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The main contributions of this thesis are the developments of the dual-rate Kalman filters and the

time-delay compensation Kalman filters to improve the accuracy of the state estimations for motion

control applications. Besides that, we introduce the unscented Kalman filter which is a nonlinear filter

algorithm for estimating the states and the parameters simultaneously. As shown in the figure of the

“Thesis Structure,” the thesis is organized as follows.

Chapter 1 introduces the background and the motivation of the thesis. In this chapter, the
definition of motion control is presented. Then, three main problems studied in this thesis are stated.

1) Robust estimation of dual-rate system: In this thesis, we propose the disturbance accommodation
Kalman filter to improve the robustness of dual-rate estimation in which the sampling time of the
output measurement equals to multiple times of the control period.

2) Estimation considering the large time-delay of the measurement: Based on the upper-bound of the
estimation error covariance and the u-gains, a new algorithm for handling the large-time-delay
measurement in Kalman filter is proposed.

3) Simultaneous estimation of state and parameter: In adaptive estimation, the parameters are
estimated along with the states. To improve the estimation convergence and simplify the

estimation configuration, we introduce the idea such that the parameters are also considered as the

i



extended states. By constructing the extension state system, the states and parameters are

estimated simultaneously using the unscented Kalman filter algorithm.

Part A, including Chapter 2, Chapter 3, and Chapter 4, presents the Kalman filter theories
developed and used in this thesis. Chapter 2 presents the robust dual-rate KF based on disturbance
accommodation. Chapter 3 presents the Kalman filter for delayed measurement based on the
upper-bound scheme. The unscented Kalman filter and the simultaneous estimation of parameter and
state are introduced in Chapter 4.

Part B, including Chapter 5, Chapter 6, and Chapter 7, presents the motion control applications of
the Kalman filter theories presented in Part A.

Chapter 5 presents the motion control of electric vehicle using GPS based on the robust dual-rate
Kalman filter. In this system, the fusion of GPS receiver with inertia sensors is utilized to obtain the
motion variable of the vehicle, such as the sideslip angle, yaw angle, velocity. Three types of motion
controls of electric vehicle are demonstrated: lateral stability control, autonomous attitude control, and
wheel slip-ratio control.

Chapter 6 presents the chip-mounting system in which the time-delay Kalman filter is used to fuse
the delayed measurement from the image processing unit with the linear encoder measurement to
estimate the position of the target. By compensating the delay and improve the update frequency of the
information of the target position, accurate target tracking control is achieved.

The minor contribution of this thesis is presented in Chapter 7 in which the augmented system and
the unscented Kalman filter are applied to estimate the cornering stiffness and the sideslip angle
simultaneously. The key sensors used in this estimation design are the tire lateral force sensors.

Finally, the summary and the future works are given in Chapter 8.

(A Japanese translation of the above abstract is presented in the next page).

1ii



WMXOHNBEDEES

AB/XDELDEBMET2T7ILL—FAILI U T2 RUBREEREAILTY T 4
ILEIDBEIZCEDE—2 300 bPO—LIZE T2 REHEDEERLTHS, TOHMIZ.
BTG RTLICE T ARBENTA— R ZRAKHEE T SFERBETILT)VXLTHLIEETD
L7 4J)L% (Unscented Kalman Filter) IZ2DWTHiER2, MXDBERIZFRT LS,
KX DBRIELTD XL S 12725,

F1ETERBBXOEREEBRICOVTHENT S, BHICE—T32ar b A—ILERE
ZL . ARXTHRRATI=ZOOFEMBEELRRDS,

1. TaFZIL—hrRIZEFZO0/R MEE : RRXTIE., BAOY 2T T AL
HMEAPHOBELLEE2TaT7ILL—FEEOONR FEHRED - Disturbance
Accommodation HILX 2T 4 LB EFIRET B,

2. AEDKIBETENZEZEEL-HETE  HEREXIBOLRZEIZ, hLw D744
CETHBEDRKEBLHREEICHETELIHFRLLGETZTILIIVILERET S
[Upper-bound Kalman filter with the «-gains],

3. NTA—F LREBOEHETE : SRRSE - HERE RS AEDHEAEHLEICED KA
BHEBHEDRESNTE 2, HEEDOICGRZHEL., HEEBREHEIZT 5101,
INTGHA—BRFIRIRELEALEIND LI LGEZAZEAT L, RKREOIVATLEE
FIDHIELITKY, REBIUNTA—ELNEBFICEFZTAILIITLLE2T7ILTIX
LERVWTHESIND,

N—FAICEFENDFE2E - FIE-FAETIEH. CORMXTHELERAINDINILT
UI4IIVABREFIRTT B, F2ETIL Disturbance Accommodation (CED O/ FET
ATFINL—FALT T4 ERBNAL. EIETHLRICEDCATEEZEZEBLIZAIL
RUTANRITDODNTiHRD, FAEBETHEFTAINLIDITANZIELVINT A —2 LRKRED
FEIREE BN T 5.

N—FBIZEFENLESLSE-FO6E-FTETIH. N"—FATEREINEALTOT 4L
AERDE— 330 bFO—LIGRAZRTT %,

FSHETEHANR M TaAF7ZILL—FALI T2 EFIAL-. GPS 2EHTSE
SEEOEFHHHCOVWTHERNSE, COVRTLTIE, PS DERFEHOFE LY DIE
MEMESEDIFITL-THEHBYA, I—A. BRELV - EROKEEZFD,

FOETEFYITREIZEVWT, YZ7Iva—45LHERBENECIEGLELI= Y
FOBERZEZHBEELEFRENILIU I ZFE>TRESE. BENSAHHIEXERDOMALE
EHMETDIVRTLETRT,

B ITETEARBXOVAT—LGHEME LTHRKEEBFTAILT O D4 L2 EERAL:
KELENTA—FDORFHEEIZDOVTHERS, flE LTEEBDI—F YU ITRTAITRRE
BEYADKEZITV. REFEOAUMZEZEIT S, COMERMTHERASINIEELY
Y—F 24 ViELE Y THDS,

BRI, FEOETERBXDELYD., fEw. TLTSROFEEZIRND,

iv



Table of contents

Acknowledgement
Abstract
Table of contents

Chapter 1: Introduction
1.1 Motion control system and state estimation
1.2 Fundamental tools for state estimation
1.3 Practical problems
1.3.1 Estimation of vehicle’s sideslip angle using GPS and yaw-rate sensor
1.3.2 Estimation of the target position in chip-mounting machine
1.3.3 On-line estimation of the parameter
1.4 Literature review on estimation theory
1.4.1 Dual-rate estimation
1.4.2 Estimation with time-delay measurement
1.5 Research motivation
1.5.1 Theory contribution
1.5.2 Application contribution

Part A: Kalman Filter Theory

Chapter 2: Robust Dual-rate Kalman Filter

2.1 Introduction

2.2 Dual-rate disturbance accommodation Kalman Filter
2.2.1 System modeling
2.2.2 Disturbance accommodation
2.2.3 Kalman filter algorithm
2.2.4 Discussion

2.3 Dual-rate filter considering the norm-bounded uncertainty
2.3.1 System modeling and the idea of robust estimation
2.3.2 Upper-bound of the estimation error covariance

2.3.3 Design of the filter parameters

il

O 3 9 O N W W N = =

—_ = =
[SSIE \S T )

14

15
15
16
16
17
18
18
20
20
21
22



2.4 Dual-rate filter considering model uncertainty and unknown input

2.4.1 System modeling and the idea of robust estimation

2.4.2 Disturbance accommodation for unknown input estimation

2.5 Discussion

Chapter 3: Time-delay Compensation Kalman Filter
3.1 Introduction
3.2 Estimation with delayed measurement
3.2.1 System modeling and problem statement
3.2.2 Upper-bound of the estimation error covariance
3.2.3 Algorithm and discussion
3.3 Estimation with delayed and non-delayed measurement
3.3.1 System modeling and problem statement
3.3.2 Upper-bound of the estimation error covariance
3.3.3 Algorithm and discussion
3.4 Simulation verification
3.4.1 A case of study
3.4.2 Simulation results
3.4.3 Estimation quality and u-gain
3.5 Random-time-delay
3.5.1 Measurable time-delay
3.5.2 Uncertain time-delay

3.6 Discussion

Chapter 4: Simultaneous estimation of parameter and state
4.1 Introduction
4.1.1 Optimal estimation — Bayesian point of view
4.1.2 Bayesian estimation of linear system
4.1.3 Bayesian estimation of linear system
4.2 Unscented Kalman filter
4.2.1 Sigma-point approach
4.2.2 Sigma-point transformation for Gaussian distribution
4.2.3 Unscented Kalman filter algorithm
4.3 UKEF for simultaneous estimation of parameter and state

4.4 Discussion

23
23
24
25

26
26
26
26
27
30
30
30
31
34
34
34
35
41
42
42
42
43

44
44
44
45
45
47
47
47
47
49
51

vi



Part B: Motion Control Application

Chapter 5: Motion Control of Electric Vehicle Using GPS
5.1 Why electric vehicle?
5.2 Why GPS for EV motion control?
5.3 Vehicle dynamics
5.3.1 Characteristics of the tire lateral force
5.3.2 Vehicle handling model
5.3.3 Linear model of vehicle
5.4 Experimental electric vehicle
5.5 Introduction to the electric vehicle control system using GPS
5.6 Robust estimation of sideslip angle using GPS
5.6.1 Literature review
5.6.2 Some previous methods
5.6.3 Estimation using yaw-rate sensor and GPS based on disturbance accommodation
5.6.4 Simulation and experimental results
5.7 Lateral stability control using GPS
5.7.1 Control system design
5.7.2 Simulation and experimental results
5.8 Attitude control using GPS
5.8.1 Introduction
5.8.2 Modeling
5.8.3 Control system design
5.8.4 Simulation and experimental results
5.9 Traction control using GPS
5.9.1 Longitudinal model
5.9.2 Control system design
5.9.3 Experimental results

5.10 Discussion

Chapter 6: Motion Control of Chip Mounting Machine
6.1 Chip mounting machine
6.2 Visual servo — the key of chip mounting machine
6.3 Experimental setup of a visual servo system
6.3.1 Experimental setup
6.3.2 System modeling

6.4 Sub-pixel image processing

52

53
53
53
55
55
56
58
62
63
63
63
64
67
68
74
74
77
79
79
79
81
83
86
86
86
88
89

90
90
91
93
93
96
97

vil



6.5 Design of the visual servo control system
6.5.1 Design of the Kalman filter
6.5.2 Design of the position control

6.6 Experimental results
6.6.1 Results of target position estimation
6.6.2 Results of target tracking control

6.7 Discussion
Chapter 7: Estimation of Cornering Stiffness and Sideslip Angle
7.1 Introduction
7.2 Estimation design
7.2.1 Conventional adaptive estimation
7.2.2 Simultaneous estimation using UKF
7.3 Simulation results
7.4 Discussion
Chapter 8: Conclusion
8.1 Contribution of this study
8.2 Limitation of this study

8.3 Kalman filter and model predictive control

8.4 Future works
Appendix 1
Appendix 2
References
Publication
Achievement
Practical Application
Memory Photo

Curriculum Vitae

99

99
102
104
104
105
105

108
108
110
110
111
116
119
120
120
121

121
122

123

124

126

135

138

139

140

144

viil



Chapter 1: Introduction

Chapter 1:

Introduction

“To the person who does not know where he wants to go there is no favorable wind-”

Lucius Annaeus Seneca

1.1 Motion control system and state estimation
Soon after the discovery of the negative feedback of Harold Black in 1927, the first pneumatic

motion control products arrived in 1930s [1]. Since then, motion control has attracted tremendous
interests in both control theory and practical applications. Until now, motion control plays the
important roles in various motion systems, such as trains, automotives, industrial machines, industrial
robots, flights, quadcopter, submarine watercrafts, etc. Thanks to the development of electric motors
design, motor drives and power electronics, networking, and digital controllers, advance and precision
motion control are realized [2]. For instance, Ethernet Power Link (EPL) — an Ethernet extension of
CANopen with high connectivity rates and robust communication capabilities, enables the high
performance and convenience of motion control [3]. New methods of torque ripple cancellation and
speed range extension control of electric motors enables the smooth and accurate actuators for motion
control systems [4], [5].

As the definition of Ohnishi et al [6], the motion control system includes the mechanical system,
the motion reference generator, the controller, the actuators, and the sensors (Fig. 1.1). Through the
sensors, motion states are measured and fed back to the controller. The controller computes the control
signal to manage the actuators such that the motion of the mechanical system can follows the desired
motion from the reference generator. Common motion controls are velocity control, position control,
force or acceleration control. Typical actuators are the hydraulic pump, the air cylinder, the linear
motors, or the rotational motors. Motion measurement sensors can be the optical encoders, the
Hall-effect devices, and the inertia sensors such as gyroscopes or accelerometers. Various control
algorithms have been introduced to motion control, such as the proportional-integral-derivative (PID)
[7], the disturbance observer (DOB) [8], and the sliding-mode control [9].

However, the fundamental motion control configuration in Fig. 1.1 is not always applicable. To
maintain the state feedback, the state estimator is required in various motion control system due to the
following reasons. Firstly, in the motion control system, there exist motion states that cannot be
measured directly. Secondly, some sensors cannot be used in mass production because of their very
high cost. For instance, the noncontact optical sensor can be used to measure the sideslip angle of a

vehicle [10]. However, it is too expensive for commercial cars. Therefore, the sideslip angle estimators
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Motion Mechanical
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Fig. 1.1 Motion control system — a fundamental definition by Ohnishi (1996).
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Fig. 1.2 State estimation in the motion control system.

using lower cost sensor such as inertia measurement units (IMUs) are implemented in every vehicle

stability control system. The motion control system with the state estimator is shown in Fig. 1. 2.

1.2 Fundamental tools for state estimation

In order to estimate the state, it is necessary to establish the state space model including the
dynamic equations and the measurement equations. In the discrete-time domain, the linear state space
model is expressed as follows:

Dynamic equation:

Xy =A X, +Bu, +w, (1.1

Measurement equation:

Y. =C.x, +v, 1.2)

where x; is the state vector, u; is the input vector, y;, is the measurement vector, A, is the state matrix,
By is the input matrix, Cy is the measurement matrix, w; and v are the process and measurement noises,
respectively.

There are two fundamental tools for estimation design, the Observer and the Kalman filter:

1- Observer [11]:

X =A% +Bu +L (v, —Ck,) 1.3)
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where X,  is the observed stated, L, is the observer gain matrix designed by pole-placement

considering the desired eigenvalues of the estimation error dynamics:

Koo =X — Xy = (Ak -LC, )ik +(Wk _Lkvk) 14
2-Kalman filter [12]:
Prediction:

)%k\k—l = Ak—l')%k—l‘k—l +B iy, 1.5)
Correction:

')Ack\k = 'Sek\k—l +1 ()’k _Ck'%k\k—l) (1.6)

where f‘k\k-l is the predicted state, ﬁk‘k is the corrected state, L, is the filter gain matrix solved by

minimizing the correction error covariance:

Iy

B, =E[(xk 2 ) (3~ )T}—nnin(:) =0 (17

Based on the above fundamental tools, many other estimation algorithms are developed, such as
nonlinear observer [13], sliding mode observer [14], extended Kalman filter [15], and unscented

Kalman filter [16].

1.3 Practical problems

In this section, three practical problems in motion control are discussed for establishing the
research background and motivation of this thesis.

1.3.1 Estimation of vehicle’s sideslip angle using GPS and yaw-rate sensor

Sideslip angle is defined as the angle between the vehicle’s velocity vector at the center of gravity
and the longitudinal axis (Fig. 1.3). To stabilize the lateral motion, for instance on cornering road,
sideslip angle must be controlled [17]. Otherwise, the sideslip angle might increase considerably even
if the yaw-rate is controlled. In this situation, the vehicle cannot maintain the desired path and the
serious accidents might happen.

Unluckily, current commercial vehicles are not equipped with an ability to measure the sideslip
angle directly. Using the noncontact optical sensor produced by Corrsys-Datron, the longitudinal and
the lateral velocity of the vehicle can be measured. Thus, sideslip angle can be calculated as:

B=tan”' [v—] (1.8)
Vx

Because of the very high cost, this optical sensor is not affordable for mass production. Sideslip
angle estimation has been an important topic in motion control of vehicle. From literature reviews,
many sideslip angle estimation methods using inertia sensors (IMU) have been proposed, such as in
[18], [19], [20].
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Fig. 1.3 Sideslip angle of the vehicle.
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Fig. 1.4 High-rate yaw-rate measurement (a) and low-rate GPS course angle measurement (b).

However, IMUs (yaw-rate sensor or acceleration sensor) are always suffered from strong noises,
sensor bias, scale error, and the change of the temperature. Moreover, the influences of the external
forces (strong wind or gravity) are not accurately captured by IMUs. In recent years, GPS becomes a
candidate for sideslip angle estimation. Besides the position and the velocity, the on-board GPS
receiver can provide the measurement of the course angle of the vehicle [21] or the sideslip angle
calculation [22]. The motion measurement using GPS is obtained at high accuracy in long term, thanks
to the development of GPS technology such as the Real time kinematic GPS (RTK GPS) [23]. It is

also possible to estimate the sideslip angle using the fusion of GPS and IMUs, such as single antenna

GPS and yaw-rate sensor [24].
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There are two main problems in sideslip angle estimation using GPS. First, while the yaw-rate
can be measured at high rate using the IMU, the GPS data’s update rate is very poor, usually less than
50 Hz. Fig. 1. 4 shows the experimental results in which the yaw-rate sensor’s update frequency is 1
kHz while the GPS’s rate is only 10 Hz. This means that between two consecutive updates of the GPS
measurement, the sideslip angle estimation only relies on the yaw-rate. Moreover, the dynamic model
of the vehicle contains the time varying parameters such as the cornering stiffness which depends on
the road condition. Therefore, the fundamental tools introduced in the previous section are not
applicable to estimate sideslip angle accurately. In other words, it is desirable to design the robust filter
considering the dual-rate measurements of GPS and yaw-rate sensor.

1.3.2 Estimation of the target position in chip-mounting machine

Chip-mounting machine is a type of industrial machines based on surface mount technology
(SMT) such that an actuator system is used to pick and place the surface-mount devices (SMDs) onto
a printed circuit board (PCB). The photo of a chip-mounting machine produced by Hitachi Ltd. is
shown in Fig. 1. 5. Although the motion trajectory can be programmed in advances, position error
might occur due to the influences of the environment and the operation process to the mechanical
system. To improve the mounting accuracy, the pick and place motion can be handled by visual servo
control. In this system, the relative position between the target on the PCB and the object (the chip
device) is obtained from the image processing unit (IPU). Then, the controller generates the control
signal to drives the linear motor to move the object to the target as fast and accurate as possible [25].

However, the problem is that the position measurement from the IPU is delayed due to the time
required for exposure, image processing, and data transferring. The time delay of few milliseconds is
very large in comparison with the control period of 0.1 millisecond of the linear motor [25]. Moreover,
current image processing technique cannot provide the relative position at high rate. A standard NTSC
camera frequency which is often used in visual sensing has the sampling frequency of 30 Hz. To the
best of our knowledge, the maximum visual processing capability using high speed camera is only 1
kHz [26] which is still smaller than the linear motor control frequency of 10 kHz [25]. The time-delay
and the low-rate of the position measurement using IPU through a real-time experiment is expressed in

Fig. 1. 6.

Fig. 1.5 Hitachi GXH-1S-Direct drive modular mounter (http://www.smtnet.com).
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Fig. 1.6 Target position through image processing unit (data of a real-time experiment).

If the delayed measurement is fed back, not only the tracking performance but also the stability of
the control system is degraded. Thus, it is essential to design the estimation method that can
compensate the large-time-delay and improve the rate of the IPU.

1.3.3 On-line estimation of the parameter

The parameters of the dynamics system can be the total mass, the moment of inertia, the height of
the system’s center of gravity, etc. It is very important to understand the system’s parameters precisely
to design the controller. For instance, the feed-forward controller is designed by inversing the system
dynamics. If the parameters are inaccurate, the feed-forward control signal cannot satisfy the desired
motion. Many parameters are constant and they can be measured or identified before designing the
controller. However, there exists parameters that vary during the operation and they cannot be
measured directly. For different control purposes, it is useful to perform on-line identification of
system parameters. The estimated parameters can be used for designing adaptive feedback controller
[27] or adaptive feed-forward controller [28].

A typical configuration for on-line estimation of the state and the parameter is shown in Fig. 1. 7
including two parallel components. The estimator (observer or filter) outputs the estimated state £, .
The estimated state is fed to the recursive least square (RLS) identification to obtain ¢, which is
again fed to the estimator to update the estimation model in the next estimation period. For instance,
this model is used to estimate the sideslip angle and the cornering stiffness of an electric vehicle in
[29].

However, the effectiveness of the above estimation configuration is still questionable. Firstly, the
design of the structure in Fig. 1.7 is complex because it is required to design the estimator and RLS
identification separately. Secondly, the tuning process may be not flexible. We just can vary the
forgetting factor of the identification in a narrow range. If the forgetting factor is close to 1, the
convergence performance is too slow. If the forgetting factor is smaller than a threshold, vibration will
happen in parameter identification and the quality of state estimation is also degraded considerably.

Thirdly, the convergence under the very sharp and sudden change of system parameter may be not fast
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Fig. 1.7 Conventional adaptive estimator.

enough, due to the limitation of the tuning range that we cannot reduce the forgetting factor too much.
From the above discussion, our goal is to seek a simpler but effective estimation configuration. A
possible solution is to estimate both the states and the parameters simultaneously using only one
model, instead of using the mutual feedback configuration with the estimator and the identification. If
the parameters are considered as the extension states, the extension system might be nonlinear and the

nonlinear estimation theory is required.

1.4 Literature review on estimation theory
To solve the aforementioned practical problems, we need to look at the estimation theory. In this

section, a literature review of estimation theory considering dual-rate issue and delayed measurement
issue are presented. The nonlinear estimation is not presented in this section but in the Chapter 4.
1.4.1 Dual-rate estimation

Considering the different rates in an estimation model, it is essential to study the multi-rate
estimation. In this thesis, we will focus on the dual-rate estimation. A dual-rate system can be defined
as follows:

Dynamic equation:
X =AX, +Bu, +w, (1.9)

Measurement equation:

v, =Cx +0,v, (1.10)
where
Cifk=]j
c = yk=r (1.11)
0 if k#jr
1ifk=j
5 =L k=T (1.12)
0 if k#jr
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Fig. 1.8 Dual-rate estimation: a) conventional method, b) innovation holding method.

where j is the integer and r is the dual-rate ratio between the sampling time of the measurement 7, and

the control period 7. (in this thesis r is assumed to be a constant).

ol (1.13)

Literature review shows that there are two main methods for dual-rate estimation (see Fig. 1. 8).

