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ABSTRACT

NONLINEAR DIGITAL CONTROL OF MODERN POWER ELECTROMIS WITH
ROBUST ADAPTIVE OBSERVER

by

Mauricio E. Hernandez

Adviser: Mohamed A. Zohdy, Ph.D.

Control systems are an integral part of modernespccrucial to the performance
of these systems is the accurate mathematical megidsentation of the physical
systems. However, every physical system is subjeexternal factors that over time can
change its characteristics. Therefore, to adaptréhematical model representation of
the plant over time a State Observer or State BEstims often used, which would be the
main topic of my research. A ZETA Power conversea itype of switch mode power
supply that offers high efficiency in addition tarious advantages, among some is its
low output ripple which is desired for powering neodl VLSI electronics. However due
to its composition (non-Linear and fourth ordecgntrolling the dynamics could be
complex. With the advances in microprocessing aed economical affordability now,
implementing the control scheme of a Zeta conventéne discrete time domain makes it
an ideal solution for control implementation, givéme lack of research regarding
discrete-time control for Zeta Power Converteratesspace observers, and adaptive state

estimation, this dissertation research aims totifjea novel way of controlling Zeta



Converters using adaptive state observers andfetadback in the discrete-time domain
that yields robustness in the presence of plargmaiaties that meets certain

The results documented in this dissertation conbiut also outlines the
limitations of such Nonlinear discrete-time domeamtrol State-Feedback from a Robust

and Adaptive full-state observer/estimator.

Vi
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CHAPTER ONE

INTRODUCTION

1.1 Contextual information and research aim

Control systems are an integral part of modernesp¢i]. Numerous applications
are all around us from the temperature controlusfrmmes to the driver assistance
systems that keep our vehicles safely betweenotde Imes. Crucial to the performance
of these systems is the accurate mathematical megiedsentation of the physical
systems often call the Plant. However, every playsigstem is subject to external factors
that over time can change its characteristics sdfich as temperature, aging, vibration,
humidity, and environmental disturbances, amongrsthrherefore, to adapt the

mathematical model representation of the plant twex a_State Observer or State

Estimator is often used, which would be the mapido@f my research.

A State Observer is a dynamic system that estintagestate of a system based
on based on the measurements of the system outpang the system input u(t) as

depicted in figure 1.1.

P D
Input u(t) > Plant » Output y(t)
< Y,
4 N\
Observer
» Mathematical Model ¢
of the Plant
. v

Figure 1.1 Plant and Observer block diagram



The mathematical definition of an observer is ia time domain, also known as
state-space representation. The state-space msthbdracterized by significant
algebraization of general system theory, which reakpossible to use Kronecker
vector-matrix structures [2] and also makes theeples very suitable for computer-based
implementation.

Even though the extraordinary development of digitacessing is doubling
every two years see figure 1.2, the adoption afeStedback controllers and estimation
methods has not been exploited yet, this can beredéd by the academic interest of
control techniques since David G. Luenberger phbtisthe first paper on Observers in

19640bserving the State of a Linear Sys{@&itill 2019.

The number of transistors per microprocessor
that the number of transistors on an integrated
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Figure 1.2 Moore’s Law, an observation that the benof transistors in a dense
integrated circuit (IC) doubles about every tworgea
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In the Industry, th&roportional4ntegral-Derivative controller PID depicted in
figure 1.3 is by far the most common solution tagbical control problems. Today, the
PID controller is by far the most dominating forimfe@edback control in use. More than

90% of all control loops are PID.

y(®)

—>
Output

u(t) e(t)
Set Point /'Q

Input

\ Continuous Time PID

Controller /

Sensor

L3
y(®)
Ki Z e(n) ' TS M Outpul
n=0

. €0 —:(k =
Discrete Time PID
Controller

Sensor

Figure 1.4 PID controller Continuous and Discread

Set Point/
Input

The first form of PID control emerged in the 193@dth pneumatic controllers
[4]-[6]. The popularity of the PID controller (eql1PID Continuous Time and eq.1.2
PID Discrete Time) can be attributed to its funcéibsimplicity of understanding,

robustness against system disturbances due &ettiback nature (error manipulation ),



and its three-step implementation: Step 1. impitbeesteady state error with a gain (P),
and integration of the feedback error (I); Stepy$prove the transient response by
differentiating the error (D); Step 3: Trial andartunning of the PID gains till the

satisfactory response is achieved.

t de(t
PID Control Variabl€t)=K,e(t)+K; j e(t)dr +KdT‘f) Eql.1[1]
0
: e(k)-e(k-1)
PID Control Variabl€k)=K,e(k)+K; Z e(n)-Ts+Kd_|_— Eql.2 [7]
n=0 s

However, the PID has limitations, and a differemitrol scheme is more suitable
for systems of an order higher than two, multivaleasystems (MIMO Systems) and
Non-linear systems [4]—[6].

A consequence of Moore’s Law is that Power Comverhave become an
increasingly larger portion of any electronic syst@]. The reasons include:

1) The use of microelectronics, in conjunction witlvauiced packaging

techniques, permits higher load power densitie€(SoPC, SiP, Chiplets)

2) As semiconductor process dimensions shrink, lowerep supplies voltages

are required to prevent voltage breakdown, theeafeducing power supply
efficiency, and increasing the required thermalsraghe power supply

3) Anincreasingly larger portion of the power dele@ito these new and more

sensitive VLSI devices must be very well regulatedtrolled to avoid
Electrical breakdown due to voltage overshoots.
High efficiency is essential in any power procegapplication [9]. The high-

efficiency converters are necessary because trarogtion of low-efficiency converters,



producing substantial output power, is impractid¢dle efficiency of a converter having

an output power 42t and an input poweriFisn defined by Eq.1.3

Eq 1.3

The power loss in a convertesse= Pout - Pn is transformed into heat, therefore,
minimizing the Power lossidssand maximizing the output powesPthus having a low

ratio of Ross/ Pout @s illustrated in figure 1.5 is desirable.

100%

50%

Efficiency (n)

Figure 1.5 Converter power loss vs. efficiency

The goal of power electronics technology in terrpackaging is to construct
converters of small size and weight, which can esscubstantial power at high

efficiency see figure 1.6.

| Small Power | -
Large Input Power P, Converter Large Output Power Py
v Small Py -

Figure 1.6 Power Converter Goal



Switching regulation is a technique by which uniatpd source power is
efficiently converted to regulated load power tigbuhe use of controlled power
switching devices. The emphasis on switching teqes, as opposed to linear
techniques, relates to efficiency. An ideal switels no losses, there is either voltage or
current, but not simultaneously [8]. Switching rigion can take different forms as

illustrated in Table 1.1.

Converter Conversion Typical Use
Type

AC-DC Alternating Typical used Power Rectification from a higher inpu
Current to Direct Voltage to a lower Voltage
Curren

AC-AC Alternating Converters the AC waveforms with one particular
Current to frequency and magnitude to another AC waveform
Alternating with a different frequency and/or magnitude like th
Curren case ospeed contrc of electrical machine.

DC-AC Direct Currentto These converters are mainly used for driving low-
Alternating power AC motors
Curren

DC-DC Direct Currentto These converters are normally used in battery power
Direct Current electronics, and their purpose is to either Stepghép
Input Voltage \but > Vin; Step-Down the input
Voltage Vout < Vin, Or Step-Down and Step-Up the
input Voltage Vout < Vin Or Vou < Vin
Table 1.1 Switching Regulation types of Converters
Step-Down and Step-Up regulators also known as Hamst are a form of
switching-mode power converter that can supplygalleged DC output from a source
voltage either above or below the desired outplitge. A Buck-Boost can be used in
applications in which there is a necessity fordhgut voltage to be of a fixed value and
the input voltage varies, this can be particulagipful in battery-powered applications

in which the battery voltage starts above the ddsnutput but falls below as the battery

drains; Automotive Electronics when the batterysdipwn during cold cranking or a

6



stop-start condition. Or in the opposite conditidmen there is a need for a variable
output voltage, and the input voltage is of a fixetle which is the case for a USB
Type- C™ power delivery standard where the outpliage has a variable output
voltage that can be higher or lower than the imaliage. USB Type-C has port voltages
selectable from 5 V to 20 V. Or a combination & irevious both cases, widely variable
output voltage with a variable input voltage likésithe case for Automotive USB Type-

C™, all these cases are illustrated in figure 104.

L
Output Voltage Input Voltage
Input Voltage Iy | P Output Voltage Input Voltage ]| Output Voltage
>
Variable Input Voltage / Fixed Input Voltage / Variable Input Voltage /
Fixed Output Voltage Variable Output Voltage Variable Output Voltage

Figure 1.7 Buck-Boost Voltage Configurations

When it comes to designing Buck-Boost convertéraid is a huge gap between
the simple inverting Buck-Boost converter fully desed in textbooks, which produces a
negative output voltage, and real-world buck-b@ggdlications that require a positive
output [10].

Commonly used solutions for the non-inverting BilBdoest fall into one of five
groups based on the number of inductors, capacgaitches, and feedback control
loops required as well as the system order. A sumisgrovided in table 1.2. and a

circuit diagram for each is shown in figure 1.8.



Cascaded
Boost-
Buck

SEPIC

ZETA
(Inverse
SEPIC)
Flyback

Merged
Buck-

Boost

Table 1.2 Commonly used solutions for the non-itingrbuck-boost

Number

of

Inductors

N

Number of

Capacitors

Number

of

Switches

Number
of
Control

Loops

Order of
the
Control

System

Two-
second

order

Fourth
Order
Fourth
Order

Third

Order

Second
Order

Output
Noise /
Ripple
[11]-
[14]
Low
Input
and
Output
Low
Input
Low
Output

High
Input
and
Output
High
Input
and
Output
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Figure 1.8 Commonly used solutions for the non-iing Buck-Boost circuit diagrams



From all the five commonly used solutions for tlom+inverting Buck-Boost the
SEPIC and Zeta converter utilize the least numbswiiches which is key to achieving
high efficiencyn and less cost, in addition to only one controplas well as low input
and output voltage noise/ripple which is an impatrfactor while providing power to
sensitive VLSI devices.

However, these converters being a fourth-orderesysa PID compensator is not
suitable as explained in previous pages, theregaeiring a more complex and new
method to control the dynamics of these newer p@leatronics.

There is very little design information available 8EPIC and ZETA converters
identified by Raymond A. Mack [15]. In his seardilcommercially available SEPIC and
Zeta Controllers, he found two barely adequateghedescriptions, one from Texas
Instrument and one from Analog Devices. This mdakesSEPIC and Zeta converter an
interesting research converter topic, especidily Zeta converter due to his low output
ripple which is desired for modern VLSI electronics

We can conclude from this section that a lot i:geiritten in the academia about
PID, MPC, and Sliding Control (figure 1.3) in connigan to State Feedback Control and
State Observers / Estimators, suggesting that ilcotion in this area could be made.
The development of digital processing doubling gwerar (figure 1.2) makes the state-
space methods very suitable for digital-based implgtation (Discrete-time vs
Continuous time) which has not been exploited. ddeances in microelectronics
required a new modern type of power electronictable for high efficiency and low

voltage output ripple to avoid voltage breakdown.

10



1.2 Literature Review and Gap in the current redear

State-space averaging and linearization are acalgpproximation techniques
that allow switching regulators to be representetirear systems. More specifically,
state-space averaging allows the switched (i.ecaditinuous) system to be approximated
as a continuous Non-linear system, and linearinaltmws the resulting Non-linear
system to be approximated as a linear system. fitegion for the continuity
approximation is that the circuit's natural freqeies and all modulation frequencies of
interest must be sufficiently low with respect e switching frequency. The criterion for
the linearity approximation is that the time vaoas, or AC excursions, of the pertinent
variables about their respective DC operating goimust be sufficiently small [8]. One
of many motivations approximating the switchingukegor as a linear system is the
existence of very well know and efficient contrettniques that facilitate the analysis of
these power converters.

As previously discussed, the Zeta converter isugtfieorder system, therefore
requiring a more complex method to control the dyita of this DC-DC power
converter electronic. Various control schemes Hmaen proposed to address these
dynamic difficulties such as transient responsedstetate errors, and guarantee
stability. These control techniques range fromdmiechniques, such as proportional-
integral (PI), proportional-integral-derivative (| Model Predictive and Adaptive
controllers based on average models to fuzzy lagicgenetic algorithms and from Non-
linear techniques and feedforward control to stidimode and kb methods [16].

Although existing control approaches are effectssjeral challenges have not
been fully addressed yet, such as ease of comto#k#gn and tuning, as well as

11



robustness to load parameter variations and pladeiruncertainties. Furthermore, the
computational power available today has not beby éxploited, most of the available
literature (one out of twenty-one publications inighe continuous time domain and
consequently in the frequency Laplace domain (iteetim the eighteenth century).

