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Stochastic Optimal Control of Unknown Linear Networked Control
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Abstract—In this paper, the Bellman equation is utilized
forward-in-time for the stochastic optimal control of
Networked Control System (NCS) with unknown system
dynamics in the presence of random delays and packet losses
which are unknown. The proposed stochastic optimal control
approach, referred normally as adaptive dynamic
programming, uses an adaptive estimator (AE) and ideas from
QO-learning to solve the infinite horizon optimal regulation
control of NCS with unknown system dynamics. Update laws
for tuning the unknown parameters of the adaptive estimator
(AE) online to obtain the time-based Q-function are derived.
Lyapunov theory is used to show that all signals are
asymptotically stable (AS) and that the approximated control
signals converge to optimal control inputs. Simulation results
are included to show the effectiveness of the proposed scheme.

Index Terms— Networked Control System (NCS), 0O-
function, Adaptive Estimator (AE), Optimal Control.

I. INTRODUCTION

Feedback control systems with control loops closed
through a real-time network are called networked control
systems (NCS) [1]. In NCS, a communication packet carries
the reference input, plant output, and control input which are
exchanged using a network among control system
components such as sensors, controller, and actuators. The
primary advantages of NCS are reduced system wiring, ease
of system diagnosis and maintenance, and increased system
agility. However, insertion of the communication network in
the feedback control loop brings many challenging issues.

The first issue being the network-induced delay that
occurs while exchanging data among devices connected to
the shared medium. This delay, either constant or random,
can degrade the performance of control system and even
destabilize the system when the delay is not explicitly
considered in the design process. The second issue is packet
losses due to unreliable transmission which can cause a loss
in control input resulting in instability. These issues have
been identified in the literature and are being studied.

Recently, Nilsson [1] analyzed the stability of linear
NCS with random delays. Walsh [2] considered stability
performance of linear NCS with constant delays. Zhang [3]
conducted the stability analysis of linear NCS with delays
and packet losses and proposed a stability region.

However, optimality is generally preferred for linear
NCS which is very difficult to attain. Lian [4] proposed the
optimal controller design by using classical optimal control
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theory [7] for linear NCS with multiple constant delays into
its NCS representation. Using the stochastic optimal control
theory [7], Nilsson [1] proposed the optimal and suboptimal
controller design for linear NCS with random delays.
Although these optimal and suboptimal controller designs
have resulted in satisfactory performance, they all require
information about the system dynamics of linear NCS and
information on delays and packet losses which are not
commonly known beforehand. Even when the dynamics of
the linear system is known, closing the loop over a
communication network with random delays and packet
losses can make the overall linear NCS dynamics uncertain.

On the other hand, approximate/adaptive dynamic
programming (ADP) schemes proposed by Werbos [8],
intend to solve optimal control problems forward-in-time. In
ADP, one combines adaptive critics, a reinforcement
learning technique, with dynamic programming. Recently
Lewis [9] introduced the methods of reinforcement learning
and ADP for feedback control to obtain the optimal
controller for systems with unknown dynamics.

Tamimi [9] used the Q-learning method to solve the
optimal strategies for discrete-time linear system quadratic
zero-sum games in forward-in-time without knowing the
system dynamics wherein the dynamics are defined as
constant matrices. In [10], Dierks and Jagannathan used two
neural networks (NN) to solve the Hamilton Jacobi Bellman
(HJB) equation forward-in-time for optimal control of a
class of general nonlinear affine discrete-time systems.
While [9] is mainly addresses linear time-invariant systems,
work in [10] targets optimal control for nonlinear systems.
However, these papers [8-10] did not consider the effects of
delays and packet losses which are normally found in a
NCS. The delays and packet losses can cause instability [3]
if they are not considered which in turn make the optimal
controller design more involved and different than [9].

Thus, this paper introduces ADP techniques for the
optimal control of linear NCS with uncertain system
dynamics and in the presence of random networked-induced
delays and packet losses which are unknown. In other
words, a linear NCS with random delays and packet losses
will be represented by a linear time-varying system with
unknown system matrices. Consequently, the suboptimal
approach in [9] is not directly applicable.

Therefore, first, a novel approach is undertaken to the
optimal regulation of linear NCS with random delays and
packet losses to solve the Bellman equation [7] online and
forward-in-time. Using an initial stabilizing control, an
adaptive estimator (AE) [11] is tuned online to learn the cost
function since solving the stochastic Ricatti equation (SRE)
requires the system matrixes. Then, using the idea of Q-
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learning, the optimal controller which minimizes the cost
function can be calculated based on the information
provided by the adaptive estimator (AE). Thus the proposed
QO-learning based scheme relaxes the need for system
dynamics and information on random delay and packet
losses. Next, the NCS background representation is
presented..

