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Abstract

Simultaneous Nonlinear Model Predictive Control and State Estimation: Theory and

Applications
by

David A. Copp

As computational power increases, online optimization is becoming a ubiquitous ap-
proach for solving control and estimation problems in both academia and industry. This
widespread popularity of online optimization techniques is largely due to their abilities to
solve complex problems in real time and to explicitly accommodate hard constraints. In
this dissertation, we discuss an especially popular online optimization control technique
called model predictive control (MPC). Specifically, we present a novel output-feedback
approach to nonlinear MPC, which combines the problems of state estimation and control
into a single min-max optimization. In this way, the control and estimation problems are
solved simultaneously providing an output-feedback controller that is robust to worst-case
system disturbances and noise. This min-max optimization is subject to the nonlinear
system dynamics as well as constraints that come from practical considerations such as
actuator limits. Furthermore, we introduce a novel primal-dual interior-point method
that can be used to efficiently solve the min-max optimization problem numerically and
present several examples showing that the method succeeds even for severely nonlinear
and non-convex problems.

Unlike other output-feedback nonlinear optimal control approaches that solve the esti-
mation and control problems separately, this combined estimation and control approach
facilitates straightforward analysis of the resulting constrained, nonlinear, closed-loop

system and yields improved performance over other standard approaches. Under appro-

Vil



priate assumptions that encode controllability and observability of the nonlinear process
to be controlled, we show that this approach ensures that the state of the closed-loop
system remains bounded. Finally, we investigate the use of this approach in several
applications including the coordination of multiple unmanned aerial vehicles for vision-
based target tracking of a moving ground vehicle and feedback control of an artificial
pancreas system for the treatment of Type 1 Diabetes. We discuss why this novel com-
bined control and estimation approach is especially beneficial for these applications and
show promising simulation results for the eventual implementation of this approach in

real-life scenarios.
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Chapter 1

Introduction

Online optimization has become a ubiquitous approach for solving control and estimation
problems in both academia and industry. This is largely due to the ability of online
optimization techniques to explicitly accommodate nonlinear dynamics, sophisticated
disturbance and noise models, as well as hard constraints. Two paramount challenges
when considering online optimization techniques are ensuring stability /convergence as
well as developing efficient numerical solvers. In this thesis, we provide a new online
optimization technique for solving control and estimation problems and address both
of these challenges by proving stability of the resulting closed-loop system as well as
developing new efficient algorithms for numerically solving these optimizations. Our
new technique is motivated by two finite horizon online optimization approaches: model
predictive control (MPC) and moving horizon estimation (MHE). Next we give a brief

background on MPC and MHE.



Introduction Chapter 1

1.1 Model Predictive Control and Moving Horizon
Estimation

MPC is a particularly popular online optimization technique for solving control prob-
lems and involves the solution of an open-loop optimal control problem at each sampling
time [72]. This optimization is subject to the dynamics of the process to be controlled
as well as constraints on the states and inputs. Classical MPC is formulated with full
state feedback. Given the current state of the system to be controlled, MPC results
in a sequence of future optimal control actions and a sequence of corresponding future
predicted states. The first control action in the sequence is applied to the process, and
then the optimization is solved again at each successive sampling time. MPC has his-
torically been popular for problems in which the process dynamics are sufficiently slow
so that the optimization can be solved between consecutive sampling times. However, as
available computational power increases and optimization algorithms improve in terms
of computational speed, MPC can be applied to broader application areas. More than
a decade ago MPC was being used in numerous industrial applications [84], and, conse-
quently, much effort has been devoted to developing a stability theory for MPC (see e.g.
[79, 16, 95, 43], 92]). Depictions of the MPC problem are shown in Figure as a block

diagram and Figure (1.2 as a cartoon.

— | process

MPC |«

Figure 1.1: Block diagram of the MPC problem.
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Figure 1.2: Cartoon of the MPC problem. Given a model of the process to be con-
trolled and the current state z(t), a sequence of future control actions uf,, _; is
computed and result in a sequence of future predicted states.

In many practical cases, the full state of the process to be controlled cannot be
measured. Therefore output-feedback MPC must be considered which involves the use
of additional algorithms for state estimation, including observers, filters, and moving
horizon estimation (MHE), several of which are discussed in [94]. MHE stands out among
these methods due to its ability to deal with constraints on the states. In fact, neglecting
these constraints may lead to increased estimation error or divergence of the estimator
[46]. MHE is especially attractive for use with MPC because it can be formulated as a
similar online optimization problem.

MHE involves the solution of a finite horizon online optimization problem which, given
a model of the process to be estimated, results in a state estimate that is compatible
with sets of past measurements and inputs that recede as the current time advances
[77, 06, 90]. This estimate is optimal in the sense that it maximizes a criterion that

captures the likelihood of the measurements. MHE enjoys desirable asymptotic stability
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properties [90], and in many ways is a dual problem to MPC. MHE is depicted in a block
diagram in Figure [1.3] where the process is subject to a disturbance d, and the output

measurements are subjected to noise n. Figure shows a cartoon depiction of MHE.

d n

l 4’5 I I »
u Yy -
X

process MHE

I—P

\4

Figure 1.3: Block diagram of the MHE problem.

A y(t-L)
I
I
! y(t)
' |
I
I
I
| |
| I
Uott1 | UeLi1 |
I
| [ 1L
1 |
I
I
dot-11 : d* e \
| R
.1 == ! !
1 1 >
t-L t

Figure 1.4: Cartoon of the MHE problem. Given a model of the process to be es-
timated and a finite number of past measurements y;_r.; and past inputs ws_r.+—1,
sequences of past noises and disturbances dj ; , ; are computed in order to produce
an estimate of the state of the system.

1.2 Statement of Contributions

As noted in a recent survey of MPC and its future directions [72], output-feedback

MPC is a largely an open problem that has many possibilities for future work. The
4
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results presented in this thesis work towards this goal. In this thesis, we propose an
approach to combine MPC and MHE into a single optimization that is solved online
to construct an output-feedback controller. To account for the uncertainty that results
from unmeasured disturbances and measurement noise, we replace the minimization that
is used in classical MPC by a min-max optimization. In this case, the minimization is
carried out with respect to future control actions, and the maximization is taken with
respect to the variables that cannot be measured, namely the system’s initial state,
the unmeasured disturbances, and the output measurement noise. The criterion for
this min-max optimization combines a term that captures the control objective and
a term that captures the likelihood of the uncertain variables, resulting in essentially
the summation of an MPC criterion with an MHE criterion. A block diagram of this

MPC/MHE formulation is shown in Figure , and Figure[1.6{shows a cartoon depiction.

d ——
process — )—n

MPC/MHE [©

Figure 1.5: Block diagram of the combined MPC/MHE problem investigated in this thesis.

Contributions of this thesis include the theory and design of a new approach to solving
MHE and MPC problems simultaneously as a single min-max optimization problem
[22 25], 23] as well as the investigation of using this approach in several applications (see,
e.g. [85 21]). In particular, the contributions of each chapter are given as follows:

Chapter 2| provides the main theoretical contribution of this thesis which addresses
stability of the proposed combined MPC/MHE approach. We show that the proposed

output-feedback controller results in closed-loop trajectories along which the state of

5
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Figure 1.6: Cartoon of the combined MPC/MHE problem. Given a model of the pro-

cess to be estimated and controlled as well as a finite number of past inputs u;_r.+—1

and past measurements y;_1.¢, solving the combined MPC/MHE results in sequences

of past disturbances dj ;., ; and noise that produce a state estimate as well as fu-

ture sequences of disturbances dj,,_; and control inputs u;,, _; that produce a

predicted state trajectory xj,, , into the future.
the process remains bounded, and, for tracking problems, our results provide explicit
bounds on the tracking error. These results rely on three key assumptions: The first
assumption requires the existence of saddle-point equilibria for the min-max optimization,
or equivalently, that the min and max commute. In practice, this assumption can be
viewed as a form of observability of the process. The second key assumption requires the
optimization criterion to include a terminal cost that is a control ISS-Lyapunov function
with respect to the disturbance input. This type of assumption is common in classical
state-feedback robust MPC. The third and final assumption involves observability of
the nonlinear process and essentially requires that the backwards horizon is sufficiently
large so that enough information about the initial state is obtained in order to find past

estimates that are compatible with the dynamics.

Chapter [3| addresses the first assumption invoked in Chapter [2] i.e., the existence of
6
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saddle-point equilibria. In this chapter, we derive conditions under which a saddle-point
solution to the min-max optimization is guaranteed to exist. For linear processes and
quadratic costs, these conditions boil down to observability of the linear process and the
appropriate choice of weights in the quadratic cost functions.

Chapter |4 presents two numerical algorithms that can be used to solve general min-
max optimization problems, including those introduced in Chapter [2, Both algorithms
involve primal-dual interior-point methods that rely on Newton’s method to solve a re-
laxed version of the Karush-Kuhn-Tucker (KKT) conditions associated with the coupled
optimizations that define a saddle-point equilibrium. The second algorithm specializes
this method for formulations with common latent variables. Several numerical examples
throughout this thesis demonstrate the capabilities of these algorithms.

Chapter |5|discusses the scenario where the process model includes uncertain or un-
known parameters. In this case, the uncertain parameters can be included as optimiza-
tion variables in the combined MPC/MHE approach and learned online. Furthermore,
we show that the results from Chapter [2] still hold. Several examples with parametric
uncertainty are considered, and in all of the examples the MPC/MHE approach provides
effective control.

This thesis also includes the investigation of this combined MPC/MHE approach for
multiple applications including the coordination of unmanned aerial vehicles for vision-
based target tracking of a moving ground vehicle, feedback control of an artificial pancreas
system for the treatment of Type 1 Diabetes, estimation and control of a DC motor, and
distributed control of multi-agents for achieving consensus.

In Chapter [6] we consider the coordination of multiple unmanned aerial vehicles
(UAVs) for vision-based target-tracking of a moving ground vehicle. This application
is conveniently formulated using the combined MPC/MHE approach because it can be

formulated as a nonlinear pursuit-evasion two-player game, and, therefore, is naturally

7
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solved using a min-max optimization where the ground vehicle acts as an evasive target
who tries to maximum the distance between itself and the UAVs, while the UAVs try to
minimize this distance. A novel cost function is used in order to achieve the best vision-
based estimate of the target’s location, and we show in simulations that the UAVs are
able to coordinate their motion to track the target even when the target acts evasively.

Chapter [7| explores the use of the MPC/MHE approach for the feedback control of
an artificial pancreas system for the treatment of Type 1 Diabetes. This is an inherently
asymmetric problem with many safety considerations due to the possibly serious con-
sequences of poorly regulated blood-glucose. Therefore, we design an asymmetric cost
function to facilitate appropriate controller response to high and low blood-glucose levels.
We show that the combined MPC/MHE approach is advantageous for this application
when compared to another approach using state-feedback MPC and a recursive state
estimator.

Finally, in Chapter [8] we discuss two additional applications which include output-
feedback control of a DC motor and distributed optimization for multi-agent consensus.
Armed with the computationally efficient algorithms described in Chapter [4] the com-
bined MPC/MHE approach can be applied to both of these problems in order to solve the
online optimizations in real-time. This is important for these two applications in partic-
ular because the DC motor exhibits fast dynamics, and the real-world implementation of
distributed control of multiple agents may require computation using low-power embed-
ded processors on-board robots, for instance. We show that this MPC/MHE approach

is an effective control approach for both of these applications.
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1.3 Organization

This thesis is organized into two parts. The first part includes Chapters [2] 3] [4] and
and covers the theoretical results and design of our novel simultaneous estimation and
control scheme as well as numerical optimization methods than can be used to solve the
resulting min-max optimization problem. The second part investigates the application
of this new MPC/MHE approach to several problems including: 1) the coordination of
multiple unmanned aerial vehicles (UAVs) for vision-based target tracking in Chapter |§|,
2) control and estimation for an artificial pancreas system used in the treatment of Type
I Diabetes in Chapter [7| and 3) output-feedback control of a DC motor, as well as 4)

distributed optimization for multi-agent consensus, in Chapter [§

Notation: Throughout this thesis, we denote by R the set of real numbers, by R-( the
set of non-negative real numbers, by R, the set of positive real numbers, by Z the set of
integers, by Z~( the set of non-negative integers, by Z, the set of positive integers, and
by ZP the set of consecutive integers {a, ..., b}. Given a discrete-time signal z : Z>o — R"
and two times to, t € Zso with ¢ty < t, we denote by z;,, the sequence {zy,, 211, s 2¢}-
With a slight abuse of notation, we write 2z, € Z to mean that each element of the
sequence z,.; belongs to the set Z. Given a vector z € R", we denote by z’ the transpose
of z. Given a vector € R" and a scalar a € R, we denote by x>a the proposition that
every entry of x is greater than or equal to a. Given an integer M, we denote by 0;; and
by 1,; the M-vectors with all entries equal to 0 and 1, respectively. Given two vectors
x,y € R™ we denote by x©y € R" and by x @y € R" the entry-wise product and division

of the two vectors, respectively.
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Theory and Design
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Chapter 2

Simultaneous Nonlinear Model
Predictive Control and State

Estimation

Parts of this chapter come from [22] and [25]:

2014 IEEE. Reprinted, with permission, from D. A. Copp and J. P. Hespanha, Nonlinear
output-feedback model predictive control and moving horizon estimation, 2014 TEEE
53rd Conference on Decision and Control (CDC), Dec. 2014.

In this chapter we introduce an output-feedback approach to nonlinear model predic-
tive control that combines state estimation and control into a single min-max optimiza-
tion. Specifically, a chosen criterion is minimized with respect to control input variables
and is maximized with respect to the unknown initial state as well as disturbance and
measurement noise variables. Under appropriate assumptions that encode controllabil-
ity and observability of the nonlinear process to be controlled, we prove that the state
of the closed-loop system remains bounded and establish bounds on the tracking error
for trajectory tracking problems. The results apply both to infinite and finite horizon

11
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optimizations, the latter requiring an additional observability assumption and the use of
a terminal cost that is an ISS-control Lyapunov function with respect to a disturbance

input. The combined MPC/MHE approach considered here was introduced in [22, 25].

2.1 Introduction

Online optimization has become a ubiquitous approach for solving control and esti-
mation problems in both academia and industry. This is largely due to the ability to
explicitly accommodate hard state and input constraints in online optimization tech-
niques. Because of this, an especially popular online optimization control technique
called model predictive control (MPC) is used in numerous industrial applications [84],
and, consequently, much effort has been devoted to developing a stability theory for MPC
(see e.g. [79, 16, [05] 43, 92]).

MPC involves the solution of an open-loop optimal control problem at each sampling
time. Each of these optimizations results in a sequence of future optimal control actions
and a sequence of corresponding future states. The first control action in the sequence
is applied to the plant, and then the optimization is solved again at the next sampling
time. MPC has historically been popular for problems in which the plant dynamics are
sufficiently slow so that the optimization can be solved between consecutive sampling
times. However, as available computational power increases and optimization algorithms
improve in terms of speed, MPC can be applied to broader application areas.

MPC is often formulated assuming that the full state of the process to be controlled
can be measured. However, this is not possible in many practical cases, so the use of inde-
pendent algorithms for state-estimation, including observers, filters, and moving horizon
estimation (MHE), as discussed, i.e., in [04], is required. Of these methods, MHE is

especially attractive for use with MPC because it can be formulated as a similar online
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optimization problem that explicitly handles constraints. Solving the MHE problem pro-
duces a state estimate that is compatible with a set of past measurements that recedes
as the current time advances. This estimate is optimal in the sense that it maximizes a
criterion that captures the likelihood of the measurements. By receding the set of mea-
surements considered in the MHE optimization, one maintains a constant computational
cost for the optimization.

In this chapter, we propose an approach to combine MPC and MHE into a single
optimization that is solved online to construct an output-feedback controller. To account
for the uncertainty that results from unmeasured disturbances and measurement noise,
we replace the minimization that is used in classical MPC by a min-max optimization. In
this case, the minimization is carried out with respect to future control actions, and the
maximization is taken with respect to the variables that cannot be measured, namely the
system’s initial state, the unmeasured disturbances, and the output measurement noise.
The criterion for this min-max optimization combines a term that captures the control
objective and a term that captures the likelihood of the uncertain variables, resulting in
essentially the summation of an MPC criterion with an MHE criterion.

The main technical contribution of this chapter addresses the stability of the proposed
combined MPC/MHE approach. We show that the proposed output-feedback controller
results in closed-loop trajectories along which the state of the process remains bounded,
and, for tracking problems, our results provide explicit bounds on the tracking error.
These results rely on three key assumptions: The first assumption requires the existence
of saddle-point equilibria for the min-max optimization, or equivalently, that the min
and max commute. In practice, this assumption can be viewed as a form of observability
of the process. The second key assumption requires the optimization criterion to include
a terminal cost that is a control ISS-Lyapunov function with respect to the disturbance

input. This type of assumption is common in classical state-feedback robust MPC.

13



Simultaneous Nonlinear Model Predictive Control and State Estimation Chapter 2

The final observability assumption essentially requires that the backwards horizon is
sufficiently large so that enough information about the initial state is obtained in order

to find past estimates that are compatible with the dynamics.

2.1.1 Related Work

State-feedback MPC is a mature field with numerous contributions. Particularly
relevant to the results in this thesis is the work on the so-called robust or min-max MPC,
which considers model uncertainty, input disturbances, and noise [17, 58, @, 67]. Min-
max MPC for constrained linear systems was considered by [99] and [§], and a game
theoretic approach for robust constrained nonlinear MPC was proposed by [19]. More
recent studies of input-to-state stability of min-max MPC can be found in [57, 62] [8§].
These works focused on state-feedback MPC and did not consider robustness with respect
to errors in state estimation. A novelty of the work presented in this thesis is the
reliance on saddle-point equilibria, rather than a simple min-max optimal, which we
found instrumental in establishing our stability results.

Fewer results are available for output-feedback MPC. An overview of nonlinear output-
feedback MPC is given by [34] and the references therein. Many of these output-feedback
approaches involve designing separate state estimator and MPC schemes. Several of the
observers, estimators, and filters that have been proposed for use with nonlinear output-
feedback MPC include an extended Kalman filter [49], optimization based moving horizon
observers [77], high gain observers [50], extended observers [97], and robust MHE [112]. In
contrast to solving the estimation and control problems separately, the formulation of our
combined MPC/MHE approach as a single optimization facilitates the stability analysis
of the closed-loop without the need for a separation principle for nonlinear systems.

Results on robust output-feedback MPC for constrained, linear, discrete-time systems

14
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with bounded disturbances and measurement noise can be found in [74] [75], where a stable
Luenberger observer is employed for state estimation and robustly stabilizing tube-based
MPC is performed to control the state of the observer. Alternatively, in [103], MHE is
employed for state estimation and is combined with a similar tube-based MPC approach.
These approaches first solve the estimation problem and show convergence of the state
estimate to a bounded set and then take the uncertainty of the state estimate into account
when solving the robust MPC problem. The work of [64] combines an estimation scheme,
which provides a guaranteed ellipsoidal error bound on the state estimate, with a min-
max MPC scheme for estimation and control of linear systems with bounded disturbances
and measurement noise.

During the same time that many important results on MPC were developed, parallel
work began on MHE. The work of [4] gives a tutorial overview and background of both
MPC and MHE as well as methods that can be used to solve these optimization problems.
Useful overviews of constrained linear and nonlinear MHE can be found in [89] and
[90] where, with appropriate assumptions regarding observability, continuity, and an
approximate arrival cost, the authors prove asymptotic stability as well as bounded
stability in the presence of bounded noise.

More recent results regarding MHE for discrete-time nonlinear systems are given by
[3], in which the authors minimize a quadratic cost that includes the standard output
error term as well as a term penalizing the distance of the current estimated state from
its prediction. The authors prove boundedness of the estimation error, when considering
bounded disturbances and measurement noise, and convergence of the state estimate to
the true value in the noiseless case. Even more recent work on robust MHE for nonlinear
systems appeared in [63], where first a high-gain observer is used to bound the estimation
error, and then that bound is used to design a constraint for incorporation in an MHE

problem. This formulation seems to reduce the sensitivity of the performance of MHE
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to the accuracy of the approximate arrival cost, and boundedness of the state estimate
is proven when the noise is bounded.

This chapter is organized as follows. In Section [2.2] we formulate the control problem
we would like to solve and discuss its relationship to MPC and MHE. In Sections [2.3
and we state the main closed-loop stability results for the infinite horizon and finite
horizon cases, respectively. Several numerical examples are given in Section and we

provide some conclusions in Section [2.6]

2.2 Problem Formulation

In this thesis, we consider the control of time-varying nonlinear discrete-time processes

of the form

L1 = ft(xta Uy, dt)a Yy = gt(i’f't) + N, Vt e Zxo (2-1)

with state x; taking values in a set X < R"». The inputs to this system are the control
mput u; that must be restricted to the set U < R™, the unmeasured disturbance d; that
is known to belong to the set D < R, and the measurement noise n; belonging to the
set N/ < R™. The signal y;, belonging to the set J) < R™, denotes the measured output
that is available for feedback. The control objective is to select the control signal u; € U,

Vt € Z( so as to minimize a criterion of the form

Dz u,d) = Y () = D puldy), (2.2)

t=0

for worst-case values of the unmeasured disturbance d; € D, Vt € Z~o and the measure-
ment noise n; € N, Vt € Z=g. The functions ¢(-), 7,(-), and p;(-) in (2.2)) are all assumed

to take non-negative values. One can view the terms p;(-) and 7:(-) as measures of the
16
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likelihood of specific values for d; and n;. Then, the negative signs in front of p,(-) and
n¢(+) penalize the maximizer for using low likelihood values for the disturbances and noise
(low likelihood meaning very large values for p,(-) and n(+)).

To better understand , it is also useful to note that boundedness of the criterion

(2.2) by a constant v guarantees that

Dalmnud) < v+ ) mlng) + Y puldy). (2.3)

t=0

In what follows, we allow the functions 7,(-) and p;(-) in the criterion (2.2) to take
the value +oo. This provides a convenient formalism to consider bounded disturbances
and noise while formally allowing n; and d; to take values in the whole spaces R™ and

R™ | respectively. Specifically, considering eztended-value extensions [14] of the form

pi(di) die D Ti(ne) me N
pld)=4" T ) ={ (2.4)
©w  d ¢D, 0 ne ¢ N,

with p; and 7; bounded in D and N, respectively, the minimization of (2.2]) with respect
to the control signal u; need not consider cases where d; and n; take values outside D
and N, respectively, as this would directly lead to the cost —oo for any control signal u,

that keeps the positive term bounded.

Remark 1 While the results presented here are general, the reader is encouraged to
consider the quadratic case c;(xy,up, dy) = |x|® + |Jue|?, me(ne) = |nel?, pe(dy) = |di?
to gain intuition on the results. In this case, would guarantee that the state xy and
mput ug are Ly, provided that the disturbance d; and noise ny are also ly. This would

mean that the closed-loop has a finite {o-induced gain. ]
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2.3 Infinite Horizon Online Optimization

To overcome the conservativeness of an open-loop control, we use online optimization
to generate the control signals. Specifically, at each time t € Z~(, we compute the control

Uy SO as to minimize

oe]

ch(xsausads) - 2775(”5) - Zps(ds> (25)

under worst-case assumptions on the unknown system’s initial condition zy, unmeasured
disturbances d;, and measurement noise n;, subject to the constraints imposed by the
system dynamics and the measurements y; collected up to the current time ¢. Since the
goal is to optimize this cost at the current time ¢ to compute the control inputs at times
s = t, there is no point in penalizing the running cost c¢,(xs, us, ds) for past time instants
s < t, which explains the fact that the first summation in starts at time t. There
is also no point in considering the values of future measurement noise at times s > t,
as they will not affect choices made at time ¢, which explains the fact that the second
summation in stops at time ¢. However, we do need to consider all values for the
unmeasured disturbance dy because past values affect the (unknown) current state xy,
and future values affect the future values of the running cost.

The following notation facilitates formalizing the control law proposed: Given a
discrete-time signal z : Zs¢o — R" and two times ty,t € Z>o with ty < ¢, we denote

by 2y, the sequence {zy,, 24941, ---, 2¢}. This notation allows us to re-write (2.5 as

0 t 0

TP (@0, oo, oo Yoit) = D Col@ar s ds) = > 0 (ys — gals)) = D palds),  (2.6)

s=t s=0 s=0

which emphasizes the dependence of (2.5 on the unknown initial state xo, the unknown

disturbance input sequence dy.,, the measured output sequence ¥q.;, and the control input
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sequence ug..,. Regarding the latter, one should recognize that wg.,, is composed of two
distinct sequences: the (known) past inputs wug,_; that have already been applied, and
the future inputs .., that still need to be selected.

At a given time t € Z~o, we do not know the value of the variables g and dy.,, on
which the value of criterion depends, so we optimize this criterion under worst-case

assumptions on these variables, leading to the following min-max optimization

. w A A~ 7
‘min  max J, (wo\t7u0:t—1aut:oo|t7d0:00|t>y0:t)7 (2-7)
Up.o|t€U  Zo€X,
dO:OC\tED

where the arguments ug.;—1, U0 to the function JP() in correspond to the argu-
ment .. in the definition of J(+) in the left-hand side of (2.6]). The subscript .; in the
(dummy) optimization variables in emphasizes that this optimization is repeated
at each time step t € Z-o. At different time steps, these optimizations typically lead to
different solutions, which generally do not coincide with the real control input, distur-
bances, and noise. We can view the optimization variables Zo; and domt as (worst-case)
estimates of the initial state and disturbances, respectively, based on the past inputs
up—1 and outputs yo.; available at time .

As is common in model predictive control, at each time ¢, we use as the control input

the first element of the sequence
'&Zoou = {a:\t? a:—&-l\t? ZA‘;tk+2|ta L beU
that minimizes ({2.7)), leading to the following control law:
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Relationship with Model Predictive Control

When the state of (2.1)) can be measured exactly and the maps d; — fi(z+, u, d;) are
injective (for each fixed x; and u;), the initial state 2y and past values for the disturbance
do.t—1 are uniquely defined by the “measurements” zo;. In this case, the control law ([2.8))

that minimizes (2.7 can also be determined by the optimization

. © R A
_min max Jt (x(): UQp:t—1, Ut:o0t) do.t—1, dt:oo|t)7
G0t EU dy.oot€D

with

e}
Jtoo(xt7ut2007 dt:oo) = ch(x87u87 ds) - Zps(ds)a

s=t s=t

which is essentially the robust model predictive control problem considered in [19, [70].

Remark 2 (Economic MPC) It is worth noting that our framework is more general
than standard forms of MPC' where the minimal cost is achieved at the optimal feasible
state and input in order to ensure stability of the desired state. It can also apply to
economic MPC where the operating cost of the plant is used directly in the objective
function, and therefore the cost need not be zero or minimal at the optimal state and

input [95]. ]

Relationship with Moving-Horizon Estimation

When setting both ¢,(+) and ¢;7(+) equal to zero in the criterion ({2.6)), this optimiza-

tion no longer depends on u.,, and d;.., so the optimization in (2.7) simply becomes

o A
max J; (ﬂfo\t,UO:t—l,do:tq\t,yo:t%
$0‘t€X,

do.t—1):€D
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where now the optimization criterion only contains a finite number of terms that recede

as the current time ¢ advances:

t—1 t
Jtoo(iUo’ Up:¢—1, dO:tfla yO:t) = Z ps(ds) - Z Ns (ys - gs(xs))y
s=0 s=0

which is essentially the moving horizon estimation problem considered in [90, B3].

2.3.1 Closed-Loop Boundedness and Tracking

We now show that the control law leads to boundedness of the state of the
closed-loop system under appropriate assumptions, which we discuss next.

A necessary condition for the implementation of the control law is that the outer
minimizations in lead to finite values for the optima that are achieved at specific
sequences ;, ot € U, t e Z=q. However, for the stability results in this section we actually
ask for the existence of a saddle-point solution to the min-max optimizations in ([2.7)),

which is a common requirement in game theoretical approaches to control design [6]:

Assumption 1 (Saddle-point) The min-maz optimization (2.7) always has a saddle-
point solution for which the min and max commute. Specifically, for every time t € Zx,,
past control input sequence w1 € U, and past measured output sequence yo; € Y, there

exists a finite scalar J(uoi—1,%0¢) € R, an initial condition Ty € X, and sequences

~

~ *
ut:oo|t € u’ dO:OC\t

€ D such that

A~

00 A% A~ s *
Jt (UO:tfh yO:t) = Jt(x0|t7 Uo:t—1, ut:oo\tv dO:oo|t> int)

. (D A A 7
= mm  max Jt (150|t7U0:t—1,Ut:oo\t;dO:oouayo;t)
U0t €U To|tEX,

dO:oo|t€D
o0 (4 ~ % 7
= Inax Jt <x0|t7 U0:t—1, ut;oo|t7 d0:00|t) yO:t) (29&)
Zo|€X,
dO:CO\teD
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_ . w A A 37
= max min J; ($O|tau0:t—1uut:oo\t7dO:oo|t7y0:t)
Bo€X,  Up.oot €U

dO:OO\tED
: 00 [ 4% ~ 7%
= min Jt (x0|t7 UQ:t—15 Ut:o0]ts dO:oo|t7 yO:t> (29b)
Ut 0|t €U
< 0. (2.9¢)

Assumption (1| presumes an appropriate form of observability/detectability adapted
to the criterion Y.~ , cs(xs, us, ds) because (2.9a]) implies that, for every initial condition

Zo), € X and disturbance sequence do.0; € D,

0 t
Ct(ff?t|t, ﬁzt, dt|t) < Jfo* (UO:t—lv yo:t) + Z ,Os(ds|t) + Z s (ys - gs(fs\t))- (2-10)
s=0 s=0

This means that we can bound the size of the current state using past outputs and
past/future input disturbances. Assumption (1| also presumes an appropriate form of

controllability/stabilizability adapted to the criterion Y., ¢s(xs, us,ds) because (2.9a)

*

implies that the future control sequence 4y,

€ U is able to keep “small” the size of
future states as long as the noise and disturbance remain “small”.
The following theorem is the main result of this section and provides a bound that

can be used to prove boundedness of the state when the control signal is constructed

using the infinite horizon criterion ([2.6)).

Theorem 1 (Infinite horizon cost-to-go bound) Suppose that Assumption [1] holds.
Then, for every t € Zsq, the trajectories of the process (2.1)) with control (2.8|) defined by

the infinite-horizon optimization (2.7)) satisfy

t t
ce(@e, u, di) < I (o) + > nal(ng) + Y paldy). (2.11)
s=0 s=0
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Proof

Before proving Theorem |1} we introduce a key technical lemma that establishes the

monotonicity of the sequence {J**(uo.t—1,Yox) : t € Zxo}-

Lemma 1 Under Assumption and using the control law (2.8), we have that

Jtoiﬂi(ul:ta y1;t+1) - Jfo*(uoztA’yo:t) <0, VteZs (2~12)

and consequently

T (w01, Y0t) < I (vo), Vit € Zso. (2.13)

Proof of Lemma [l We conclude from (2.9b)) in Assumption [I] at time ¢ + 1 that

0% _ . 0 (% ~ 7%
Jt+1(u0:t>y0:t+1) = ~mn Jt+1<$0|t+17uO:taut+1:oo|t+1ado;oo|t+17y0:t+1>
Ut 11:00[t+1€U

NS o~k 75
< Jt+1($0|t+1’ U0:ty) Upy 1:00|t s d0:00|t+17 yO:t-‘rl)v (214)

where the inequality results from the fact that the minimization with respect to @y 1:00¢41 €

U must lead to a value no larger than what would be obtained by setting 4 1.0/i4+1 =
fa;fk+1:00|t'

Similarly, we can conclude from (2.9a)) in Assumption (1| that

0% 0 (A ~ % 7
Jy (UO:t—byO:t) = mi}gc( Jy ($0\t7U0:t—1>Ut;oo|t,do:oo|t>?Jo:t)
To|tE,

dAO:OOHED

QO ([ 4% ~ K %
= Jy ($0|t+1> Wo:t—15 Ugsop|t s dO:oo|t+17 Yo:t)
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A

_ QO ([ 4% A~ 3k %
=J; (x0|t+1’u0:t’ut+1:oo|t7dO:oo|t+1’y0:t>7 (2-15)

where the inequality results from the fact that the maximization with respect to Zo; and

CZO:oo\t must lead to a value no smaller than what would be obtained by setting Zo; = s%gl 1>

~

dAO;OO‘t = dj.pji41- The last equality stems from the control law (2.8). Combining ([2.14)

and ([2.15)) leads to

Jto-?-ﬂi(uﬂ:ta Yor1) — I (Uoi—1, Yoir) <

0 (% ~ % 7% 00 [ A% ~ % 7%
Jt+1($0|t+17 UQ:¢ u75—i—1:00|t7 d0:00|t+17 y01t+1) - Jt (x0|t+l’ UQ:t, ut-‘rl:oo\t? dO:OO\t-i—la yO:t)' (216)

The crucial observation behind this inequality is that both terms J%,(-) and J;(-) in the
right-hand side of ([2.16]) are computed along a trajectory initialized at time 0 with the
} and the

., A . A
same initial state g, and share the same control input sequence {uo.t, Uy g

same disturbance input sequence aAlE)": oolt+1 from time 0 to time c0. Denoting such trajectory
by

js—&-l = fs(jsyﬂsadvs)u S € {O : OO}
where

Ak
Lo = To|t+1;

A= &y, Vse{0: o),
us  se{0:t}

ay, sef{t+1:o0},

we can rewrite the inequality (2.16)) and express both terms J7,(-) and J*(-) in terms
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of this trajectory as follows:

Jto-?-ﬂi (U’O:ta yO:tJrl) - J;o* <u0:t717 yO:t) <

0 t+1 0 B
Z Cs .CES,US, Zns Ys — Gs .735)) - Zps(ds)
s=t+1 s=0
0 o0
ch xsausa ) + 2775 Ys — Gs S)) + ZpS(dS)
s=t s=0

= —cy(Ty, Uy, Czt) = Nt+1 (yt+1 - gt+1(i’t+1))-

Equation (2.12)) follows from this and the fact that ¢;(-) and 7;,1(+) are both non-negative.

|
We are now ready to prove the main result of this section.

