Prediction-based control for nonlinear systems
with stochastic input delay

SiJia KONG, Delphine BRESCH-PIETRI

Abstract This chapter focuses on nonlinear systems with a stochastic input delay,
which can arise from communication lags for instance. For input-delay systems, the
use of prediction-based control methods is quite standard. This method was first used
for constant delays before being extended to time-varying delays. Yet, the design of
a prediction-based controller to handle stochastic delays is still an open problem.

In this chapter, we propose to describe the stochastic input delay as a continuous-
time Markov process with a finite number of values. This random delay is then
robustly compensated through a constant-horizon state prediction. Applying the
method of backstepping, we obtain that exponential stabilization of the closed-loop
system is achieved, under a sufficient condition. This condition bears on the range
of the possible values of the time lag, which should be sufficiently small and close
enough to the prediction horizon.

1 Introduction

Time delays have always represented an important research topic, due to their fre-
quent appearance and the performance limitation they often induce for control sys-
tems [29]. In the case where the delay affects the input of a dynamical system, active
control techniques generically referred to as Smith Predictor [28, 32] have been
developed to counteract these limitations. Grounding on a prediction of the system
state, this so-called Finite Spectrum Assignment [21, 24] aims at compensating the
input delay in the closed-loop dynamics and recovering the nominal delay-free per-
formances. This technique, originally designed for constant delays, has gradually
been extended to time-varying ones [3, 27] or more intricate cases such as state-

SiJia KONG, Delphine BRESCH-PIETRI

MINES ParisTech, PSL Research University CAS-Centre Automatique et Systémes, 60 Boulevard
Saint Michel 75006 Paris, France,

e-mail: sijia.kong @mines-paristech.fr, delphine.bresch-pietri @mines-paristech.fr



2 SiJia KONG, Delphine BRESCH-PIETRI

dependent delays [1, 2], multiple delays [5] or additive disturbances [22]. In these
cases, the prediction time horizon has to be carefully computed to account for future
delay variations or implicit dependencies.

Recently, the rise of communication technologies has intensified the need to cope
with transmission lags [11, 30, 31]. They result for instance from congestion in the
transmission path(s) or changes in the routing algorithm and are usually modeled as
stochastic variables to account for their sudden and random variations [6, 10, 26, 34].

However, while in recent years many monographs have studied Stochastic Delay
Equations (SDEs), such as [12, 15, 25], the case where the delay is itself a random
variable has been seldomly studied. Up to the authors’ knowledge, one of the few
examples todosoare [16, 17,23, 33]. While [33] studies a piecewise constant process
and [23] analyzes a deterministic delay term multiplied by arandom variable, [16, 17]
consider stochastic state delays modeled as a Markov process with a finite number of
states. The authors then consider each delay value separately, following the so-called
technique of probabilistic delay averaging. This constant delay reasoning inspired
the core of the analysis methodology proposed in this chapter.

In this paper, we investigate the problem of prediction-based control design for
nonlinear systems subject to stochastic input delay and extend the scope of our
previous work [18] focusing on linear systems. We model the random input delay
as a Markov process with a finite number of values. In lieu of computing a state
prediction exactly compensating for the input delay (which cannot be achieved as
future delay values are random and thus unknown), we propose to use a constant
prediction horizon. Similarly to [18], we prove that such a controller achieves expo-
nential stabilization of the origin, provided that the range of possible delay values is
sufficiently narrow and that the prediction horizon is chosen close enough to these
values.

This chapter is organized as follows. In Section 2, the problem statement and
the main stabilization result are given. We then propose a PDE representation of
the stochastic delay and a backstepping reformulation of the closed-loop system in
Section 3, in view of Lyapunov stability analysis in Section 4.

Notations. In the following sections, for a signal v : (x,7) € [0,1] XR
v(x,1) € R, we denote ||v(¢)]| its spatial £,-norm

1
()] = /0 (. 1)2dx (1)

and ||v|| its Le-norm for a measurable essentially bounded signal as

[0l = inf (€ 2 0] [v(x.0)] < € Laax € 0.1} = lim [vOll, @)

Additionally, for a real matrix A, |A| denotes its Euclidean norm
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|A] = Vmax(A(AT A)) A3)

in which A represents the eigenvalues of the matrix, and A7 denotes the transpose
of A.

E(x) denotes the expectation of a random variable x. For a random signal x(7)
(t € T c R), the conditional expectation of x(¢) at the instant ¢ knowing that
x(s) = xo at the instant s < ¢ is denoted B[y y,}(x(?)).

