘ ‘ c)

0.8 0.8

0.6 0.6
0.4 0.4

0.2 0.2

Membership Degree
Membership Degree
Membership Degree

0 ‘ ‘ ‘ ‘
0 50 100 150 % 50 100 150 200 n
Position Error (mm) Run-Time (sec) Bolt_Output_1

Figure 5-8: Membership degree functions of a) calculatetbol tip position error, b) run-time,

and c) the output for Boltn.

4 Calculated position

/ of tool tip
@ @

Position Error
membership curve

Membership
Degree

v

Bolt 1 Bolt 2

Figure 5-9: Fastened bolt identification when position erroiis the determining factor.
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However, if run-time becomes the determining factor, multiplesbualil have the highest
membership degree in Bolt_Output_1 fuzzy set in Figure 5-8 (&l tifie bolts are fastened except
for one, the system concludes that the unfastened bolt is nowfasiaeged. If more than one bolt is
not fastened, the system cannot identify the fastened bolt. Thesystieen uses another fuzzy expert
system to identify the bolt with the highest probability of bdamjened using the position error and
position sensor error as shown in Figure 5-10. The two antecedent coraligansltiplied to obtain
the membership degree of Bolt_Output_2 for tffebolt and the bolt with a higher membership
degree is assumed fastened. In this scenario, the fastestegisglso examines the next fastened
bolt to ensure that the output of the fuzzy expert system isdinect fastened bolt. When the next
fastening action is detected, the system identifies thterfad bolt and finds the path from the
fastened bolt to the previous fastened bolt with respetteqorevious possible bolt position and
orientation. By comparing the distances and the orientations betthee possible previously
fastened bolts and the currently fastened bolt, the syshaemdentify the previously fastened bolt.
The expert rules for the fastened bolt identification phase are shovable 5-2 (Rule 5-8 to Rule 5-
11).

a) b) : : : c)

1
0.8 0.8
0.6 0.6

0.4 0.4

Membership Degree
Membership Degree

0.2 0.2

Membership Degree

0 - 0 . . .
0 50 100 150 0 2 4 6 n

Position Error (mm) Position Sensor Error (mm) Bolt_Output_2
Figure 5-10: Membership degree functions of a) calculatetbol tip position error, b) position

sensor error, and c) output for Boltn.

5.3.4 Orientation Correction

When a tool fastens a bolt, the orientation of the bolt and ébtowthat connects the position
sensor and the tool tip position, which coincide with the bolt posiianknown. Since two vectors
are known, the complete orientation of the tool can be determinedtodlhfeame is chosen so that
the z-axis is parallel to the socket, which is almost patalldie fastened bolt when the tool fastens a

bolt. This axis gives the z-axis vector of the directiosire matrix:c,,, C,,, andc,,. If the tool
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frame is selected so thiatis zero, the location of the tool tip with respect to the centreast in the

tool frame becomed [OL,. From (5-1), the x-axis vector of the direction cosine matrix becomes

- n, - CzXLz' Px

C'xX L.
X
n,-cyL,-P
Coy =— ZLY,Z e (5-19)
X
— n, - CzZLz B I:)z
XZ L.

X

- P,)%. L, is used to normalize

X

where Lxlz(nx - CZXLZ - Px)2 +(ny - C'zYLz - Py)2 +(nz - CZZL

z
the x-axis vector of the direction cosine matrix insteadl,of This is attributed to the fact thhj
may not matchL," due to position sensor errdPSE,). The y-axis vector of the rotation matrix can

be calculated from the cross-product of the two vectors abtation matrix. When all three vectors
of the direction cosine matrix are determined, three tool frasutors of the rotation matrix must be
normalized. Then, four quaternion terms can be determined from tit@momatrix. The four

quaternion terms should be normalized to satisfy (4-7).

Table 5-2: Rules for the fastening tool tracking system in lingatic terms.

Stationary State Identification

Rule 5-1 | IF the derivative of the position sensor output is zarthe last 0.1 second ANBynamic
state< 0.5 for the last 0.1 second, THEN update the average acicglserAiND the tool is

stationary.

Rule 5-2 | IF the tool was stationary in the previous time AtP the derivative of the position sensg
output is zero ANDdynamic state< 0.5, THEN update the average accelerations AND

tool is stationary.

Rule 5-3 | IF the tool is stationary, THEM, = w, =1, =0AND correct the quaternion terms using

23) to (4-26)

Fastening Action Detection

Rule 5-4 | IFAcc_mea 20 m/$ AND fastening_period 0.1 second THENKastening_periog 0 AND
peak = 0 AND peak_high = 1.

Rule 5-5 | IFAcc_mea 20 m/$, THEN peak_high = 1

the

4-
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Rule 5-6 | IFAcc_mea< 20 m/$ AND peak_high = 1 THEN peak = peak +1 AND peak_high = 0
Rule 5-7 | IF peak = 3 ANRastening_periock 0.1 second, THEN the tool is fastening a bolt.
Fastened Bolt Identification

Rule 5-8 | IF the tool is fastening a bolt AND only one bolt that s&ssPSE, £ MPS+ MME, THEN
the tool is fastening the" bolt.

Rule 5-9 | IF the tool is fastening a bolt AND there are moren tiome bolt that satisfy
PSE, £ MPSE+ MME, THEN the bolt with the maximum Bolt_Output_1 membership value
is being fastened.

Rule 5-10| IF the tool is fastening a bolt AND there is more than bmie that has the highest
Bolt_Output_1 membership value AND all the bolts were fastexeept one bolt, THEN
the tool is fastening the unfastened bolt.

Rule 5-11| IF the tool is fastening a bolt AND more than one bole hhg highest Bolt Output_|1
membership value AND more than one bolt is not fastened beforelN ddEume that the
bolt with the maximum Bolt_Output_2 membership value is being fastened.

IF the next fastening action is detected, THEN identify tistefeed bolt AND identify the
previously fastened bolt.

Rule 5-12| IF the fastened bolt is identified THEN correct the quateteiors.

5.4 Experiments

The fastening tool tracking system is attached to a rigbteatool and examined on the testbed

shown in Figure 5-11. Eight bolts are placed on the testbed, and thewnmaite shown in Table 5-
3. When the tool was positioned on Bolt 1, 4, 5, 6, and 7, the boltsfasteaed, but when the tool

was on Bolt 2, 3, and 8, the tool ran in the air right abovebtiits to test if the system can

differentiate the two different scenarios. The tool stditeeh the initial position and moved for 204

seconds before it was returned to the initial positidrhe tool moved from Bolt 1 to Bolt 8 in

sequence

, and after Bolt 6 was fastened, the tool was léfinsty for 80 seconds to test the

stationary state identification fuzzy expert system. Tdwt tesults of tracking the tool tip are

illustrated

in Figure 5-12.
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Start and finish

position
5 7
1 3
6 8
2 4
Figure 5-11: Testbed for the lab experiment.
Table 5-3: Bolt positions shown in Figure 5-11.
Bolt number Bolt position Bolt number Bolt position
Bolt 1 (-0.4. -0.34,0) Bolt 5 (-0.05, -0.24, 0)
Bolt 2 (-0.4. -0.44,0) Bolt 6 (-0.05, -0.34, 0)
Bolt 3 (-0.3. -0.34,0) Bolt 7 (0.05, -0.24, 0)
Bolt 4 (-0.3. -0.44,0) Bolt 8 (0.05, -0.34, 0)

100
| start

™ finish

-300

1 -
-900 - -500 - - - - - - 100
X (mm)

Figure 5-12: Tool tracking results a) with the intelligentsystem and b) without the intelligent

system.
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Figure 5-12 a) shows the trajectory of the calculated tool tiigosvith the intelligent system
which includes the KFs and the fuzzy expert system. Figure 5-#2digts the trajectory of the
calculated position of the tool tip without the intelligent syst When the system detects the
fastening action, a square mark with * symbol is added to #terfed bolt position. Figure 5-12 a)
shows that Bolt 1, 4, 5, 6, and 7 are marked; indicating that 8tensysuccessfully identified the
fastened bolt. The start and finish points are almost idéniiben the intelligent system is used.
However, Figure 5-12 b) reveals that the finish point is diffef@m the start point when the tool tip
position is calculated without the expert system. The ckedltool tip position errors with and
without the intelligent system are summarized in Table 5#h (@spect to the fastened bolt positions
and the finish position). The total position errors of Tabledasetcalculated by using (5-18). The
position error without the intelligent system increases tiveg because the orientation error drifts
over time. However, the proposed intelligent system reducespdb#&ion error because the
orientation error is corrected when the tool fastens a bolt and when tiehetd stationary.

Table 5-4:Position error comparison between with and without the inteligent system.

Tool Time | Position error with the intelligentPosition error without the intelligent
position | (s) system (mm) system (mm)

X-axis | Y-axis | Z-axis | Total X-axis| Y-axis| Z-axis| Total
Bolt 1 19 -2 0 6 6 -2 1 6 6
Bolt 4 43 -12 -6 -6 15 -10 -4 9 14
Bolt 5 85 -2 -8 2 8 -9 -5 37 38
Bolt 6 89 -4 -2 2 -8 -7 38 39
Bolt 7 184 3 -6 7 10 8 -58 28 65
Finish 204 -1 -6 0 6 -27 -33 83 93

5.5 Conclusion

This chapter presented an intelligent tool tracking systbat utilizes a hybrid sensor
configuration consisting of an IMU and a position sensor. KFs wieveloped to estimate the
orientation and the position of the tool more accurately. Theutaiof the sensors are related to

identify if the tool is stationary or fastening a bolt. Whiea tool is stationary, the system corrects
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the tilt angles. When the tool fastens a bolt, the system fidsnthe fastened bolt and corrects the
orientation error. The intelligent system was validated through expets.

