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Abstract— In this work, we address sequence-based stochastic
receding horizon control over networks. We focus on the case
where application layer acknowledgments are issued from the
plant side upon reception of control inputs. Being an ordinary
payload from the perspective of the underlying network, they
can convey additional information that can be exploited by
the controller upon reception. While this covers the notion of
TCP-like and UDP-like communication usually considered in
literature, the downside is that delays and losses of acknowl-
edgments must be considered by the controller. It is known
that in such cases the computation of optimal control policies
is generally intractable due to the impact of the dual effect. For
a usual quadratic cost criterion, we derive a tractable policy
by approximating the non-convex value function by a set of
coupled quadratic functions. The policy is linear in the state
estimate provided by the IMM filter we proposed in a previous
work and, hence, has only low computational complexity. Its
performance is demonstrated in a numerical example.

I. INTRODUCTION

At least since the dawn of cyber-physical systems and
their tight integration of physical and software components,
Networked Control Systems (NCS) that use general-purpose
communication infrastructure to exchange the data needed to
control and monitor the physical components, have become
increasingly important in many fields [1], [2]. Along with
reduced effort and maintenance, this is mainly due to an
increase in flexibility compared to traditional point-to-point
connections between the components of the control loops [3].

On the downside, employing such networks almost in-
evitably introduces additional aspects that affect the achiev-
able control performance [4]. Packet delays and losses pre-
sumably pose the most critical problem since they can lead to
missing inputs at the plant side. One popular countermeasure
in literature is sequence-based control [S]-[7]. Here the idea
is to transmit a complete sequence U, of control inputs
that also consists of predictive inputs for the next time
steps in addition to the current one wu;. Approaches for
the computation of such control sequences usually rely on
receding horizon principles [6], [8], build upon nominal
controllers that disregard the network [9], or attempt to
directly minimize a cost function [10], [11].

Yet, finding control policies that are truly optimal w.r.t. the
underlying cost function is only possible in a few special cases
and demands a TCP-like setting, that is, the instantaneous
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Fig. 1: Schematical overview of the considered setup.

and failure-free delivery of acknowledgments issued at the
plant side upon reception of control inputs [11], [12]. In
case acknowledgments are not provided, typically referred
to as UDP-like communication, or can get lost, it has been
shown that the controller’s insufficient knowledge on actually
applied control inputs impacts the future uncertainty of the
state estimate [12], [13]. This is called the dual effect [14]
and renders the computation of optimal policies intractable.
Consequently, suitable approximations must be made in such
setups. For instance, linear control policies for UDP-like
scenarios have been presented in [10], [15], and, more recently,
in [16].

In previous works [17], [18], we interpreted the acknowl-
edgments issued at the plant side upon reception of applicable
control sequences as application layer acknowledgments.!
This approach does not only comprise UDP-like and TCP-
like communication as special cases, but also enables the
acknowledgments to carry more information for the controller.
On the downside, as sketched in Fig. 1, potential delays and
losses of acknowledgments must now also be factored in.
In [17], we considered state estimation in such NCS based
on interacting multiple model (IMM) filtering [20], while
we addressed receding horizon control in [18]. In this work,
the main result was an algorithm for the computation of the
parameters of a linear controller that takes the impact of the
dual effect into account and iteratively refines a reference
trajectory to minimize an upper bound of the cost.

The main contribution of this paper is the introduction
of an alternative to the algorithm from [18], which is
computationally less complex and directly makes use of
the state estimate provided by the IMM filter from [17],
which is given in terms of a Gaussian mixture. The key idea
of the proposed approach is to use approximate dynamic
programming [21] to approximate the value function based

' They should not be confused with the dedicated acknowledgment packets
that are issued by certain transport layer protocols in real networks. A
common example is TCP, which uses them to retransmit data in order to
enhance the reliability of the communication. On the downside, this trades
losses for large delays, which is usually undesired in control applications [19].



on the interaction of a set of quadratic functions, one for
each component of the mixture, so that the resulting control
policy is linear in each of the means of the mixture.