E. Vuthchhay and C. Bunlaksananusorn first pubtishe2008 an approach to the
Dynamic Model of a Zeta Converter with a State-8pa&ceraging Technique [17] and in
2010 a control method based on a Pl compensatbeinontinuous time domain and

frequency domain [18] see figure 1.9 and figuré@lréspectively.

SW1 | | YYYY
L2

e cl

I

Vde
sl I Ll A sw2 o =

]Load

ZETA (Inverted SEPIC) Converter

<

PI Controller
PWM

Comparator

Figure 1.9 Zeta converter with PWM feedback control

Vref Gc(s) : GPWM(S) Gdul,\;Voul(S) : Vout

\ 4

PI Controller PWM Comparator Plant

Figure 1.10 Zeta converter with PWM feedback cdrilock diagram in s domain

Although this approach showed satisfactory redaltéoad regulation (Output
load variation from one ampere to five amperes)plhat parameters have to be well-

known before designing the controller which is alstays the case. In addition, plant

12



parameters can change over time thus degradingettiermance of such controller
implementation.

Similarly, Renan C. Viero and Fernando S. dos Bmposed an analogous
approach in Designing Closed-Loop Controllers Usirigatlab® Dynamic Model of the
Zeta Converter in DCM [19] adding a derivative tghD) and comparing this
controller to a Lead Compensator.

P. Ramesh Babu and S. Ram Prasath in Simulateb®arformance Analysis of
CCM Zeta Converter with PID Controller [20] as wadl Zia Ul Ha and Aashir Ali in
Comparative study of Zeta converter and Boost cdarelsing Pl controller [21]
utilized Ziegler-Nichols method for tunning the g&ID gains [6], method first
published in 1945. The Ziegler—Nichols rules faritig PID controllers have been very
influential. The rules do, however, have severe Heamks, they use infficient process
information and the design criterion gives closedgl systems with poor robustness.
Ziegler and Nichols developed their tuning ruleshyulating a large number of
different processes and correlating the controllempeters with features of the step
response [22]. Man Mohan Garg, Yogesh V. Hote,Muokesh K. Pathak [23]suggested
an approach in their publication “PI Controller Rgsof a dc-dc Zeta Converter for
Specific Phase Margin and Cross-over Frequency’revtiee gains Kand K are
calculated by adding a phase margin test®irethe feed-forward path and solve it for a
very specific phase margin. Dual-loop PI contrghisposed by Y. T. Yau, K. I. Hwu, C.
W. Wang, and J.-J. Shieh in [24]. The outer lo@b#izes the output voltage while the

inner loop controls the voltage across the bypapadtor. A performance test is

13



performed for load variation with satisfactory riksuhowever, this approach only
considers well know plant parameters and no unodida.

Various intelligent algorithms such as the Genatgorithm, Simulating
Annealing Algorithm, Artificial Bee Colony Algoritin, and Firefly Algorithm, are
implemented in different power converters to sttty compatibility of the algorithms as
well as improvement of the performances of powaveoters[25]. K. Durgadevi and R.
Karthik in their publication “Performance AnalysitZeta Converter Using Classical
PID and Fractional Order PID Controller (FOPIDR6] through simulation it is
confirmed that the FOPID controller gives better ttansient response of the feedback
system by using a significantly smaller controbetf the Internal Absolute Error (Cost
Optimization functionJ using Artificial Bee Colony algorithm based on theelligent
foraging behavior of honey bee swarm, proposed éyiDKarabga ) of the variations
of the output voltage is minimized to variationghe input voltage. Still, this method
requires knowledge of the plant and only demorestrperformance to variations of input
voltage. S. Suwannaprom [27] proposed Geneticsrilgos for Pl controller gain
tunning K, and K for transient performance optimization requirimgcdf-line learning
procedure. M. M. Nishat, M. R. K. Shagor, H. Akt8r,A. Mim, and F. Faisal, in their
heuristic optimization approach to PID using P&tBwarm for gain tunning, contrast
their optimization tunning for three different otjie functions and conventional PID,
they do not evaluate transient performance fortplariations.

A.Mehta, B. Naik [28] and S. K. Pandey, S. L. P&i B. Phadke and A. S.
Deshpande [29] introduced an approach to contZ@ta converter using the Non-linear
technique Slide Mode Control (SMC). In their apmioa control input u=4+u, where

14



Ueq iS designed to take care of the known parametetsraabout the disturbances to the
system. If the disturbances are bounded, thendaeye included iney They deal with
two uncertainties the load resistor and the inpliiage and yield to a simplified control
law u = Veet (V1 +Vin) L, where \4 is the bypass capacitor voltageerthe reference/set
point voltage, and ¥ the input voltage. This approach requires thahexee an accurate
estimation of the ¥ which is not always the case (An observer wilktakre of this).

Another Non-linear approach was presented in [8®uzzy Logic Controller
(FLC) for a Zeta Converter. This approach does@lgton any mathematical model of
the plant but requires expert knowledge to deteerttile Fuzzy Logic Rules and also
requires a large amount of computing power, theshaot to changes in input voltage
and output resistance was very significant andoradttical to modern requirements of
current microelectronics (Breakdown voltage).

D. A. M. Cirino, R. D. Zamora, and E. I. O. Riverg[31] proposed using a
Passivity Based Control (PBC). Passivity-basedrobig a Non-linear methodology that
consists in controlling a system to make the cldeeg system passive. Even though
their approach showed stability during variatiohgput voltage and output load, some
of the transient performance might not be adequaetiee requirements of new
microelectronics similar to [30], in addition, ingphentation of the control law might be
a computational challenge.

H. Sarkawi, M. H. Jali, T. A. Izzuddin, and M. Daihaere the first to introduce
the concept of state-feedback control to Zeta Caeksein 2013 (see figure 1.11) in
their “ Dynamic Model of Zeta Converter with fullese feedback controller
implementation “ [32] publication. Compared to dr@tcompensator such as PID, a full-

15



state feedback controller is a time-domain appragitich makes the controller design
less complicated than the PID approach which igdbas a frequency-domain approach.
This is due to the modeling process being basextaia-space matrices (Eq 1.4).
X(H)=A-x(®)+B-u(t) ;
Eq 1.4
y()=C-x(t)+D-u(t)
Wherex(t) is the state vectoyjt) is the output vectoy(t) is the input/control

vector,A is the state/system matrig,is the input matrixC is the output matrix and is

the feedthrough /feedforward) matrix.

» D
L B > S [ I C _>ly_“)>
Ly
K <

Figure 1.11 Full-state Feedback block diagram [33]

In the Full-state feedback approach a control lamafsystem that is completely
controllable is defined by(t)= -K- x(t); whereK is the feedback gain used to position the
poles of the plant to their desired value, [32]dufe optimization method LQR and a
cost function J:fgo(xT(t)-Q-x(t)+uT(t)-R-u(t) )dt to optimize the K gain. Results meet
the regulation specifications however one impor&d@ment is they assume all states are

known and accessible by the controller which isthetcase all the time. Also, their
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approach account for variation in the input voltagd output load but not uncertainties
in the plant parameters captured in the sygiematrix.

H. Sarkawi in [34] added to his previous publicatan full state feedback convex
polytope model instead of the conventional nomuadlie model of the dc-dc zeta
converter. The convex polytope model of the dceta zonverter considers parameter
uncertainty. A linear matrix inequality (LMI) is foulated based on the linear quadratic
regulator (LQR) problem to find the state-feedbechtroller for the convex polytope
model.

The dtference between classic feedback controllers likedpid adaptive
controllers is that the classic controller usespheciple of feedback to compensate for
unknown disturbances and states in the processH@by the error is processed
(Through the controller) is the same in all sitoas. An adaptive control system on the
other hand automatically compensates for variatiorsystem dynamics by adjusting the
controller characteristics so that the overall sysperformance remains the same, or
rather maintained at the optimum level, it altevs/tihe error is processed, and it adapts
the control law. This control system considers dagradation in plant performance with
time [36]—[38]. Even though a unified approach l@ssifying Adaptive systems has not
been agreed [35] suggests an adequate classifidatithis research see figure 1.12.

An adaptive controller based on a heuristic apgrgaovides adaptability
directly either by evaluating the plant output yit)its feedback error e(t) = u(t)-y(t) or
selected quality criteria for the plant. When swsilaing this kind of controller, the
criteria that quantifies the quality of the confptant is optimized. This approach satisfies
practical applications while also being robust [35]
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Adaptive Control

L S

Adaptive
controllers -
heuristic approach

Self-tuning
controllers (STC)

Model reference
adaptive control
(MRAC)

Adaptive systems
with variable
structure

Figure 1.12 Classification of adaptive controkteyns [35]

Adaptive systems which have a variable structutbpurposely alter their
structure following the set procedure. Since suskistem alters its structure based on
experience gained previously in its working lifiesniay be regarded as a self-organizing
system.

Model reference adaptive control (MRAC) system giess theoretically well
elaborated and widely discussed in the scientiicdiure [39], [40], where a reference
model is specified with the desired dynamics ofdlesed loops transient response. The
real plant systems response is compared to theerefe model and the poles of the
system are placed (i.e., gain pole placement) atcimeach other. The dual character of
this adaptive system is important since it cangeboth for control and to identify the
parameters of the model process or to estimatst#te of the system. These systems are,
to a certain extent, limited by the fact that tlaeg only suited to deterministic control
[35].

A self-tuning controller (STC) is capable of optamg its internal running
parameters to maximize or minimize the fulfillmeftan objective function, typically

error minimization.
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An attempt to implement a Model Reference Adap@eatroller for Zeta
Converters is published in [41], [42] in their apach they define an adaptive control law
where the gains of the controller are related éordierence input (r), the error between

the output of the real plang ynd the reference model outputand the out of the plant,
this adaptive control law is expressed as follaywskfr+ ke (yp- ym) +kpyp. The gains

“k” of the adaptive controller is estimated througkliding surface. A. Izadian and P.
Khayyer focus on [41], [42] on adapting the contesV to cope with the uncertainties
and variations of the plant parameters.

B. Moavenil, H. Abdollahzadeh2, and M. MazoochAaljustable Output
Voltage Zeta Converter Using Neural Network AdaptModel Reference Control [43]
utilize a Back Propagation of errors neural netwdikcalculate the gains of the adaptive
identifier as well as of the adaptive controlléey successfully identified the plant and
control a variable output voltage to static inpod @utput conditions.

1.3 Research objectives and contributions

Out of more than three hundred research paperetaBRbwer Converters

published in the IEEE Xplore® digital library, twigrone of them [17]-[21], [23]-[32],
[34], [41]-[45] addressed controllability in thentmuous time domain and transient
response performance to bounded uncertaintiegat end output parameters. Focus has
been on coping with uncertainties by making thetradler more robust or incentive to
disturbances, but no research has been publisltedssing the uncertainties of the plant
and making the plant model more accurate to thiaimstimation, posing the question
could a discrete time state observer estimate psofiee states of the plant. As well

research has fallen short to answer the questistatié-feedback control law can be
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properly used with estimated states from the oleseia addition, all adaptability work
has been done in the controller field but not esgadan the field of state observers,
raising the question if an adaptability law cardeeved to increase the performance of
state-observer estimation.

Given the lack of research regarding discrete-tomgrol for Zeta Power
Converters, state space observers, and adaptteeestanation as described in the

previous paragraph, this research aims to ideatiipvel way of controlling Zeta

Converters using adaptive state observers andfsedback in the discrete-time domain

that yields robustness in the presence of plartnainties.

The research objectives of this dissertation age si

1. Contribute and fill a gap in the academic reseéigdt of State Feedback
Control and State Observers of Zeta Power Conwe@entrol in the Discrete
Time Domain

2. ldentify a Discrete-Time Full-State Observer tha properly estimate the
plant states in the presence of plant uncertaimiesZeta Power Converter.

3. ldentify, evaluate, and compare a Robust Full-Stdiserver that could
improve the performance of the full-state Observer.

4. Identify, evaluate, and compare an Adaptive anduRbbull-State observer
that could improve the performance of the full-st@bserver.

5. Prove that the estimated states can be used inicatium with the state
feedback gain by placing the closed loop polestoexe a maximum 30%
OS of output voltage with load current changesr®b6: input voltage
changes +/- 50% and other plan uncertainties /.20
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6. Build a MATLAB&SIMULINK® Model that will simulate tie dynamics of
the Zeta Converter, State Observer, and State Bekdlontrol law to verify
objective one through four.