The fastening tool tracking system was tested with a rmaatwing assembly example in a
laboratory setting. The position error of the tool tip increasethe time of operation elapses when
the intelligent system is not used because the orientation iecreases over time. However, by
utilizing the intelligent system, the fastened bolts are ctyrédentified, and the position error is
reduced.
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Chapter 6
Fastening Tool Tracking System Using a Combined
Kalman/Particle Filter

This chapter proposes a novel position/orientation estimaticimique. The proposed method
combines a KF and a PF to hybridize one IMU and one position sefiserKF is used to estimate
the position, and the PF is used to estimate the orientatiom, Tfi® method is revised to apply to
the fastening tool tracking system to identify the fastenets.bol'he test results of the proposed
system in this chapter are compared with those of the KF-based intediyg¢ern that was introduced
in Chapter 5.

6.1 Overview of the Position/Orientation Tracking S  ystem Combining the KF
and the PF

The proposed position/orientation estimation method is presented ire Fgur The proposed
method calculates the position and orientation states from IMEsuorements and measures the
position using a position sensor. An expert system is devel@pedritect the angular velocities
according to the measurements from the IMU and the position séBpaising the corrected angular

velocities (w,,w,, andw, ), the rotation matrix from the body frame to the fixed framestsmated.

The rotation matrix of thé" particle from the body frame to the fixed frame at titpé/C,) is
represented by using quaternions as:

c, c2 c3
'C = C4L cS_ik c6_L

c7, c8, c9,

i2 i2 i2 i 2 i yoi i i i Al i N0 . (6-1)
a0, +dL - g2 - 93 2(qL 92, - 90, 93,) 2(qL, g3 + 40, g2 )
i yoi i i i 2 i2 i 2 i 2 i i i i
= 2(gL. g2 +90,a3,) a0 - gL +02 - 93 2(92,, 93, - 90, oLy )
i A i o i A i i i 2 i2 i 2 i 2
2(q1, a3, - 90,92, ) 2(92,.93, +q0, aly ) a0, - gL - 92, +ag3

where c#, is the component of the direction cosine matrix ofithearticle at timet, , andqQ} , ql;,

g2, , and q3‘k are the four components of a unit quaternion. Since the oriengtaiculated using
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a unit quaternion, each orientation particle consists of fouess(at: , = [q0, ol 02, a3(])

that satisfy
a0, +ati” +q2 +q3,” =1, (6-2)
I@ AGALA, | Position Filtering Technique
Faculty Estl_mat.|on [ Position,
1 | | | | i
Calibrated q0',ql',g2'q3 Velocity 1

IMU —> Expert Systenr
Orientation Evaluate al
ol (1., W, W, el TNl A g ) W \
Gyroscope > X1y 7z particle filter particles
i i i nai| Dela 1
F' ya0. ot a2 g3 | 222 "
> osition
P.P,.P "|  Position N d
Position sensof .z > : _and
Kalman filtel r orientation

Figure 6-1: Outline of the proposed method.

The quaternion components of each particle can be computed from th&ramglocity

measurements using:

0ks 2 -t -t -t o)
e _ 1 Wit 2 Wt - W0t L (6-3)
024 2 W R W, X 2 W X g2,
I3 Wy X Wy X Wk X 2 a3,

The corresponding velocity and position of each orientation partielestimated using a KF. From
(4-14) and (4-17), the motion tracking equations of pariidier short distance navigation can be

written as:
V=, C'RA g, (6-4)
"P= vidt, (6-5)

where 'V' represents the velocity of th®8 particle in the fixed frame. Eq. (6-4) reveals that the
acceleration measurements in the body fraﬁ‘)e:([A( A A1"), which includes the gravity

vector, are multiplied by the rotation matrix to calculate dbeeleration in the fixed frame. Thus,

when the rotation matrix is inaccurate, the misalignment betwleertrue body frame and the
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calculated body frame leads to an acceleration error in (6Mghveonsequently results in velocity
and position errors. In other words, a high orientation error cat i@ a high position error. The
proposed filter evaluates orientation particles by comparingdlséion calculation of each particle
with the position estimate of each particle from the KF. Thtges with lower position difference

between the two are assigned higher weights.

6.2 Position Kalman Filter

A KF is used to estimate the position of each particlehe proposed method because the state
space model of an IMU is linear and the noise distribution of many position seasdpe considered
zero-mean Gaussian. To utilize the KF, the motion equations ing@e4§6-5) must be rewritten in

the form of (2-5). The state vector of the KF ofithparticle at timet, is defined as

Keew =[Pl Ve A Boie Vi Ao Pl Vi Al (6-6)
where Bl sk s Vi aisk » A axisk r€ the position, velocity, and acceleration ofithparticle in each

axis using the KF respectively. Then, the system transition matrix 8 gaeticle, F ! , is

1t cL»®?/2 0 0 c2,%?/2 0 0 c3, %%/2
01 cix 00 c2% 00 c3x%
00 1 00 0 00 0
0 0 c4%?/2 1 t c5%%/2 0 0 c6 %?/2
FLk=00 cdx 01 c5% 00 cB. % . (6-7)
00 0 00 1 00 0
0 0 c7,%%/2 0 t c8 %%/2 1 t c9 %?/2
00 c7,x 00 c8x%x 0 1 c9 %
00 0 00 0 00 1

Gravity is treated as a deterministic input. When thectiie of the Z-axis of the fixed frame is
chosen opposite to the local downwards, the velocity and the poshamges due to gravity
measurements must be compensated for along this direction. tBénsgstem input matrix is not

related to the orientation particle, it is written as:

Gk»uk_lz[o 0 0 00 0 |g]x*/2 |g|x o]r. (6-8)
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Since the magnitude of the local gravity vector can be assumed coostsimbit distance navigation,
the system input matrix is assumed to be constant.
The acceleration and the position components are directly measwied calibrated

accelerometers and a position sensor. Then, the measurement matrix is:

T
=~
1

(6-9)

O O O O O B
O O O o oo
O O o o+ O
o O O+ O O
OO O O O O o
O O r O O O
O r O O O O
O O O o oo
R O O O O O

6.3 Orientation Filtering Technique

The proposed method uses the PF to estimate the orientation bfeah oThe weight of each
particle is determined by using the position calculation of eaelmtation particle and the position
measurements as the most probable value. In such an approach,rhtveedifferences between the
position measurements and the position calculation of eachatitgnstate can be a result of not
only the orientation state but also sensor errors such as noisen, the particles with higher
orientation errors can have higher likelihoods of being in the aooréentation. In other words, the
position measurements at tintg are not accurate enough to approximate the true posterior of
orientation.

To overcome this problem, the summation of the position differeloces period of time DT,
where subscrips is thes" orientation iterations = 1, 2, ...) is selected to determine the weights of
the particles instead of the instantaneous position differenideset, . In addition, instead of using
the direct position measurements, the KF position estimationslfpgaticle, which incorporates the
position measurements, are used to reduce the effect of d#sirement noise. Then, the likelihood

is calculated based on the accumulated position difference lmetheestimations and the calculated

values of theé" particle (APE.) as
M

. SS . . . . . .
APE; = {( P;I)x,k - Pklx,k)z + (P;I)y,k - Pkly,k)z + (P;;z,k - Pklz,k)z} , (6-10)

k=(s- 1M g+1

86



whereM, =DT,/t, and P;_ aisk are the position states of tHeorientation particle at timg . The
lower APEiS of the given particle signifies the higher likelihood of beimg ¢torrect orientation. For
every DT, period elapses, the weight of each particle is recalculateording to APE. values.

Then, the PF must be modified to u»é\@E'S instead of the direct position measurements. The

posterior approximation up to tinte is

p(XO‘S | APE:II.S) » Wkd(XOS - XIO’S) : (6'11)

t=1

Then, the posterior up to tinte is expressed as
P(%s | APE) B P(APE, | X,) XP(X, | Xo.1) XP(Xos.1 | APE 1), (6-12)
and the normalized weight of tieparticle at thes" orientation iteration becomes

W " p(APEiS | Xls) xp(xis | Xis—l) . (6-13)
° r(x, | X, ,, APEL)

By resampling and choosing the importance density from pigx,|x.,) and the fact that

w. , =1/ N, the normalized weight has the following relationship:
Wy 1 P(APEL | X ) - (6-14)

The weight of the orientation particle is calculated basefé\lﬁiS and the most probable value of

APE.. argmin(APE.) is chosen as the most probable value because the odentth the

minimum accumulated position error has the highest likelihoodinglike correct orientation. Then,

the normalized weight is calculated as:

- (APE. - argmin(APE.))?
2" (s(APE))?

W, U exp , (6-15)

where s (APE.) is the standard deviation &PE.. Since3s (APE.) contains 99.7% of the values

of APE., it is valid to assume that the mean APE. less argmin@PE.) is 3s (APE.) . After
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resampling, the quaternion terms must be normalized to satisfy (6H& summary of the proposed

particle filtering technique is described in Table 6-1.

Table 6-1: Summary of the proposed particle filtering technique.

If k = 1, Draw x, from p(x,) andwj, =1/ N /I Initialization
Calculatexp Il Prediction
CalculateAPEj; according to (6-10) /I Likelihood
IF remaink/M¢) =0 /l Update

Xy = Xpr Il Predicted states

- (PE. - argmin(APE.))?
2" (s(APE))?