Notation: Throughout this paper, vectors will be in-
dicated by underlined letters (x), random vectors will be
underlined and in bold (x), and boldface capital letters
indicate matrices, e.g., A. We use I, to denote the n-
dimensional identity matrix, O to denote zero matrices of
arbitrary dimension, and a subscript k, e.g., 2, to indicate the
time step. Transposition of a vector or a matrix is indicated
by 2T and AT, and A > 0 (A > 0) means that the matrix A
is positive semidefinite (positive definite). Furthermore, A
denotes the pseudoinverse of A. Finally, 1;,—; is the indicator
function, i.e., 1,—; = 1 if 4 = j and 0 otherwise, and the
shortcut ay.,, indicates a sequence ag, a1, .. ., Gy.

II. PROBLEM FORMULATION

Consider the NCS sketched in Fig. 1, where all components
are synchronized and time stamps are attached to data packets
upon transmission. The plant is linear with discrete-time
dynamics given by

z; 1 = Arzy, + By, +w,, 9]
y, = Cizy, + v, 2

where x, € R¥ is the plant state, u, € R denotes the
control input, and y, € RM the measurement. The noise
processes w,;, and v, are Gaussian, white, and zero mean
with covariance matrices Wy, and Vi, respectively, and for
any two time steps k, k', they are mutually independent. The
initial plant state x is assumed to be Gaussian with given
mean 2, and covariance Xy, and independent of w, and
v,. The sensor is collocated with the plant and sends its
measurements to the remote controller.

In the communication channel between the sensor and the
controller, the measurements can be delayed or even get lost.
As a consequence, none, one, or multiple measurements can
arrive at the controller at the same time. The set of received
measurements at every time step will be denoted by ) in
the following.

The control inputs transmitted from the remote controller
to the actuator, which is attached to the plant, are also subject
to delays and losses due to the network. Interpreting packet
losses as infinite delays enables us to model the delay of a
packet sent from the controller to the actuator at time k& by
the random variable 7{'“ € Ny. Additionally, we assume that
the 74 are independent and identically distributed (i.i.d.)
and that the corresponding probability mass function (PMF)
f€4 is known. As a countermeasure against these effects,
the controller transmits predicted control inputs for the next
N time steps together with the current one. More precisely,
at each time step the data packet that is sent to the actuator
contains a sequence of NV + 1 control inputs

T c R(N+1)L ,

_[,T T T
U, = [ﬂk\k U1k - Yt Nk

where uy, ;| is the control input computed at time & to
be applied at time k£ + ¢, ¢« = 0,...,N. At the plant side,

an active packet dropout strategy [3] is carried out by the
actuator: From the set of received control sequences, only the
newest one, i.e., the sequence with the largest time stamp, is
buffered. The control inputs from this sequence are then fed
into the plant one after another until a more recent sequence
arrives at the actuator.

Each time the buffered control sequence is replaced by
a newer one, the actuator sends an acknowledgment (ACK)
back to the controller. It is pivotal to point out that not every
received control sequence is acknowledged, but only the one
that is one actually kept, so that the ACKs can be seen
as application layer acknowledgments. From the network’s
perspective, however, they are regular data packets and hence
can also be delayed or get lost. Consequently, the controller
can receive multiple ACKs at every time step.

With the set of received ACKs, denoted by A in the
remainder of this paper, at hand, the controller is able to infer
control inputs that were applied in the past. To illustrate this,
suppose that Ay contains an ACK that experienced a delay
of two time steps, i.e., it was sent by the actuator at time
k — 2. Then, if this ACK was issued to signal that U, _-
was the most recent sequence received at time k — 2, the
controller can conclude that two time steps ago u,_y;_3
was applied to the plant. Owing to consecutive packet losses
or large delays, it can happen that the buffered sequence is
not replaced early enough, so that no more applicable control
inputs are provided by the sequence. In such cases, the default
input ggf = 0 is used.

In this setup, we seek to minimize, at every time step, the
finite-horizon quadratic cost function

K T
T = E{QHKQKEHK

K-1_7 T
"’Zn:o QkJrnQn@;H.n + Qk+anﬂk+n |Ik} s

3)

with respect to the control sequences U, _;, where
K € N is the horizon length, Q; > 0, R; > 0, and

T = {20, X0, Upep—1- Yous Aok }

is the information set available to the controller.