Proof of Theorem[1 Using (2.9a) in Assumption , we conclude that

0% ~ % 5
Jt (UO:t—b yO:t) = m2§ J (xO\ta Up:t—1, ut;oo|t7 dO:oo|t> yO:t)
ﬂﬂo\t

do OC|tED

0 ~ %
= Jt (1'07 Up:t—1, ut;oc|t7 dO:OO) yO:t)-

Using the definition of J°(-) in (2.6, this inequality becomes

0 t 0
Jtoo*(uo:tflvyOt ch Ts, U 3|t7 - Zns(ys _gs<xs)) - Zps(ds)
s=t

s=0 s=0

Recalling that ns, = ys — gs(s), we conclude that

o0 t 0
Z (25,1 it d < 7 (woi-1,Yor) + Z 1s(ns) + Z ps(ds). (2.17)
s=0 s=0

s=t
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Combining (2.17) and - we obtain

a0 t a0
Z (25,0 s\t7 < Jo"(vo) + Z ns(ns) + Z ps(d
s=t s=0 s=0

Since all the terms in the left-hand side are positive, the first term in the left-hand side
summation (the one for s = t) must also be upper bounded by the right-hand side,

leading to

t 0
oy, w, dp) = o, @, i) < T (yo) + D ms(ns) + D pa(dy), (2.18)

where the left-hand side equality follows from ([2.8]). Since the left-hand side of (2.18)
does not depend on dg, Vs > t, this bound must hold for arbitrary choices of dg, Vs > t.
Equation (2.11)) is obtained by picking ds = 0, Vs > t. ]

Next we discuss the implications of Theorem [1}in terms of establishing bounds on the
state of the closed-loop system, asymptotic stability, and the ability of the closed-loop

to asymptotically track desired trajectories.

State boundedness and asymptotic stability

When we select criterion ([2.6)), for which there exists a class Ko, function «(-) and

class K functiondl] B(+), 6(-) such that

a(r,u,d) = afz]),  mn) < B(n]),  pld) < o(]d]),
VreR"™ ueR"™ deR" neR"™,

LA function a : R>g — R is said to belong to class K if it is continuous, zero at zero, and strictly
increasing and is said to belong to class o, if it belongs to class K and is unbounded.
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we conclude from ([2.11)) that, along trajectories of the closed-loop system, the following

inequality holds for all ¢ € Z~:

t t

o)) < J5* (o) + D BlInsl) + X, 6(1ds])- (2.19)

s=0 s=0

This provides a bound on the state provided that the noise and disturbances are “van-

ishing,” in the sense that

oe]

> B(Ing]) < o0, 3 8(d,]) < .

s=0

Theorem (1] also provides bounds on the state for non-vanishing noise and disturbances

when we use exponentially time-weighted functions ¢(+), n:(-), and p,(-) that satisfy
ci(@,u,d) = X a(lz]),  m(n) < ATB(Inl),  peld) < AT6(|d]), (2.20)

for all z € R™ u € R™ d e R"™ neR"™ and some A € (0,1). In this case we conclude

from (2.11)) that for all ¢ € Z,,
t t
o)) < A5 (yo) + ), A BInsl) + D, A8 ( )
s=0 5=0

Therefore, x; remains bounded provided that the measurement noise n; and the unmea-
sured disturbance d; are both uniformly bounded. Moreover, |z;| converges to zero as
t — oo, when the noise and disturbances vanish asymptotically. We have proved the

following:

Corollary 1 Suppose that Assumption holds and also that (2.20]) holds for a class Ky
function a(-), class K functions 5(-),0(:), and X\ € (0,1). Then, for every initial con-

dition xo, uniformly bounded measurement noise sequence ng.o, and uniformly bounded
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disturbance sequence dy.o, the state x; remains uniformly bounded along the trajectories

of the process (2.1)) with control (2.8) defined by the infinite-horizon optimization (2.7)).

Moreover, when d; and n; converge to zero ast — oo, the state x; also converges to zero.

L]

Remark 3 (Time-weighted criteria) The exponentially time-weighted functions (2.20))

typically arise from a criterion of the form
0 t Q0
2 A Pe(xs, us, ds) — Z A7 n(ng) — Z A" %p(dy)
s=t s=0

s=0
that weight the future more than the past. In this case, (2.20) holds for functions af(-),
B(:), and 6(-) such that c(z,u,d) = a(|z]), n(n) < B(|nl), and p(d) < é(|d|), Yz, u,d,n.
]

Reference tracking

When the control objective is for the state x; to follow a given trajectory z;, the

optimization criterion can be selected of the form

with c(z,u,d) = a(|z|), Yz, u,d for some class Ky function o« and A € (0,1). In this

case, we conclude from (2.11)) that, for all ¢t € Z~,,

t t
allze = zl) < NI (o) + D A n(ng) + AT p(dy),
s=0 s=0

which allows us to conclude that x; converges to z; as t — o when both n; and d; are

vanishing sequences, and also that, when these sequences are “ultimately small”, the
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tracking error x; — z; will converge to a small value.

2.4 Finite Horizon Online Optimization

To avoid solving the infinite-dimensional optimization in (2.7 that resulted from the

infinite horizon criterion ({2.5)), we also consider a finite horizon version of the criterion

(2.5)) of the form

t+T—1 t t+T—1
Z Cs(msa Usg, ds) + Qt-i-T(mt-&-T) - Z 773(”5) - Z ps(ds) (221)
s=t s=t—L s=t—L

Again, at each time t € Z(, we compute the control u; so as to minimize the criterion
(2.21]) under worst-case assumptions on the unknown system’s initial condition x;_j, un-
measured disturbances d, and measurement noise n,, subject to the constraints imposed
by the system dynamics and the measurements y, collected up to the current time .
For computational tractability, in (2.21) we have replaced the infinite summations
that appeared in by finite forward and backward horizon lengths. In particular,
includes T' € Zs; future terms of the running cost cs(zs, us, ds), which recede as
the current time ¢ advances, and L + 1 € Z> past terms of the noise penalty term 7, (n;).
The function g; 7 (z;.7) acts as a terminal cost to penalize the “final” state at time t+ 7.
Since the goal is to optimize at the current time ¢ to compute the control
inputs at times s > ¢, there is no point in penalizing the running cost c¢,(zs, us, ds) for
past time instants s < ¢, which explains the fact that the first summation in starts
at time t. There is also no point in considering the values of future measurement noise
at times s > t, as they will not affect choices made at time ¢, which explains the fact
that the second summation in stops at time . However, we do need to consider

all values for the unmeasured disturbance d, because past values affect the (unknown)
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current state z;, and future values affect the future values of the running cost.

Therefore, we can define the finite horizon optimization criterion as

Jt(ﬂﬁt—L, Up— Lo T—15 At L+7—1, yt—L:t) =

t+T—1 ¢ t+T—1
D Calmaus ds) + qer(reer) — D) ns(ys — gs(w)) — D) palds), (2:22)
s=t s=t—L s=t—L

which emphasizes the dependence of on the unknown initial state x;_r, the
unknown disturbance input sequence d;_y.;.7_1, the measured output sequence y;_r .,
and the control input sequence u; 1., 7_1. Regarding the latter, one should note that
U r447—1 18 composed of two distinct sequences: the (known) past inputs u;_r.,—; that
have already been applied and the future inputs u;;,7_1 that still need to be selected.
At a given time t € Z~ [, we do not know the value of the variables x;_; and d;_r.417_1
on which the value of the criterion depends, so we optimize this criterion under

worst-case assumptions on these variables, leading to the following min-max optimization

. . max Jt(xt—L\n Ut—Lit—1, Ut +T—1]t5 dt—L:t+T—1|tu yt—L:t)7 (2-23)
Uppr 710 €U Zy_r|t€X,

dy_r.4+7-11t€D

where the arguments wuy_r.i—1, Us.¢47—1)¢ to the function Ji(+) in correspond to the
argument u;_r;.7r—1 in the definition of Ji(-) in the left-hand side of . When
interpreting , one should view ..y 7_1; € U as the optimization variables for the
(outer) minimization, and 2, € &, d,_ Liu+7—1)¢ € D as the optimization variables for
the (inner) maximization. There are additional optimization variables 7n;_r.;, but they are

not independent optimization variables as they are uniquely determined by the remaining
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optimization variables and the output equation:
Nt = Ys — gs(Tsje), Vse{t—L,it—L+1,...t}.

Consequently, a constraint on the noise, such as the condition n,_r.; € N, can simply
be regarded as a constraint on the remaining optimization variables for the (inner) maxi-
mization. Because of this, we do not include the sequence f;_r.; as explicit optimization
variables in ([2.23)).

The subscript .| in the optimization variables that appear in emphasizes that
this optimization is repeated at each time step t € Zq. At different time steps these
optimizations typically lead to different solutions which generally do not coincide with
the real control input, disturbances, and noise. We can view the optimization variables
Zy_r; and dt_L:HT_”t as (worst-case) estimates of the initial state and disturbances,
respectively, based on the past inputs u;_r.,1 and outputs y;_r., available at time .

As is common in MPC, at each time ¢, we use as the control input the first element

of the sequence

~ % N o ~ % ~ 3k ok
Upprr—11t = {ut|ta Upi1pe gt - - - Ut+T—1\t} eU
that minimizes ([2.23)), leading to the following control law:

2.4.1 Closed-loop Boundedness and Tracking

To establish state boundedness under the control (2.24) defined by the finite horizon

optimization criterion (2.22)), one requires the same saddle-point Assumption [1| modi-
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fied for finite horizon optimization ([2.23) as well as additional assumptions regarding

observability of the nonlinear process (2.1)) and the terminal cost ¢(-).

Assumption 2 (Saddle-point) The finite horizon min-max optimization in al-
ways has a saddle-point solution for which the min and max commute. Specifically, for
every time t € Z=q, past control input sequence us_p.+—1 € U, and past measured output
sequence Y.+ € Y, there exists a finite scalar J; € R, an initial condition i;‘_th e X,
and sequences ﬁ;":HTfl‘t elU, OZ;"fL:HTfm e D, and ﬁ;“fL:ﬂt e N such that

Ji = Jt(i’f—uw Ut—Lit—15 a::t+T—1|t> J:—L:t+T—1|ta Yi—L:t)

A A~k 7
= max, Je(Zo—rjts We—Lt—1, U1y oLty 71185 Yo Lot) (2.25a)
LTt L|tEA,

di_p.ey7—1)t€ED

~

. Ak A~ %
= _mn Jt(flftfut, Ut—L:t—1, Ut +T 1]t dth:t+T71|t7 Z/t—L:t)- (2-25b)
Ut —1)t€U

OJ

In general, J;* depends on the past outputs and control inputs, so we sometimes write
JF(Ui—r4-1, Ye—1+) to emphasize this dependence.

As in the infinite horizon case, Assumption 2] presumes an appropriate form of observ-
ability/detectability adapted to the criterion Zii?_l ¢s(xs, us, dg) because implies
that, for every initial condition Z;_r; € X, disturbance sequence czt, Li+7—11t € D, and

resulting state trajectory &; ...,

t+T—1 t
Ct(j:h ﬂ;jt’ dt|t> < Jt* (Ut—L:t—la yt—L:t) + Z ps(ds|t) + Z Ns (ys - gs<t’%s))
s=t—L s=t—L

This means that we can essentially bound the size of the current state using past outputs
and past/future input disturbances. In fact, for linear systems and quadratic costs,

Assumption [2|is satisfied if the system is observable and the weights in the cost function
32



Simultaneous Nonlinear Model Predictive Control and State Estimation Chapter 2

are chosen appropriately [24]. We prove this fact and discuss this assumption further in

Chapter

Remark 4 (Alternating min and max) Assumption |9 also ensures that all of the
minimizations and mazimizations commute even if (2.23) is written with alternating

min and max. Consider a two-dimensional example. The following inequality holds

min min max max J(uy, ug, dq, de) = min max min max J(uy, us, di, ds)
ul ug d1 do u1l d1 u2 da

> max min max min J(uy, ug, dq, dy) = max max min min J(uy, ug, dy, ds) (2.26)
dy U1 do u2 dy do U1 u2

because of the fact that min.ymax()J > max.yming) J. Therefore, since Assumption
ensures that the left-hand-side of ([2.26|) equals the right-hand-side of (2.26)), all of the

inequalities in between are also equal.

Assumption 3 (Observability) There ezists a bounded set Ny < R™ such that, for
every time t € Zsq, every state Ty_p, € X, and every disturbance and noise sequence,
cit_L:t € D and ny_1.; € N, that are compatible with the applied control input u,, s € Zq,

and the measured output ys, s € Z=q, in the sense that
j:s+1 = fs(j:s; Usg, Cis)7 Ys = gs(‘%s) + ﬁ& (227)

Vs e {t—L,t—L+1,... t}, there exists a “predecessor” state estimate T, 1 1 € X,
disturbance estimate cft,L,l € D, and noise estimate fy_r,—1 € Npwe such that (5.11) also

holds for time s =t — L — 1. ]

In essence, Assumption [3|requires the past horizon length L to be sufficiently large so
that, by observing the system’s inputs and outputs over a past time interval {t — L, —

L +1,...,t}, one obtains enough information about the initial condition x;_; so that
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any estimate #;_; that is compatible with the observed input/output data is “precise”.

)

By “precise,” we mean that if one were to observe one additional past input/output pair
Us—1,-1,Yi—r—1 just before the original interval, it would be possible to find an estimate
Zy_y—1 for the “predecessor” state x;_;_; that would be compatible with the previous

estimate z;_, that is,

Tp_p = fthf1(if7th717 Ug—1—1, dthq)-

This “predecessor” state estimate z;_;_1 would also be compatible with the measured
output at time t — L — 1 in the sense that the output estimation error lies in the bounded

set Npe:

Yi—r—-1 — gt—L—l(j:t—L—l) € Npre- (228)

Note that we do not require the bounded set Ny to be the same as the set N in which
the actual noise is known to lie. In fact, the set M. where the “predecessor” output error
should lie may have to be made larger than N to make sure that Assumption
holds. For linear systems, it is straightforward to argue that Assumption [3]holds provided

that the matrix

CA

C A

is full column rank and the set NV, is chosen sufficiently large. For nonlinear systems,

computing the set N may be difficult, but fortunately we do not need to compute this

34



Simultaneous Nonlinear Model Predictive Control and State Estimation Chapter 2

set to implement the controller.

Remark 5 (Choosing length of L) Although computing the set Ny is not required,
how large Npye needs to be is essentially determined by the length of the backwards horizon
L. As the length of L is increased, equation provides more constraints on the
estimates which leads to better estimates and, therefore, a necessarily smaller set Npye.
In addition, as is discussed later after , a smaller bound on the norm of the state x
may be achieved as L is increased. Therefore, larger L is generally better, but increasing
L also increases the computation required to solve as the number of optimization
variables increases as well. Thus, a heuristic for choosing L is to make it as large as

possible given available computational resources.

Assumption 4 (ISS-control Lyapunov function) The terminal cost q.(-) is an ISS-
control Lyapunov function, in the sense that, for every t € Z=qo, x € X, there exists a

control w € U such that for all d € D

Q1 (fi(z,u,d)) — @) < —co(@,u,d) + py(d). (2.29)

O

Assumption [4] plays the role of the common assumption in MPC that the terminal
cost must be a control Lyapunov function for the closed-loop [76]. In the absence of
the disturbance d, would mean that ¢(-) could be viewed as a control Lyapunov
function that decreases along system trajectories for an appropriate control input « [101].
With disturbances, ¢;(-) needs to be viewed as an ISS-control Lyapunov function that
satisfies an ISS stability condition for the disturbance input d and an appropriate control

input u [61]. When, the dynamics are linear and the cost function is quadratic, a terminal

35



Simultaneous Nonlinear Model Predictive Control and State Estimation Chapter 2

cost q;(+) satisfying Assumption 4] is typically found by solving a system of linear matrix
inequalities.

We are now ready to state the finite horizon counter-part to Theorem [I}
Theorem 2 (Finite horizon cost-to-go bound) Suppose that Assumptions@ @ and

hold. Along any trajectory of the closed-loop system defined by the process (2.1)) and
the control law (2.24), we have that

t—L—1 t—L—1 t t
Ct<xt7ut7 dt) < JZ(UO:L—layO:L> + Z ps(ds) + ns(ﬁs) + Z ns(ns) + Z ps(ds>
s=0 s=0 s=t—L s=t—L
VteZsp, (2.30)
for appropriate sequences czo:t,L,l €D, nog4_r-1 € ./\/'pre. ]

The terms 3t ny(fs) + 31—t~ pe(ds) in the right hand side of (5.13) can be
thought of as the arrival cost that appears in the MHE literature to capture the quality

of the estimate at the beginning of the current estimation window [90].

Proof

Before proving Theorem [2] we introduce a key technical lemma that establishes a
monotonicity-like property of the sequence {J(w;_r.4—1,%—r¢) : t € Zso} computed

along solutions to the closed loop.

Lemma 2 Suppose that Assumptions [3, [3, and [{] hold. Along any trajectory of the
closed-loop system defined by the process (2.1)) and the control law (2.24), the sequence

{JF(W—pt—1,Yi—r:t) : t € Lo}, whose existence is guaranteed by Assumption@ satisfies

Jt*+1(ut—L+1:t> yt—L+1:t+1) - Jt*(ut—L:t—b yt—L:t) < ﬁt—L(ﬁt—L) + Pt—L(OZt—L), VieZ>p,
(2.31)
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for appropriate sequences do.4_1,_1 € D, Nigy_—1 € Npre. O

The following notation will be used in the proof below to denote the solution to process
(2.1): given a control input sequence u;_r;—1 and a disturbance input sequence d;_r.;—1,

we denote by
@(ﬁ t— L,z U1, di—r:4-1)

the state x; of the system (2.1]) at time ¢ for the given inputs and initial condition x;_p.

Proof of Lemma[Z From (2.25b)) in Assumption [2] at time ¢ + 1, we conclude that there

~

€ X and sequences d

Ak
L1474 € Dy 10 €

. o ek
exists an initial condition Z t— L1141

t—L+1t+1

N such that

%
Jt+1(ut—L+1:t> yt—L+1:t+1) =

~

. s ~ *
omin S (B e Wt Qs v Tl 15 G gy Ty 1 Y- L tie1) - (2.32)
Ut 1447 6+1€EU

On the other hand, from Assumption 4| at time ¢ + T', with d = C??+T‘t+1 and

A% — . X ~ ok 7%
L= Tiyrit41 = et +T5t—L+1, Tt L1)t+1> Ut 1:64+T)t+1> dt—L+1:t+T|t+1)a

we conclude that there exists a control u;,r € U such that

% ~ 7% o
qt+7+1 (ft+T(95t+T|t+1a Ui+T, dt+T\t+1)) - Qt+T(95t+T|t+1)

A A

+ Ct+T(i;5k+T|t+1> ﬂ1H-T: d;k+T|t+1> - pt+T(d:+T\t+1) < 0. (2-33)

Moreover, we conclude from Assumption [3, that there exist vectors Z;_j, d,_; € D,
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ns_r, € N such that

j:‘—L+1|t+1 = fier(Te—p, u—r, d~t—L)a (2.34)

Yir, = G—r(Te—1) + M1,

Using now ([2.25al) in Assumption [2| at time ¢, we conclude that there also exists a finite

scalar J; (ui—r4—1,Y:—1+) € R and a sequence a;HT_W € U such that
* - A~ % 7
Jy (Ut—L:t—l,yt—L:t) = maféx Jt(ﬂct—L\nUt—L:t—h U718 dt—L:t+T—1|ta yt—L:t).
Tt—L|tEX,

dy_r.4y7-11t€ED

(2.35)

Going back to (2.32]), we then conclude that

%
Jt+1(ut—L+1:t7 ?Jt—L+1;t+1) <

Ak A~k ~ *
et (TF p1jep1> WLt W e m— 10 Ut T Gy g 1y Tl 10 Yo Lrasn)  (2.36)

because the minimization in (2.32)) with respect to @;41.41 7141 € U must lead to a value no

K

larger than what would be obtained by setting ts1.¢47—1t41 = Ug 1711t and U741 =

Ut 4T -

Similarly, we can conclude from (12.35) that

* ~ ~ s 7 7%
Jt (ut—L:t—la yt—L:t) = Jt(xt—La Ut—Lit—1, U m—1t> dt—L; dt7L+1;t+T71\t+1; yt—L:t)

(2.37)

o ~ A~ s 7 T
= Jo(Te—r, w1, Ugy 11 Q—Ls Ay p 1 —1j415 YiL:t),

because the maximization in (2.35)) with respect to @, and a?t, La+7—1¢ must lead to

a value no smaller than what would be obtained by setting Z;_r; = Z;_r, th_ L = cit_ I
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and th_L+1:t+T_1|t = d;k—L+1:t+T—l|t+1‘ The last equality in (2.37)) is obtained by applying
the control law ([2.24)).
Combining (2.36)), (2.37)), and (2.34)) leads to

Jt*+1 (ut—L+1:t7 yt—L+1;t+1) - Jt* (Ut—L:t—l, yt—L:t)

A

~ 7 ~ ~ *
< Ji (ft—L(xt—La Ut—r, dt—L); WUt—L+1:t5 Ugg 104711t W+ T dth+1:t+T|t+1a yt—L+1:t+1)

~ ~ % 7 7%
_Jt(xt—L’Ut—L:taut+1:t+T—1|t’dt—La t—L+1:t+T—1|t+1)yt—L:t)' (2-38)

A crucial observation behind this inequality is that both terms J;;(-) and Ji(-) in the
right-hand side of ([2.38]) are computed along a trajectory initialized at time ¢t — L with the

same initial state T;_;, and share the same control input sequence u;_r,.¢, and

7:l’:‘/kJr1:tJrT71\t
the same disturbance input sequence Jt_ L, J;:_ L1+ T—1[t+1- We shall denote this common
state trajectory by Zs, s € {t — L,...,t + T}, and the shared control and disturbance

sequences by

dy=di,, Vse{t—L+1,...t+T—1}
us se{t—L,..., t}

ay, sef{t+1,...,t+T -1}

The vectors w7 and cit_ 1, have been previously defined, but we now also define JHT =

df+T|t+1a Tpyre1 = ft+T(5Et+T7 Uy, Cit+T)a and ng = Yy, — gs(is)y S € {t —L,... 7t}- All of

these definitions enable us to express both terms J;;1(-) and J;(-) in the right-hand side

of (2.38)) as follows:

Jt*+1(ut—L+1:t> yt—L+1:t+1) - Jt*(ut—L:t—l, yt—L:t)
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t+T 3 t+1 t+T )
< Z Cs<j87 Us, ds) + Qt+T+1(jt+T+1) - Z ns(ﬁs) - 2 ps(ds>
s=t+1 s=t—L+1 s=t—L+1
t+T—1 R t t+1T—1 R
- Z Cs(Ts, Us, ds) — quar(Tyyr) + Z ns(7s) + Z ps(ds)
s=t s=t—L s=t—L

= cosr(Foor, Uusr, dirr) + Geor i (Foorr) — Gy (Eer) — prar(digr)

+ M- (Re—r) + Pt—L(CZt—L) — (T, Uy, CZt) — N1 (Mes1)-

Equation ((2.31)) follows from this, (2.33)), and the fact that ¢;(-) and 7,,1(-) are both

non-negative. [ |

With most of the hard work done, we are now ready to prove the main result of this

section.

Proof of Theorem[J Using (2.254) in Assumption [2| we conclude that

® A A~ 7
J; (ut—L:t—la yt—L:t) = ma}é){ Jt(xth|t7 Ut—Lit—1; Yppy 11t dth:t+T71\t7 yt—L:t)
Ty L|tET,

de_piesr—1:€D
~ %
= Jt(xt—La Ut—Let—15 U 7 1)t di—r:4, O 14471, yt—L:t)

~ sk
= Jt(xt—La Ut—Lity g 14T —1)t> di—r:t, O 1:047-1, yt—L:t)-

The first inequality is a consequence of the fact that the maximum must lead to a value
no smaller than what would have been obtained by setting Z;_r|; equal to the true state
T, setting th, L+ equal to the true (past) disturbances d;_r, and setting CZt+1:t+T71
equal to zero. The final equality is obtained simply from the use of the control law
(2.24])).

To proceed, we replace J;(+) by its definition in (2.22)), while dropping all “future” positive
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terms in ¢4(+), s > t and q;17(-). This leads to

t t
Sy (W1, Ye-r:4) = co(@e, we, dy) — Z ns(ns) — Z ps(ds). (2.39)

Note that the future controls iy, ., Tt disappeared because we dropped all the (posi-
tive) terms involving the value of the state past time ¢, and the summation over future

disturbances also disappeared since we set all the future CZHLHT,l to zero.

Adding both sides of (2.31)) in Lemma [2| from time L to time ¢ — 1, leads to
t—L-1  t-L-1
S (w1, Yi-r4) < J7(vo.L-1,Yo:L) + Z ps(ds) + Z ns(ns), Vi€ Zsp. (2.40)
s=0 s=0

The bound in ([2.30)) follows directly from ([2.39) and ([2.40]). ]

Since and provide nearly identical bounds, the discussion presented
after Theorem [1] regarding state boundedness and reference tracking applies also to the
finite horizon case with a few minor modifications. In particular, we now discuss the
implications of Theorem [2 in terms of establishing bounds on the state of the closed-
loop system, practical stability, and the ability of the closed-loop to asymptotically track

desired trajectories.

State boundedness and practical stability

When we select penalty functions in the criterion (2.22)), for which there exists a class

Ko function «(-) and class K functions §(-),d(+) such that

(@, u,d) = a(lz]),  m(n) < B(nl),  pld) < o(]d]),

VreR"™ ueR"™ deR" neR",
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we conclude from ([5.13)) that, along trajectories of the closed-loop system, the following

inequality holds for all ¢t € Z>:

—L— —L—

t t
a(fzl) < JE(uo—1, yo:L) + Z (Insl) + Z (ldsl) + 5 Blnd) + > o(ldsl).

s=0 s=0 s=t—L s=t—L

(2.41)

Formula (2.41)) provides a bound on the state when the future noise and disturbance

signals are “vanishing,” in the sense that

0 0
>, Bllnsl) < o0, 2, a(ld]) <
={— =t—

s L s L

Theorem [2] also provides bounds on the state for non-vanishing noise and disturbances

when we use exponentially time-weighted functions ¢;(+), n:(-), and p;(-) that satisfy

ci(z,u,d) = Xa(|z)), (2.42a)
n(n) < XB(|n]), (2.42b)
pi(d) < X7([d]), (2.42¢)

for all z € R™,u € R™,d e R™ n e R"™ and some A € (0,1). In this case, we conclude

from ([5.13)) that for all t € Z~,

t—L—1 t—L—1

alfz]) < NJF(uor-1, yo:r) + Z A2 B([17g]l) + Z X6 (|d)

t t
+ T NTB(ngl) + D AT(d]). (2.43)
=t—

s L s=t—L

Therefore, z; remains bounded because ng € N, fis € Npye, ds € D, cis € D, and the three

sets N, Npre, and D are bounded. More specifically, if the noise and disturbances are
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uniformly bounded such that, for all s > 0,
Blas|) <@, B(lnsl) <a, 8(ldl) <b, d(|ds]) <,

where @, a, b, and b are finite scalars, then an analytical upper bound can be computed

for a(]|z||), using the formula for geometric series, and is given by

. ~ _ /\L+1 o )\t+1 1— )\L+1
alladl) < XJf(uos-1,900) + @ +0) () + e+ 0) (). (244)

Moreover, the terms in the right-hand-side of that depend on n and d can be
made arbitrarily small by increasing L. The first term in the right-hand-side of
may initially be large as L is increased, but it exponentially decays to a small value as
t — co. Finally, if the true noise and disturbances vanish asymptotically, then the terms
in the right-hand-side of that depend on n, and dg converge to zero as t — 0.
Therefore, ||x;|| converges to a small value as ¢ — o0 when the true noise and disturbances
vanish asymptotically and the backwards horizon is chosen arbitrarily large. We have

proved the following:

Corollary 2 Suppose that Assumptions@ @ and hold and also that holds for a
class Ko function o(-), class IC functions B(-),0(-), and X € (0,1). Then, for every initial
condition xo, uniformly bounded measurement noise sequence ng.;, and uniformly bounded
disturbance sequence dy., the state x; remains uniformly bounded along the trajectories
of the process with control defined by the finite-horizon optimization .
Moreover, when d; and n; converge to zero as t — oo, the backwards horizon L can be
chosen sufficiently large to ensure that the state x; converges to an arbitrarily small value

ast — 0. ]

Remark 6 (Time-weighted criteria) The exponentially time-weighted functions (2.42)
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typically arise from a criterion of the form

t+T—1 t t+T—-1

Z A7c(xs, us, ds) + Qe (Teyr) — Z A7 n(ns) — Z A"%p(ds)

s=t—L s=t—L

that weight the future more than the past. In this case, (2.42)) holds for functions «(-),
B(:), and 6(-) such that c(z, u, d) > a(|a]), 7(n) < B(Inl), and p(d) < 8(|d]), Y, u, d, .
O

Reference tracking

When the control objective is for the state z; to follow a given trajectory z;, the

optimization criterion can be selected of the form

t+7T—1 t t+7T—-1
D ATy = 2w, d) + Ger (T — ) — YL An(ng) — DL A p(dy),
s=t s=t—L s=t—L

with c(z — z,u,d) = a|z — z|), Vo, u,d for some class Ky function o and A € (0,1). In
this case, we conclude from ({5.13]) that, for all ¢t € Z~,

t—L—1 t—L—1

allze — ) < NTf(uor—1,y0) + D AN n(iis) +
s=0 s=0

+ ) Ny + Y A p(dy),

s=t—L s=t—L

which allows us to conclude, from Corollary [2] that x; converges arbitrarily close to z; as
t — oo when both n, and d; are vanishing sequences and L is chosen sufficiently large.
Similarly, if these noise and disturbance sequences are “ultimately small”, the tracking

error x; — 2z; will converge to a small value.
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2.5 Numerical Examples

In this section we discuss several numerical examples using the problem framework
introduced in Section [2.2]and the finite horizon estimation and control approach described
in Section [2.4 Solutions are found via numerical simulation using the interior-point

methods described later in Chapter [4]

Example 1 (Flexible beam) Consider a single-link flexible beam as depicted in Fig-
ure similar to the one described in [98], where the control objective is to regulate
the mass on the tip of the beam to a desired reference trajectory. The control input is
the applied torque at the base, and the outputs are the tip’s position p = 10(t) + w(x,t)
[m], the angle at the base 0(t) [rad], the angular velocity of the base 8(t) [rad/s], and a
strain gauge measurement w”(z,t) [m~'] collected around the middle of the beam at x,

respectively.

=113 link’s length [m]

p = .60708 link’s mass per unit length [Kg m™]

EI =1.1684 product of Young’s modulus E by
the cross-sectional inertia I [N m?]

Tvase = .023  base’s inertia[Kg m?]

Miip = 0 tip’s mass [Kg]

x € [0,1] strain gauge position [m]

w(z,t) displacement with respect to rigid
motion [m]

Figure 2.1: Diagram of the Flexible Beam considered in Example

The system is modeled by the following partial differential equation

EI .
W(x, t) + —w" (z,t) = —20(t), vt = 0, x € [0,1]
p
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with boundary conditions

w(t) = Ipase0(t) — EIw"(0,1),
w(0,t) = w'(0,t) = 0,

W' (1) = w"(1,t) + %w”'(z,t) -0, Vt=0.