1- Conventional dual-rate estimation (CDRE).

{)Ackﬂ =AX +Bu +L (Yk _Ck';ck) if k =jr (1.14)

X, =AX +Bu, if k # jr

When the measurement is unavailable, the state is only predicted using the dynamic model. This
method is widely utilized in various applications. For instance, Hori named the method “instantaneous
speed observer” to estimate the motor speed from low precision shaft encoder [30] for motion control
using motor servo. When generalizing the multi-rate control framework, Fujimoto proposed the
intersample observer which is essential equivalent to the instantaneous speed observer [107], [108].
This method is improved by a dual-rate observer with observer gain matrix varying according to the
time interval between two consecutive encoder pulses [31]. In [32] and [33], the cascade dual-rate
observers are introduced. This method is also represented by the lifting technique in which all the state

between two consecutive measurement updates are placed into an extension state vector as follows
T
[34],[35], [36): X, =[x, X - Xonn Xeowst] -

The CDRE is certainly very simple to be implemented. However, between two consecutive
measurements, the state is only predicted without any correction. Therefore, the estimated state may be
non-smooth and the estimation accuracy might be seriously degraded due to the influence of the model

uncertainties and the unknown disturbances.
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2- Innovation holding dual-rate estimation (IHDRE).

Assume that k = jr, the measurement is unavailable during the period k+i where i € [1, r-1]. The

IHDRE is performed as follows:
fn=AX +Bu, +L(y,—CZx) for k= jr w15
Xt By + L (3, —C %) for ie [1’ r—= 1]

Kerint = A

The key idea of this method is to hold the innovation ¢, =y, —C,%, for estimating the state
when the measurement is still unavailable. Hara et al proposed this method for motion control of the
hard disk drives in which the sampling frequency of the position sensor is one-quarter of the control
updating frequency [37]. Thanks to the innovation holding, smoother position estimation and control is
achieved. On the other hand, Oh et al utilized the innovation holding to improve the instantaneous
speed observer in motion control of the electric wheelchair [38]. However, Hara and Oh used the
conventional pole-placement scheme to obtain the observer gain L;,; in (1.15). No consideration on
model uncertainties and unknown disturbances is taken into account when designing the estimation
gain. This is also our problem in the first attempt to deal with dual-rate estimation using Kalman filter
and innovation holding [39].

Discussion: CDRE and [HDRE might be suitable for the applications in which the model
uncertainty is small. In case of considerable model uncertainties and strong external disturbances, it is
essential to develop the robustness of dual-rate estimation.

1.4.2 Estimation with time-delay measurement

A system with delayed measurement can be expressed as:

Xy = A X + B, +w, 1.16)
Ve =CiyXig TV, 1.17)
where d is the number of delayed samples. In this thesis, we assume that d is a constant.

Literature review shows that there are following methods for state estimation with delayed
measurement.

1-Cascade estimation

This estimation algorithm is explained in Fig. 1. 9. The input signal is intentionally stored for
d+1 periods [Ui(as1)y Uk-ds Ui@1)---> Uk, Up]. In the first stage, the past time state )Acz_d‘k_d is

estimated by standard Kalman filter using the delayed measurement y; and the input ;4. Then, in the

second stage, the present time state is obtained through a d-step prediction as follows:

)%/;_(d_l)‘k_(d_l) = Ak—dfc;;-d\k—d +B, U,y
Kee(@-2)—(a-2) = Ak—(zl—l)xl;—(d—l)‘k—(d—l) + Bk—(d—l)u

k—(z]—l) (118)

AK

X [k

= Bt X tp-1 +B,_u,
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U :[ System X,

Cascade estimator

)
Kalman filter |-
~—
Xk—d\k—d
Y

(__\

: —| d-step Predictor _»Xk‘k
-1
N —

Fig. 1.9 Cascade configuration for estimation with delayed measurement.

This algorithm is very simple and it is introduced in [40] to estimate the state of the system with
the delayed and non-delayed measurements. If the model is ideally precise, this method seems to be a
good solution. However, if the number of the delayed samples is big, huge computational effort is
required. Moreover, if the model contains uncertainty, the d-step prediction process cannot provide the
accurate estimated state.

2-State augmentation

The key idea of this method is to organize the augmented system using the extended state vector

X, = [ka X X, T where d is the number of delayed samples [41], [42], [43]. Then, the

estimation problem becomes the design of the standard Kalman filter for the augmented system. If the
time delay stands for few samples, this method would be a suitable solution. However, the time delay
is big, the size of the augmented system will be increased considerably along with the computational
cost. Moreover, the design and the tuning procedure will become a complex task due to the huge size
of the process noise covariance matrix associated with the extended state X;.

3-Measurement extrapolation

This is a popular method proposed by Larsen et al [44]. Application of this method can be found
in the vehicle state estimation using GPS and magnetometer [45]. The key idea of this method is to

extrapolate the measurement y, from the delayed measurement vy, :
y}( =Nt Ck)?k\k—l - Ck—dfck—d\k—d—l (1.19)

The extrapolated measurement is proved to be equivalent to a non-delayed measurement:
v, =C,x, +v, (1.20)

where

Vi =Vt Ck—d)NCk—d\k—d—l - Ckik\k—l 1.21)

_10_
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Fig. 1.10 Feedback control of time delay system based on Communication Disturbance Observer.

In comparison with the state augmentation method, this method has the advantage of maintaining
the dimension of the system. However, it is hard to know the covariance of the noise v, associating
with y,. Therefore, Larsen et al proposed to compute the prediction/correction error covariance
approximately. Consequently, the solution of the Kalman gain is sub-optimal. As stated by Larsen, the
algorithm is only applicable if there is no other measurement fused during the delay period [k-d, ].

4-Innovation reorganization

This method has been studied since the last decade [46], [47], [48], [49]. For instance, in [46], the
algorithm for the fusion of a non-delayed measurement y,(¢#) with a delayed measurement y,(z) is
proposed. The key idea of this method is to organize two new measurement sequences Y(t) = y,(t) and
Ya(t) = [yi(t)  yaof t+td)]T where ¢, is the delay time. The algorithm includes the solving of two Riccati
equations or two Kalman filters associated with Y(¢) and Y»(¢) in real-time, one followed by the other.
Therefore, this method requires the high computational cost, especially when the time delay ¢, is large.
Moreover, this method is only demonstrated by simulations without any experiment or practical
application.

5-Inter-sample observer

In case of multi-rate sampling system with delayed measurement, Fujimoto improved the

inter-sample observer to estimate the unknown state [109], [110]. Fujimoto introduced the extended

state )_c:[xT qu]T and the extended measurement y:[ yooox) ]T where x is the state, y is the

delayed measurement, and x, is a vector composed of the intersample control inputs. By this way, a
non-delayed augmented system is established and the delay-compensation is solved easily. This
method is beautiful from the view of mathematic formulation. However, it has three problems. First, it
is required to increase the size of the system. Secondly, it is the observer which cannot assure the
optimality of the observer gain. In other words, we do not know if we can minimize the estimation

error covariance at a given control period. Thirdly, the observation matrix of the augmented system is

_11_
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obtained by calculating CCeA‘V“Tf where A, is the state matrix of the original system in continuous time
form, C. is the observation matrix of the original system, and v,=-T, / T, T; is the fundamental
sampling time and 7 is the delay time. If matrix A. contains big model uncertainty, the accuracy of the
extended measurement and the robustness of the observer might be degraded.

6-Communication Disturbance Observer (CDOB)

The delay in the feedback control system is handled using CDOB, as shown in Fig. 1.10 [119].
The key idea of this method is very interesting such that the original system with time delay is
represented as a non-delayed system with network disturbance. The advantage of the method is that it
can be implemented even if the system contains time varying delay without any change in the
algorithm. However, there are several questions for this method. The first is how to apply this method
to a multi input-multi output system and obtain other internal state rather than the output? The second
question is how much the delay is compensated? The quality of delay compensation depends on how
we can know the model transfer function G(s) precisely? Will this method still effective if G(s) suffers
from strong uncertainty?

Besides the above studies, a number of works have been done in the topic of state estimation with
delayed measurement, such as nonlinear estimation with delayed measurement [50], [51], [52]; robust
estimation with delayed measurement [53], [54]; estimation with random time delay measurement [55],
[56], etc. For instance, in [55], the random time delay problem is solved under the assumption that the
probability density function of the time delay is known.

Discussion: Literature review shows that estimation with delayed measurement is not a new topic.
Many works and methods have been conducted for two decades. However, it is still desirable to design
the practical algorithm for estimation with large-time-delay measurement, such that: a) The algorithm
does not requires the innovation reorganization and the solving of multiple Riccati equations. b) The
algorithm does not increase the system’s dimension. c¢) The optimality and the stability of the
algorithm are assured to a certain extent. The random time delay is not the main goal of this study, but

a little discussion on this issue will be given in the Chapter 3.

1.5 Research motivation
1.5.1 Theory contribution

1-Robust dual-rate filter

Objective: Consider the dual-rate system in which the measurement is updated at low-rate and the
control signal stands for the fast-rate. The estimation is designed with the constant nominal parameter
C,. Due to the model uncertainty, the real parameter of the system is C, + 4C. We aim to design the
robust dual-rate filter and compare the proposed filter with other dual-rate estimation methods.

Solution: Firstly, we will propose the disturbance accommodation dual-rate Kalman filter in
which the disturbance term is the extended state. This method is applied in the practical application.

Then, we will design the robust dual-rate Kalman filter by considering the bound uncertainty in the

_12_
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system dynamics through the upper-bound of the estimation error covariance.

2-Time-delay compensation filter

Objective: Consider the system in which the measurement is delayed. Assume that the number of
the delayed sample d is a large constant. We aim to design the filter to handle the delayed
measurement and estimate the state accurately and compare the proposed filter with other time-delay
estimation methods. Then, we will discuss the case such that the number of delayed sample is a
random number.

Solution: As it is very complex to derive the estimation error covariance in the filter algorithm
with large-time-delay measurement, we propose the method to obtain the upper-bound of estimation
error covariance. The filter gains are simply designed by minimizing the upper-bound.

3-Simultaneous estimation of state and parameter

Objective: Consider the system which includes the state X and parameter C. We will establish the
augmented system with the augmented state vector [X C]'. We aim to estimate the state and the
parameter simultaneously using the augmented system and compare the proposed method with the
estimation configuration in Fig. 1. 7.

Solution: Even if the original system is linear, the augmented system is usually nonlinear.
Therefore, we will apply a sigma-point-transformation based tool, the unscented Kalman filter (UKF)
[104] to estimate the augmented system.

1.5.2 Application contribution

The estimation theories are developed through three applications as follows:

1-Electric vehicle motion control using GPS

Using the proposed dual-rate filter, GPS, and other sensors, we design the estimator to obtain the
following motion variables of the electric vehicles: sideslip angle, yaw angle, and longitudinal velocity.
They are applied to three motion controls, lateral stability motion control, attitude control, and slip
ratio control, respectively.

2-Chip-mounting machine

Using the proposed time-delay filter and the fusion of IPU and linear encoder, we design the
estimator to estimate the relative position of the target. The estimated position is used for target
tracking control.

3-Estimation of sideslip angle and tire cornering stiffness of the vehicles

Consider the lateral dynamics of the vehicle, we establish the augmented system with the state

vector [ By C s CJT where 7 is the sideslip angle, y is the yaw-rate, Cy and C, are the front and

rear tire cornering stiffness. Two sources of measurements are used: yaw-rate sensor and tire lateral
force sensors. We will use the unscented Kalman filter to estimate the tire cornering stiffness with the
sideslip angle simultaneously. In addition, we will prove that the proposed estimation is more effective

than the conventional estimation shown in Fig. 1. 7.
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Chapter 2:

Robust Dual-rate Kalman Filter

“The quality of your life is in direct proportion to the amount of uncertainty
you can comfortably deal with-”
Tony Robbins

2.1 Introduction

One of our motivations is to enhance the accuracy of the dual-rate estimation in which the
sampling time of the output equals to multiple times of the control period (example: Fig. 2.1). In this
chapter, we will try to design the robust dual-rate Kalman filter from two points of view as follows:

1) Dual-rate disturbance accommodation Kalman filter

The idea of disturbance accommodation was proposed by Johnson in [83] for linear regulator. By
introducing a disturbance term and its dynamics, an augmented state system is established. The
estimated disturbance can be fed back to improve the robustness of the control system. In this thesis,
we will utilize this idea to enhance the dual-rate estimation. During the periods that the measurement
is unavailable, the correction is still maintained by the estimated disturbance.

2) Dual-rate Kalman filter considering the norm-bounded model uncertainty

The model may contain uncertainties due to the following reasons:

+ The error of parameter identification.

+ The parameter is time-varying and cannot be known precisely (for instance the tire cornering
stiffness of the vehicle).

In many motion control system, the estimator/controller is designed using the constant nominal
parameters because the on-line parameter identification increases the cost of the system. In addition,
more hardware or computational efforts may be needed. Therefore, it is essential to improve the
robustness of the control system with constant nominal parameters. For instance, the upper-bound
scheme has been utilized for robust filter design in [97], [98], [99], [100]. Due to the model uncertainty,
it is impossible to exactly derive the estimation error covariance P, . To overcome this obstacle, linear
matrix inequality is utilized to find the upper-bound Q, of the estimation error covariance under the
assumption that the uncertainty is norm-bounded. The estimation gain L; can be designed such that it
minimizes the upper-bound Q,. In other words, the estimation gain is obtained by solving the
following equation:
an —

a,

0 2.1)
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N A

.
.
.

Fig. 2.1 Example of the dual-sampling-time: T, = rT,. where r = 4.

Literature review also shows that almost the robust filters based on upper-bound (such as [97] ~
[100]) do not deal with the unknown input due to the external disturbance or the uncertainty in the
input matrix. For this reason, we will propose the robust dual-rate filter considering not only the model
uncertainty but also the unknown input. A possible solution is to combine the disturbance
accommodation scheme with the upper-bound scheme. This is the last effort in this Chapter to enhance

the dual-rate estimation.

2.2 Dual-rate disturbance accommodation Kalman filter
2.2.1 System modeling

The discrete-time stochastic dual-rate system can be expressed as follows:

{xkﬂ =Ax +Bu +w, 22)

e =Cx, + 6,

where x; is the state vector, u; is the input vector, y; is the output vector. A, is the state matrix, By is the

input matrix, and C; is the measurement matrix. wy is the process noise, v, is the measurement noise.

The size of the vectors and the matrices are as follows: x; € R™, u; € R?, y, € R%, w, € R™, vy € R,

dim[A;] = mxm, dim[B;] = mxp, dim[C,] = gxm.

Define the dual-rate ratio as:

F=as (23)

where T is the sampling time of the output, and 7., is the control input’s period.

Assumptions:
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- The process noise and the measurement noise are Gaussian noises with zero means and they are

uncorrelated with each other.
W, ~(0’Rw,k); v ~(0,Rv,k); E[ka{]=0 (24)

- The dual-rate ratio r is a constant integer.
- The system is fully observable.
The output’s sampling time equals to r times of the control period. Thus, the switching of the
output measurement is expressed as:
- :{C T :{mm e @)
[o]qu if k# jr [O]qu if k# jr
where j is the integer.
2.2.2 Disturbance accommodation

To deal with model uncertainty and disturbance, we introduce the disturbance term x,; and its

dynamics:
Xy =AX + By +x,, +w, (2.6)
Xgpert = BaaXg e T Wap 2.7)

where A, is the state matrix of the disturbance process. w, is a Gaussian noise with zero means. x,

€ R", wyi € R™, dim[A ;] = mxm. The noise wy; is assumed to be uncorrelated with w; and v;:

Wik ~ (O’ R, )v E[Wd,k WkTJ =0, E[Wd,kva] =0 (2.8)

If A, is selected as the unity matrix, the disturbance term becomes a random-walk process.

From (2.6) and (2.7), we can establish the augmented system:

Xin = AX, + B, +W, 29)
Y =CX,+0,V,

where:

— X, _ _ _ W, B

Xk: ’ Uk:uk’ Ykzyk7 Wk: ’ Vk =Vk (210)

'xd,k Wd,k

_ A, [I] _ B, _ B

A = " Be= ,C.=lc, [o] 1.8 =3¢ 2.11)
' |:[0]m><m Ad,k :| ¢ |:[0]m><p k |: k [ ]qX/n] k k

Ay 1s selected such that the augmented system is full observable. The covariance matrices

associated with the process noise and measurement noise of the augmented system is expressed as:

_ [ R, [0 _
z {[ " [],nxm}, R, -k, (2.12)

w,k
] mxm Rwd k
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2.2.3 Kalman filter algorithm

Standard Kalman filter can be applied to estimate the state of the augmented system. The
algorithm is presented as follows:

Initial condition:

S )Aco\o
XO‘O :|:A :l 00 _dlag( 11> mem’“"PZV/lXZm) (213)

Xa.0p

Prediction stage:

- Predicted state:

Xy =A X . +B U, (2.14)
- Prediction error covariance:

By =A P AL +R, (2.15)
Correction stage:
- Estimation gain:

L=E, C(CEB,.C +5R,5) (2.16)
- Corrected state:

Xy =X, +L, (Yk ~C.X,, ) 2.17)
- Correction error covariance:

B, =(I-LC,)P,, (2.18)

where X ket is the predicted state, X ok is the corrected state (the estimated value which is output

is the prediction error covariance, and P

from the Kalman filter), Ijk is the estimation gain, e

Pk\k—l

is the correction error covariance. fco‘o and % sop Are the initial vectors of the state and the

disturbance term, P, is the initial matrix of the correction error covariance which is assume to be

0o

diagonal matrix.
2.2.4 Discussion

The correction stages of the proposed algorithms is examined for the periods that the
measurement is unavailable (k # jr). Because the measurement matrix is set to zero, the estimation

gains of the augmented system will be zero during these periods. The correction stage is performed as:
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Affk\k _ Affk\H (2.19)
xzi,k\k xzi.k\k—l

or:
Ko I s J{ 5 }t (2.20)
)Acd.k\k—l [O]me Azl.k—l )A‘d.k—l\k—l [O]mXp .

e
xzi.k\k

From (2/20) the estimated state equations are re-written as:

(2.21)

A

{xkk = A X F B X

Xake = A ke1%g k11

k+loee ktr—1k+r

R
| |

i
|
|

y Hold -
k ktr Y™ Ty ) 9 Yiar
rovoy o
g 8 o 00
K _ “k -
Correction peiction using dynamics Correction usine &
using &, &4

ch kfl T k+f_1 kf—r »
l |

Transition of X

d k|k
A v v v
Xa ki S A+ -1

W —
—

Correction using X, i

()
Fig. 2.2 Dual-rate estimation: a) conventional method, b) innovation holding method,

¢) disturbance accommodation method.
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From (2.21) we can see that: Even though the measurement is unavailable, the estimate of the

disturbance term )ACd,k‘k serves as the “virtual” innovation to fulfill the correction stage. Therefore, the

estimation accuracy can be improved. In practical applications, tuning process is required to select the
suitable matrices Ay and R, 4.

Fig. 2.2 is to compare the key ideas of three dual-rate estimation methods. The “conventional
dual-rate estimation” has no correction during the periods that the measurement is unavailable. The
“innovation holding dual-rate estimation” holds the innovation &, to perform the correction stage. On

the other hand, the “disturbance accommodation dual-rate estimation” utilizes the transition of the

estimated disturbance )ACd,k‘k to perform the correction stage. This also means that the uncertainty and

disturbance are treated by “disturbance accommodation dual-rate estimation”. Another advantage of

this method is that it can provide more tuning parameters which are the matrix matrices A, and R, .

2.3 Dual-rate filter considering the norm-bounded uncertainty

In the previous section, the disturbance accommodation dual-rate Kalman filter is proposed.
However, the model uncertainty is not taken into account in the design procedure. In this section, we
will design the robust dual-rate filter from another point of view: the model uncertainties are assumed
to be norm-bounded. For the sake of simplicity, the uncertainty is only placed in the state matrix and
the system has no input. The upper-bound scheme is applied to obtain the filter parameters AA,; and
L.

2.3.1 System modeling and the idea of robust estimation
The discrete-time stochastic dual-rate system with model uncertainty in the state matrix can be

expressed as follows:

{xkﬂ = (Ak +AA )xk +w (2.22)
Ve =Cx, + 6,
C if k=jr 1] . if k=jr
= = 7 (2.23)

[0],, i k=jr’ " |[0], i k=jr

The definitions of the vectors and the matrices in (2.22) are the same as in the previous section: x;
is the state vector, i is the input vector, y, is the output vector. A; is the state matrix, By is the input

matrix, and C; is the measurement matrix. wy is the process noise, v, is the measurement noise. The

size of the vectors and the matrices are as follows: x; € R™, uy € R?, y, € R, w, € R™, v, € RY, dim[A,]

= mxm, dim[B,] = mxp, dim[C,] = gxm.

Assumptions:

- The process noise and the measurement noise are Gaussian noises with zero means and they are
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uncorrelated with each other.
we~(OR,): v ~(OR,): E[w,y,f]zo

- The dual-rate ratio r is a constant integer.
- The system is fully observable.

- The uncertainty is assumed to be written as:
A, =H FE,

(2.24)

(2.25)

where H; and E; are known matrices with appropriate dimensions, Fy is a bounded matrix, for instance

FF <I.

The robust filter is proposed as follows:

Ko :(Ak +4AA,, ))Ack +L, ()’k _Ck‘sek)

(2.26)

where AA,; and L, are filter parameters to be designed such that the filter is optimal to some extent,

x, 1s the estimated state.

2.3.2 Upper-bound of the estimation error covariance

The estimation error of the filter (2.26) is defined as:

Xp =X =X

From (2.22), (2.25), (2.26) and (2.27), the following dynamics system is established:

Zk+l =(Zk +HkaEk)Zk +ék“_/k

Z__fck - W,
k__fck T A

Z — _Ak - Le,kck _AAe,k
¢ L Le,k Ck Ak + AAe,k
- [1 -L
G — ek
“l0 L, }
Ek Z[Ek Ek]

The covariance matrix of the augmented noise W, is:

— R, , 0
Rw,k = T
0 5k Rv,k 5](

The covariance of the augmented state is expressed as:

%,.=(4 +HFE,)%, (4 +HFE,) +G,R, G

(2.27)

(2.28)

(2.29)

(2.30)

(2.31)

(2.32)

(2.33)

(2.34)

(2.35)
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Apply the lemma L2 (see the Appendix), if at the estimation period k there exists ay that satisfies
&' —EX,E] >0, then the following inequality holds true:

. <AL AT +GR, G +aHH +ALE (&' 1-ELE ) EZ A (2.36)

Define the following sequence (assume that the initial state is zero):

G, =%, | b 0 (2.37)
0“0 0 0 .