II. BACKGROUND

The basic structure of NCS considered in this paper is
shown as Figure 1 where the feedback control loop is closed
over a wireless network. Since wireless network bandwidth
is limited, two types of network-induced delays and one type
of packet losses are included in this structure: (1) (t):

sensor-to-controller delay, (2) z,,(¢) :controller-to-actuator

delay, and (3) ;/(t): indicator of packet received.

T
‘ Actuator } } Plant } Sensor
Wireless Network
Delay | 7.,(1) 70|  Delay
Packet losses }/(t) }/(l‘) Packet losses
Controller

Fig. 1. Networked Control System (NCS).

The following mild assumption is made as [7]:
Assumption 1: a) Sensor is time-driven; controller and
actuator are event-driven [4]; b) Communication network is
a wide area wireless network so that two types of network-
induced delays are independent and unknown whereas their
probability distribution functions are considered known [7].;
¢) The sum of two delay types is bounded [7], while the
initial state of system is deterministic [7].

Assuming that the controlled plant is a linear time-
invariant system, when the networked-induced delays and
packet losses are considered, the NCS can be expressed as
i(t)= Ax(e)+ (1) Bule ~ (1)) (1)
where

I"™" if thecontrolinputisreceivedat time¢
=y . . o

0 if thecontrolinputlostat time#
x(t) € R",u(t) € R™ and the original system matrices
are A € R™™, B € R™™ . From Assumption 1, we can
assume the sum of network-induced delays z(¢) =7 (¢)+

7, ()< Eﬂ , where d represents the delay bound while 7, is

the sampling interval.
During a sampling interval [k7,,(k+1)T,) Vk , the
controller input u(¢) to the plant is a piecewise constant.

According to Assumption 1, there are at most d various
current and previous control input values that can be
received at the actuator. If many control inputs are received
at the same time, only the newer control input is allowed to

act on the plant during any sampling interval [kT S,(k+1)TA_)

Vk , and other previous control inputs are deduced. Since
control input is based on event driven and can be only
received at random instant (Assumption 1), the changes in

x(t) occur at the random instants k7, +¢/,i=0, 1,...d —1
andt; <t! wheret =17/ —iT, as illustrated in Figure 2 [7].

(—d-3T, (k-d-2)T, (e—d—DT, k=T, - (k-DT, KT,

ANENENERNEININ

A S AN

(k+ 1T,

Fig. 2. Timing diagram of signals transmitting in NCS.

Since the controller is event driven, the termu, can be
used to express the controller when the sensor signal x, is
transmitted to the controller. Integration of (1) over a
sampling interval [kT, (k +1)T. ) Vk yields

52

d-1
X1 = AS + Zyk—iBikuk—i (2)

i=0
where

X = x(kTs)s)/k = y(kTS )a 4, =e"";
B = [ g e (i, — o, Jod(ct —iT)

P, ! A
Vi=12...,d -1
BE = e asBen((k+ 1), - b),
and
0,ifu,_; isreceivedat [kTY, (k + I)Tx) I, x=0
Viei = {1,ifuk_i islostat k7, (k +)T,) ()= {o, x<0

Using (2), a new augment state variable z, =[x,f

u,, ukrfcjfl}r is defined such that (2) can be expressed as
Zjn = Az + By (3)
where the system matrices become time-varying

A, Vk-lBlk 7k—iBik 7k_g_]B§_] Bk

0 0 0 0 7 ’; 0

0 ] 0 0 m
Ay =1 . " . . . . By=| 0

0 0 e I, 0 :

0
o 0 - 0 I, 0

In this paper, we derive the optimal controller to
minimize the cost function

4

i=k

J, = E{Z(xf Sx, + ul.TRul.)} k=012,... )

where S and R are symmetric positive semi-definite and

symmetric positive definite matrices respectively and E (O)is
.y

the expected operator (in this case the mean value) of

Z(x,.TSxi +u] Rul.) based on delays and packet losses. After

i=0
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redefining the augment state variable z, , original cost
function, (4) can be expressed as

J, = g[ik(zT S.z, +u'Ru, )} k=012,... )
7 S 0 0
where S, = 0 R/:d 0 ,andRZ:%R.
0 0 R/d

Note the matrices S, and R, are still symmetric semi-positive
definite and symmetric positive definite respectively.