Finally, ¢;, € R” (r € Ny and i € {1,...,r}) denotes the unit vector, that is,
ey =(10---0)".es=(01---0)", ..., =(00--- 1). Besides, for (x|,x,) €
R”xR", we denote the Hadamard product of x; and x; as xj-x3 = (x1;%2;)1<i<r € R”.

2 Problem statement and control design

We consider the following controllable nonlinear dynamics

X(r)= f(X(1),U(t - D)) “)

in which X € R"” and U € R are the state and control input, respectively. f is a
nonlinear function of class C' such that £(0,0) = 0. The stochastic delay D is a
Markov process with the following properties:

(1) D@)e{Dyie{l,...r}},reNwith0<D <D;<D;<..<D,<D.

(2) The transition probabilities P;; (1, t2), which quantify the probability to switch
from D; at time ¢; to D; at time #, ((i,j) € {1,..,r}%, 1 > 11 > 0), are
differentiable functions P;; : R* — [0, 1] satisfying

D P =1, (0<h <n) )
j=1

(3)The realizations of D are continuous from the right.

The control objective is to stabilize plant (4) following a prediction-based ap-
proach, despite the random nature of the input delay. This will be achieved by a
robust delay compensation approach. Before detailing our control design, we first
further characterize the delay-free characteristics of the plant under consideration.

Assumption 1 There exists a feedback law « of class C' such that, the plant
X = f(X. k(X)) 6)

is exponentially stable with basin of attraction A C R", i.e. there exists a positive
definite function W : R — R, such that, for all compact C C A, there exist positive
constants A, Cy, Co and C5 such that, for all x € C,

aw

—x (X, x(X)) < -AX? 7)
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CiIX|* < W(X) < G|X (8)
dw
—r (0| < GIX] 9)

Assuming exponential stability of the delay-free closed-loop dynamics in lieu
of asymptotic stability is not restrictive, in the sense that some dynamical systems
for which the origin is only asymptotically stable can have a zero-delay robustness
property. This prohibits us from using a robust compensation controller as the one
we aim at designing.

We now detail two additional technical assumptions.

Assumption 2 The function f(X,U) is globally Lipschitz, i.e. there exists Cr, > 0
such that for ¥(u1,u2) € R> and V(X1, X») € (R")?

|f(X1,u1) = f(X2,u2)| < CLI(X1,u1) — (X2, u2)] (10)

Assumption 3 The feedback law « defined in Assumption 1 is such that k(0) = 0
and there exists a positive constant C4 such that

dk
dx

<Gy an

Contrary to Assumption 1, these last two assumptions are more restrictive and
more technical. They aim at simplifying the stability analysis detailed in the follow-
ing, but should be relaxed in future works.

Note that Assumption 2 jointly with the fact that £(0,0) = 0 guarantee that the
plant does not escape in finite time, which is a necessary condition for stabilization
to be achieved for any delay values. Therefore, we do not need to assume strong
forward completeness here, as usually done for prediction-based control for nonlinear
dynamics [3], but, in all likelihood, future works will have to replace Assumption 2
by this property.

The control law is chosen here as
U(1) = k(P(1)) (12)

in which the predictor P is defined for 6 € [t — Dy, 1] as

0
P(0,1) =X (1) + f(P(s,1),U(s))ds, t—-Dy<@<t (13)
t—Dg

To exactly compensate for the input delay, one would need the function ¢ : t —
t — D(¢) to be invertible in order to define the predictor. However, the stochastic
nature of the delay makes the computation of the inverse function ¢~ () (if it exists)
impossible as it depends on future delay variations and is therefore not causal.

For this reason, we hence propose to use a constant time horizon prediction in
the controller (12)—(13). Note that, if the time lag D were constant and equal to Dy,
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the control law would then involve the exact prediction of the state X over a time
window of Dy units of time. Consistently, we now formulate the main result of the
paper which states that robust compensation is achieved if the time delay remains
sufficiently close to Dy.