Calculatew*. = exp /I Weight calculation

N

wW=wrl /o wr Il Normalize weights
i=1
Draw x. based orw, /I Draw the next particles (Resampling)
w.=1/N Il Reset weights
Xpr i = Xs
End IF

Note that DT, should be chosen based on the sensor accuracyDTlfis too short, the
accumulated position difference may not be large enough to helfydbe best orientation particle.
When DTy is too long, the orientation error may become large prior to gmdication of the
orientation evaluation. This, in turn, impacts the orientatiomesion accuracy. In addition, this
algorithm requires more particles to represent the Pever a wider range of possible orientation

angles leading a higher computational cost.

6.3.1 Angular Velocity Correction Using an Expert S ystem

The expert system is used in two cases: (i) estimatingitied gyro biases and (ii) detecting the
stationary state. In Chapter 4, an accelerometer catibratiethod with a simple procedure was

introduced. Although it provides a high accuracy, the procedure thkes thirty seconds and the
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gyro calibration technique in Appendix B takes about 30 seconds. Wkeproposed KF-PF
combined method in this chapter is used, simpler calibration procedure caplbgesn

Both gyros and accelerometers suffer from biases and gais priorarily caused by temperature
drift. Thus, many commercial IMUs are factory calibrated lzank a temperature drift compensation
feature to reduce the effects of biases and gain errorselagsvmisalignment and non-linearity.
Also, acceleration sensitivities of the gyros are competisiie Even when an IMU has a
temperature compensation feature, the gains and biasesysliitidr whenever the sensor is
switched on as discussed in Chapter 2. However, the effeitis atcelerometer gain and bias errors
due to power-on can be insignificant in this application becéus gain and bias differences due to
power-on are usually very small and a position sensor is usedrrect the velocity and position
estimation errors.

The gain difference of a gyro due to power-on is small, and tlkeatation error caused by the
gain error due to power-on is not significantly high. Howevee, gyro bias error can cause a
significant orientation error because gyro bias leads to continuous tiaemaft over time and there
are no orientation measurements to correct the orientation. Asdgodar velocity bias increases, the
proposed filter will require a higher process noise and mordclpartto compensate for the
orientation uncertainty in order to maintain the orientation acgur&ince the bias variation due to
power-on is also very small, a slight increment in the numbkgsarticles and process noise can
remove the effect of the small bias error. However, thisstédinresult in higher computational
complexity. Since factory calibrated IMUs have the aceaétam sensitivity compensation for gyros,
the gyro biases can be calculated by simply leaving the ofitdnary. Then, the mean value for
the stationary state of each gyro becomes the bias. ®iscerocedure is very simple and fast, the
gyro bias is calibrated in the proposed system. The IMU is left statiasratysf and the mean values
are subtracted from gyro measurements to compensate foraes.biThe rules for the gyro initial

bias compensation are defined as follows:

Rule 6-1: IF time 1 second THEN

W_sumy, = Ww_sum,, + w_meas,AND w,,, =0
Rule 6-2: IF time = 1 second THEN

w_bias,, = w_sum,. t

Rule 6-3: IF time > 1 second THEN
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W,

axis

= w_measg,, - W_bias,
where w_sum,, is the angular velocity summation of each aws, bias,, is the calculated
angular velocity bias of each axis, amd_meas,; is the angular velocity measurement of each axis.

It is expected to achieve higher position and orientationracguvhen the accelerometers and
gyros are calibrated more accurately. However, when the propds&d approach is used with a
factory calibrated IMU, the effect of calibration is magnificant. Although the gyro biases are not
significantly high, they are calculated and removed becausedhedure is simple and takes only 1
second, and bias removal reduces the orientation error.

Another role of the expert system is to identify the statiorsiafe. Bayesian estimation
techniques are suitable for estimating dynamic states, battemative approach is required for
estimating the states that do not change. Thus, when the object is statlmagstem should output
the previous states instead of estimating the curretd. std/hen the object is identified as being
stationary, the angular velocity is changed to zero. Evem wieeangular velocity is zero, the yaw
angle can still drift during the resampling step. This is tuthe fact that the yaw angle drift does
not affect the position calculation when the object is statjonaFherefore, while the object is

stationary, the resampling step is suspended to ensure tkataonientation state is the same as the
previous orientation stated(F’k = X:DF,k-l)' To suspend the resampling st&, is increased by one

sample time whenever the object is identified as being statioBagy=DT +1t).

The stationary state is identified by using the similar agpgrao that in Chapter 4. Since a
position sensor is available, the position measurement fluctugRos_ fluc,, ) of each axis is

defined as

POs_ fluC,g = |Pai

- AVg_ Paxis| ! (6-16)
where the average position of each aAsq_P, ) are expressed as
n

AVg_ I:>a><i's = Paxis(j) /W' . (6'17)
=1

When the object is stationary, the magnitude of the angular vetdaiigch axis should be lower than

the maximum angular velocity error of the gyro, the acceteratiuctuation (Acc_ fluc,,) is

smaller than the maximum acceleration noise from the accead&gomand the fluctuation of the
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position measurement is less than the maximum error of thisopasensor. Then, the expert rule for

the stationary state is

Rule 6-4:
IF|,/'/axis| £ Waxis_max_error fOI‘ the Ia'Sttstationary seconds
AND ACC_ ﬂucaxis < Aaxis_max_noise for the IaSttstationary seconds ANDPOS_ ﬂucaxis < IDaxis_max_error

for the lastt.onary SECONS,

THEN w,

axis

=0, andDT, = DT +t

where Pis max eror 1S the maximum position error in each axis. TQg,.., Period should be

chosen depending on the application.

6.3.2 Initial Orientation Estimation

In order to use the PF, the initial PDF of the orientatiorestaged to be identified. Two extreme
cases can be considered: (i) when the orientation statemast completely known and (ii) when the
orientation of the object is completely unknown. When the iroti@ntation of the object is known
with a high level of certainty, the initial PDF can be reprged as a normal distribution with a very
small covariance.

However, in many circumstances, the initial orientation is ptetaly unknown. Then, two
different approaches are possible. First, quaternion statesarn from a uniform distribution. In
this case, a high initial process noise covariance isteeldecause the uncertainty of the orientation
state is initially high. It is assumed that the orientationverges to the correct value as time elapses.
Then, the uncertainty also reduces over time. In order topace this knowledge, the process
noise covariance monotonically reduces to the final value wherertentation is known with a high
degree of certainty.

The second approach is to utilize the knowledge that the objstetisnary for the first 1 second.

Then, the average acceleration measurements for the Setahd can be used to calculate the tilt

angles so that the uncertainties in roll and pitch angjgsa(d g, respectively) are reduced. The

relationship between roll and pitch angles and the acceleraieasurements due to gravity can be
expressed as [116]:
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g, = arctanfAvg_ A IAvg_A, ),
- Avg_A(_i (6-18)
(Avg_A *+Avg_A *+Avg_A, %)%

g, = arcsin

where Avg_ A, ; is the initial average acceleration of each axis for itise éne second using (4-

17).

Although the roll and pitch angles can be determined from (6-16), the ainterh the yaw angle
remains an issue. If any information about the yaw asgleailable, it can be used to construct the
initial PDF. However, if no information is available about the initiaiestd the yaw angle, a uniform

distribution can be used to represent the PDF of the yaw arfg?@. phrticles are used, the particles
are placed 1§(360720 particlePa@art in the yaw angle domain. Then, the initial quaternion states

by using these angles are defined as follows [116]:
i _ 4, i Gy Ay
0, = cOSEX) xc0S(L) xc0SEZ) + sin(X) ssin(—L) ssin(-=
q0; = costh) os () wos() +sin(2) sin() sin(%)
i i/ Ay Iz e iV i 57;
= sin(X) xcos(L) x0sfZ) - cosEX)ssin(-L) ssin(2
y =sin(%) cosCh) eos) - cost) sin) sin(®)

| o (6-19)
q2) = cos%) >sin(q—2y) mos%) + Sin(q—zx) mOS%y) min(%)

a3, = cos%) mos&z") >sin(%iz) + sin(q—zx) ><sin(q—2y) mos%iz)

whereg, is thei™ yaw angle at 1 second.

Similar to the first approach, a high initial process no@sdance is selected and monotonically
reduced until it reaches the final value. However, since thigithm already has the roll and pitch
angle information, the initial process noise covariance shouldlbetad lower than the level chosen

for the first approach of case (ii).

6.4 Experiments

6.4.1 Preliminary Experiment

In order to test the novel PF-KF method described in this ehathte presented theory is first
tested in a lab environment with a factory calibrated IMbg ¢hen applied to the tool tracking

experiment.
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The proposed method was experimentally tested by using a hyltehsyhat consists of one
factory calibrated IMU (3DM-GX2, Microstrain) and one positi@msor (Optotrak, NDI). Optotrak
can locate infrared light emitting diode (IRED) position maskeith submillimeter error [52], [53].
One IRED position marker was attached to the centre of the IWMcheck the orientation accuracy
of the proposed method, the true orientation was calculated &@MRED position markers placed
280 mm apart from each other. The configuration of the sensorpitdedkein Figure 6-2. Optotrak
requires lines of sight between the IRED position markedstlae cameras. Since an IRED position
marker has a limited signal emitting angle, three setspibtéak cameras were used to track the

position of the markers.