An approximate linearized discrete-time state-space model of the dynamics, with a
sampling time T := 1 second, is given by x;,1 = Az, + B(u + dy), y¢ = Cxy + 1y, where

d; is a disturbance, ny 1s measurement noise, and the system matrices are given by

(10 1.016 —0.676 —1.084 1.0 0585 0233 0.032 |
0 —0.665 1.241 1783 0 0.042 —0.288 —0.023
0 0.009 —0439 0143 0 —0.002 —0.012 0.007
0 0.001 0014 0308 0 —0.000 0.001 0.001
A= o (2.45)
0 1.264 —37.070 10581 1.0 1.016 —0.676 —1.084
0 —2.109 59.920 —16.8%3 0 —0.665 1.241 1.783
0 0413 9156 3695 0 0.009 —0.439 0.143
| 0 -0.012 —0371 -3.929 0 0001 0014 0.308
B ={0.800 —0.797 0.003 0.001 1.327 —1.163 0.197 —0.006], (2.46)
1.13 0.7225 —02028 01220 0 0 0 O
1.0 0 0 0 0 000
C = . (2.47)
0 0 0 0 1.0 0 0 0
0 0.9282 —12.001 —-35294 0 0 0 0

This matriz A has a double eigenvalue at 1 with a single independent eigenvector. There-

fore this is an unstable system.
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The optimal control input is found by solving the following optimization problem

min max
U+ T—11t€U Ty €X' dy [y —1)tED

HPt:t+T - Tt:t+TH2 + )\uHut:t-i-T—IHQ - >\d||dt—L:t+T—1H2 - )\ant—L:tHz)

where || - || is the Euclidean norm, U = {u; € R| — Upazr < U < Umaz), X = RS, and
D = {dt € Rl - dmax < dt < dma:c}-

0.8 —*k

0.6

0.4

0.2

_0.8 @ | | | | | | |

10 20 30 40 50 60 70 80

Figure 2.2: Simulation results of Flexible Beam example. The reference [m] is in
red, the measured position [m] in blue, the control sequence [Nm] in green, and the
disturbance sequence [Nm]| in magenta.

The results depicted in Figure|2.2 show the response of the closed loop system under
the control law (2.24) when our goal is to regulate the position of the mass at the tip of
the beam p to a desired reference r(t) = asgn(sin(wt)) with « = 0.5 and w = 0.1. The

other parameters in the optimization have values N\, = 1, \y = 2, A\, = 100, L = 5,

T =5, Upmazr = 0.8, dpar = 0.8. The state of the system starts close to zero and evolves
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Table 2.1: Numerical Performance of the Flexible Beam Example
# of optimization variables 103
# of inequality constraints 30
# of equality constraints 80
Mean time to compute | 3.2 ms
Max. time to compute | 8.3 ms
Min. time to compute | 2.8 ms

with zero control input and small random disturbance input until time t = 6, at which

time the optimal control input (2.24)) started to be applied along with the optimal worst-

*

case disturbance dt‘t

obtained from the min-max optimization. It can be seen that the
optimal control input and disturbance initially hit their respective constraints. The noise
process ny was selected to be a zero-mean Gaussian independent and identically distributed
random process with standard deviation of 0.02.

This simulation was performed on a laptop with an Intel® Core™ i7 Processor and
used Algorithm (given in C’hapter implemented in C code to compute solutions
at each time step. The resulting numerical performance is given in Table[2.1. Even with
over 100 optimization variables and 120 combined inequality and equality constraints,

the problem can be solved very efficiently using the numerical algorithms given later in

Chapter[{], on average in 3.2 ms. A

Example 2 (Nonlinear Pursuit-Evasion) In this example a two-player pursuit-evasion
game 1s considered where the pursuer is modeled as a nonholonomic unicycle-type vehicle,
and the evader is modeled as a single-integrator. The measured output is the positions of

the pursuer and evader. The orientation of the pursuer is not measured. The models can
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be written in discrete-time as follows:

Ty = x} + vcos(6;),
Pursuer : fo =z + vsin(6,), (2.48a)

Orr1 = O + g,

G =4 +dy,
Evader : (2.48b)

2 2 2
2o = 2 Ty,

Output : yr =[x, 2] + ng. (2.48¢)
The positions of the pursuer and the evader at time t are denoted by x; = [z} x?] € R?
and z = [z} 2?] € R?, respectively, and the orientation of the pursuer at time t is
denoted by 0;. The inputs for the pursuer and evader at time t are denoted by u; € R and
dy = [d} d?] € R?, respectively, and are constrained to belong to the sets U = {u; € R :
[us| < Upmaz} and D = {d; € R? : |d¢|oo < dppaz}- The measurement noise is denoted by
n; € RY. In the context of the problem described in Section we regard the input for
the pursuer as the control signal and the input to the evader as a disturbance.

The evader’s goal is to make the distance between its position z; and the position of
the pursuer x; as large as possible, so the evader wants to mazimize the value of ||z — x|z.
The pursuer’s goal is to do the opposite, namely, minimize the value of ||z; — x||2. The
pursuer and evader try to achieve these goals by choosing appropriate values for u; and

dy, respectively. This motivates considering a cost function of the form

t+T—1 t+T—1 t t+T—1
T = D Iz =i+ A D) Jusl3 =2 D) Inslz—Aa D) dsl3,  (249)
s=t s=t s=t—L s=t—L
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where Ay, A\, and \g are positive weighting constants.

Figures and[2.4] show simulation results from solving the optimization

min  max _ J;(-) (2.50)

utel xt_LEX,thD

at each time step t, where Jy(+) is the cost function given in , and the optimization
1s solved using Algorithm gwen in Chapter[f]. For this simulation, the parameters
for the model and the cost function (2.49)) are chosen as L =8, T =12, v = 0.1,
Umaz = 0.9, dpmae = 0.06, A\, = 8, A\g = 100, and A\, = 1000. The output measurements
are subjected to normally distributed random noise ny ~ N(0,0.005%) .

Figure shows the estimates of the pursuer’s and evader’s positions computed
by solving the optimization at every time t. The initial state of the pursuer is
[z, 6o]) = [0 0 0], and the initial state of the evader is zg = [0.5 0.5]". The simulation is
initialized with zero input for the pursuer (i.e. u; = 0) for the first L = 8 time steps after
which time the optimization 1s solved at every time step t, and the optimal input
uj is applied for the rest of the simulation. The evader applies an input of d; = [0.05 0]
until time t = 55 after which time the optimal computed evader’s input di is applied for
every successive time step t. The inputs that are applied are shown in Figure[2.] We
see that several times throughout the simulation the input constraints for both the pursuer
and evader are active.

Because the mazximum speed of the evader (dpq. = 0.06) is less than the speed of the
pursuer (v = 0.1), the pursuer is always able to catch up to the evader, but the evader
takes advantage of its more agile (integrator) dynamics by making sharp turns and forcing
the unicycle-type pursuer to make loops at its maximum turning rate.

This simulation was performed on a laptop with an Intel® Core™ 7 Processor and

used Algorithm (given in C’hapter implemented in C code to compute solutions
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12 T T T T T T T
—+— pursuer
’ —o—evader
0.8 - i
0.6 - i
~ 04 .
N
S 02t -
0 —
0.2 - i
0.4 | .
06 | | | | | | |
0 0.5 1 1.5 2 2.5 3 3.5 4
z!, 2!
Figure 2.3: Trajectories of the pursuer and evader from Example
Table 2.2: Numerical Performance of the Pursuit-Evasion Example
# of optimization variables 157
# of inequality constraints 104
# of equality constraints 100
Mean time to compute | 0.54 ms
Max. time to compute | 2.3 ms
Min. time to compute | 0.45 ms
at each time step. The resulting numerical performance is given in Table|2.2. The opti-

mazation involved 157 optimization variables, 100 equality constraints, and 104 inequality

constraints, and the average time to compute the solution at each time step was 0.54 ms.

Therefore, solutions can be computed extremely efficiently even for this mnonlinear and

nonconver example.
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Figure 2.4: Inputs for the pursuer and evader from Example

2.6 Conclusions

We presented an output-feedback approach to nonlinear model predictive involving

the simultaneous solution of the corresponding estimation and control problems as a

single min-max optimization. Under the assumption that a saddle-point solution exists

for the min-max optimization (which presumes appropriate forms of observability and

controllability), Theorem |1 ensures bounds on the state of the system and the tracking

error for reference tracking problems for the infinite horizon case. Similar results are

derived from Theorem 2| for the finite horizon case under the additional assumptions of

a form of observability for nonlinear systems and a terminal cost that is an ISS-control

Lyapunov function with respect to the disturbance input.

We also presented two numerical examples of estimation and control problems that
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can be solved using this combined MPC/MHE approach. The examples included con-
strained, high-dimensional, nonlinear, and nonconvex problems that were easily formu-
lated as finite horizon min-max optimization problems as in ([2.23). The resulting min-
max optimization problems were solved very efficiently using the numerical methods

described later in Chapter [4]
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Chapter 3

Existence of Saddle-Point Equilibria

Some of the content in this chapter comes from [24]:

2016 IEEE. Reprinted, with permission, from D. A. Copp, and J. P. Hespanha, Conditions
for saddle-point equilibria in output-feedback MPC with MHE, 2016 American Control
Conference (ACC), July 2016.

In Chapter [2| we showed that under the main assumption that a saddle-point solution
exists for the min-max optimization problem, in addition to standard observability and
controllability assumptions, practical stability of the combined MPC/MHE approach can
be established in the presence of noise and disturbances. In this chapter, we derive suffi-
cient conditions for the existence of a saddle-point solution to this min-max optimization
problem. For the specialized linear-quadratic case, we show that a saddle-point solution
exists if the system is observable and weights in the cost function are chosen appropri-
ately. A numerical example is given to illustrate the effectiveness of this combined control

and estimation approach.
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3.1 Introduction

Classical MPC has been a prominent control technique in academia and industrial
applications for decades because of its ability to handle complex multivariable systems
and hard constraints. MPC, which is classically formulated with state-feedback and
involves the repeated solution of an open-loop optimal control problem online in order
to find a sequence of future control inputs, has a well-developed theory as evidenced by
[79, 76, O5], and has been shown to be effective in practice [84]. However, with more
efficient methods and continued theoretical work, more recent advances in MPC include
the incorporation of disturbances, uncertainties, faster dynamics, distributed systems,
and output-feedback.

Related to these advances is the recent work combining nonlinear output-feedback
MPC with MHE into a single min-max optimization problem [22] 25] as described in
Chapter 2l This combined approach simultaneously solves an MHE problem, which
involves the repeated solution of a similar optimization problem over a finite-horizon of
past measurements in order to find an estimate of the current state [90, 3], and an MPC

4

problem. In order to be robust to “worst-case” disturbances and noise, this approach
involves the solution of a min-max optimization where an objective function is minimized
with respect to control input variables and maximized with respect to disturbance and
noise variables, similar to game-theoretic approaches to MPC considered in [19] 56].
The motivation for the combined MPC/MHE approach is proving joint stability of
the combined estimation and control problems, and the results in Chapter [2| guarantee
boundedness of the state, bounds on the tracking error for trajectory tracking problems,
and practical stability in the presence of noise and disturbances. Besides standard as-

sumptions regarding observability and controllability of the nonlinear process, the main

assumption required for these results to hold is that there exists a saddle-point solution
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to the min-max optimization problem at every time step.

The analysis of the min-max problem that appears in the forward horizon of the
combined MPC/MHE approach is closely related to the analysis of two-player zero-sum
dynamic games as in [0] and to the dynamic game approach to H* optimal control as
in [7]. In these analyses the control is designed to guard against the worst-case unknown
disturbances and model uncertainties, and in both of these references, saddle-point equi-
libria and conditions under which they exist are analyzed. The problem proposed in
[22], 25] differs, however, in that a backwards finite horizon is also considered in order to
incorporate the simultaneous solution of an MHE problem, which also allows the control
to be robust to worst-case estimates of the initial state.

In this chapter we derive conditions under which a saddle-point solution exists for
the combined MPC/MHE min-max optimization problem proposed in [22] and specialize
those results for discrete linear time-invariant (DLTI) systems and quadratic cost func-
tions. We show that in the linear-quadratic case, if the system is observable, simply
choosing appropriate weights in the cost function is enough to ensure that a saddle-point
solution exists. A numerical example discussed at the end of the chapter shows that,
even for unconstrained linear-quadratic problems, better regulation performance may be
achieved using this MPC/MHE approach with shorter finite horizons.

The chapter is organized as follows. In Section we formulate the control problem
and discuss the main stability assumption regarding the existence of a saddle-point. In
Section [3.3] we describe a method that can be used to compute a saddle-point solution
and give conditions under which this method succeeds. A numerical example is presented

in Section Finally, we provide some conclusions in Section [3.5]
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3.2 Problem Formulation

As in the previous chapter, we consider the control of a time-varying discrete-time

process of the form

Tip1 = ft(xtautydt>7 Ye = gt(fl?t) + (3-1)

Vt € Z~o, with state z; taking values in a set X < R"*. The inputs to this system are the
control input u; that must be restricted to a set U < R™ the unmeasured disturbance
d; that is known to belong to a set D < R"4, and the measurement noise n, € R™. The
signal y, € Y < R™ denotes the measured output that is available for feedback. The
control objective is to select the control signal u; € U, V¥t € Z=(, so as to minimize a

finite-horizon criterion of the form[]

Jt(xt—L, Up— Lo T—15 A— D71, yt—L:t) =

t+T—1 t t+T—-1
Z ck(@k, uk) + Qer(Tear) — Z k(1) — Z pr(dr)  (3.2)
k=t k=t—L k=t—L

for worst-case values of the unmeasured disturbance d;, € D, Vt € Z~( and the measure-
ment noise n; € R™ Vt € Z-o. The functions ¢ (+), nx(-), and pg(-) in are all
assumed to take non-negative values. One can view the terms p;(-) and 7;(-) as measures
of the likelihood of specific values for d; and n;. Then, the negative signs in front of p,(-)
and 7;(-) penalize the maximizer for using low likelihood values for the disturbances and
noise (low likelihood meaning very large values for p;(-) and n,(-)).

The optimization criterion includes T' € Z~; terms of the running cost ¢;(z, u;), which

recede as the current time ¢ advances, L 4+ 1 € Z~ terms of the measurement cost 7,(n;),

1Given a discrete-time signal z : Zso — R", and two times to,t € Z>0 with ¢y < ¢, we denote by 2.
the sequence {zt,, Ztg+1, - - - » 2t }-
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and L+ T € Z-1 terms of the cost on the disturbances p;(d;). We also include a terminal
cost qyr(xir) to penalize the “final” state at time ¢ + 7.

Just as in a two-player zero-sum dynamic game, player 1 (the controller) desires to
minimize this criterion while player 2 (the noise and disturbance) would like to maximize
it. This leads to a control input that is designed for the worst-case disturbance input,
measurement noise, and initial state. This motivates the following finite-dimensional
optimization

A min _max Jt(xt—L; Up— L1 Uty 715 Qe Lot 471, yt—L:t)- (3-3)
Upp 47— 1€U 2y LEX,

di—r:t+T7-1€D

The measurement noise variables n; ., do not explicitly show up in (3.3)) because they
are not independent optimization variables as they are uniquely defined by the remaining
optimization variables and the output equation (3.1)). In this formulation, we use a control

law of the form

where 4} denotes the first element of the sequence 4y, p_, computed at each time ¢ that
minimizes .

For the implementation of the control law , the outer minimizations in ([3.3]) must
lead to finite values for the optima that are achieved at specific sequences 4}, € U,
t € Zso. However, for the stability results given in [22 25], we actually ask for the

existence of a saddle-point solution to the min-max optimization in (3.3)) as follows:

Assumption 5 (Saddle-point [Assumption 2, Chapter [2) The min-maz optimiza-
tion (3.3) with cost given as in (3.2) always has a saddle-point solution for which the

min and mazx commute. Specifically, for every time t € Z=q, past control input sequence
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Ui—1+—1 € U, and past measured output sequence y;_r.+ € Y, there exists a finite scalar
* . . . . . /\* /\* A*
Ji € R, an initial condition zy_; € X, and sequences Uy, €U, d ;.71 € D such

that

A

* Ak Ak *
Jp = Jt(xt—L’ Ut Lot—15 Upg o1, Ay pgr 1, Yi—L:t)

A A sk 7
= magg( Jt(33t—L7 Ut—L:t—1, Upp 715 di—r:v7-1, yt—L:t) (3-53)
Tt—L P

di—r:t+7-1€D

~

. Ak A~ ES
= _min Jt(l’th? Ut—Lit—1, Ut 4+T—1, dth;tJrTfl, yth;t)- (3-5b)
Up.p 471U

[

In general, J; depends on the past control and outputs, so we can alternatively write
Jt* (Ut—L;t—h yt_L;t)-

In the next section we derive conditions under which a saddle-point solution exists
for the general nonlinear case and then specialize those results for DLTI systems and

quadratic cost functions.

3.3 Main Results

Before presenting the main results, for convenience we define the following sets of time
sequences for the forward and backward horizons, respectively, T == {¢t,t+1,...,t+T —1}

and £ :={t—L,t—L+1,....,t — 1} and use them in the sequel.

3.3.1 Nonlinear systems

Theorem 3 (Existence of saddle-point)

Suppose there exist recursively computed functions Vi (-), for all k € T, and V;(-), for
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all j € L, such that for all yy_r, €Y, and uy_r.4—1 €U,

Vier(Terr) = G (Tesr), (3.6a)

Vi(ag) = min max (I (zy, @, dy) + Vi1 (241))
upeU d,eD

= max min (lk(xk, ﬁk, Czk) + Vk+1(xk+1))7 Vk e T\t, (36b)

CZkED ﬂkEu

%(xta yt) = min max (Zt(ift,@ta dta yt) + V;f+1($t+1))
el d,eD

= max min (lt<xt7 Uy, Czn yt) + Vt+1($t+1))a (3'6C)
d:eD €U

Vi(@j, wjie—1,Yj) = max (lj(xjvujvdjayj) + Vj+1($j+17Uj+1:t7171/j+1;t))7

djED
Ve E\t — L, (3.6d)
W—L(Ut—L:t—hyt—L:t) = ngg( (lt—L(i"t—L,Ut—L,CZt—Layt—L)

& L€X,

th_LeD
+ Vi1 (T py1, W pr1a-1, ythJrl:t)): (3.6¢)

where

lk(:ck,ﬂk, Cik) = Ck(l'k,ﬂk) — pk(cfk), ke T\t, (37&)
lt(%’t, Uy, CZbyt) = Ct(%ﬂlt) - Ut(nt) - pt(dAt% (3-7b)
Lz, ug,dy ) = —ni(ng) — pi(d;), jeL. (3.7¢)

A

Then the solutions uj, CZ;:, dj,

and T} _; defined as follows, for all k € T and j € L,

satisfy the saddle-point Assumption [J

aj; = arg min max (g (zx, t, dy., yi,) + Vis1(Th41)), (3.8a)
ﬁkeu dkE'D

df == arg max még (L (2, i, dy., yr) + Vir1 (e11)), (3.8b)
dAkE'D Uk
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A

d;k = arg max (l] (xjv Ujs CZ]" y]) + ‘/}4-1(1‘]'4-1’ Uj41:t—1, yj+15t)>7 (38C)
djED

Ak . A~ 7
Ty = arg max (lt—L($t—La U r, A1, Y1) + Viero1 (Teopa1s Wi ny1-1, yt—L+1:t))-
Cﬁt,LEX

(3.8d)

Moreover, the saddle-point value is equal to Jf(ui—r4—1,Yt—1:4) = Vi (Wt—pt—1, Ye—L:t)-

[

Proof. We begin by proving equation ({3.5b)) in Assumption . Let 4} be defined as in
(3.8a)), and let 4y be another arbitrary control input. To prove optimality, we need to

show that the latter trajectory cannot lead to a cost lower than the former. Since Vi (zy)

satisfies (3.6b|) and @ achieves the minimum in (3.6b)), for every k € T\t,

Viay) = min (I (z, g, df) + Vit (@) = b, @, df) + Vier (1) (3.9)

upeU

However, since 1y does not necessarily achieve the minimum, we also have that

Viwy) = min (i (@, g, df) + Vier (@) < D@, @, df) + Viea (2541). (3.10)

ukeu

Summing both sides of (3.9) from k =¢+1to k=t + T — 1, we conclude that

t+T—1 t+T—1 t+T—1
Z Vk ka Z lk xkaumdk 2 Vk+1($k+1)
k=t+1 k=t+1 k=t+1
t+T1T—1 t+7T—1 t+T1T—1
A Z Vk: xkz Z Vk+1 $k+1 Z lk Jflmuk;adk)
k=t+1 k=t+1 k=t4+1
t+T—-1
k=t+1
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Next, summing both sides of (3.10) from k =t + 1 to k =t + T — 1, we conclude that

t+T7—1 t+T7—1 t+T7—1
Vi) < D) W@k di) + > Viea(@rga)
k=t+1 k=t+1 k=t+1
t+T—1 t+T—1 t+T7—1
~A Tk
= Z Vie(zx) — Z Vi1 (Tr41) < Z le (@, s, dy)
k=t+1 k=t+1 k=t+1
t+T—1
~ %
= Vi) < Z Ue (2, G, dy),
=t+1
from which we conclude that
t+7—1 t+T—1
Vi1 (ze41) = Z Ui ( xk,uk7dk Z (g, Uy, dy). (3.11)
k=t+1 k=t+1

Similarly, since V;(x,y;) satisfies (3.6c|) and 4] achieves the minimum in (3.6¢), we

can conclude that

Vilze, ye) = Ly, 4y, sz7yt) + Vi1 (1) < Uiy, Uy, d:a Ye) + Vigr(2e41). (3.12)

Then from (3.11)) and (3.12)), we conclude that

t+T—1 t+T—1
%(xtayt) = lt(%ﬁ?@fa%) + Z lk(xk’ﬂ;dZ) < lt(xtaatadz‘7yt) + Z lk(xkvakadz>
k=t+1 k=t+1

(3.13)

Next, since Vj(z;, uj4—1,yj.¢) satisfies (3.6d) and cz;‘ achieves the maximum in (3.6d}), we

can conclude that

Vi@, wjie—1, Yjue) = (5, uy, Cz;ka Yi) + Vi1 (Tia1, U1, Yjie)- (3.14)
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Summing both sides of (3.14) from j =t — L+ 1 to j = t — 1, and using (3.13)), we

conclude that

t—1 t—1

Z ‘/}(ZL’], uj:t—hyj:t) = Z L (g’;]auj7 ]7yj Z ‘/j-‘rl xj-i-l)ujt 1 y] t)
j=t—L+1 j=t—L+1 j=t—L+1
t—1
7%
< ‘/th+1($th+17uth+1:tflaythJrl:t) = Z lj(xjaujadjayj) + V;t($t>yt)
j=t—L+1
t—1
e A% Tk
— V;thJrl(xthJrl’uthH:tflyythJrl:t) = Z lj(xjaujudjayj) + lt<xtautadt7yt)
j=t—L+1
t+1T—1 t—1 t+1T—1
~Ax o Pk 7% A~ % ~ 7%
+ Z lk(xkaulmdk) < Z lj(xjaujadj7yj) +lt(xtaut>dt7yt) + Z lk(xkaukadk)
k=t+1 j=t—L+1 k=t+1

Finally, from this and the facts that Vi p(u;_r. 1,y 1) satisfies (3.6€) and CZ;"_ . and

Z} ; achieve the maximum in (3.6€)), we can conclude that

o T
Vt—L(Ut—L:t—h yt—L:t) = lt—L(ZUt_mUt—L, dt_D yt_L) + Vt—L+1(517t—L+1>Ut—L+1:t—1a yt—L+1:t)

t+T—1 t—1

Z lk(xkaa]tad2)+lt($taa?>dfayt)+ Z lj(xjaujad;7yj)"{_lt—L(aA::—Laut—Lad:—Layt—L)
k=t+1 j=t—L+1
t+T—1 . R -1 . A

D @y e, dp) e, d g+ D Ly wg, df y) (g e, di gy n).
k=t+1 Jj=t—L+1

Therefore 4 is a minimizing policy, for all £ € T, and is satisfied with
S (Ue—ra-1,Ye-1:4) = Vie(Wer—1, YeL:t)-

To prove , let cz;i be defined as in , a?;" be defined as in , and let dj,
and ch be other arbitrary disturbance inputs. Similarly, let 2} ; be defined as in (3.8d)),
and let Z;_; be another arbitrary initial condition. Then, since Vj(xzy) satisfies ,
Vi(xy, yi) satisfies , Vi(zj, wje—1, y;.) satisfies , and CZ;: achieves the maximum
in , (ijf achieves the maximum in , and CZ;‘ achieves the maximum in (3.6d]),
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we can use a similar argument as in the proof of (3.5b)) to conclude that

t—1
T3 A
thLH(l'thH,Uth+1;tf1,Z/th+1:t)= Z lj(l'j?ujadj?yj)+lt(xt7utadt7yt>
j=t—L+1
t+T—1 t—1 t+T—1
A% T 7 N N

+ O e an,dy) = > Ly, dyyyg) + Lo iy duy) + ) k(@ a5, d).

k=t+1 j=t—L+1 k=t+1

Finally, from (3.6€]), (3.8c]), and (3.8d)), we have

‘/;fL(uth:tflayth:t) = Imax max (lth(xth,uth,dth,yth)
Ty €X dy_ €D

+ Vi (T py1, Ue—pa1, yt—L:t))

~

ok *
= lt—L(ﬂft_L, Ut—L, dt_L, yt—L) + Vt—L+1(£Ut—L+1, Ug—L:t—1, yt—L:t)

~

A *
> (T pywer, df_p,yi—n) + Vie a1 (T n41, WeeLot—1, Ye—L:t),

and

~ s 7%
‘/:ffL(uth:tfla yt—L:t) = lth(xt_L, Ut—L, dt_b yth) + thLH(fUthH, uth;tfl,yth;t)

/\* 7
> lth(xt7L7 U—p, A1, yth) + thL+1($th+17 Ut—L:t—1, yt—L:t)-

Then, (3.5a)) follows because

A

Ak *
Vt—L(Ut—L:t—l,yt—L:t) = lt—L(xt_La Ut—L, dt_L7yt—L) + V}—L+1(9€t—L+1, Ut—L+1:t—1,?/t—L+1:t)

t+T—-1 t—1
= Z lk:(xk:aﬁ;:adZ)—{_lt(xt?ﬁ;kadr?yt)—{_ Z lj(xjaujad;7yj)+lt—L(ir—L7ut—Lad;fk—Lvyt—L)

k=t+1 j=t—L
t+T—1 -1
~x ] ~x ] 7 A 7
> 0 bl di) +lwe 07 dy)+ Y g ug,dyy) e (@ p, s n, den, yen)-
k=t j=t—L+1

Therefore ciz, for all £ € T, and CZ;‘, for all j € £, are maximizing policies, z;} ; is a
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maximizing policy, and (3.5al) is satisfied with J;* (w41, Ye—14) = Vier(W—p4—1, Yt—1:t)-
Thus, Assumption [5| is satisfied. [ |

Next we specialize these results for DLTI systems and quadratic cost functions.

3.3.2 LTI systems and quadratic costs

Consider the following discrete linear time-invariant system, for all ¢t € Z~,,

T4 = Axy + By, + Dd,, Y = Cy + ny, (3.15)

withz, e ¥ =R™, yyeld =R™, d,e D=R" n,e N =R"™, and y, € Y = R™. Also

consider the quadratic cost function

Jt(xt—L7 Ut Lt T—1, Ap— Lot T—1,5 yt—L:t) =

t+T—1 ¢ t+T—1
Z (21, Qur + Aawjuy) + @) pQuepr — 2 A (yr — Cxp) (yp — Cy,) — Z Aad).dy,
h=t h=t—L k=t—L

(3.16)

where Q = Q' = 0 is a weighting matrix, and \,, Ay, A, are positive constants that can
be tuned to impose “soft” constraints on the variables xy, ux, di, and ng, respectively, or
to increase or decrease the penalty for choosing low likelihood values for the disturbances
and noise. The positive scalar weights \,, A\g, and A, could be replaced with positive-
definite matrices, and the following results would still hold with minor adjustments. We
use A\, A\g, and A, here for simplicity.

Again, the control objective is to solve for a control input u; that minimizes the
criterion in the presence of the worst-case disturbance df and initial state =y ;.

This motivates solving the optimization problem (3.3) with the cost given as in (3.16])
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subject to the dynamics given in (3.15). Then the control input as defined in (3.4)) is

selected and applied to the plant.

The following Theorem gives conditions under which a saddle-point solution exists for

problem (3.3) with cost (3.16]), thereby satisfying Assumption [5] as well as a description

of the resulting saddle-point solution.

Theorem 4 (Existence of saddle-point for linear systems with quadratic costs) Let My

and Ay, for allk € T, and P; and Z;, for all j € L, be matrices of appropriate dimensions

defined biff]

My, =Q + AleHA;;lA; M7= Q,
1 1

A= T+ (—BB’ _ —DD') M1,
A Ad

Pt = Mt - AnC/C,

Z; =Ml — D'Pj1D.
Then, if the following conditions are satisfied,

Aol + B'My 1B > 0,
Aol — D'My1D > 0,
Al — D'Pi 1D >0,
MC'C — APy A —A'P_p D

> 0,
—D'F 14 Ail = D'Fy_p1D

(3.17a)

(3.17b)

(3.17¢)

(3.17d)

(3.18a)
(3.18b)

(3.18¢)

(3.184)

the min-maz optimization (3.3) with quadratic costs (3.16|) subject to the linear dynamics

2] denotes the identity matrix with appropriate dimensions.
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(3.15) admits a unique saddle-point solution that satisfies Assumption E] O

Proof. This proof shows that for the linear system (3.15) and quadratic cost function

, there exist solutions as in that satisfy functions as in , and therefore, a
saddle-point exists by Theorem [3]

In this linear-quadratic case, the functions can be solved for explicitly, beginning
with Viir_1(+), then Vi r_5(+), etc., and continuing recursively backwards in time until

Vi_1, by recognizing that, for all k€ T and j € L,

Qt+T<It+T) = x:‘,+Tth+T7
ce(Tp, Ug) = 2. Quy + Ny Ty,
pk(dk) = _)\dCZ;cCZk;
p;(d;) = —Xad}dj,

ni(n;) = =y — C;)'(y — Cu )

and then computing the solutions to (3.6). This results in functions Vi(-) and V;(-), for

all ke T and j € L, given as follows

Vier(Ter) = 2y p Qs (3.19a)
Vi(xg) = a) My, Vk e T\t, (3.19Db)
Vi(ze, yi) = Py, (3.19¢)
Vi(xj, Yje, Ujee—1) = 5 Pywj + 2wix; + ¢, Vje L\t — L, (3.19d)
Vi (Yt—Lots Ut pp—1) = w;_LPt—_let_L — 2w2_LPt__1Lwt_L +¢_r, (3.19¢)
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where the vectors wj, for all j € £, are defined by

w; = A,R;(Pj+1BUj + wj+1) + )\nolyp

Wy = )‘nclyta
with the matrices R; and scalars ¢; defined by

Rj:=1+DZ;'D'Pj.,
¢; = Wi DZ7 D'wjsy — Ay + ¢i1 + (W B' Py + 2w, ) R; Buy;
Cy = _)\nygyt-
Then conditions (3.18) come directly from the second-order conditions for strict-

convexity /concavity of a quadratic function. Specifically, for the quadratic cost (3.16]),

the costs [;(+), l¢(-), and {;(-) in (3.6) are given as

lk(l‘k, ﬁk, CZk) = LL’%QJ?]C + /\uﬁﬁgak — AdCZ;gdAk, ke T\t, (320&)
lt([Et, ’LAI/t, CZt, yt) = ZE’QQI} + /\uﬁ/;ﬂ/t - /\nn;nt - /\dCZCZt, (320b)
lj(l’j, Uy, Czj, y]) = —/\nn;»nj — )\dCZ;-CZj, ] € L, (320C)

and condition comes from computing the Hessian matrix (the matrix of second-
order partial derivatives) of lj(xy, tx, cik) + Vi1 (f (g, Gy, azk)) with respect to y, as well
as the Hessian matrix of ;(zy, Uy, cit) + Vi1 (f (g, 1y, th)) with respect to u; and requiring
these Hessian matrices to be positive definite. Similarly, condition comes from
computing the Hessian matrix of Iy (xy, tg, a?k) + Vi1 (f (2, g, cik)) with respect to dy, as
well as the Hessian matrix of [, (x4, th) + Vi1 (f (4, Gy, dt)) with respect to d, and requir-

ing these Hessian matrices to be negative definite. Condition (3.18¢|) comes from comput-
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~

ing the Hessian matrix of I;(x;,u;,d;) + Vi1 (f(2;,15,d;), Uj—1, yj) With respect to d;
and requiring it to be negative definite. Finally, condition comes from computing
the Hessian matrix of lt—L(i"t—L, Ut—r, Cit—L) + V%—L+1(f(it—L, Ut—L, Czt—L); Ut—L:t—1, yt—L:t)
with respect to [#_, d,_,] and requiring it to be negative definite. Therefore, if condi-
tions are satisfied, the optimization (3.3]) with cost is strictly convex with
respect to U4 r—1 and is strictly concave with respect to th_ Lt+7—1 and z;_y, and there-
fore, the functions satisfy the equations in . Thus a saddle point solution
exists because of Theorem [3]

In this case, the solutions (3.8) can be found analytically and are given by

af = —%UB’M;CHA,ZIAIZ, (3.21a)
df = )\idD/MkHA,;lA:p,’:, (3.21D)
di = Z7'D' (P (Az; + Buy) + wjs), (3.21c¢)
&F =P hw g, (3.21d)

where the corresponding state trajectory is determined from

zi = N Az, (3.22a)
i1 = Rj(Az} + Buj) + DZ; ' D'wjya, (3.22b)
Ty =g (3.22¢)

The state trajectory (3.22)) is found by plugging the saddle-point solutions (3.21]) into

the dynamics (3.15). Finally, as a consequence of the argument in the proof of Theorem
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Bl the corresponding saddle-point value is
JEWYeerets Ue—r:6-1) = Vi L (Ye—Lety Ue—Le-1)-

Remark 7 For times k € T\t, the result given in Theorem |/| is very close to the result
derived in [6] for the affine-quadratic two-person zero-sum game because the equations

(3.6a) and (3.6b)) equivalently describe a linear-quadratic two-person zero-sum game.