At the end of this research, this study will camiite to the body of knowledge on

State-Space Observers, State-Feedback, and AdaptabZeta Power Converters in the
discrete-time domain. This will help address theent gap of research in this area.

1.4 Dissertation preface and outline

Chapter one has presented an introduction, backdrditerature overview, aim
and objectives of this research as well as théigation. Chapter two will introduce the
Zeta converter, and its Non-linear nature and desan detail the linearization methods
for the Power Converter: small-signal canonical eie@nd state-space averaging
method. Chapter three will discuss in detail stdtgervers/estimators for control
systems, their implications in the discrete-timendm, and the potential instabilities due
to sampling time and position of poles. This chaptdl also describe the principle of
separation of estimation and control which states inder some assumptions the
problem of designing an optimal feedback contrditera stochastic system can be
solved by designing an optimal observer for theesththe system, which feeds into an
optimal deterministic controller for the system.apter four will address how to handle
plant uncertainties in the state observer/estimatmlel of the Zeta Power. Chapter five
will introduce the concept of adaptability for casitand state estimation as well as
identification of a suitable adaptive state obsewiile chapter six will apply it to a zeta

converter as well as compare its performance tdl athte observer. Chapter seven will
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summarize the conclusion of the research work anithe potential future research work

possibilities.
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CHAPTER TWO

LINEARIZATION METHODS FOR NON-LINEAR POWER CONVERTES

DC-DC Switch Mode Power Converters represent alsiiygt efficient way of
DC regulation by a discontinuous feedback contctiba, where packets of energy, store
in inductors and capacitors, are transfer fromipet source to the output load by
switches both transistors and diodes at rate difagethe switching frequency of the

converter (see figure 2.1).

Output
Input Loz d
+ _{ Al |7 +

Vi  mm Vout

Figure 2.1 DC-DC Power Converter

In DC-DC Power converters, the switches controllimg dynamic transfer of
power from input to output are either fully ON oitly OFF, with very short transition
times from one of these states to the other. Commioroltage waveform shapes take the
forms of periodic pulse-width-modulated (PWM) rexbes waves, while the associated
current waveform shapes are usually triangular. @uhis Switching behavior the DC-

DC power converters are fundamentally Nonlinear.
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State Space averaging and linearization are analypproximations techniques
that allow power converters to be representedhasitisystems. More specifically, Sate
Space Averaging allows the switched DC-DC powewneaer (discontinuous) system to
be approximated as a continuous one but still neali. Linearization allows the
resulting nonlinear system to be approximated lagar one. The condition for the
continuity approximation is that the circuit natur@quencies and all modulation, or
signal, frequencies of interest must be sufficielav with respect to the switching
frequency. The criterion for the linearity approaition is that the time variations, or ac
excursions, of the pertinent variables about trespective DC operating points must be
sufficiently small.

Section 2.1 will contemplate the circuit operataord waveforms for an ideal Zeta
converter in continuous conduction mode. In Sec?@, equations for the Zeta
Converter large-signal steady-state behavior valpbesented in a Nonlinear State-
Averaging way. In Section 2.3, a small-signal chteazation of the Zeta converter will
be derived, and a linear time-invariant model ef @onverter will be presented using
State-space averaging form for a DC operating point

2.1 Zeta Power Converter operation

As described in chapter one the Zeta Power Coawtapology provides a
positive output voltage from an input voltage thaties above and below the output
voltage. Figure 2.2 depicts a circuit diagram @&f Zeta Power Converter consisting of
two inductors L and Lz; a bypass AC coupling capacitor,; @ power MOSFET switch
SW;; and a rectified diode, S)Vand an output Capacitor.CThe power converter
transfers the energy from the input DC voltage seMin to the output load.
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Figure 2.2 Zeta Power Converter

Initially, before starting the circuit operatiahjs to be assumed that all the
energy-storing components in the circuit, i.e. uictdrs and capacitors, do not have any
energy in them. To easily understand and simptié/working of the zeta converter, the
operation of the circuit is divided into four phase

Phase 1 starts when the SW1 is closed. At this tivaeoltage source Vin is
applied to the inductor and the current startdaw fit a rat(%—l. The energy store in the
inductor EclziLl-lLlZ during in cycle is then discharge in phase 2. Dythis phase 1,

no current is supplied to the load thus the shadedof the circuit of figure 2.3 is

inactive.

SW1

Figure 2.3 Phase 1: Zeta Power Converter Initiatgé
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Phase 2 starts when SW1 is open, the source cuitogrd flowing through the
inductor L1 and since an inductor does not allasudden change in current through it,
the polarity of the inductor gets reversed accaydaLenz law. Now the inductor L1
starts realizing its stored energy with reversednity. The diode SW2 will be forward
biased thus closed allowing the flow of inductorrent through it, therefore the energy
from the inductor L1 will flow through the diode @to the capacitor C1. The series
capacitor C1 starts charging by the energy supjblyeitiductor L1. Thus, energy from
the inductor L1 gets transferred to capacitor Cdrimy this phase, current is supplied to
the load, nor does the power supply provide angectithus the shaded parts of the

circuit of figure 2.4 are inactive.

Figure 2.4 Phase 2: Zeta Power Converter Bypasadiiapcharge

Phase 3 starts when the SW1 is switched ON adardischarged inductor L1
gets charged by the voltage source as in phasksad.ii\this state, the charged capacitor
C1 in the previous mode starts discharging thrandhctor L2, load, source, and back to
capacitor C1. The capacitor C1 will supply its gyeto the inductor L2, C2 and load.
Thus, the load gets power in this mode and induc2agets charged. The SW2 remains

OFF as depicted in figure 2.5.
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Figure 2.5 Phase 3: Zeta Power Converter

Phase 4 starts when the SW1 is turned OFF agaasephwill be repeated, the
inductor L1 reverses its polarity and charges ikelarged capacitor C1 through SW2.
Along with it, the inductor L2 also reverses itdgrdy due to a sudden change in current
and starts providing power to the load throughSk¢2 as well, C2 discharges and

transfers its discharge energy to the load as shdigure 2.6.

- \fc1+
& ]

Ir

Vin

Figure 2.6 Phase 4: Zeta Power Converter

Phases 4 and 5 repeat throughout the operatidre @dta power converter ,
when the SW1 is in the ON, inductor L1 gets chatggthe voltage source and the
inductor L2 by the bypass capacitor C1, when SWQFR§, the capacitor C1 gets charged
by inductor L1 and inductor L2 and the Capacit@rs0pply energy to the load. Figure
2.8 depicts the waveforms of Phases 3 and 4 oedhtke periods. The electrical

simulation circuit used to generate such wavefamstiown in figure 2.7.
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Figure 2.7 Electrical Schematic of Zeta Power Coteve

500mA-7

50mA-{

600mA-
2.3A

1.8A

Phase 3 Phase 4 Phase 3 Phase 4 Phase 3 Phase 4

3.5744ms 3.5760ms 3.5776ms 3.5792ms

Figure 2.8 Simulation waveforms of Phases 3 and 4

2.2 Zeta Converter Large-Signal Non-Linear model

Modeling is the representation of physical phenoaigy mathematical means. In
engineering, it is desired to model the importarhchant behavior of a system, while
neglecting other insignificant phenomena. The regpuiimplified model yields physical
insight into the system behavior, which aids thgimeeer in designing the system to

operate in a given specified manner [9].
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In order to derive the Zeta Converter model, wi avialyze the governing
equation of the converter when it reaches steatg,gphases three and four of section
2.2.

During phase 3 as depicted in figure 2.5 when thd & ON and SW2 off, the
voltage across L1 is equal to Vin (Eq 2.1). KVL@&s the L1, C1, L2 and C2 mesh
yields to Eq 2.2. Applying KCL capacitor currest Is equal to minus 4 (Eq 2.3) ,

while the current of C2 is equal to the current®fminus the Load current (Eq 2.4)

L1¥=Vin(t) =Vt Eq2.1
L 220y vesOveah=Via Eq 2.2
e 0 =i, =ieat) Eq2.3
e, e,V i Eq 2.4
Load

During phase 4 as illustrated in figure 2.6, apglying KVL and KCL yield to

equation 2.2, 2.6, 2.7 and 2.8 .

Ll%:-vm(o Eq 2.5

Lo d |;jzt(t) =-Vea()=V2(t) Eq 2.6

¢, X0 0=ier 0 Eq 2.7
@%ziuarﬂz = icl) Eq 2.8
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In order to model the full power converter a swichfunctions® will be

defined as following (Table 2.1):

=1 8M=0

when SW1 is Closed and SW2 is Open when SW1 is Open and SW2 is Closed

8@=1 §@=1

14

when SW1 is Open and SW2 is Closed when SW1 is Closed and SW2 is Open

Table 2.1 Non-Linear Switching functiéf
Therefore, the Zeta power the complete dynamitckeZeta power converter can

be expressed as following :

di4 (¢

Vi (=L 'jt() =V §M + V6@ Eq 2.9

in
_ o dipp(t) O @

Vi (t)= LzT—(Vin(t)+V01(t)'ch(t))5 — Veot)6 Eq 2.10
dvey(t

ici(t) = C, gt( ) =i ()5D + i, (H)sD Eq2.11

dveo(t Veo(t Vot

calty=C, el (12 cd )) 5@ + (iva- cd )) 5@ Eq2.12

dt RLoad RLoad

Equations 2.9 through 2.12 models the behavioh@ieta power converter. This
model is called Large-signal model as it describesnonlinearities of the power
converter in terms of the underlying nonlinear dggums. This model non-linear and
discontinuous systems would be very complex toyasatherefore in order to simplify
the analysis of the converter, the non-Linear madel discontinuous system will be

linearized and convert into a continuous one whndhbe the topic of next section.
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2.3 Zeta Converter Small-Signal Linear model

An all-signal model is a model that is acceptalgurate over a large range on
input signals, is a common analysis method usedeicironic engineering to describe
nonlinear devices in terms of the underlying nagdinequations as described in section
2.2. A Small-signal modeling is a common analys@hhique in power electronics
engineering used to approximate the behavior @tmeic circuits in which the high
frequency AC signals (i.e., the time-varying cutsesind voltages in the circuit) are small
relative to the low frequency bias currents andagss.

In order to illustrate this method, we run a Fastrier transform to the Inductor
current |2 and Capacitor voltagedy simulating the electrical circuit from figure 2.7.
The power converter switching frequency is settd®0 kHz, the power spectrum of the
Vczand L2 is illustrated in figure 2.9.

The power spectrum of a signal indicates thdixeanagnitudes of the
frequency components that combine to make up trekiAs it can be observed in

figure 2.9 the natural frequency of the Power Zetaverter for this particular circuit

1 1

2mVLC  2mvV22uH-24.7uF

(figure 2.7) isf, = = 6.83kHz which is of 58 magnitude smaller

that the switching frequency tg=#l00 kHz, also the magnitude of the current at the
natural frequency is approx. 4.68dB compared &alB3at the switching frequency.

Also, it is important to observe that switchingquency harmonics appear every 400kHz
however their magnitude keeps decreasing which kachonic. The magnitude and
phase of the Zeta converter depends not only ondhtol signal and duty-cycle
variation, but also on the frequency response®ttnverter, however we can without

harm to the dynamic of the converter neglect switghipple therefore the objective of
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the modeling forts is to predict this low frequency componentj\aea small-signal

model .

£~6.7 kHz £, 400 kiz

:f-m-'_hl: 800 kHz

iur . er Secr f te3nd B
A simple method for deriving the small-signal modetontinuous conduction
mode (CCM) converters which are inherently disqomus is call AC averaging
modeling where the switching ripples in the inductorrent and capacitor voltage
waveforms are removed by averaging over one swigcpheriod. Hence, the low-

frequency components of the inductor and capasiemeforms are modeled by

equations 2.13 and 2.14 whéxét) |1 denotes the average of x(t) over an interval of

t+Ts

length Ts, explicitly as following:[x(t)]1s= Tift_TS

x(t)dr called moving average.
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LIT:[VL(t)]TS Eq 2.13
C d[vcd(tt)]TS =lic()]r, Eq. 2.14

Through this method the high-frequency switchimpple is removed by
averaging over one switching period. Yet the avenagjue is allowed to vary from one
switching period to the next, such that low-frequewariations are modeled. liffect,
the “moving average” constitutes low-pass filteraighe waveform [9].