I

Four position markers
for the true orientation
measurements

280 mm

Hybrid system consists
of one IMU and one
position marker

v

Figure 6-2: The proposed hybrid system and the true orientation easurement system.

In this experiment, the sensors shown in Figure 6-2 were moved ttyainuaindom 3D motions
for 8 minutes and returned to the original position and orientation. The seass&ept stationary for
the first 1 second to remove the gyro bias and for the lasedond to check if the expert system
could detect the stationary state. The true position and dr@ntaeasurements using Optotrak are
illustrated in Figure 6-3.

Both the position sensor and the IMU were sampled at 100 #9.01 s). Since it is unlikely to

move an object and satisfy Rule 6-4 for 1 second when the ébjaetnually movedt is set to

stationary

1 second. The proposed method evaluates the weights of the panmigsl second interval while

the tool is moving DT,,= 1 s). When the system detects stationary sEtecan be extended as
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described in Rule 6-4. Four different analyses were conductéldef@ame test: (i) orientation error
comparison between the EKF and the proposed filter, (ii) orientarror comparison of the
proposed filters with different numbers of particles, (iii) nt&ion error comparison of the proposed
filters with different numbers of particles when the alitondition is completely unknown, and (iv)
position and orientation error comparisons when noise is added to the positiomemesnrs.

(@) (b)

True Position True Orientation

60

o 1 30}

E o5} % 0

< X 30}
05, 120 240 360 480 00, 120 240 360 480
15 : : : 60 : : :

1 —~ 30} i

E o5} ::: 0

0 & 30! 1
05 120 240 360 480 %% 120 240 360 480
15 : : : 60

1 1 . 30}

N °'SM o

N of ] > 30}
05 120 240 360 480 %% 120 240 360 480

Time (s) Time (s)

Figure 6-3: True (a) position and (b) orientation measurements usgnOptotrak.

First, the orientation errors obtained with both an EKF and the proptiseavith 20 particles are
compared in Figure 6-4. The expert system described in Section 6.ppliad #0 both the EKF and
the proposed filter to correct the angular velocity. FigureiBdicates that the orientation errors
using the EKF increase over time, but the errors using thyoped filter are significantly reduced
and do not grow over time. The roll and pitch angle errors ofptbposed method have lower
magnitudes than the yaw angle error because the roll and pitiels ang associated with the gravity
vector when the acceleration of the object is calculated.a fesult, the orientation particles with
higher roll and pitch angle errors have lower weights and diéastér. To analyze the orientation
estimation accuracy better, the RMS errors of the rotatidriaes are compared in Figure 6-5. The
results show that the rotation matrix error using an EKFeas®s over time. When the proposed

method is applied, the rotation matrix error is significantiguced and the error does not increase
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over time. The errors of the last 10 seconds in Figure 6-4 andeFégb did not change because the

angular velocity was reduced to zero and the resampling ussersded when the object was

stationary.
@ EKF ®) Proposed Method
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Figure 6-4: Orientation errors using (a) EKF and (b) the proposednethod with 20 particles.
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Figure 6-5: RMS rotation matrix error using (a) EKF and (b) the proposed method with 20

particles.

For the second analysis, the orientation errors were caldulasing the proposed method with 5,
20, and 80 patrticles. Figure 6-6 and Figure 6-7 show the correspondintatioie errors in each

case. When the number of particles is increased from 5 to 20rigmdation error is significantly
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reduced. However, when the number of particle is increased from &0, tine graphs show no
significant improvement. This experiment shows that inangathe number of particles does not

proportionally improve the orientation estimation accuracy.
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Figure 6-6: Euler angle errors using the proposed method winethe initial orientation is known

(a) 5 particles, (b) 20 particles, and (c) 80 particles.
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Figure 6-7: RMS rotation matrix errors using the proposed mé&hod when the initial orientation

is known (a) 5 patrticles, (b) 20 particles, and (c) 80 patrticles.

For the third analysis, the initial orientation was assumed corpleiknown, and the orientation
of the object was estimated using the proposed filters with05,and 80 particles. The initial

orientation is distributed using (6-19) at 1 second. In addifidnis chosen 3 seconds instead of 1
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second so that the majority of particles with small weiglgsout in the first orientation iteration.
When the initial orientation is unknown, high initial process nasseeilected and then decreased
gradually over time to its final value used in the previous two analyses.

The initial process noise and the settling time are redusdtieanumber of particles increase.
When 5 particles are used, the initial process noise is 48 tirgher than the final value. Then, the
process noise converges monotonically to the final value irs880nd. When 20 particles are used,
the initial process noise is 16 times higher than its finalevalnd converges to this value in 150
second. When 80 particles are used, the initial process no@# isnfies higher than its final value.

This process noise converges to the final value in 30 second.
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Figure 6-8: Euler angle errors when the initial orientationis unknown: (a) 5 particles, (b) 20

particles, and (c) 80 particles.

Figure 6-8 shows the absolute values of Euler angle erroradthal roll and pitch angle errors
vary from -90° to 90°, and the yaw angle error varies from -180280°) for the previous three
scenarios when the initial orientation is completely unknown.urEi§-8 (a) depicts the orientation

error using the proposed filter with 5 particles. Since érnparticles are used to span the entire yaw
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angle range, this approximation cannot represent the true PDF veryAsadl result, the particle with
a high yaw angle error (120°) has the highest weight abelgenning and slowly converges to the
correct orientation. Figure 6-8 (a) shows that the orientationecges to the correct values as time
elapses even though the initial values were far from thedoorientation. When the yaw angle is
around 90°, the roll and pitch angle errors become unstable ireFéggia), which is a well-known
Euler angle problem. The last row of Figure 6-8 shows the madryfiw angle errors. The plots in
the last rows of Figure 6-8 depict that as time elapsesydheangle errors almost match their
counterparts in Figure 6-6. The last row of Figure 6-8 (b)ptbposed method with 20 particles,
illustrates that the correct orientation was found at 70 secbludvever, the yaw angle error started
increasing significantly because the number of particlesiédl sind the process noise is high. Since
the process noise is designed to reduce monotonically to thevdinal in 150 s, the yaw angle error
does not significantly increase after 120 second. Figure 6-8 deatessthat the proposed filter
finds the correct orientation faster as the number of partictesase.

For a close up view of Figure 6-8 (c), the first 15 seconds of the proposed meth80 wérticles
are shown in Figure 6-9. Initially, the orientation particlesem@ndomly drawn from a uniform
distribution. At 1 second, the roll and pitch angels were estihiataising (6-18). At this instant,
the roll and pitch angle errors are close to zero, anglativeangle is represented by 80 particles that
are uniformly distributed using (6-19). Around 6 seconds, after 3 seafno®vement period
excluding the stationary state, the orientation particle withtsl®®Qf difference from the correct yaw
angle is chosen as the output because it has the highght.wét 7 seconds, however, the yaw angle
error is considerably reduced indicating that the filter contaisst of particles with low orientation
errors. In other words, since 80 particles are used, matigl@awith low yaw angle error survived
during the resampling at 6 seconds and were chosen as output at 7 seconds.

The same experiment was repeated with 20 particles without (6&ib8) to estimate the initial
roll and pitch angles. The initial process noise is 26 times highe the final value and is allowed
to converge to the final value in 250 seconds. Figure 6-10 disfllaysxperimental results. As
expected, this method requires a longer time to converge toothectc orientation due to the

uncertainties in the roll and pitch angles.
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Figure 6-9: First 15 seconds of Figure 6-8 (c), the oriemtion error with 80 particles when the

initial orientation is unknown.
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Figure 6-10: Euler angle errors using the proposed methoditih 20 particles when the initial
orientation is unknown and accelerometer measurements amot used to estimate the roll and

pitch angles, (a) full range and (b) range from 0° to 6°.
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Figure 6-11: Euler angle errors of the proposed method with (a) 5 padles, (b) 20 particles, and

(c) 80 particles when Gaussian noise is added to the position maasnents.

Lastly, the effect of the position measurement noise on thatatien error is studied. To
investigate the effects of the position measurement noise asridrgation and position accuracies,
the same experiment was repeated with Gaussian noise adde®fatdlvak position measurements.
In this analysis, the position measurements are treatéx @sie position because Optotrak has only
submillimeter error. Figure 6-11 shows the orientation easing the proposed method with
additional position noise, and Fig 6-12 shows the corresponding position €he plots in Figure 6-
11 display lower orientation errors than those obtained using theifERkyure 6-4 (a). This is
particularly evident for the roll and pitch angles. Tlasult reveals that the proposed method has a
good performance even in the presence of additional Gaussian posiien Asiexpected, Figure 6-
6 and Figure 6-11 illustrate that the position measurement rensks to reduce the orientation
accuracy. Figure 6-11 also shows that the orientation accura®ases as the number of particle
increases. However, increasing the number of particlesases the computational cost as shown in
Table 6-2. The proposed method was calculated by using Intel Cdbei®'Rrocessor E8400 with 3

Gb memory. Matlab was chosen to analyze the data off-line. dBaséhe results in Table 6-2, the
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proposed method with 80 particles is not feasible for on-line agiplcavith the current system
because the processing time exceeds the experiment durationcdB80sseHowever, the processing
time can be reduced by using faster processor or more delstdters such as those that utilize C or
Java development platform. It can also be concluded that the numbeticdépahould be chosen to

achieve a tradeoff between computational power and estimation accuracy.

Table 6-2: Number of particles and their processing time.