S -0 20 (7 70 Y 'FO

S, =0, +Q.E ('1-EQ,E) EQ, (2.38)

Qkﬂ ZZkEkAIZ- +(_;1<I_ew,k(_;kT +a1:lHkaT (2.39)

where P, is the initial estimation error covariance.
From the inequality (2.36), it is transparent that the above sequence is an upper-bound of the

augmented system:

DU O (2.40)
On the other hand, we have the following relationship:
X = [I O]Zkﬂ (241

From (2.40) and (2.41), the upper-bound of the estimation error covariance is obtained as:
~ ~T = T
El:xk+l'xk+l:| < [I 0] Q. [I O] =y (2.42)

2.3.3 Design of the filter parameters
From (2.30) ~ (2.34), (2.38) ~ (2.39), and (2.42), the dynamics of the upper-bound is obtained as

follows:
'Q'u,k+1 = Zkﬂkzlf - Zk _kT - Nsz + AkSll,kAkT + a;lHkaT + Rw,k (2-43)
where
Lo=[L, M,] (2.44)
Mk — |:(ij11,kSlZw + f{(Rv,kaT CkSIZ,k:| (245)
SZl,ka S22,k
AT T
N =[AS,C AS,,] (2.46)
Siik -+ S22y are the components of the matrix §k :
_ S S
Sk :|: 11,k 12,k:| (247)
SZl,k S22,k

The filter parameters I, = [Le‘k AAe‘k] are designed such that they minimize the upper-bound of

the estimation error covariance, in other words:
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oQ
—= =0 (2.48)

oL,
Substitute (2.43) into (2.48) and solve this equation, the filter parameters are obtained as:

-1
CkSn,kaT +5I<Rv,k5kT CkSIZ,k

(2.49)
Sy G Spi

I:Le,k AA,, :| = ]ka1:1 :I:AkSl 1,1<C1<T Akslz,k]x
Comment: Consider a dual-rate system with model uncertainty. It is hard to derive exactly the

estimation error covariance. Luckily, it is possible to obtain the upper-bound of the estimation error.
The set of the filter parameter Z,( :[Le,k AAzk] can be designed to minimize the upper-bound of the

estimation error covariance.

2.4 Dual-rate filter considering model uncertainty and unknown input
2.4.1 System modeling and the idea of robust estimation
In this section, we extend robust filter by consider not only the model uncertainty but also
unknown input. The system with dual-rate ratio r is expressed as follows:
X = (A +AA ) x, +d, +w,
{yk =C,x, +0,v,

(2.50)
o) if k=jr [1] if k=jr

(= s = T (2.51)
[O]qu if k+jr [O]qxq if k=+jr

The term d;, is the unknown input which can be the disturbance to the system. The definition of
the vectors and matrices in (2.50) and other assumptions can be followed the previous section: x; is the
state vector, uy is the input vector, y; is the output vector. A, is the state matrix, By is the input matrix,

and C; is the measurement matrix. wy is the process noise, v; is the measurement noise. The size of the
vectors and matrices are as follows: x; € R", d,€ R™, uy € R®, y, € R, w, € R™, vy, € RY, dim[A,] =

mxm, dim[B,] = mxp, dim[C,] = gxm.
Assumptions:
- The process noise and the measurement noise are Gaussian noises with zero means and they are

uncorrelated with each other.
w,~(0.R,): v, ~(O.R,): E[wy] |=0 (2.52)

- The dual-rate ratio r is a constant integer.

- The system is fully observable.

- The uncertainty is assumed to be written as:

AA, =H,FE, (2.53)
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where H, and E; are known matrices with appropriate dimensions, F; is a bounded matrix, FkaT <I.

The following robust filter is proposed to the dual-rate system:

A

X = (Ak +AA,, ))Ack +L,, (yk -C.% ) +d, (2.54)

where AA,, and L, are filter parameters to be designed such that the filter is optimal to some extent.
x, 1s the estimated state, c;'k is the estimated unknown input.

2.4.2 Disturbance accommodation for unknown input estimation
In this section, utilizing the idea of “disturbance accommodation”, we assume that:
di,=Ad +w,, (2.55)

where A, is the state matrix of the disturbance process. w,; is a Gaussian noise with zero means. x,

€ R", wyi € R™, dim[A 4] = mxm. The noise wy; is assumed to be uncorrelated with w; and v;:

Wak ~ (0’ R, i ); E[Wd,k WkTJ =0; E[Wd,kva] =0 (2.56)

If A, is selected as the unity matrix, the disturbance term becomes a random-walk process.

From (2.50) and (2.55) the following augmented system is established:

Xy = (A +AA) X+ W, (2.57)

N =CX 48,

* xk £ £ Wk *

X, = a4 Y=y, W= A (2.58)
k d.k

A 1 . [m 0] .

Ak{o A | M=y o G=lG 0L a=4 (2:59)

d k

We can see that the system with unknown input in (2.50) is transformed to the system (2.57)
which has the same form as the system expressed in (2.22). Therefore, the problem of this section can

be solved by the filtering scheme in the previous section as follows:

k+1

Ko =(A+840) X+ L, (v, -CX;) (2.60)

From (2.58) and (2.59), the state x; is estimated as follows:

A

R = (Ak +AA, );%k +L, (v, —Cx)+d, (2.61)

The disturbance dj is estimated as:
Ay =Apdi+ Ly, (yk -C%, ) (2.62)
where L,; and L, are the estimation gains associating with the state and the disturbance, respectively.

T

We have L:k:[Lik LZM] .
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2.5 Discussion

In this chapter we study the Kalman filter for dual-rate estimation. The algorithms are developed
through two points of view: 1) Disturbance accommodation. 2) Minimization of the estimation error
covariance considering the norm-bounded uncertainty model. After studying each issue separately, we
pay the effort to combine two schemes together to design the dual-rate estimation of a system with
both the model uncertainty and the unknown input.

Instead of holding the innovation, the disturbance accommodation Kalman filter uses the
estimated disturbance to maintain the correction when the low-rate measurement is unavailable. This
estimation method will be verified and compared with other dual-rate estimations in Chapter 5 —
motion control of electric vehicle using GPS in which the measurements from GPS receiver are

updated at low-rate in comparison with the control period of the electric motors.
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Chapter 3:

Time-delay Compensation Kalman Filter

“Delay is preferable to error-”
Thomas Jefferson

3.1 Introduction

In this chapter, we will study the Kalman filter for handling the delayed-measurement. To deal
with the large-time-delay while maintaining the affordable computational cost of the algorithm, the
goals of the study are as follows:

- The algorithm does not increase the dimension of the system.

- The algorithm does not require to solve a series of Riccati equations in real-time.

- The algorithm does not include a cascade configuration as the Kalman filter followed by a d-step
predictor.

- The estimation gain is optimal to some extent to assure the optimality and the stability.

In order to achieve the above goals, we propose the upper-bound Kalman filter in which the
upper-bound of the estimation error covariance is derived using the u-gain to obtain the estimation
gains. The filter algorithm is almost the same as the standard Kalman filter.

Two cases of study are examined. The upper-bound Kalman filter is firstly applied to the system
with delayed measurements, and then, the system with both delayed and non-delayed measurement. A

simulation study is performed to verify the proposed algorithm.

3.2 Estimation with delayed measurements
3.2.1 System modeling and problem statement
We consider the following linear discrete-time system:
X =AX, + B, +w, 3.1

Ve =yt (32)
where x; € R", upy € R", and y, € R’. They represent the state, the input and the output vector,

respectively. Ay, By, and C are the state matrix, the input matrix, and the measurement matrix with
appropriate dimensions. w; and vy are the process noise and the measurement. They are assumed to be
Gaussian noises with zero means, their covariance matrices are R, and R,;. It is assumed that w; and
v are uncorrelated with each other. We also assume that the number of the delayed samples d is a

known constant integer.
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The estimation algorithm can be preliminarily proposed as follows:
- If k < d, the output (because it is delayed) is still unavailable. Therefore, the estimation is trivially
performed by predicting from the given initial state through the dynamics expressed in (3.1).

- If k>d, the following filter is proposed including two stages as the Kalman filter:

Prediction:
Xt = Ak—lxk-l\k-l +B (3.3)
Correction:

k= 'Sek\k—l +L, (yk -Cx (B4

X kdlk~d-1 )

where )ACWH is the predicted state, )ACW( is the corrected state, L; is the estimation gain. The predicted

state at the period k-d is stored to calculate the innovation at the present period.

Define the prediction error, the correction error, and their covariance matrices as:

‘;Ck\k—l =X )Ack\k—l (3.5
‘;Ck\k =X~ )Ack\k (3.6)
é\k—l = Eli'ik\k—l'ikT\k—l ] (3.7
i)k\k = Eliik\kikT\k ] (3.8

Problem P.3.1: Given the filter expressed in (3.3) and (3.4), find the upper-bound of the
correction error covariance and the estimation gain L; to minimize the upper-bound.
3.2.2 Upper-bound of the estimation error covariance

From (3.1) ~ (3.8), at period k, the following dynamics are obtained:

‘;Ck\k—l = Ak—l‘;ék—l‘k—l Wl 3.9
‘;Ck\k = )ch—l\k—l -L C;Ck—d\k-d-l Ly, (3.10)
Pk\k—l = Ak*llrl’c—l\k—lAZ—l R, 3.11
Pk\k = Pk\k—l + LkCPk—d\k—d—lCTLi + LkRv,kL{ - Eliik\k—likT—d\k—d—l ]CTLZ - LkCEI:'%k—d\k—d—likT\k—l] (3'12)

In the same way we can write the dynamics of the prediction errors and the correction errors from

the period k-d up to the period k. From all of these equations, pk‘k is derived as:
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T
d d
Pk\k =Pk\k-1 +LkCPk—d\k—d—1CTL§<- +LkRv,kL€ [HAk ]J k—d|k—d— 1CTLT L CPTd\k d- 1(HA1<—])
j=1
d=t| (=i , .
+ HAk—j L_..CE |:xk—2d+i\k—2d—l+i'xk—d\k—d—l:|C L (3.13)
i=0 | \_Jj=I
d—l_ o .oy d-i ’
+ L CE[ Xy— —d|k-d— 1% —2d+ilk-2d- 1+z:|C Lk d+i HAk—j
i=0 j=1

precisely (i from O to d-1).

. . . - 7
It is very complex to obtain the covariance E [xH drilk-2d15i k- dle- 471]

Therefore, it is hard to derive the prediction error covariance. However, in Kalman filter, the update
equation of the prediction covariance is desirable to design the estimation gain. To overcome this
problem, we will try to find the upper-bound of the correction error covariance. Then, if we can design
the estimation gain to minimize this upper-bound, we can say that the filter is “optimal” to some
extent.

Apply the lemma L1 (see the Appendix) to the last two terms in (3.13), we can always find the

positive number g ; such that:

B d-1
P <B, +(1+Z 1 JL CP_yyiC"LL+ LR, L

T
d d
(HAk 1] k—d|k—d- 1CTL£ _LkCPk];d‘k—d—l (HAk—j] (3.14)

j=1 Jj=1
d— d—i T
T yT
+Z /ukz k d+1CP —2d+ilk-2d- 1+1C Lk d+i Ak—j
i=0

Define the following covariance sequence:

Initial covariance:

'Q‘o\o = Po\o (3.15)
Update equations of the sequence:
Qk\k—l =A_Q, = 1A1<T 1 TR (3.16)
< 1 T 1T T
k\k 1t 1+ . jL CQ‘k d\k—d—lc Lk +LkRv,kLk
i=0 i
J T
[ [TA- | @ upanCT L~ LCQL 1[HAk_j] (3.17)
J=1 Jj=1
d-1 d —i - d—i T
+ /ukz Ak j k d+1 k —2d+ilk—-2d— 1+1C Lk d+i Ak—j
i=0 Jj=1 j=1
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Prediction (3.3)

xk\k—l

v

Calculate (3.16)

A

Qk\k—l
Measurement
sampling
Y \
Estimation gain Estimation gain(3.20)
ka 0 i‘k
No-correction Correction (3.4)
Xk = Kt Xl
Upper-bound Upper-bound (3.17)
'Q‘k\k = Qk\m Qk\k

| |

h J

Store xk‘kfl,Qk‘kfl

Fig. 3.1 Flow chart of the Kalman filter for system with delayed measurements.

From the inequality (3.14), it is transparent that the above sequence makes an upper-bound of the

correction error covariance. In other words:

P sQ, (3.18)
The estimation gain L, is design such that it minimizes the upper-bound:
0Q,
ke _
o, 0 (3.19)

Substitute (3.17) into (3.19) and solve this equation, the estimation gain is obtained as:
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-1
d-1
L = (HAkj ]dekdlcT {[1 + Zj] CQk—d\k—d—lcT +tR,, } (3.20)

j=1 i=0 M

The problem P.3.1 is solved completely.

3.2.3 Algorithm and discussion
The flow chart of the estimation algorithm is shown in Fig. 3.1. When £ is still smaller than d, the

state is obtained by only the prediction. Since k is equal to d, the state is estimated through both the
prediction and correction stages.

In (3.20), if d is zero or the measurement is non-delayed, (3.20) becomes formulation of the

standard Kalman filter:

-1
=0, ,C"|CQ, C"+R,| (3.21)

klk-1

If py.; = i for i € [0, d-1], the estimation gain formulation can be rewritten as:

d -1
L = (H A, JQHHICT [(1 + ﬂi) COQ, i, .C" +R,, } (3.22)
Jj=1 k

In the proposed upper-bound Kalman filter, the gains 4 ; are introduced as the tuning parameters.
With more tuning degree, we can flexibly design the estimation gain to achieve the good performance

of the estimation. This is an advantage of the proposed filter.

3.3 Estimation with delayed and non-delayed measurements
3.3.1 System modeling and problem statement

We examine the following linear discrete-time state space model with two measurement vectors:

X = AXy + By +w, (3.23)
Y =Cx vy, (3.24)
Vaor =6 Xy + v,y (3.25)

where other terms can be defined as in Case 1, y,;, € R” and y,, € R” represent the non-delayed and

delayed measurement, respectively. v;;, an and v;; are Gaussian noises with zero means. Their
covariance matrices are R,;; and R,,;. They are assumed to be uncorrelated with each other and with
the process noise wy.
The estimation algorithm can be preliminarily proposed as follows:

- If k < d, the delayed measurement is still unavailable. Therefore, the estimation is trivially

performed by using the non-delayed measurement through the standard Kalman filter.
- If k>d, the following filter is proposed:

Prediction:

S = AR+ B (3.26)

k=17 k—1k-1
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Correction:

Kie = 'Sek\k—l +1, ()’m - Cl';ek\k—l ) +L, (y2,k - CZ'%k—d\k—d—l ) (3.27)

where )ACWH is the predicted state, 594,( is the corrected state, L, is the estimation gain associated

with the non-delayed measurement, and L,; is the estimation gain associated with the delayed
measurement. The predicted state at the period k-d is stored to calculate the innovation associated with
the delayed measurement at the present period.

Problem P.3.2: Given the filter expressed in (3.26) and (3.27), find the upper-bound of the
correction error covariance and the estimation gain L;; and L, to minimize the upper-bound.

3.3.2 Upper-bound of estimation error covariance

From (3.23)~(3.27), at the period k, the dynamics of the prediction error, correction error, and

their covariance matrices are derived as:

)ch\k—l =ALX, it T Wi (3.28)
X = (I _Ll.kcl);ck—l\k—l L Co% s = LV = Lo i vy (3.29)

\ _A P k=1k— lAkT1+Rn k=1 (3.30)
ﬁk\k :(I_Ll,kc ) Kk~ 1(1 LG ) + L, C, B, k—d|k-d- Co Loy + LRy Ly + Ly Ry Ly

(3.31)
_(I_Ll,kcl)E[ik‘k—l'%[—d\k—d—l:|C2TL€,/< _Lz,kC2E|: Xe—dfe-d-1 k\k 1}(1 leC )

In the same way, we can derive the prediction error and the correction error from the period k-d
up to the period k. Combine all these equations together, we can derive the covariance of the

correction error as:

B, =(1-1,¢)B, (1-1,C) +L,,CP c'l, +L,R, I\, +L R, I
Kk ™ Klk-1 k1 k2T k—dlk—d-12 T2k KWL LK 2,k N2,k 2,k

+(1-L,C)T,C' L, + L, G (1-1,C,) (3.32)
~(1-1,C) (ﬁ\yl,k_j]ﬁk_“_d_lc Ly —L,CP . l(ljj‘l’l’k_j]T(I—Ll’kCl)T
where
¥, =4 (I-L, ,C) (3.33)

d-l1 d—i-1
Fk = [(H \Pk 1] k—d+i 21< d+iC2E|:ik—2d+ik—2d—l+i'%kT—dk—d—l:|:| (3.34)

i=0 j=1

Again, it is very complicated to derive the covariance E[Sck_z dvile i e 4-1]- Utilizing the

lemma L1 and the same scheme as in the previous section, the upper-bound of the estimation error
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Initial covariance:

Q,, =P
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oo — oo (3.35)
Update equations of the sequence:
Qk\k—l = Ak—le—l\k—lAkT—l TR, (3.36)
Qk\k =LM,L -LN{ -N.L +Qk\k—l +0, (3.37)
where
L=[L; L,] (338)
Cl (Qk\k—l + Qk )CIT + va.k CISk Qk-d\k—d—lczT
i, = ) . o ) (3.39)
C2Qk—d\k—d—lsk Cl (1 + Z_] CZQk—d\k—d—lC2 + sz,k
i=0 luk,i
Nk = [(Qk\k—l + Qk )CIT Skgk—d\k—d-lczT:| (3.40)
d
S, = Hlpl,k—j (3.40)
=1
d-1 d=i-1 - , d=i=1 T
0, = Z My H ¥, Ak*dﬂ'l‘Z,k*dﬂ'CZQk—2d+i‘k—2d—l+iC2 Ly aviBe-asi Ve, (3.41)
i=0 j=1 Jj=1

error covariance:

The estimation gains are designed such that they minimize the upper-bound of the estimation

oQ

K|k
—=0
oL,
Solving (3.42) we obtain:
L =Nt

The estimation gains can be written in the detailed form as

[Ll,k L, ] = [(Qk\k—l +0, )C1T Ska-d\k—d—1C2T:|

Cl (Qk\k—l + Qk )CIT + va,k
X

CZQ:—d\k—d—lSkTCT

1

The problem P.3.2 is solved completely.

(3.42)

(3.43)

C,S,Q

T
k—d\k—d—lCZ

(1 + Zﬁj CZQk—d\k—d—ICZT + sz,k

(3.44)

ki
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Prediction (3.26)
xk\k—l
v

Calculate (3.30)
Q

A

k|k—1

\
Measurement

sampling

Standard KF
Calculate L,
Set Lz,k =0

"Proposed KF:

Estimation gain(3.44)
L,andL,,

y

|
|

|

|

|

|

|

|

|  /
: Correction with Vi

|

|

|

|

|

|

|

|

|

|

Correction (3.27)

A

Xl Pk
y Y
Upper-bo~und Upper-bound (3.37)
Q‘k\k = Tk Qk\k

Store X,

c—12=k|k—1

Fig. 3.2 Flow chart of the Kalman filter for system with delayed and non-delayed measurements.
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3.3.3 Algorithm and discussion

The flow chart of the estimation algorithm is shown in Fig. 3.2. When £ is still smaller than d, the
state is estimated by only the non-delayed measurements. Since k is equal to d, the state is estimated
through both the delayed and the non-delayed measurements.

In (3.44), if d is zero or the measurement is non-delayed, (3.44) becomes the formulation of the

standard Kalman filter:

o raT(ral, TaT Ra o)
|:Ll,k l’z,k:|=Pk/<1|:C2:| (|:C2:|Pkk1|:cz:| +{ 0 R‘,,zk}j (3.45)

In (3.32), if we neglect the covariance (3.43)to approximately calculate the estimation error

covariance, the estimation gain can be calculated in the following simple form:

- -1
[Ll L, ] = I:P cr S.P cr :| X ClPk\k—IClT + va,k ClSkPk*d\k*dflczr
& & klk-1-1 k* k—dlk—-d-1""2 CZPT SkTC1T C2ﬁk C2T + Rﬂ’k

k—d|k—d-1

(3.46)

—dJk—d—-1

3.4 Simulation verification
3.4.1 A case of study

In this chapter, we will examine a case of study as follows: A linear stochastic discrete-time
system includes two states x; and x; is established with the fundamental sampling time 7. = 1ms. Only
the state x, is measurable. However, the measurement of x, is delayed, the time-delay is 7, = 30T7..
This means that the time-delay is relatively large in comparison with the fundamental sampling time.
Moreover, the nominal model for estimation design is not perfectly precise. The problem is to estimate
both x; and x; as accurate as possible.

The real model:

{xk =Ax, ,+Bu, ,+w, 3.47)
Y =Cx,_,+v
where
T
=[x, x,]. u=[5] (3.48)
0.9870 -0.0014 0.0065
_ , B= , C :[0 1] (3.49)
-0.1440 0.9585 0.2880

The number of the delayed samples is d = 30. w; and v, are Gaussian noises with zero means. The

initial state is X, =[0 O]T . The input ¢ is a sinusoidal signal with the frequency of 0.25 Hz and the

amplitude of 5n/180. To simulate the uncertainty, the nominal model for the designing the estimator is

selected as:
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(3.50)

n

{ 0.9882 —0.0013} B 2[0.0059}
-0.1312 09622 |" " ]0.2624
3.4.2 Simulation results

Four estimation methods are designed and performed for comparison. As the number of the
delayed samples is large (d = 30), the “state augmentation” method is not applicable.
1) The standard Kalman filter (Standard KF): the time-delay is not handled.
2) The cascade estimation (Cascade KF): It is a standard Kalman filter plus a d-step predictor.
3) The measurement extrapolation Kalman filter (MeaExtra KF): As shown in Chapter 1 and the

formulation (1.19), a non-delayed measurement is extrapolated from the delayed-measurement.