III. STOCHASTIC OPTIMAL CONTROL

In this section, the idea of Q-learning [9] and concept of
adaptive estimator is used to develop a stochastic optimal
control design for NCS with unknown dynamics in the
presence of random delays and packet losses. First, Q-
function is setup for NCS with random delays and packet
losses. Second, model-free online tuning of the parameters
based on adaptive estimator and Q-learning algorithm will
be proposed. Eventually the convergence proof is given.

A. Q-function Setup for NCS

Consider the NCS in the presence of random delays and

packet losses described by equation (3) as z,,, =4z, +
B,u, . Assume that the NCS system has z=0 a unique
equilibrium point on a set Q while the states are considered
measurable. According to these conditions, the stochastic
optimal control input which minimizes the stochastic cost

function J, for NCS system (3) can be derived as u, =—K,z,
with K, being the optimal gain. According to the optimal
control theory, the cost function can also be represented as
Ji=ElRz,) ©)

where P, is a symmetric positive definite matrix and the

solution to the SRE [7]. The optimal action dependent value
function O(e) of NCS is defined in terms of conditional

expected value as
Q(Zk’”:»): TE;{ZZSsz +ug R, +J ) = TE;{”(Zwuk)"'J:ﬂ}

:5{[4{ TAAEANTA (7

Since stochastic optimal control, u, , is dependent on state

z, which is known at time £ , O-function can be expressed as
Olzu; )=z (2 1E(H)Z! (2, )T . Then using
.y

Bellman equation and cost function definition, we can
formulate the following equation by applying Q-function as

T
Zi Zy T T ( T
* E(Hk <=8z tu, Ru, + E Zk+lPk+lzk+l)
u, | or u, Ty

®)

* *
Uy [ U

|z ! Sz+§y<AszPk+1Azk)
E(BLP,

E(4Lp.B,) {ﬂ

n) R Ebns)

.y

Therefore, E (H X ) (in contrast with a constant A in [9]) can
.y
be written as
— HF H"
Hk = E(Hk ) = _kuz _kuu
o7 H k H k
Sz + E(AZ/;P/{-HAZk ) E(AZI;PkHsz )
— 7.y .y

E(BZTI\ Pk+1Azk ) Rz + T!EV(B;})IHIsz )

(4

)

The optimal action dependent cost function Q(zk,u;f)is
equal to the minimum of cost function J, while the policy u,
is optimal. Therefore, we have
J, =minJ, = minQ(zk,uk)

= nging([zlf w H, [z, u1)=0@.u'(z)  (10)

Then using (9) and stochastic control theory [7], the gain of
the optimal control can be expressed in terms of H, as

ko[ sl

Note that if P, is known, then one still need the time

BB R, B, )= () )

.y

varying system matrices to compute the controller gains. On
the other hand, if time varying matrix /, can be learned
online without the knowledge of linear time varying system
dynamics, the NCS system matrices are not needed to
compute the optimal controller gains.

B. Model-free Online Tuning based on Adaptive

Estimator and Q-Learning

The proposed online tuning approach entails one adaptive
estimator which is used to learn the Q-function. Since Q-
function include /, matrix, this matrix can be solved online
and the control signal can be obtained using (11). We make
the following assumption since the NCS is linear, the delays
of NCS are upper bounded and packet losses satisfy the
Bernoulli distribution, and both of them change slowly [5].
Assumption 2: The Q-function, Q(zk,uk), can be expressed
as the linear in the unknown parameters (LIP).

By using the stochastic adaptive control theory [7] and the
definition of Q-function (7), the Q-function can be
represented in vector form similar to the adaptive estimator
representation on a set as

Q(Zk’uk)=wlzﬁkwk =ZkTWk (12)
where i, =vec(H, ), w, = [sz u(sz)]T,wk e R™4m=land i,

= (w,f],...,wk]wkl,w,fz,...,wlflw,,w,z) is the Kronecker
product quadratic polynomial basis vector.

Note: vec (O)function is constructed by stacking the columns
of matrix into one column vector with off-diagonal elements
which can be combined as H,, +H,, . The time-varying
matrix H, can be considered as slowly varying [5]. Then Q-

function can be expressed as target unknown parameter
vector and the regression functionwy.
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Now, the QO-function Q(z,,u,) estimation will be
considered.