In order to illustrate the average and small rigggeroximation of the Zeta
converter lets looks at the voltage across theatwtl.1 (figure 2.10) and the current
through the capacitor C1 (figure 2.11) of the Z@taver converter (figure 2.7) at an

arbitrary time t.

vit)

(1) Averaging Interval T

S———— VLI Ripple (

\ \ \

| [Vl | |

|
dT | d'Ty
\
|
[-vai(s -~ |
.
— VL1 Ripple { Mo
Ripple {

Figure 2.10 Voltage across Inductor L1 of Zeta @uter
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The average inductor voltage across L1 can be ssede as|v;(t)]s=

Ti f;Ts v, 1 (t)dr and the average current through the capacitos €4pressed as following
S S

[ici(D]+s= Ti f;:siCl(r)dr. It can be seen in figures 2.10 and 2.11 tharifies in the

actual inductor current and capacitor voltage wanre are small compared to their
average values. Therefore, the integral can beoappated by calculating the are under
the curve multiplying the average values by theeetve d or d” interval cycle of Ts (EqQ.

2.15 and Eq. 2.16).

t+Ts
1
Vi (D)]ys= T j v (dt=d(@t) - [Vin()]1s + d'(t) - [-Ver(®)] s Eq. 2.15
ST,
t+Ts
: 1 , . , .
[ica®]rs= T f ici(dt =d(t) - [Fio®)]rs + d'(@) - [FiLa®)]+s Eq. 2.16
ST,
i Ich)
ici(t) § Averaging Interval T,
—— EE— | =
I S
T ) ‘ ‘
184 ‘ ‘
T, |
12
[}
W
a ‘r
: d'T,
L6k |
12 | ['iLl(t)]TS Th-al
\‘ | ic1 Ripple { _ _ ij;‘__jf_“?:::—;____:: I S, W !
f | | i { i —— A_\__—iiz‘—_—_ |
};:mx Z.EESst L560hms lWJ‘ams lﬁﬁ%ms Ml;hlls lﬁﬁi?ms lﬁﬁl;ﬂlm m;lms 15¢06ms

Figure 2.11 Current through Capacitor C1 of Zeta@oter
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Insertion of equations 2.13 and 2.14 into 2.152146 lead to the following

equations (Eg. 2.17 and Eqg. 2.18):

Ll—d[iLtj(tt)]TS: d(®) - Vin®lrs + d'(0) - [Vea®]lrs Eq. 2.17
Cl—d[vcéit)h% d(e) - [FiaOlrs + d'(8) - [ @l Eq.2.18

Equations 2.16 and 2.17 describe how the low-frequeomponents of the
inductor current vary with time and it is equalt®average value times the d or d”
interval.

These are very useful derivations which are thésh#ghe state-space averaging
method [46]. The state-space description of dynahsigstems is a backbone of modern
control theory; the state-space averaging methdeemase of this description to derive
the small-signal averaged equations of Power Coavevore specifically, Sate Space
Averaging allows the switched DC-DC power conveftiscontinuous) system to be
approximated as a continuous system one but stilimear as it will be described
hereafter.

Given a Power DC/DC PWM converter operating in gardus conduction
mode. The converter circuit contains independeaiestthat form the state vecidt),
the converter is driven by independent sourcesftnat the input vectou(t) that
produce and output vectg(t), the generalized state space equation is desantieql
1.4. During the first subinterval, when the switchesin ON position (dn Figure 2.12),
the converter reduces to a linear circuit thatlmawnlescribed by the following state

equations 2.19 and 2.20 . During the second sulbadievith the switches in OFF
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position (Torr Figure 2.12) , the converter reduces to anotheali circuit whose state

equations are 2.21 and 2.22.

d
Avelrage
(d—1)
Ton TorF
o Ton
Ton + Torr
Figure 2.12 Power DC/DC PWM Cycle
X(t) = Aoy X(D)+Boy U(t) Eqg. 2.19
y(t)=Con X()*+Dop u(t) Eqg. 2.20
X(t) = AOFF X(t)+Bo|:|: U(t) Eq 2.21
Y(1)=Corr X()+Dorr u(t) Eq. 2.22

During the two subintervals, the circuit elemente &onnected derently;
therefore, the respective state equation matriess Bon, Con, Don and Aorr, Borr, Corr,
Dorr may also dier. Given these state equations, the result c#-sfadice averaging is the
small-signal ac model. Provided that the natuedfiencies of the converter, as well as the
frequencies of variations of the converter inpate much slower than the switching
frequency, then the state-space averaged modealedkatibes the converter in equilibrium

is embedded in Eq. 2.23 and 2.24.
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x(O=(Aon d(t) + Aore[1-dODX() + (Bon d(t) + Bogr [1-d(t)] u(t) Eq. 2.23
y(®)=(Con d(O)+Corr [1-d®DX(®) + ( Don d()+Dorr [1-d(t)] ) u(t) Eqg.2.24
Using the previously derived equation that desctithe dynamics of the Zeta
Power converter (Eq 2.9, 2.10, 2.11 and 2.12) eqdations 2.17 and 2.18 that described
the AC averaging and small-signal approximationagigns can form a state-space small-

signal averaged model equations of the Zeta Powav&ter

[ O O _ (l'd(t)) O

a0l | s [ ey [0
X0 _ ) =z | e |2
“o 1= oy a0 xz(t) + 50| vin(t) Eq. 2.22
X3(t) _— 0 0 3 0
: c1 c1 ()
X4(t) 0 1 0 1 0
- C2 RLoapC2!
X1(t)
Xo(t
Vour(=[0 0 0 1] xitg Eq. 2.23
X4(t)

Where the state-space variables ar@)Fx; (1); i 2 (1)=Xx(t); vc1(t)=x5(t) and
Veo(t)=X4(t). The State Equation 2.22. is continuous aastibeen averaged however as it
involves multiplication of time varying quantitif®r examplex;(t) the multiplication of
the inductor’s current i(t) and i2(t) equations with the duty cycle d(t) which both
variables are time-variant, the end equations @t af non-linear differential equations
that need to be linearized. We will linearize ttetes equations and construct a linear and
small signal model about a quiescent operatingtpoin

Since the state-space system defined in Eq 1.4ingar system, superposition

holds, and it can be perturbed at the quiescenbp&Zating point by introduction of line

37



voltage variations from the input voltage suppl(t)=Vi,pc+Vi,(t) causing a
perturbation in the state vectoft)=Xpc+X(t) whereXpc is the DC value an(t) is the
superimposed ac perturbation dueig(t). In the same way the output state equation
y()=Ypc*¥in(t), the new perturbed state space system is exprassgdation 2.24
whereD= 0 andU(t)= Vin(t) [46].
Xpe + X()=A-Xpc+B-Vinpc+AX(t) +B-Vj, (1)
Eqg. 2.24
YpctY(1)= C-Xpc+C-X(t)
Eqg 2.24 can be separated into 2 sets of systestsady-state DC system and a

dynamic-state AC system, due to the fact ¥gt is a constant quantity its derivative

Xpe is zero. This leads to the following set of DC atipns:

A-XpctB-Vinpc =0 Eq. 2.25
Xpc= — ABVinpc Eq. 2.26
Ypc= — CA'BVipe Eq. 2.27

and a dynamical (ac) model:
X (D) =A-X(t)B-U;, (t) Eq. 2.28
J(H)= C-X(t) Eq. 2.29
Suppose that the duty ratio changes from cyctytte, that is, d(t)=Bc-+d(t)
is the steady-state (DC) duty ratio as before dtjdid a superimposed (ac) variation.
Applying the corresponding perturbatig(t)=Xpc+X(t), y(1)=Y pct+¥in (t) and
Vin )=V pc Vi, (1) the basic model becomes equations Eg. 2.30 and 2.31

Xpe + X(t) = A-XpetB-Vinpe Eq. 2.30
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+A')~((t)B'\7in(t)+[(AON — Aorr) - Xpc + (Bon — Bogr) * Vinoc) - d(t)
+[(Agy — Aokr) - X(t) + (Bon — Bogr) - Vin| - (1)
Ypcty(t) = C-Xpc
+ CX(t)+ (Coy—Corr)Xpc - d(t) Eq2.31
+ (Cop—Corr)-X(t) - d(t)

However, the DC terms in the right side of theatopn equal to zero as the
derivative Xy is zero due X being, therefore all the DC terms are zero. Therse-
order nonlinear terms where there is a multipl@anf terms’ ™ ” are two small
guantities which result into an even smaller amahetefore those terms can be
approximate zero. The simplified equations areZ8R and 2.33
X(t) = A'X(t)+B'\7in(t)+[(AON — Aopp) - Xoc + (Bon — Bogr) - Vinoc] -d(t)  Eq. 2.32
g = CX(t)+ (Cyy—Corr)Xpc - d(t) Eqg. 2.33

Equations 2.32 and 2.34 represent the linearizégmall-signal low-frequency
model of any two-state (ON/OFF) switching dc-toedmverter working in continuous

conduction mode. From equations 2.9, 2.10, 2.11P,2.22 and 2.23 we can extract the

A, B, C, Aon, Aorr, Bon, Borr, Con, Corr of the Zeta Power Converter as following:

0 0 O 0
o o A 1
L2 L2
Aon=lq 1 Eq. 2.34
0 - O 0
0 = o !
| c2 RLoapC2

39



0 0 1 0
0 0 0 -
_ 2
Aorr=| 1
— 0
c1 0 0
0 ! 0 !
C2 "RioapC2
(1-Dpc)
0 11 0
1
DC
0 0 L2 L2
(1-Dpc) Dpc
ClIL C1 0 0
1 1
0 il )
C2 R oapC2
_ 1 —
L1
1
Bon=1—
o= |
0
[ 0
01
0
Borr=|,
0l
r 1
EDDC
11
B= EDDC
0
0

Con=[0 O 0 1
Corr=[0 O O ]

c=[0 0 0 1]

40

Eq. 2.35

Eq. 2.36

Eq. 2.37

Eq. 2.38

Eqg. 2.39

Eq. 2.40
Eq. 2.41

Eq. 2.42



As Con = Corr and definingBd as Eq, 2.43 and using equation Eq. 2.26,
equations 2.43, the linearized AC small-signal-fosquency model of the Zeta Power

Converter working in continuous conduction modeeesented in Eq. 2.43, Eq. 2.44,

and Eq. 2.45.
By = [—(Agy — Aorr) - A"BVinpc + (Bon — Borr) * Vinc] Eq. 2.43
%(t) = AX(t)+ B-¥i,(t) + By - d(t) Eq. 2.44
g = CX(1) Eq. 2.45
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CHAPTER THREE

STATESPACE OBSERVER/ESTIMATOR FOR CONTROL SYSTEMS

As described in chapter one, control systems ard tesregulate a variety of
machines, products, processes, and power converteeg control quantities such as
motion, temperature, heat flow, fluid flow, fluid pra®s tension, voltage, and current.
Most concepts in classical control theory , whighvidely used and implemented, are
based on having sensors to measure the quantsr gontrol, in fact assuming the
availability of near-perfect feedback signals. Unhfoately, such an assumption is often
invalid, all physical sensors have shortcomings tha degrade a control system
performance [47]. In order for a control systenpéoform correctly, it is assumed that all
signals required for controlling the system arelatbée and accurate.

There are different reasons for such shortcomisgssors are expensive, and they
can reduce the reliability of control systems. Anpdo note is that some signals are
impractical to measure either because they are@satle or major modifications would
need to be made to the measured them. In addagmsors usually induce significant
errors such as stochastic noise, cyclical errorg lianited responsiveness [47].

Observers can be used to augment or replace sensoc®ntrol system.
Observers are algorithms that combine sensed signtid other knowledge of the
control system to produce observed signals. Thiesereed signals can be more accurate,
less expensive to produce, and more reliable thasesl signals[47].

For instance, in the Zeta Power converter depiictétgure 2.2, the state
variable: Inductor L1 and L2 Current, Capacitor&tl C2 Voltage as well as the input
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Voltage Vin ( [ 1(t)=x1(1); iL2(1)=X(t); ve1(H)=x3(t) and \,(t)=x4(t) ) would need to be
available to the state space controller in ordémiglement a suitable and reliable control
scheme. This will drastically increase the coghefdesign and a major design
modification will have to be made. For instance, libop would have to be open and
sense resistor would need to be added in ordeetsuare the inductor currentsefRe1

and Rense2; additional differential amplifiers would needlie added in order to amplify
the voltage to a suitable range before being psobgghe Analog to Digital Converters
(ADC). Additional ADC channels will need to be allied. All these additional

overheads are depicted in red in figure 3.1.

| Vsenseyi, ADCcpy

+ Ver o [an

] mn
Vsensec; ADCe¢pp

+ Vsensey iL, W

| | Rsensey, -
Vsenser ADCeyps

Vin

SW1 |

11

l‘ﬁ cl
Ll z | Vo=Va

Al SW2 Q—— Loadl:l thl> —>

n

PWM fi,
Rsensey

Vsensec, ADCcp

i
Vsenser LI
Rsenser; ma
_r Vsensey ADCeps

Figure 3.1 Zeta Converter additional componenta¢asure state variables.
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3.1 State Observer

Observers work by combining knowledge of the plérg, power converter
output, and the feedback device to extract a feddbignal that is superior to that which
can be obtained by using a feedback device aldme pfinciple of an observer is that by
combining a measured feedback signal with knowlexddbe control-system
components ( primarily the plant and feedback syktéhe behavior of the plant can be
known with greater precision than by using the beatt signal alone, the observer
augments the sensor output and provides a feediigwaél to the control laws as depicted
in figure 3.2, where(K) is the reference input vectgik) is the response output vector
tor(k), u(k) is the input vector to the plafp(k) is a vector of estimated plant
parameterd)c(k) is a vector of controlled parameters that fwlla certain control law
with the target ofy(k)=r (k) and®(k) is a vector of disturbances to the plant.