However, the authors of this method neglect the covariance E[Sck_z drift-2 d_mif_d‘k_ d_l] to simply

obtain the estimation error covariance as:

T
d d

Pk\k = Pk\k—l + Lk CPk—d\k—quTLz + LkRv,k LZ - (H Ak—jJPk—dk—d—lcTLz - Lk CPkT_d\k—d-l (H Ak—j] (3-51)
j=1 j=1

Therefore, this method might fails to predict the estimation error covariance, and the estimation
gain is not optimal.
4) The proposed estimation (Upper-bound KF): Because it is hard to derive the covariance

T S .
Co2di—2d—t+i e d‘k_d_l}, we calculate the upper-bound of the estimation error covariance for

designing the estimation gain. In this simulation, the gain g, ; is selected to be 0.8.

The estimation results of the Standard KF, the MeaExtra KF, and the Upper-bound KF are shown
in Fig. 3.3. For the convenience of comparison, Fig. 3.4 shows a segment of these data for clearly
comparison. Certainly, the Standard KF cannot compensate the time-delay and the estimated states are
inaccurate. Especially, the estimation of the state x; by the Standard KF is considerably bad. In
contrast, both the MeaExtra KF and the Upper-bound KF can handle the delayed measurement.
However, as shown in Fig. 3.4, the Upper-bound KF attains the better estimation performance while
the variation occurs in case of the MeaExtra KF. This phenomenal can be explained due to the fact that
the MeaExtra KF fails to compute the estimation error covariance in every estimation period.

The estimation results of the Standard KF, the Cascade KF, and the Upper-bound KF are
compared in Fig. 3.5 and Fig. 3.6 for a segment of the data. The Cascade KF shows the better results
than the Standard KF, but the estimation error of this method is still bigger than that of the
Upper-bound KF. This means that the d-step predictor is influenced by the model error.

From the simulation results, we can conclude that the Upper-bound KF is better than other three
methods considering the large-time-delay and model uncertainties. The MeaExtra KF is not stable in

long term, while the Cascade KF suffers from large estimation error.
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True X2

Standard KF
=+===*= MeaExtra KF

= Upper—bound KF

Time [s]

(a)

True X1

Standard KF
=+===:= MeaExtra KF

004

003 -~

08

35

Time [s]
(b)

Fig. 3.3 Simulation results: Standard KF, MeaExtra KF, and Upper-bound KF.
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Fig. 3.4 Simulation results: Standard KF, MeaExtra KF, and Upper-bound KF (a part of the full data).
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True X1
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003~~~
002~~~
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(a)
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** Cascade KF

** Upper-bound KF
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(b)

Fig. 3.5 Simulation results: Standard KF, Cascade KF, and Upper-bound KF.
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True X1
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Fig. 3.6 Simulation results: Standard KF, Cascade KF, and Upper-bound KF (a part of the full data).
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Chapter 3: Time-delay Compensation Kalman Filter

Fig. 3.8 Relationship between the u-gain and the Upper-bound KF.

3.4.3 Estimation quality and x-gain
It is desirable to known how the gain g, ; is design. We perform the simulations using different

number of the gain g, ;.
1) Casel: y,, isselected as a very small value, for instance g, ; =0.
2) Case2: u . isselected as a relatively big value in comparison with case 1, suchas g, =10.
3) Case3: pu,, is selected as in the previous simulation: g, , =0.8.

The simulation results are summarized in Fig. 3.7. If the gain g, ; (u-gain) is close to zero, from
(3.20), the estimation gain become close to zero as well. Consequently, the estimated state almost
relies on the dynamics model. Because of the model uncertainty, the estimation result in Case 1 is

inaccurate. On the other hand, if the gain 4, ; is relatively big, the estimation gain also attains the big

value. This results in the unstable estimation performance of Case 2. Case 3 shows the suitable
selection of the gain g, ;. Fig. 3.8 shows the relationship between the gain g, ; and the quality of the
Upper-bound KF. The quality of the upper-bound KF is decreased when the y-gain becomes too small or
too big. There is the optimal value of the y-gain that we have to design. In this study, the u-gain is only
obtained through trial-and-error test. In future works, the systematic method to obtain the optimal

u-gain and the online-tuning of the x-gain will be considered.
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3.5 Random-time-delay

In this section, we will study how the upper-bound Kalman filter is developed to the
random-time-delay system. There are two possible cases: First, the time-delay is measurable; Second:
the time-delay is uncertain.
3.5.1 Measurable time-delay

The system in which the time-delay varies can be expressed as:
{xkﬂ =Ax, +Bu, +w, (3.52)

Y =Cx g T

Assume that at period k, the number of delayed samples d(k) is measurable. We can also assume

that d(k) has a certain upper and lower bound:

d. <dk)<d (3.53)

The estimation algorithm is almost the same as the algorithm in Fig. 3.1. The difference is the
size of the store is increased to capture the arrays of past time predicted state and past time
upper-bound.

Array state: = {fck_i‘k_i_l ‘ie [dmm,dmax]}
(3.54)
Array covariance:= {Qk_,-\ i ‘i €ld . d ]}
At the period k, when the time-delay is known, the associated values in the arrays are used. For

instance, the estimated state, the upper-bound of the estimation error covariance, and the estimation

gain are calculated as:

)Ack\k = )Ack\k—l +1 (yk - C)Ack—d(k)\k—d(k)—l) (3.55)
‘& 1 TyT T
Qk‘k :kal +| 1+ 2 I L,(CQkfd(k)‘kid(kHC L +LR, L
a(x) d(x) T
T T T
_( 1 Aijde(k)kd(k)lc L, _LkCQk—d(k)‘k—d(k)—l [H Akj] (3.56)
= iz

J=1

d(k)-1 d(k)-i . d(k)=i T
+ . i Akfj Lk*d(k)+iCQk—2d(k)+i‘k—2d(k)—l+iC Lk*d(k)ﬂ' Ak—j

d(k) d(k)-1 -
_ 1
Lk - (H Ak—j ] Qk—d(k)‘k—d(k)—lcT |:[1 + . ] JCde(k)kd(k)lcT + Rv,k :l (3.57)

3.5.2 Uncertain time-delay
In this case, the number of the delayed samples d(k) is not known exactly. As suggest in [55], we

assume that we can derive the time-delay’s probability density function f{¢), for instance through

experiments. From the probability density function, the probability p; that d(k) takes the number d; €
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[d,in> dmax] 18 Obtained as:

T
T 2
P, =Pr(Tsd,» -3 <1, <Td, +7°‘j= [ r(ar (3.59)
T,

Tdi——=
s4iTy

Pﬂ

where T is the sampling time of the delayed measurement.

Define )Ack‘k (i) is the estimated state when the measurement is d-sample-delay measurement. The

estimated state )Ack‘k (l) is obtained using the upper-bound Kalman filter by setting the number of the

delayed sample as d;. The optimal estimated state is:

dmux
By = D PRy 0) (3.59)
i=dpin
In other words, the estimation algorithm includes (d,.. — d,.;; + 1) upper-bound Kalman filters.
Certainly, more computational cost must be paid to deal with the uncertain time-delay problem.
If the probability density function of the time-delay is unknown, the problem is more difficulty.
This problem is still open and would be dedicated to the future works of this study.

3.6 Discussion

In this chapter, a new Kalman filter considering the large-time-delay in the measurement is
proposed. The key idea of the method is to introduce a u-gain to obtain the upper-bound of the
estimation error covariance for designing the estimation gain. The effectiveness of the proposed
method in comparisons with other previous works is discussed through simulation study. The proposed
method is shown to be more robust and stable than the “cascade estimation” or the “measurement
extrapolation estimation”. However, the u-gain is just selected by trial-and-error and it is kept as a
constant. Therefore, it is interesting to examine the online tuning of the u-gain in the future study.
Finally, a little discussion on the random-time-delay issue is given.

The proposed upper-bound Kalman filter will be applied to the visual servo system for chip
mounting machine in the Chapter 6. In this system, the information from the image processing unit is
delayed. Therefore, the upper-bound Kalman filter is used to handle the delay and estimate the target

position accurately.
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Chapter 4:
Simultaneous Estimation of Parameter and

State

“You can, for example, never foretell what any one man will do, but you can say
with precision what an average number will be up to- Individuals vary,

but percentages remain constant- So says the statistician-”
Sherlock Holmes (The Sign of Four)

4.1 Introduction

In this chapter, we will introduce the Unscented Kalman Filter (UKF) for nonlinear estimation.
Beside this, the possibility of UKF in adaptive estimation is presented. It can be a new application of
UKF if we can use this algorithm to estimate both the state and the parameter simultaneously instead
of using a Kalman filter and a Recursive Least Square (RLS) identification of the parameter.

4.1.1 Optimal estimation-Bayesian point of view

From the probability theory, given the measurement Y, the hidden X can be estimated by one of
the following methods: maximum likelihood estimation, maximum a posterior estimation, and
minimum variance estimation [101].

The conditional probability of the hidden sequence X; given the measurement Y, can be obtained
by Bayes’ theorem [101]:
Pr(X,)

(4.1)
Pr(Y,)

Pr(Xk|Yk)=Pr(Yk |X/<)X

where Pr(X,|Y,) is the posterior, Pr(X,) is the prior, Pr(Y,|X,) is the likelihood, and Pr(Y,) is

the evidence.
If the process dynamics is Markov, the sequential (recursive) the Bayesian estimator is
established as follows with two stages in each computational cycle, the prediction and the correction.
Prediction:

This stage is to obtain the prior:
Pr ( Xy |Yk—1 ) = J.Pr ( Xy |xk—l ) x Pr(xk—l |Yk—1 ) d, 4.2)

Correction:

This stage is to obtain the posterior:
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Pr(yk |xk)

P Y )=
r(xk|k) Pr(yk|Yk_1)

xPr(x,|Y,_,) (4.3)

where Pr(y,|x,) is the likelihood, Pr(y|Y,.,) is the evidence, and ¥, ={y;,yy, Y503, )} -

The above algorithm is the general algorithm of the optimal state estimations. Some of them are
presented in cases of study in the previous chapters.

4.1.2 Bayesian estimation of linear system

The linear stochastic system is express as follows:

{xkﬂ =Ax, +Bu, +w, (4.4)

Y =CGx v

where w; and v, are Gaussian noises, their covariance matrices are R, and R, respectively.

Using the above model, we can easily obtain the posterior in (4.3) using the following Gaussian

distributions:
Pr(y, %) ~(GxoR,,) (4.5)
Pr(xe ¥ ) ~ (% By ) =(Ac g + Bt o AP AL R, (456)
Pr(y ¥y ) ~ (9 R ) =( Gk GBy s G +R ) 47)

where )ACWH is the predicted state, )ACW( is the corrected state, Bc‘k_l is the prediction error covariance,

and Pk‘k is the correction error covariance.

Then, by maximizing the posterior, the update equations of the estimation gain and the correction
state, and the correction error covariance are obtained as follows. They are the same as the update
equations of the standard Kalman filter which is designed based on the minimum estimation error

covariance. This is an interesting point of the Bayesian estimation theory.

~ ~ -1
L=B, C(CR, C +R,) 438)
'Sek\k :'%k\k—l +1 (yk _Ck';ek\k—l) (4.9)

B, =(I-LG)E, (4.10)

k-1

4.1.3 Bayesian estimation of nonlinear system

How to obtain the posterior (new) distribution through the nonlinear transformation is a

non-trivial question. The conventional solution is to approximate the nonlinear function of
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First-order Taylor series Linearization Sigma-point transform

l.
U=g(X)

weighted sample mean
and covariance

transformed
sigma-points

true covariance

true mean

Fig. 4.1 Comparison of two methods for nonlinear transformation.

transformation using Taylor series approximation. For instance, extended Kalman filter (EKF) is the
algorithm that utilizes the first-order-approximation of the Taylor series [102]. This method requires
the Jacobians calculation which suffers from the computational cost. Moreover, this algorithm might
be unstable if the local linearity is violated. The estimation accuracy is degraded if the first order term
does not dominate the higher order terms in the Taylor series.

In the last years of the 20" century, a new method named “sigma-points” is proposed by Julier,
Uhlmann, and Durrant-Whyte [103] to deal with the nonlinear transformation. The key idea of this
method seems to be heuristic: “it is easier to approximate a probability distribution, than to
approximate an arbitrary nonlinear function of transformation.” The method can be described as
follows: Firstly, a set of points with associated weights are generated such that they capture the
original distribution. Then, these points are transferred directly using the nonlinear function without
any Jacobians calculation. Finally, the transferred points with weights are used to calculate the mean
and the covariance of the posterior distribution. One typical example of sigma-point family is the
unscented Kalman filter (UKF) [104]. This method can capture not only the first-order-term but also
higher-order-terms in the Taylor series. Thus, UKF can achieve the better estimation performance than
the EKF. In this study, we will used the UKF as the tool to deal with the nonlinear estimation.

The comparison of the sigma-point transform with the first-order Taylor series linearization is
shown in Fig. 4.1 (redrawn from the figure in [101]). In the following section, we will introduce the

sigma-point transformation
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4.2 Unscented Kalman filter
4.2.1 Sigma-point approach

To deal with the nonlinear transformation, the following idea is introduced by Julier et al: Select a
set of sigma-point that they capture the specific properties of the underlying distribution. The problem
can be expressed as:

GIVEN the sigma-points with associated weights Z:{X W, i=O,...,NU} and the nonlinear
transformation a[X,], FIND the statistics of the transformed samples u, = E{y}, R =Cov{y}.

The sigma-point method:

Step 1: Determine the number, weights, and locations of the sigma-points based on the unique of the
characteristics of the prior distribution.

Step 2: Nonlinear transform each point to obtain the set of posterior sigma-point.

Y =al[X,] (4.11)

Step 3: Estimate the posterior mean and covariance:
N, N, T

Ho=2 WY R, =W (Y -um)(Y-n) (“412)
i=1 i=l

4.2.2 Sigma-point transformation for Gaussian distribution
In case of Gaussian distribution, the sigma-points are selected such that they capture the mean,
the covariance, and the symmetric characteristics. Considering a N,-dimensional random vector

X ={X s W, i= O,...,NU} , the set of sigma-points can be chosen as follows:

Xy =M, VVO:N’iK‘ (4.13)

X, = +(J(N, +x)R w=— 1 (4.14)
i ltlx X XX i, i 2(NX + K)

X, =4, —( (N.+K)R, ),- . W, =m (4.15)

where x is the tuning parameter to minimize the mismatch between the 4-th order moments of

xx ).
i

sigma-points and the true distribution. ( (N, +x)R ) is the i-th column of the matrix-square-root

of (N,+x)R,. The matrix-square-root can be obtained by the Cholesky decomposition algorithm
[105].
4.2.3 Unscented Kalman filter algorithm

Consider the following nonlinear stochastic system with additive noises:

{xkﬂ =alx ] +b[u ] +w, (4.16)

Ve :C[xk]+vk

where wy and v, are Gaussian noises, their covariance matrices are R,,; and R,;, respectively. a[ ], b[ ],

and c[ ] are the nonlinear transfer functions.
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The UKEF algorithm is presented as follows:

Initial conditions

xo\o > Po\o

State: sigma-points and weights

=% __ K
Xo,k—l\k—l T Me-1k-1° W, = N +k

Xi,k—l‘k—l z)%k—l\k—l +( (N, + K)é-l\k—l ),- ’ W = 2(N1+ K)

X

—% P — 1
Xi+NK,I<—1\I<—1 = Xkt _( (Nx + K) Pk—l\k—l )i > VVHNK -

2(N, +x)

State prediction

Xi,k\k—l = a[Xi,k—l\k—l ] +b[u ]

2N,

K1 = ZWin.k\H
i=0

State error prediction

Xi,k\k—l = Xi,k\k—l ~ X1
2N,

D _ ~ 7 T

Pk\k—l - Zvvixi,k\k—lxi,k\k—l + Rw,k—l
i=0

Measurement: sigma-points and weights

{Xi,k\k—l ’ Xi,k\k—l K Rw,k—l ’ Xi,k\k—l - K\/ Rw,k—l }

Measurement prediction

X

D=1 =

Yi,k\k—l = C[Xi,k\k—l :|

2N,

yk\k—l = VViY

i,k|k—1
i=0

Residual prediction

€tk = Yi,k\k—l = Vg1

2N,
T

W/igi.k\k—lgi.k\k—l + Rv,k

R

e klk—1 =
i=0

Estimation gain

2N,

— % T
RXs,k\k—l - wai.k\k—lgi.k\k—l
i=0

(4.17)

(4.18)

(4.19)

(4.20)

(4.21)

(4.22)

(4.23)

(4.24)

(4.25)

(4.26)

(4.27)

(4.28)

(4.29)

(4.30)
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-1
L =Ry, i (Rgg,k\k_l) (4.31)

State correction

€=V~ 5’1(\1(71 (4.32)
)Ack\k = ')%k‘k—l +Le, (4.33)
Pk\k = Pk\k—l - LkR&&‘,k\k—le (4.34)

4.3 UKF for simultaneous estimation of parameter and state

As discussed in Chapter 1, the adaptive estimation can be designed using the estimator (such as
Kalman filter) along with the parameter identification (such as the RLS identification). As shown in
Fig. 4.2 (a), the estimated state vector X is fed to the Identification and the parameter vector ¢ is fed
to the Estimator. This estimation configuration is complex to design. Moreover, it is questionable for
the convergence to the true values of this estimation configuration. For instance, if the uncertainty is
large and the initial values of the parameter vector is considerably inaccurate. In this case, the
estimated state is inaccurate, and again, it gives negative influence to the Identification.

Considering the following stochastic system:

{Xkﬂ = g[xeuc ]+ w, (4.35)

Yk :h[xk’uk’ck]"'vk

where x; is the state vector, u; is the input vector, and ¢, is the parameter vector, wy and v are Gaussian
noises.

We may introduce the dynamics of the parameter vector, for instance, as a random walk process:
Cont =C T W, (4.36)

By this way, the following augmented system can be obtained:

Xk+1:G[Xk7Uk]+Wk (437)
Y1<=H[Xk7Uk]+Vk
where
X w
sz[ "}, Ukzuk,Ykzyk,sz[ "}, V, =v, (4.38)
Cy Vi

The system (4.35) can be a linear or nonlinear system. However, the augmented system (4.37) is
generally a nonlinear system. Therefore, it is possible to estimate both the state and the parameter

simultaneously using the simpler configuration in Fig. 4.2 (b).
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P(x, ¢)

Estimator

s A

X C

Identification

IR
T 1T T

(a) State estimator + parameter identification.

P(x, ¢)

Simultaneous

Estimator

I
T

X

C

(b) Estimation of augmented system using UKF.

Fig. 4.2 Two configurations for state and parameter estimation.
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4.4 Discussion

In this chapter, we introduce the sigma-point-transformation and the unscented Kalman filter
which is an effective tool for estimation design of the nonlinear system. However, our goal is not
studying the nonlinear estimation. We aim to utilize the nonlinear estimation tool to develop a new
configuration of adaptive estimation. Together with the state, the parameter can be considered as the
extension state and an augmented state space model can be established. Because the augmented model
is usually nonlinear, the unscented Kalman filter can be applied to estimate both the state and the
parameter simultaneously. This is an alternative configuration besides the adaptive estimator including
the filter/observer and the RLS identification.

In Chapter 7, the effectiveness of the new configuration will be verified through a case of study:
simultaneous estimation of vehicle’s sideslip angle and cornering stiffness using tire lateral force
sensors. Through this case of study, the two configurations in Fig. 4.2 will be compared with each

other.
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Chapter 5:
Motion Control of Electric Vehicle Using GPS

“The EV is the most exciting object to apply advanced motion control technique:-”
Prof- Yoichi Hori

5.1 Why electric vehicle?

Electric vehicles (EVs) have been interested by both the industry and the academic circles
because of their advantages for environmental protection and energy conservation. Various types of
EVs have been produced by automotive companies all over the world, such as the Nissan Leaf, the
Fiat 500e, the Honda Fit EV, etc. Thanks to the development of wireless power transfer,
super-capacitor and energy management, EVs will soon become popular to replace the internal
combustion engine vehicles (ICEVs). Equipped with the electric motors, from the view point of
motion control, EVs has number of remarkable advances in comparison with the ICEVs [57]:

1. The torque response of EVs is very quick, 10-100 times faster than that of ICEVs. Thus, it is
possible use the motor torque as the control input to design the two degree of freedom control of
EVs. For instance, high performance adhesion control of EVs was realized, such as the anti skid
control [57].

2. The motor torque can be obtained easily from the motor current. Consequently, road condition
estimation and driving force observer can be attained [58].

3. The electric motors are compact and inexpensive. Therefore, they can be installed at each wheel.
This means that each wheel’s torque can be controlled independently to generate yaw-moment — a
control input of the vehicle stability control system [59].

In conclusion, EVs is a novel motion control system. In near future, EVs should be the means of
transportation of human society. Needless to say, research on motion control of EVs play the

non-trivial role in both industrial circle and academic circle.

5.2 Why GPS for EV motion control?

Considering the control purpose and the desired state feedback, motion controls of electric
vehicle are summarized in Table 5. 1. This summarization shows that many motion variables are
desirable to be estimated, such as sideslip angle, roll angle, pitch angle, yaw angle, longitudinal
velocity. These variables can be estimated using inertial sensors and encoders. For instance, in [60],
the gyroscopes and accelerometers are used to estimate the roll angle and the pitch angle. As

mentioned in Chapter 1, the inertial sensors suffer from the strong noises, bias, scale error... Therefore,
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g MCS Master Control Station
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Naha GMS Australia
MRS

(b) MTSAT (Source: Ministry of Land, Infrastructure and Transportation, Japan).

Fig. 5.1 Japan’s own GPS system.

sensor fusion in which the inertia sensors are fused with other nonconventional sensors has been

researched for years. The nonconventional sensors can be a vision system [61], magnetometer [45],

GPS [22], tyre force sensor [62], etc. Among them, GPS became a strong candidate due to the

following reasons:

1) GPS provides not only the position but also the velocity and the course angle. In contrast, another
sensor like the magnetometer or the vision system can only provide the yaw angle (heading angle)
of the vehicle. The measurements from GPS can be utilized for many motion control purposes,
such as lateral stability control, traction control, velocity control, autonomous control.