C. Q-function Estimation for Optimal Regulator Design

According to the definition of Q-function [9] and
relationship between Q-function and cost function [9], we

can use matrix H, in (9) to express the cost function as
Jy = Wgﬁkwk = %kTWk

(13)
Then the Q-function Q(zk,uk)can be approximated by an

adaptive estimator in term of estimated parameters l?k as

A

Q(Zk S Uy ) = }_lkTWk (14)
where Ek is the estimated value of the target parameter

vector f_tk with basis function satisfying ||Wk|| =0 for ||zk|| =0.
It is observed that Bellman Equation can be rewritten as
Jooy —J, +7(z,,u,)=0 This relationship, however, is not

guaranteed to hold when we apply the estimated matrix H ‘-
Hence, using delayed values for convenience; the residual

error associated with (14) can be expressed as jk _'}k—l

+ r(zkfl,ukfl): € s 1.6,

Ch = ’”(Z/H U ) + }_ZkTAVVk—l (15)
where AW, =w, —w,_,.

The dynamics of (15) are then rewritten as
1 :r(zk>uk)+%k7;lAVVk (16)
Next, we define an auxiliary residual error vector as
Z, =T, + B AW, | e R ) (17)

where I, =[r(z,_,u,,) 1z, 1) - (2w, )], and
AW, =[AW,, AW, AW, 10<j<k-1eN with

Nbeing the set of natural real numbers. It is important to
note that (17) indicates a time history of the previous j+1

residual errors (15) recalculate by using the most recent /’_l,\ .
The dynamics of the auxiliary vector (17) are generated
similar to (16) and revealed to be
hl AW, (18)

—_ T
B =T + iy
Now define the update law of the time varying matrix H, as

LS SV
by = AW, (AW,AW! | (@22, -T7) (19)
where 0 < ¢, <1. Substituting (19) into (18) results

B = O E (20)

Remark 1: It is observed that the cost function J, and

adaptive estimation (13) will become zero only whenz, =0.
Hence, when the system states have converged to zero, the
O-function Q(zk,uk)approximation is no longer updated. It
can be seen as a persistency of excitation (PE) requirement
for the inputs to the Q-function Q(zk,uk)adaptive estimator

wherein the system states must be persistently exiting long

enough for the adaptive estimator to learn the optimal cost
function. Here PE condition is met by introducing noise.
Therefore, we define the parameter estimation error to be

Zk =h, —hik and rewrite Bellman Equation using the target

adaptive estimator representation (12) revealing Ekilv_vm =

r(zk Uy )+ EkTHWM , which can be expressed as

V(stuk): I W =B Wy = —h AW, 21
Substituting 7(z,,u,) into (16) and utilizing (15) with

e =a,e, from (20) yields

hLAAW, = —ar(z,u )= e h] AW, (22)
Using the similar method as r(z,,u,), we now form

r(zk_l,uk_1)= —EkTA%_I, and substitute this expression into

(22), we have

WG AW, = a, bl AW, (23)
Next, the convergence of the cost function estimation error

dynamics with adaptive estimation error, dynamics Ek given

by (23) is demonstrated given an initial admissible control
[11] policy. The linear NCS time varying system dynamics
are known to be asymptotically stable if an initial admissible
control policy can be applied provided the system matrices
are known. However, introducing the estimated Q-
function results in estimation errors for the cost functionJ, ,

whose stability need to be studied. Subsequently, the results
of Theorem 1 will be used for proving the overall closed-
loop system stability in Theorem 2 by using an initial
admission control policy.

Theorem 1: (Asymptotic stability of the Cost AE Errors).
Let uo(zk)be an initial admissible control policy for the

linear NCS (3), and let the adaptive estimator (AE)
parameter update law be given by (19). Then, there exists a
positive constant ¢, satisfying 0<e, <1 such that the

adaptive parameter estimator errors converge to zero
asymptotically.

Next, we show that the estimated control input based on
this estimated matrix will indeed converge to the optimal
control input.

D. Estimation of the Optimal Feedback Control Signal

There are two ways to estimate the optimal control signal
for regulating the NCS. One of them is based on time
varying matrix H, , the other one is based on standard

optimal theory by minimizing the cost function. The
difference being that the second method requires the system
dynamics and it solves the optimal controller backward.
However, it is shown that ultimately both are equivalent
which can be used in the proofs.