Number of particles 5 particles 20 particles 80 particles

Processing time 43 s 142 s 521s

Figure 6-12 shows the position RMS error using three differeproaphes for position
estimation: (i) no filter (added position noise), (ii) an EKRd (iii) the proposed methods with three
different particle sizes. The position estimations of both the Bid-the proposed methods show
improved results over the case when no filter was used. The proposed metibtisee cases yield
lower position errors than the EKF estimation method. Figuk2 élso suggests that the proposed
method provides higher position accuracy when the number of particles is idcrease

Figure 6-11 relates that the position measurement noise affiectsiéntation accuracy, and the
orientation error decreases as the number of particles iasreds the next experiment, a random
position noise is added to the position measurements insteadenb-enean Gaussian noise. The
orientation errors of this test with different numbers atipi@s were compared in Figure 6-13, and

the position error is compared in Figure 6-14.
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Figure 6-12: RMS position error when Gaussian noise is addet the position measurements:
(a) added Gaussian noise using no filter (b) using an EKFEY using the proposed filter with 5
particles, (d) using the proposed filter with 20 particles, and (a)sing the proposed filter with 80

particles.
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The position error in Figure 6-14 is a little bit worse tHamposition error in Figure 6-12. This is
most likely because the position measurement error is not i@aussThe orientation error
comparison between Figure 6-13 and Figure 6-11 also shows that thatmmneatror is slightly less
accurate when the position measurement has a uniform noiseutiish. Since the proposed method
utilizes the KF to estimate position, the accuracy can deengben the position measurement noise
IS non-Gaussian. However, both the position and orientatiomaggins are improved when the

proposed PF-KF combination is used.

Figure 6-13: Euler angle error of the proposed method with{a) 5 particles, (b) 20 particles, and

(c) 80 particles when random noise is added to position measurements
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Figure 6-14: RMS position error when random noise is addetb the position measurements: (a)
added random noise using no filter (b) using the proposefilter with 5 particles, (c) using the

proposed filter with 20 particles, and (d) using the proposed fiér with 80 patrticles.

In the next experiment, the position sensor mimics the encodedhzosition sensor that was
used for the fastened bolt tracking system. The encoder-basédrmpesnsor does not have noise
and have maximum 0.007 m of error. Also, the position error of the eroasked position sensor
gradually increases or decreases. This error charactaisthe encoder-based position sensor is
represented with added sinusoidal position signal with the attibfide007 m. The sinusoidal
position error of each position axis has different frequen€ids 0.15, and 0.3 rad/sec). Although
the sinusoidal position error is a source of error, ibismeasurement noise. Thus, the measurement
noise covariance is the same as the noise covariance atf@bpt Figure 6-15 reflects the orientation
error comparison with different numbers of particles. The grapbw that they are almost the same
as Figure 6-6, where the additional measurement error was nal. addee orientation error is
improved when the particle size is increased from 5 to 20, but thare significant difference

between the orientation errors with 20 particles and with 80 particles.
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Figure 6-15: Euler angle error with the proposed method with(a) 5 particles, (b) 20 particles,
and (c) 80 particles when sinusoidal position errors with a@ttitude of 0.007 m is added to the

position measurements.

6.5 PF-KF-Based Tool Tracking System

6.5.1 Application to Tool Tracking System - Theory

The experiment used the same sensors and trajectory thatugestein Section 5.4, and the
position errors of the tool tip were compared when the positioheofdol tip is known (e.g., when
the tool fastens a bolt). Although the IMU was not factofibrated, it was calibrated before use.
The last experiment, Figure 6-15, mimics the encoder-based pos#imor used in Section 5.4.
Based on this experiment, the variables for the fastenedracking system experiment are chosen.
The filter with 20 particles is used for this application beeakigure 6-15 shows no significant
difference in the orientation error between the filter with 20 pastiafel the filter with 80 particles.

In order to apply the PF-KF tracking system to the fastgtool tracking application, the system
should be able to identify the fastened bolt. First, the fastentianavas identified by using Rule 5-
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4 to Rule 5-7 in Table 5-2. When the fastening action wasteétethe tool tracking system should
identify the fastened bolt. To narrow down the possiblesfeest bolt, the system identifies which

bolts are within the position sensor error rang&SE,) by using (5-17). If only one bolt satisfies (5-

17), the system concludes that the tool fastens that bolt. Whenhmaarerte bolt satisfies (5-17), the

orientation and position of each particle and the possible goglitions are used to identify the

fastened bolt. Let the calculated tool tip position components dtlparat timet, beTx, Ty,,

and Tik . Then, the position error of partiglevith respect to Bolh at timet, is
PER =((Tx - n)* +(Ty, - n,)* +(Tz - n,)*)*. (6-18)

The bolt with the minimunPEP value is chosen as the fastened bolt for partic/hen all the

particles indicate that Bolt is being fastened, the system concludes that the tool é&niiagtBoltn.
Then, each particle is corrected by using the orientatioeaorn method in subsection 5.3.4, which
uses the position measurements from the position sensor and ttienpasd orientation of the
fastened bolt. When the orientation is corrected, all partie@es the same orientation because the
position measurements and the position and orientation of the fadieheare the same for all
particles. In order to keep the variety of orientation pagjdlee particles are resampled immediately
after the orientation correction with 1/16f the original process noise value.

The advantage of the PF is that the initial states areenaired to be known. When the initial
orientation is unknown, the possible initial orientations can bmileded using the method in 6.3.2,
which utilizes accelerometer measurements to estimatglitiamgles. In order to find the correct
position of the tool tip, the tool tracking system waits uthté first bolt is fastened if the initial
orientation is unknown. When the first fastening action is deteetdcnly one bolt satisfies (5-17),
the system concludes that the tool fastens that bolt arldeaflarticles converge to one orientation.
However, when there are multiple possibilities for the fastelolt, each possibility has the same
number of particles and each particle tracks the position ofotbletip. Each possibility of the
fastened bolt sequence resamples within its own sampling pagbid a possibility of the fastened

bolt sequence disappear due to low weight. In order to evahmtiastened bolt sequence, total

accumulated position errof APE, ) is used, which is defined as

TAPE.,; = TAPE, +{(Pi, - Pec)” + (Phyi - Pas)® *+ (Paoic - Pe) 1% (6-19)
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TAPE, is zeroed when there are multiple possible fastened bolts fdirghéme or when there is

one possibility of previous fastened bolt and multiple possible fastawieexist currently. When the

next fastening action is detected, each particle identifeegaitened bolt by identifying the bolt with
the minimumPEP . SincePEP is calculated with respect to the almost absolutely couacie
(bolt position), it was weighted twenty times more than theiaotated position error. When the

fastening action is detecteii,,A\PE','< is updated as follows:
TAPE,,, =TAPE, +20" PEP.. (6-20)

When all the patrticles indicate that they are fasteningdnee bolt, the system chooses the particle

with the minimumTAPE, value as the most probable possibility. Then, the system otiteutslt
fastened sequence of the chosen patrticle, an‘EiA&?E','< values are set to zero. However, if there are

still multiple possibilities,TAPE','< keeps accumulating until there is only one possible fastened bolt.

When the calculated position error of a particle is higher tharposition error limitation of the
PF-KF method, the particle should be removed because this @&diclan incorrect path. Therefore,
the maximum position error of the tool tip should be identifi€dom Figure 6-15, the maximum
error of the PK-PF system with 20 particles is 2°. Hawesince this 2° error is calculated from the
particle with the highest weight, an extra 2° of orientatioaramargin is added to ensure that all the
possible particles that fasten the bolt are included. Thus, 4° isrclagsthe maximum orientation
error of the PK-PF system with 20 particles. Since tlaimum position measurement error is

0.007m, the maximum paosition error of the tool tip position is

MPE =165mm’ sin(2 + 2°) + 7mm=185mm= 0.0185n. (6-21)
From (6-21), it is concluded that all the bolts should be at @87 (0.0185 x 2) m apart for the
system with 20 particles to identify the fastened bolt cdyecin case there are four possible

fastened bolt positions, each possibility has five particleshidrcase, the maximum orientation error

is 4° as shown in Figure 6-15. Then, MBE with a 2° error margin can be written as
MPE =165mm” sin(4 + 2°) + 7mm= 24.2mm= 0.0242m. (6-22)

Therefore, wherMPE is greater than 0.025 m, tif& particle is most likely not fastening Bait

However, to keep more variety, 0.035 m is used as the position ienf@tibn. Therefore, if the
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distance between Boit and the particleé is greater than 0.035 m, the system removes this particle
and replaces it with a particle whoB&P value is less than 0.035 m. To reduce this position error

limitation, more particles can be used. For example, if 80 pestagle usedyIPE becomes 0.0185 m
instead of 0.0242 m when there are four possibilities; thus, the pasitmmimitation is lowered and
better accuracy can be achieved. Therefore, it is berdficisse more particles when the bolts are

closely placed.

6.5.2 Experiment Results

Four different scenarios with two different tool trajectors@e examined for the tool tracking
experiments. In the first scenario, the results using the Kédbsystem described in Section 5.4 and
the results using the PF-KF-based system with 20 partctesompared. For the second scenario,
the tool was moved beyond the angular velocity measurementtionitand the experimental results
of the two methods were compared. The third experiment shows hd¥FiK&-based system finds
the correct orientation when the initial orientation is completely unkndvine last experiment shows
the scenario when the initial orientation is unknown and there are multiplblpdastened bolts.