2) GPS provides the long-term-stable and accurate measurements. Thanks to the development of
GPS technology, our GPS receiver can receive not only the signal from the system produced by

United States but also other correction signals. Nowadays, many space based augmented systems
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have been launched, such as European geostationary overlay system (EGNOS), India’ GPS aided
GEO augmented navigation system (GAGAN), and Chinese’s satellite navigation augmentation
system (SNAS). In Japan, national projects have been conducted in order to establish Japan’s own
GPS. The Quasi-zenith satellite system (QZSS) has been designed by Japan Space Association
(JAXA) to provide high elevation satellites over Japan to overcome problems with navigation in
urban area with tall buildings, as shown in Fig 5.1(a). The MTSAT satellite-based augmentation
system (MSAS) has been developed by Japan Civil Aviation Bureau (JCAB). The MSAS is
described in Fig. 5.1(b) with two master control stations (MCS) located in Kobe and Hitachiota.
As the Japan’s Strategic Headquarters for Space Policy, their QZSS can improve the positioning
accuracy considerably, to a sub-meter or several-centimeter level [63]. If real-time-kinematic
(RTK) technique is applied in which the correction signal comes from local station, the GPS
positioning can attain the centimeter level of accuracy.

From the above discussions, we have been interested in using GPS to design the state estimation

for electric vehicle motion control.

Table 5.1 Controlled states in EV motion controls
Methods to obtain state feedback

Control purpose

Measurement

Estimation

Traction control [64]

Wheel rotational speed

Vehicle longitudinal velocity

Lateral stability [65] Yaw-rate Sideslip angle
Roll stability [66] Roll angle
Pitch stability [67] Pitch angle

Driving force control [68]

Wheel’s driving force

Range extension control [69]

Wheel rotational speed

Vehicle longitudinal velocity

& Yaw-rate & Sideslip angle

Yaw angle control [70] Yaw angle

5.3 Vehicle dynamics

Dynamics of vehicle includes many issues. In this thesis, we just present the basics of lateral
dynamics which is the background of the contribution of this thesis.
5.3.1 Characteristics of the tire lateral force

The tire is the main component of the vehicle that interacts with the surface of the road. Therefore,
it is essential to study the tire lateral force characteristics for lateral motion control of the vehicle. In
this section, the relation between the tire lateral force and the tire slip angle is examined. As shown in
Fig. 5.2, the lateral force will exert on the tire as the tire slip angle appears. As a result, the tire will be
deformed. When the tire slip angle is small, the lateral force is proportional to the tire slip angle. The

cornering stiffness can be defined to express this linear relationship:
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F, =Cax .1
where F is the tire lateral force, a is the tire slip angle, and C is the tire cornering stiffness.

The tire lateral force increases when the tire slip angle becomes larger. At a certain large tire slip
angle, the tire lateral force is saturated because of the friction limit [71]. As shown in Fig. 5.3, the
vector addition of the lateral and longitudinal tire force is upper-bounded by the vertical tire force
multiplied by the road friction coefficient. The characteristics of the lateral tire force can be generally
explained in Fig. 5.4. If the tire slip angle is small, the tire force is placed in the linear region with a
certain cornering stiffness. On the other hand, if the tire slip angle is large, the tire force will be placed
in the non-linear region. The maximum value of the tire lateral force decreases when the friction
coefficient of the road becomes smaller.

A number of works have been conducted to formulate the tire lateral force characteristics. For

instance, in [71], an empirical model is proposed as follows:

2
Co F,
Caz—u when ot <—=
F,= 4UF, ¢ (5.2)
F
F. h >-=Z
HUr, wnen o C

Where F, is the vertical force of the tire, and g is the road friction coefficient. In this thesis, the
empirical model expressed in (5.2) is utilized in order to construct the simulation model using
MATLAB/SIMULINK.

In [72], another model is constructed for modeling the tire force characteristics using the “magic

formula™:
F, =Dsin[Carctan{B(Z—E(B(Z—arctan(BO{))}} (5.3)

where B is the stiffness factor, C is the shape factor, D is the peak factor, and E is the curvature factor.
By adjusting the stiffness factors, the expression of the tire lateral force can be modified flexibly to
match with the experimental results.
5.3.2 Vehicle handling models

In this study, the electric vehicle with the active front steering is used for studying. Therefore, a

front steer vehicle model is constructed as shown in Fig. 5.5. In Fig. 5.5 and the following equations,

p is the sideslip angle; 7 is the yaw rate; a, and a are the longitudinal and lateral acceleration; v,
is the longitudinal velocity; v is the lateral velocity; V is the velocity vector; 4, is the front steering
angle; 1 ;sl.d,, andd, are the dimensions of the vehicle; m is the mass of vehicle; I, is the yaw
moment of inertia; and N, is the yaw moment which is the result of the different driving torques at the

left and the right sides in-wheel motors.
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Fig. 5.2 The deformation of the tire at different slip angles.
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Fig. 5.5 Planar model of the vehicle with front steering.
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Using the vehicle model in Fig. 5.5 and assume that the tire force is in linear region, the

calculation of the tire lateral forces can be expressed as:

v.B+Ly
fl x f
F == R (54)
VZem oy Y
v B+l
FI'=—, By 7—@, (5.5)
d .
Nt
Fvvr/ —_Cr vxﬁ:llry (5.6)
N5
F;rr :_Cr vxﬂ _dlr}/ (57)
v, +§r;/

5.3.3 Linear model of vehicle

For the sake of simplicity, the linear bicycle model in Fig. 5.6 is widely used in motion control of
the vehicle. This model is constructed under the following assumptions: 1) The tire slip angle is small
such that the tire force is in the linear region. 2) The vehicle is symmetric about the fore-and-aft center
line. 3) The load transfer is neglected. 4) The vehicle velocity is almost constant.

Using the linear bicycle model in Fig. 5.6, the front and rear tire lateral forces can be expressed as

follows:
F,=-2C,a, (5.8)
F,=-2Ca, (5.9)
The front and rear tire slip angle can be expressed as:
l,
a,=B+y=5 (5.10)
l
a,=f-r (5.11)

The lateral force equation and the yaw moment equation can be rewritten as:

F,+F,=mv,(B+7) (5.12)
F,, —F1 +N =1y (5.13)
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.

Initial E Ea;t

Fig. 5.6 Bicycle model of the vehicle on the North-East coordinates.

From (5.8) ~ (5.13), the state space model of the lateral dynamics of the vehicle is established as

follows:
X=Ax+Bu (5.14)
x=[B 7 (5.15)
u=[s, N (5.16)
-2(c, +C)) L 2(c,1,-cl,)
A:{an b11:|: v, mv; (5.17)
a, b, —Z(Cflf — Crlr) —Z(Cfl; + Crlrz)
i Iv,
[ 2c, 0
bll b12 mvr
B= = ’ (5.18)
by bn] |26, |
L IZ IZ

Fig. 5.6 also shows the vehicle on the North-East coordinates. The course angle ¥ is the angle

between the vehicle’s velocity vector and the North. By using a single antenna GPS receiver, the

course angle of the vehicle is measured. It equals to the yaw angle ¥ plus the sideslip angle £ .
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Fig. 5.7 Experimental system.
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Fig. 5.8 GPS interface software and experimental data.

Table 5.2 Specification of the experimental EV

Total mass

400 kg

Wheel base

1.2m

Track-width of rear wheel

0.82m

Height of CG

04 m

Wheel radius

0.26 m

Wheel spin inertia

1.26 kgm®

Yaw moment of inertia

136 kgm®

Energy store (super-capacitor)

210V, 29F, 173 Wh

Main controller

PC104, Linux OS

In-wheel motor type

PMSM

Max. motor power

2kW

Max. motor torque

100 Nm

Max. vehicle velocity

50 km/h
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5.4 Experimental electric vehicle

The micro in-wheel motored EV named ‘“Super-capacitor COMS” developed by our research
group is used in this study (Fig. 5.7). Its specifications are shown in Table 5.2. Two in-wheel motors
are placed in the rear-left and rear-right wheels. Thus, the driving torque of each wheel can be
controlled independently. The active-front-steering is installed so both manual driving and
autonomous driving are available. The EV is equipped with gyroscopes and accelerometers to measure
the yaw-rate, the longitudinal acceleration and the lateral acceleration. Encoders are used to obtain the
steering angle or wheel rotation speed. In addition, a non-contact optical sensor produced by
Corrsys-Datron is used for accurate acquisition of the sideslip angle, longitudinal velocity, and lateral
velocity. In this paper, it is used to evaluate the proposed estimation algorithm. Although it is placed in
the front of the EV, the sideslip angle at the center of gravity can be derived thanks to an
understanding of the vehicle geometry. The RTK-GPS receiver produced by Hemisphere is used in this
study. It can provide not only the vehicle position but also its velocity and course angle. In the RTK
operation mode, the positioning of one-centimeter-accuracy level is achieved. The GPS interface
software is developed to manage, decode, and displace data from the GPS receiver in real time, as
shown in Fig. 5. 8. The RT-Linux operating system computer is used to process the algorithm in

real-time and to collect the experimental data.

State estimation layer

.

_>. ( Velocity J ( Sideslip angle and yaw angle )‘_

0y
Y

Motion control layer

|( Traction J (Lateral stabilit}a ( Attitude J

...............................................................................

Fig. 5.9 Electric vehicle motion control system using GPS.
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5.5 Introduction to the electric vehicle control system using GPS

The electric vehicle motion control system is shown in Fig. 5.9 including three layers. Using the
measurements from GPS and IMU, the state estimation layer outputs the estimated values of
longitudinal velocity, sideslip angle, and yaw angle to the motion control layer. In the motion control
layer, the traction control is established based on the wheel-slip-ratio calculated through estimated
velocity. Lateral stability control is designed thanks to the estimated sideslip angle. Attitude control is
constructed using the estimated yaw angle. The motion control layer outputs the acceleration
command, the yaw moment command, and the front steering command to the actuator control layer.
The actuator control layer distributes the torque to the rear left and rear right in-wheel motors and

controls the front active steering motor.

5.6 Robust estimation of sideslip angle using GPS
5.6.1 Literature review

Using an accelerometer and a gyroscope, sideslip angle estimation methods can be divided into
three groups: kinematic model based estimation [18], [73], nonlinear dynamic model based estimation
[74], [75], and linear dynamic model based estimation [19], [76]. The kinematic model based
estimation is very simple to be implemented. Moreover, it does not rely on tire force characteristics of
the vehicle. However, it uses accelerometers and gyroscopes which are always interfered by strong
noise, offset, and scale errors. Therefore, this method does not satisfy stable and accurate estimation in
the long-term. Although non-linear estimation has been developed theoretically, it is too complicated
to be implemented in real-time. Therefore, linear model based estimation seems to be a suitable choice
when considering both the robustness issue and the computation issue. However, due to the variation
of road conditions, the linear model of the vehicle contains uncertain parameters such as the tire
cornering stiffness. A linear estimator with constant tire cornering stiffness is certainly not robust
enough. In [29], adaptive estimation of sideslip angle, which is the combination of a linear observer
and online cornering stiffness identification, is introduced. This method increases the computational
burden of the control system because it requires a tire force estimator in addition to the parameter
identification. If the road conditions suddenly change (for instance, from high friction to low friction),
accurate sideslip angle estimation is not achieved until the convergence of identified cornering
stiffness.

Recently, sideslip angle estimation using nonconventional sensors has been studied. An on-board
vision system using a camera and image processing can obtain the heading angle of the vehicle for
sideslip angle estimation [77]. However, visibility is not always available, due to bad weather or when
road markers are covered with leaves, snow, dirt, or water. The huge computation time of image
processing results in measurement delay which is a serious problem in estimation design. On the other
hand, based on the differences between the left and right tire lateral force measurements, the sideslip

angle can be identified without cornering stiffness [78]. This method seems to be mathematically
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beautiful from its formulation. However, the possibility of this method for practical application is still
questionable. First, the cost of tire force sensors are high and it is not easy to install this sensor into the
rim of the wheel. Second, this sensor would suffer from strong noise and signal delay. Third, the
influence of load transfer is not considered in this method. Last but not least, the authors use a linear
identification algorithm which is only suitable for slow time-varying parameter estimation. In fact, the
sideslip angle varies quickly and frequently, especially during sharp cornering or slalom driving.

Since the middle of the last decade, global positioning system (GPS) became a candidate for
sideslip angle estimation. Thanks to the development of GPS technology, satellite systems, and GPS
signal correction services, GPS can provide accurate measurement of vehicle motion in the long term
[79]. By using a double-antenna GPS receiver, sideslip angle can be calculated directly considering the
phase shift of carrier waves arriving at two different antennae at known locations on the vehicle [80].
However, this method is too expensive to be used in production vehicles. Moreover, the estimation
period of this method is limited by the poor update rate of GPS receivers. In [81], estimation is design
based on a kinematic model using the fusion of the inertial measurement unit, GPS, and magnetometer.
This method is influenced by the variation of Earth’s magnetic field and other aforementioned
problems of the kinematic method. In [82], Bevly utilized a single-antenna GPS along with a yaw-rate
sensor. This method relies on the integration of yaw-rate measurement to calculate the yaw angle.
Then, the sideslip angle is calculated by subtracting GPS’s course angle with the yaw angle. This
method is very simple but not effectively robust due to many problems, such as the noises and scale
error of yaw-rate sensor and the out-of-plan vehicle motion. In [24], Anderson et al made an advance
of the method in [82] by using the linear bicycle model for estimation design. However, Anderson
used the conventional Kalman filter without any consideration of the model uncertainties or unknown
disturbances. Between two consecutive updates of the GPS measurement, it only relies on the yaw-rate
measurement to estimate the sideslip angle. As a result, the estimation is not robust enough and could
be degraded easily during these intervals.

From the aforementioned discussion, considering both the cost and robustness issues, the
dynamic model based estimation using a single antenna GPS and a yaw-rate sensor could be a good
selection if we can design a robust estimation algorithm. The clear advantage of this sensor fusion is
that the measurement equation does not contain cornering stiffness as any method using lateral
accelerometer does. Moreover, we can combine the advantages of each sensor: accuracy and stability
in long-term GPS and high-update-rate of yaw-rate sensor.

5.6.2 Some previous methods
A. Estimation using yaw-rate sensor and accelerometer

In [76], by using the linear bicycle model, Aoki et al introduce the following observer in the

continuous-time domain:

X=Ak+Bu+K(y—Ci-Du) (5.20)
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aa (=) ]
o[k k] Cr 23 +17)+41,1, i, o1
ky ky | 2+? 62D
21 2 _21_22 m(f+ r)
L (l.f_lr)IZ_

Aoki et al claim that the observer gain K in (5.21) is the best for robust conditions. However,

their proposed observer gain does not satisfy any popular criterion of robust estimation, such as:
Design K that E| (%, = %) (¥, — )" |- min (5.22)
For detailed explanation, k;, is obtained by considering the estimation error of sideslip angle:

ﬁ_ﬁz(ﬁ_ﬂ)(‘ln _kIZVx)_(l_klva)(ail _all)ﬁ-i-(j}_ 7)[“12 _klzvx(a12 +1)_k11
_(l_kIZVX)(a;2 _a12)7+(1_klzvx)(b11 _b;l)af

(5.23)

where a,,,a,,, and b, are the real values of the vehicle dynamics model; «,,a,,, and b, are the
nominal values of the estimation model.
According to Aoki et al, under the assumption that 7=~y the “best” condition for robust

estimation is that 1—-k,v, =0, in other words &, = 1
’ u

X

B. Estimation using yaw-rate sensor and GPS
Following the idea in [24] and [82], the course angle from GPS can be a measurement and the

yaw angle can be another state along with the sideslip angle. The following model is established:

%=Ax+Bu (5.24)

x=[8 v vl u=[s, N.]T (5.25)
a, a, 0 b, b,

A=|a, ay, 0|, B=|b, by, (5.26)
0O 1 0 0 O

The above continuous time model can be transformed into the discrete time model with

fundamental sampling time 7, using the following transformation:
T,

A =e"", B =[e"drB (5.27)
0

To provide the state feedback control, T, is set to be the same as the period of the control input u.
(for instance, T, = 1 millisecond). In our system, the sampling time of GPS course angle is rT, where r
is the dual-rate ratio which is an integer number. For the sake of simplicity, we assume that the
sampling time of the yaw-rate sensor is also 7. A stochastic discrete-time system can be established as

follows:
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Xy = Ax, + By, +w, (5.28)
¥, =C.x, +9,v, (5.29)
01 0] 1\l LO] el
l = Jr 1 = Jr
101 / 01 /
- 5= (5.30)
01 0] .y O] s
l r l r
00 0 J 00 /

. . . . T
where wy and v, are Gaussian noises with zero means, the measurement vector is Y, =[7k Zk] . The

second row of the measurement matrix is set to zero during the periods that GPS measurement is
unavailable.

Then, a conventional estimation method, such as the standard Kalman filter [12] can be applied to
design the estimation:
e =A% +Bu, +L, (y, —C,%,) (5.31)
C. Estimation using yaw-rate sensor and GPS based on innovation holding scheme

According to the above method, during the period that GPS measurement is unavailable, the
sideslip angle is corrected only by the innovation from yaw-rate measurement. Notice that the
yaw-rate measurement suffers from the scale error, noises, sensor bias. Moreover, the modeling may
have uncertainty, the cornering stiffness is a time-varying parameter, and the external disturbance like
wind force is unknown. Therefore, during the GPS-unavailable-periods, the estimation accuracy is
degraded. To improve the estimation accuracy, it is possible to utilize the innovation holding method
which is introduced in Chapter 1. This method is originally proposed by Hara et al [37].

Define y;; as the yaw-rate measurement and y,, as the course angle measurement. The

measurement equations (without noises) can be expressed as:

Vi = G, (5.32)
C. =[0 1 0] (5.33)
Yai =Ch %, (5.34)

(5.35)

G {[o 0 0] if k=jr

Assume that # = jr, the GPS measurement is updated. The estimation algorithm can be expressed

1[0 0 0] if k=jr

2.k T

o1 k=i, {[1 01 ifk=jr

as follows:

At“%r + Btut + Ll,t (yl,t - Cl,r)%r )+L2,t (yz,t - C2,t52r ) fOI‘ i=0

P ' A . (5.36)
o {Awixkﬂ + Br+iur+i + Ll,r+i (yl,t+i - Cl,t+ixt+i )+L2,t+i (yz,r - C2,txt) fOl" Le [1’ r _1]

The innovation of the GPS measurement (J’2,z - Cz’,fc ) is stored for contributing the correction

during the GPS-unavailable-periods. The observer gains L,;,; and L,,; can be obtained through

pole-placement.
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5.6.3 Estimation using yaw-rate sensor and GPS based on disturbance accommodation
A. Disturbance accommodation

All three above sideslip angle estimation methods fail to deal with model uncertainties and
external disturbances. In this sub-section, we will propose a more robust estimation algorithm. Firstly,
let’s go back to the decade of 1970s when Johnson introduced the concept of “disturbance
accommodation” [83]. His idea is that we might introduce to the linear system a disturbance term
along with the disturbance’s dynamics to establish an extended state linear system. By this way, the
robust of the linear regulator can be improved by the estimation of both the state and the disturbance
term. The disturbance accommodation control is applied to motion control of a helicopter in [84].

Utilizing this idea, we introduce the disturbance term into the stochastic dynamics in (5.28):

X =AX + By +1x, , +w, (5.37)
where
T
Xax = [xdl,k xz[2,k:| (5.38)
1 0
I,=101 (5.39)
0 0

Assume that the disturbance term is a random-walk process:
Xy a1 =Xgp T Wy (5.40)
where w, is the Gaussian noise associated with the random-walk.

The extended system is established as:
X, =AX +BU +W, (5.41)
Y, =

X, +0V, (5.42)

} Yk =y, (5.43)

=C,
ol
[ Lo U LJ E"{[oij’ C=c [0],,] 8.=5, (5.44)
[WJ (5.45)

The covariance matrices of the noises are:

_ R 0 _
R,=| " 10}, ,R,=R, (5.46)
[0]2><3 Rwd,k

where R,,; and R, are covariance matrices of the process noises; R, is the covariance matrix of the

measurement noises. We can assume that they are diagonal matrices:

R, =diag(e,o,,,), R, , =diag(a,,a), Rvk—dlag( O oo GPS) (5.47)
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where o,,,, and ogps are the covariance of the yaw-rate measurement and course angle measurement

from GPS. The set (051,052,0(3,0(4,055,0' chs) are tuning parameters of the estimation. In this

gyro?

study, trial-and-error was conducted to select the suitable values of the tuning parameters.
B. Estimation algorithm

The estimation algorithm is based on the Kalman filter in which the estimation gain is designed to
minimize the estimation error covariance. The algorithm is expressed as follows, including two stages,
the prediction and the correction.

Initial condition:

o T — .
Xo\():[ﬁo Yo Yo Xao xdz,o] ’ R)\o:dlag(Pll’Pzz’Pﬁ’Pszss) (5:48)

Prediction stage:

- Predicted state:

A A

X =AX o +BLU (5.49)
- Prediction error covariance:

By =A_P , AL +R,, (5.50)
Correction stage:
- Estimation gain:

L, =P, Cl(CP, . C +5R,35") (5.51)
- Corrected state:

X=X, +L, (Z -C, )?HH) (5.52)
- Correction error covariance:

B, =(I-LC,)B,, (5.53)

5.6.4 Simulation and experimental results

Four methods of sideslip angle estimation are performed for comparison. They are summarized in
Table 5.3. Except Method 2, other three methods are dual-rate estimation with dual-rate ratio r = 100.
A.  Simulation results

Simulations are performed using Matlab/Simulink with the conditions as bellow:
- Model uncertainties: The tire cornering stiffness of vehicle model are Cs = C,, = 7000 (N/rad).
However, the estimation model is established with C;, = C,,, = 10,000 (N/rad). In other words, the
uncertainties of 4Cy= AC, =-3000 (N/rad) are introduced.

- Disturbances: Lateral wind force is simulated as unknown disturbance. The general disturbance
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terms including model uncertainties are simulated as follows:

-2(AC, +AC,)  =2(AC,1,—ACl) 2AC, |

d = it B+ pow v+ "y 5f+mux F, (5.54)
—2(AC,l1, —AC I —2(AC,IZ +AC I 2AC, I,

L= ( flf ”),B+ ( flfu )7+ Iff 5f+IlNd (5.55)

where F,; and N, are the unknown disturbance force and the unknown disturbance yaw moment.

- Vehicle runs in a slalom test at the velocity of 25 kph.

- A scale error of 0.9 is introduced to the yaw rate measurement. This is to simulate the incorrect of
yaw rate measurement in real time operation.