Corollary 3 If the discrete-time linear time-invariant system given in 1S obseruv-
able, then the scalar weights X\, and \g can be chosen sufficiently large such that the
conditions — are satisfied. Therefore, according to Theorem there exists
a saddle-point solution for the optimization problem with cost . Therefore,

also, Assumption[J is satisfied. O

Proof. Condition is trivially satisfied for all k£ € T as long as we choose A\, > 0
and weighting matrix Q > 0 because Q = 0 = M, > 0,Yke T. []

Condition is satisfied if the scalar weight A, is chosen sufficiently large. To
show this, we take the limit of the sequence of matrices My, as given in (3.17al), as

Ay — o and notice that M) — M), where M), is described by

_ _ 1 _
Mk = Q + A/(MkJrl[I + )\—BB/Mk+1]71)A;

Myyp = My,

for all k € T. Then, as Ay — o0, \g is greater than the largest eigenvalue of D'M,; 1D,

and therefore, condition (3.18b)) is satisfied when A4 is chosen sufficiently large.

3Note that My = M], due to the fact that @ = Q" and the matrix identity in [I00] which says that
A(I + BA)™' = (I + AB)™1A.
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Next we prove that conditions (3.18¢c) and (3.18d|) are satisfied, for all j € £, when

A, and A4 are chosen sufficiently large and the system (3.15]) is observable. We first take
the limit of the sequence of matrices P;, as given in (3.17d)), as Ay — o and notice that

P; — P; where P; is described by
Py = —1,0,0; + A" M A,
for all j € L Ut, and ©; is defined as
0, =[C" AC APct ... AtIC.

The matrix ©; looks similar to the observability matrix, and therefore, @;@j > ( if the

system given in ((3.15)) is observable.

Then, the scalar weight A, can be chosen large enough to ensure that \,0,0; >
A"IM; A for all j € L. Tt then follows that P; < 0 for all j € £. Therefore, condition
becomes \gI — D’ ]5j+1D > 0 in the limit as Ay — oo and is trivially satisfied if
system (3.15)) is observable and A, is chosen sufficiently large.

Finally, consider condition (3.18d)). Using the Schur Complement, condition ([3.18d))

is satisfied if, and only if,
Ml —D'P,_; 1D >0
and
MC'C—AP,_p A~ AP_p DN —D'P,_; . D) 'D'P,_; 1A > 0.

We just proved that A\gl — D'P,_; 1D > 0 if the system (3.15] is observable and the
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weights \; and A, are chosen sufficiently large. Then, in the limit as Ay — o0, the second

inequality becomes
A\C'C—AP_; 1 A>0.

Therefore, if the system ([3.15)) is observable, A, can be chosen sufficiently large such that
this inequality is satisfied, and therefore, condition (3.18d)) is satisfied. ]

3.4 Simulation

Various choices for the parameters in the cost function lead to different control
inputs that may all satisfy the saddle-point assumption but that produce very different
closed-loop performance. For instance, there are examples for which a short finite-horizon
approach performs better than a quasi-infinite-horizon approach even for unconstrained
linear-quadratic problems. Specifically, better disturbance attenuation can be achieved
for the following unconstrained linear-quadratic example, where the system is subjected
to impulsive disturbances, using the combined MPC/MHE approach with shorter finite-
horizon lengths.

The following example can be solved numerically using the methods described in

Chapter

Example 3 (Stabilizing a riderless bicycle.) Consider the following second order continuous-

time linearized bicycle model in state-space form:
Ztt = A.’L’t + B(Ut + dt)7 Yt = Cl’t + T (323)

/
The state 1s given by x; = l¢ 5 ¢ 5] where ¢ is the roll angle of the bicycle, ¢ is the
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steering angle of the handlebars, and gb and & are the corresponding angular velocities.
The control input u, is the steering torque applied to the handlebars. The matrices defining

the linearized dynamics are, as described in [18)],

0 0 1 0
0 0 0 1
A= )
13.67 0.225 — 1.3190?> —0.164v —0.552v
4.857 10.81 — 1.125v% 3.621v  —2.388v
0
0 10 00
B = 5 C= 3
—0.339 0100
7.457

where v is the bicycle’s forward velocity. Only the roll and steering angles (and not
their corresponding angular velocities) are measured and available for feedback. In this
example, we fix the forward velocity at v = 2 m/s, which results in an unstable system,
and discretize the system using a 0.1 second zero-order-hold.

The control objective is to stabilize the bicycle in the upright position, i.e. around a
zero roll angle (¢ = 0), by applying a steering torque to the handlebars. The disturbance
d; acts on the input and can be thought of as jolting the steering due to sharp bumps in the
bicycle’s path or similar environmental perturbations. We solve this problem by solving
the optimization given in with cost at each time t and apply the resulting u}
as the control input. The measurement noise is a random variable n; ~ N(0,0.001?).
The disturbance d; is nominally a random variable d; ~ N(0,0.01%) but with occasional
large, impulsive values.

Because the system (3.23)) is observable, we are able to choose \q and A\, so that
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conditions (3.18|) are satisfied. Therefore, a saddle-point solution to (3.3) with cost
exists for the riderless bicycle example according to Theorem [f However, conditions
are only sufficient conditions and may lead to unnecessarily conservative weights.
In this example, it is possible to achieve better performance by choosing weights that do
not satisfy conditions but that still ensure the existence of a saddle-point which
can be verified numerically.

In this example, we compare results for long horizon lengths (L = T = 200) to
results for short horizon lengths (L = 2, T = 7) and tune the weights Ay and A, in
order to achieve the best performance as determined by minimizing the tracking error
|o|. Table shows four simulation scenarios. Rows #1 and #2 of Table show
the weights Aq and X\, that satisfy the conditions (3.18|) and provide the best performance
for both the long and short horizon lengths. Rows #3 and #4 of Table[3.1] show the best
possible weights \q and X, for performance that still ensure the existence of a saddle-point
(verified numerically) but that do not satisfy the conditions (3.18)). For all four scenarios,
the weighting matriz () in the cost 1s chosen as a 4x4 matriz with the element in

upper left corner equal to one and all other elements equal to zero, and \, is chosen as

0.001.
Table 3.1: Tuning Parameters and Performance
L T M A |¢ [deg] Ju] [Nm]
#1| 200 200 1500 107 29.0 19.3
#2| 2 7 90 107 27.1 19.2
#3 | 200 200 0.02 15000 22.1 18.0
#4| 2 7 0.002 15000 14.6 39.9

Figures and[3.9 show results for the scenarios given in Table[3.1. The top plot of
each figure shows the measured output ¢, the middle plot shows the measured output 6,
and the bottom plot shows the applied control input u* as well as the true disturbance d

that is the same for all four of the scenarios in Table[3.1. In this case, the disturbance
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18 impulsive which means that it is usually zero but occasionally becomes a fairly large

nonzero value as shown in the bottom plots of Figures and[3.3

1 O T T T T T T T T T ]

uw and d [Nm)]

11

Figure 3.1: Comparing results for longer horizons (red o’s) versus shorter horizons
(blue *’s) with weights given in rows #1 and #2 of Table

The control input computed using the shorter horizons is able to requlate the roll angle
¢ back to zero without as much oscillation as the control input computed using the longer
horizons. This is because a larger Mg is required with long horizons to satisfy the saddle-
point assumption while a smaller Ay can be used with short horizons. In this case, a
smaller \q results in a less conservative control input that better attenuates the large im-
pulsive disturbances. Therefore, it may be beneficial to use the finite-horizon MPC/MHE
approach over other standard infinite-horizon control techniques for particular types of

unconstrained linear-quadratic problems.

75



Existence of Saddle-Point Equilibria Chapter 3
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Figure 3.2: Comparing results for longer horizons (red o’s) versus shorter horizons
(blue *’s) with weights given in rows #3 and #4 of Table

3.5 Conclusions

In this chapter, we discussed the main assumption of our combined MPC/MHE ap-
proach that a saddle-point solution exists for the min-max optimization problem formu-
lated in Chapter [2| First we gave conditions for the existence of a saddle-point solution
when considering a general discrete-time nonlinear system and a general cost function.
Next we specialized those results for DLTI systems and quadratic cost functions. For
this case, we showed that observability of the linear system and large weights Ay and A,
in the cost function are sufficient conditions for a saddle-point solution to exist.

In a numerical example of a linearized riderless bicycle system subjected to impulsive
disturbances, we showed results for four different scenarios. We first considered cost

function weights that satisfy the derived sufficient conditions for a saddle-point solution
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and then considered cost function weights that still result in a saddle-point, but do not
satisfy the sufficient conditions, and result in better performance. For each choice of cost
function weights, we considered long and short horizon lengths. The results showed that
it is straightforward to satisfy the sufficient conditions for the existence of a saddle-point
solution and illustrated the importance of carefully choosing tuning parameters in order
to achieve desirable performance.

Future work may involve relaxing the requirement of a saddle-point solution to that
of being e-close to a saddle-point solution. This could be related to results for e-Nash

equilibria.

7



Chapter 4

Numerical Optimization

In this chapter, we discuss numerical optimization methods for solving the min-max
optimization problem formulated in Chapter 2] Specifically, we develop new primal-dual
interior-point algorithms that can be used to compute the saddle-point equilibrium that
needs to be solved for online at each sampling time. These algorithms rely on the use of
Newton’s method to solve a relaxed version of the Karush-Kuhn-Tucker (KKT) conditions
associated with the coupled optimizations that define the saddle-point equilibrium. As
in classical primal-dual methods, we replace the equality to zero of the complementary
slackness conditions by equality to a positive constant y that we force to converge to zero
as the Newton iterations progress. In practice, the algorithms will stop with a positive
value for p, but we show that this still leads to an e-saddle-point, where € can be explicitly
computed and made arbitrarily small through the selection of an appropriate stopping
criterion.

The optimization algorithms proposed here are heavily inspired by primal-dual interior-
point methods [I1I] that have been very successful in solving convex optimizations [14].
The use of interior-point algorithms to solve MPC problems is discussed in [91], and

additional early work on efficient numerical methods for solving MPC problems can be
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found in [12, 1T], TT0]. An overview of the numerical methods available for solving the
optimization problems that arise in nonlinear MPC and MHE is given by [29], whereas
the more recent work [109] is focused on the development of fast dedicated solvers for
MPC problems. In [80], the authors specifically consider numerical methods for solving
min-max MPC as a quadratic program, and robust dynamic programming for min-max
MPC of constrained uncertain systems is considered in [28]. Finally, the methods that are
described in Sections [4.3] and are directly inspired by the primal-dual interior-point

method for a single optimization described in [107].

4.1 Review of Chapter

To keep this chapter self-contained, we recall some details about the problem formu-
lation from Chapter [2|

We consider time-varying nonlinear discrete-time processes of the form

Top1 = [e(we, ug, dy), Ye = ge(x1) + 1y, Vt € Zxo (4.1)

At each time t € Z-, our objective is to compute the control u; so as to minimize
a desired criterion Jy(x¢_r, Us—r.4s7-1, di— L4471, Yi—1+) Which depends on the unknown
initial state x;_; € X and a finite number of past inputs u;_r.,_ 1, past output mea-
surements ¥y, ., future control inputs u;;,7_1 constrained to belong to the set U, and
past and future disturbances d;_r.;,7_1 constrained to belong to the set D. Since we do
not know the value of the variables x;_; and d;_;...7_1, we also optimize this criterion

under worst-case assumptions on these variables, leading to the following finite horizon
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min-max optimization

. mn . max Ji (xth|ta Up—L:t—15 Ut +T—1]t5 dth:t+T71|t7 yt—L:t)- (4~2)
Upprr—1)e€U Ty p|t€X,

dir:4+7-11t€D

which is subject to the process dynamics (4.1)). At each time ¢, we use as the control

input the first element of the sequence

a;k:t—&-T—l\t = {aata a:ﬁk+l|t7 a:ﬁk+2|t7 = '/&;fk-&-T—l\t} e
that minimizes (4.2)), leading to the following control law:

For the theoretical results given in Chapter [2|for this combined estimation and control

approach, we require the following assumption:

Assumption 6 (Saddle-point [Assumption 2, Chapter ) The min-max optimiza-
tion always has a saddle-point solution for which the min and max commute. Specif-
ically, for every time t € Z=q, past control input sequence u;_r4_1 € U, and past mea-
sured output sequence y,_r4 € Y, there exists a finite scalar JI € R, an wnitial condition
jr—LIt e X, and sequences f‘;t+T—1\t elU, Cz;tk—L:t—i-T—Ht € D such that

Ji = Jt@:—ut’ Ut—L:t—1, ﬂ;‘it+T—1|t7 CZ:—L:t-&-T—l\ta Yi—L:t)

A~ A~k 7
= max Ji(Ze—pjts We—Lt—1, Uy —1ps e Let+ 711t Ye—L:t) (4.4a)
Ty—L|tEX,

dy_r.ty7-11t€ED

A

: o ~ *
= min Jt(xt_L\ty Ut—Lit—15 Ut:t4+T—1|t) dt_L;t+T_1|t, yt—L:t)- (4-4b)
Ug.t+T—1EU

80



Numerical Optimization Chapter 4

[

The remainder of this chapter discusses numerical approaches for computing a saddle-

point solution to the min-max optimization (4.2]).

4.2 Computation of Control by Solving a Pair of
Coupled Optimizations

To implement the control law (4.3) we need to find the control sequence i}, Ty € U
that achieves the outer minimization in (4.2). In view of Assumption [0 the desired
control sequence must be part of the saddle-point defined by (4.4a)—(4.4b)). From the

perspective of numerically computing this saddle-point, it is more convenient to use the

following equivalent characterization of the saddle-point:

* : A ~ % 7
—J, (uth:tflayth:t> = mHEIX _Jt<37t—L|t7Uth:tflyut;t+T71|tadt—L:t+T—1|t7yth:t)
Tt L|tEX,

di—r:4y7-11t€D

(4.5a)
* . o ~ 7%
Jt (Uth:tfh yth:t) = min Jt(-Tt_Lh:a Ut—L:t—15 Ut:t+T—1]t» dt—L:t-i—T—l\tayth:t) (4-5b)
gy —116€EU
where we introduce the “—” sign in (4.5a) simply to obtain two minimizations, instead

of a maximization and one minimization, which will somewhat simplify the presentation.
Since the process dynamics (4.1]) has a unique solution for any given initial condition,
control input, and unmeasured disturbance, the coupled optimizations in (4.5)) can be

re-written as

* .
— (W1, Ye—rt) = min .
(di—Lit+T—1165T¢— Lot 7|6 ED[Ut— L1t 1,05 L p_q]
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t+T—1 R t t+T—1 R
- Z Cs(js; 7:5:7 ds) - QtJrT(ftJrT) + Z Ms (ys - gs(a_js» + 2 ps( S)? (46&)
s=t s=t—L s=t—L
Jt*(ut—L:t—byt—L:t) = min o
(Uptr 1|6 @ e prees ) EUET LA pyp ]
t+T—1 t t+T—1 R
D (@t d2) + qr(Er) Z ns(ys = 95(%5)) = D, poldi)  (4.6b)
s=t s=t—L s=t—L

where

Dl rip—1, Ufyypq] = {(iﬁ—L:t—s—T—l\t;jt—L:t-&-T\t) :

CZt—L:t+T—1|t €D, Ty_rii1it € X,

Top1 = [o(Tos s, dy), Vs € {t — L, .t — 1},

Ty = fo(@s, 0%, dy), Vs € {t, ot + T — 1}} (4.72)
a[leu A;LL:HTA] = {(ﬁt:t+T—1\t,ft—L+1:t+T\t) :

Uppyr—1t €U, Ty_py1441) € X,

Feorer = fror(TFp wr, di_p),

Fopr = fo(To ug, d¥),¥s € {t = L+ 1,....t — 1},

Forr = fo(s, s, d¥), Vs € {t,...,t+T—1}}. (4.7b)

To obtain the optimizations in (4.6)), we introduce the values of the state from time
t— L + 1 to time t + T, that are constrained by the system dynamics, as additional
optimization variables in each of the optimizations in . While this introduces ad-
ditional optimization variables, it avoids the need to explicitly evaluate the solution
o(t;t — Lywy—p,us—r4-1,di—r4—1) that appears in the original optimizations and
that can be numerically poorly conditioned, e.g., for systems with unstable dynamics.

While the numerical method discussed in the next section can be used to solve either
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(4.5) or (4.6), we prefer the latter because it generally leads to simpler optimization

problems. Therefore we focus our discussion on that approach.

4.3 Interior-Point Method for Minimax Problems

The coupled optimizations in (4.5)) or (4.6) can be viewed as a special case of the
following more general problem: Find a pair (u*, d*) € U[d*] x D[u*] that simultaneously

solves the two coupled optimizations

flu?,d%) = min f(u,d"), (4.8a)
g(u',d") = min g(u,d), (4.8b)
with
Uld] = {ue RY : F,(u,d) = 0, Gy(u,d) = 0}, (4.92)
Dlu] = {d e RM : Fy(u,d) = 0, Ga(u,d) = 0}, (4.9b)

for given functions f : RM x RV e R, g : RV x RM e R, F, : RV x RMe — RMu,
Fy: RN« x RNe — RMa G, RN« x RNe — REw Gy : RNV« x RNe — RE¢. To map
to (4.8), one would associate the vectors u € RM and d € RN in with the
sequences in the sets D[-] and U[-] in ([£.7). In this case, the equality constraints in
would typically correspond to the system dynamics, and the inequality constraints in

(4.9) would enforce that the state, control, and disturbance signals belong, respectively,

to the sets X', U, and D.

Remark 8 The optimization in (4.8) is more general than the one in (4.6)) in that the

function being minimized in (4.6al) is the symmetric of the function being minimized
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in (4.6b)), whereas in (4.8), f and g need not be the symmetric of each other. While
this generalization does not appear to be particularly useful for our output-feedback MPC
application, all the results that follow do apply to general functions f and g and can be

useful for other applications. [

The following duality-like result provides the motivation for a primal-dual-like method
to solve the coupled minimizations in (4.8]). It provides a set of conditions, involving an

unconstrained optimization, that provide an approximation to the solution of (4.8)).

Lemma 3 (Approximate equilibrium) Suppose that we have found primal variables
@ e R¥,d e RV and dual variables \p, € RM Ay € RMa, pp, € R Dy € R4 that

simultaneously satisfy all of the following Conditionﬂ

Gu(a,d) =0,  Gq(i,d) =0, (4.10a)
A0, Ag=0, Fo(a,d) =0, Fy(i,d) >0, (4.10D)
Lf(ﬁ, Ci, 5\fu, ﬁfu) = mi}{rl Lf(u, Ci, S\fm ﬁfu),
uel (4.10¢)
Lg(’&, d, )\gd; ﬁgd) = min Lg(ﬁ,, d, /\gd; ﬁgd)
deRNd

where, for all u, d, \, and v,

Ly(u, d, Aju, Vpu) = f(u,d) = Ny, Fu(u, d) + V5, Gy(u,d),

Lg(u, d, Aga, Vga) = g(u,d) — XpgFa(u, d) + v,,Ga(u,d).
Then (i, d) approzimately satisfy (£.8) in the sense that

fla,d) < ey + min f(u,d), (4.11a)
ueld[d]

IGiven a vector z € R™ and a scalar a € R, we denote by z=a the proposition that every entry of
is greater than or equal to a.

84



Numerical Optimization Chapter 4

1 d) < o '
g(i,d) < €5+ in g(t, d), (4.11b)

with
e = ApuFu(it, d), €g = AgaFy(i, d). (4.12)
]

Proof of Lemmal[3. The proof is a direct consequence of the following sequence of in-

equalities that start from the equalities in (4.10c|) and use the conditions (4.10al)-(4.10b)),
and the definitions (4.12)) to arrive at (4.11)):

fa,d) — ef = Ly(tt,d, Apu, Dp) — 74, Gl d)

= uxg}g]{}u Lf(U, d, /\fu, l/fu)
— urerg}u flu,d) = Ny Fu(u, d) + 75,Gu(u, d)
< max min fu,d) — N Fulu,d) + V)Gl d)
)\fHZO, ueRNu
Uiy
< max min f(u,d) — e Fulu, d) + Vi Gu(u, d)
A0 =0, ueld[d]
Vfu

A

= min f(u,d),

ueld[d)]
g(i,d) — €y = Ly(ti, d, Agg, Pga) — v ,Ga(, d)

= min L,(t, d, Agg, Pga)

deRNd
= min g(ii, d) — Ny, Fa(it, d) + 7,Ga(it, d)
deRNd

< max min g(@, d) — A, Fu(t, d) + v, Ga(t, d)
Aga=>0, deRNd
ng
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< ma i i,d) — N Fy(a,d) + v Gy(i, d
gégﬁdg& g(t, d) — N,y Fa(t, d) + v,,Ga(t, d)
ng

4.3.1 Interior-point primal-dual equilibria algorithm

The proposed method consists of using Newton iterations to solve a system of non-
linear equations on the primal variables u € RN“,CZ e R™ and dual variables S\fu €
RMe Nyq € RMi € REw i,y € RE¢ introduced in Lemma . Throughout this section,
we ask that Ly and L, are continuously differentiable with respect to v and d, respectively

(see Remark [0 below). The specific system of equations consists of:

1. the first-order optimality conditions for the unconstrained minimizations in E|:

VuLf(?l, CZ, j\fm I?fu) = ONu; (413&)
vdLg(IAI/, CZ, j\gd, ﬁgd) = ONd; (413b)

2. the equality conditions (4.10al); and

3. the equations’

Fo(ti,d) © Apy = plag,, (4.14a)

Fd(ft, (j) ® j\gd = /LlMd, (414b)

2Given an integer M, we denote by 0, and by 1,; the M-vectors with all entries equal to 0 and 1,
respectively.

3Given two vectors x,y € R™ we denote by 2 ©®y € R™ and by @y € R" the entry-wise product and
division of the two vectors, respectively.
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for some p > 0, which leads to

er = Mypu, €g = M.

Since our goal is to find primal variables 1, d for which holds with € = ¢, = 0,
we shall make the variable 1 converge to zero as the Newton iterations progress. This is
done in the context of an interior-point method, meaning that all variables are initialized
so that the inequality constraints hold, and the progression along the Newton
direction at each iteration is selected so that these constraints are never violated.

The specific steps of the algorithm that follows are based on the primal-dual interior-
point method for a single optimization, as described in [107]. To describe this algorithm,

we define

which allows us to re-write (4.13)), (4.10a)), and (4.14)) as

VuLs(z,A\,v) =0n,, VaLy(z,\,v)=0px,, (4.15a)
G(Z) = OKu+Kd> )\@F(Z) = /’1/1Mu+Md7 (415b)

and (4.10bf) as
A = OMquMda F(Z) = OMquMd' (4150)
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Primal-dual optimization algorithm:

Step 1. Start with estimates 2o, Ag, o that satisfy the inequalities Ao = Opz, 1ar,, F'(20) =

Ons, 0z, in (4.15d)), and set 10 = 1 and k = 0. It is often a good idea to start with estimates

that also satisfy the equality constraint G(z9) = Ox,+x,, and Ao = polas,+ar, @ F(20),

which guarantees that we initially have A\g © F'(20) = polas,+1,-

Step 2. Linearize the equations in (4.15a]) around a current estimate zg, A, vx, and py

leading to

vdZLg(Z]m /\k‘u Vk:)

vdl/-[/g<zk7 >\k‘7 Vk)

diag(Ae) V. F'(2) 0

VL (2, Mes k) VL (25, Moy i) VL (25, Ak, Vi)

Az
VarLg (2, Ak, vi)
Av
0
A\
diag[F'(z1)]

VoL (ks Ay Vi)

B VaLy(2ks Ay Vi) (4.16)

G(2)

_F(Zk) @ )\k — ,ukl_

Since the vectors F'(z;) and Ay have positive entries, we can solve this system of equations

by first eliminating

diag(A\p) V. F(zr) Az + diag[F(zx) |JAN = —=F(2) © A + uxgl - <

AN = _)\k — diag[)\k %) F(Zk)]sz(Zk)Az + ,ukl @ F(Zk)

which leads to

(4.17a)
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VaurL(zky My k) Vaw L(2k) AL VoL (2, Ay Vi) + Var L (zi) AX
VazLy(zk, Moy i) VaLg(2) ) = — | VaLg(zk, Ak, vi) + VaaLg(zi) AX
V.G (z) 0 G(zr)
(4.17b)

Step 3. For additional computational efficiency, find an affine scaling direction [ Az, av, ax, ]’

by solving (4.17)) for u; = 0:

AN, = =\, — diag[ A\, @ F(z) |V F(zk) Azg,

VauzLy (2, A, vi)  Vaw Lg(2i) A VoL (2k; Ay Vi) + VarLg(26) AXg
Za
Va:Lg(2k, Mes k) VauLg(2k) A = = | VaLg(zk, A, V) + VarLg(zr) AN,
Va
V.G (z) 0 G(z)

Step 4. Select scalings so that the inequalities in (4.15c|) are not violated along the affine

scaling direction:

— : a a
Qg = mln{aprimal? adual}ﬂ

where

as = max {a € [0,1] : F(z, + alz,) = 0},

primal ;

% = max {a € [0,1] : Ap + @AN, = 0}.
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Define the following estimate for the “quality” of the affine scaling direction

(F(zk + agAz,) © (A, + aaA)\a)>5
0= ,

F(z) © g
where 0 is a parameter typically selected equal to 2 or 3. Note that the numerator
F(zr + aaAzy) © (A + agAN,) is the value one would obtain for F'(z) ©® A by moving
purely along the affine scaling directions. A small value for ¢ thus indicates that a

significant reduction in py is possible.

Step 5. Find the search direction [ Az, av, ax,] by solving ([.16)) for ju, = & Pz )%’“

VaueLp(26, M, Vi) VawLp(ze)  VaaLg(zi) A
Zs
deLg(Zka ks Vk) VduLg(Zk) Vd/\Lg(Zk) A
Vs
A
diag(Ax) V. F(zp) 0 diag[ F'(z)]

VoL (2, My Vi)
VaLy(zks Ay Vi)
G(zr)
| F(2) © M + (V2 F(2)A%) © AN, — o 57T |

where the additional term (V,F(2;)Az,) © A, comes from a 2nd order expansion of the
left-hand side of the last equality in (4.15al) [65]. Since the vectors F'(z) and A\ have

positive entries, we can solve this system of equations by first eliminating

diag(Ak) V. F(zr)Azs + diag[F(z) | AN

F(2) © >\k:1

—F(Zk) ® /\k — (VZF(Zk)AZa) ® A)\a + o Mu n Md
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A/\S = _)\k — (VZF<Z;€)AZQ) ® A/\a @ F(Zk) — dlag[)\k @ F(Zk)]sz(Zk>AZS

— 1 F
O, + L, )
which leads to
VuLg(2k, ey i) Vo Lyp(2k) A VuLip (2, Ak, Vi) + VL (26) AN
Zs
Va:Lg(2k, Ak, Vi) VauLg(z1) A = = | VaLg(2k; Ak Vi) + VarLg(26) AN
Vs

Step 6. Update the estimates along the search direction so that the inequalities in (4.15c])

hold strictly:
Zpr1 = 2k + @Az, Ukl = Vg + aAvs, Akl = Ap + @A\
where a; == 0.99 X min{aprimal; Cdual}, and

Qlprimal = Nax {Oé € [O, 1] : F(Zk + OéAZS) = O},

Olqual = Max {a €[0,1]: A\p + aAXs = 0}.

Step 7. Repeat from Step [2l with an incremented value for k until

IVuLy (2, Ao, vie) | < €us [ VaLg(zi, Ay vi)|| < €a, (4.18a)
|GGl < €a, A © Fzk) < €gap, (4.18b)
for sufficiently small tolerances €,, €4, €G, €gap- O
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When the functions L; and L, that appear in the unconstrained minimizations in
have a single stationary point that corresponds to their global minimum, termi-
nation of the Algorithm m guarantees that the assumptions of Lemma 3| hold [up to
the tolerances in (4.18))], and we obtain the desired solution to (4.8)).

The desired uniqueness of the stationary point holds, e.g., when the function f(u,d)
is convex in u, g(u,d) is convex in d, F,(u,d) is concave in u, Fy(u,d) is concave in
d, and G,(u,d) is linear in u, and Gg(u,d) is linear in d. However, in practice the
Algorithm can find solutions to even when these convexity assumptions do not
hold. For problems for which one cannot be sure whether the Algorithm terminated
at a global minimum of the unconstrained problem, one may run several instances of the
algorithm with random initial conditions. Consistent results for the optimizations across

multiple initializations provides an indication that a global minimum has been found.

Remark 9 (Smoothness) Algom'thm requires all the functions f, g, Fy, Fy, Gy, Gq
to be twice differentiable for the computation of the matrices that appear in (4.16]). How-
ever, this does not preclude the use of this algorithm in many problems where these
functions are not differentiable because it is often possible to re-formulate non-smooth
optimizations into smooth ones by appropriate transformations that often introduce ad-
ditional optimization variables. Common examples of these transformations include the
minimization of criteria involving €, norms, such as the “non-differentiable ¢, optimiza-

tion”
min {|Anxnz = b, + -1z eR",...}
which 1s equivalent to the following constrained smooth optimization

min {v'l, +--:zeR" veR", —v< Az —b<v,...};
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and the “non-differentiable {5 optimization”
min {|Anxnz — b, + -1z e R}
which 1s equivalent to
min{v+---:zeR"v>0,0" > (Ar —b)'(Az —b),... }.

More examples of such transformations can be found, e.g., in [41, (81, (35, (55, [306]. O

4.4 Interior-Point Method for Minimax Problems with
Common Latent Variables

In this section, we develop an algorithm very similar to Algorithm that takes
advantage of the fact that the equality constraints in , ensuring that the dynamics
are satisfied, are repeated for both the minimizer and the maximizer. More gen-
erally, we consider the case where the minimization and the maximization in minimax
problems both contain common optimization variables that can instead be incorporated
as latent variables.

Like in Section [4.3] our goal is to find a pair (u*,d*) € U[d*] x D[u*] that simultane-
ously solves two coupled optimizations

fu*,d*) = min f(u,d*), g(u*,d*) = min g(u*,d), (4.19)
ueld[d*] deD[u*]
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with

Uld] = {ue R : F,(u,d) =0, G,(u,d) =0}, (4.20a)

Dlu] = {d e RN : Fy(u,d) =0, G4(u,d) = 0}, (4.20b)

for given functions f : RM x RV e R, g : RV x RM e R, F, : RV x RNa — RMu,
Fy: RN x RNa — RMa G, : RNe x RV — RE« G, RN x RV — REe. However, we
are now interested in cases where these functions can be expressed in terms of common

latent variables. Specifically, these functions can be expressed as

f(uvd) = f(u7 d,X(u,d)), g(“? d) = g(u,d,x(u,d)),
F,(u,d) = F, (u,d,x(u,d)), Gu(u,d) = Gu(u,d,x(u,d)),
))

Fd(uad) = Fd(uad7X(u>d ) éd(“’? d) = Gd(U,d,X(U,d)),

Vu € RN d e RN, for a function x : RN x RY — R whose value x(u,d) is defined

implicitly by a function H : RN« x RV x RMs — R%= and an equation of the form
H(u,d,z) = 0. (4.21)

The function H is assumed to be such that (4.21)) has a unique solution z for every
u e RN+, d e RNa. Corollary 4] (a corollary of Lemmal3)) given below is useful in situations

where it is difficult (or impossible) to find an explicit form for x.

4.4.1 Primal-dual method

The following duality-like result provides the motivation for a primal-dual-like method

to solve the coupled minimizations in (4.19)). It provides a set of conditions, involving two
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unconstrained optimizations, that provide an approximation to the solution of (4.19)). It
improves upon a direct application of Lemma 3| to (4.19)), in that the implictely defined

function y does not appear in the conditions.

Corollary 4 (Approximate equilibrium) Consider the coupled optimizations in (4.19))
and assume that for every u € RN« d e RNe, the equation has a unique solution
x. Suppose that we have found primal variables u € RN d € RVe 3 € RN gnd dual
variables 0y, € R¥v Dy, € REx Dy € RR4 . € RE= that simultaneously satisfy all of the

following conditions

Gu(t,d,3) =0,  Ga(i,d &) =0,  H(adz) =0, (4.22a)
A>0,  A=0,  F,(a,d,2) =0,  Fy(a,d,2) >0, (4.22Db)
Lp(tt,dy &, A pu, Dpu, Vpa) = min Ly (uy d, 2, A fu, Dfus Usa), (4.22¢)
ueRNu |
meeRNx
Ly(ti,d, 2, Mga, Vgay Vga) = min Ly(@, d, T, Aga, Vga, Vga) (4.22d)
deRNa,
zeRNe

where

Ly(u, d,x, Apu, Viu, Vie) = flu,d,x) — Np Fu(u, d, z) + vy, Gy(u,d, x) + vy, H(u, d, x),

Lg(u,d, x, \ga, Vga, Vgee) = g(u, d, x) = N,y Fy(u, d, v) + v,,Ga(u,d, x) + v, H(u,d, ).
Then (1, cf) approximately satisfy (4.19) in the sense that

fla,d) < e; + min f(u,d), g(i,d) < e, + min g(a,d), (4.23)
ueld[d] deDl4]
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with
e = Ny (it d, 2), €g = NogFu(a, d, ©). O

Note that while Corollary [4] utilizes a single primal (latent) variable Z, it requires two

dual variables Dy, Uy, € R¥= associated with the equality constraint H (4, d, z) = 0.