For the first scenario, the PF-KF-based system with 20 partieés used in the tool tracking
application, and the results are compared with those using thed€B-Bgstem in Chapter 5. Table
6-3 summaries the position error using the KF-based systemsarglthe PF-KF-based system with
20 particles. The results show that the PF-KF-based sysiergenerally a higher accuracy than the
KF-based intelligent system.

In order to see how accurately the PF-KF-based system camatestihe orientation when the
angular velocity is slightly unreliable, the tool was tethbeyond the angular velocity measurement
range of the gyros. Figure 6-16 shows the angular velocityabf @es for the second experiment.
Figure 6-16 (a) depicts the entire time range of the expeatirand Figure 6-16 (b) displays the
duration that the angular velocity of the tool is beyond the linear rdrige gyros. The dashed lines
in the figures represent the measurement limit of gyros, whiei5%sec. When the angular velocity
is beyond this rate, the nonlinearity can be higher than théfispgon. The figures indicate that the
angular velocities in the x-axis and the y-axis are far beybedinear range. For the y-axis, the
angular velocity measurements between 67.7 second to 69 secotut afé because the angular
velocity output is beyond the measurement limit. The comparisaftsesf the second test are

summarized in Table 6-4.
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Table 6-3: Position error comparison between the KF-based system anthe PF-KF-based

system.
_ Position error with the KF-basgdPosition error with the PF-KF-based
Tool | Time _ ,
N system (mm) system with 20 particles (mm)
position | (S)
X-axis | Y-axis | Z-axis| Total X-axis Y-axis Z-axig Tota

Bolt 1 19 -2 0 6 6 -3 6 -2 7
Bolt 4 43 -12 -6 -6 15 -6 4 -2 7
Bolt 5 85 -2 -8 2 8 -5 5 4 8
Bolt 6 89 -4 -2 2 5 -4 2 7
Bolt 7 184 3 -6 7 10 1 1 6 6
Finish 204 -1 -6 0 6 -1 -2 -5 5

In Table 6-4, both systems correctly identified the fastendd ibdost of the bolts exhibit a low

position error, but the error of Bolt 5 is much higher than that of trex®tue to the angular velocity

measurement error between 65 second and 69 second. This erted res84 mm when the KF-

based system is used. However, when the PF-KF-based systameadashe error is 25 mm. This is

due to the fact that the KF is suitable for zero-mean Gaussiise while PF can adapt to any noise
distribution.

The orientation error due to angular velocity measurement eaor be considered as an
uncertainty. Thus, the error can be reduced when a higher processsnaiosen and more particles
are placed to compensate for the high uncertainty. Table 6-5 shewssition error of the PF-KF-
based system with different numbers of particles and cowa&riaim general, there is no significant
difference among the nine scenarios that are presented in @-&bkxcept for Bolt 5. When 20
particles are used, or the covariance is 0.006, there is no cigniflifference. When the number of
particle and covariance are increased, the position of Bole&timated more accurately. However,
when the number of particles is changed from 40 to 60, there is ndicsighidifference in the
position accuracy. This experiment shows that when the untdgriatreases, both the measurement

covariance and the number of particles should be increased to achiewr eebatt.
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Figure 6-16: The angular velocity (°/sec) of each axis: (#)e entire time span and (b) between
65 second and 70 second.

Table 6-4: Position error comparison between the KF-basedystem and the PF-KF-based

system when the angular velocity components have high errors.

_ Position error with the KF-basgdPosition error with the PF-KF-based
Tool ) Time system (mm) system with 20 particles (mm)
position | (sec)
X-axis | Y-axis| Z-axis | Total X-axis Y-axis Z-axis Total

Bolt 1 11 -6 2 4 7 -6 2 -3 7
Bolt 2 21 -5 0 -2 5 -4 0 4
Bolt 3 27 -2 6 0 6 0 1 3
Bolt 4 34 -5 3 5 8 -5 3 6
Bolt 5 73 -7 -10 -32 34 -6 -6 -23 25
Bolt 6 79 -5 3 -8 10 -5 3 -2 6
Bolt 7 89 -1 0 10 10 -1 0 -1 1
Bolt 8 102 | O 12 1 12 -3 4 6
Finish 135 | -2 4 -2 5 2 1 4
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Table 6-5: Total position error comparison among the PF-KFsased system with different

numbers of particles and different covariance when the agular velocity components have high

errors.
20 patrticles 40 particles 60 particles

Covariance| 0.006 0.00¢ 0.01p 0.006 0.0p9 0.012 0.p06 01009 0.012
Bolt 1 7 7 7 7 7 7 7 7 7
Bolt 2 4 5 6 4 4 5 4 4 4
Bolt 3 3 1 3 1 5 2 1 1 0
Bolt 4 6 6 6 6 6 7 6 6 6
Bolt 5 25 29 22 24 19 8 23 19 9
Bolt 6 6 6 8 8 7 6 6 6 6
Bolt 7 1 1 1 2 1 0 2 1
Bolt 8 6 6 7 5 8 8 5 5 5
Finish 4 10 5 5 6 7 5 8 2

The third experiment shows the case where the trajecddheisame as the first experiment but
the initial orientation is unknown. The experimental resatts shown in Figure 6-17. The two
rectangles symbolize the tool (clearly shown at 19 second) ansirtak black dot signifies the
position sensor measurement. The “x” marks represewatbelated positions of the tool tip. When
the tool identifies the fastened bolt, two hexagrams ar&kedaon the bolt position. First, the
orientation of the tool was randomly selected. At 1 second, theair@nof the tool was estimated
using (6-19), utilizing the average accelerometer measuremeichfaxis. Since the yaw angle is
unknown, the particles were equally spread. Even if the tileaagiot corrected this way, the full
orientation can be identified when the first fastened bollastified. At 18.8 second, there are still
20 different possibilities of orientations, but when the systemtiitkrl the fastening bolt at 19
second, the orientation converges to one solution because only osatisbjt (5-17). The remaining
figures in Figure 6-17 indicates that the particles spreadtomer but the particles are very closely

placed immediately after the fastened bolt is identified.
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Figure 6-17: Tracking the fastened bolts when the initial dentation is unknown.
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For the fourth experiment, four additional bolt positions (Bolt Bait 12) are added so that

multiple possibilities for the fastened bolt can be presented. Alpbsitions are follows.

Table 6-6: Bolt locations.

Bolt number Bolt position Bolt number Bolt position
Bolt 1 (-0.4. -0.34, 0) Bolt 7 (0.05, -0.24, 0)
Bolt 2 (-0.4. -0.44,0) Bolt 8 (0.05, -0.34, 0)
Bolt 3 (-0.3. -0.34,0) Bolt 9 (added) (-0.46. -0.24,0)
Bolt 4 (-0.3. -0.44,0) Bolt 10 (added) (-0.41. -0.3,0)
Bolt 5 (-0.05, -0.24, 0) Bolt 11 (added) (-0.4. -0.39, 0)
Bolt 6 (-0.05, -0.34, 0) Bolt 12 (added) (-0.3-0.4,0)

Three bolt positions are added so that four possible fasterieghdsitions exist when the first
fastening action is detected, and one bolt position is added so that siligéesstened bolt positions
exist when the second fastening action is detected. Figurel®®8 she experimental results. At 0
second, the orientation is unknown, so randomly chosen orientatioessedected as the initial
orientation. At 19 second, the first fastening action was @eteand there are four possible fastened
bolt positions (Bolt 1, Bolt 9, Bolt 10, and Bolt 11) that satisfy (5-17). For eachhpmésstened bolt
position, a square mark is placed. Since there are fourbpwdastened bolts, five particles are
allocated to each possibility.

At 42.6 second, there are four sets of possible positions ofothetip, and it appears three
possible fastened bolts exist (Bolt 3, Bolt 4, and Bolt 12, whoseque¥astened bolts are Bolt 9,
Bolt 1, and Bolt 10 respectively). However, only two bolts (Bo#nd Bolt 12) satisfy (5-17). The
particles whose previous fastened bolts are Bolt 10 and Bolt fastening Bolt 12 and Bolt 4
respectively (the particles that fastened Bolt 10 and #steried Bolt 12 in sequence will be denoted
as Bolt 10-12 hereafter). Since Bolt 3 did not satisfy (5-1i8,pdarticles that previously fastened
Bolt 9 were either resampled or assumed fastening Bolt 12 badbd distance between the particle
and the position of Bolt 12. If the particle is placed mora th835 m from Bolt 12, this particle has
likely chosen incorrect previous fastened bolt. Thereforepahticle is removed and replaced with a
random patrticle that has less than a 0.035 m error from the lgossitened bolt. When the patrticle
is less than 0.035 m from Bolt 12, it was assumed that the pagithstening Bolt 12 (Bolt 9-12).
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The particles previously fastened Bolt 11 were also eitssimpled or assumed fastening Bolt 4

(Bolt 11-4).
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Figure 6-18: Fastened bolt detecting sequence. Squareotks indicate possible fastened bolts

and two hexagrams on the bolt signify the fastened bolts.
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At 84.8 second, there is only one possible fastened bolt, and thpo$sibilities are very close to
Bolt 5. When the fastening action was detected at 85 settenthtal accumulated position errors
(TAPE,) are compared to identify the fastened bolt sequence. At this point, the pzssied bolt
sequences could be a) Bolt 9-12-5, b) Bolt 10-12-5, c¢) Bolt 1-4-5pit)1R-4-5, €) Bolt 1-12-5, f)
Bolt 10-4-5. The system concludes that the particle with thé Bdl5 sequence is the correct
fastened bolt sequence because this particle has the minimumcmiaiulated position error. Thus,
Bolt 1, Bolt 4, and Bolt 5 are marked with two hexagrams on thepbeition at 85 second, and the
other possibilities (square marks) are removed. This isdireat sequence as shown in Table 6-3.
After identifying the true fastened bolt sequence, the systn identify the rest of the fastened bolts
without any multiple possibilities. This experiment was regkateenty times, and the system
identified the correct fastened bolt sequence in each trial.