The simulation results are shown in Fig. 5.10, including the course angle measurement, the yaw
rate estimation, and the sideslip angle estimation. Due to the use of yaw rate with scale error and
model uncertainty, the estimation results of Method 2 are considerably inaccurate. Thanks to the
utilizing of GPS course angle, Method 3 provides much better estimation in comparison with Method 2.
However, the estimation results from method 3 are non-smooth, especially the sideslip angle. As
shown in Fig. 5.10 (d), the estimation error of Method 3 is reduced when a course angle is updated.
However, during the GPS-unavailable-periods, Method 3 is strongly influenced by model uncertainties
and disturbances. Method 4 holds the course angle innovation during the GPS-unavailable-periods to
attain the smoother estimation in comparison with Method 3. Thanks to the disturbance
accommodation, the proposed method (Method 1) achieves the best estimation performance. The
smooth estimation performance of Method I can be explained by two reasons: First, the course angle
is accurate without scale error. Second, the disturbance is estimated to compensate the model
uncertainties and the external disturbances (see Fig. 5.10 (e) and Fig. 5.10 (f)).

Notice: Data of the estimation results of the disturbance terms in case of cornering test are shown in
the Appendix 2.
B. Experimental results

Experiments are performed under the same conditions as simulations. Four sideslip angle
estimation methods are implemented using C-programming. RTK-GPS receiver is set to output the
data every 100 millisecond. Experiments are conducted under clear sky for good GPS signal.
Trial-and-error is used to tune the noise covariance matrices. The optical sensor produced by
Corrsys-Datron is used to obtain the sideslip angle measurement. The results of experiment are
demonstrated in Fig. 5.11, including measured course angle, estimated yaw rate and sideslip angle. As
the simulation, Method 2 which uses IMUs is poorest. By using GPS, Method 3 and Method 4 are
shown to be superior, but they are still sensitive to model error and disturbances. Especially, Method 3
is non-smooth and might result in uncomfortable driving feeling if this method is used in vehicle
motion control system. The proposed method (Method 1), on other hand, is robust enough to the
uncertainties.

The idea of Method 4 is to hold the GPS measurement’s innovation to fulfill the correction stages.
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The proposed method (Method 1) also fulfills the correction stages, but with the estimation of the
disturbance term. From the simulation results and experimental results, the proposed method, even
heuristic to some extent, is shown to be robust to model uncertainty and external disturbance.
Therefore, it can be utilized for vehicle motion control system.

For quantitative comparison, root-mean-square deviation (RMSD) of each method is calculated
using the following formulation:

N A
RMSD = \/%Z(X X))

J=1

(5.56)

where N is the number of samples, X ; and X, . represent the estimated and measured value at jth

sample.
The RMSD results are summarized in Table 5.4 where the proposed method (Method 1) attains
the smallest RMSD values.

Table 5.3 Description of four sideslip angle estimation methods

Number Description Outputs Inputs
Method 1 The proposed estimation using yaw-rate | + Yaw-rate sensor + Front steer angle
sensor and GPS based on disturbance
accommodation in dual-rate Kalman filter. + GPS course angle + Yaw moment
Method 2 Estimation using yaw-rate sensor and lateral | + Yaw-rate sensor + Front steer angle
accelerometer with robust observer gain
proposed by Aoki et al. + Accelerometer + Yaw moment
Method 3 Estimation using yaw-rate sensor and GPS | + Yaw-rate sensor + Front steer angle
based on conventional dual-rate Kalman
filter. + GPS course angle + Yaw moment
Method 4 Estimation using yaw-rate sensor and GPS | + Yaw-rate sensor + Front steer angle
based on innovation holding linear observer.
+ GPS course angle + Yaw moment
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Fig. 5.10 Simulation results of sideslip angle estimation.
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Table 5.4 RMSD of four estimation methods

Estimation method RMSD of experiment RMSD of simulation
Sideslip angle Yaw rate Sideslip angle Yaw rate
[rad] [rad/s] [rad] [rad/s]
Method 1 0.36x107 0.86x107 0.16x107 0.23x107
Method 2 1.31x107 5.61x107 1.30x107 5.60x107
Method 3 0.88x107 3.56x107 0.61x107 2.41x107
Method 4 0.56x107 2.52x107 0.36x107 1.44x10°

5.7 Lateral stability control using GPS
5.7.1 Control system design

In daily driving, there are many situations that the drivers want to perform the lane change or
cornering. In these situations, it is very important to control both the yaw-rate and the sideslip angle of
the vehicle. Otherwise, the yaw-rate and sideslip angle might increase considerably that the vehicle’s
behavior cannot follow the driver’s will. For example, spin motion of the vehicle may results in
serious accidents. Therefore, every vehicle must be installed the lateral stability control system to
manage the yaw-rate and the sideslip angle. On commercial car, this system can be named Electronic
Stability Program (ESP) in Volkswagen or Lamborghini, Vehicle Stability Assist (VSA) in Honda,
Dynamic Stability Control (DSC) in Mazda, etc.

The block diagram of the lateral stability control system proposed in this thesis is shown in Fig.
5.12. The disturbance accommodation Kalman filter (DACKF) proposed in the previous section is
used to provide the estimated state. The upper-layer based on 2DOF controller and disturbance
rejection is used to control the yaw-rate and the sideslip angle. It outputs the front steering command
and yaw moment command. These commands are fed to the lower-layer to control the active front

steering systems and distribute the torque to the rear-left and rear-right in-wheel motors.

Upper Layer Lower Layer
B, Gyro ¥
o, 7. v
md_ | Reference d EV DACKF
Model
GPS

Fig. 5.12 Lateral stability control system based on DAKF using GPS and yaw-rate sensor.
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A. Reference model
The reference model is obtained based on the steady state response of sideslip angle and yaw-rate
from the front steering command J,,,; and the nominal values of the tire-cornering stiffness. Using the

linear bicycle model, the reference values are calculated as:

1— m lf I/t2

p 21, +1) Gl s

= : - . 5.57

¢ 1+ Gu? (1, +1) ond (>37)

— 1 ux 5

= 5.58
}/d l+ Gl/if (lf + lr) cmd ( )
where
G=—m _Cul=Cyls (5.59)

2(1,+1)  CnCa
B. Upper-layer

The upper-layer includes the feed forward controller, the feedback controller, and the disturbance

T
rejection. The nominal transfer function from the input [5 . NZT to the controlled state [ B ﬂ is

derived as:
-1
a a b b
I)n :[S[I]2X2_|: nll n12:|] |: nll n12:| (560)
a1 4 by by
where a,;;, ..., @n22, buit, - .., by are computed from the nominal parameters of the bicycle model.
b8 + 5,014, = 0,114, b,
> — (5=, )(S =) =G, (S=a,)(S—a,y) = a,5a,5, (5.61)
b1 +0,114,5 — 0,219, b22S = b5y,
(5=, ) =) =G, (S, )(S—a,) = 0,54,
The feed forward controller is designed as the inverse of the matrix P,
C.=pP'= Cff“ sz (5.62)
7 " C_f/’Zl Cff22

The desired closed loop system including the feedback controller and the plant (EV bicycle
model) is expressed as:

K, 0
s+Kg,
leesirezl = K (563)
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Fig. 5.13 Front EPS motor.

In (5.63), the cut-off frequency K and K, can be determined by trial-and-error experiments. If the

cut-off frequencies are too low, the response of the sideslip angle and the yaw-rate are too slow to

track the vehicle motion with the desired motion. On the other hand, it is impossible to set the cut-off

frequencies too high due to the limitation of the actuators’ capability. The feedback controller is

obtained by solving the following matrix equation:
-1
([I]zxz + PnCﬂv) Pncfh =P e
The formulation of the feedback controller is:

) o Cﬂ,“ th12
Cfb =P, IPdesired ([I]2><2 = Fsirea ) - |:Cfb21 Cfb22i|

Finally, the disturbance rejection matrix is calculated as:

-1
Cdl-s — |:lb7n11 ian :|
n2l n22

The command from the upper-layer is obtained as:

0, B ﬂd—,l;' B, B X4
{Ng}_cﬁ[%_7}+cﬁ{7j Cm[’edj

C. Lower-layer

(5.64)

(5.65)

(5.66)

(5.67)

The yaw moment is generated by distributing the different torques to the rear-left and the

rear-right in-wheel motors. The torque of each in-wheel motors are obtained by solving the following

equations in real time:

_76_



004 T T T T T 02 T T T T T
| ,,‘r-'“'l\ L | | m—— Gamma reference
=N==——=——- .
| I T 0 ey | == == Without control
1]
1 i 1 1 1 1 A T With control
—_ 777\,3“4\777\777\77\77 %_ |
g 0.02 T" I [ I g 0.2
E | 1 1 1 1 s
& 0.01F-- === Beta reference g 04 -
©
==+==Without control O]
0 $T T With control 0.6F - -
o
_0.01 | 1 | 1 1 _0.8
1 2 3 4 5 6 7 1
Time [s] Time [s]
(a) Sideslip angle. (b) Yaw-rate.
300 T \ I 0.02 T i i I
B e T — ! Steer command
] 0— AFS control
00— = 0.02 I
: g .
z i ‘ . W -0.04 e
e 1r | © | |
2 P : o
- ; | - - S 0.06 e EEE
H | | L L
200p ] 008 IR
Eoo ! ! T Fevsrseepeesanaed
_300 I 1 L 1 1 _0.1 L |
1 2 3 4 5 6 7 4 5 6

21 r r

Chapter 5: Motion Control of Electric Vehicle Using GPS

(¢) Yaw moment

(d) Front steering angle

Fig. 5.14 Simulation results of lateral stability control.

(5.68)

i{T_&_T_&]ZN*
T

Teg + T, =T,
where r is the wheel radius, T,. is the acceleration command given by the driver, and d, is the
track-width between two rear wheels. T, and T, are the rear-left and rear-right in-wheel motor’s
torque, respectively.

An EPS motor is utilized for generating the front steering angle (Fig. 5.13). Thanks to the EPS,
our system enables the steer-by-wire mode in which the steering command is generated by program
without the driver’s handling.

5.7.2 Simulation and experimental results
A. Simulation results

The simulation of lateral stability control is performed using Matlab/Simulink. The following
conditions are set:

- Model uncertainties: The tire cornering stiffness of vehicle model are Cs = C,, = 7000 (N/rad).

However, the estimation model is established with C;, = C,,, = 10,000 (N/rad).
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Fig. 5.15 Experimental results of lateral stability control.

- Disturbances: Lateral wind force is simulated as unknown disturbance. The wind force starts from 4
second.
- Vehicle runs in a cornering test at the velocity of 25 kph.

The simulation results are summarized in Fig. 5.14. In case of without control, the front steering
angle is the same as the steering command and the yaw moment is zero. In this case, both the yaw-rate
and the sideslip angle increases in comparison with the desired values. Moreover, the disturbance
considerably influences the vehicle motion, as can be seen in the response of the yaw-rate and sideslip
angle after 4 second. In contrast, while the proposed stability control system is applied, active front
steering angle and yaw moment are generated to track the sideslip angle and the yaw-rate with their
desired value. From 4 second, the disturbance only has little influence to the vehicle motion.

B. Experimental results

The cornering tests are conducted and the results are summarized in Fig. 5.15. The conditions are
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set the same as the simulation. The steering command and the front steering angle are generated by the
program without the driver’s handling. In case of without control, both the sideslip angle and the
yaw-rate increase over their references. In contrast, when the proposed lateral stability control is
utilized, the response of the sideslip angle and the yaw-rate can follow the references. This means that

the stability of the EV is improved.

5.8 Attitude control using GPS
5.8.1 Introduction

In recent year, autonomous vehicle technology has been developed drastically to improve the
safety and the comfort of the transportation. Besides the famous Google car, a number of works on
autonomous driving can be found from literature review [85], [86], [87], [88], [89]. However, almost
the previous works focus on the navigation and the guidance algorithm, such as position estimation or
path planning. Less effort is paid to autonomous driving from the view point of motion control. In the
autonomous vehicle system, the guidance layer outputs the attitude command, often represented by
yaw angle, and velocity command. Therefore, yaw angle control should play an essential task in
autonomous driving. Its function is to change the attitude of the vehicle to track with a desired path
generated by the path planning layer.

In low cost autonomous vehicle, course angle measured by single antenna GPS receiver can be
used as the feedback of the vehicle attitude [90], [91]. However, course angle is not actually yaw angle,
but the yaw angle plus the sideslip angle. Moreover, the update rate of GPS data is from 1 Hz to 50 Hz
which is very slower in comparison with the control period of the actuator-the electric motor servo
control. Therefore, yaw angle feedback cannot be updated at every control period. Thus, using only
single-antenna GPS would limit the performance of the yaw angle control. On the other hand, Bevly et
al propose that the yaw angle can be calculated directly by using double-antenna GPS receiver [22].
However, the cost of the double-antenna GPS system is very expensive. Moreover, this method cannot
improve the update rate of yaw angle measurement. Thus, it requires the fusion of double-antenna
GPS with IMU. As proposed in chapter, besides the sideslip angle, yaw angle can be estimated (at high
rate) through the fusion of a single-antenna GPS with yaw-rate sensor. Transparently, this is a cost
affordable method for yaw angle control system.

In this thesis, the yaw angle control system is introduced based on the disturbance
accommodation Kalman filter. Some previous works just realize yaw angle control by simple feedback
controller like PD or PID [92], [93]. To improve the robustness of yaw angle control, this thesis
proposes the 2-degree-of-freedom control with disturbance observer. The front EPS is selected as the
actuator of the yaw angle control system.

5.8.2 Modeling
A.  Dynamic model

Using the linear bicycle model, the transfer function from the front steering angle to the yaw
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» FEast
Fig. 5.16 Vehicle motion on the North-East coordinates.
angle is derived as:
l//(s) b21s+(a21b11 _a11b21)
P(s)= S =— > (5.69)
i (S) s+ (_au _azz)s + (auazz — a0y, )S

B. A simple model

Fig. 5.16 shows the vehicle motion on the planar coordinates. Point O is the instantaneous rolling
center of the vehicle. It is the intersection of lines AO and BO which are perpendicular to the
orientation of the front and rear rolling wheels. OG is the instantaneous radius of the vehicle path.

Apply the sine rule to the triangles OGA and OGB, the following geometric relationships are derived:

tan(@)cos(ﬁ)—sin([)’):% (5.70)
sin(f) = Olr (5.71)

Adding the above two equations together:

tan(3, )eos (8) = (5.72)

Assume that the vehicle velocity is almost constant and the radius of the vehicle path does not
change quickly, the rate of change of orientation of the vehicle would be equal to the angular velocity

of the vehicle. In other words:

_80_



Chapter 5: Motion Control of Electric Vehicle Using GPS

" Gyro
Yaw angle ) ; JEy T
reference GPS-‘_
| Kalman :|
filter <
w
Fig. 5.17 Yaw angle control system.
. UuCcos
T xeost f) tan(d, ) (5.73)

T0G T I+,
Assume that the steering angle and the sideslip angle are small, we can obtain the simple model

of yaw angle:

u
y=—=_5 (5.74)
I, +1, 77

5.8.3 Control system design

The yaw angle control system is shown in Fig. 5.17. The disturbance accommodation Kalman
filter is used to estimate the yaw angle along with the sideslip angle. Front EPS angle is used as the
control signal.
A. Yaw angle reference

Autonomous navigation can be classified into three strategies: point-to-point, path following, and
trajectory tracking [94]. Using the point-to-point navigation, the desired yaw angle to navigate the

vehicle from point A;(x;, y;) to point Ax(x,, y) is calculated as:

1l X5 — X
tan ](#j (y,>w)

V2= N
v = ﬂ—tan"l(xz_xll (¥, <Y, X, > X,) (5.75)
Yo =W

X, — X
tan~" (ﬁj—n’ (v, <y,x,<X)
2 1

A path can be divided into number of segments, for instance A;A;, AyAs,..., A, 1A, In each

segment, yaw angle reference is kept constant.
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Fig. 5.18 Q-filter design for DOB (plot at the speed of 25 kph).

B. Disturbance observer (DOB)

DOB was firstly introduced by Ohnishi [95] and then further refined by many research groups.
According to this method, the feedback loop includes a model of the dynamics of the exogenous
reference and disturbance signal, called nominal internal model. By carefully designing the nominal
model and a Q-filter, the perfect asymptotic tracking and disturbance compensation are achieved. Until
now, DOB has been widely applied as a robust motion control method.

As shown in (5.69), the model of yaw angle dynamics contains cornering stiffness which is the
time-varying parameter. A controller which is designed using constant cornering stiffness would be not
as robust enough as requirement. Moreover, the yaw motion may be interfered by disturbance like the
wind force. Therefore, to improve the robustness of yaw angle control, DOB is applied. It is possible
to utilize the simple formulation in (5.74) to obtain the following nominal model:

u, _&
Pn(S)—m— P (5.76)

The nominal model does not rely on tire cornering stiffness, but just the velocity and vehicle
geometric distances. The yaw model can be expressed as nominal model with multiplicative
perturbation as model uncertainties:

P(s)=P,(s)[1+A(s)] (5.77)
where A(s) is a proper boundary and stable transfer function representing the model uncertainties.

The model uncertainty transfer function is calculated as:

P(s)—F,(s)

A(s)= P0)

(5.78)

Generally, both disturbances and model uncertainties are regarded as equivalent disturbance in
DOB. The DOB is designed to compensate the equivalent disturbance, and the inner-loop is forced to

be approximately nominal model. Robust stability of inner-loop is assured if Q-filter satisfies the
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following condition for all frequencies:

; 1 5.79
lo(jw)| < 3@ (5.79)

Because the nominal model is the first order, Q-filter is selected as a first order low-pass-filter.

@,
s+,

Q(s) = (5.80)

The cut-off frequency of the Q-filter is selected as 20 Hz in this paper. Fig. 5.18 shows that even
the cornering stiffness varies (at the speed of 25 kph), the magnitude of the Q-filter is always bounded
by the magnitude of the inverse of the uncertainty transfer function. In other words, the robust stability
condition is satisfied.

C. Feedback and feed-forward controller
The feed-forward controller can be designed as the inverse of the nominal model:

Cp(9)=7 s (5.81)

n

Notice that the inner-loop with DOB can be approximately the nominal transfer function. The

feedback controller can be designed using PI regulator follows:
k,
C,(s)=k,+ ?’

k, = —w (5.82)
5

S
|
k, =12

n

where s; and s, are two desired poles of the close-loop.
5.8.4 Simulation and experimental results
A.  Simulation results

The simulation is to test the ability of the control system to keep the vehicle motion
straightforward to the North (desired yaw angle is zero). Simulation is performed at the speed of 25
kph. Strong lateral wind force starts to exert onto the vehicle after the simulation starts 2 second. Yaw
angle control by only feedback controller (PD) is also performed for comparison. The PD controller is
designed based on pole-placement using the transfer function of yaw dynamics expressed in (5.69).
Uncertainty of cornering stiffness is introduced such that C/Cy, = C,,/C,,, = 0.7.

Simulation results are summarized in Fig. 5.19, including the response of the yaw angle, the front
steering angle, and the vehicle trajectory. In case of without control, the front steering angle is always
zero. As the results, the vehicle cannot follow the straightforward direction to the North under the
influence of wind force. If the PD controller is applied, it takes a long time for the vehicle to recover
the desired direction, but lateral position off-set occurs. Thanks to the proposed control system with

DOB, the disturbance is suppressed and model uncertainty is compensated. Consequently, the vehicle
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can quickly recover the reference yaw angle. Moreover, the lateral position error of the proposed
control system is considerably reduced in comparison with that of the PD controller.
B.  Experimental results

To evaluate the proposed yaw angle control scheme, we conduct the autonomous driving test. In
the first experiment, the vehicle trajectory is desired to be parallel with the direction of the test course.
Yaw angle reference is pre-calculated by using (5.75). Experimental results including yaw angle
response, front steering angle, and vehicle trajectories are shown in Fig. 5.20. In case of without
control, the front EPS motor always keeps the front steering angle to be zero. Therefore, the yaw angle
and trajectory of vehicle cannot follow the references. In contrast, when applying the proposed control
scheme, the front steering angle is generated to compensate the influence of disturbances. As a result,

the tracking of yaw angle and trajectory are successfully achieved.
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Fig. 5.19 Simulation results of attitude control based on yaw angle control.
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Fig. 5.20 Experimental results of attitude control based on yaw angle control.
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Fig. 5.21 Longitudinal model.

5.9 Traction control using GPS
5.9.1 Longitudinal model
The longitudinal model (one-wheel-driven) of the vehicle is shown in Fig. 5.21. Assume that the

vehicle is in acceleration mode, the following equations demonstrate the longitudinal motion:

1,0=T, —rF, (5.83)

my,=F, —F, (5.84)

1=rP"V (5.85)
rao

where F, is the driving force at tire-road contact path, F, is the driving resistant force, T, is the motor
torque, r is the wheel radius, m is the vehicle mass, /, is the wheel moment of inertia, 4 is the wheel
slip ratio.
5.9.2 Control system design

To maintain the safety traction on slippery road, the wheel slip ratio control is designed. The
control system is shown in Fig. 5.22. Taking the advantage of EVs, the in-wheel motor torque is
selected as the control signal. The sliding mode controller is utilized for wheel slip ratio control.
A. Design of longitudinal velocity estimation

Assume that the vehicle is running in the straight direction, the following dual-rate model is

established for longitudinal velocity estimation:

{x,m =Ax, +Bu, +w, (5.86)
Y = Cox, + 6,
X =Vl =05 Vi = Vaps i (5.87)
if GPS data update: C, =0, =1
A=1 B =T, 1. . (5.88)
if GPS data unavailable: C, =6, =0

where v, is the longitudinal velocity, a, is the longitudinal acceleration obtained by accelerometer, w;

and v, are Gaussian noises.
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Fig. 5.22 Wheel slip ratio control system.

A dual-rate Kalman filter is used to estimate the longitudinal velocity. Then, using (5.83) the slip

ratio is computed.
B. Design of the sliding mode controller
From (5.83)~(5.85) the dynamics model for slip ratio control is established as:

: v v v v
A=—2A4+—2_T -2 __ X F 5.89
v Igyet " v, [ -89

x

The sliding surface, the reaching law, the Lyapunov function V and its derivative are expressed as

follows:

Sz(ﬂ,—ﬂ*) (5.90)

S =-LS —Qsat(S) (5.91)
_1¢

V=3 (5.92)

V =8S =-LS*> — QSsat(S) (5.93)

In (5.91), L and Q are selected as positive constants. Thus, the derivative of the Lyapunov
function is always negative. In other words, the stability of the control system is confirmed. A sliding

mode control law is obtained as follows with the estimated slip ratio and the observation of driving

force:

A

v.
1,

@

2| A
” =I‘”§L‘” v—‘(l—/i)+/i* +—2=F, — LS — Qsat(S) (5.94)

<>

The driving force observer is an advantage of in-wheel electric vehicles. The design of driving

force observer can be found in many papers, such as in [68].
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Fig. 5.23 Longitudinal velocity estimation using GPS.