Theorem 1 Consider the closed-loop system consisting of the system (4) satisfying
Assumptions 1-3 and the control law (12). Let C be a compact set of ‘A containing
the origin. Then, there exist positive constants €* and p* such that, if

|Dg —Dj| <e*, je{l,..r} (14)

and if
Y(0) < p* (15)

there exist positive constants R and 7y (independent of the initial condition) such that

Efo,(x(0),00)1(Y (1)) < RY(0)e™" (16)
with .
Y(1) = |X(t)|2+/7 U(s)*ds (17)
t—-D-Dg

Condition (14) guarantees that the prediction performed in (13) remains suf-
ficiently accurate in the case of a stochastic delay. In details, (14) requires the
sequence of the random delay D = (D} --- D; --- Dr)T to be limited in a vicinity
€* of the constant Dy.

Note that this result is consistent with the delay-robustness results obtained in the
deterministic delay case. Indeed, [4, 19] provide a similar robust compensation result
for a time-differentiable delay function, under the assumptions that both the range of
variation of the delay and its variation rate are sufficiently limited. A similar result
was obtained in [13] but through a small-gain approach enabling to avoid restricting
the delay rate. Hence, Theorem 1 falls within this framework and extends it to the
stochastic context.

We now provide the proof of this theorem in the following sections.

3 PDE Representation of the Delay and Backstepping
Transformation

First, to represent the control input which is subject to a stochastic delay, we define a
distributed actuator vectoras, forx € [0, 1],v(x,) = (vi(x,1) -+ vi(x, 1) -+ v (x,1)
with vy (x,1) = U(t + Dy (x — 1)). This enables to rewrite (4) as

X(1) = f(X(1),6(t)"v(0,1))
Apv(x, 1) = Vi (x, 1) (18)
v(l,t) =U(1)1

)T



6 SiJia KONG, Delphine BRESCH-PIETRI

in which Ap = diag(D,,...,D,), 1is a r-by-1 all-ones vector and § € R” is such
that, if D(¢) = D, then §(¢) = e}, that is,

5 _{1 ifi=j
i(t) = (19)

0 otherwise

Hence, ¢ is a random process with the same transition probabilities as the stochastic
process D, but with the finite number of states (e;) instead of (D;). In the sequel, 6
and D will thus be equivalently used.

Now, we introduce v (x, f) to represent the control input U(¢) within the interval
[t — Dy, t], and the corresponding input estimation error ¥(x, ¢) defined as

{m, 1) =U(t+ Do(x - 1)) 00,

Vix,t) =v(x,t) —P(x, 1)1

Then, we define p(x, ) = U(t - Do +D(x — 1)) to represent the controller within
the interval [r — Dg — D, t — Dg]. The extended state (X (z), P (x, ), V(x, 1), u(x,1))

satisfies
X(1) = f(X(1),9(0,1) +6(1)T%(0,1))

DoV (x, 1) = Dx(x, 1)
v(1,6) =U(¢)
ApVi(x,t) =Vx = Zpiy (21)
v(l,t) =0
Dy (x,1) = e (x, 1)
u(l,1) =(0,1)

T
in which p = (D‘[;UDO e D’D_( ]DO) and 0 is a r-by-1 all-zeros vector.

In view of stability analysis, we introduce the backstepping transformation (see
[200)
w(x, 1) =d(x,1) —k(p(x,1)), 0<x <1 (22)

in which the distributed predictor p is defined as

plx.1) = X(1) + Do /0 FBG0.0(rD)dy, 0<x < 1 23)

Notice that this backstepping transformation is similar to the one used in the
deterministic context (see [20]) but applied here to our estimated distributed input .

Lemma 1 The backstepping transformation (22), jointly with the control law (12)—
(13), transform the plant (21) into the target system (X, w,V, i)
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X(1) = fF(X(1), k(X)) +w(0,1) +6(1)T%(0,1))
Dow;(x,1) = wx(x,1) + 1y (x, 1)

w(l, 1) =0
ApVi(x,t) =V —Zph(t+ Do(x - 1)) (24)
v(l,t) =0

5/11 (-x7 t) = /'lx(x, t)
u(L,1) = k(X (1)) +w(0,1)

in which r,, is defined for x € [0, 1] as

(6. 1) = =Dy S (P, N, 0,0 /(1) (25)
with
F(@0) = F(X(@0), k(X(0)) +w(0,8) + ()T 9(0,1)) = f (X (1), k(X () +w (0, 1)) (26)
@ is the state-transition matrix associated with the equation
re(x,t) = Dog—i;(ﬁ(x, 1, w(x,t)+k(p(x, t)))r(x, 1) 27

and h is defined for t > 0 as

h(1) = Doj—;(ﬁ(l, NP1, 1),w(0,1) +k(X(1)) +8(1)"¥(0,1))  (28)

with p(x, t) definedin (23) a function of X (t) and w(y, t) fory € [0,x] andx € [0, 1].