Proof of Corollary[{] Since the equation in (4.21]) has a unique solution z, the optimiza-
tions in (4.19)), can be re-written as

u*,d*) = min u,d*, x), g(u*,d*) = min u*,d, z), 4.24
f'd?) = min S ) glu',d”) =  min 9 ) (4.24)

with

U[d] = {(u, ) e RN x RN : F,(u,d,z) = 0, Gyu(u,d, ) =0, H(u,d,x) =0}, (4.25)

Dlu] = {(d, z) e RN x RN : Fy(u,d, z) =0, Gy(u,d,z) =0, H(u,d,z) =0}, (4.26)

which is again of the form considered in Section [4.3] but for optimization variables (u, z)

and (d, z) in higher dimensional spaces.

Applying Lemma [3| to the new formulation in (4.24]), we conclude that if we find primal
variables i € RN,z € RY,d € RN 2 € RN+ and dual variables As, € RMe )\ )y € RMa,
Ufy € RE«, Upg € RE=, Vgd € REa, Vgy € R&= that simultaneously satisfy all of the following

conditions
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Lf(A,i'7CZ,2,;\fu,ﬁfu,ﬁfx)= Iﬂl]\Ifl Lf(U,{L‘,CZ,ZA’,/A\fu,ﬁfu,ﬁfz), (427C)
R u
ZERNI

Ly(t,2,d, 2, Agas Dgay Vge) = min  Ly(@i, 2, d, 2, \ga, Dgas Uga) (4.27d)

deRNd zeRNw

where

Ly(u, @, d, 2, Nju, Vyus Vi) = f(u,d, ) = Ny Fy(u, d, x) + V5, Gu(u, d, ) + v, H(u,d, x),

Lg(u,x,d, 2, \ga, Vga, Vga) = g(u,d, 2) = N,y Fu(u, d, 2) + v,,Ga(u,d, 2) + v, H(u,d, 2);

then

f(ﬁ,a?) = f(ﬁ,a?,i") <€+ min f(u,a?,:v) = €/ + min f(u,(f),

(u,x)eU[d] ueld[d]

g d) = g0, d,2) <+ min glind,) = e+ min gl d

gli,d) = g(i,d, 2) < & + min  g(i,d, ) 6g+dr€rg£]g(u )
with

€5 = Ny, Fulil, d, &), €g = ApgFu(tt,d, 2).

The result follows from this, together with the observation that & = 2 because the

equations H(a,d,#) = 0 and H(d,d,2) = 0 in (4.27a) must have exactly the same

solution Z = 2. ]

4.4.2 Interior-point primal-dual equilibria algorithm

As before, this new proposed method consists of using Newton iterations to solve a
system of nonlinear equations on the primal variables 4 € RV, d € RV, 3 € RV and dual

variables A, € RMe )\ ;e RMa Dy, € R« Dy e REe Dy e RE= p, € RE= introduced in
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Corollary @] The specific system of equations consists of:

1. the first-order optimality conditions for the unconstrained minimizations in (4.22c|)—

@22d):

2. the equality conditions (4.22a)); and

3. the equations

Fu(ft,cz,f)Qj\fu = /~L1Mu7 Fd(ﬂ,CZ, i‘)@j\gd = M]-Md, (429)
for some p > 0, which leads to
er = Mypu, €g = M.

Since our goal is to find primal variables 1, d, z for which holds with e; = ¢, = 0,
we shall make the variable p converge to zero as the Newton iterations progress. This is
done in the context of an interior-point method, meaning that all variables are initialized
so that the inequality constraints hold and the progression along the Newton

direction at each iteration are selected so that these constraints are never violated.

The specific steps of the algorithm that follows are also inspired by the primal-dual

interior-point method for a single optimization, as described in [107]. To describe this
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algorithm, we define
ﬁfu ~
U . G.(u,d, T) .
~ >\fu ﬁfx ~ Fu(ﬂ, d)
z=ld|, A=|_ |, v= , G(2) = | Gy(a,d,z) |, F(2) NE
>\gd lA/gd ~ Fd<a7 d)
x H(u,d, 1)
which allows us to re-write (4.28)), (4.22a)), and (4.29)) as
VuLs(z,\,v) =0p,, V.Li(z, A\, v) =0y, (4.30a)
VdLg(z, )\, I/) = ONd’ Vng(Z, )\, I/) = ONI, (430b)
G(2) = Ok, 4+ Ko+ Ko AO F(z) = plar,+my, (4.30c)
and (4.22b) as
A = 0Mu+Md7 F(Z) = 0Mu+Md' (430d)

Primal-dual optimization algorithm with common latent variables:

Step 1. Start with estimates zg, Ao, 1o that satisfy the inequalities Ao = Opz, 101, F'(20) =

Ons,+a, in (4.30d), and set po = 1 and k£ = 0. It is often a good idea to start with a value

for z that satisfies the equality constraint G(z9) = O, +rx,+k,, and Ao = polan+m, @

F(zp), which guarantees that we initially have A\ © F'(uo) = polas, +a1,-

Step 2. Linearize the equations in (4.30al)—(4.30c) around a current estimate zy, \g, Vg,

99



Numerical Optimization Chapter 4

and py leading to

Ve Lg(26s Moy Vi)V Lg(2) VurLs(z) VoL (2, Mgy Vi)
Var L (2, Ay k) Vi Lg(2i) VarLg(z) AL VaL(zk, Mgy Vi)
Va:Lg(zk, Moy k) VauLg(2k) VarLg(2k) Al - VaLg(2ks Ay Vi)
VaeLg(2k, Aoy Vi) Vi Lg(2k) VarLg(2k) A Ly (2, My Vi)
V.G(z) 0 0 G(zr)
I V.F(z) 0 diag[F'(z) © )\k]_ _F(zk) — 1@ )\k_

Since the vectors F'(z;) and A\ have positive entries, we can solve this system of equations

by first eliminating

V.F(zp)Az + diag[F(zx) Q M ]AXN = —F(z) + il Ny <=

AN = _)\k — dlag[)\k (%) F(zk)]VZF(zk)Az + ,Ltk]_ (%) F(Zk)

which leads to

_Vusz(zk, Ay V) VWLf(zk)_ _V wL(Zhy Ay ) + Vu)\Lf(zk)A)\_
Ve L (2, A, k) Vi Lp(2i) AL VaLg(2k, Moy Vi) + VarLp(z) AN
VazLg(zk, My k) VaLg(21) A = — | VaLy(zk, Moy Vi) + VarLg(zx) AN
VarLg(2ky Moy Vi) Vi Lg(2k) Ly (2, Moy Vi) + VaaLg(zi) AN

| V.G(z) 0 | G(z) |

We omit the remaining steps as they are identical to those in Algorithm |4.3.1} Simi-
larly, the discussions regarding finding a global solution and considering non-differentiable

functions that follow Algorithm also apply here. Algorithm works very well

in practice, and it is used for solving all of the numerical examples in this thesis.
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4.5 Conclusions and Future Work

In this chapter we presented two primal-dual interior-point algorithms that can be
used to solve min-max optimization problems by solving two coupled optimizations. The
first algorithm includes values of the state as optimization variables so as to not require
the solution of the potentially poorly conditioned nonlinear dynamics and can be
used to solve general nonlinear min-max optimization problems. The second algorithm
utilizes latent variables that are present in both of the coupled optimizations in order
to reduce the total number of optimization variables and solve min-max problems with
common latent variables more efficiently. This second algorithm is particularly useful
when considering min-max problems as formulated in Chapter [2[ as the state variables

can be included as latent variables.

Future work may involve a convergence analysis of Algorithms [4.3.1] and [4.4.2] The

development of similar algorithms to solve these types of optimization problems and
trade offs between methods should be investigated. For example, a Barrier interior-point
algorithm could be developed which may be more robust than the primal-dual algorithm

for non-convex poorly conditioned problems.
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Chapter 5

Adaptation and Learning

This chapter considers the estimation and control of systems with parametric uncertainty.
An approach that combines moving horizon estimation and model predictive control into
a single min-max optimization is employed to estimate past and current values of the
state, compute a sequence of optimal future control inputs, predict future values of the
state, as well as estimate current values of uncertain parameters. This is done by includ-
ing the state, inputs, and uncertain parameters as optimization variables. Learning the
true values of the uncertain parameters requires a sufficiently large number of past mea-
surements and that the system is persistently excited. The true values of the uncertain
parameters may change over time, and the optimization computes future control inputs
that adapt to changing estimates of the uncertain parameters in order to better control
the uncertain system. Several linear and nonlinear examples with parametric uncertainty
are discussed and effectively controlled using this combined moving horizon estimation
and model predictive control approach. Some of the content in this chapter comes from

23].
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5.1 Introduction

Having an accurate model of a system to be controlled is often vital for effective con-
trol of that system. This is certainly true for a model predictive control (MPC) approach
in which a finite-horizon online optimization problem is solved in order to determine an
optimal control input given the system’s dynamics and a desired control objective [95].
However, in most practical applications, there are unknown parameters in the model of
a system or, at least, uncertain parameters that are known only to be within some set
of values. These uncertainties may include uncertain model parameters, input distur-
bances, and measurement noise. Because of this, much work on MPC approaches have
involved investigating robustness to model parameter uncertainty, input disturbances,
and measurement noise. This work is known as robust MPC [9, [67] which also includes
worst-case, or min-max MPC [5§].

An attractive, and perhaps less conservative, approach to controlling systems with
parameter uncertainties is to update the model of the system with new estimates of
the parameters as they become available, which is the underlying idea behind indirect
adaptive control (see, e.g. [51] [5]). Very little work has been done on adaptive MPC,
but there are a few proposed approaches. The authors of [73] propose an adaptive MPC
scheme that uses a standard estimator and certainty equivalence to update the model
with the current estimates of the parameters. The authors of [2] investigate nonlinear
systems that are affine with respect to unknown parameters and perform adaptive control
by combining a parameter adjustment mechanism with robust MPC algorithms such as
min-max MPC. A cost function is minimized with respect to feedback control policies and
maximized with respect to the unknown parameters so that the MPC approach is robust
to the worst-case values of the unknown parameters. For both of these approaches,

it is assumed that the full state is available for feedback. This is often the case for
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MPC approaches in order to alleviate issues that arise from uncertainties, noise, and
disturbances.

Unfortunately, in most practical applications, the full state is not known or necessarily
available for feedback. Because of this, output-feedback MPC should be considered, and
an independent algorithm for estimating the state is needed. A convenient estimation
algorithm for use with MPC is moving-horizon estimation (MHE). MHE can be used for
estimating the state of constrained nonlinear systems and similarly involves the solution
of a finite-horizon online optimization problem where a criterion based on a finite number
of past output measurements is minimized in order to find the best estimate of the state
[90,3]. It is straightforward to also incorporate parameter estimation into the formulation
of MHE, so the state and parameters can both be estimated using the same estimator
[96].

In [22, 25], a framework for solving the output-feedback MPC problem with MHE
is presented that solves both the control and estimation problems as a single min-max
optimization problem. This framework already incorporates input disturbances and mea-
surement noise. In this chapter, we further incorporate uncertain model parameters into
this framework and obtain parameter estimates by including the uncertain parameters
as optimization variables. In this way, we solve simultaneously the control problem and
the state and parameter estimation problems, resulting in effective control of uncertain
systems. Our approach can be likened to an indirect model reference adaptive control
approach as described in the adaptive control literature [511, 5] in that, at each time step,
new estimates of the uncertain parameters are computed and used to update the model
while a new sequence of future control inputs that minimize an objective criterion is also
simultaneously computed.

Because MPC and MHE involve the solution of an online optimization problem,

this approach lends itself to adapting to both constant and time-varying parameters
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because, at each time step, a new estimate is computed, and the model can be updated
accordingly. We show in examples that when the system is sufficiently excited, this MPC
with MHE approach is able to learn the true values of the uncertain parameters, but even
if the system is not sufficiently excited to learn the true values of the parameters, this
approach finds estimates that are consistent with the dynamics and often still enables
effective control and disturbance rejection.

The main assumption for this work is that a saddle-point solution exists for the
min-max optimization problem at each sampling time. This assumption presumes an
appropriate form of observability for the closed-loop system and is a common requirement
in game theoretical approaches to control design [6]. For controllability, we additionally
require that there exists a terminal cost that is an ISS-control Lyapunov function with
respect to a disturbance input, which is a common assumption in MPC [76].

The rest of the chapter is organized as follows. In Section we formulate the
adaptive MPC with MHE problem that we would like to solve. Stability results that can
be used to prove state boundedness and reference tracking are given in Section In
Section we discuss several linear and nonlinear systems with parameter uncertainty
and show that using our MPC with MHE scheme we are able to not only stabilize the
system, but also estimate the correct values of the uncertain parameters. Finally, we

provide some conclusions and directions for future work in Section [5.5]

5.2 Problem Formulation

In the formulation of standard MPC and MHE problems, a time-varying nonlinear

discrete-time process of the form

Tep1 = fi(we, g, dy), Yr = ge(we) + ng, Vt e Zzo (5.1)
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Figure 5.1: Block diagram of the process given in (5.2)).

is considered with state x; taking values in a set X < R™. The inputs to this system
are the control input u; that must be restricted to the set U < R™, the unmeasured
disturbance d; that is assumed to belong to the set D < R"4, and the measurement noise
n; € R™. The signal y; € R™ denotes the measured output that is available for feedback.

In this chapter, we investigate MPC and MHE of processes with uncertain model
parameters. These uncertain parameters are denoted by the vector # whose elements are
known to belong to the set © < R™. In this formulation, the process dynamics depend
explicitly on the uncertain parameter 6, so we redefine the process dynamics in (5.1)) to

include the uncertain parameters as

Ti41 = ft(ﬂfn 0, uy, dt)7 Yy = gt(ﬂfn 9) + Ny, Vit € Zxp. (5.2)

We assume that 6 is a constant parameter, i.e. 6 = 6, for all t € Z~(, but as will be

shown later, we are still able to adapt to and learn changing parameter values.

A block diagram depicting the process (5.2)) is shown in Figure
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5.2.1 Moving Horizon Estimation

In MHE, the current state of the system x; at time ¢ is estimated by solving a finite-
horizon online optimization problem using a finite number of past measurements [90]. If
we consider a finite horizon of L time steps, then the objective of the MHE problem is

to find an estimate of the current state x; so as to minimize a criterion of the form

~+

-1

D0 na(ys = gs(xa) + D) paldy), (5.3)

s=t—L s=t—L

given the system dynamics (5.1). The functions 7,(-) and p,(-) are assumed to take
non-negative values. This is similar to the MHE criterion considered in [90, 3].

If the system dynamics also include uncertain model parameters, as in (5.2)), the MHE
problem can be formulated so as to estimate both the current state x; and the uncertain

parameter 6. Then the MHE problem can be written as

t -1

min Z 1s (s —gs(i’s,é)) + Z ps(ds), (5.4)

B-reX, ST L
. st ot
di—r:t-1€D;

0e©

~+

where the initial state x;_ is constrained to belong to the set X', each element of the
input disturbance sequence d;_ ., 1 is assumed to belong to the set D, and the un-
certain parameter 6 is known to belong to the set ©. Throughout the chapter, given
two times ¢, and ?y with ¢; < ?2, we use the notation x4, to denote the time series
Ty Tp 41y« -+, Tra—1, Typ- An estimate of the current state is then determined from the
dynamics given the known past control inputs applied u;_r.,_1 and estimates of the
initial state z;_r, the input disturbance sequence thf -1, and the uncertain parameter

0. The optimization (5.4) is re-solved at each time ¢ in a receding horizon fashion.
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5.2.2 Model Predictive Control

In MPC, a sequence of future control inputs that achieve a desired control objective
is computed by solving a finite-horizon online optimization problem using an estimate of
the current state Z; and the system dynamics [95]. If we consider a finite-horizon of T
time steps, then the objective of the MPC problem is to find a sequence of future control

inputs w71 that minimizes a criterion of the form

t+T—-1

Z (Cs(x&usa dS) - ps(ds)) + Qt+T($t+T), (5.5)

s=t

given the system dynamics . The functions ¢(-), ps(+), and g7 () are all assumed
to take non-negative values. The negative sign in front of p;(-) penalizes the maximizer
for using large values of d;. The function g7 (z;17) is a terminal cost that penalizes
the “final” state x;,7 and is needed for proving stability (see Assumption @ below). The
criterion is similar to the closed-loop min-max MPC criterion considered in [70, 8§].

If the system dynamics also include uncertain model parameters, as in , the
MPC criterion (j5.5) can be reformulated in order to incorporate worst-case values of the

uncertain parameters 6, and the MPC problem can be written as

t+T—-1
Cmin o omax Y (eol@, e, do) = pa(dy)) + qrer(Tier), (5.6)
Upppr—1€U deesr-1€D, oy
0e©

where each element of the future control input sequence u;.; 71 is constrained to belong
to the set U, each element of the future disturbance sequence d;.; 71 is assumed to
belong to the set D, and the uncertain parameter 6 is known to belong to the set ©. In
order to overcome the conservativeness of open-loop control, at each time step ¢, the first
element @f of the future control input sequence 4y, _; that is the solution to is

applied to the system, and the optimization ([5.6) is solved again at each time step in a
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receding horizon fashion. This is similar to the adaptive MPC problem with exogenous

inputs considered in [27].

5.2.3 Adaptive MPC combined with MHE

Next we show how both the MPC problem (5.6) and MHE problem (5.4 can be
formulated and solved simultaneously as a single min-max optimization problem.
Taking the criterion ([5.5) and subtracting the criterion (5.3)) gives a criterion of the

form

t+T—1 t t+7T—-1
Jy = Z Cs(@s, Us, ds) + Gy (Teyr) — Z ns(ns) — Z ps(ds), (5.7)
s=t s=t—L s=t—L

which contains T' € Zs; terms of the running cost cy(xg,us,ds), which recede as the
current time t advances, L + 1 € Zx; terms of the measurement cost 7(ns), and L+ T €
Z>1 terms of the cost on the input disturbance ps(ds). Again, the function ¢, 7(z17)
acts as a terminal cost in order to penalize the “final” state at time ¢t +71". The functions
ci(4), qeer(c), m(+), and py(+) in are all assumed to take non-negative values. We use
finite-horizons into the past and into the future in order to decrease the computational
complexity of the optimization problem, and we use online optimization to generate
closed-loop solutions.

The control objective is to select the control signal u;, € U, Vt € Z~¢, so as to minimize
the criterion defined in under worst-case assumptions on the unknown system’s
initial condition x;_; € X', unmeasured disturbances d; € D, measurement noise n; € R"",
and uncertain parameter 6 € O, for all t € Z~, subject to the constraints imposed by the
system dynamics and the measurements 1;_r.; collected up to the current time ¢.

Because the objective is to optimize the criterion ([5.7)) at the current time ¢ in order to

compute control inputs u, for times s > t, there is no reason to penalize other irrelevant
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terms. For instance, the first summation in starts at time ¢ because there is no
reason to penalize the running cost cs(zs, us, ds) for past time instants s < ¢. There is
also no reason to consider the values of future measurement noise at times s > ¢ as they
will not affect choices made at time ¢. Thus, the second summation in ends at time
t. However, all values of the unmeasured disturbance ds for t — L < s <t + T — 1 need
to be considered because past values affect the (unknown) current state x;, and future
values affect the future values of the running cost.

Boundedness of ((5.7) by a constant v guarantees that

t+T—1 t t+T—1
Z CS(ZL‘S,US, ds) + Qt+T(xt+T) < Y + 2 775(”5) + 2 ps(ds) (58)
s=t s=t—L s=t—L

This shows that we can bound the running and final costs involving the future states

Tyer in terms of bounds on the noise and disturbance.

Remark 10 (Quadratic case) While the results presented here are general, it may be
easier to gain intuition on the results when considering a quadratic criterion for
such as ci(x, ug, dp) = ||xe|® + |Jue|?, ne(ne) = |ne|?, pe(dy) = |di|>. For this choice of the
criterion, boundedness of guarantees that the state x; and input u; are ly provided
that the disturbance d; and noise ny are also Uy [c.f. / O

With the objective of optimizing the criterion (5.7) at a given time ¢t € Zs( for the
future control inputs w471 and worst-case estimates of x;_r, d;_r4y7_1, and 6, the

combined adaptive MPC with MHE problem amounts to solving the following min-max

optimization
J = min max
Uy 47 —1€EU 2i_LEX,

tith:thAGD,
0e©
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t+T—1 t . t+7T—1 R
Z Cs(imam d ) + Qt+T $t+T Z ns gs xs; 9)) - Z ps(ds)u (59)
s=t s=t—L s=t—L

with the understanding that

fs(is,é,us,czs) fort— L <s<t,

Ts+1 =

fs(:%s,é,&s,a?s) fort<s<t+T.
We can view the optimization variables z;_;, aAlt_ Lit+T—1, and 0 as (worst-case) estimates
of the initial state, disturbances, and uncertain parameter, respectively, based on the
past inputs u;_r4_1 and outputs y,_r., available at time t.
Just as in the MPC problem, after solving this optimization problem at each time ¢,

we use as the control input the first element of the sequence

gy oy = {05, Uy, Wiy Upp g EU
that minimizes (5.9)), leading to the control law
w=ar, Vt=0. (5.10)

A depiction of an example solution to the combined finite-horizon control and estimation

problem is shown in Figure [5.2]

5.3 Stability Results

Next we discuss under what appropriate assumptions the control law (5.10) leads
to boundedness of the state of the closed-loop system resulting from the finite-horizon

optimization introduced in Section [5.2.3
111



Adaptation and Learning Chapter 5

A y(t-L)
s .@- -
.’.‘ : A
| y(t) X¥(t+T)
| ‘ ‘
1
| °
| . -
]
o S |
Uost-1 ! Uerie1 | !
| ' A |
, | U i1 X
- . A ' AT
o1 ! At | d*pema o
| -—F 7T R
J - 1 ! 1 : 1
To ot -7 1 ! - '
| . —»
t-L t t+T

Figure 5.2: Example solution to the combined finite-horizon control and estimation
problem. The elements from ¢ — L to t correspond to the MHE problem, and the
elements from ¢ to ¢ + 17" correspond to the MPC problem. The variables denoted
as * are optimization variables, the variables denoted as ~ are not relevant for the
optimization, and the other variables are known.

In order to implement the control law , the outer minimization in (5.9) must
lead to a finite value for the optimum. For the stability results in this section, we require
the existence of a finite-valued saddle-point solution to the min-max optimization in ([5.9)),
which is a common requirement in game theoretical approaches to control design [6]. The
following assumptions are the same as those in Chapter [2| just augmented to include the

unknown parameters 6.

Assumption 7 (Saddle-point) The min-max optimization (5.9)) always has a finite-
valued saddle-point solution for which the min and max commute. Specifically, for all

; * Eo 5k A>l<
t € Zxo, U—r:—1 €U, Yp_r, there exists JF e R, 27 e X, Uy, p €U, df ;. 7 €D,
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and 0* € © such that

J¥ = min max Jp = max min  J;, < o0.
t N N N N
Upp+T-1€U T EX, . #-LEX, Upp4T—1€U
dt—L:tj—T—1€D7 dt—L:tj—T—1€D7
0cO® 0cO©

[

Assumption [7| presumes an appropriate form of observability/detectability adapted to
the criterion Zz:tT_l cs(xs, ug, dg). In particular, it implies that the size of the current
state can be bounded using past outputs and past/future input disturbances, regardless
of the value of 6 € ©.

To ensure controllability and to establish state boundedness under the control
defined by the finite-horizon optimization (5.9)), we require additional assumptions re-

garding the dynamics and the terminal cost ¢(+).

Assumption 8 (Observability) There ezists a bounded set Npe < R™ such that, for
every time t € Zsq, every state ;.. € X, every uncertain parameter g e O, and every
disturbance and noise sequence, th_L;t € D and ny_r4 € N, that are compatible with the

applied control input ug, s € Z=q, and the measured output ys, s € Z=q, in the sense that

~ ~ ~

Tsp1 = fs(ii'me,umds)a Ys = gS(ime) + N, (5~11>

Vs e {t—L,t—L+1,...,t}, there exists a “predecessor” state estimate T, 1 € X,
disturbance estimate th_L_l € D, and noise estimate Ny_1—1 € Ny such that (5.11)) also

holds for time s =t — L — 1. ]

In essence, Assumption [8| requires the past horizon length L to be sufficiently large.
The discussion following Assumption [3|in Chapter [2]is also relevant as a further discussion

of this assumption.
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Assumption 9 (ISS-control Lyapunov function) The terminal cost ¢(-) is an ISS-
control Lyapunov function, in the sense that, for everyt € Z=qo, v € X, d € D, and 6§ € O,

there exists a control uw € U such that
qt+1(ft(x, 0, u, d)) — q(x) < —ci(z,u,d) + pi(d). (5.12)

O]

Assumption [J] plays the role of the common assumption in MPC that the terminal cost
must be a control Lyapunov function for the closed-loop [76]. Without the disturbance
dy, (5.12)) would imply that ¢(-) could be viewed as a control Lyapunov function that
decreases along system trajectories for an appropriate control input u, [101]. With the
disturbance d;, ¢;(+) should be viewed as an ISS-control Lyapunov function that satisfies
an ISS stability condition for the disturbance input d; and an appropriate control input
ug [61]. In the case of linear dynamics and a quadratic cost function, a terminal cost ¢(-)

can typically be found by solving a system of linear matrix inequalities.

5.3.1 State Boundedness

The following theorem provides a bound that can be used to prove boundedness of

the state when the control signal is computed by solving the finite-horizon optimization

69).

Theorem 5 (Finite horizon cost-to-go bound) Suppose that Assumptions@ @ and
@ hold. Along any trajectory of the closed-loop system defined by the process (5.2) and
the control law (5.10)), we have that

t—L—1 t—L—1

_L t t
(e, ug, di) < J7 (w01, Yo.r) + Z ps(ds) + ns(Mis) + Z ns(ns) + 2 ps(ds)
=t

S=

[e=)
w
Il
o
V)
Il
~+
|
~
vl
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VteZsoy, (5.13)

for appropriate sequences do.y_1,_1 € D, Nigy_ 1 € Npre. O

Proof. This result is an extension of Theorem [2 presented in Chapter [2l If the state is
augmented such that z, = [x, 0], and the process is defined as Z,,1 = [fi(Zs, us, d;) 0],
then the same proof used for Theorem [2| in Chapter [2| can be applied here using Z; in

place of x;. ]

The discussion after Theorem [2| presented in Chapter [2| regarding state boundedness,

practical stability, and reference tracking can be applied here as well.

5.4 Simulation Study

In this section we consider several examples of systems with parametric uncertainty
and present closed-loop simulations using the control approach described in Section [5.2]

For all of the following examples, we use a cost function of the form

t+T—-1 t+T—-1 t+T—1
= D Ihs(@)3+ X Z sl — An Z Insl3 = Xa D (sl (5.14)
s=t s=t—L s=t—L

where hg(z,) is a function of the state z; that is especially relevant for the example under
consideration, and \,, A,, and \; are positive weighting constants.

Given the optimization criterion , the following examples involve optimizing this
criterion with respect to the future control inputs us.;,7_1 under worst-case assumptions

on xy_r, di_r4y7_1, and € by solving the following min-max optimization problem:

~ min ‘max  J;. (5.15)
Upprr—16U L EX,
dt— L4471,
0O
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The first time this optimization is solved, guesses for the initial values of the uncertain
parameter 0, initial state x;_r, past control inputs u;_r.,—1 and input disturbances d;_r.;_1
need to be made. Then values for the past states z;_r,1., that are consistent with the
dynamics are picked. These states can be used to determine the output measurements
Yi—Lt, and then the optimization can be solved for the first time. At subsequent
times, all of the variables from the solution of at the previous time step (after
moving away from the constraints) can be used as a “warm start” for solving at
the current time step. In order to solve the optimization , the primal-dual-like

interior-point method described in Chapter [ can again be used.

Example 4 (Linear System - uncertain gain and poles) Consider a discrete-time

linear system described by the transfer function

b
G(z) = oG —p) (5.16)

where p = [p1 p2]" denotes the uncertain pole locations py and py that are assumed to
belong to the set P == {p e R? : 0 < p; < 2,1 = 1,2}, so they may be stable or unstable.
The parameter b is an uncertain gain assumed to belong in the interval B == {beR:1 <
b < 5}.

The transfer function can be rewritten in state space controllable canonical

form as

p1+ P2 —pip2 1
Tyl = Ty + (us + dy),
1 0 0 (5.17)
Yy = [O b} Ty + Ny, Vit € Zo,

where y; is the measured output at time t with noise ng, and d; is an additive input
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disturbance. For all t € Zsq, the control input u; is constrained to belong in the set
U = {u € R: |wllw < 8}, and the input disturbance d; is assumed to belong to the set
D= {d,eR:|d, <0.1}.

By defining a; = p1+p2 and as = p1po, the state space model can be reparametrized

as

aq —Qa9 1
Tyl = Ty + (Ut + dt),
10 0 (5.18)
%:b 4%+m, Vi € Zso.

Letting a = [ay as]|", the uncertain parameter a is assumed to belong to A = {a € R? :
0 <a; <4,i=1,2}. This set A is conservative, and a tighter non-convex set could be
used. Now the model 1s linear in the uncertain parameters. This is a standard
problem that can be solved using classical adaptive control techniques. We will show that
our MPC with MHE approach can solve this problem, and in following examples, we will
see that our approach does not require reparametrization such that the system is linear in
the uncertain parameters.

The uncertain parameters (a and b) can be estimated by including them as optimiza-

tion variables in the following problem

t+T t+T—1 t t+T—1 .
~ min max >y =3+ D) a3 = A D) a3 —Aa D) a3,
Ug.p+T—1EU R 2i_LEX, ——t ot S—i—I, Py
di—r:t+7-1€D,
aeA,
beB

(5.19)

where ry 1s a desired reference signal for the output of the system to follow. Figures

and[5.4] show simulations of the resulting closed-loop system for a square-wave reference
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defined as ry = 10sgn(sin(0.4t)) and the backward and forward horizon lengths chosen
as L = 10, and T = 10, respectively. The weights in the cost function are chosen to be
A = 0.1, A\, = 1000, and Ay = 1000. In this simulation, the actual input disturbance
d; and measurement noise n; are unmeasured Gaussian independently and identically
distributed (i.i.d.) random variables with zero mean and standard deviations of 0.001

and 0.005, respectively.

40

20 j

= 0

-20

-40

u*
o

d
[T T < S NS )

0 20 40 60 80 100

Figure 5.3: Linear System: output and inputs. The top plot shows the measured
output (denoted by o’s) and the reference signal (denoted by -’s). The second plot
shows the input @; applied to the system, and the third plot shows the unmeasured
disturbance input dt that the system is subjected to.

Figure[5.3 shows the output of the system successfully following the given square-wave

reference trajectory. The system is initialized with incorrect guesses for the initial values
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Figure 5.4: Linear System: parameters. The top two plots show the true values of a;
and az (denoted by +’s) and their estimated values (denoted by *’s). The third plot
shows the true value of the gain b (denoted by +’s) and its estimated value (denoted
by *’s). The bottom plot shows the true values of the poles p; and py (denoted by
+’s) and their estimated values (denoted by *’s) computed from af and aj.

of the uncertain parameters, and zero control input (i.e. uy = 0) is applied for the first
L = 10 time steps. After that point, starting at time t = 11, the optimization problem

is solved at each time step, and the computed control input u; 1is applied in a
receding horizon fashion.
At several times throughout the simulation, the true model of the system 18
altered by changing the value of the gain or the poles (which can be seen in Figure .
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The estimates of the gain and pole locations shown in Figure 4 are obtained from the
estimates of the uncertain parameters a and b from the solution of the optimization .
Figure shows that the estimates of the gain and pole locations converge to their true
values. Even after the true values of the gain and pole locations are changed during the
simulation, the combined MPC and MHE scheme is able to adapt to the changing system,
effectively requlating the system to the reference trajectory and correctly learning the new

parameters of the model. ]

Example 5 (Inverted Pendulum - uncertain mass and friction) Consider an in-
verted pendulum actuated by a torque at the base as shown in Figure and described

by the model

mi*¢ = mgl sin(¢) — b + T,

where m is the mass at the end of the pendulum, [ is the length of the link, ¢ is the angle
from wvertical, g is the gravitational constant, b is the coefficient of friction, and T is the

torque applied at the base.

Figure 5.5: Diagram of the pendulum considered in Examples [f] and [6}

120



Adaptation and Learning Chapter 5

We can rewrite this model in state space form as

i‘l = T,
o ; . (5.20)
Lo = 7 sin(xl) — WZBQ + WU,

where x1 = ¢, o = é, and u = T.
By letting | = 1, g = 9.81, and a = 1/m, adding an input disturbance d, and dis-

cretizing using FEuler’s Method with time step At, the system ([5.20)) becomes

1441 = T1p + Al 2oy,
Toi41 = Toy + At(9.81 sin(xq¢) — abray + alu, + dt)), (5.21)

Y = T1g + Ny, Vt € Zy,

where y; is the measurement available at time t with noise ny. According to this model,
a noisy measurement of the angle x1 is available at each time t.