The previous experiment was repeated with the trajectostriited in Table 6-5. At 10.8 second,
four possible fastened bolt positions exist (Bolt 1, Bolt 9, B6lt and Bolt 11). When the next
fastening action was detected at 20.8 second, five bolts sat{§fi17) (Bolt 1, Bolt 2, Bolt 9, Bolt 10,
and Bolt 11), but the possible fastened bolts are reduced to pbs@eons based on the particle
positions (Bolt 1, Bolt 11, and Bolt 2). Then, the possible bolt sequencedwad to three (Bolt 9-
1, Bolt 10-11, and Bolt 1-2) because the sequence possibility of Balisl&liminated due to a high
position error (more than 0.035 m). When the next fasteningnagias detected, the system
concludes that the tool is fastening Bolt 3, and the system identife previous fastened bolts
according to the total accumulated position error. Since thaesee with Bolt 1-2-3 has the
minimum total accumulated position error, the system concludes that t@irigssequence is Bolt 1-
2-3. This is the correct fastened sequence as shown in Tabl&féeb the correct path is found, the

system also estimate the rest of the fastened bolts in thets®geence.
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Figure 6-19: Fastened bolt detecting sequence. Squarentks indicate possible fastened bolts

and two hexagrams on the bolt signify the fastened bolts.

6.6 Conclusion

This chapter presented a position/orientation estimation metsiod a KF-PF combination and
how this method was applied to the fastening tool tracking system. The propof#ddoRbination
method uses the PF to estimate the object orientation whikéRhs used to estimate the position. In
addition, an expert system was developed to correct the angldaity bias as well as to identify the
stationary state of the object.

The experimental results indicate that the orientation emensg the proposed method are
significantly reduced compared to the errors using the EKifhasbn method. Two factors that
affect the orientation error were studied: (i) the number digbes and (ii) position sensor noise. As
the number of particles increases, the orientation error by usegroposed method tends to

decrease. However, increasing the number of particles reghigher computational costs.
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Therefore, the number of particles should be chosen to achiewaslenffr between accuracy and
computational efficiency. The experimental results demonstlate the proposed method can
estimate orientation even in the presence of Gaussian or rgp@otion sensor noise. However, the
experimental results also reveal that the position noise desrdas orientation estimation accuracy.
The experiments demonstrated that the proposed filter can findtteetcorientation of the object

even when the initial orientation is completely unknown.

The KF-PF-based system yields a higher accuracy, and timatioe does not increase over time.
The test results of KF-PF-based system indicate kigaptoposed system can estimate the fastened
bolt even when the bolts are closely placed (0.04 m apart). Wieebolts are more than 0.04 m
apart and the initial orientation is known, the fastened bolt cacobectly identified. For a
workpiece that requires a specific fastening order such asgine mount, the KF-PF-based system
can be used as a fastening tool control system. When thetapems to fasten a bolt out of
sequence, the tool control system can be programmed so that the powdoof igeff. In addition,
the tool control system can have multiple torque settings bas#wedmolt position. For example,
when two bolts have the same bolt size but each requires diftergue, one tool can be used to
fasten both bolts by using the control system that controls torque basedawl thelocation.

The KF-PF-based system can yield accurate orientationatgtimeven when the gyros have a
small error and when the initial orientation is unknown. When high computapiowar is available,
the KF-PF combination system is the better choice to estitha position and orientation of the tool

than the KF system described in Chapter 5.
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Chapter 7

Thesis Contributions and Future Work

7.1 Thesis Contributions

In this thesis, four contributions related to fastening toalkire systems are proposed. These

objectives are summarized as follows.
An accurate triaxial calibration method that has a simple procedure.
A tool tracking system that does not require a line of sightsdiyg an IMU and a triaxial
magnetometer.
A tool tracking system by using KFs and a fuzzy expert systéth an IMU and an
encoder position sensor.
A tool tracking system by using the KF-PF combination with at) Idhd an encoder
position sensor.

An accurate calibration method for an IMU is important esfigaidnen the system does not have
a position sensor to correct the position estimation. Theyndavieloped triaxial calibration method
only requires placing the sensor in six different tilt angles for redidn and offers a high accuracy.

Three different fastening tool tracking systems using MU land one additional sensor are
developed. The first system relies on an IMU and a triaxeajmetometer. In order to reduce the
position error, an expert system is used to correct theitglposition, and orientation error. The
advantage of this low-cost system is that it does not require lines of sighmasadow computational
cost. However, even with the position error correction algorithm,position error grows rapidly
over time. Therefore, this tracking system can only be used fvorkpiece that has different bolt
orientations or the distances between the bolts are far from each other.

To overcome the disadvantages of such a system, an encoder-based pessor is employed
instead of a triaxial magnetometer. The KF is developed todgérthe IMU and the position
sensor. A fuzzy expert system is utilized to identify ttedefiaing action and correct the position and
orientation. Although this system is computationally inexpenshe otientation error grows over
time, which affects the position estimation of the tool tiphis system is useful for applications

where the bolts are not too closely apart or the fastening sequeoténpartant.
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The third system uses the KF-PF combination to hybridize aiggosénsor and an IMU. The
experimental results demonstrate that the maximum orientationaérthe presented system with 20
particles is about 2°, and the orientation error of theesysloes not grow over time. Therefore, the
KF-PF combination system can be applied to build a tool contsbés so that the tool is powered
on only when the tool is in designated positions. Then, an operatmot fasten bolts out of
fastening sequence. The KF-PF-based system can find thadddbolt accurately even when the
initial orientation is unknown. In addition, the proposed methodacanrately estimate orientation
by utilizing enough number of particles and high process noise wiien the gyros have a small

error. The advantages and disadvantages of each system are suchimdratge 7-1.

Table 7-1: Advantages and disadvantages of the system presentedhis thesis.

System Advantages Disadvantages
Option 1: 1. No line of sight requirement. 1. Low accuracy.
IMU and magnetometgr2. Low computational cost. 2. The bolts must be a long
using an expert system| 3. Low cost. distance apart or the

orientations of the bolt
should be different.

|92}

Option 2: 1. Computationally inexpensive. 1. Aline of sight is required.
IMU and encoder 2. The fastened bolt can be accurateB. The position and orientatio
position sensor using found when the bolts are some errors of the tool tip slowly

>

KF and fuzzy expert distance apart. grow over time.

system

Option 3: 1. The tool tip position can bel. A line of sightis required.
IMU and encode accurately estimated. 2. High computational cost.

position sensor using2. The tool tip position can be
KF-PF and expert estimated even when the initial
system orientation is unknown.
3. A fastening tool control system can

be built.

7.2 Future Work

This thesis describes the developments of tool trackingeragsthat utilize one IMU and one
additional sensor. The most attractive option for a fastetoiolgtracking system is to use a high

accuracy position sensor without a line of sight requirem&ice an IMU must be attached to a
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fastening tool, the sensor has to be small and lightweiGhis limitation led to the use of a MEMS
IMU whose accuracy is limited. However, since the MEMS I&chnology is advancing rapidly,
more accurate MEM IMUs can be used to measure the accateeaitd angular velocity. This, in
turn, will lead to a more accurate position and orientatiomasitns especially when Option 1 in
Table 7-1 is selected.

In this thesis, an encoder-based position sensor was chosen abrttzdtyon for Option 2 and
Option 3. In the future, other position sensor options can be studiédough it is challenging to
use a magnetic position sensor in the automotive industrysehgor is a good option. This is due to
the fact that a magnetic position sensor has a high accamdogoes not require a line of sight. Also,
an UWB position sensor can be a good option when lower position acesinamuired. When an
UWB position sensor is hybridized with an IMU, the position accuracy will eatlgrimproved.

Option 3 in Table 7-1 offers a possible tool torque control sysitr@incan be used to control the
power of the tool based on the position of the tool tip. Therethis work can be extended to the
development of a tool torque control system which outputs the torcgesl lmn the position and
orientation information obtained from the system presented in Option 3.

In this thesis, fastening tool tracking systems are iny&ttil as an application of a remote
sensing. However, the application of remote sensing is notetintib tool tracking systems.
Therefore, a general hybrid method of the KF that combines an IMUaaposition sensor is
investigated in Chapter 5, and a general hybrid method of a KéeRbBination was developed to
estimate the position and orientation in Chapter 6.

In the future, the remote sensing system using the KF-PF combination can bd appBtimating
the position and orientation of a rehabilitation patient’s body Ipartising an ultrasonic position
sensor, and electromagnets, and an IMU. In such an application, &SNMWM is attached to the
position of interest and an ultrasonic emitter is attachettddMU. When the lines of sight are
available, the position and orientation can be estimated with thigopasensor and the IMU using
the KF-PF combination method. Meanwhile, a neural networleisys&t used to create a magnetic
field map related to the position. Since the magnetic field can be changedmélectrical device is
switched on or off, the map might be updated if necessary. Whenioochecurs, the position
information can be retrieved from the magnetic field map,the&F-PF combination system can be
used to estimate the position and orientation of the body pgrusiBg the position and orientation

estimations, the rehabilitation system will direct the movement gfahent on a monitor.