Proof Define q(x,t) = Dop,(x,t) — px(x,t). Taking time- and space-derivatives of
p defined in (23), one obtains

q(x,1)
=Do[£(X(0.50.0)+ 50 50,00+ [ Z23(3.01.900)Dudy

O A
+ 0 @(p(y7 t),V(y, t))dey _f(X(t),V(O, t)) (29)
* o *o
- [ 00 = [ 60050000
=Dy [ 2L (55,11, 90 1) (v, )y + Dof (1)
0

with () defined in (26). This integral equation can be rewritten under the differential
form
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4251 =Dy 5 (P, 1), 90, 1)g (5,1
q(0,1) =Do £ (1)

Thus, introducing the state-transition matrix @ associated with (30), it follows that

(30)

q(x,1) = De®(x,0,1) (1) 31)

As the time-derivative of the backstepping transformation (22) is given as

d
we (1) = 0, (x.1) - d—§<ﬁ<x, 0)pr(x.1) (32)

and its space-derivative as

d
W) = 026 ) = T (A1) pr(x,0) (33)

the dynamics of the backstepping variable w then follows.
In addition, the expression of /() for # > 0 is obtained by taking a time derivative
of (12)

h(t + Do(x = 1)) = x(x,1) = DoU(t + Do(x = 1)) = Doj—;(ﬁ(l,l))ﬁ(t) (34)

We are now ready to analyze the closed-loop system stablization.

4 Stability analysis of the closed-loop system

Let us define the state of the target system (24) as ¥ = (X,w,V,u) € R" X
Lo([0,1],R) X Lo([0,1],R" X L([0,1],R) £ Dy. Note that (24) was refor-
mulated as a dynamical system involving a random parameter, as studied in [14] or
[7]. We now formulate a well-posedness result for this system.

Following [14], by a weak solution to the closed-loop system (4) and (12)—(13), we
referto aR"x Lo ([-D, 0], R)xR-valued random variable (X (X, 1), U, (Up, -), D (1)),
the realizations of which satisfy an integral form of (4) and (12)—(13).

Similarly, by a weak solution to (24), we refer to a Dy X R-valued random
variable (X (Xo, t), w(wo, -, 1), V(¥o, -, t), u(uo, -, t), D(2)), the realizations of which
are a weak solution of (24), that is, in the standard weak solution sense of [8] for the
transport PDEs and under an integral form for the ODE.

Lemma 2 For every initial condition (Xy, Uy) € R" X Lo([-D,0],R), the closed-
loop system consisting of the plant (4) satisfying Assumptions 1-2 and the control
law defined in (12)—(13) has a unique weak solution.

Consequently, for each initial condition in Dy, the target system (24) also has a
unique weak solution.
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Proof The proof is omitted due to space limitation. O

From Lemma 2, (¥, §) thus defines a continuous-time Markov process and we
can therefore introduce the following elements for stability analysis.
In the sequel, we consider the following Lyapunov functional candidate

1 r 1
V(¥) :W(X)+bD0/O. (1+x)w(x)2dx+c2/0 (1+x)(e; - D) ¥(x)2dx
=1

1
+d5/ (1 +x)u(x)%dx (35)
0

with b,c,d > 0,andD = (Dy --- D; --- Dr)T and where - denotes the Hadamard
multiplication and the square in ¥(x)? should be understood component-wise.

As the functional V is not differentiable with respect to time ¢t when evaluated at
Y(r), we introduce the infinitesimal generator L (see [15] and [17]) as

1
LV(P) = limsup (i1, 0v.) (V¥ (1 + A1) = V(P) (36)
Ar—or DI

We also define L, the infinitesimal generator of the Markov process ¥ obtained
by fixing the value 6(¢) = e}, as

LV¥) = SO0 (%) 37

in which F; denotes the operator corresponding to the dynamics of the target system
(24) with the fixed value §(¢) = e, that is, for ¥ = (X, w, ¥, ),
FX(@0), k(X (1) +eF7(0) + w(0))

_ oy [ (X) + 7 ()]
Fi(9)(0 = -1 [ngc) ~Sph(-+ Do(x = 1))]

%ﬂx (x)

(38)

For the sake of conciseness, in the sequel, we denote V(¢), LV (¢) and L;V (¢), for
short, instead of V(W(¢),6(t)), LV(¥(¢),6(t)) and L;V(¥(r), t) respectively.