The inverse of the mass and the coefficient of friction (a and b, respectively) are
uncertain but assumed to belong to the sets A = {a € R : 1/2 < a < 1} and B =
{beR:02<b< 0.7}, respectively. The control input u, is constrained to the set
U = {u € R: |u|on <5}, and the disturbance input d; is assumed to belong to D =
{d; e R: |di||on < 0.3} for all t € Zso.

The control objective is to regulate the output (the noisy measurement of the angle ¢)
to a desired reference. The uncertain mass and coefficient of friction can be determined

using estimates of the parameters a and b in (5.21)). These parameters can be estimated
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by including them as optimization variables in the following problem.

t+T t+T—1 t t+T—1 R
_ min  max ZHys_TSHg"_/\u Z i3 — An Z [nsll5 = Aa Z | ds]3-
G2 €U - Ze-1€X, s=t s=t s=t—L s=t—L
di—p:t+7-1€D,
acA,
beB

(5.22)

A noteworthy challenge in this nonlinear problem is that the unknown parameters a and
b appear multiplied by the unmeasurable state x4 in the system dynamics (5.21)).

Figure shows a simulation of the closed-loop system with the discrete time-step
chosen as At = 0.2 and a square-wave reference given as ry = 5(m/180) sgn (sin(0.5t)).
The backward and forward horizon lengths are chosen to be L = 6, and T = 7, respec-
tively. The weights in the cost function are chosen to be A\, = 0 (i.e. the control input is
not penalized), A, = 1000, and Ay = 10. In this simulation, the actual input disturbance
dy and measurement noise n; are unmeasured Gaussian i.i.d. random variables with zero
mean and standard deviations of 0.001 and 0.0001, respectively. The system is initialized
with incorrect guesses for the initial values of the uncertain parameters, and zero control
input (i.e. u; = 0) is applied for the first L = 6 time steps. After that point, starting at
time t = 7, the optimization problem 15 solved at each time step, and the computed
control input U} s applied in a receding horizon fashion.

As in the previous example, the true values of the uncertain parameters (the mass and
coefficient of friction) are changed several times throughout the simulation. Even as the
true values of the mass and coefficient of friction change, the control input i}, computed
by solving the optimization ((5.22)), is able to successfully requlate the output of the system
to the reference trajectory, and the estimates of the uncertain mass m and coefficient of

friction b converge to their true values. O

Example 6 (Inverted Pendulum - stabilization and disturbance rejection) This
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Figure 5.6: Inverted Pendulum: uncertain mass and friction. The top plot shows the
measured output (denoted by *’s) tracking the square reference signal (denoted by
-’s). The second plot shows the control input @; that is applied. The third plot shows
the unmeasured input disturbance d; that the system is subjected to. The bottom two
plots show the true values of the mass and coefficient of friction (denoted by +’s) and
the estimated values of the mass m* (computed from @*) and coefficient of friction b*
(denoted by *’s).

example shows that this adaptive MPC with MHE approach can stabilize uncertain sys-
tems even when the systems are not persistently excited and the true values of the uncer-

tain parameters are not learned. Furthermore, the results of this example show that this

123



Adaptation and Learning Chapter 5

estimation and control approach is not only robust to the model uncertainty but is also
able to reject large input disturbances.

Again we consider an inverted pendulum as depicted in Figure and described
using a discretized model of the form (5.21)). This time, rather than following a reference
trajectory, the control objective is to stabilize the system at the unstable equilibrium x, =
0. This means that the same optimization given in 1s solved but with ry = 0.
Figure shows a simulation of the resulting closed-loop system.

For this example, the parameters in the optimization are chosen the same as in
Example[d except with respect to the input disturbance dy. In this example, the unmeasured
disturbance d; is larger and assumed to belong to the set D == {d; € R : |di||» < 0.5}.
The weight on the input disturbance in 1s chosen as \y = 1. The actual input
disturbance that the system is subjected to is a Gaussian i.i.d. random variable with zero
mean and a standard deviation of 0.15. Again, the system is initialized with guesses for
the initial values of the uncertain parameters, and zero control input (i.e. u; = 0) is
applied for the first L = 6 time steps. Starting at time t = 7, the optimization problem
15 solved at each time step, and the computed control input iy is applied in a
receding horizon fashion.

Figure shows that the system is not sufficiently excited in order to correctly learn
the true values of the mass m and coefficient of friction b. However, the control input
uy computed by solving the optimization 15 monetheless able to stabilize the sys-
tem (even as the true values of the uncertain parameters change) and reject the large

unmeasured disturbance input. ]

Example 7 (Nonlinear Pursuit-Evasion - uncertain wind) In this ezample, we con-
sider a two-player pursuit-evasion game where the pursuer is modeled as a unicycle ve-

hicle, and the evader is modeled as a double-integrator. The pursuer is an aerial vehicle
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Figure 5.7: Inverted Pendulum: stabilization and disturbance rejection. The top
plot shows the output (denoted by *’s) converging to the unstable equilibrium ¢ = 0
(denoted by -’s). The second plot shows the control input @ that is applied. The
third plot shows the large unknown input disturbance d; that the system is subjected
to. The fourth and fifth plots show the true values of the mass and coefficient of
friction (denoted by +’s) and the estimated values of the mass m* (computed from
a*) and coefficient of friction b* (denoted by *’s).

that is subject to wind disturbances, and the evader is a ground vehicle that is not sus-
ceptible to the wind. A nonlinear discrete-time model of the overall system is given as

follows:
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v COS Py + W

v sin ¢y + wo
Tep1 = Ty + ; Yy = Ty + Ny, Vt € Zxy. (5.23)

U

dy

The state of the system is denoted by x; = [p; ¢¢ 2], where py = [p1 p2]] denotes
the planar position of the pursuer, ¢; denotes the orientation of the pursuer, and z; =
[21 23]/ denotes the planar position of the evader. The planar wind speed is denoted
by w = [wy wg]T where wy 1s the component of the wind speed in the z-direction, wo 1S
the component of the wind speed in the y-direction, and w is known to belong to the set
W = {we R?: |w|, < 0.05}. The control input u; is constrained to belong in the set

o
U = {u; € R: |lug|o < 0.35}. The evader’s velocity is given by d; = ldl dQ] and is

constrained to the set D = {d; € R? : |d;| < 0.05}, and n; € R™ is measureme;zt noise.

The pursuer’s objective is to make the distance between its position p, and the position
of the evader z; as small as possible, so the pursuer wants to minimize the value of ||py—z||.
The evader’s objective is to do the opposite, namely, mazimize the value of ||p; — z¢|. The
pursuer and evader try to achieve these objectives by choosing appropriate values for u,
and dy, respectively. The wind speed is unknown, but both the pursuer and evader would
benefit from learning the wind speed. Therefore, the optimal solution will involve each

player adapting his or her action (choice of u; and d;) to the current estimate of the wind

speed. These considerations motivate solving the following problem

t+T t+T—-1 t t+T—-1

min  max Z [ps — 213 + A Z i3 — A Z [nsll3 = Aa Z HCZSHg>
=t s=t

Ug:t+7-1€U Ty LEX,
N = s=t—L s=t—L
di—p.t+7-1€D,
wew
(5.24)
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where the pursuer’s future actions ug.s.r_1, the unknown evader’s actions d;_r.417_1, the
unknown initial state x;_r, and the unknown wind speed w are included as optimization

variables. A simulation of the resulting closed-loop system is shown in Figures
and [5.14.

1.5 T T T T T T

—+}— pursuer
—&— evader

3.5

Figure 5.8: Pursuit-evasion: trajectories. The pursuer’s trajectory (denoted by +’s)
begins at (0,0), and the evader’s trajectory (denoted by o0’s) begins at (1,1).

Parameters chosen for the model and the optimization are given as
follows. The pursuer moves with constant velocity v = 0.1. The backward and forward
horizon lengths are chosen to be L = 8, and T = 12, respectively. The weights in the
cost function in are chosen to be A, = 10, A, = 10000, and Ay = 100. The actual
measurement noise n, is an unmeasured Gaussian i.1.d. random variable with zero mean
and a standard deviation of 0.001.

The trajectories that each player follow are shown in Figure 5.8 The evader moves
with constant velocity in the positive x-direction until time t = 40 when the optimal ciz‘
begins to be applied. The pursuer applies U; throughout the entire simulation. Rapidly
the pursuer catches up to the evader and is forced to make a loop due to its nonholonomic
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Figure 5.9: Pursuit-evasion: inputs. The top plot shows the pursuer’s input u; that
is applied. The lower two plots show the evader’s input d; that is applied. The evader
applies constant velocity until time ¢ = 40 at which time the optimal (if is applied for
the remainder of the simulation.

dynamics. The evader, on the other hand, is able to make sharp maneuvers due to its
double-integrator dynamics. The inputs that each player applies are shown in Figure[5.9.
Figure shows that the estimates of the uncertain wind speed converge to their true

values even as they change throughout the simulation. O

5.5 Conclusions

In this chapter, we addressed adaptation and learning in the context of output-
feedback MPC with MHE. Often the MPC and MHE problems are formulated with
a known model of the dynamics. However, in this chapter, we investigated solving the
MPC and MHE problems using a model with uncertain parameters. This was done by
simultaneously solving the MPC and MHE problems as a single min-max optimization
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Figure 5.10: Pursuit-evasion: wind. The top and bottom plots show the true values

of the wind speed (denoted by +’s) and the estimated values @} and w3 of the wind

speed (denoted by *’s) in the x- and y-directions, respectively.
problem and including the uncertain model parameters as optimization variables to be
estimated. Under appropriate assumptions ensuring controllability and observability,
Theorem [5| provides bounds on the state of the system.

In a simulation study, we showed that the combined control and estimation ap-
proach effectively controls linear and nonlinear systems with model parameter uncer-
tainty, adapts to changing model parameters, and also learns the uncertain model pa-
rameters when the system is sufficiently excited. However, even when the system is
not sufficiently excited to learn the true values of the uncertain model parameters, the
computed control law is still able to effectively reject disturbances and stabilize the sys-
tem. Using a primal-dual-like interior point method, solutions to this MPC with MHE
approach can be found even for severely non-convex examples.

Future work may involve investigating under what specific conditions the estimates
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of the uncertain parameters are guaranteed to converge to their true values.
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Applications
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Chapter 6

UAYV Coordination for Vision-Based

Target Tracking

Some of the content in this chapter comes from [85]:

2015 IEEE. Reprinted, with permission, from S. A. P. Quintero, D. A. Copp, and J. P.
Hespanha, Robust UAV coordination for target tracking using output-feedback model
predictive control with moving horizon estimation, 2015 American Control Conference
(ACC), July 2015.

In this chapter we consider the control of two UAVs tracking an evasive moving
ground vehicle. The UAVs are small fixed-wing aircraft equipped with gimbaled cameras
and must coordinate their control actions so that at least one UAV is always close to the
target. The control actions of the UAVs are computed based on noisy measurements of the
UAVSs’ current state and vision-based measurements of the target’s position corrupted
by state-dependent noise. We propose a novel approach for solving this problem in
which the state estimate and optimal control are computed simultaneously online using
model predictive control with moving horizon estimation. The efficacy of this approach

is demonstrated in simulation results using realistic vision-based measurements of the
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target’s position. These results show that while using noisy, partial information about
the target state, the UAVs are able to coordinate their distances to the target in the
ideal case of constant target velocity as well as perform robustly when the target becomes

evasive.

6.1 Introduction

Small unmanned aerial vehicles (UAVs) are comparatively inexpensive mobile sensing
platforms that are becoming ubiquitous due to their ability to autonomously perform
tasks that would be either too demanding, dangerous, or mundane/repetitive for a human
operator. Such tasks include agricultural monitoring, exploration and mapping, search
and rescue, and surveillance and tracking, to name a few. One particularly challenging
problem of interest is that of performing wvision-based target tracking with a small fixed-
wing UAV traveling at a constant airspeed and fixed altitude. In this problem, a camera-
equipped UAV is responsible for measuring and tracking the position of a vehicle moving
unpredictably in the ground plane.

In vision-based target tracking, image processing software is responsible for deter-
mining the centroid pixel coordinates of the ground target moving in the image frame.
Using these pixel coordinates, along with the intrinsic and extrinsic camera parameters
and terrain data, one can estimate the three-dimensional location of the target in inertial
coordinates and compute the associated error covariance [71]. This vision-based mea-
surement of the target’s position is also referred to as the geolocation estimate. The error
associated with the geolocation estimate is highly sensitive to the UAV’s position relative
to that of the target. As the UAV’s planar distance from the target increases, the associ-
ated error covariance grows and becomes significantly elongated in the viewing direction.

When a UAV is directly above the target, the measurement error is smallest, as the
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corresponding error ellipse is circular. Thus, a UAV would ideally hover directly above
the target, but the relative dynamics between a fixed-wing UAV and a moving ground
target typically preclude this viewing position from being maintained over a period of
time. To mitigate a single UAV’s inability to maintain close proximity to the target, one
can employ multiple UAVs to gather measurements, which are then fused to obtain an
improved geolocation estimate. This is referred to as cooperative (or coordinated) target
tracking.

Considerable work has been done in the general area of coordinated target tracking,
with coordinated standoff tracking comprising the greatest body of work in this area. In
standoff tracking, two UAVs orbit the target at a nominal standoff distance while main-
taining orthogonal viewing angles. This practice minimizes the joint/fused geolocation
error covariance at the fixed nominal standoff distance, as the individual measurement
error ellipses are orthogonal [35]. Standoff tracking with perfect knowledge of the tar-
get state has been studied in [66] and [53] where the most prevalent control strategies
involve the use of vector fields and nonlinear feedback. Approaches with only partial
information of the target state are presented in [83], [L04], and [52]. The authors of these
works utilize observers, adaptive control, and extended Kalman filtering to estimate the
full target state. Note that [52] utilizes nonlinear model predictive control to achieve the
desired standoff configuration for a target that accelerates but is not necessarily evasive.

The preceding works have designed UAV coordination policies that attempt to im-
prove the estimate of the target state without directly solving a dynamic optimization
that minimizes some metric of the estimation error. However, a number of works have
employed optimal control to achieve this objective. Miller et al. utilize the framework of
partially observable Markov decision processes (POMDPs) in [78] to enable two UAVs
to track a moving ground target and present a new approximate solution, as nontrivial

POMDP problems are typically intractable to solve exactly [105]. Stachura et al. [102]
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employ online receding horizon control to enable two variable-airspeed UAVs to track a
stochastic ground target using bearing-only sensors in the presence of packet losses when
communicating with the base station where target state estimation takes place. In [30],
Ding et al. study the problem of optimally controlling two Dubins vehicles and their
pan-tilt-zoom cameras to maximize the geolocation information of a stochastic ground
target and show that maintaining orthogonal viewing angles is essential in the case of
terrestrial pursuit vehicles and less pronounced for airborne vehicles. While the preceding
optimization-based methods consider short planning horizons, e.g., 2 — 3 seconds, Quin-
tero et al. consider the optimal coordination of two Dubins vehicles to gather the best
joint vision-based measurements of a constant-velocity target over long planning hori-
zons of at least one minute [87], where no restrictions are placed on the vehicles other
than kinematics. The results show that coordination of the distances to target is more
effective for achieving the said goal than the traditional practice of solely coordinating
viewing angles.

In this work, there are a number of real-world conditions to which we wish to be
explicitly robust. First, we assume that the only information available for feedback
is noisy measurements of each full UAV state and noisy vision-based measurements of
the target’s position. Thus, the target’s velocity is unmeasured and must be estimated.
Second, unlike any of the previous approaches on cooperative target tracking, we consider
evasive target motion. Since the UAVs are fixed-wing aircraft, and are therefore subject
to a minimum turning radius, they must carefully consider the impact of current control
actions on future tracking performance in light of state estimation error and evasive
target maneuvers. Moreover, robustness to both measurement noise and evasive target
motion is crucial to the success of vision-based target tracking.

An output-feedback control approach that can be used to achieve the desired robust-

ness was recently introduced by Copp and Hespanha in [22, 25] and combines robust
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model predictive control (MPC) with moving horizon estimation (MHE). As described
in [9] and [19], robust MPC involves an online dynamic optimization aimed at minimizing
a cost function over a finite planning horizon in light of worst-case disturbances on a dy-
namical system. MHE also involves an online optimization problem but for the purpose
of state estimation of nonlinear systems, and it has been shown to have advantages over
state-of-the-art alternatives [94]. While the two optimizations have traditionally been
done separately, in the framework of [22, 25], the two are combined into a single min-
max optimization. More specifically, a desired cost function is maximized with respect
to disturbance and measurement noise variables and minimized with respect to control
input variables. The min-max optimization provides state estimates over a fixed, finite
window into the past and an optimal control input sequence into the future that is simul-
taneously robust to worst-case estimates of the state as well as worst-case disturbances
to the plant. This combined robust MPC/MHE approach is demonstrated here as a
viable, practical solution for the present particularly challenging nonlinear problem of
autonomous vehicle coordination.

The remainder of the chapter is organized as follows. Section[6.2]describes the dynam-
ics and measurement model that compose the problem of vision-based target tracking.
Section [6.3] discusses the cost function and the robust output-feedback MPC/MHE solu-
tion. Section presents and discusses simulation results for multiple scenarios. Finally,

Section [6.5] provides conclusions and plans for future work.

6.2 Problem Formulation

Consider two camera-equipped UAVs tasked with estimating the state of a target
vehicle moving evasively in the ground plane. The UAVs fly at a fixed airspeed and

constant altitude and are subject to a minimum turning radius. The target vehicle moves
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in the ground plane and is subject to a maximum acceleration and maximum speed that
is less than the UAVs’ groundspeed, which is the same as its airspeed in the ideal case of
no wind. Each UAV makes measurements of the target’s position using a gimbaled video
camera, and we assume that the target is detected at all times and kept in the center of
the camera’s field of view by onboard software. We first discuss the dynamical models

for each type of vehicle and then proceed to describe their measurement models.

6.2.1 UAYV Dynamics

The Dubins vehicle is a planar vehicle that moves forward at a fixed speed and has a
bounded turning radius. It is commonly used to provide a simple model for UAVs flying
at a fixed altitude. We assume that UAV j, where j € {1, 2}, flies at a constant speed s;
and at a fixed altitude h;, and it has a bounded turning rate u; with maximum absolute
upper bound u € R.(y, which we take to be the same for both UAVs. Accordingly,
weld = [—u,u] x [~u, 1. We denote by £@) = [¢¥) ¢) ¢9)]T € R? the state of UAV
J, which comprises its planar position p; = ( %j ), gj )) and its heading v; = fgj), all of

which are measured in a local East-North-Up coordinate frame. The kinematics of UAV

J are given by

5 COS §§j)

eV (t) = F(EWD ;) = s;sined |, 6.1)

dt

Uj,

While the majority of work on target tracking treats the problem in continuous time,
this work addresses the problem in discrete time since measurements of the target’s
position are available at discrete time instances ¢ = kT seconds, where k € Z>, and

Ts > 0 is the measurement sampling period. Accordingly, we assume a zero-order hold
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(ZOH) of T seconds on each UAV’s control input. The discrete-time equations of motion

provided in [87] are given by

g(j)'*' = fa(g(j)vuj)v (62)

where the subscript “a” refers to the fact that the discrete-time dynamics are those of
an air vehicle.

While the equations of motion for the Dubins vehicle in discrete time are readily
derived in [87], they involve a 1/u; term that becomes problematic for numerical opti-
mizations and is hence avoided. Instead, we approximate the Dubins vehicle model using
a second order Lie series:

T2 OF

7 85(1') F(g(j)7 uj)? (63)

fa(ﬁ(j),uj) ~ €V 4 TSF(g(j),uj) I

where 0F /0£19) denotes the Jacobian of that does not involve division by the control
input. The Lie series is a good approximation to the Dubins vehicle dynamics since the
heading dynamics are exact and, with the simulation parameters considered in this work,
the position error from (6.3) corresponding to u; = 4 is less than 4% of the total distance
traveled. In what follows, the approximation of is used only in the numerical
optimization of Section while the simulation results of Section utilize to

propagate the discrete-time dynamics forward in time.

6.2.2 Target Dynamics and Overall State Space

We place no nonholonomic constraints on the ground vehicle and simply model the
target as a double integrator moving in the ground plane. The state of the target is

denoted by n = [ 72 73 4] " € R*, where p, == (11, m2) refers to the target’s planar posi-
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tion in the same local East-North-Up coordinate frame as the UAVs. The corresponding
target velocity is given by v = (n3,74), and the acceleration inputs of the target are
denoted by d € R?. We assume a T,- second ZOH on the target’s acceleration input

synchronized with that of both UAVs, yielding the straightforward discrete-time linear

dynamics
n" = fy(n,d) = An + Bd, (6.4)
where
I, Tl (T3/2)]2
A= and B =
0 . _[2 IQ TsI2

Here, I, is an n x n identity matrix. To keep the problem realistic and well-posed, we

take the target’s acceleration input d to belong to

D = {d e R?|o + dT,||» < v, |d|, < d}, (6.5)

where 7 is the maximum allowable target speed and d is the maximum absolute acceler-
ation along either the East or North directions. Typically, we take v to be less than the
smaller of the two UAV airspeeds so that the problem is well-posed.

Now that we have presented all vehicle models, we define the overall state as x =

(€W @ n) e R, The overall dynamics are thus given by

fa(g(l)’ ul)
et = flr,u,d) = | (6@ uy) |- (6.6)
fo(n, d)

139



UAV Coordination for Vision-Based Target Tracking Chapter 6

6.2.3 Measurement Error Models

We turn our attention to the overall measurement model in vision-based target track-
ing. The measurement vector associated with the state of UAV j is denoted by y,(zj ) e R3

and is given by
yD =0 1w wld = [ wl) wi]T, (6.7)

where (ngi, wff%) ~ N(0,071,), w((l]% ~ N(0,03), 0} is the variance of the uncorrelated
noise on the UAV’s North and East position coordinates, and Ji is the variance on the
UAV’s heading angle.

Each UAV’s camera makes image-plane measurements of the target. The dominant
source of geolocation error arises from the error in the sensor attitude matrix 74 (6;)
that relates the coordinates of the line-of-sight vector u]S from the UAV to the target in
the North-East-Down sensor frame (centered at UAV j’s position) to the coordinates of
the same vector in the local East-North-Up topographic coordinate frame. This trans-
formation is a nonlinear function of the 3-2-1 Euler-angle sequence of yaw, pitch, and roll
denoted by 0; € R®. Image tracking software controls the camera’s gimbal platform to
keep the target in the center of the camera’s field of view and reports the Euler angles of
the camera sensor as well as the line-of-sight vector uf . Here, a superscript “S” denotes
a quantity in the sensor coordinate frame while the absence thereof indicates a quantity
in the topographic coordinate frame.

The 3-dimensional target position measured by UAV j with 3D position s; = [p;, h;]"

is denoted by o;. Its estimate is given by
0; = 8; + 718 (0)uf = 5; + iy, (6.8)
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where

§j=5;+5 5~ N0, diag(031,0)),
A CT (6.9)
0] = 9_7 + 07 0 ~ N(0,0'i[g),

and o2 denotes the variance of the measurement noise on the UAVs’ altitude h;. Also,
the 3D distance from UAV j to the target is denoted by r; = [0; — 5,2, and its estimate
7; is provided by the flat-Earth approximation 7; = (hg—8§;3)/u; 3, where hg is the height
of the ground plane in the topographic coordinate frame and is taken to be zero in this
work without loss of generality. Since all camera angles are measured with respect to the
UAV attitude, we take the noise on the estimate of the camera’s attitude to be the same
as that on the estimate of the UAV’s attitude. Thus, the noise on the estimate of UAV
7’s heading angle is the same as that on the estimate of its camera’s yaw angle, i.e., the
first element of 6.

From the preceding measurement equation, one can show that the covariance P, ; €
R3*3 associated with the error 6; == 6; — 0; in the three dimensional position of the
target is proportional to the product of 7“]2- and the covariance of the Euler-angle sequence
estimate éj given in . The exact analytic expression for P, ; is derived in [87] and is
omitted here for brevity. Since we are tracking in the ground plane, only the upper left
2 x 2 submatrix of P, ; is relevant and is denoted by P;.

Since the UAVs collect independent measurements of the target, the fused measure-
ment y, of the target’s true position p, can be computed using the best linear unbiased

estimate, which is as follows:
Yy = P(PTBSY + Py b)) = [I2 Ogaln + wy = py + 1w, (6.10)

where P = (P7' + PyY)7Y w, ~ N(0,P), pY = [I 04,118, and 0,,, denotes the
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m x n zeros matrix. The confidence ellipse corresponding to the fused geolocation error
covariance (GEC) P has the property that it is small when at least one UAV is close
to the target and only slightly less when both aircraft are directly above the target.
Therefore, it is advantageous for at least one UAV to be near the target at any given
time.

Finally, the measurement model corresponding to the overall state x is given by

combining (6.7)) and (6.10) as follows:
y ="y, yy) = Co + w, (6.11)

where w = (wél), w?, wy) and C = [Ig Ogx2]. Since the target velocity is not measured

directly, the control law used in this framework will be based on output feedback.

6.3 Robust Output-Feedback MPC/MHE

When considering only one UAV, the target tracking problem can be regarded as a
two-player zero-sum game in which the UAV tries to minimize its 3D distance to the
target, r, and the target tries to maximize r. In the two-UAV case, the UAVs ideally
coordinate their movements in order to ensure that at least one UAV is close to the
target to keep the fused GEC comparatively low. Additionally, the UAVs should keep
their individual distances to the target sufficiently small to maintain adequate resolution
of the target in the camera’s image plane for effective visual detection. This motivates
us to choose the following criterion

r2rs

2 2
T+ 135

g(x) = b + Ba(ri +73), (6.12)
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where 8; and [y are positive weighting constants, that the UAVs (Player 1) would like
to minimize and the target (Player 2) would like to maximize. The first term in (6.12)
is motivated by noting that the size of the confidence ellipse associated with P; is pro-
portional to 7,]2 and that the fused GEC has the form P = (P, ' + P;')~!. Moreover,
the previous matrix expression is simplified to one that is scalar and more compatible
with numerical optimization by replacing the individual covariances with the respective
3D distances. This term enforces distance coordination so that one UAV is always close
to the target to improve measurement quality, just as in [87]. The second term in (6.12)
penalizes the individual UAV distances to the target to ensure that the size of the target
in each UAV’s image plane is sufficiently large for reliable detection by image processing
software. While other optimality criterion may be considered, we aim to utilize a simpler
expression than those found in [30] and [87] that achieves similar behavior and lends
itself to efficient numerical computation. We shall see that the distance coordination of
[87] is indeed induced by choosing the criterion ([6.12]).

For our control approach, we use the output-feedback MPC with MHE approach
described in [22,25]. This requires us to solve a finite-horizon online optimization problem
at each time k. Solving this online optimization problem uses output measurements from
the last L steps into the past in order to give us an estimate of the current state at time
k (the MHE problem), and from that, give us policies for both Players 1 and 2 to use for
the next K steps into the future (the MPC problem).

Specifically, the control objective is to select the control signal u, € U, Vk € Z~( so
as to minimize a criterion of the form

k+K k
i=k —k—

l L

where g(z) is given by (6.12)) and ), is a positive scalar, for worst-case values of dy € D
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and measurement noise wy € R™, Vk € Z~,.
Given a discrete-time signal z : Z>q — R" and two times ko, k € Z~o with kg < k, we
denote by zk,.r the sequence {zg,, Zky+1, ---» 2k ;- This notation allows us to re-write (6.13)

and define our cost function as

k
S Nalye — Caeld (6.14)
—k—

k+K
Je( ks UL -1 - Lot -1, YhLik) = Z g(ze) —
=k L

¢

which emphasizes the dependence of on the unknown initial state zp_r, the un-
known input sequence for the target di_r...x_1, the measured output sequence yp_r.,
and the control input sequence ug_r.x+x_1. This control input sequence uy_ .4 k1 COM-
prises two distinct sequences: the (known) past inputs ug_r.,—1 that have already been
applied and the future inputs .. g1 that still need to be selected.

At a given time k € Z~(, we do not know the values x;_; and dj_p..+ 1 on which
the criterion depends, so we optimize this criterion under worst-case assumptions

on these variables, leading to the following finite-dimensional min-max optimization

~ min _max Tk (k=L k> Uk—Lek—15 Uikt K—1]k> Dho—Likt K—1Jk» Yk—Lek)s  (6.15)
Ukt K —1|kEU Trp_rL|kEX,

di—L:kt K—1kED

where the arguments ug_r.x—1, Up:p+x—1x correspond to the sequence ug_r:4x—1 in the
definition of Ji(-) in (6.14). The subscript ., in the (dummy) optimization variables
in (6.15) emphasizes that this optimization is repeated at each time step k € Z>o. At
different time steps, these optimizations typically lead to different solutions, which gen-
erally do not coincide with the real control input, target input, and noise. We can view
the optimization variables z;_r, and cik_L:,HK_l‘k as (worst-case) estimates of the initial
state and target input, respectively, based on the past inputs ug_r.x_1 and outputs yr_r.k

available at time k.
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Inspired by model predictive control, at each time k, we use as the control input the

first element of the sequence

~ % (% ~ % ~ % A%
Uk:k+ K -1k = {uk|k7 Ut 1)k> Ykt2)ks - - - 7uk+K71\k} e
that minimizes (6.15]), leading to the following control law:

up = iy, k>0, (6.16)

6.4 Simulation Results

We now demonstrate the effectiveness of the proposed robust MPC/MHE control
approach to the problem of vision-based target tracking with two UAVs. In particu-
lar, we simulate two scenarios with realistic levels of noise in the models presented in
Section [6.2] Firstly, we quantify the performance of the proposed approach in an ideal
scenario wherein the target is traveling at a constant velocity and secondly in a scenario
in which the target follows its worst-case strategy determined by .

The parameters pertaining to both simulation scenarios are provided in Table [6.1]
Given the maximum UAV turn rate, the total time it takes a UAV to make a full loop is
27 /u ~ 13.66 seconds, and hence the future planning horizon of KT, = 7 seconds allows
the UAVs to consider the impact of beginning to loop around the target. Additionally,
in the cost function , the coefficients 8 and [, were chosen to place a greater
emphasis on distance coordination than on keeping individual distances small.

To solve the min-max optimization problem , we use Algorithm described
in Chapter [d Typical execution times for solving the optimization problem at each time

step using the C programming language on a laptop with a 2.3 GHz tel® Core™
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Table 6.1: Simulation Parameters

Parameter Description Value Units
u Max UAV turn rate 0.46  rad./s
(s1,52) UAV speeds (15,15) m/s
d Max target accel. 3/V/2 m/s?
v Max target speed 10 m/s
o) N/E position variance 2.5 m?
o2 Altitude variance 42 m?
ol Euler angle variance 3? deg.?
(h1, ha) UAV altitudes (40, 45) m
B Coord. coefficient 4.1072 -
B2 Dist. coefficient 4-1073 -
An Noise coefficient 10 -
T, Sampling period 1 S
L Backward horizon 7 -
K Forward horizon 7 -

i7 processor are near 5 milliseconds with a maximum execution time not exceeding 20
milliseconds. Since these execution times are much less than the T, = 1 second sampling
period, the approach presented here is suitable for online real-world implementation.
Because the simulations incorporate stochastic measurement noise, we quantify per-
formance based on M = 1,000 Monte Carlo simulations to determine the steady-state
tracking performance of each scenario. More specifically, 3 minutes of steady-state behav-
ior are considered, where the effects of initial conditions have been removed by discarding
30 seconds of initial data. We initialize the problem with the UAVs circling a stationary
target until the past measurement buffer is filled. Figure depicts an instance of the
output of the optimization at time k for the parameters given in Table This
plot illustrates the past positions, measurements, and estimates of the UAVs and target
as well as the planned future trajectory for each agent generated at the current time
k. In this instance, we see that the target just executed a sharp turn in order to take

advantage of the UAVS’ minimum turning radius of r ~ 32.6 [m)].
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Figure 6.1: The output of the robust MPC/MHE optimization. Red and blue markers
depict quantities related to the UAVs while black markers indicate quantities related
to the target. The “+” markers illustrate the vehicles’ noisy position measurements
while the “+” markers depict ground truth. The “o” markers indicate state estimates
from the min-max optimization while “¢” markers illustrate future positions corre-
sponding to the optimal control sequence determined by the same optimization. A
“” marker indicates the estimate of each vehicle’s current position. The target trajec-
tory begins near the center of the plot and ends heading Northwest while the leftmost
UAV markers indicate their starting positions.
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Figure 6.2: Actual trajectories of two UAVs tracking a constant-velocity target over

a 3-minute window. The starting positions of all vehicles are denoted by an “o” while

the ending positions are indicated by an “x”. In the legend, T corresponds to the
target while A; and As refer to the UAVs.

We first consider a constant-velocity target, i.e., dy = 0 in equation , and the
target travels at just over one third of the UAVs’ fixed speed. The UAVs are still per-
forming the min-max optimization of and hence are planning for an evasive target.
The results for one of the Monte Carlo simulations are provided in Figures and [6.3]
In Figure[6.2], one can see how the UAVs make loops and “S” turns so that their average
speed matches that of the target. Figure[6.3|indicates that this is done in a coordinated
fashion so that at least one UAV is never very far from the target, as indicated by the
dashed cyan curve depicting min{ry, r5}. We shall soon verify that coordination is consis-
tently achieved across all runs for a constant-velocity target using the robust MPC/MHE
approach with the given stage cost.