Method I: As mentioned before, time varying matrix H,

can be estimated by an adaptive estimator (AE). According
to Q-learning and equation (11), the estimated optimal
control input can be expressed by the adaptive estimation

H, as
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Uy, = _[%kzk = _(ﬁ;u)_] ngzzk (24)
Method II: Alternatively, the estimated optimal control
signal which minimizes the estimated cost function (13) with

the adaptive estimation (AE) H, . 1s written as

1 T ajkﬂ

ﬁzk = _ER_IBZk (25)

z

o=
. r e r oA o
where J,,, = E(Wk+]Hk+1Wk+1)= E(xMPA,HxM) Next, it will
.y Ty

be shown that the optimal control input obtained by method
I and II are equivalent.

Lemma 1: The optimal control estimation calculated with
the adaptive estimation of Q(zk,uk)is equal to the optimal
control calculated by minimizing the cost functionJ, , i.e.
Uy =ty -

Since the equality proven in this lemma is in both ways
and noting the drawback of second method, we use the first
method to solve the optimal controller design for the NCS.
However, we will use the Lemma 1 to complete the
convergence proof since they are equivalent. Next, the
stability of the cost estimation, control estimation, and
adaptive estimation error dynamics are considered.

E. Closed-loop System Stability

[ X
(ﬁuu yl ™ - B
— e, )= () F=z,
\ 4

Tyt = Ay 7+ sz"(zk)
Linear Network Control System with Unknown 4 . andBJ‘
. .

YY v

Adaptive Estimator of
O, \z,,u, )function

-~

A_TL
Jo=w,Hw,|

S
\ 4 hyw,

Cost Function
Network

Fig. 3. Stochastic optimal regulator block diagram

In this section, it will be shown that time-varying matrix
H, and related cost function estimation error dynamics are

asymptotically stable (AS). Further, the estimated control
input of NCS (25) will approach the optimal control signal
asymptotically. Before introducing the theorem on system
stability, we present the block diagram for the stochastic
optimal regulator of linear NCS with unknown system
dynamics which is shown in Figure 3.

Next, the initial system states are considered to reside in
the set which in turn is stabilized by using the initial
stabilizing control input u,, . Further sufficient condition for

the adaptive estimator tuning gain «,, is derived to ensure the
all future states will converge to zero. Then it can be shown

that the actual control input approaches the optimal control
asymptotically.

Theorem 2 (Convergence of the Optimal Control Signal):
Letu,, be any initial admissible control policy for the NCS
(3) with random delays and packet losses with0 <k <1/2.

Let the parameters be tuned and estimation control policy be
provided by (19) and (25) respectively. Then, there exist
positive constants ¢, given by Theorem 1 such that the

system states z, and cost function parameter estimator errors
f:k are all asymptotic stable. In other words, ask — 0,2z, —

0,h, —0,J, > 0andd,, —u,,i,, —>u,.
Proof: Consider the following positive definite Lyapunov
function candidate

V=V,(z)+V,(h) (26)
where V,(z,) is defined as V,(z,)=2zz, and V,(z,) is
defined as ¥/ () = (bW, — bW, )" = (h! AW,_,)*.

The first difference of (26) can be expressed as AV =
AVp(z)+ AV, () . and AV, (h)=(h/,AW)® = (h/

AW, _,)? with the adaptive estimator, we have

AV, Gy =i -z Xiram, < —i—at w2 i @)

Next, considering the first part AV, (z,)=z!,,z,., -zl z, and
applying the NCS and Cauchy-Schwartz inequality reveals

A ~ 112
AV, (Zk ) < "Azk Zp + By, — sz”k” - ZkTZk

<2z, + By +2 (28)
Applying the bounds on closed-loop dynamics with optimal
control, and recalling 1, =1i,, from Lemma 1 (i.e. u, =0).

~ 112 T
szuk” —ZpZ;

Therefore, AV, (z, )is expressed in terms as the adaptive

estimator (AE) error dynamics of the matrix H, . and the
relationship between Q(zk Sy ), }:zk and J, 4 » (28) revealing

AV (z) < —1-26" o | + 2B | < (-2 )= 29)
At final step, combining the equation (27) and (29), we have
Al - 0-at oz |

Since 0<k” <1/2 and 0<a, <1, AV is negative definite

AV <—(1-2k") h,

(30)

(See Remark 1) and V' is positive definite. Therefore, system

states z, andi?k are all asymptotically stable. In other words,

ask > o0,z, >0,k =0 J, > J,andd,, —>u,,i,, —> u, .