Disturbances o(k)

Reference r(k) =——»|  Control Input u(k) |  Plant P Response y(k)
—pe]  System an P y
T 0.0
S ——
Control Observer/
Design Law < 0,(k) Estimator

Figure 3.2 Role of an Observer/State Estimatar discrete time control system

To estimate all the states of the system, oneddauheory use a system with the
same state equation as the plant to be obserwesthér words, one could use the

open-loop state space system defined by Eq. 3.Egnd.2
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fR(k+1) = A-k(k) + B-u(k) Eg. 3.1
9(k) = C-k(k) + D-u(k) Eq. 3.2
where ist(k+ 1) = A-%(k) + B-u(k) is the estimated state space system
equation ofk(k+1) = A-x(k) + B-u(k) and9(k) = C-(k) + D-u(k) is the estimated state
space output equation pfk) = C-x(k) + D-u(Kk) this is described in figure 3.3.

Real System

| I
I
| |
I » D |
’ |
|
I x(k+1) x(k) }
UK) il B z! C y(k)
| I
I
| |
| |
| A \
| |
e
R Model of the Real System |
| I
| A I
; g’ :
I
’ :
: GV I R A | n
-:—b B z | C ‘ v(k)
| |
’ :
| ~
| A [
| I
' :
|
| |

N e

Figure 3.3 Open Loop Observer/Estimator

However, this open-loop estimator assumes pekfemivledge of the system
dynamics and lacks the feedback needed to cotredrtors that are inevitable in
any implementation. This open loop observer hasesamitations. First of all, the open

loop observer will not work iA is unstable as the output will grow unbounded.
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Secondly, ifA is stable and there is an error betwAeandA , this error will grow over
time uncorrected. However, as longfaandA are relatively close to each other and
stable, the initial errorx(0) # &(0) will die away leaving only the fore responseal
real application we have access to the ouggktof the system anfik) is calculated,
therefore if we observe thg(k) differs from¢ (k) it would be unwise not to use this
information to correct the state estimates in tgktrdirection, sg(k) will tend toy(k)
over time. The output err@upu(k) = y(k) — 9(k) as depicted in figure 3.4 can be
influenced as in any feedback control system, otpsie loop, and making the proper
adjustments to make the ermputtend to zero in a pre-determined time. In order
illustrate this let's multiply the errauputby a gain matrix L called Observer Gain and
feedback it as an additional input to the systé&mr.simplicity let's assume there is no

feedforward matriD.

Real System

x(k+1) x(k)

Observer / Estimator

I
|
I
I
U(K) | B z! C { - y(k)
‘ |
‘ [
\
i I
| | A ]
} [
77777777777777777777777777777777777777777777 I
T e " * Em.[pm(k):y(k)'?(k)
} Model of the Real System :
\ I
\ I
[ R(k+1) R(k) . ey
} > B " »| : y(k)
[ I
[ I
I
‘ \ :
} A |
‘ |
| |
| L | i
\
} Closed Loop :
\ I
L 1

Figure 3.4 Closed Loop Observer/Estimator
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The new state space equation for the close looprebisbecomes Eq 3.3 and 3.4.
We can define the error of the state estimatoreioles as t@ondk)= x(k) — %(k), as this
is a linear time-invariant system its differencewbalso hold therefore,g(k+1)=
X(k+1) — &(k+1).
R(k+1) = A-R(K) +B-u(k) + L (y(K)-9(k) Eqg. 3.3
9(k) = C-r(k) Eq. 3.4
Theeobgk+1) becomes equation 3.5 and 3.6.
eobs(k+1)= A-x(k) + B-u(k) - A-R(K)- B-u(k)-L (y(K)-9(k)) Eq. 3.5
eobs(k+1)= A-x(K) - A-R(K) + B-u(Kk) - B-u(k) - L (y(K)-9(k)) Eg. 3.6
But as we model the system. There is a very gded ofA, B, andC matrices

such asA~A, B=~B andC=C therefore:

obs(k+1)=A-(x(K) --R(K)) - L(y(k)-9(k)) Eq. 3.7
y(K)-9(k)=C-x(k) - CR(K) Eq. 3.8
eobs(k+1)= A-(x(K) -R(K)) - L-C(x(K)-R(K)) Eq. 3.9
eobsk+1)= (A - L-C)-€obs(K) Eq. 3.10

The unforce general solution to the differenceatign Eq. 3.10 is Eq 3.11. It can
be seen that the observer error will decay to @€ig3.5) in a desired time if is chosen
such that Eq. 3.10 is asymptotically stable, magathiat all eigen values of the matrix
(A-LC) lie within the unit circle. Therefore, ¥(k+1) = A-x(k) + B-u(k) and
y(k) = C-x(K) is an observable system, the observer gaimay be chosen so as to place
the eigenvalues in any desired configuration ireotd achieve the desired observer

dynamics[48].
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Eq. 3.11
eobs(K)= (A - L-C)¥ - eopg0)

Observer Error eobs(k)

P

3
. o k); (A-LC}<1 e(k); (A-LC) =1 elk); (A-LC) > 1

Figure 3.5 Observer ErrossgA-LC)

3.2 State Feedback and Separation Principle

The State matriA of a state Space System is used to effectivelgrstand if the
system is stable or not by looking into the syskEgenvaluesk) of the MatrixA. The
eigenvalues of the matrix are solutions of the equation determinaht} A | =0, where
z is the complex variable in the z discrete-timendm, which yield to the poles of the
transfer function[49]. If the Eigenvalues/Polegla# systemi() are within the unit cycle
(zone A of figure 3.6) the system is Stable, if Eigen Values are outside the unit cycle
the system is unstable (zone C of figure 3.6)qifa to one the system is marginally

unstable (zone B of figure 3.6).
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+ Z-plane

— +RE

Figure 3.6 z-Plane

If all the state variables can be measured, atitbiplant is completely known,
then an optimal controller can frequently be realias an instantaneous function
generator whose inputs are the state variableseffeet of linear state variable feedback
on systems of the form of equations 3.12 and 3sli®. replaceu(k) by r (k)= u(k) -
K-x(k) whereK is anxmmatrix of constants[50].

x(k+1) = A-x(k) + B-u(k) Eq. 3.12
y(k) = C-x(K) Eqg. 3.13

The closed-loop equation of motiatk+1) is depicted figure 3.7 and described

by Eg. 3.14, while the output state equaty¢k) remains the same as Eq. 3.13.
x(k+1) = (A-B-K)x(K) + B-r(K) Eq. 3.14

It is well known that feedback can alter the dotmations of the system by

manipulating the K gain matrix only if the systesrcontrollable, then state variable

feedback can be used to achieve any desired pofeyomtion.
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State Feedback

u(k) x(k+1) x(k)

r(k) B 7! | C | y(k)

Figure 3.7 State Feedback Block Diagram.

However, key to the state feedback controller iégy= u(k) - K- x(k)is that the
state variables are known and accessible whichtislways the case as described in the
beginning of this chapter. In section 3.1 a solutias found by implementing a state
estimator/observer. This brings us to the followjmgblem statement, is it possible to
combine the state feedback control law and thenestir state law into one as depicted in

figure 3.8.

77777777777777777777777777777777777777777777777777777777777777777

Real System

x(k+1) x(k)

Feedback Control from Estimated States

K e

y(k)

(b

OO

A 4
o>

>>
A

Couput(K)=y(k)-§ (k)

Closed Loop
Observer / Estimator

Figure 3.8 Estimated State Feedback Control
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The answer is Yes, it is possible but what wouwddHe effects on the system
dynamics due to the fact that the control law wesighed assuming the true state
feedback instead of the estimated states, thigllisdcthe Separation Principle which
would allow to independently determine the matri€esndL .

If the system pair of matriced (, B) is controllable then the state feedback) =
r(k) —K-x(k) can place the system poles / eigen valdeB (K) in any desired position
in the z-plane, if the system pair of matricAs, C) is observable the observer polés (
L-C) can be place in any desired position in the nglay selecting the proper gainif
x(K) is not available it is natural to apply thetstieedback to the estimated state as
following: u(k) = r(k) — K- (k). Assuming asA~A, B~B andC=C , this will lead to the
new state space equations Eq. 3.15 and Eq. 3.16:

X(k+1)=A-x(Kk) - B-K-R(k) + B-r (k) Eqg. 3.15

R(k+D=(A - L-C)R(K) + B(r (k) - K-&(K)) + L-C-x(K) Eg. 3.16

That combine leads to new state space system:

[)S(ZE:::B]: [LAC A-L-Fng-K ‘[égg]ﬂg]r(k) Eq. 3.17
¥09=1C ol [3i] £q. 3.18

Equations 3.17 and 3.18 described the feedbad¢kmyia figure 3.8, from the
new augmented matrix A it is not obvious how we afact the dynamics of the system
by setting separately the values of the gain madticandK. This will require to
approach the problem from the observer perspeatidethe state using a transformation

matrix P as following:

51



) 1= & 71_ (K7 _o [x(K)
ej)(bs(k)]_ [(x(l)z)-it(k)) _[: -I|]'[§(k)] =P K(k) Eq. 3.19

WhereP! =P, therefore we can obtain the following equivalstate equation:

x(k+1) 1_[A-B-K  B-K 71.[ x(Kk) B
[eobs(k+1) _[ 0 A-L-C] [eobs(k) +[0]r(k) Eq. 3.20
yw=Ic o[ Eq. 321

TheA matrix in Eq. 3.20 is block triangular; therefoits,eigenvalues are the
union of those ofA —B-K) and @ — L-C). Thus, inserting the state estimator does not
affect the eigenvalues of the original state feellpaor are the eigenvalues of the state
estimator affected by the connection. Thus, thégdesf state feedback and the design of
state estimator can be carried out independently.

3.3 Effect of Stability of Digital Systems due f@etsampling time

The main difference between analog feedback cbsystems and digital
feedback control systems is the effect that thepfiagnrate has on the transient response.
Changes in sampling rate not only change the nafutiee response from overdamped to
underdamped, but also can turn a stable systenamtmstable one. In the s-plane, the
region of stability is the left half-plane. If atrsfer function, G(s), is transformed into a
sampled-data transfer function, G(z), the regiostability on the z-plane can be
evaluated from the definition, z £ 1], where T is the sampling time and s #jo, we
obtain:
7 =@l's = gl(0#o) = gTa.gljo
=e''%(cosnT +j- sinmT) Eqg. 3.22

=e"zeT
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Each region of the s-plane can be mapped intarasgmonding region on the z-
plane (Figure 3.6). Points that have positive valof are in the right half of the s-
plane, from Eq. (3.22), the magnitudes of thesepedpoints are“d> 1. Thus, points in
the right half of the s-plane map into points alggihe unit circle on the z-plane (Region
C) . Points on theg-axis, region B, have zero valuesoo@nd yield points on the z-plane
with magnitude = 1, the unit circle. Hence, poiosthe {p-axis in the s-plane map into
points on the unit circle on the z-plane. Fingligints on the s-plane that yield negative
values ofua (left—half-plane roots)map into the inside of thret circle on the z-plane.
Therefore, the selection of the sampling rate hdisezt influence in the stability of the

observer and the system.
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CHAPTER FOUR

HANDLING UNCERTINTY IN STATE OBSERVER/ESTIMATOR MOEL

The main purpose of every feedback loop is to demehe effect of uncertainties
of the overall performance of the system. This &sapplicable to the close loop
observer system. In reality, feedback as a desigifér dynamic systems has the
potential to offset uncertainty. Feedback can tegldsr stabilization but inappropriately
designed may reduce rather than enlarge the regiastability of the system [51] .