We now consider an evasive target, i.e., it is using the optimal worst-case d; computed
from the min-max optimization (6.15). Results for one of the Monte Carlo simulations
are provided in Figures and [6.5] By observing the vehicle trajectories in Figure [6.4]
one can see that the optimal trajectory for the target is quite erratic. Indeed, the target
takes advantage of the UAVs’ kinematic constraints by making sharp turns and forcing

the UAVs to make loops at their maximum allowable turn rate. This is corroborated
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Figure 6.3: 3D distances r; and stage cost g(x) for two UAVs tracking a constant

velocity target.
by the fact that over the 1,000 runs, the modes of the sample distributions (not shown)
of the absolute control input values for all vehicles are concentrated at their maximum
allowable values. From Figure (6.5, one can see that distance coordination has diminished,
and the stage cost peaks over 300 [m?] twice, whereas it never exceeded 200 [m?| in the
case of a constant-velocity target.

A quantitative summary of the M = 1,000 Monte Carlo runs is provided in Table[6.2]
where sample statistics are computed over both time and samples. From the data, one
should notice the detrimental effect that adversarial target motion has on the coordination
effort of the UAVs. This is indicated by the sample Pearson correlation coefficient o for
the UAV distance pairs r; and r5, where g is in general a measure of the linear correlation
between two random variables and belongs to the interval [—1,1]. A more negative value

for p indicates stronger anti-correlation, which in the present setting implies that when
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Figure 6.4: Actual trajectories of two UAVs tracking an evasive target over a 3-minute
window. The same notation as Figure [6.2]is employed here.

Table 6.2: Statistics for 1,000 3-minute Monte Carlo Simulations
Statistic Const.Vel. Evasive Units

avg g() 118.4 139.3 m2
var g(x) 1,163.8  3,439.4  m*
max{ry, 72} 154.2 169.7 m
avg [pg — Pyl 4.92 4.66 m
avg [w,| 4.72 5.24 m
0 —0.307 0.206  N/A

one UAV is relatively far from the target, the other is likely to be rather close. Thus, one
can see that the constant velocity scenario has substantial distance coordination across
all simulation runs; however, the evasive target is able to disrupt the UAV coordination
and induce positive correlation. Nonetheless, the average cost sees only a moderate
increase of nearly 18% when the target becomes evasive while the maximum value of the
individual UAV distances from the target only experiences an increase of about 10%.

Concerning estimation of the target ’s position, one should first observe that average
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Figure 6.5: 3D distances r; and stage cost g(z) for two UAVs tracking an evasive target.

measurement error (w,) on the target’s position increases when the target is evasive, as
the fused error covariance increases with the UAVs’ inability to keep at least one aircraft
close at all times. However, the estimation error becomes smaller, which shows that the
target’s deviation from its optimal worst-case evasion leads to a smaller cost for .
This means that in the evasive case, the first term of that quantifies tracking
performance has increased and the magnitude of the second (negative) term regarding
state estimation has decreased, which can be observed in the first and fourth rows of
Table [6.2]

Overall, the target’s evasive maneuvers hinder UAV coordination efforts and thereby
increase measurement noise. Nonetheless, the UAVs are still able to robustly track the
target in the sense that their maximum 3D distance from the target is not only bounded,

but also only slightly larger than in the case of constant target velocity.
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6.5 Conclusion and Future Work

We considered two UAVs performing vision-based target tracking of a moving ground
vehicle. We showed that a novel approach based on min-max MPC combined with MHE
is viable for solving this high-dimensional, very nonlinear (non convex) problem. Using
this approach with the commonly assumed case of having a constant-velocity target, the
UAVs coordinate their distances from the target and achieve very small tracking cost,
even though only noisy, partial information about the target state is available. In practice,
not only is the full state of the target and UAVs not precisely known, but sharp changes
in target velocity occur when the target vehicle makes turns and moves erratically or
evasively. Though past work on UAV target tracking does not often consider this case,
we have shown that our approach is robust not only to evasive target motion, but also
to noisy measurements in the output-feedback setting of vision-based target tracking.

The interested reader can find further work on this problem in the book chapter
[86]. This reference includes the extension of this proposed approach utilizing a more
realistic UAV model that addresses roll dynamics. In addition, results from a high fidelity
flight simulator for the UAVs with actual target trajectories captured from real-world
tracking experiments are given. Finally, the extensions in [86] consider unmeasured wind
disturbances. These wind disturbances are included as optimization variables as in the
examples described in Chapter [5, so the controller adapts to and learns the unknown

wind disturbance online.
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Chapter 7

Asymmetric MPC/MHE for the

Treatment of Type 1 Diabetes

A new estimation and control approach for the feedback control of an Artificial Pan-
creas to treat Type 1 Diabetes Mellitus is proposed. In particular, we present a new
output feedback predictive control approach that simultaneously solves the state estima-
tion and control problems as a single min-max optimization. This involves optimizing
a cost function with both finite forward and backward horizons with respect to the un-
known initial state, unmeasured disturbances and noise, and future control inputs, and
is similar to simultaneously solving a Model Predictive Control (MPC) problem and a
Moving Horizon Estimation (MHE) problem. We incorporate a novel asymmetric out-
put cost in order to penalize dangerous low blood-glucose values more severely than less
harmful high blood-glucose values. We compare this combined MPC/MHE approach to
a control strategy that uses state-feedback MPC preceded by a Luenberger Observer for
state estimation. In-silico results showcase several advantages of this new simultaneous
MPC/MHE approach, including fewer hypoglycemic events without increasing the num-
ber of hyperglycemic events, faster insulin delivery in response to meal consumption,
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and fewer and shorter insulin pump suspensions, resulting in smoother blood-glucose

trajectories. The results in this chapter may also be found in [21].

7.1 Introduction

Type 1 Diabetes Mellitus (T1DM) is a metabolic auto-immune disease that destroys
pancreatic [-cells, making it impossible for the pancreas to produce insulin, a hormone
the body uses to regulate glucose levels in the blood stream and to facilitate the ab-
sorption of glucose into many types of cells. Because of this, people with T1DM require
monitoring of blood-glucose (BG) levels and delivery of insulin from an external source.
If BG levels are not regulated well, people with T1DM suffer from hyperglycemia and
hypoglycemia (high and low BG levels, respectively), which can cause severe health prob-
lems. An individual who experiences hyperglycemia over long periods of time may, for
example, eventually experience cardiovascular disease, kidney failure, and retinal dam-
age, possibly after many years. Hypoglycemia, on the other hand, may have immediate
consequences ranging from dizziness and unconsciousness to possibly even coma or death.

Much recent research has been devoted to the feedback control of an Artificial Pan-
creas (AP) in order to reduce the burden and improve the effectiveness of T1IDM treat-
ment by automating the dosing and delivery of insulin [44], 20, B1]. In the AP, it is the
job of a feedback controller to determine appropriate amounts of insulin to be delivered
given measurements of BG levels. This work focuses on control of an AP that delivers
insulin using a Continuous Subcutaneous Insulin Infusion (CSII) pump and receives BG
measurements based on a Continuous Glucose Monitor (CGM) [47], as is the case with
AP units destined for outpatient use. Given the potentially severe consequences of ex-
cessive or insufficient insulin delivery, the algorithms for feedback control of an AP are

crucial for the successful treatment of T1DM [31, [10].
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One of the most popular control approaches for the delivery of insulin using an AP is
Model Predictive Control (MPC) [82] 48], 68]. Given a model of the plant to be controlled
and the current state of the plant, MPC involves solving an online optimization problem
over a future time horizon. This yields a sequence of optimal control inputs to be applied
to the plant in the future as well as predicted states of the plant based on these inputs
[79, ©5]. Only the first element of the computed input sequence is applied as an input
to the plant, and at each sampling time, this technique is repeated. MPC has been
one of the most successful advanced control methods in many industries, including the
feedback control of an AP, because of its ability to explicitly handle hard state and input
constraints. For a survey of MPC applications in industry, see [84].

Classic MPC is formulated assuming full-state feedback. When considering an AP,
however, we only have noisy measurements of a person’s BG from a CGM, thus when
using a state-feedback control strategy one must implement a state-estimator prior to
invoking the control law. Examples of algorithms for state estimation include observers,
filters, and moving horizon estimation, some of which are discussed in [94]. Some of the
authors’ past work has involved the use of a Luenberger Observer for state estimation with
an AP [39, 37, 38, 40]. The performance of this Luenberger Observer was compared to
that of Moving Horizon Estimation (MHE) in [59], and it was found that MHE provided
better state estimates and allowed faster insulin delivery in response to meal consumption.
In a sense, MHE [90] is the dual of MPC and is attractive because it explicitly handles
constraints and computes estimates of the state by solving an online optimization problem
given a fixed number of past measurements and inputs.

In this work, we utilize a novel combination of MPC with MHE recently proposed in
[22, 25]. Specifically, we consider output feedback using a model that explicitly includes
additive measurement noise and input disturbances, and formulate the combined MPC

and MHE problem as a single min-max optimization over both control inputs (min) and
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the unknown initial state and input disturbances (max). In this way, we solve both the
MPC and MHE problems simultaneously, which gives us an optimal (in a certain sense)
control input sequence at each sampling time for worst-case (in a certain sense) estimates
of the current state, disturbances, and noise.

The BG regulation problem exhibits inherent asymmetry, which poses a challenge
when designing a controller. The asymmetry stems from the fact that hypoglycemia has
more immediate and dire consequences than hyperglycemia, insulin can only be deliv-
ered, not removed, and, in the single-hormone AP considered here, there is no control
action available for increasing BG. Therefore, responding assertively to hyperglycemia
and commanding corrective insulin, but not over-correcting and thereby inducing subse-
quent hypoglycemia, is a paramount and difficult challenge. Many AP controllers utilize
supervisory control or additional safety logic to address this challenge. In this work,
however, we propose an appropriate choice of the MPC cost function to address this
challenge without the need for additional ad hoc safeguards. Specifically, we consider an
asymmetric output cost that penalizes “riskier” low BG values more severely than high
BG values. Asymmetric output costs have been considered by others in works such as
[68, 13] but with different implementations.

Our proposed output cost function is not only asymmetric but also assigns very low
cost to BG values within a safe range in order to regulate BG values to be within that
range, rather than tracking a particular set-point, similar to the AP controllers deployed
in clinical trials [39, 42}, 140]. In this way, our output cost function enforces a small penalty
for BG values within a desired range and sharply (asymmetrically) penalizes excursions
outside of that range. This approach has proven useful in AP applications as there exists
a set of BG values generally considered to be safe, and it is extremely difficult to obtain
accurate physiological models [106]. There is often large plant-model mismatch due to

the significant variability in the physiology of a single individual over time as well as of
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different individuals. It is also difficult to accurately model the noise and delays that are
present in the BG measurements provided by a CGM. Therefore, regulating to a range of
BG wvalues is one method to prevent excessive response to changes in the measurements
when the measured BG level is safely within the desired range.

To demonstrate the differences and benefits of the combined MPC/MHE strategy,
in this paper the results are compared to results from a method that has performed
successfully in outpatient clinical trials. The method is a state-feedback MPC strategy
that utilizes asymmetric input costs and a Luenberger Observer for state estimation and
is described in [39]. Throughout the paper, we refer to this approach as the MPC/LO
method. Importantly, for simplicity and to more clearly demonstrate the utility of the
cost function within the novel MPC/MHE control law, in this work we do not include
many of the safety features necessary for a controller to be deployed in clinical trials. Thus
the results presented here are not representative of expected results in trials. Specifically,
we do not consider diurnal zones or constraints [39], feed-forward control action following
user-initiated meal announcement, nor do we consider insulin-on-board constraints [32].
The purpose of this work is to investigate the benefits of the proposed MPC/MHE method
with the simplest possible comparison to an existing successful AP control method. To
this end, we demonstrate the benefits of this MPC/MHE approach by presenting in-
silico studies based on the commercially available 10-subject UVA /Padova U.S. Food
and Drug Administration (FDA) accepted metabolic simulator [54]. The in-silico results
showcase several advantages of the MPC/MHE approach, including fewer hypoglycemic
events without increasing the number of hyperglycemic events, faster insulin delivery in
response to meal consumption, and fewer and shorter insulin pump suspensions, resulting
in smoother BG trajectories.

This chapter is organized as follows: We present the control-relevant model, desired

BG range, and input constraints in Section [7.2] In Section [7.3] we describe our combined
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MPC/MHE estimation and control approach, and compare it to a simplified version
of the approach from [39] utilizing state-feedback MPC with a Luenberger Observer as
state estimator. In Section [7.4] we compare the results of the two estimation and control
approaches and discuss the advantages of the MPC/MHE approach. Finally, we conclude
with closing remarks in Section

7.2 Problem Formulation

7.2.1 Insulin-glucose transfer function

Because it is difficult to derive accurate models, and because there are long delays and
significant noise in the CGM measurements, accurate estimation and effective control for
an AP is exceptionally challenging. We use the control-relevant model proposed in [106],
which has successfully been employed in AP controller design in |39 40]. The model is
a discrete-time linear time-invariant (LTT) system with sample period Ty = 5 minutes.
Denoting the current time by ¢, the scalar plant input is the administered insulin bolus
uint [U] delivered per sample-period, and the scalar plant output is the subject’s BG
value ypg: [mg/dL]. The plant is linearized around a steady-state that is assumed to
result in a BG output ys = 110 [mg/dL]| when applying the subject-specific, basal input
rate ugasar, [U/hour].

The input u; and output y; of the LTT model are defined as

Uy = UN, — UBASAL X L&, Yt = YBG,t — Ys-

Denoting 27! as the backwards shift operator, we write U(z!) and Y(27!) for the

z-transforms of the time-domain signals of input u; and output w;, respectively. The
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transfer function from u to y is given by

V(=)  1800g y z3
U(Z_l) UTDI (1 — plz_l)(l — p22_1)2

(7.1)

with poles p; = 0.98, py = 0.965, the subject-specific total daily insulin amount urp; [U],

and with the constant

g = —90(1 = p1)(1 — p,)*

employed to set the correct gain and for unit conversion. The number 1800 comes from
the “1800 rule” to estimate BG decrease with respect to delivering rapid-acting insulin

[108].

7.2.2 State-space model

For control, we utilize a state-space model of the form

Tyl = A.Tt + BUt + Ddt Y = C.Tt + Ny, (72)

with

p1+2py —2pips — P% p1p§

A = 1 0 0 | eR¥3
0 1 0
T
1800 3
B = [1 0 0] eR
D = —B/10eR?
C = lo 0 1] e RY3,
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The state is x; € R3. The inputs are the control input u, that belongs to the set U = R,
and the unmeasured disturbance d, that is assumed to belong to a set D < R. The
measurement noise n; belongs to the set N/ = R. The nominal system ((7.2]) without
d; and n;) is an equivalent realization of . We have included noise and disturbance
terms d; and n;, respectively, in order to explicitly account for model uncertainty, additive
disturbances, and sensor noise. The matrix D is chosen to allow the disturbance to
affect the state an order of magnitude smaller, and in the opposite way, than the insulin
delivered as the control input does. Therefore, a positive disturbance d induces a rise in

modeled BG output, akin to the consumption of carbohydrates.

7.2.3 Desired blood-glucose range

In the MPC/LO approach that we compare with, a range of desired BG values, i.e.,
the BG values generally considered safe and for which delivering the insulin basal rate
is appropriate, is considered. This range is [r, 7] mg/dL, where r = 80 and 7 = 140, the
same as in [42] [106]. For simplicity, the range is time-invariant, in contrast to [39] 40].
In order to implement this range in the controller, BG values are penalized according to

the range excursion Z : R — R defined, as in [39], as

Z(y) = arg min{c?|y + v, — a € [r,7]}. (7.3)

aeR

For the MPC/MHE approach, we do not strictly penalize BG values outside of the
desired range but rather approximate the range by penalizing BG values according to

the following functions h: R - R and ¢: R — R:

~

h(y) = (arctan(0.1y) + 7/2)y + 10, cly) = Xh(—y +1r)+ A(y—7+20) (7.4)
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where c(y) is parameterized by A, the weight on low BG, and 5\, the weight on high BG.

These weights can be chosen to separately tune the control response to hypoglycemia

and hyperglycemia. In this work, we choose A = 0.02 and A = 0.005. The remaining

numbers in (7.4)), such as 0.1, 7/2, 10, and 20, are chosen to shift the nominal cost as

desired. Plots of these functions h and ¢ are shown in Figures [7.1] and respectively.

The output cost used in the MPC/MHE cost function (7.6) below is ¢(y)?. Therefore,

the output cost is asymmetric with respect to the desired BG range, roughly penalizing

lower BG values 42 times more heavily than higher BG values.
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Figure 7.1: arctan function h used in defining asymmetric output penalty as given in ((7.4)).

7.2.4 Insulin delivery constraints

At each time ¢ the control input is restricted to the set U defined as

U = {u € R|0 < uy + upasar x Ts < umax}, (7.5)
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Figure 7.2: Asymmetric function ¢ used in defining asymmetric output penalty as
given in (|7.4)).
where upax = 25 [U] is the maximum bolus size the CSII pump is allowed to command,
and is selected in this work to be so large that it is practically impossible for the upper

bound to become active.

7.3 Estimation and Control Approach

In this section, we discuss our novel MPC/MHE estimation and control approach and
compare it to a control strategy that is based on state-feedback MPC with a Luenberger
Observer (MPC/LO). A more complicated version of this MPC/LO approach has been
used in clinical trials, but we have simplified it for use as a benchmark-controller in this
study. First we define some notation: We denote by Z- the set of non-negative integers,
by Z, the set of positive integers, and by Z” the set of consecutive integers {a, ..., b}.
Given a discrete-time signal w : Z>y — R™ and two times tg, t € Z>o with ty < t, we
denote by wy,; the sequence {wy,, w11, ..., w;}. The prediction horizon is denoted by

T € Z, the control horizon is denoted by M € ZT, and the estimation horizon is denoted
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by L € Z,. In this work, we choose T' =9, M =5, and L = 3 (where T" and M are

chosen the same as in [39], and L was chosen based on experimentation).

7.3.1 Combined MPC and MHE

Our estimation and control approach combines MPC and MHE as discussed in [22] 25],

where the MPC and MHE optimization objectives are incorporated within a single min-

max optimization problem, the solution of which simultaneously characterizes solutions

to the MHE and MPC sub-problems. We formulate the MPC/MHE problem as a finite-

horizon min-max optimization problem, to be solved at each time ¢, of the form

min max Jt(xt—La ULt M—15 Ai— Lt 471, yt—L:t)
Uit M—1 Tt—L,
t—L:t+T—1

with cost function

t+T t+M—1 t+T—1 t
T() = >0 e(Cap)+ Y Mg — > Aadi— Y Aung,
k=t+1 k=t k=t—L k=t—L
and subject to
Tye1 = Azy + Buy, + Ddj, VkezZ!TT
yr = Cag, + ng Vk}EZi_L
dy €D VkezZ!*T ™t
up €U Yk e ZIHM-!
up = 0 VkeZT !

where A\, A\¢, and A, are positive scalar weights on the control input u, disturbance d, and

measurement noise n, respectively. In this work, we choose these weights to be A\, = 2,
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Ag = 2, and A, = 300. The running cost ¢(y) is given in (7.4) and shown in Figure

Equations — enforce the dynamics of the model . Equations
and enforce that the input disturbance and control input belong to the constraint
sets D and U (as defined in (7.5))), respectively. In this work, we define the constraint
set D = {d € R|0 < d < 0.5}. A disturbance of d = 0.5 would counteract the effects
of delivering 0.05 [U] insulin (which turns out to be slightly more than the standard
deviation of the mean insulin delivered using the MPC/MHE approach shown later in
Figure . Lastly, equation ensures that, beyond the control horizon M, the
basal rate ugagag, is delivered.

The criterion defined in depends on the unknown initial state x;_r, the unknown
disturbance input sequence d;_r.;.7_1, the measured output sequence 1;_.; via the cost
on n;_r.4, and the control input sequence wu; .4 a/—1. The control input sequence is
composed of two distinct sequences: the (known) past inputs u;_r.;—; that have already
been applied, and the future inputs w:.;, 371 that need to be characterized. To select the
future inputs w4 -1, we optimize (minimize) the criterion with respect to these
variables. At a given time t € Z~g, we do not know the values of x;_p and d;_r,.7—1 (and
n¢_r.. which depends on these), so we optimize the criterion under worst-case assumptions
on these variables (i.e., maximize (7.7)). The optimization (7.6)) is repeated at each time
step, i.e., every T = 5 minutes.

As is common in MPC, at each time ¢, we use as the control input the first element

of the sequence

* . % * *
Uppypr—1 = {uf, Upyp1) Upgoy--- 7ut+M—1}
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that minimizes (7.6)), leading to the following control law:

Uy = 'U:, Vt € Z}O. (79)

At each time ¢, after the solution to is computed, the control command given to
the pump is the value of u; rounded down to the nearest integer multiple of the CSII
pump-discretization of 0.05 [U] [39]. The portion that is removed when rounding down is
then added to the control command given at time ¢ + 1 in a so-called carry-over scheme,
which is precisely described in [39).

More details and theoretical results regarding this approach to combine MPC with
MHE can be found in [22 25]. A particular primal-dual-like interior-point method was
developed by the authors to numerically solve these optimization problems, and details

about this method can be found in [25].

7.3.2 State-feedback MPC and Luenberger Observer

For completeness, we now give a brief overview of the simplified asymmetric MPC/LO
approach that we use for comparison. The full MPC/LO approach used in clinical trials
is described in detail in [39]. The purpose of this work is to investigate the benefits of the
proposed MPC/MHE method with the simplest possible comparison to an existing AP
control method; therefore, the version of this MPC/LO approach with which we compare
does not include several important safety features that are included in [39] for implemen-
tation in clinical trials. These additional features are diurnal zones and constraints, feed-
forward control action following user-initiated meal-announcement, and insulin-on-board
constraints. For more details on these additional features of the MPC/LO approach and
its performance in trials, we refer the interested reader to [39, 26].

The main conceptual difference between this MPC/LO approach and the MPC/MHE
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approach described above is that the MPC/MHE approach employs output-feedback,
whereas the MPC/LO approach is based on state-feedback. State-feedback control is
dependent upon the state estimator whose function is independent of, and indifferent
to, the control design. In the MPC/MHE approach, the state estimate and control are
computed simultaneously, so they directly affect each other. Another difference is that the
asymmetric cost is on the control input rather than the predicted output. This is meant to
facilitate decoupled design of the control response to hypoglycemia and hyperglycemia,
whereas the asymmetry on the output in the MPC/MHE approach allows both the
minimizer and the maximizer to affect the result asymmetrically because the predicted
output depends on both u and d. Finally, neither disturbances nor noise are explicitly
considered in this MPC/LO approach.

The state estimate &, that is used for control in the MPC/LO approach is found using
a linear recursive state estimator known as a Luenberger Observer (see e.g. [60]). This

state estimator is given by

Ty = A%y + K(ye — i) + Buy, U = Cy, (7.10)

where the gain K is designed as in [39).
We formulate the asymmetric MPC/LO problem as a finite-horizon optimization

problem, to be solved at each time ¢, of the form

min Jt (.’L’t, ut:HM,l) (711)
Ut:t+M—1
with cost function
t+T tHM-1
W= Y e Y, (Raj+ Rap), (7.12)
k=t+1 k=t
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and subject to

Ty = Iy (7.13a)
Tpy1 = Axy, + Buy, Vke ZHT! (7.13b)
Yy = Cay, Yk e 7T (7.13c)
up €U Yk e ZiHM-1 (7.13d)
up =0 Vke Z ! (7.13e)
fiy = max(ug, 0) vk e ZITM-1 (7.13f)
iy = min(ug, 0) Vk e ZHHM-1 (7.13g)
2 = Z(yx) Vk e Z1.,, (7.13h)

where R and R are positive scalar weights on the non-negative and non-positive control
inputs, respectively. As in [39], we choose the weights to be R = 7000 and R = 100 in
order to conservatively respond to hyperglycemia while encouraging pump attenuation in
response to predicted hypoglycemia. As before, only the first element ] of the predicted
optimal insulin trajectory is commanded to the pump, and the optimization is
repeated at each time step, i.e., every Ty = 5 minutes.

Equation enforces that the initial state is defined as the state estimate from
the Luenberger Observer . Equations — enforce the dynamics of the
model without considering disturbances or noise. Equation enforces that
the control input belongs to the constraint set U (as defined in ([7.5))). Equation ([7.13¢)
ensures that, beyond the control horizon M, the basal rate ugagsay, is delivered. Equations
— facilitate an asymmetric input cost and provide positive and negative
deviations of the input uy from upagar. Finally, (7.13h|) provides the cost for output

excursions from the desired BG range, where Z(yy) is defined in ([7.3)).
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Figures and show the input and output costs used in both the MPC/MHE

approach and the MPC/LO approach, respectively.
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Figure 7.3: Output costs for MPC/MHE and MPC/LO as given in the first terms
of (7.7) and ([7.12)), respectively. The blood-glucose target and admissible zones are
shown in green and yellow, respectively, for reference.
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Figure 7.4: Input costs for MPC/MHE and MPC/LO as given in the second terms
of (7.7) and (7.12)), respectively. The MPC/MHE input cost is multiplied by 50 for
comparison because R/, = 50.
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7.4 Simulation Study

The efficacy of this combined MPC/MHE estimation and control approach is demon-
strated via in-silico trials of 10 subjects using the commercially available UVA /Padova
US Food and Drug Administration (FDA) accepted metabolic simulator [54]. Simula-
tions start at 14:00 and are 28 hours in duration. The simulations begin with two hours
of open-loop until 16:00 when the feedback controller is turned on, and simulations run
in closed-loop until 18:00 the next day. Every simulation includes three 90 gram car-
bohydrate (gCHO) meals consumed at 18:30, 07:00, and 13:00, respectively. For most
people, 90 gCHO constitutes a large meal, and it happens to be the largest meal allowed
in the clinical protocol of [26]. The parameters of both the simulator and controller are
time-invariant, so the time of day of meal consumption is irrelevant. We only consider
the most challenging case of unannounced meals, meaning the controller has no infor-
mation about when a meal will be consumed, or how large any consumed meal is, and
therefore the meal-disturbance is rejected based on CGM feedback only. To further stress
the controller, the UVA /Padova simulator includes subjects with parameter values that
may be considered slightly physiologically implausible.

We consider a total of 110 simulations. All 10 subjects in the commercially available
UVA /Padova metabolic simulator are simulated 11 times: 10 times with different seeds
for random CGM additive sensor noise, and 1 time with no additive sensor noise. Even
without additive sensor noise, the CGM measurements are subject to dynamics and delays
that cause it to differ from the true (simulated) BG values. For more details, see [54].
We make no assumptions on the CGM measurement noise, which is, in general, neither
zero-mean nor Gaussian. Therefore, we do not introduce constraints on the measurement

noise but simply penalize it according to the last term in (7.7)).
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7.4.1 Comparison of MPC/MHE and MPC/LO

The aggregate results for all 110 simulations are shown in Figure[7.5] A zoomed ver-
sion of these results for the first meal is shown in Figure[7.6] To yield a meaningful com-
parison, the MPC/MHE approach is tuned specifically to achieve similar hyperglycemic
peaks after meal consumption as those achieved by the MPC/LO approach. This fa-
cilitates a comparison between the proposed MPC/MHE and benchmark MPC/LO ap-
proach, with respect to the other glucose control metrics. In particular, the aggregate
results in Figure show that the MPC/MHE approach is able to prevent the extremely
low BG values that are within the min/max envelope of the MPC/LO approach. In
addition, the MPC/MHE approach does not cause a large rebound in BG just before
03:00 as the MPC/LO approach does. However, we see that, on average, BG values are
not regulated back to within the desired BG range as soon after a meal is consumed
using the MPC/MHE approach. Finally, the hyperglycemic peak after the third meal
is noticeably lower for the MPC/MHE approach; this is likely due to the fact that the
MPC/MHE approach enforces fewer and shorter pump suspensions, resulting in more
insulin-on-board, which helps to attenuate the BG response due to the meal. We discuss
this further later.

The insulin profiles, shown in the bottom plots of Figures[7.5]and [7.6], are significantly
different. The amount of insulin delivered using the MPC/MHE approach peaks at
a lower value after a meal is consumed, but it continues delivering insulin above the
basal rate for longer than the MPC/LO approach. Another significant difference is that,
after a meal is consumed, the MPC/MHE approach responds more quickly by delivering
insulin above the basal rate before the MPC/LO approach does. This is most easily
seen in Figure [7.6] This benefit is likely due to the difference in estimation schemes; the

Luenberger Observer is recursive, which may cause its state estimate to lag slightly when
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Figure 7.5: Aggregate results of all 110 simulations for the MPC/MHE approach
(blue) and the MPC/LO approach (red). The top plots show the mean blood-glu-
cose trajectory as well as its standard deviation and minimum/maximum envelope.
The bottom plots show the mean insulin delivered as well as its standard deviation
and minimum/maximum envelope. The red vertical bars at 18:30, 07:00, and 13:00

indicate times a 90 gCHO meal is consumed.
a rapid change in the state occurs. The advantage of this faster insulin delivery achieved
with MPC/MHE is quantified in Figure below.

These features are also seen, perhaps more clearly, in Figure which shows results
for an individual subject for both the MPC/MHE approach and the MPC/LO approach.
This individual plot was chosen to highlight the differences between the approaches for
a particularly challenging subject. For both the MPC/MHE and MPC/LO approaches,
Figure [7.7] shows the actual BG trajectories in the top plot and the insulin delivered in
the bottom plot. The MPC/MHE approach tends to keep BG levels slightly higher but
effectively mitigates the extreme hypoglycemia experienced using the MPC/LO approach.
The MPC/LO approach clearly suspends the pump (i.e., delivers 0 [U] of insulin) much

longer than the MPC/MHE approach in the face of impending hypoglycemia. This
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Figure 7.6: Only the first meal response of all 110 simulations for the MPC/MHE
approach (blue) and the MPC/LO approach (red). The top plots show the mean
blood-glucose trajectory as well as its standard deviation and minimum/maximum
envelope. The bottom plots show the mean insulin delivered as well as its standard
deviation and minimum/maximum envelope.
results in a larger rebound in the BG for the MPC/LO approach after 00:00 as well as
a higher peak after the third meal. Finally, the bottom plot shows that the MPC/MHE
approach commands insulin to be delivered above the basal rate earlier than the MPC/LO
approach after meal consumption.

Another way to present aggregate performance of a controller for the AP problem is
to consider Control-Variability Grid Analysis (CVGA) plots as described in [69]. Figures
and show the CVGA plots for our MPC/MHE approach as well as the MPC/LO
approach, respectively, for all 110 simulations. The black dots represent each simulation’s
minimum (horizontal axis) and maximum (vertical axis) BG values with the highest and
lowest 2.5% removed. The large blue dot denotes the arithmetic mean of the individual

black dots, and the blue circle has a radius of the standard deviation of the distances of

each individual dot to the mean.
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Figure 7.7: Results for Subject #7 with random additive noise seed 2. The top
plot shows the BG for both the MPC/MHE approach (blue solid) and the MPC/LO
approach (red dashed). Similarly, the bottom plot shows the insulin delivered for each
approach as well as the basal insulin rate (green solid).

The CVGA plots in Figures and show that our MPC/MHE approach has a
mean value that is shifted to the left and just slightly higher than the mean value of the
MPC/LO approach. In addition, the standard deviation for the MPC/MHE approach
is significantly smaller than the standard deviation for the MPC/LO approach. This
means that our MPC/MHE approach is effective at keeping subjects from experiencing
dangerously low BG levels with the caveat that they may experience slightly higher
glucose levels on average. This comparison is easy to see in Figure [7.7] for a single
subject. The resulting number of subjects in each of the CVGA zones, as well as the
mean and standard deviation values, are given in Table below for both approaches.

These statistics are useful because they tell us things that the plots cannot; for instance,

the MPC/LO approach has 11 black dots in the upper right-hand corner superimposed.
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Figure 7.8: CVGA plot for MPC/MHE approach. Number of 110 simulations in each
zone (A,B,C,D,E)=(0,64,33,7,6). The circle is centered on the mean with radius equal
to the standard deviation. These values are given in Table

7.4.2 Quantifying these results

In this section we quantify the advantages of using the MPC/MHE approach over
the MPC/LO approach. Specifically, the MPC/MHE approach results in: 1) fewer hypo-
glycemic events with the same number of hyperglycemic events, 2) fewer and shorter in-
sulin pump suspensions, resulting in smoother BG trajectories, and 3) accelerated insulin
delivery in response to meal consumption. The main drawback of using the MPC/MHE
approach is that the BG values are slightly higher on average.

Table contains the aggregate results for both approaches. The first set of rows
shows the time-in-range percentages of two BG intervals and several thresholds. As we
noted before, the MPC/LO approach keeps the BG within the desired range a larger
percentage of the time and also results in less time above hyperglycemic values. The
MPC/MHE approach, on the other hand, results in significantly less time below hy-
poglycemic thresholds. Both approaches may be tuned to adjust these values, but in

this work, we tuned the MPC/MHE approach specifically to achieve comparable hy-
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Figure 7.9: CVGA plot for MPC/LO approach. Number of 110 simulations in each
zone (A B,C,D,E)=(0,64,32,2,12). Several points are superimposed, e.g., in zone E.
The circle is centered on the mean with radius equal to the standard deviation. These
values are given in Table
perglycemic peaks as the MPC/LO approach in order to contrast other features of the
controllers.