120



Appendix A: Quaternions

The quaternion was developed by William Rowan Hamilton to extende®fbr algebra. He
introduced a concept of a hyper-complex number of rank 4: one real namdbehree imaginary

numbersi( j, andk). A quaterniorg can be written as:
Q=0+ i + 0] +QsK, (A-1)
or it can also be written as:
q=0 *0,, (A-2)

where q is the scalar part of the quaternion, apdis the vector part (imaginary part) of the
guaternion. Whenmy is zero, the quaternion is entirely imaginary and itedah pure quaternion.

The imaginary numbers follow the right hand rule such that
ij=k, ji=-k, jk=i, kji=-i, ki=j, ik=-]j.
Also, they follow imaginary number rules such that
i2=-1, j?=-1, k*=-1.

In addition, quaternions follow the basic rules of vector addiiod multiplication. Let two

guaterniong andq be

P=py+ pi+p,J+ Pk, (A-3)

=0, +0hi +0,] +0Kk. (A-4)
Then, the sum of the two quaternions becomes
P+d=(Py+do) + (P, + )i +(p,+0) ] +(ps +d3)k, (A-5)

and the multiplication becomes

PA=(py + P + P,J + PsK)(dy + a4 +0, ] +03K)
= (Pobo *+ Pullol *+ PyCo ] + Pslok) + (PoChi + Pyhi* + PoChij + Pathik)
+ (Pl * Pl ji + PoUp 2 + Pl JK) + (PoUsK + Py0gi + POk + Patk?). (A-6)
=(Po - Pith - Py - P3ts) +(Polh + Pilo + Pols - P3ly)i
+ (Pt *+ PoGo + Psth - Pids) j + (Pols + Pslo + Psls - Psls)K

As it can be seen by inspection, commutivity is preserveddition but is not preserved for

multiplication. The conjugate of quaterniapdenoted ag*, is given by
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O =0o- G = 0o~ Ghi - G - K. (A7)
In order to use quaternions to determine the orientation in 3D vegéme, the real part of the
quaternion must be zero (i.ev,=0+v,i +v, ] +Vv;k). This also means that the 3D vectas a pure

guaternion once rotated by quaterngpn Let a quaterniom represent a four dimensional rotation
vector, and a vector represent a vector in a three dimensional space. Then, tterriom after

rotation becomes

q = (qO + qv)(o + Vv)
=0q, >Q/v +q0 >Q/v +qv, Vy - (A'8)

Eqg. (A-8) cannot be a pure quaternion unlgss/, =0. Hence a single multiplication of a

qguaternion does not yield a three dimensional vector. If av88or v is multiplied by two

guaternionsp andq, the vectow after multiplication is written as
qxvxp=(dp +a,)(0+V,)(Po *+ P,) - (A-9)

The real part of (A-9) has to be zero in order to make thépiication a pure quaternion. The real

part calculation is expressed as
- pO(qv Nv) - qO(Vv va) + (qv ’ pv) W, = 0. (A-lO)

If p, =0,, (A-10) can be simplified as

- pO(qv + pv) Wv + (qv ’ pv) va =0. (A'll)

Eqg. (A-11) is always true ip, = - q,. Therefore, the quaternignbecomes

p:p0+pv=q0-qv:q*' (A'12)
Then, the vectov after rotation becomes
(Qo + Ghi + 0y ] +zK)(O+ Xi +yj +ZK)(dy - Qi - Gy ] - zK)
=0
+{( qo2 + ql2 + Q22 + q32)x +2(qu0, - Qo0s) Y +2(0405 + d,0,) B
+{2(q,0, +dp03) X+ (QO2 - q12 + q22 - q32)y+ 2(0,03 - 9o%h)Z ] .
+{2(q4 05 - 0o0p)X+2(0,05 +p0) Y + (QOZ - q12 - q22 + q32)z}k

(A-13)

This can be written in the matrix form as follows:
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ava =Qv, (A-14)

0 0 0 0 0
0 2,.42_q.2. .2 2 } 2 +
whereQ = Qo *h -0 -G , (qlciz q02q3) , (ChGs *+ dod) andv = X .
0 2(0y, + Go0s) B -G 0, - 03 2(0,05 - Goh) y
0 2(q405 - GoT2) 2(0,05 + 0o%h) Qo - G - 0"+ z
When a quaternioq is a unity vector, it satisfies
2
% *la) =1. (A-15)
Then, (A-15) can be rewritten as
cos g+sing =1, (A-16)
wherecos g =q,” andsin’qg = |qv|2
A vectoru is defined as a unit vector parallel to the vector part of quategrasn
u=r = b (A-17)
la| sing
Then, the unit quaternianis
g=0,+0, =cosqg+using. (A-18)
Then, qvg* can be written as
qVCf = (qO + qv)(0+vv)(q0 - qv)
2 -
= (QO2 - |qv| )Vv + 2(qv xVV)QV + 2q0(qv Vv) . (A'lg)

Expressing in terms ofv, (parallel tog,) andv, (normal toq,) yields the following:

“)(V, +V,) +2(0, XV, + Vo)) +200(G, " (Vp +V,))

Qg = (0 - [a,
= (qO2 - |qv

= (qO2 - |C]v|2 + 2|qv|2)vp + (QO2 - |qv|2)vn + 2q0|qv|(u, Vn)
=v, +(sin’ g - cos g)v, +2cosgsing(u” v,)

2 , 2 ,
W, +2(0, W,)0, +20,(0, " Vp) + (0o - [a] IV, +2(a, ,)a, +200(q, " V,)

=V, +Cos@q)v, +sing)(u” v,)

(A-20)
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Therefore, vectov after rotation is calculated by
qva = v, +cos@q)v, +sin(2g)(u” v,), (A-21)

whereu is a unit vector ofy,. Consequentlyyu” v, is perpendicular to botty andv,.
The relationship between arbitrary vectoandqvd' is illustrated by the geometry in Figure A-1
and Figure A-2. Eq. (A-21) illustrates that vectas rotated by angle¢g?because the 3D vectoris

rotated byg once about) and once abowd*. In order to rotate by g, the rotation of quaterniog

needs to be halved. In other words,

g=q,+q, = cos%+usmq—cos§+(u i+u,j+u, k)sm% (A-22)

Therefore, each component of the quaterjshould be written as follows:

— ~nd

Qo = cosE
——Xsmq
v 2

. (A-23)
y

q, = |u| —sin- )
0; = |uz| smg

W qvar

Figure A-1: Rotation of vectorv by the angle of g about vectorg.
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Ux Vh qQwg*

Ux VhSIN2q 24

VhSiN2q Vn

Figure A-2: Rotated vector component/, before and after rotation.
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Appendix B: Gyro Calibration

For gyro calibration, the method presented in [16] is adapteslke this method does not require
any additional sensor and the procedure is simple enough to bawmedmotive industries. In this

method, a gyro is modeled as follows:
w_ mea%xis = GGaxis )Q/Vaxis + GBaxis + GAS-\xis anxis’ (B'l)

where w_meas,; is the gyro measurement of each ag@d§3,,, is the gyro gain of each axig

is the true angular velocity, an@B,, is the gyro bias of each axis, a@®AS,, is the linear

is
acceleration sensitivity of each axis.
The linear acceleration sensitivity can be modeled as linéénen the sensor is stationary, the
angular velocity is zero, and the gyro output is equal to the ggsediplus acceleration sensitivity
multiplied by the acceleration. When the accelerometeriisratdd, the IMU is placed stationary in
six tilt angles for at least two seconds. After acceletemcalibration, the six tilt angles can be
calculated. Then, the average acceleration that the gyro algésted to during the stationary state
can be calculated. By using the two average accalegafirom the six tilt angles, the linear

acceleration sensitivity is calculated as

GAS-\xis = e Alaxis L A2axis ) (B-Z)
Avg_ Al- Avg_ A2
where Avg_ Al is the first average acceleratiam, Al is the corresponding gyro output of the
first acceleration, andAvg_ A2 is the minimum calculated acceleration amd Amin, is the

corresponding gyro output. When the acceleration sensitivityldslated, the gyro biases can be
calculated by substituting the gyro acceleration sensitivity and thectedbgcceleration in (3-19).

In order to calculate the gyro gain, the angular velocity shbel measured. In this method,
instead of utilizing an additional sensor to obtain the ang@hcity, the integration of the angular

velocity is used. By integrating both sides of (B-1),
(W_ meagy;s - GBaxis - GAS&xis anxis) = GGaxis Wais = GGaxis X Wayis - (B'3)

Since the gyro measurement, gyro bias, acceleration and gyteratioa sensitivity are known,

the left side of (B-3) is known. When the final orientatioQis(B-3) is written as
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(W_meagxis - GBaxis - GASaxis anxis) = GGaxis X Woyis = GGaxis >Q . (B'4)

Then, the gain of the gyro can be calculated as

(w_meag, - GB,yis - GAS 4 Anyis)
3 .

Equation (3-4) is true only when the sensor is rotated in one axistefdtee when a gyro is
calibrated, the sensor should be placed on a smooth surface, asdi®md the sensor should be
placed on a reference block as shown in Figure B-1. Then, the serstated 360° so that the same

GGaxis =

(B-5)

sensor side faces the reference block after its rotationn, e final orientation@ ) becomes 360°.

Detailed theory and test results of gyro calibration are reportddbjn [

Rotation
axis

Reference
Block

IMU

Smooth
surface

Figure B-3: The calibration of z-axis gyro using a reference block.
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