IV. SIMULATION RESULTS

In this section, stochastic optimal control of NCS is
evaluated and compared with a pole placement controller.
The networked control batch reactor system [2] with random
delays and packet losses is given
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1.38  -02077 6.715 -5.676 0 0
. |-05814 -429 0 0.675 5.679 0
= X+ u(31)
1.067 4273 -6.654 5893 1.136 -3.146
0.048 4273 1343 -2.104 1.136 0

The parameters of this NCS are given as: the sampling time:
T. =100ms ; the bound of delays is two, i.e. d=2 ; the
random delay: E(z,)=80ms, E(z,)=150ms ; packet Losses
follow Bernoulli distribution with p =0.3.

Sensor-to-controller Delay

N
E
> 80)
Ky
3 &
0 4 8 12 16 20 Packet Losses Distribution
ime (Sec) ("1" means packet received, "0" means packet lost)
Delay in total 2 1

— 200 4
2
150 Jos)
) ]
] 3
a 100/ ]

0 4 8 12 16 20 a 0O

Time (Sec) 0 4 6 20

8 12
Time (Sec)

Fig. 4. The distribution of delays. Fig. 5. The distribution of packet losses.

The distributions of two random delays between sensor
and actuator are shown in Figure 4. On the other hand, the
packet losses are shown in Figure 5. Based on NCS
parameters, the NCS model (31) can be discretized as (3).

30 3
[ —e
@ »
] [ N R R R e2
5 A 2 20 e3
> il S
= i > ---e4
: o =
. =
wi S i ’
c % S o
K] | 2 O
g gl
=] i D _10LY
g y &
12
-5 -20
0 9 0 4 16 20

8 12
Time (Sec)
Fig. 7. Proposed optimal control

3Time (Secf
Fig. 6. State tracking error of NCS

First, the effective of random delays and packet losses for
NCS is studied. The traditional control input

_ [ 088 0.77-0.11107
K 12165 -0.08 —2.93 2.61

placement method maintains batch reactor system stable
without any delays and packet losses, while it renders an
unstable system in the presence of random delays and packet
losses as shown in Figure 6. Secondly, when designing the
control for NCS, packet losses and delays are normally
unknown. The proposed Q-learning-based adaptive optimal
controller is implemented to the NCS with unknown system
dynamics in presence of random delays and packet losses.

}xk , designed by pole

: 7
The augment state z, is generated as z, = [xk u, ukfz] €

R®*and w= [z u]e R***1the initial stabilizing policy for

the algorithm was selected as
0.88 0.77-0.111.07 0.25 0.01 0.140.02
uy(z,) = i
-1.65-0.08-2.932.61-0.020.68 -0.030.51

while the regression function for the Q-function was
generated as following {wf,wlwz,wlw3,...,wf,...,wj,...,wfo}
which is general defined as (12).

The design parameter for the Q-function Q(zk,uk)was

selected as o, =107° while the initial parameters for the

adaptive estimator were set to zero at the beginning of the
simulation. The initial parameters of the action control
network were chosen to reflect the initial stabilizing control.
The simulation was run for 200 times steps, and for the first
120 times steps, exploration noise with mean zero and
variance 0.06 was added to the system in order to ensure the
persistency of excitation (PE) condition holds (Remark 1).

In Figure 7, the proposed (Q-learning based stochastic
optimal controller makes the NCS state tracking errors
converge to zero even when the NCS dynamics are
unknown. According to the above results the proposed Q-
learning based adaptive optimal control algorithm will have
nearly the same performance to the NCS with unknown
dynamics as that of an optimal controller for NCS when the
system dynamics, delays and packet losses are known.

V. CONCLUSIONS

In this work, a direct dynamic programming scheme is
proposed which combines the adaptive estimator (AE) and
the concept of Q-learning to solve the Bellman equation in
real time for the stochastic optimal regulation of NCS with
random delays and packet losses. The availability of past
state values ensured that NCS system dynamics were not
needed when an adaptive estimator (AE) generates an
estimated Q-function and a novel stochastic optimal control
law based on the estimation of Q(z,,u,) . An initial
admissible control policy ensures that the system is stable
while the adaptive estimator learns the O-function Q(zk,uk)

and the matrix ﬁk , cost function and optimal control signal.

All adaptive estimator (AE) parameters were tuned online
using proposed update law and Lyapunov theory
demonstrated the asymptotic stability of the overall closed-
loop system.
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