The second and third set of rows in Table 7.1 list the number of subjects and events,
respectively, for which BG values are above or below several thresholds. While the
MPC/MHE approach is tuned to achieve the same number of hyperglycemic events as
the MPC/LO approach, using the MPC/MHE approach results in half as many subjects
experiencing hypoglycemia of less than 60 [mg/dL| and far fewer hypoglycemic events.
Histograms for the number of hyperglycemic and hypoglycemic events are given in Figure
ran

The fourth set of rows in Table shows the number of pump suspensions that last
longer than particular lengths of time. A histogram of these results is shown in Figure
The MPC/MHE approach results in fewer suspensions of lengths greater than 15
and 30 minutes and results in no pump suspensions longer than 60 minutes. This is

an advantage because, while suspending the pump is important in order to attenuate
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predicted hypoglycemic BG values and safeguard from dangerous outcomes, long pump
suspensions can deteriorate overall performance as less insulin is present in the body,
causing BG values to rebound or peak higher after a meal is consumed. Both of these
features can be seen in the aggregate results in Figure and the individual results in
Figure where a long pump suspension, as commanded by the MPC/LO approach,

causes BG values to rebound after the first meal and peak higher after the third meal.

" 400 — [
= IMPC/MHE
<1>.> BMPC/LO
o 200 r §
3
>180 >250 >300 >350 >400
@ 60
S 40! ]
>
)
B 20+ 1
Su
0
<70 <80
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Figure 7.10: Histogram for the number of hyperglycemic and hypoglycemic events for
the MPC/MHE approach (blue) and the MPC/LO approach (red).

The fifth set of rows in Table[7.1] gives the number of UCSB Health Monitoring System
(HMS) alarms [45] and number of subjects who experience HMS alarms. The MPC/MHE
approach causes significantly fewer alarms than the MPC/LO approach. Minimizing the
number of alarms is important when implementing these controllers because if alarms go
off too frequently, subjects may experience “alarm fatigue” and ignore the alarms. The
sixth set of rows in Table gives the numerical results corresponding to the CVGA
plots in Figures and [7.9 The seventh set of rows gives the mean, minimum, and
maximum BG values for each approach. The MPC/MHE approach results in a slightly
higher mean BG but also a higher minimum BG. Interestingly, the MPC/MHE approach
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Figure 7.11: Histogram for the number of pump suspensions for the MPC/MHE

approach (blue) and the MPC/LO approach (red).
produces a very slightly lower maximum BG. The eighth set of rows gives the Low Blood
Glucose Index (LBGI) and High Blood Glucose Index (HGBI), as computed according to
[68]. As expected, the MPC/MHE approach results in a lower LBGI but a higher HBGI.
Finally, the last row gives the total amount of insulin delivered using each approach
averaged over all 110 simulations as well as the standard deviation and minimums and
maximums. The MPC/MHE approach delivers less insulin than the MPC/LO approach;
therefore, it is not surprising that the MPC/MHE results in slightly higher mean BG.

The last advantage, and one that is not quantified in Table is that the MPC/MHE
approach delivers insulin more quickly after a meal. This was mentioned when discussing
the aggregate responses after the first meal shown in Figure and is precisely quanti-
fied in Figure [7.12] which shows the cumulative insulin delivered as well as the mean BG
after a meal averaged over all three meals and all 110 simulations for both approaches.
For reference, the basal insulin rate is shown and increases at a rate of 0.1026 [U/5min].
On average, BG begins to rise about 10 minutes after a meal is consumed. After 20

minutes, the MPC/MHE approach begins to deliver insulin at a rate higher than the
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basal rate. The MPC/LO approach, on the other hand, does not deliver insulin at a
rate higher than the basal rate until 30 minutes after a meal is consumed. Consequently,
the MPC/MHE approach delivers more insulin compared to the MPC/LO approach for
the first 55 minutes after a meal is consumed, after which time the MPC/LO approach
continues delivering insulin at a higher rate. Moreover, the mean BG is lower for the
MPC/MHE approach until about 105 minutes after meal consumption even though it
starts out slightly higher than the BG for the MPC/LO approach before a meal. This
faster response to increasing BG values after a meal may be due to using an MHE-like
state estimator as opposed to a Luenberger Observer because the Luenberger Observer
computes the estimates recursively and, therefore, may produce a lagging state estimate
if the state is rapidly changing. This phenomenon is also found in [59] when specifi-
cally comparing the results of a state-feedback MPC strategy using both a Luenberger
Observer and an MHE for estimating BG. The MPC/MHE approach does not, how-
ever, cumulatively deliver as much insulin as the MPC/LO approach, so BG values stay

slightly higher for longer using the MPC/MHE approach.

7.5 Conclusions

We presented a new estimation and control approach for regulating BG in T1DM. This
approach simultaneously performs Model Predictive Control and Moving Horizon Estima-
tion in a single min-max optimization problem to form a feedback controller that results
in elevated cost-conservatism with respect to disturbances. This combined MPC/MHE
approach incorporated an asymmetric output cost penalizing “riskier” low BG values
more severely than high BG values. We compared this approach to a state-feedback
MPC approach that utilized a Luenberger Observer for state estimation and incorpo-

rated an asymmetric input cost in order to decouple the controller’s response to low

178



Asymmetric MPC/MHE for the Treatment of Type 1 Diabetes

Chapter 7

N N
8 g
Mean blood glucose [mg/dL]

|
@
S

100

[ [ I
——Insulin, MPC/MHE )o/ 4
-o -Insulin, MPC/LO oo
—BG, MPC/MHE == D’/
---BG, MPC/LO = d
- 7
=) = -1
— /// ,
g3 - g
E /// 7/
@ y !
) P [2)
=] s
.5 Y //
Vi 7
2 b
= , =
) -
-z V4 ’
T 2 o
< . e
E 2 ’_/_/-"’
0 e
R g4 -
) i Pt
= 7 e -
= o T
g . ;y/ - T Basal Rate
= P
&) _9r-T
”".el,ﬂ'
0 | | | | | | | | |
0 10 20 30 40 50 60 70 80 90

Time since meal [min]

110

Figure 7.12: Cumulative insulin delivered (blue) and mean BG (red) since a meal
consumption for both MPC/MHE and MPC/LO approaches averaged over all three

meals and 110 simulations.

versus high BG values. This MPC/LO approach is a simplified version of an estimation

and control approach that has been successfully tested in clinical and outpatient trials.

Both of these control and estimation approaches were evaluated by in-silico stud-

ies utilizing a metabolic simulator. In 110 simulations of 10 virtual subjects, we found

that while the MPC/MHE approach keeps BG values slightly higher on average, it suc-

cessfully reduces the number of hypoglycemic events without increasing the number of

hyperglycemic events, it delivers insulin sooner in response to meal consumption, and it

commands fewer and shorter insulin pump suspensions, which results in smoother BG

trajectories. Therefore, this MPC/MHE approach may be advantageous for the feedback

control of an AP for the treatment of T1DM.
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Table 7.1: Aggregate results for the two comparisons considered.
| MPC/MHE MPC/LO
€ [80,140] | 45.47 49.19
€ [70,180] | 56.62 61.24
< 80 1.05 1.85
<70 0.39 1.30
< 60 0.13 0.99
. <50 0.03 0.68
BG [mg/dL] % time < 40 0.00 0.34
> 180 42.99 37.46
> 250 20.84 17.53
> 300 7.70 5.98
> 350 1.93 1.43
> 400 0.58 0.45
<80 21 20
<170 10 14
< 60 6 12
<50 1 12
# Subjects BG <40 0 12
[me/dL] > 180 110 110
> 250 109 108
> 300 53 53
> 350 11 11
> 400 11 11
<80 34 45
<70 15 36
< 60 8 34
<50 2 30
<40 0 22
# Events BG [mg/dL] - 180 330 332
> 250 285 285
> 300 131 128
> 350 33 33
> 400 21 14
> 15 min | 201 291
> 30 min | 28 111
# Pump Suspensions i gg EEE 8 gé
> 120 min | 0 8
> 150 min | 0 0
# HMS Alarms 37 95
# Subjects with HMS Alarms 19 23
CVGA zone count: A 0 0
CVGA zone count: B 64 64
CVGA zone count: C 33 32
CVGA zone count: D 7 2
CVGA zone count: E 6 12
CVGA circle radius 8.31 12.26

BG mean: mean+-std [min,max]|
BG min: mean+-std [min,max]
BG max: mean+-std [min,max]

180+-18.92 [152,219]
94--16.72 [43,122]
307+-47.18 [247,427]

171+4-14.90 [148,201]
89+-23.65 [22,121]
307+-53.62 [246,457)]

LBGI: mean+-std [min,max]
HBGI: mean+-std [min,max]

0.17+-0.29 [0.00,1.97]
10.87+-3.74 [5.47,19.47]

0.47+-1.08 [0.00,4.51]
9.36+-2.95 [4.84,14.28]

Total Daily Insulin [U]: mean+-std [min,max

41.4+-6.6 [32.7,57.3]

42.5+-7.1 [33.1,59.5]
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Additional examples

In this chapter we investigate two additional applications of the proposed MPC/MHE
estimation and control approach: 1) output feedback control of a DC motor, and 2)

distributed optimization for multi-agent consensus.

8.1 Output feedback control of a DC motor

In this section we discuss the use of the combined MPC/MHE method described in
Chapter [2 for the estimation and control of a DC motor. In particular, we investigate
three different formulations of the MPC/MHE approach for this problem and discuss the

results.

8.1.1 Modeling a DC Motor

Differential equations describing the dynamics of a DC motor are given as

LMlM = —RMi]V[—Kbé+UM, JM9= —bMé+KM’iM,
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where iy, is the current that flows through the motor, v, is the voltage applied to the
motor, ¢ is the motor shaft angle, L,;, is the electric inductance, R); is the electric
resistance, Kj; is the motor torque constant, K, is the electromotive force constant,
Jur is the moment of inertia of the motor’s rotor, and by, is the motor viscous friction

coefficient.

State-space model

A linear time-invariant model for the control of a DC motor can be formulated and

described by the following state-space model:

r = Ax + Bu+ Dd
(8.1)

y=Cr+n

where z = [iy 6 0]’ € R? is the system state, u = vy, € R! is the control input, d € R
is an unmeasured disturbance, y € R! is the measured output, and n € R! is unknown

measurement noise. The system matrices are given by

—Ry /Ly —Ky/Ly 0 1/Ly 0
A=\ Ky/Jy —by/Ju 0|: B=1 0 |, D=|1/Jy|> C=lo 0 1].
0 1 0 0 0

Therefore, only noisy measurements of the motor shaft angle 6 are available for feedback.

There are several features of a real motor that are not captured by this model. One
of these features is the fact that a real motor would experience a dead zone in which
the voltage applied does not cause the motor to move due to friction. We denote this
dead zone by the interval [—V,, V;]. While the control input « is an applied voltage that

directly affects the current flowing through the motor, the disturbance d is an external
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torque that directly affects the angular velocity of the rotor 6. This is intended to
capture some of the unknown plant/model mismatch, such as the unknown dead zone of
the motor. The results we present later in Section |8.1.3|show the effects of including this

disturbance d.

8.1.2 Output Feedback MPC with MHE

For output feedback control of a DC motor, we consider the combined MPC/MHE
approach proposed in [22, 25] and presented in Chapter . This involves the solution of

a general finite-horizon min-max optimization problem

min max Jt(ﬂft—b Up— L1, Wt +T—1, Qp— Lo+ T—1,5 yt—L:t)- (8.2)
Ut:t4T—1EU Tt EX,

di—p:t+T7-1€D

This optimization depends on the last L + 1 output measurements y;_.;, the past L in-
puts u;_r.+—1, and solves for the unknown initial state x +¢ — L, past and future unknown
disturbances d;_r.;.7_1, and future control inputs u;.;,7_1. Optimization is subject
to the system dynamics as well as constraints on the motor voltage and the distur-
bance. These constraints are given by the sets U = {u; € RY| — Vaupply < ur < Vaupply }
and D = {d; € RY — dppae < di < dpnaz}, respectively. Solution of the optimization
results in a sequence of future control inputs to apply, a sequence of worst-case distur-
bance variables, as well as worst-case estimates of the past states and a future sequence
of predicted states. In order to numerically solve the optimization (8.2), we discretize
the dynamics using a zero-order hold (ZOH) with time step 7.

We formulate the optimization (8.2)) in three different cases. Case #1 does not con-
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sider disturbances d and involves the solution of the following min-max optimization

min  max Jy(-),
Upp+T—1EU Ty EX

where

t+T t+7T—-1 t
Ji(+) = Z A0 — 7] + Z Al = Z Anllns 2, (8.3)
s=t+1 s=t s=t—L

and subject to the process dynamics without the disturbance d. The first term in
the cost function penalizes the difference between the future predicted value of the
angle 6, and the desired reference trajectory 7, in order to facilitate reference tracking.
The second term penalizes the control actions ug, i.e. the applied voltages. The third
term facilitates state estimation by penalizing unlikely noise ns. The scalar weights A,
A, and A, are used to scale the penalties on the reference tracking, control action, and
measurement noise, respectively.

For Case #2, we consider the same problem as in Case #1 but with added distur-

bances. Therefore, we solve optimization (8.2]), where

4T t+T—1 t+T—1 ¢
Ji(+) = Z A0 = 7] + Z Al = Z Aallds]* = Z Anllns |, (8.4)
s=t+1 s=t s=t—L s=t—L

and subject to the process dynamics . The only difference between and
is that for Case #2 contains a term penalizing unlikely disturbances d,;. The scalar
weight )\, is used to scale this penalty.

In Case #3, we again solve optimization but with a cost function that specifically

penalizes power consumption rather than simply the voltage applied. In particular, we
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consider the cost

t+T T t+T—1 ¢
Ji(+) = Z A0 — 7] + Z Au(Us - ing,s) — Z Adlds[* = Z Allns|®. (8.5)
s=t+1 s=t+1 s=t—L s=t—L

Again, the optimization is subject to the process dynamics . The second term in
penalizes the power consumed by penalizing the multiplication of the voltage ap-
plied us with the predicted value of the current ij;,. The scalar weight A, is used to
scale this penalty. Depending on how this weight is chosen, the controller may imple-
ment regenerative braking, where the applied voltage is switched quickly back and forth
between a positive and negative value in order to constantly switch the direction that
current flows so that it is flowing back into, and recharging, the battery powering the

motor. We see this behavior in the results presented in Figures [8.3] and [8.4] below.

8.1.3 Simulations

In this section we consider the three difference cases of the optimization described
in Section [8.1.2] For all three cases, the control objective is for the angle # to follow a
reference given by r, = 2w sgn(sin(nt)). Table gives the values of the parameters in
the model . For our prediction model, we discretize using a zero-order hold
(ZOH) with time step T,. The time step T} is also our sampling time for this problem.

The plant we simulate is also given by the model but also includes a dead zone
of [-0.72,0.72] V such that if the applied voltage is within this zone, it is as if 0 V is
applied. In other words, the motor voltage is given by

Ve =

oV else.
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For simplicity and the sake of making a clear comparison between the three cases con-

sidered, the plant we simulate is not subject to any measurement noise or disturbances.

Table 8.1: Model Parameters

Parameter Description Value Units

Ty Sampling time 0.005 S

Viupply Battery supply voltage 6 \Y%
Arnax Constraint on size of disturbance 6.9¢ — 9 Nm
Ry Resistance 2.62 Q
Ly Inductance 0.0259 H
K, Electromotive force constant 0.01 V/rad/s
3% Motor torque constant 0.01 Nm/A
Jar Moment of inertia 2.3¢ —6 kg m?
by Viscous friction coefficient 1.35e—5 Nms
Vi Motor dead zone 0.72 A%

Remark 11 (Model uncertainty) The DC motor model parameters in the dynamics
were found by performing system identification on a real motor. We do not discuss
this procedure here but instead assume that the estimated parameter values are the true
values of the model parameters. In practice, these values are uncertain or maybe even
unknown. We could learn the values of these parameters online by including them as
optimization variables in (as is done in Chapter @), but we leave this for future

work. ]

Results for the three considered cases are given below in Figures [8.1], B.2] and [8.3}8.4]
respectively. The values for the horizon lengths L and T, and the scalar weights \., A,
Mg, and )\, for each case are given in Table

All of the simulation results in this section were computed using Algorithm
given in Chapter 4| on a desktop computer with a 3.4 GHz Intel®Core™ i7 Processor.

The number of optimization variables, inequality constraints, equality constraints, and
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Table 8.2: Parameter values for the three cases considered.

Case #1 Case #2 Case #3

Ay = 10 10 10
Ay = le-5 2 le-4
A = N/A 5 5

Ay = leb le6 1leb
L= 10 10 10
T = 20 20 20

mean, minimum, and maximum computation times for each of the three cases are given

in Table 8.3

Table 8.3: Numerical performance for the three cases of the DC motor problem.

Case #1 Case #2 Case #3

# of optimization variables 113 143 143
# of inequality constraints 46 100 100
# of equality constraints 90 90 90

mean time to solve 0.344 ms 0.437 ms 0.517 ms
min. time to solve 0.168 ms 0.235 ms 0.345 ms
max. time to solve 0.764 ms 0.768 ms 1.00 ms

Case #1 considers quadratic penalty functions on the difference between the angle 0
and the reference r, the control input u, and the measurement noise n as given in the cost
function . Figure shows results for Case #1. Due to the dead zone in the plant
that is not modeled in the prediction model, the angle 6 gets close to the square-wave
reference but experiences steady-state error. This also results in the computed control
input to be nonzero to try to correct the steady state error.

Case #2 considers quadratic penalty functions on the difference between the angle ¢
and the reference r, the control input u, the measurement noise n, and the unmeasured
disturbance d as given in the cost function . Figure shows results for Case #2. In
this case, the optimizer is able to partially accommodate for the dead zone by estimating

that a disturbance (i.e. an external torque working against the controller) is present.
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Figure 8.1: Simulation results of DC motor example Case #1. In the top plot, the
reference is in red, the measured output in green, the control sequence in blue. In the
bottom plot, the actual current is shown in green, and the angular velocity (divided
by 50) is shown in black.
This still results in small steady state error but produces smoother trajectories for the
angle 6, the control input u, the current 7,;, and the angular velocity 0. Tt also results
in essentially zero control input when 6 is close to the reference.

The third and final case considers quadratic penalty functions on the difference be-
tween the angle # and the reference r, the measurement noise n, and the unmeasured
disturbance d as given in the cost function . Instead of penalizing the control input
with a quadratic cost function as in Case #2, in Case #3 we instead penalize the power
consumption by including a term multiplying us and iy in (8.5). Figure shows
results for Case #3. Figure shows a close-up of the beginning of the results shown in

Figure 8.3, In this case, the optimizer chooses a control input that quickly switches be-

tween large positive and negative voltages in order to force current back into the battery,
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Figure 8.2: Simulation results of DC motor example Case #2. In the top plot, the
reference is in red, the measured output in green, the control sequence in blue. In the
bottom plot, the actual current is shown in green, and the angular velocity (divided
by 50) is shown in black.

thereby recharging it. It does this while keeping the angle 6 close to the reference r.

8.1.4 Conclusion

In this section, we discussed output-feedback control of a DC motor. We described a
linear time-invariant state space model of the DC motor and considered three different
formulations of the MPC/MHE estimation and control approach for estimating the state
of the motor and regulating its shaft angle to a desired reference trajectory. These three
formulations investigated the results of including a disturbance in the prediction model
to account for unknown plant/model mismatch as well as a term penalizing the power

consumption of the motor.
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Figure 8.3: Simulation results of DC motor example Case #3. The top plot shows
the reference in red, the measured output in green, and the control sequence in blue.
The bottom plot shows the actual current in green and the angular velocity (divided
by 50) in black.
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Figure 8.4: Close-up of the results at the beginning of the simulation of DC motor
example Case #3. The top plot shows the reference in red, the measured output in
green, and the control sequence in blue. The bottom plot shows the actual current in
green and the angular velocity (divided by 50) in black.
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8.2 Distributed optimization for multi-agent consen-
sus

Until this point, all of the examples we have considered have been centralized, i.e.
the computations have been performed serially by one processor with all information
available. In this section, we consider a distributed control problem where multiple agents
attempt to achieve consensus by solving independent optimization problems using only
local information. In particular, each agent only has access to a distance measurement
from itself to its neighbor (where neighbor is defined using some graph structure), and all
of the agents try to rendezvous, or achieve consensus, with a leader agent. For background
on distributed control and graph theory, we invite the reader to see, e.g., [15].

Formally, we consider the following linear discrete-time systems with state-space

model for every agent i € N :={1,2,3---, N} given as
zh. = Az} + Byl + Dyd,, (8.6)

where z! € R™ denotes the state of agent i at time ¢, u! denotes the control input of
agent i at time ¢ and is constrained to belong to the set U; < R™ and d: denotes the
unmeasured disturbance that agent ¢ is subjected to at time ¢ and belongs to the set
D; < R™. All of the agents have the same system matrix A, but they are heterogeneous
in that they all have different input and disturbance matrices, B; and D;, respectively.

We assume that there is a leader agent with dynamics
0 0
Ty = Azy.

Using only local information, our objective is to design control inputs u! so that the state
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of each agent achieves consensus with, or synchronizes with, the state of the leader agent

zy, e limyo |2l — 29| = 0 for all i € V.

8.2.1 Graphs and synchronization

Let G be a directed graph defined as the pair G = (V,£) with a nonempty finite set
of N vertices V' = {vy, v9,...,uy} and a set of edges £ € V x V. The connectivity matrix
E is defined such that £ = [e;;] with e;; > 0 if (v;,v;) € € and e;; = 0 otherwise. Each
agent in the set of agents i € N can be represented by a node v; in the graph, and the
set of neighbors of every node v; is N; = {v; : (vj,v;) € E}.

We define the local neighborhood tracking error €} € R™ for each node i as [1]
et = 2, eulol — o)) + (ol — 7)), (8.7)
JEN;

where g; > 0 is the pinning gain of node ¢ € A/, which is nonzero if node i is coupled to
the control (leader) node vg. The control node vy is assumed to only be connected to a

small percentage of nodes in the graph.

8.2.2 Error dynamics

The dynamics of the local neighborhood tracking error for node i € N are given as

follows:

et = Aep — (w; + 9;)(Biug + Didy) + Z eij(Bju] + D;dl)
JEN; (8.8)
yi = Ciet +nl
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where w; = >’ jen, €ij 18 the weighted in-degree of node ¢, and y! denotes the measured
output of agent i at time ¢ subjected to the measurement noise n! which belongs to the set
N; c R Therefore, each agent only has noisy measurements of its local neighborhood
tracking error for feedback. Our objective is to minimize the local neighborhood tracking

errors ¢!, which guarantees approximate synchronization of the agents [1J.

8.2.3 Estimation and Control Approach

We formulate this problem using the combined MPC/MHE estimation and control
approach presented in Chapter 2] Each agent’s control objective is to select the control

signal u! € U;, Vt € Z=( so as to minimize a finite-horizon criterion of the form

i i i i i _
Ji etz Uy poyr—1> o1 Yi 1) =

t+T ' t+T—1 ' 4 t ‘ ‘ t+T—1 4 4
DG+ Y AP = D0 MlnilP = ) Nildil®* (8.9)
s=t s=t s=t—L s=t—L

where T' € Z, is the forward prediction and control horizon, L € Z, is the backward

7
n’

estimation horizon, and A, \!  and A, are positive scalar weights on the control input,
measurement noise, and input disturbance, respectively, for agent i.

The performance criterion for every agent ¢ € N depends on the unknown
initial local neighborhood tracking error €!_;, the unknown disturbance input sequence
di_; o717, the measured output sequence y;_; ,, and the control input sequence u_; ., . 1_;.
The control input sequence is composed of two distinct sequences: the (known) past in-
puts uj_;., , that have already been applied, and the future inputs ul,,,_, that still
need to be selected. To select the future inputs uj., ,_;, each agent optimizes the crite-

rion with respect to these variables. At a given time t € Z~(, we do not know the

value of the variables €}_; and d}_,,,,_, so we optimize the criterion under worst-case
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assumptions on these variables.

This motivates the solution of a finite-horizon min-max optimization problem, to be

solved at each time ¢ for each agent i, of the form

. i pi i ~i 5 i
_min max Jy (gt—L\tv Up—pit—15 Yt 71t dt—L:t+T—1|t7 Yi_L:t)
UttrT—1]t Ce—L|t

CZi
t—L:t+T—1]|t

with cost function J/(-) as defined in and subject to,

el = A&l — (wi + gi) (B, + Didly,) + | ei;Bju)
JEN;

elyy = Ack — (w; + g:)(Byul + Dydly,) + > ey By
JEN;

5i+1 = A5i — (wi + gi)(Biﬂiu + Didiu)
v, = Cies, + 1,
dzs € Dz

~q
Ug € Z/[Z

s=t—L

Vs e

Vs e

Vs e

Vs e

Vs e

t—1
Zt—L+1

t+T—1
Zt

t
Zt—L

t+T—1
Zt—L

t+17—1
ZAT

(8.10)

(8.11a)

(8.11b)

(8.11c)
(8.11d)
(8.11e)

(8.11f)

Equations (8.11a])-(8.11d)) ensure that the local neighborhood tracking error dynamics
(8.8) are satisfied. Equations (8.11¢)-(8.11f]) ensure that the computed variables d’ and

u’. belong to their respective constraint sets.

The optimization (8.10|) is repeated at each time step ¢, and we use as the control

input for every agent 7, the first element of the sequence,

~ ik ~ gk
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that minimizes (8.10)), leading to the following control law:

ul =0, Vte Zso. (8.12)

8.2.4 Simulations

Now we consider a simple example of this distributed control problem and provide
simulation results. Figure depicts the graph that is considered in this example where

there are three agents and one leader.

Figure 8.5: Graph topology for neighborhood of agents. Agent 1 receives information
from the leader (agent 0) and agent 2, agent 2 receives information from agent 3, and
agent 3 receives information from agent 1.

Each agent’s dynamics and error dynamics are given as in and (8.8)), respectively,

with the matrices

0 1 2 1 2
A= 731: ;B2: ,Bgz ,

-1 0 1 -1 —2

Dl :Bb D22327 D3:B3a
C(1: 0 1]702:[1 01703:[0 1:|7

and the weights g1 = 2, go = g3 = 0, and w; = 1 for all 4, and e;; = 1 for all ¢ and

7. The true noise and disturbances are normally distributed random variables given as
ni ~ N(0.05,0.1%) and di ~ N(0,0.03%), respectively, for all i € N and all ¢ € Z~o. The

other parameters and constraint sets included in cost function and optimization
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(8.10]) are chosen as T =5, L =5, A\, = 1, \y = 100, A\, = 1000, U; = {ul € R™ : —0.5 <
ul < 0.5}, D; = {d; e R : —0.5 < u} < 0.5}, and N := R™ for this example.
Simulation results are given in Figures 8.6 B.7] 8.8, and 8.9, when the initial states
of the leader and agents are 29 = [1,1], =} = [5,1], 23 = [-4,2], and 2} = [4,-3]".
Figure shows the values of the state for the leader and all of the agents. Even though
their states begin in various locations, the states of each agent quickly converge to the
states of the leader, so the agents achieve consensus. Figure [8.7] shows a phase plot of
the results an again shows that the agents achieve consensus with the leader. Figure 8.8
shows the control inputs applied by each of the agents as well as the true disturbances
and noise that each of the agents was subjected to. Despite the fact that the disturbances
and noise are nonzero, the agents are able to compute control inputs that successfully
approximately synchronize their states. Finally, Figure shows the estimated values
for the local neighborhood tracking errors ¢’ for each of the agents. These errors converge

to small values, so the agents approximately achieve consensus.

8.2.5 Conclusions

In this section we considered the distributed control of multiple agents with the ob-
jective of synchronizing the state of each agent with the state of a leader agent using
only noisy local information. We defined a graph structure and dynamics for the local
neighborhood tracking error of each agent. We formulated this problem using the com-
bined MPC/MHE estimation and control approach described in Chapter [2land simulated
a simple example. The simulation results show that the agents were successfully able to
compute control inputs that achieved approximate synchronization (consensus) even in

the presence of input disturbances and measurement noise.
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Figure 8.6: Consensus of all three agents with the leader: values for x(1) (top plot)
and z(2) (bottom plot) converge to those of the leader.
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Figure 8.7: Phase plot showing consensus. The starting locations are given as red circles.
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Figure 8.9: Estimates of (1) and £(2) showing that the local neighborhood tracking
errors converge to small values.
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Chapter 9

Conclusion

9.1 Contributions of this thesis

As discussed in the Chapter [I], this thesis included the theory and design of a new
approach to solving MHE and MPC problems simultaneously as a single min-max opti-
mization problem [22] 25 23] as well as the investigation of using this approach in several
applications (see, e.g. [85, 2I]). As a recap, each of the chapters contained the following
material:

Chapter 2| provided the main theoretical contribution of this thesis addressing stabil-
ity of the proposed combined MPC/MHE approach. In particular, the proposed output-
feedback controller results in closed-loop trajectories along which the state of the process
remains bounded, and, for tracking problems, provides explicit bounds on the tracking er-
ror. These results relied on three assumptions: the existence of saddle-point equilibria for
the min-max optimization, a terminal cost that is a control ISS-Lyapunov function with
respect to the disturbance input, and observability of the nonlinear process essentially

requiring the backwards horizon to be sufficiently large.
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Chapter [3] addressed the first assumption invoked in Chapter [2] i.e., the existence
of saddle-point equilibria. We derived conditions under which a saddle-point solution to
the min-max optimization is guaranteed to exist and showed that for linear processes
and quadratic costs, these conditions boil down to observability of the linear process and
appropriately choosing weights in the quadratic cost functions.

Chapter [4 presented two numerical algorithms that can be used to solve general min-
max optimization problems, including those introduced in Chapter [2, Both algorithms
involve primal-dual interior-point methods that rely on Newton’s method to solve a re-
laxed version of the Karush-Kuhn-Tucker (KKT) conditions associated with the coupled
optimizations that define a saddle-point equilibrium. The second algorithm specialized
this method for formulations with common latent variables.

Chapter 5| discussed the scenario where the process model includes uncertain or
unknown parameters. We showed that the uncertain parameters can be included as
optimization variables in the combined MPC/MHE approach and learned online, and
the results from Chapter [2]still hold. Several examples with parametric uncertainty were
considered and solved effectively.

The second part of this thesis used this combined MPC/MHE approach for several ap-
plications including the coordination of unmanned aerial vehicles for vision-based target
tracking of a moving ground vehicle, feedback control of an artificial pancreas system for
the treatment of Type 1 Diabetes, estimation and control of a DC motor, and distributed
control of multi-agents for achieving consensus.

In Chapter [6] we considered the coordination of multiple unmanned aerial vehicles
(UAVs) for vision-based target-tracking of a moving ground vehicle. A novel cost function
was used in order to achieve the best vision-based estimate of the target’s location, and
we showed in simulations that the UAVs are able to coordinate their motion to track the

target even when the target acts evasively.
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Chapter (7| explored the use of the MPC/MHE approach for the feedback control
of an artificial pancreas system for the treatment of Type 1 Diabetes. We designed
an asymmetric cost function to facilitate appropriate controller response to high and low
blood-glucose levels and showed that the combined MPC/MHE approach is advantageous
for this application when compared to another approach using state-feedback MPC and
a recursive state estimator.

Finally, in Chapter [§], we discussed two additional applications which include output-
feedback control of a DC motor and distributed optimization for multi-agent consensus.
We showed that this MPC/MHE approach is an effective control approach for both of

these applications.

9.2 Future work

As discussed at the end of several chapters, there are many extensions that can be
made to the work in this thesis as well as other future work that may be considered.

Regarding the theoretical results given in Part I of this thesis, more specific stability
results could be derived when considering certain classes of systems or cost functions.
A study on recursive feasibility of this approach would also be useful. In some cases,
the requirement of a saddle-point solution to the min-max optimization may be too
restrictive, so relaxing this assumption to allow being e-close to a saddle-point solution
may be useful. This could be related to results for e-Nash equilibria.

There is certainly more work to be done regarding the numerical algorithms described

in Chapter [dl A convergence analysis of both Algorithms [4.3.1] and [4.4.2] should be done.

Furthermore, the development of similar algorithms to solve these types of optimization
problems and trade offs between methods could be investigated. For example, a Barrier

interior-point algorithm could be developed which may be more robust than the primal-
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dual algorithm for non-convex poorly conditioned problems.

Additional work could also be done regarding the adaptation to and learning of uncer-
tain parameters as discussed in Chapter [f] It would be interesting to study the particular
conditions for which the estimates of the uncertain parameters computed using the com-
bined MPC/MHE approach are guaranteed to converge to their true values. This may
require particular excitation signals or a sufficient number of measurements.

The simulation results for the applications in Part I show that this combined MPC/MHE
approach is promising and may be advantageous compared to other estimation and con-
trol approaches. This motivates the implementation of this combined MPC/MHE ap-
proach in several real-world experiments to validate these simulation results and truly

determine its potential.
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