The term robustness refers to the preservatiaesitable system properties,
mainly stability and performance under structured anstructured uncertainties. The
design of state feedback through optimal contrd feand to have desirable robustness
properties. To be more specific, seeking controlf@wu(k) in a state space system
x(k+1) = A-x(k) + B-u(k) such that the closed-loop system is stable andmzas the

guadratic performance criterion given by the cogtagion 4.1[49]

N-1
J:%”(N)-S(N)-X('\')*%Z[XT(k)'Q-><(k)+uT(k)-R-u(k)] Eq. 4.1
k=0

Whereu(k) = -K (k)-x(k) andK (K) is equal to equation 4.2[49]
K (K)=[R+BT-S(k+1)B] BT-S(k+1)A Eq. 4.2
The equation state feedback control law providgwessive robustness in terms
of gain and phase margins and copes with paranstd®ther types of uncertainties, it
has been recognized that these robustness prapantidost when an observer is included

in the feedback loop. Simply stated, the loss bfistness in observer-based controller

design is due to the signal transfer from the @dnifk) to the observer through the
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control distribution matrix [52], [53]. Thereforg order to address the robustness of the
observer under structured and unstructured placgntainties a different approach will

be developed in the feedback loop by aiming to cedbe output error(k) - y(k) as
illustrated in figure 4.1.

: Real System
= N\ | u) x(kc+1) = Ax(k)+B-u(k) (k)
yk)=C-x(k)

r(k)

v(k=1) -
o L, [« /

(k)

.

Robust Closed
Loop Observer

Estimates control Law

|
|
K |+ State Feedback from I
|

Figure 4.1 Robust Closed Loop Observer

The development of such robust closed loop obsevilebe discussed in section
4.1.

4.1 Robust Closed Loop Observer

The implementation of the robust observer startaugmenting the original state
equations Eqg. 3.1 and 3.2 by a new swgte 1) equal to the output erretk)=y(k) - y(k)

times a new gaih 1, as described figure 4.2. If t¢k) error is zero, then the closed lop
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observer will follow its original configuration hawer If the erroe(k) £ 0, the error will

be multiplied by a gaih; added from its previous values to correct fordyestate error.

Figure 4.2 New state for Robust Closed Loop Observe

The Augmented state space equations are 4.3 arahd.the control law follows

equation 4.5.
R(k+D)=(A - L,-C)-R(K)+L ,y(k)+B-u(k)+B-v(k) Eq. 4.3
v(k+1)=L +(y(K)+C-R(K) ) Eq. 4.4

u(k) = r(k) - K-x(k) Eq. 4.5

The robust observer state equations can be augthbytdefining a&(k) as in

equation 4.6 and 4.7.

2(K)= [igg Eq. 4.6
2(k+1)= 33:3 Eq. 4.7

The new augmented robust observer state spacé@tuean be written as

equation 4.8.
z(k+1)= (AsLy-C)- z(K) + Lyy(k) + B-uk) + Bw(k) Eq. 4.8
Where:
aclA Bl B=[f]  cele o Le[
00 0 Ly
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The adjusted control lawm(k) = r(k) - K,-R(k) with Kx equal to equation 4.8
K.=[K 0] Eqg. 4.9
Since pair A,C} is observable (assumption for closed loop obsgrttes pair
{Ax, Cx} is also observable any eigenvalue/pole placenssigament technique can be

employed to find_x such that & -L,-C )is stable.

x(k+D] [A -BK o [x®] 1B
f(k+1)|= [LC A-L,C-BK O |gW)|+]|B|rk) Eqg. 4.10
V(k+1) Ll‘C 'Ll‘é 0 V(k) 0

Defining the state estimation error é&yqk)= x(k) — %(k), one can define the
transformation matri¥ andP! as following:

1 0 0
P=(1 1 0 Pi=

I 0 O
IIO]
0 0 I

0 0 I

Using an equivalent transformation in the form ©tP-x, A=P-A-P*, B=P-B,
C=C-P! and D=D the equivalent system described by Eq 4.10 istititisd in equation
4.11 which establishes the separation propertglmist-observer-based state feedback

control system.

x(k+1) A-BK -BK o] [ x(k) B
epsk+D) | = 0 A-L,C 0] |ep®]|+]|0o|rk) Eq. 4.11
v(k+1) 0 -L,C of | vk 0

Therefore, we can place the poles of the augmesytet@m and robust closed
observer by adjusting the gain matriéesandL x separately. This additional Gdin has
an integral part as an additional degree of freeatbcomparison to the well-known

Luenberger observer. This additional degree ofdiveecan be used to improve the
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accuracy of steady-state estimation and the robsstaf estimation against unknown

inputs.
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CHAPTER FIVE

ADAPTIVE ESTIMATION AND CONTROL

In everyday language, “to adapt” means to chargghavior to conform to new
circumstances. Intuitively, an adaptive controitethus a controller that can modify its
behavior in response to changes in the dynamitisegfrocess and the character of the
disturbances. Therefore, an adaptive control candveed as a system that can
automatically adjust its parameters to compengatedriations in the characteristics of
the process it controls. Since ordinary feedbas& attempts to reduce the effects of
disturbances and plant uncertainty, the questidhetlifference between feedback
control and adaptive control immediately arisesyéwer all literature seems to agree,
and a well adopted definition of a non-adaptivetadrsystem is a constant-gain
feedback system is not an adaptive system [54higndissertation we will adopt the

pragmatic definition that an adaptive controlleaisontroller with adjustable parameters

and a mechanism for adjusting those parameters.

A very important question we should ask ourselgeshy adaptive control should
be implemented as the controller becomes nonlineeause of the parameter adjustment
mechanism. The reason lies in the tradeoff betweetel accuracy, performance error
and complexity of the implementation. This is dégxkin figure 5.1, while having a
controller with a fixed gain in order to achieveviperformance error, the accuracy of the
model must be high. In the other hand, the highemtodel accuracy the higher the

complexity of implementation due to very high ordgstems.

59



Performance Complexity of

Error Implementation
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Low Model Accuracy
Figure 5.1 Adaptive Control Effectiveness Area

Therefore, the optimal point for a fixed gain catigr is the lowest order of the
system modeling in order to have a performandeegerror that is acceptable, and
stability is guarantee, leaving the task to de@aeaprove performance error to the
adaptive gain controller (dotted box in figure 5.1)

In a simplistic way, the adaptive controller canassumed as a two-loop
controller, one with a fixed gain and a secondwitk a variable gain and a means to

adjust the fixed gain controller (figure 5.2).
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Mechanism -
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Figure 5.2 Adaptive Controller

The concept of control adaptability can be extertdestate observers as the goal

of the observer is to track the statéls) of the plant in such way th&tk)~x(k) , this can

be portrayed in figure 5.3.

Real System

x(k+1) = Ax(k)+B-u(k)

y(k)=1-x(k)

Variable Gain
Mechanism

Observer Gain Lx |«

|

R0c+1) =(A-L- ) R0 B-u( Ly ()5 %)) ¥(K)
y(k)="X(K)

(k)
<

| Adaptive Closed
Loop Observer

Figure 5.3 Adaptive Observer
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The typical tasks that are achieved through adeibntrols are: automatic
tuning of controllers, building up a gain schedilevarious operations points, and
maintaining a system’s performance. Adaptive systeam be categorized into four
types: Model Reference Adaptive Control (MRAC),fSaining Controllers (STC), Dual
Control and Gain Scheduling,

MRAC systems intend to solve a problem in whichshstem performance
specification is given in terms of a reference nioithes model describes the ideal
behavior of the system therefore the parameteitseo€ontroller are adjusted so the plant
performance matches the model specification, bengmn optimization. STC are a type
of adaptive control systems that can adjust theiameters automatically to achieve
optimal performance under changing conditions.

STC systems can optimize their own internal runiagameters to maximize or
minimize the fulfillment of an objective functiotypically maximizing efficiency or
error minimization. STC control systems confronihgochallenges that limit their
applicability and effectiveness. One of the chajksnis the tradeoff between the speed
and accuracy of the adaptation process. If thetatdap is too fast, it may cause
instability or oscillations. If the adaptation @otslow, it may not catch up with the
changes or disturbances. Another challenge istsgleand estimating the parameters
that need to be tuned. This requires a good uratetstg of the system behavior and the
objectives of the control. Moreover, some paransatesty be hard to measure or depend
on other factors that are not easily accessibtebeervable.

Dual Control deals with the control of systems whokaracteristics are initially
unknown. It is called dual because in controllinglsa system the controller's objectives
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have two parts, an action part: to control theesyisas well as possible based on current
system knowledge and an investigation part: to exysat with the system so as to learn
about its behavior and control it better in theufat The approach is so complicated, that
so far it has not been possible to use it for pracproblems [54].

Gain scheduling is an adaptive method and techriltptedeals with nonlinear
systems processes, processes with time variatiogsituations where the requirements on
the control change with the operating conditionsJ4) properly use this technique, it is
necessary to find the measurable variables, catiedduling variables, that correlate
well with changes in the process dynamics. Theddivey variable can be for instance
the output or input signal of a system, the corgighal, the error between a desired
output and real output or any other external véegiabhe key, however, is to find a
correlation so a Gain Scheduling law can be fortedlaGain scheduling is a very
effective way of controlling systems whose dynangicange with the operating
conditions such as the case of a Zeta Convertex.dDthe disadvantages of Gain
scheduling is the effort required for its implenaian. To implement gain scheduling
with analog techniques, it is rather difficult g®sial hardware is required such as
function generators and multipliers. Such composhbave been quite expensive to
design and operate. Gain scheduling has thus Isszhanly in special cases, such as in
autopilots for high-performance aircraft. Howev&ain scheduling is very easy to
implement in computer-controlled systems requisngie extra lines of code.

The characteristic of Gain Scheduling combined wgleffortless
implementation in digital control-based systems esak ideal method for the Adaptive
method to be implemented in the Robust Observeahfs dissertation.
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5.1 Gain-Scheduled Adaptive Closed Loop Observer

Gain scheduling is a practical and powerful metfowdhe control of nonlinear
systems. As described before a gain-scheduledadtemtis formed by interpolating
between a set of linear controllers derived fooaesponding set of plant linearizations
associated with several operating points. The tiegutontroller is a linear system whose
parameters (gains) are adjusted (scheduled) axtdn of the external scheduling
variables. Gain scheduling is attractive becausgptoits linear control design methods
that are theoretically mature, are well understaod, involve computationally efficient
synthesis procedures. Because the control deslggsisd on linear approximations to the
plant, one can guarantee that at each operatimg, poe feedback system has the desired
stability and performance properties. In additioecause the controller gains are
adjusted to reflect the plant operating conditidins,gain-scheduled control system has
the potential of responding rapidly to changingragiag conditions. Although the gain-
scheduling approach is a simple extension of ligkeaign methods, the technique can
guarantee closed-loop stability and performancyg oné local sense. Stability and
performance properties of the gain-scheduled desiurst be inferred from extensive
simulation studies. The operating region whereibtyaland performance are ensured is
difficult to quantify. Furthermore, one must typigalesort to heuristic methods to derive
the scheduling law [55].

For the Zeta Converter Robust state observemiira&ions has been developed in
chapter two and three, however in order to comperfsaany remaining uncertainties in
the plant due an adaptive observer gain schedulithpe developed for the Robust
Observer L as depicted in figure 5.4 .
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Figure 5.4 Robust Adaptive Closed Loop Observer

The scheduling variable will be based on the olegeputput errogy = y(k)-
9(k), while the scheduling law will be based on thecpatage of the error, if the error
percentage is big the gain L1 will be set prop&slymodify the poles of the observer for
a faster response. If the error percentage is shetjain L1 will be set properly to

modify the poles of the observer for a slower reseathus smaller or no overshoot. A
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gain interpolation between these two set pointslveldeveloped into an if-like look-up

table (Table 5.1) based on extensive simulatidmshwill be the address in chapter 6.

If e% > value \ then L1 = Gaini1

If value v < e% < value v then L1 = Gaini.»

If value wh-1< e%< value v then L1 = Gain n1

Otherwise l1 = Gain.n

Table 5.1 Gain Scheduler and Scheduling Law LooKFdble
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CHAPTER SIX

ROBUST ADAPTIVE OBSERVER APPLICATION TO MODERN POWRE
CONVERTERS

As delineated in chapter one , this dissertatiafive objectives, four of them
will be address here:

1. ldentify a Discrete-Timé&ull-State Observerthat can properly estimate the

plant states in the presence of plant uncertaiimiasZeta Power Converter.

N

Identify, evaluate, and compar&abust Full-State Observerthat could

improve the performance of the full-state Observer.

3. Identify, evaluate, and compare Adaptive and Robust Full-State

observerthat could improve the performance of the fulkst@bserver.