It is worth noticing that, due to the fact that V does not depend explicitly on ¢,
the infinitesimal generators are related as follows

r r GP, .
LV() = Y Py (0,0 S5 (O E; (¥ + D 20,0V (¥(1)
j=1 J=1
(39)

Pi]'(o, l)LjV(l)
1

r

J
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Therefore, in view of stability analysis, as a first step, one can focus on the

derivative of the Lyapunov functional evaluated for a dynamic with a fixed delay,
that is, L;V. This is the approach we follow in the sequel.

4.1 Lyapunov analysis

Before detailing the Lyapunov analysis, we provide a technical lemma, useful in the
following computations.

Lemma 3 Consider the function h defined in (28). There exists M > 0 such that
la(t + Do(- = )I* < MV(1), 1> Do (40)

Proof From the definition of the control law (12)—(13), (34) and Assumptions 2-3,
then

d 2
[h(0)? =D} (d—;(ﬁ(l,t))ﬁf(l,t))
<CAHF(P(1,1),9(1,0) + D(1,0,0) F(1)]? D
B 2
<C(IF (L. DL )] + P F0)])
Hence, using (26) and Assumption 2, one obtains
1
h(t + Do(- — D)|* = / Bt + Dolx — 1))
0
! 2
szcj(/ | (B(L, 1+ Do(x = 1)), (1, + Do(x — 1)))| " dx
0
1
+62D°CL/ |f(t+D0(x—1))|2dx)
o (42)
SZCf(Ci/ (IP(t + Do(x — 1)| +|U(t + Do(x — 1))|)2dx
0
1
+2C3 *PoCL / U(r + Do(x — 2))%dx
0
1
+zc§e2DocL/ U(t+Do(x — 1) = D(t + Do (x — 1)))2dx)
0

Besides, from (13) and Assumption 2, for 6§ € [t — Dy, ],
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A 9 A
|P(0)] SIX(t)I+CL/ (1P| +1U(s))ds

-D,
o . (43)
S(|X(t)|+CL/ |U(s)|ds)+CL/ |P(s)|ds
t=Dg t—Dy
Using Gronwall’s inequality, it follows that
R [
PO <Ix@l+C [ uslds
t—Dg
0 K
e [ (xols [ u@lge e @
t—Dg t—Dy

6
:eCL(g_t+D°)|X(I)|+CL/ eCL(g_S)|U(S)|dS
t—Dg

Replacing (44) into (42), one has
1
|2 (t + Do(- = 1)|I* < 2C§Dgc§/ (eCLD“x|X(t)| +|U(1 + Do(x = 1))
0

t+D()(X—1) 2
+CL/ eCL(”DO(X_])_S)|U(s)|ds) dx
t—Dg
(45)
+4C; DXC e

/1 U(t + Do(x — 2))%dx
0

1
+/ U(t+Do(x—1)—D(t+ Do(x - 1)))2dx)
0

Now, define the inverse of the backstepping transformation of (22), which is given
as
P(x,1) = w(x, 1) + k(p(x,1)) (46)

where p satisfies

p(x,1) =X(t)+Do/0 JBQ,0,w(y, 1) +k(p(y.1)))dy (47)

Similarly, using Assumption 2 and Gronwall’s inequality, one can also bound p(x, t)
as

X
plx,1) < eP0CLIFCIX X (1) + DoCy. / ePVCLHCD N |y (y p)|dy  (48)
0
Then, from (46), one obtains
901> < 3CFe*Po M X (1) + 3(CDGCT LD 4 1) w(n)|* (49)

Hence, observing that
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1 r 1
/ U(t+Do(x — 1) = D(t + Do(x — 1)))?dx < Z / U(t + Do(x — 1) — Dj)*dx
0 - 0
Jj=1

<2 (IPOIP+Ik@I?)  60)
and using (49) in (45), it follows that
At + Do(- = D)II> < Mx|X(0) > + My w0 > + My [l (0) |17 (S
in which (Mx, M,,, M,,) are positive constants defined as follows

My =6C3D°C2(¢2CtP 4 C22CLPU+C) (3132 21D 4 (1 4 27)e2C1D))
M, =6C%52C£%(CZBZC%eZBCL(HCU + 1) (3 + 3Ci€2cl‘5 + 2(1 + Zr)eZCLE)
M, =4(1 +2r)C2 D C2e*CLD

(52)
Consequently, from the definition of the Lyapunov functional V in (35), one finally

. . —2
gets the desired result with M = D" max {#’({P», IZI—E, ZI—B"}.