Fig. 5.24 Traction control on slippery road.

5.9.3 Experimental results

The experimental results of longitudinal velocity estimation using GPS is shown in Fig. 5.23. In
this test, the GPS update rate is 5 Hz, but the velocity can be estimated at the rate of 1 kHz. Comparing
with the longitudinal velocity measured by optical sensor, the estimated velocity is accurate enough
for motion control.

The low friction sheets covered with water is placed on the test course to simulate the slippery
road (Fig. 5.24). The driver accelerates the vehicle from a starting point near by the low friction sheets.
Because the vehicle motion is straight in this test, it is necessary to show the results of only one wheel
(the rear left, for instance). In case of without control, the motor torque is kept constant as the driver’s
command (Fig. 5.25 (a)). As the results, the wheel slip ratio increases considerably (Fig. 5.25 (b)) and
the slip occurs. When the proposed slip ratio control based on sliding mode theory is applied, the
motor torque is controlled and reduced in the low friction sheets as shown in Fig. 5.26 (a). Wheel slip

ratio follows the reference value of 0.1 (Fig. 5.26 (b)) and the safe traction of EV is achieved.

_88_



Chapter 5: Motion Control of Electric Vehicle Using GPS

120
| | |
| | |
100F==== ERREEEEEE R
| | | |
80f - - - - - - !
‘ —— Wheel torque |
e RREEEEERS o :
= | | | 2 |
| | | « |
EO oz [T Wimenl |
| | | | | |
o0l -] beem
e e
o R
| | | | | |
| | | | | |
20 ! L | 02 . j j
24 2.6 2.8 3 3.2 2.4 2.6 2.8 3 3.2
Time [s] Time [s]
(a) Wheel torque (b) Slip ratio
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Fig. 5.26 Longitudinal motion on slippery road (with control).

5.10 Discussion

In this chapter, we design the electric vehicle motion control system based on the fusion of GPS
receiver with inertial sensors. The main contribution of this chapter is to utilize the disturbance
accommodation Kalman filter to enhance the robustness of sideslip angle estimation using single
antenna GPS and yaw-rate sensor. Simulations and experiments are performed to verify the advances
of the proposed estimation in comparison with other estimation methods. Besides the sideslip angle,
the yaw angle and the longitudinal velocity are estimated using GPS. Three motion controls of EV are

designed and tested: lateral stability control, attitude control, and wheel slip-ratio control.
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Chapter 6:
Motion Control of Chip Mounting Machine

“Computers are incredibly fast, accurate, and stupid- Human beings are incredibly
slow, inaccurate, and brilliant- Together they are powerful beyond imagination-”
Albert Einstein

6.1 Chip mounting machine

Chip mounting machine is a type of industrial machine which uses electrical actuators to place
the chips onto a printed circuit board. To satisfy the development of electronic devices manufacturing,
chip mounting is desirable to perform high speed and high precision operation. Fig. 6.1 shows the
photo of the chip mounting machine model CM602-L produced by Panasonic. With 12 nozzles, it can
mount one hundred thousand chips per hour with the accuracy of +40u/chip.

There are two main tasks in the operation of a chip mounting machine. The first is to detect the
position to place the chip. The second is to move the nozzle (as fast as possible) to the desired position.
To perform these tasks, a chip mounting machine can be equipped with a vision system and the motor
servo systems. Fig. 6.2 shows the basic component of the chip mounting machine with the nozzle, the
camera, the two linear motors as actuator, and the circuit board. The vision system serves as the “eyes”
while the motor servo systems are the “hand” of the machine. The design of the controller that

manages the “eyes” and the “hand” is our interests in this study.

Fig. 6.1 Chip mounting machine CM602-L (Panasonic).
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Fig. 6.2 Main components of a chip mounting machine.

6.2 Visual servo - the key of chip mounting machine

Since the early works by Shirai and Inoue [96], visual servo has been considerably developed and
widely applied in various automated manufacturing systems. Visual servo is a promising solution in
assembling machine of electronic products which requires high speed and high accuracy. As the
miniature component trend in electronic devices, it is essential to overcome the possible position
errors due to the inevitable reasons, such as operating temperature, ageing of machine, vibration
induced from environments, and the dispersion among components, etc.

The two main tasks of the chip mounting can be realized using the visual servo. The operation of
the visual servo for chip mounting is demonstrated in Fig. 6.3. For the sake of simplicity, one-axis
motion is used for explanation.

(a) The nozzle N is attached with a camera C. From the initial position, the linear motor
moves the nozzle (with camera) along the X axis in the non-visual servo mode because
the target is not detected. The distance F represents the visible field of the camera.

(b) The target T is detected when it is insight the field F. Based on the image processing, the
relative distance between the target and the vertical axis of the nozzle is calculated. Right
after that, the visual servo mode starts. The control system generates the command to the
linear motor drives that the nozzle is moved toward the target position.

(© The goal of the visual servo is that the vertical axis of the nozzle can finally match with

the target position.
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\ /T

-

(a) Non-visual servo mode

N .

-

N

(c) Target tracking

Fig. 6.3 Visual servo operation in chip mounting machine.
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6.3 Experimental setup of a visual servo system

In order to develop the key technology for chip mounting machine, we focus on the visual servo
control in this study. A one-axis system is established for the sake of simplicity.
6.3.1 Experimental system
A. System specification

The experimental system used in this research is shown in Fig. 6.4. It consists of a
one-axis-linear-stage, a high speed CMOS camera, a motor driver, an image processing unit (IPU), and
a motion control unit (MCU). The specifications of the system are summarized in Table 6.1. The target
is a black line drawn on a plastic plate which is placed in parallel with the linear stage. Visual
information from the camera mounted on the stage is transferred to IPU to obtain the relative position
between camera and target center. The position of camera on the stage is measured by linear encoder.
The MCU generates the current command to drive the linear motor such that the camera axis is moved
to track the target center line with the accuracy less than 3um.
B. Experiment method

The experiment is conducted as follows. At the initial status, the distance between the camera and
the target is L+4L as shown in Fig. 6.5 (a). Here L represents the default movement of the linear stage
while 4L is a random number standing for environmental error. AL is assumed to be smaller than a half
of the camera’s visible field which is 2.5 mm in this research. From the initial position, the camera is
moved toward the target in non-visual-servo mode over the distance L. When the target is detected by
the IPU, visual servo mode starts for target tracking, as shown in Fig. 6.5 (b) .
C. Problems of the system

The sampling time of the relative position measurement is 2 ms which is 20 times longer than the
control period of linear motor drive. Moreover, time delay of the IPU is found to be 3 ms which is 30

times longer than the motor control period, as demonstrated in Fig. 1.6.

Camera axis
‘ Target
N Lincar = =
stage I |H.| CMOS camera
Visual information Lrl
IPU |¢
DriVen current Linear stage
Motor * |
Drive - Encoder
Linear motor

Stage position

Fig. 6.4 Main components of a chip mounting machine.
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L+AL

View field R

/ Target

CMOS camera

S5

Linear stage

| 5 | Encoder
Linear motor

(a) Initial status when the distance is L+ AL.

ALI
<A

View field

Target

| — \ | —
X CMOS camera
L

Linear stage

| _ | Encoder
Linear motor

(b) Visual servo starts as the target is detected.

Fig. 6.5 Operation of the experimental system.

Table 6.1 Specification of the experimental system

Linear stage
Acceleration 4G
Maximum velocity 700 mm/s
Position accuracy of encoder 0.1 um
COMS camera
Image size 640x480 pixel
View field width 5 mm
Pixel resolution 7.8 m/pixel
Sampling time 2 ms
Image processing unit (1PU)
FPGA Board Spartan 6
Processing period 2 ms
Time delay 3 ms
Position accuracy 1 um
Motion control unit (MCU)
Name SH7760
Operating system T-Engine
Control period 100 ps
Experimental operation
Default moving length (L) 1 ~70 mm
Environmental position error ( /1L) <300 um
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Fig. 6.7 A coordinates for camera and target.
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6.3.2 System modeling
A. Model of the linear stage

The controlled plant includes the servo drive and the linear stage. The control input to this plant is
the current command generated by the MCU and the output is the stage position measured by linear
encoder. By conducting experiment with sub-analyzer, the Bode diagram of the plant can be obtained
as in Fig. 6.6.

The plant transfer function is obtained as follows though parameter fitting:

1 K
1) P@s)=
6D ) Ms2+s2+2§(as+af

6.1

where M = 200 [kg.count/N] is the equivalent mass and count is the unit of current command in the
counter of MCU. & = (.55 is the damping coefficient, w = 2nx92 [rad/s] is the resonant frequency, and
K =-5.5x107 is the residue of resonance.
B. A state space model

To establish the model for estimating the distance between the target and the camera, the

coordinates in Fig. 6.7 is used. The distance A is defined as:

A=x, —x, (6.2)
In the chip mounting machine, the target is fixed, we can write:
A=, 6.3
From (6.1) and (6.3), the following state space model is established:
x(¢)=Ax(r)+Bu(r) (6.4)
Y (t) =Clx(t) (6.5)
yz(t)=C2x(t—td) (6.6)
‘xz[zl H Lo A]T» ’/‘:Iq»Y1=xCa)’2=A 6.7
0 1 0 0 0
0 O 1 0 0 0
0
A=[0 0 0 1 0], B=[0 6.8)
1
0 O - 2éw 0 0
0 @ _250 _1+KM
M M M ]
_| & 260 1+KkM _
Cl—[ﬁ o M 0 0, G,=[0 0 0 0 1] (6.9)

The above system has an input, the current command of the linear motor drives, and two output
measurements: y; from linear encoder, and y, from the image processing unit. While y; is sampled at

every control period, y, is delayed (¢, = 3ms) and its sampling time is 20 times longer than that of y,.
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6.4 Sub-pixel image processing
Acknowledgment: I would like to thank Dr. Ito and other members of Hitachi Research Laboratory.

The sub-pixel image processing was conducted mainly by Dr. Ito as a part of our joint-research in

visual servo and chip mounting machine. This section is based on our publication in [97].
The sub-pixel image processing algorithm is shown in Fig. 6.9 including three steps.

1) Projection of pixel value: The IPU builds a projection histogram. Each component of this
histogram is the pixel value in each column of an obtained image.

2) Detection of target edges: A sub-pixel edge of the target is detected by using the histogram (as
shown in Fig. 6.8 (b)).

3) Calculation of the center of the target: Cross points between the envelope of the histogram and a
certain threshold value are calculated using the following formulation:

th= (6.10)

Y™ N

Two cross points are determined as the edges of the target in sub-pixel resolution, and the middle

x=x1+(x2—x1)

point of the detected target edges is calculated as the center of the target. By using this algorithm, the

target position can be detected with the accuracy less than 1.0 micrometer.

Obtained image

2\. ‘
z
Q
£
[0S Envelope of histogram
(1) Project pixel values to x-axis yl ..............................
>
= th: threshold
8
]
= ?‘ “-
. 8
X-position
(2) Detect (3) Calculate Xl X ) X-position
target edge target center

(a) (b)

Fig. 6.8 Sub-pixel image processing algorithm.
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By using a field-programmable gate array (FPGA) as a processing core of the IPU, the algorithm
described above is executed at the same sampling rate as that of the high-speed CMOS camera. A
simplified timing chart of the processing is shown in Fig. 6.9. After a certain exposure time to obtain
an image, the camera transfers the pixel values to the IPU which builds the projection histogram. After
that, the IPU calculates the center position of the target, and sends the results to the MCU. As the time
required for exposure, pixel transfer, and image processing, a time delay of 3.0 milliseconds is found.
It means that when the vision information is sent to the MCU, it expresses the target position at 3.0

milliseconds before the present (see Fig. 1.6 in the Chapter 1).

time

o Exposure 1 > Exposure 2 > Exposure 3 > """
S

D)

5

@) Y

Transfer pixel 1 > Transfer pixel 2 > ------

= ) y

=

=

1))
2 less than 10

z — less than 10 us

§ Calculate Calculate Y

a target position 1 target position %l

D)

%0 Time-delay of image processing:
g T, = 3.0ms
= ]

g Control \|Control \|Control\ ......
IS loop loop loop

= . . Y

g Sampling time T
@)

of linear encoderQ'ELr
100 s 1 100 s 1100 zs |

Fig. 6.9 Timing chart of image processing.
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Fig. 6.10 Visual servo control system.

6.5 Design of the visual servo control system

The visual servo control system is shown in Fig. 6.10. A Kalman filter is designed to estimate the
target position at every control period of the linear motor drives and compensate the time delay of the
image processing unit. The position control loop is used to control the linear motor stage such that the
camera axis can track the target. The reference generator is used to provide the position reference in
non-visual servo mode. The reference trajectory is calculated considering the manufacturing
requirement, such as the maximum velocity, maximum acceleration, and the maximum jerk. When the
image processing unit detects the target, it sets the “target-detect-flag” from zero to one and sends the
flag to the Kalman filter and the switch. Right after that, the Kalman filter starts to estimate the target
position. Using the estimates from the Kalman filter, the position reference for visual servo mode is
calculated as follows:
X =x.+A (6.11)
where x, is the camera position obtained through linear encoder. A low-pass-filter is utilized to smooth
the reference value.
6.5.1 Design of the Kalman filter

Using the continuous time state space model (6.4) ~ (6.9), the following discrete-time stochastic

model is established:

Xen = A + By +wy (6.12)
Yix =C X+, (6.13)
Yo =CouXig 52,kv2,k (6.14)
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Fig. 6.11 Target position estimation algorithm.

where the state matrix A; and input matrix By are obtained using the following transformation with the

fundamental sampling time 7, = 0.1 millisecond:
r,

A =, B, =[e"dtB (6.15)
0

In the discrete-time model, u; is the current command and y;, is the measurement from linear
encoder. The input and the linear encoder measurement are updated at every 7. y, is the measurement
obtained from the image processing unit. Its sampling time is T = 207, = 2 milliseconds. The dual-rate
ratio is r = T/T,. = 20. The time delay of y;, is 3 millisecond. Thus, the number of delayed sample is

calculated as d = T,/T, = 30. The measurement matrices are expressed as:

> 2w

C,=C {% % ”% 0 0} (6.16)
c.=[0 0 0 01 ifk=j

Cop =11 ! ] lf o 6.17)

“71[0]=[0 0 0 0 0] ifk=#jr
1 ifk=j
T L (6.18)

0 if k+#jr

where j is the integer number.
The covariance matrix of the process noise wy is assumed to be a diagonal matrix for the sake of

simplicity:
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R, =diag (o, 0,0, 0,,) (6.19)
The covariance matrices of the measurement noise v;; and v,; are expressed as follows
considering the standard deviation of the linear encoder and the vision processing system:

R, =0

encoder

(6.20)

Rv2,k = O-visinn (621)
We can apply the upper-bound Kalman filter for a system with delayed and a non-delayed
measurement which is proposed in Chapter 3. The algorithm is expressed as follows:

Initial condition:

- T

Xop = [Zl,o Z0 <30 Lo Ao] (6.22)

‘Qo\o =diag ('Qll ’Q22’933’Q‘44’Q‘55) (6.23)
Prediction:

- Predicted state:
)%k\k—l = Ak—l')%k—l‘k—l + B,y (6.24)

“Upper-bound” of the prediction error covariance:

Qk\k—l = Ak—le—l\k—lAkT—l TR, (6.25)
Correction:
- Corrected state:
)Ack\k = 'ik\k—l + 1, ()’m - Cl,k'ik\k—l ) +L, (y2,k - C2,k'£k—d\k—d—l ) (6.26)
- Estimation gains:
(L Ly]=NM (627)
Cia (Qk\m + 1.0, )Cll,-k +R, Cl,kSka—d\k—d—lcik
M, = p (6.28)
T T AT T T
C2,ka—d\k—d—lSk Cl,k (1 +‘u_] C2,ka—d\k—d—1C2,k + 52,kRv2,k52,k
k
Nk = |:(Qk\k—1 + 14,0, )C{k Ska-d\k-d-lczT.k :| (6.29)
‘Pl.k—j = Ak—j (I -L, C, ) (6.30)
d
S, = Hlpl,k—j (6.31)

J=1
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d-1 d—i-1 d—i-1 T
Qk = Z[( H lPkjJAk:HiLZ,deCZ,kaZ:{Hk2d1+ic21-,kLz2-,kd+iAZd+i ( H lijJ ] (6-32)
J=1 Jj=1

i=0

“Upper-bound” of correction error covariance:

Q, =Q +ZkMkZZ _Zk kT_A_/kZ‘Z + 14,0, (6.33)

klk—1

In the above equations, g is the tuning parameter which is assumed to be a constant in this study.
Trial-and-error experiments are conducted to find the suitable value of z. Notice that if 4 is too small,
the estimation gain associated with the vision measurement will be almost zero. Therefore, the vision
information has little contribution to the estimated state. On the other hand, if y is too big, the
estimation will be unstable. The flow chart of the estimation algorithm is shown in Fig. 6.11.

6.5.2 Design of the position control

The position control loop is shown in Fig. 6.12 including a PID controller and the disturbance
observer (DOB). The DOB is utilized to improving the robustness of the position control by rejecting
the disturbance using the nominal model and the Q-filter. In this thesis, the nominal plant’s transfer

function is selected as:

(6.34)

2

R‘”(S):Mls

n

where M, is the nominal value of the equivalent mass.
The order of the Q-filter must be equal or higher than the order of the nominal plant. Thus, in this
thesis the second order Q-filter is designed to satisfy the robust stability. The transfer function of the

Q-filter is expressed as:

o(s5)=—A—— (6.35)

2
1+s+[s]
qo, \ @

n n

where ¢ is the quality factor and w, is the undamped natural frequency.
The real plant in (6.1) can be represented by the nominal plant and the boundary function A(s) as

follows:
P(s)=P, (s)[1+A(s)] (6.36)

By using the Bode diagram, the quality factor and the undamped natural frequency is designed

such that the following stability condition is satisfied for all frequency:

@) < A 6.37
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Fig. 6.13 Bode diagram for Q-filter design.

0.1 and w, = 200 [rad/s]. The Bode diagram of Q-filter

and the inverse boundary function are shown in Fig. 6.13. The PID is designed by pole placement. If

In this thesis, Q-filter is designed with g

the inner loop including the real plant and the DOB can be approximately the nominal plant in (6.34),

the PID gains can be calculated as follows:
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K,=M, (5,5, + 5,8, +5;5,)
K,=-M s,s,s, (6.38)
K,=-M,(s,+s,+s;)

where s,, 52, and s; are the desired poles of the close-loop.

6.6 Experimental results
6.6.1 Results of target position estimation

The experiments are conducted as described in section 6.3. Three target position estimation
methods are designed and performed for comparison:

- Standard Kalman filter: Using the state space model (6.12) ~ (6.14), the standard Kalman filter
algorithm is implemented. The estimated states are obtained as follows:

+ Predicted state:
+ B, u,_, (6.39)

A A
xk\k—l - Ak—lxk-l\k—l

+ Corrected state:
)Ack\k = )’ek\k—l +1, ()’m - Cl,k';ek\k—l ) +Ly, ()’u - C2,k5€k\k—l ) (6.40)

- Cascade estimation: As introduced in section 1.4 of the Chapter 1, this method has two stages,
the Kalman filter and the d-step predictor. The configuration of the cascade estimation is shown in Fig.

6.14. In this configuration, the input and the non-delayed measurement y; are intentionally delayed and

stored. In the first stage, the past time state )ACZ_ dje—a 18 estimated using the standard Kalman filter. In

the second stage, the current state )Agf‘k is obtained through the d-step predictor using the dynamics

model.

- Upper-bound Kalman filter: This is the proposed estimation method presented in the previous
section.

Experimental results of three methods are shown in Fig. 6.15. Because the standard Kalman filter
does not handle the delayed measurement, the estimation of the target position using this method is
considerably inaccurate. Both the cascade estimation and the upper-bound Kalman filter can
compensate the delayed measurement. However, the estimated target from the upper-bound Kalman
filter is close to the true values than that of the cascade estimation (Fig. 6.16). As discussed in the
Chapter 2, the inaccuracy of the cascade estimation can be explained by the influence of the model
uncertainty to the d-step predictor in the cascade estimation.

Experimental results show the advances of the upper-bound Kalman filter in comparisons with
other two methods. For this reason, we will use the upper-bound Kalman filter for providing the

estimated target position in the visual servo control system in Fig. 6.10
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6.6.2 Results of target tracking control

Target tracking control based on the proposed upper-bound Kalman filter is conducted as
explained in section 6.3. The experimental results are shown in Fig. 6.17. By using the DOB based
controller, the control system can suppress the vibration considerably. Therefore, the relative position
between target and camera can quickly reach the desired value of zero. The final tracking error is less

than 3um which is the goal of this visual servo system.

6.7 Discussion

In this chapter, we introduce the basics of the chip mounting machine. A visual servo control
system which is the key technology of the chip mounting is designed and tested. To compensate the
large-time-delay and improve the update rate of the image processing unit, the upper-bound Kalman
filter is utilized to estimate the target position. The control system includes the upper-bound Kalman
filter and the position control loop based on PID and DOB. Experiments are performed to evaluate the
effectiveness of the proposed control system. Experimental results show that the upper-bound Kalman
filter is more accurate than the standard Kalman filter and the cascade estimation. The target tracking

accuracy less than 3um is successfully attained using the proposed control system.

System

Cascade estimator

Kalman filter

O %
l Xk-d\ k-d

d-step Predictor] S

Fig. 6.14 Cascade estimation of the target position.
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Fig. 6. 15 Experimental results of target position estimation by different methods.
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Fig. 6. 17 Experimental results of target tracking control.
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Chapter 7:
Estimation of Cornering Stiffness and Sideslip

Angle

“We need something more than mere theory and preaching now, though-”
Sherlock Holmes (A Study in Scarlet)

7.1Introduction

In this chapter, we will study the application of unscented Kalman filter (UKF) for state and
parameter estimation. The goal of this study is to verify that if the UKF can be used to simultaneously
estimate the state and parameter instead of the conventional adaptive estimator with RLS identification.
The case of study is presented as follows.

As introduced in Chapter 5, it is essential to control the sideslip angle of a vehicle to stabilize its
lateral motion. Besides that, the understanding of tire cornering stiffness is also important. Online
estimation of tire cornering stiffness can be used for adaptive lateral motion control, tire force
distribution, or range extension control [69]. In Chapter 5, a robust estimation of sideslip angle using
GPS is proposed. Thanks to the disturbance accommodation Kalman filter, the accurate estimation is
maintained while using the constant nominal values of the tire cornering stiffness. In this chapter,
sideslip angle estimation is studied from another point of view, adaptive estimation instead of robust

estimation.