4. Prove that the estimated states can be used inicatitm with the state
feedback gain by placing the closed loop poleshieare a maximum 30%
OS of output voltage with load current changes/®b6: input voltage
changes +/- 50% and other plan uncertainties 6.20

5. Build a MATLAB&SIMULINK® Model that will simulate he dynamics of
the Zeta Converter, State Observer, and State Bekdlontrol law to verify
objective one through four.

Therefore, this chapter will be an application dkeapf the theory developed in

chapters two through five.
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Section 6.1 will define the dynamic characterstf the Full-State Observer,
positions of its poles in the z-plane, it will calate the observer L Gain required to
achieve them. It will evaluate its performance agaplant uncertainties.

Sections 6.2 will focus on developing the robubs@ver Lx gain and compare
its performance to the Full-State Observer undsmtpuncertainties.

Section 6.3 will define heuristically the threshofdr the Adaptive Gain
Scheduling Law Land compare its performance to the Robust-Obsenaer plant
uncertainties.

Section 6.4 will use the estimated states to adgvalstate-feedback controller in
such a way that the output of the power convexterexes the performance indicated in
objective four.

MATLAB&SIMULINK® will be used for modeling and to grform all
calculations, the MATLAB script can be found in Agulix A.

6.1 Zeta Power Converter Full-State Observer

In order to develop the model for the Zeta Povesverter, the following

component values will be used as depicted in figuteand described in table 6.1.

SW1 I I [YYY YN
m C1=720uF L2=1.6 mH
Vin=12V
_ SW2 .
—— L1—1.6mHz C2=15uF ___ Load =10 Q
DC 60%

Figure 6.1 Zeta Power Converter
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Input Voltage Vin 12v
Duty Cycle DC 60 %
Bypass Capacitor C1 720 uF

Inductor L1 1.6 mH
Inductor L2 1.6 mH
Output Capacitor 15 uF
Output Load 10 Ohms
Output Voltage 18V

Table 6.1 Zeta Power Converter Values

In order to achieve a good performance, the pafidise Closed Loop State
observer should be five to ten times faster thapbles of the Open Loop observer so
the closed loop observer can compensate any dmasatf the state faster than the states
of the open loop. However, care must be taken toadanake the closed loop poles of
the observer very fast because it will cause inigiab as the State-Observer would try to
compensate for any small error in the Closed Lobpedver before letting it settle,
therefore we need to create a sort of natural hgste For this Full-State Observer the
poles will be set to ten times faster than the polethe open loop one. The damping
factor( will determine the amount of overshoot of theesiatthe estimator. As
illustrated in figure 6.2 § =0 would yield to an oscillating state, whil€ al will create
an over damped or critically damped response. Teatgr the damping factor is the
smaller the overshoot. For this full-state obsewemwill set the damping factor equal to

¢=1.1, no overshot.

69



2.0

- ¢=10.1

1.5

A A

0.0 \
e e e b o U b o0 ¢ i T I e B

0 b ‘21'1 I 3 4
wyt / rad

Figure 6.2 Second order step response damping ratio

In the presence of no plant uncertainties the disaspen loop full-state estimator
(figure 6.4) follows exactly the discretized platates (figure 6.3) as well as the discrete
closed loop full-state observer (figure 6.5), agexted, all high abstraction model is
illustrated in Figure 6.6. Figure 6.7 shows stegpomse to a voltage input step from 0V

to 12V.

Figure 6.3 Discretized Plant
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Figure 6.4 Discrete Open loop full-state estimator

xA~cl(k)

G > BdobsOLssm(: 1)’y
Vs=(k) /
CdobsOLssm'u =
/ Y V09
(@D} > BdobsOLssm(:2)'u_
a(k) /

< LdobsCLu J

Figure 6.5 Closed loop full-state estimator

Zeta Converter State Ovserver Small-Signal Model
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P y~(k) xt-ol(k) x_cl(k)
Small Signal CL Plant Observer Discrete

Figure 6.6 High Level Abstraction Model Zeta Po@anverter
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In the presence of plant uncertainties, the perdme of the open loop observer
starts to deteriorate in comparison to the plaatest however the closed loop observer
tracks the plant states very accurately. Figu&sBows the comparison side to side with
a forced plant uncertainty of 10%, meaning thatraadeling of the Zeta Power
Converter contains a 10% error in the A systemBEintput matrices as depicted in the

bellow MATLAB code abstract.

R e R e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e L b
% Plant uncertainty 5
e R R e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e
Unc = 0.10;

P I T T T I L L T T T P T T T P P T T T T T I L T T I T T T T T T T LT T T LT LTSS TLEESEIEEYSSY
% Open Loop Observer Zeta Converter Continous Plant Modeling %
SRR e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e b
AobsOL = (1-Unc)*A ;

BobsOL = (1-Unc)*B ;

x{t) 8 x-‘m . ; . x~{k) . x dlfk) -

L]

|

|

L
S
o

o . . . s . ! » L ! " L " P 3 . " . .
0 s o o 0z om0 % 04 06 05 0 s 01 0% 62 0% 03 0% 04 06 05 w5 o1 o550z oA 03 0% 04 6 05 0 %5 01 0% 02 0% 03 0% 04 06 05
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Figure 6.7 Plant and Full State Transient Response
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Plant State vs Open Loop Observey)) (x " Plant State vs Clos Loop Observer (1)

Plant State vs Open Loop Observe,) k Plant State vs Closed Loop Observej (x
Plant State vs Open Loop Observes) 4 Plant State vs Closed Loop Observej (x
Plant State vs Open Loop Observes) M Plant State vs Closed Loop Observe) (x

Figure 6.8 Step response Closed and Open Loop @drseith 10% Plant Uncertainties.

The open and closed loop observer is run with areee of 99% Plant

Uncertainties illustrated in the bellow MATLAB spti




The step response transient response can bersbgures 6.9, 6.10, 6.11 and

6.12.

X0, XA (1), X°_cl06)

Eigure 6.9 Plant State, Open and Closed Loop Obsén)

()X~ (8), x°_cl(k)

| | I

I | | | | |

L L L I L L L 1

Eigure 6.11 Plant State, Open and Closed Loop ®bsér)
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Eigure 6.12 Plant State, Open and Closed Loop ©@bséx)

It is extremely important to know that even in tiresence of having very bad
initial models estimates (Plant Uncertainties)dleesed loop observer estimated states
converge to the Plant states. kq(k)=x,(k); i;,(k)=x,(k) andv, (k)=x;(k) there is
some initial oscillations, but the oscillations dl@fter about 0.3 seconds and
vea(k)=x4(k) which is the output of the converter as wilé closed loop observer
corrects the error very quickly (due to the outigeidback).

6.2 Zeta Power Converter Robust Full-State Observer

In this section we will design the Robust obselwerndding an additional pole to
error of the full state observer and its respeagiam will be calculated. The Robust

observer implementation is illustrated in figur&@®with a dotted box in red.
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yA~robs(k)

BdobsOLssm(:,2)"u__

" LdRobsCL1 L

Figure 6.13 Robust Full-State Observer

As can be seen observer error which happens tloeb®utput of the Zeta
Converter is adjusted via a gain LdRobsCL1 andynatied. The output of the Zeta
Converter will be the key parameter that will batrol therefore it is of interest that its
performance under Plant uncertainties is robust.

The closed loop observer will be compared to dieist one however due to the
high tolerance to plant uncertainties its perfance will be evaluated by calculating the
absolute error and integrating the error over timerder to assess the cumulative error.
The additional pole for the gain LdARobsCL1 is gea - 0.9 in the z-plane within the
unit circle which is a stable pole. Figure 6.14wh the high-level abstraction of the

robust closed loop observer compared to the clsgalobserver.
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Figure 6.14 High Level Abstraction of Robust and<éld Loop Full State Estimator

The additional gain helps the performance of theeover as it can be seen in

figures 6.15 and 6.16 where the error of the cldsed and robust observer are plotted

over time.

Figure 6.15 Closed loop and Robust Observer erithr 10% Plan Uncertaintysk)



CL Obs, Rob Obs

Figijre 6.16 Closed loop and Robust Observer erithr 40% Plan Uncertaintysk)

It is obvious and expected that as the plant uaicgits decrease so it’s the error
till it becomes zero when the uncertainties ofgilant are zero. In the next section we
will demonstrate the final step by using the rolaisterver estimated states and using
state feedback placed the poles of the Zeta Powarvelter to the desired location to
demonstrate the control goals are met.

6.3 Zeta Power Converter State-Feedback contnodii®g a

Robust Full-State Observer

As described in chapter three the separatiortipimallows to detach the
calculation of the location of the poles for thatstobserver and state feedback control.
The state feedback control method is applied t&Z#ta Power Converter using the
robust state observer as illustrated in figure 6THé comparison will be made between a
compensated continuous real plant system and asmpensated one to assess the
performance of the design. Note that the AnaloDitptal Converter block known as

ADC are Sample and Hold (S/H) blocks which convdtie analog input to a digital
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value for the digital controller to perform the @alations and DAC is a Zero-order hold

(ZOH) reconstructs the digital signal back to aalag one.

’ Uncompensated Real Plant

> & >

< y(t)
Uncompensated Continous Plant
(B

Real Plant
DAC ADC CH2
Compensated Continous Plant

vs() % (= o

Vs=12V ADC CH1 T~

el

x*~clrobs(k]
—} ) x"_clrobs(k)

y~(k) —

Small Signal CL Plant Robust Observer Discrete1

<

KSF*u F

Figure 6.17 Power Zeta Converter State FeedbadkRobust State Observer

The poles of the Zeta Converter are calculatetkoeve an Overshoot (OS) of
less than 30% (target design objective) based aatem 6.1 the damping ration must be

£>0.3579, for this design we seleat a 0.5912.

-In ()

Jer(m(S) )

The natural frequenaynis left to be the estimated modeling plant natural

2‘;:

Eg. 6.1

frequency as we are only concerned about %0S. OWiiplant uncertainties the

uncompensated plant has a peak value of ~26.78Wansteady state final value of 18
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V, therefore the %0S approximately 48.61%, howdlvercompensated plant %0S is

approximately 7.83% which meets the design objedw illustrated in figure 6.18.

[ T T T

2675V |
| —

| | | I I

005 [ 015 02

Eigure 6.18 Power Zeta Converter Transient RespwaitheState Feedback from robust
Observer with no plant uncertainties

With plant uncertainties of 20% the percentagewaishoot is of the
uncompensated plant is approximately 48.61% whiecompensated overshoot one is

approximately 2.33% as illustrated in figure 6.19.

30—

i
26.75V
S

1842V |

L | | |
0 0.05 0.1 0.15 0.2 025 0.3

Iéigure 6.19 Power Zeta Converter Transient RespaitheState Feedback from robust
Observer with 20% plant uncertainties
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One very important remark is that as the unceitsnhcrease the estimated
states of slow down as previously described iniged.1 to a point that the controller no
longer can compensate and the system becomes lenstabis observed in figure 6.20
and 6.21 when the plant uncertainties 61% and @&yectively. With 61% plant
uncertainties the state feedback controller cdincstiverge however with uncertainties

62% the output growths unbounded.

Transent response with 61% Plant Uncertienties
30 T - :

| Il | |
0.05 0.1 0.15 0.2 0.25

Igigure 6.20 Power Zeta Converter Transient RespwaitheState Feedback from robust
Observer with 61% plant uncertainties

Observer with 62% plant uncertainties
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Transient Response withh -30% Plant Uncertienties
|

Figure 6.22 Power Zeta Converter Transient RespeiibeState Feedback from robust
Observer with -30% plant uncertainties

| | | | | | |
005 0.06 0.07 0.08 0.09 0.1 0.11 0.12

Figure 6.23 Power Zeta Converter Transient RespeoiibeState Feedback from robust
Observer with 42.23% plant uncertainties and Tss=1u

In this chapter, we were successfully able to immaet a discrete state- feedback
from states from the robust full-state observeirestior and apply it to a nonlinear Zeta
Power converter. The State-Feedback controllebbas proved to be very robust
against plant uncertainties up to +61% having fopmance of 11.11% of overshot and

20% for plant uncertainties -30% therefore meetireggdesign objectives.
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CHAPTER SEVEN

CONCLUSION AND FUTURE WORK CONVERTERS

7.1 Conclusion and future work

The aim of this research was to identify a novaywf controlling Zeta
Converters using robust adaptive state observerstate feedback in the discrete-time
domain that yields robustness in the presenceanit pincertainties. Based on the
guantitative analysis performed mathematically praved with simulation
(MATLAB&SIMULINK) it can be concluded that it wasgssible to find a discrete
controller to achieve the design objectives statdtie beginning of the research. The
state feedback controller was able to compensatgdot uncertainties up to +61% and
-30% when the design objective was 20% by adapkiagobust observer pole P4 from
negative 0.9 to positive 0.9 respectively. As désgd in section 3.3 the sampling time
has an effect on the stability of the system uisdene plant uncertainties. A changed
from 10 us to 1 us sampling time makes the polélefobust observer closer to the
unit circle stability boundary.