O
With this last ingredient, we are now ready to develop the Lyapunov analysis.

Lemma 4 Consider the closed-loop system consisting of (4) and the control law
(12)—(13) satisfying Assumptions 1-3. Let C be a compact set of A containing the
origin. Assume there exists a positive constant € such that

|IDo—Djl<e, je{l,..,r} (53)

and that X(t) € C for a certaint > D, then, there exist b,c,d € st which are
independent of € such that the Lyapunov functional V defined in (35) satisfies

LV (1) < —(n - g(e))V (1) (54)

with n > 0 independent of € and the function g : R, — R, satisfying lim¢_0 g(€) =
0.

Proof Applying integrations by parts and Young’s inequality, one obtains
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av dw -
T (OF () <52 FX0,1(X(0) +w(0,0)+7;(0,1)

1
= b(1=2y1)Iw(®)II* = bw(0,1)* + 2bzllrw . 0l?

r

R IO - Ym0 69

=1

r

D,

-c E (1—2‘1——
— Dy
r

+2€Z

=1
—du(0,1)* = d||u(n)|)* + 2du(1,1)°

Dj 1 2
1-5 — ||z + Do(+ = D)l
0] 72

From the definition of f in (26) with 6(7) = e ; and Assumptions 2-3, it holds
lIrw (2, DII? = DECFeP1CF7;(0,1)? (56)

Then, with Assumption 2, we obtain the following inequality

SO (1) <ZE(FX 0, (X () + CLlw(0,1) +7;(0.1)]
= b{1= 27w () = b (0,1
+ 2byiDgC§C§e2DOCLv 7(0,1)?
1
r D;
—c ; (1 -2 '1 o

+2CZ

I=1
= dp(0,1)> = dllu(n)|I* + 2du(1,1)*

- 57
72) 150117 = ¢ )" 51(0,1)? o7

I=1

D
| -
Dy

Lt + Do = )12
Y2

Therefore, applying Assumptions 2-3, Lemma 3 and Young’s inequality, LV (¢)
satisfies

LV() = Py 0. 0% () ()
=1

<- (% - 4"03) X0 = b(1 = 2y1) Iw(0)II?

—cZ(l—z‘l—g—(I)

=1

1 2 ZD()CL 22 C:%Ci \ "y 2
- (e = 26D CrCicy - =2k | 3 Py(0.07,(0.0)
=1

C3Ct
72) ()17 = dllu ()11 - (b —4d - = L) w(0,1)?

Y1
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c 2cre 1
= e P00 3 90,07~ du(0,1 + MV (658)
Jj=1 I#j

in which M is a positive constant which does not depend on € and is defined in
Lemma 3. o
Observing that Dy € [D, D], let us choose (b, c,d,y1,72) € (Ri)5 as follows

A
(a)d < @

(b)b > 4d + @
©y <1, R
y2 < gmin {(1 - 297" (- - D'},

—2 5 cic?
(e)c = 2b5-D e*PCLCiCT + =t

A

O

From (58), one then obtains (54) with the well-defined positive constant =

A-8dC}
4 L ;
O 45}, and the function

min {

g0 ="M (59)

which satisfies lim¢ 0 g(€) = 0.

The proof of Theorem 1 now follows.

4.2 Proof of Theorem 1

Firstly, as lim¢_,0g(e) = 0, there exists €* > 0 such that 7 — g(e) = y > 0
for € < €*. Therefore, according to Dynkin’s formula [9, Theorem 5.1, p. 133],
assuming temporally that X (7) € C for all r > D, from (54), one obtains for € < €*

ED.cv.0) D)1 ("'V (1)) - PV (D)

t (60)
<o ([, VO 4LV 5] 0

from which, using standard conditional expectation properties, one deduces

Eo.w.0)(0)](€”"V(2)) <Ej0,v.p)(0)] (P V(D)) (61)

Consequently, applying Gronwall’s inequality to (60) (see [16])

Efo.cv.0)0)] V(1)) < Efo.cv.0)(0)](V(D))e 7P (62)

Similarly to [19, Lemma 4], by applying Young’s and Gronwall’s inequalities
to the backstepping transformation (22) and its inverse (46), there exist positive
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constants g and g, such that for vz > 0, 1V () < Y (1) < q2V(¢). It thus follows
that E[U,(Y(()),D(()))J(Y(t)) < %E[O,(Y(O),D(O))J (Y(D))E_Y(I_D>. To relate Y(D) to
Y (0), we formulate the following lemma.