Fig. 7.1 The hub-bearing unit produced by NSK Ltd.
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Fig. 7.2 Sideslip angle and cornering stiffness estimation:

a) Kalman filter + RLS Identification, b) Unscented Kalman filter.

The key sensors for this estimation are the tire-lateral force sensors. Fig. 7.1 shows a novel
tire-lateral force sensor which is designed as a hub-bearing-unit by NSK Ltd. In [78], based on the
difference between the left and right side tire lateral forces, the sideslip angle is obtained through RLS
identification. However, this conventional RLS algorithm is just suitable for estimating the “parameter”
which is supposed to change slightly. Unluckily, the sideslip angle is a time-varying variable which
can vary sharply and quickly according to the operation of the vehicle. If the dynamics model is
neglected and only the measurement based RLS algorithm is used, the stable estimation is not assured.
Moreover, this RLS algorithm cannot be utilized if the time delay or data missing is found in the force

Sensor measurements.
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In this chapter, two schemes for estimating the sideslip angle and the cornering stiffness using tire
lateral force sensors are proposed and compared.
- Method 1: Adaptive estimation - The Kalman filter with a RLS identification of cornering
stiffness (KF + RLS).

- Method 2: Simultaneous estimation based on the unscented Kalman filter (UKF).

7.2 Estimation design

The two estimation configurations are shown in Fig. 7.2. The inputs are the front steering angle
and the yaw moment, while the output measurements including the yaw-rate and the lateral tire forces.
7.2.1 Adaptive estimation using KF + RLS

The estimator includes three main blocks:

Kalman filter:

The Kalman filter is based on the linear bicycle model presented in Chapter 5. The output
measurement of the Kalman filter is the yaw-rate sensor.

Tire slip angle calculator:

Using the estimated sideslip angle and yaw-rate from the Kalman filter, the tire slip angles are
computed as follows:

l A

&, = ﬂ+v-—if/—5f (7.1)
s _a ks
ar:ﬁ—v_fy 72)

x

Cornering stiffness identification:

The general front and rear lateral forces (F,,and F,) are calculated from the tire-force sensor as

follows:
FW" = Fv_ﬂ +Fy_fr (7.3
er = Fv_rl + F;'_rr (74)

where F, g, F 4, F, ,, and F, ,, are the lateral force at each wheels: front-left, front-right, rear-left, and
rear-right, respectively.

The front and rear cornering stiffness are identified using the following equations:

Y =96, (1.5)
where
F -2a, 0 C
W T 1ok f
= 9 = A 9 6 = 7.6
Vi |:Er:| D |: 0 _2ar’k:| k |:Cr :| (7.6)

The RLS algorithm is expressed as follows with the forgetting-factor A.

ék = ék—l +L (yk - qﬂkrék—l) (1.7)
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-1
L =P_g,(M+¢ P_0,) (7.8)

B=5lI-Ld)E, @9

7.2.2 Simultaneous estimation using UKF
From the linear bicycle model presented in Part B, the following equations are written:

Dynamic equations (the cornering stiffness is assumed to be a random-walk).

. 2(c,+C) 2(c,l,-cL) | 2,

S o A T B T A A2 7.10
B . ﬁ+[ 1 v y+ . J, (7.10)
; _2(Cflf_crlr) —2(Cflf+C,l,2 ) 26, 1
7= I b+ Iy, r+ 7 f+I—ZNZ (7.11)
¢, =0 (7.12)
¢ =0 (7.13)

Measurement equation:
r=v (7.14)
1
I*}.:-2Q.[ﬂ+\%y—é}] (7.15)
- L 7.16
F,=-2C ﬁ—v—/ (7.16)

From (7.10) ~ (7.16), a discrete-time nonlinear stochastic model is established with the

fundamental sampling time of 1 millisecond:

{‘xkﬂ =f (%0 ) +w, (7.17)
Ve zh(xk’uk)+vk

T T T
X :[ﬁ; Ve Crx Cr,k:| > Uy :|:5f,k Nz,k:| > Vi :[n Fyy Fyr,k] (7.18)

where f(x;, u;) and h(x;, u;) are nonlinear functions, x; is the state vector, u is the input vector, y; is the
measurement vector, w, and v, are Gaussian noises with zero means and covariance R, and R,
respectively.

Using the nonlinear model (7.17), the UKF algorithm is applied to estimate the sideslip angle and

the cornering stiffness simultaneously.
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Fig. 7.4 Simulation results of UKF and KF + RLS (4
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Fig. 7.5 Simulation results of UKF and KF + RLS (A= 0.998):

a) Sideslip angle, b) front cornering stiffness, c) rear cornering stiffness.
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Fig. 7.6 Simulation results of UKF and KF + RLS (A= 0.995):

a) Sideslip angle, b) front cornering stiffness, c) rear cornering stiffness.
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Fig. 7.7 Sideslip angle estimation by UKF and KF + RLS (4= 0.995).

7.3Simulation results

Simulations conditions:

- The vehicle model is based on the experimental vehicle COMS in Chapter 5.

- The vehicle runs in the slalom-test with sinusoidal steering angle at the speed of 25 kph.

- The initial values of the cornering stiffness in the estimation models are C(0) = C.(0) = 9000
[N/rad]. From the beginning, the vehicle runs on the high friction road such that the true
cornering stiffness is set the same as the initial values. Since 10 second, the vehicle enters the
slippery road where the cornering stiffness is set as C; = 6400 [N/rad], C, = 6000 [N/rad].
This means a sharp change of the tire characteristics is simulated.

- The covariance matrices of the process and measurement noises are assumed to be diagonal.
The sets of tuning parameter of two estimation model are as follows:

KF + RLS: R, =diag(€,,€5), R Arss (7.19)

kr =0,

v, gyro?

UKF: R, =diag (,0“,/)22,/?33,/044), R, yxr = diag(o-gym’o-F :OF, ) (7.20)

¥f r

where o,,,,0, ,and o, are the covariance values of the Gaussian noises associating with the
o

yro? Yy

yaw-rate measurement, front and rear tire force measurements.

Tuning of the UKF:
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In the set of tuning parameters of the UKF, o, .o, and o, depend on the noise levels of the

yaw-rate sensor and the tire force sensors. The values of p,, and p,, are obtained through the noise
associated with the input to the bicycle model. For the sake of simplicity, it is assumed that the
covariance of these measurement noise and process noises are constant. Therefore, it is only essential
to tune the values of p,, and p,, which associate with the dynamics of the cornering stiffness. Six
cases of the pair (p,,,p,,) are performed:

- Case l: (p,,,p,,)=(1,4)

- Case2: (p,,,p,,)=(10,40)

- Case 3: (Ps35Pus) = (100,400)

- Cased: (p,,,p,.)=(1000,4000)

- CaseS: (p,,,p,,)=(2000,8000)

- Case 6: (p,,,p,,)=(2500,10000)

The simulation results of UKF tuning are shown in Fig. 7.3. In case 1, after entering the low
friction road, the estimated values of the cornering stiffness converge very slowly to the true values.
Therefore, the estimated sideslip angle of case 1 is very inaccurate. In case 2, because (p,,,p,,)1s
bigger than that of case 1, the speed of convergence of the estimated cornering stiffness is increased.
This explains the more accurate sideslip angle estimation of case 2. Again, from case 3 to case 6, as
the pair (p,,,p,,) is increased, the convergence of the tire cornering stiffness estimation becomes
better and better.

Comparing the UKF with the KF + RLS:

The UKF with the pair (p,,,p,,)=(2000,8000) is compared with the KF + RLS. To make the

fair comparison, we will find the optimal tuning parameters of the KF + RLS. Notice that ¢, ,¢,, and

o,,, depend on the process noises of the bicycle model and the measurement noise of the yaw-rate

sensor. For the sake of simplicity, we can assume that they are constant as in the UKF algorithm. The
forgetting factor of the KF + RLS is tuned and the following cases are demonstrated:

- Casel: Agg=0.9997

- Case2: Apg=0.998

- Case3: Ags=0.995

The simulation results of Case 1, Case 2, and Case 3 are presented in Fig. 7.4, Fig. 7.5, and Fig.
7.6, respectively.

Case 1: From the beginning, the UKF and the KF + RLS have the same estimation performance.
When the vehicle suddenly enters the slippery road, the estimates from the UKF quickly converge to
their true values with little errors. As the forgetting factor of the KF + RLS is too close to 1.0, the
cornering stiffness identification is too slow, and the sideslip angle estimation of the KF + RLS is less
accurate than that of the UKF.

Case 2: The forgetting factor is reduced to 0.998. Consequently, the cornering stiffness
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identification is faster than in Case 1. However, the UKF still attains smaller estimation errors in
comparison with the KF + RLS.

Case 3: The forgetting factor is even reduced to 0.995. The cornering stiffness identification of
the KF + RLS is much faster than that in Case 1. It seems to be the best selection of the tuning
forgetting factor for the KF + RLS. However, the trade-off occurs as the fluctuation of the identified
cornering stiffness is found. If the forgetting factor is even smaller than 0.995, the fluctuation of the
cornering stiffness identification is even worse and the sideslip angle estimation is considerably
degraded.

Case 3 seems to be the limitation that the forgetting factor should not be reduced anymore.
Comparing the KF + RLS at g5 = 0.995 with the UKF at (p,,,p,,)=(2000,8000), the sideslip angle
estimations of two methods are almost the same. If we plot a part of the simulation data in the steady
status, the UKF still achieves the better tracking to the true sideslip angle (Fig. 7.7).

From the above simulation results, we can conclude that:

- The UKF has the simpler estimation structure.

- The UKEF is more flexible to design than the KF + RLS because its set of tuning parameter is

bigger (( Py, 00 ) VS Agss)-

- The UKEF provide better estimations of sideslip angle and cornering stiffness. Especially, the

convergence of the cornering stiffness from the UKF is very quick. Tuning the forgetting
factor of the KF + RLS over the range [0.995< 4,,; <0.9997], we can always tune the UKF

RLS —

such that it achieves the better performance than the KF + RLS.

speed contyoller current controller

spciﬂ
obgerver

adaptive identification
of the inertia moment

Fig. 7.8 Hori’s adaptive servomotor control system (from [106]).
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7.4Discussion

In this chapter, a new configuration for sideslip angle and cornering stiffness estimation is
proposed. It does not require a Kalman filter and RLS identification. There is only one unscented
Kalman filter to estimate the sideslip angle and cornering stiffness simultaneously. Thanks to its quick
convergence and simple estimation design, this estimation scheme can be developed for other motion
control application in which state estimation and parameter adaptation are desirable.

For instance, in [106], Hori proposed the adaptive servomotor control system utilizing the low
precision shaft encoder. As shown in Fig. 7. 8, the instantaneous speed observer is used to estimate the
motor rotational speed at every control period. The inertia moment is obtained separately through the
RLS identification to update the speed observer and the controller. In such kind of motion control
system, we may think about the proposed state-parameter estimation based on UKF.

Certainly, other cases of study and experiments should be conducted to answer the question:
should we separate or combine the estimation of the state and the parameter. This chapter is only the

very first step to this question.
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Chapter 8:

Conclusion

“A conclusion is simply the place where you got tired of thinking-”
Dan Chaon (Stay Awake)

8.1 Contributions of this study

1y

2)

3)

1y

2)

From the side of Kalman filter and estimation theory, this thesis has three contributions:

By using the disturbance accommodation, it is possible to enhance the robustness and the accuracy
of dual-rate estimation using Kalman filter. Through both simulations and experiments, the
disturbance accommodation dual-rate Kalman filter is shown to be more robust than the
conventional dual-rate estimation or innovation-handling dual-rate estimation.

By using the upper-bound of estimation error covariance, a new Kalman filter that can handle the
large-time-delay measurement is proposed. The upper-bound Kalman filter has two main
advantages: First, it does not increase the dimension of the system. Second, with the u-gain, it is
more flexible to design the estimation gain and the robustness of the algorithm is improved. By
simulations and experiments, the upper-bound Kalman filter is proved to be more accurate and
stable than other delay-compensation-estimation methods, such as the cascade estimation and
measurement extrapolation Kalman filter.

By using the unscented Kalman filter (UKF), adaptive state estimation is suggested to be designed
simply instead of combining the state estimation with parameter identification. Moreover, the
accuracy and the convergence of the new algorithm can be effectively improved.

Three applications are developed and verified using the above theories:

Electric vehicle motion control system using GPS: In this system, the sampling time of the GPS
measurements are multiples of the actuator control periods. Thus, the disturbance accommodation
Kalman filter is applied for accurately estimating the states which is fed back to the motion
controllers. Three motions variables are estimated: sideslip angle, yaw angle, and longitudinal
velocity. Three motion controls are demonstrated: lateral stability control, autonomous attitude
control, and wheel slip-ratio control.

Visual servo control for chip-mounting system: In this system, the target’s position is detected
through the FPGA based image processing unit. However, the vision measurement is delayed and
the delay time is equal to 30 times of the control period of the linear servo drive. The upper-bound
Kalman filter is utilized in this case to estimate the target position accurately for target tracking

control.
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3) Simultaneous estimation of sideslip angle and cornering stiffness using tire force sensors: The
conventional estimation scheme is the combination of the Kalman filter and the RLS identification.
By using the UKF, the estimation algorithm is simpler, but better estimation performance is

achieved.

8.2 Limitations of this study

In Chapter 2, besides the disturbance accommodation, the robust issue of the dual-rate estimation
is also examined thorough another point of view: design of the robust filter parameters (AA,, and L, )
considering the upper-bound of the estimation error covariance. However, we have not decided the
applications and performed experimental verifications for this method. Moreover, we only study the
case that the dual-rate ratio is a constant.

In Chapter 3, the x-gain is introduced to obtain the estimation gain of the upper-bound Kalman
filter for handling the measurement with large time delay. However, the u-gain is obtained by
trial-and-error test and it is designed in advance. What is the optimal x-gain and how to tune it in
on-line experiment is a nontrivial question to solve. The delayed-time is assumed to be constant in this
thesis. Therefore, it is desirable to evaluate the upper-bound Kalman filter with random-time-delay.

In all the Kalman filter algorithms proposed in this thesis, the covariance matrices of the process
noises and measurement noises are kept constant. The on-line tuning of noise covariance matrices is
not studied in this thesis.

In Chapter 5, the experiments of electric vehicle motion control are not conducted at high speed
due to the limitation of the maximum speed at the test course in our university campus. In Chapter 6,
the visual servo is only conducted in case the target is fixed. Actually, in our joint-research project, the
chip mounting machine is designed such that the target position if fixed. However, the time-delay
compensation Kalman filter proposed in this thesis could be applied in the general case that the target
is moved. In this case, the position, the velocity and the acceleration should be added into the

modelling of the visual servo system.

8.3Kalman filter and model predictive control
Model predictive control (MPC) is a type of optimal control which has been developed for

decades [111], [112], [113]. Visual servo based on MPC was proposed in [117], [118]. Unlike PID or
LQR controller, MPC has the ability to anticipate the future events. MPC can enable the shorter
development time in comparison with PID or LQR. It can handle the constraints and the designed is
explicit thanks to the straightforward formulation.

In MPC, it is essential to minimize the objective function with the respect to the future control
vectors considering some constraints:

J =

L
i=1

I:( Yivi ™ Vi )T 0, ( Yivi ™ Vi ) + MZH—IP[ukH—I + Au/ii—lR[AukH—l :| @.1)
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where L is the prediction horizon, Q;, P;, R; are symmetric and positive demi-definite weighting
matrices specified by the designer.

Although they have different purposes, the Kalman filter and the MPC share the background that
both of them consists of an objective function to minimize, and a prediction model which is based on
the dynamics of the system. The upper-bound Kalman filter proposed in Chapter 3 is based on the
minimization of the cost function considering a certain horizontal interval defined by the delay time.
This horizontal interval is used to taken into account the past covariance, while in the MPC, the
horizontal interval is to predict the future.

Literature review shows that Kalman filter has a tight relationship with MPC. In order to realize
the prediction model, it is important to know the states of the system. If the state x; is not measured,
Kalman filter could be utilized. Various researches that combining the Kalman filter and MPC can be
found, such as in [114], [115], [116]. The proposed Kalman filter in this thesis could be applied to
MPC to overcome the dual-rate and time-delay problem. Moreover, the main disadvantage of MPC is
that it relies on the model. In Chapter 4, we propose the UKF based simultaneous estimation of system

state and parameter. This method can be a solution to improve the robustness of MPC.

8.4 Future works
In future works we will study the following issues in theory side:
1) Experimental verification of the robust dual-rate filter considering the upper-bound of estimation
error covariance.
2) On-line optimization of the w-gain in the upper-bound Kalman filter for handing delayed
measurement.
3) Develop the upper-bound Kalman filter for the random-time-delay case.
4) Examine the on-line tuning of the process and measurement noise covariance matrices.
5) Examine the possibility of the proposed Kalman filter in this thesis to the MPC system.
Think about the applications, we will try to expand and apply the Kalman filters designed in this
thesis to other motion control applications. From our opinion, the unscented Kalman filter (UKF) may
contribute a new scheme for adaptive estimation and motion control. In any system such that we need

to feed back both the state and the parameter, the UKF can be utilized.
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Appendix 1

Lemma L1

For any matrices X, Y with appropriate dimensions, for any positive constant u, we have:
XY +Y' X <uX'X +iYTY

The lemma L1 is presented in [105].

Lemma L2
If we have the following matrices A, H, E, F where FF T<[ Xisa positive definite matrix and

there exists arbitrary « that satisfies o' — EXE" > 0, then the following inequality holds:
(A+HFE)X (A+HFE)' < AXA" + AXE" (™' - EXE") " EXA" + @ 'HH'

The lemma L2 is presented in [100].
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Appendix 2

In this appendix, we present more simulation results of the disturbance accommodation Kalman
filter proposed in Chapter 2. The results appear in the journal No. 1 in our publication list.

In this simulation, we verify the proposed Kalman filter in comparison with other estimation
methods. As the simulation of the lane change test is shown in Chapter 5, in this Appendix we present

the simulation results of the cornering test. The following driving conditions are set:
1) The longitudinal velocity is 25 km/h.

2) From 4 second, a strong lateral wind force starts to act on the vehicle. It introduces lateral force
disturbance F,; and yaw moment disturbance N,,.

3) The cornering stiffness of vehicle model are C;= C, = 7000 N/rad. However, the estimation model
is designed with the nominal values Cj, = C,,, = 10,000 N/rad. This means a big error is introduced
to cornering stiffness of the estimation model.

4) The disturbance terms d; and d, are simulated using the following formulations:

—2(AC, +AC,)  -2(AC,1,-ACl) 2AC

- / 1
d = vy B+ muf ¥+ . 5f+mux F,
—2(AC,1, —ACL)  =2(AC,I; +ACI’)  2AC,lI |
d, = i B+ o y+—0,+ 1N,

The disturbance accommodation multi-rate Kalman filter (DAMRKF) is compared to the
following two methods. The first is the sideslip angle estimation using linear observer (LOB). Yaw
rate and lateral acceleration are selected as output measurements. The second method is multi-rate
Kalman filter (MRKF). This method uses the yaw rate and course angle as output measurement. These
two methods are described in Chapter 5.

Simulation results are shown in Fig. 1 in the following page. The results include sideslip angle
estimations and disturbance estimations. The influence of lateral wind force can be demonstrated by
the change of sideslip angle and disturbance terms from 4 second. In both tests, LOB shows the
poorest estimation performance. By using course angle from GPS, MRKF provides better estimation
than LOB. However, the results degrade under the influence of both model error and lateral wind force.
By using the proposed DAMRKF method, the disturbances are estimated as the extended states.
Although the tracking of disturbance estimation is not perfect, sideslip angle estimation performance is
improved considerably. Therefore, the assumption that the dynamics of disturbances is random-walk is

acceptable.
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Fig. 1. Simulation results of sideslip angle estimation: Cornering test.
(a) Sideslip angle. (b). Disturbance term d,. (c). Disturbance term d5.
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Practical Application

1. GPS Interface Software

w. GPS Interface
File Toolz Help

— Statu: — Serial Communication with GPS Receiver [ata Log
—MNMEA Meszage
$EPGSY,4.1.14.11.79,349.20,01,74,249 27,19 50,057 27 50,4817 A jcome =]} 38400 = IDC"‘C"12U521
1,250 L
$GPGSV.4,1,14,11,79,243,20,01,74,249,27,19.50,057.27.50,48.17 UDF Data Send F'IotD —
1.25+70 - ata File Mame
4111 [14] [11] [79] [345] [20] Femote |E Addiess e W o O o
4[] [4] [0] [74] [249] [27] | I I
A T014] 191 {500 [057] [27]
4] [11[14] [50] (48] [ 71] [25]
$GEPRMC 126117 600 4, 3554. 0857 N, 13956 1525 .0 47 55.30.21 = - - Select | Open
0512, 4757 Status P
i =1 IsckCIosed Close | Connect |
iel| Plat windows |
(T “UTC Time Er —Find a Position on Earth
|21.05.12 |12:51:1? |3D-Fix Lat | T | Find | 36398

— Latitude [deg] — Longitude [deg] ~Alitude [m] -

Satellites in Wiew
IGF‘S fi i 0.670439999999554 CNR[BIER (27 ENE i s [ M

Elevat
oo BT EEEN EEz R Wl
PRN [iM[oT FEMMEDM[c: EEmcr = T T T

= Plot Windows B‘EHX‘

Veliicle position on Fast-orth coordinates. Range: 182.05[m]
30

North [m]

B0 47 -34 21 8 5
East [m]
‘ Speed | Course Angle | Posiion [EastNorth] | Google Earth Trace |
Flot C
Min X Maw Min'r Maw T
|60 5 30 [30

-139 -



Memory Photo

Photo 2: With my supervisors and EV team members at Hori — Fujimoto Lab (Winter 2011).
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Photo 3: Preparing the experiment beside the garage (Spring 2012). The vehicle is placed on four load
sensors which are used to measure the weight (at each wheel) of the vehicle. By this way, we can find

the center of gravity of the vehicle.

Photo 4: Inertial measurement unit place at the center of gravity of the vehicle.
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Photo 6: Trying the driving simulator at Zhejiang University, China (Spring 2013).
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Photo 7: With 2014 Honda Prize Laureate, Dr. Clemens. He is famous for inventing new materials
applied to engine design. Say thanks to him if you are using eco-technology car or flight (Winter
2014).

Photo 8: With Professor J. Christian Gerdes (Stanford University) at the 7" IFAC Symposium on
Advances in Automatic Control. Gerdes is researching on autonomous vehicle and application of GPS

in automotive control.
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