While this this research has met the objectiV®s @ises the question if this
control technique can be applied to other conveed observer or if a different
adaptive scheme could be implemented using thd agpean additional scheduling
variable to extend the robustness to plan uncéiaiwhich could be later explore in a
future work . Additional extension for research Icbaiso include the adaptability

method posting the question could Model Referékuataptive Observer (MRAO),
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Artificial Intelligence / Machine Learning or alg&uning Observer Controllers (STO)

could yield a better performance.
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Appendix A
MATLAB® Code for the Discrete State Feedback Po@enverter controller with

Robust Full State Estimator/Observer.
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e e e e e e e e 1
% Zeta Converter State-Space Modeling %
e e e e e e e e e e e e e
clc;

close all ;

clear all ;

I T I T I T I E T I T IR T T T I L TR T TR TR LR E T ST LTSS I TLI TSI ISIT LIS LEILILILILISITIRIEIRIRTRIRLES
$ Zeta Converter Continous Plant Modeling %
I T TR T T T T TR T T T I T III I IIITITIITIITITILIILITIIIITIIITTITITIITILITILIRITITIITTRTTSTRISYSS

d= 0.6 H $ Steady State dutty Cycle
Ll= 1.6e-3 $ Inductor L1 Value = 1.6 mH
L2= 1.6e-3 ; % Inductor L1 Value = 1.6 mH
Cl= 7.2e-4 ; % Bypass capacitor = 720 uF
C2= 1.5e-5 $ Output Capacitance = 15 uF
R=10 ; $ Load Resistance = 10 Ohms
& =
0 0 (-(1-d)/L1) '] ;
0 0 ( d/L2) (-1/L2) ;
((1 -d)/C1) (-d/Cl1) 0 0 B
0 (1/C2) 0 (-1/ (R*C2)) :
12
B =1
d/L1 ;
da/L2 ;
0 ;
0
1;
C =[0001];
D = [0] 2
Vs = 12 > $ Input Voltage
Vo = (d/(1-d))*Vs ; $ Output Volatge
disp( ['Output Voltage Vo = ', num2str(Vo),' Volts' ] )

sys = ss(a,B,C,D)
T TTITIITITTITITTITITTITITTITIITTITTIITITIITITIIITIITTIITIITIIITITTITITT LT LTI ITIIOTISIISISSY

% Zeta Converter State-Space Modeling Discretization %
I I T I T T T T T I T T I T T I T T I T T I T T I T T I I EI LTI ITLTITT LTSS LSS LIS TI LIS LILIEISFTYEYS
$Ts = 0.000010; $ 10 us sampling time

Ts = 0.000001; % 1 us sampling time at 42.5Plan Uncertienty Unstable
sysd = c2d(sys,Ts):

Adisc = get(sysd, 'A');
Bdisc = get (sysd,'B');
Cdisc = get(sysd,'C');
Ddisc = get(sysd,'D');
S e e e R e R e R e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e L]

% Plant uncertainty %
I TR T IR I T T R IR TR T T TP TR TR T T TR TR LTSI TETIEI SIS TLITTTILILITTIEI ISR LILILILILITIRIEIRISRRLES
Unc = 0.4223 ;s %$Unstable Ts 1lus

$Unc = -0.30 $adaptive robust observer pole location of +0.9

’
’

$Unc

0.60 $adaptive robust observer pole location of -0.9

T T T T T T TTTTTITTITITIIITIITTITITITITIIITIITIITTITIITITIITIIITIITIIITIITTTTITTIITITITIITIOTITIISISS

% Open Loop Observer Zeta Converter Continous Plant Modeling %
T T T T T T T TR T T T TR T I T TE T I LT LTI ITITITIITIIIITIIIIIITIISIT IS LTILIRITITIISITIRTTSTRISYES
AobsOL = (1-Unc)*A ;

BobsOL = (1-Unc)*B ;

CobsOL =C ;

DobsOL =D :

sysobsOL = 88 (AobsOL, BobsOL, CobsOL, DobsOL) ;
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I T I T T T T TR T T TR T T T TR LT T TSI TT LTSS TIS SIS LS LSILITILSIISITILIRIEIRRESSY
% Open Loop Observer Zeta Converter Discretization %
R R e e e e e e e e e e e e e e e e e e e e e e e e e L]
sysdobsOL = c2d(sysobsOL,Ts):;

AdobsOL = get (sysdobsOL, 'A');

BdobsOL get (sysdobsOL, 'B');

CdobsOL get (sysdobsOL, 'C');

DdobsOL = get (sysdobsOL, 'D');

R e e e e e e e e e e e e e e e e e e e e e i)
R e e e e e e e e e e e e e e e e e e e ]
% Zeta Converter Linearized Small-Signal Modeling %
T TR T TR TR T L E T T RIS TTTIITILIITILITIILIIITIITIITIITITIITIISITITITIITIISITITITILIDILISITITRILIRILISIRITRITRTRSYSSY
T TR T TR T T LTI T TS TT TR II T TIITIILITILITTITILITITTIITILISITITITITITILISIITIDILISILITITITITILIRILISIRILTRITSIRISLSSY

R e e e e e e e e e e e e e e e e e e e e e e e e e ]
% Zeta Converter State-Space Small-Signal Modeling %
R e e e e e e e e e e e e e e e ]

Bon = [0 0 0 0 H
0 0 (1/L2) (-1/L2) H
0 (-1/C1) 0 0 ;
0 (1/c2) 0 -1/ (R*C2) H
1:
RBoff = [ O 0 -(1/L1) 0 H
0 0 0 (-1/L2) H
(1/C1) 0 0 0 H
0 (1/Cc2) 0 -1/ (R*C2) H
1
Assm = Ron*d + RAoff* (1-d):; $% Note Assm is equal to A large Model %%
Bon = [ d4/L1 ;
d/L2 ;
0 H
0
1
Boff = [ O H
0 ;
0 H
0 H

1:
Bd = ((-(Aon - Roff)*( inv(A)* B * Vs) ) + (Bon-Bon)*Vs );
Bssm = [ B Bd]:
Cssm = C;
Dssm = D;
sys_ssm = ss(Assm,Bssm,Cssm,Dssm) ;
IR I TR I T I T I LTSI T IILITTILITILIILTILIILITIIILITILIITILITIITIILIILITLILILTLERITLIESSS
% Zeta Converter State-Space Small-Signal Modeling Discretization %
R e e e e e e e e e e e i
sysdssm = c2d(sys_ssm,Ts);
Adssm = get (sysdssm, 'A');
Bdssm = get (sysdssm, 'B');
Cdssm = get(sysdssm,'C'):;
Ddssm = get (sysdssm,'D'):;
R e e e e e e e e e e e e i

% Zeta Converter Open Loop Observer Small-Signal Continous Plant Modeling %
R R e e e e e e e e e e e e e e e e e e e e e e e it
AobsOLssm = (1-Unc) *Assm ;
BobsOLssm = (1-Unc)*Bssm ;
CobsOLssm = Cssm ;
DobsOLssm = Dssm ;

sysobsOLssm = s8s (AocbsOLssm, BobsOLssm, CobsOLssm, DobsOLssm) ;
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I T I T I T T T I T I T T T T I T I T T T T T T T T T T T T T T T T I I ST LSS TS LIS LLS TSI LIS TIEIRIEIERIREYESY
% Zeta Converter Open Loop Observer Small-Signal Discrete Plant Modeling %
T T I I IR I I I I TR T LTI IEIIIITIII LTI LILILILIILILILILIIIIIIILIILI LI ILLLESSSSS%%S
sysdobsOLssm = c2d(sysobsOLssm,Ts);

AdobsCLssm get (sysdobsOLssm, 'A"') ;

BdobsOLssm = get (sysdobsOLssm, 'B') ;

CdobsOLssm = get (sysdobsOLssm, 'C');

DdobsOLssm = get (sysdobsOLssm, 'D"') ;

SRR e e e e e e e e e e e e e e e e R e e e e e e e e e e e e e e e e e e ettt
$ Zeta Converter OL Observer S-S Discrete Plant Natural Frequecy,Damp Ratio, Poles %
I I T T T T T I L T T T T T T T I T T T T R T T T T LT T T T LTI E ST SIS TS T IEI LIS EIRIRYESY
[WndobsOLssm, ZdobsOLssm, PdobsOLssm] = damp (sysdobsOLssm) ;

R e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e et

L ] Zeta Converter Closed Loop Observer S-S Discrete Plant Poles %
T T I I I I I I I T T T T I T L T T T I R T T T T T T LTI T LTI LIS LITITITITITILELSS
WndobsCLssm = 10*WndobsOLssm s % Set Poles 10x Faster than System Poles

ZdobsCLssm = 1.1*[1 ; 1 ; 1 ; 1) s % Set damping Ratio to 0.7

PdobsCLssm = [

exp( Ts*( -(ZdobsCLssm(1l)*WndobsCLssm(1l)) + j* (WndobsCLssm(1l)*sqgrt(l-ZdobsCLssm(1l)"2)))):
exp( Ts*( -(ZdobsCLssm(2)*WndobsCLssm(2)) - j* (WndobsCLssm(2) *sqrt (1-ZdobsCLssm(2)*2))));
exp( Ts*( -(ZdobsCLssm(3) *WndobsCLssm(3)) + j* (WndobsCLssm(3)*sqrt (1-ZdobsCLssm(3)"2)))):
exp( Ts*( -(ZdobsCLssm(4)*WndobsCLssm(4)) - j* (WndobsCLssm(4)*sqrt (1-ZdobsCLssm(4)"2)))):
1:

LdobsCL = place (AdobsOLssm',CdobsOLssm', PdobsCLssm') ';

I I T T T T T I T I T T T T T T T T T T T T T T T T TR T T T T LTSS LSS T LS L SIS IS T EISRIESTY

3 Zeta Converter Closed Loop Robust Observer S-S Discrete Poles and Gain %
I T I T IR T T I T I T T I T I T I T T T T L I T T T T TR TS T TR TS TS LIS LS L LSS LIS RIRILIEISYIESTY
Azeros = [0 0 0 0];

Bzeros = [0]:

AdRobsOLssm = [AdobsOLssm BdobsOLssm(:,1):;
Azeros Bzeros 1:
BdRobsOLssml = [ BdobsOLssm(:,1) ;
Bzeros 1;
BdRobsOLssm2 = [ BdobsOLssm(:,2) ;
Bzeros 1;
CdRobsOLssm = [ CdobsOLssm 0 1;

PdRobsCLssm = [ PdobsCLssm;
-0.9 1]

RobsOLssm = obsv (AdRobsOLssm, CdRobsOLssm) ;
if rank(RobsOLssm)== size (AdRobsOLssm, 1)

disp('Discrete Time System is Observable')
else

disp('Discrete System is NOT Observable')
end
LdRobsCL = place (AdRobsOLssm',CdRobsOLssm', PdRobsCLssm') ';
LdRobsCL1=LdRobsCL(5:5) ;
LdRobsCL2=LdRobsCL (1:4) ;
I T I T I T R I T I T I T T T T I T I T L T T T T I P T T TR LT TSI T ST TS LTSS LL SIS LIS EIRSIYEYSTY
% Zeta Converter State Feedback Controller Desoign S-S Discrete CL Obs %
I T T TR T T TR T TR LS T T LE LTI T ILI LIS TITITLILILITITITILL LI TITITILIRILSIITITILIRLISIITIRILTRLISIRITRRRSTY
[WnST, zeta,p] = damp (sysdobsOLssm) ;

0s 0.10; % set target Overshoot to 10%
zetaSF = (-1log(0S) / (sgrt( pi“2 + 1log(0S)"2)))*[1 ; 1 ; 1 ; 1); % Damping Ratio State Feedback
PSF =

exp( Ts*( -(zetaSF(1l)*WnST(1l)) + J* (WnST(1l)*sqrt(l-zetaSF(1)"2)))):
exp( Ts*( -(zetaSF(2)*WnST(2)) - j* (WnST(2)*sqgrt(l-zetaSF(2)"2)))):
exp( Ts*( -(zetaSF(3)*WnST(3)) + j* (WnST(3)*sqgrt(l-zetaSF(3)"2)))):
exp( Ts*( -(zetaSF(4)*WnST(4)) - j* (WnST(4)*sqrt(l-zetaSF(4)"2)))):
1:

KSF = place (AdobsOLssm, BdobsOLssm(:,1),PSF)
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