Lemma 5 Consider the dynamics (4) satisfying Assumptions 1-3. There exists a
constant Ry such that the function Y defined in (17) satisfies

Y(r) < RyY(0), te€0,D] (63)

Proof Firstly, with Assumption 2, notice that
t
|X(1)] <e“L!|X(0)| + Cp / eCLU=9)\U(s - D(s))|ds
0

r t
<eCL|X(0)] + Cp. Z / eCLUNU(s - D;)|ds (64)
=190

For t € [0, D], with U(r) = Uy(t) for r < 0, (64) then gives

min{z—D,0} t—-D

Uo(s)%ds + N, / U(s)*ds (65)

X < MIX(O)P + N2 /
min{r-D,0}

with Ny = 2¢2€LD and Ny = rCI%Nl. Besides, using Assumption 3 and (44), the
prediction-based control law satisfies the inequality

U] = |x(P(1))] < C4 (eCLD"IX(t)I +Cp /_

Dy

eCL<’S>|U(s)|ds) (66)
from which one obtains

t
U(t)> < N3|X(1)|> + Ns / U(s)*ds (67)
t—Dg

with N3 = 2C3e*“2P0 and Ny = C3 Ns.
Replacing (67) into (65) and using again (65), one obtains

t-D

min{zr—D,0} D
X(OP <M IX(O)] + N / B Uo(s)?ds + NaNs / X(s5)?
- min{z-D,0}
t-D
+ NaN4Dy / U(s)*ds (68)
min{zr-D,0}-Dy
t-D
<Ns|X(0)]> + Ng / _ U(s)%ds (69)

with
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Ns =Ny (1+N>N3(D - D)) (70)
Ne =N, (1 +NoN3(D = D) + N4D0) 1)
Hence, with (67), it follows that
U(#)* < N3Ns|X(0)|* + (N3Ne + Ns) / ; U(s)*ds (72)
and, applying Gronwall’s lemma, that

t
U(r)? < N7|X(0))* + Ng /7 Uo(s)>ds (73)
-D

with N7 = N3NseNsNstNoD and Ng = (N3N + Na)e V3Ne+No)D  Consequently, it
also holds

t
X (1) < NolX(O)] + Ny / " Up(s)2ds (74)

with Ng = N5 + Ng(D — D)N; and Nig = Ng(1 + (D — D)Ng). Therefore, as from
(17), it holds

0 t
Y(r) = |1X(0)]* + / _ Uo(s)%ds + / U(s)ds (75)
t—-D-Dg 0
the conclusion follows from (73) and (68). ]

With Lemma 5, we can now conclude the proof of Thgorem 1. Indeed, the function
Y thus satisfies Ejo, (w.p)(0)] (Y (1)) < ;’—fRoY(O)e*V(’*D) ,if X(t) e Cforallr > D.

Finally, let us denote /o7 such that B(0, \/p;) C C and observe that | X OIS
Y () for all # > 0. Consequently, a sufficient condition for X () belonging to C is

Y () < pj and the result follows with p* = ﬁpg and R = ;’—fRoe“/D . Theorem 1
is then proved.

5 Conclusion

In this chapter, we extended our previous work [18] to the case of nonlinear systems,
using a controller based on a constant time horizon prediction to robustly compensate
for stochastic input delays. A first direction of improvement of this work will be to
relax the technical assumptions made in this chapter on the dynamics, in particular
on the global lipschitzness of the vector field.

Besides, the sufficient condition we obtain for closed-loop stabilization bears on
the range of the possible delay values, which should be small enough, and on the
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prediction horizon which should be close enough to this range. Hence, this condition
does not distinguish between the delay probability distributions. It is thus likely to
be somehow conservative. Relaxing this condition to involve the delay distribution
into the stability analysis is an important direction of future work.

Similarly, to increase the closed-loop performances, other prediction horizons
could be considered in the future, such as the current expected value of the delay.

Finally, our analysis methodology grounds on the probabilistic delay averaging
approach [16], modeling the input delay as a Markov process with a finite number
of states. Another important direction of future works is to extend this analysis
methodology to the case where the delay takes values in a continuum.
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