According to the receding horizon principle, the first
element U; of the minimizer is then transmitted to the plant
and the minimization is carried out again at the next time
step. Similar to [10], [18], the first step towards a solution is
to perform an appropriate state augmentation.

To conclude this section, we want to stress that UDP-like
settings correspond to the case A, = & for all k. Likewise,
TCP-like settings, as considered, e.g., in [11], correspond to
the case that A solely contains the acknowledgment sent
back by the actuator at the time k£ — 1. In this regard, the
setup in this paper is more general than the ones usually dealt
with in literature.

III. PROPOSED APPROACH

In this section, we will first perform a state augmentation
allowing us to define a combined model that jointly expresses
both the plant dynamics, as given by (1) and (2), and the
behavior of the actuator. With this model, the considered
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Fig. 2: Illustration of Moy o Uy,
for N = 2.

and their relationship according to (4)

NCS can be expressed in terms of a single dynamical system,
namely a Markov jump linear system (MJLS) [22] with only
partially available mode history.

Based on this model, we will subsequently reformulate the
cost function (3) in terms of the augmented state and U,.
By adapting ideas from [23], we then explicitly approximate
the non-convex value function based on a set of coupled
quadratic mode-conditioned value functions. The resulting
control policy is a linear function of each of the mode-
conditioned state estimates naturally provided by our IMM
filter [17].

A. Augmented System Dynamics and Problem Reformulation

For the desired holistic description of the NCS, a model
that captures the dynamics of the actuator behavior is needed.
To that end, as in [11], [17], i) we introduce a vector n, that
contains all control inputs from past control sequences that
are still applicable at time & or later, and ii) define a discrete
random variable 6, which allows for expressing the actually
applied input u,;, in terms of this vector.

In concrete terms, 7, is given according to

_ -
{@akq @;crﬂ\kq Eg+N71|k71}
T
{@;cr|k—2 Hgﬂ\k—z yg—&-N—ZU@—Q}
LN(N+1)
m. = 2
T
T T
{@k|k7N+1 ukJrl\lchJrl}
L Ug|k—N ]
with dynamics
Qk—i—l = Fﬁk + GQk ’ (4)
where
[0 0 0 0 0 0
0 I'n—pyr O 0 0 0
F- 1|0 0 0 Iin—gr -+ 0 O :
|0 0 0 0 -« I, O
[0 Ing
G= 0 0
To obtain 7, , ., F removes obsolete entries from 7, , while

G adds the relevant entries from the new sequence U U,,. This
is illustrated for N = 2 in Fig. 2.

Due to the procedure utilized by the actuator, the control
input actually applied at time & is either the default input

(ggf = () or stems from one of the control sequences

U~ Up_ni1s--- Uy If we set
: d
T ! : )
k—Fk if u, is part of Uj,
with k— N < k < k, the actually applied input can be written
as
U = H(ek)ﬂk + J(Gk)gk , (6)
with
Hx) — []lak.:llL 0 1g,-2I; 0 ... ]lgk:NIL] o

JO) = [1g, oI 0] .

Evidently, from (5), we get that the set of possible values
of 8y, is directly related to the sequence length since it holds
0 € {0,..., N + 1}. Additionally, in [11] it was shown that
the process {6} is a Markov chain and that the transition
probabilities p,; = P[0k = i | 0 _1 = r| are determined
by the PMF f¢4.

Equipped with 7, , 0y, we introduce the augmented state

Y, =

[gg QE]T and finally arrive at the dynamics

A0%) o) -
"/’k+1 kd’ +BYYU, + oy, ®)
= [Ck ]ﬁk‘FQk,
with
< (01) Ay BkH(ok) = (00) BkJ(ek)
Ak - |: 0 F B Bk — G 5

. . T .
and zero mean, Gaussian noise w,, = [Q}f QT] . Assuming
that the buffer at the actuator is initially empty, ) o 1s Gaussian
with mean and covariance

g io _ XO 0
e R L
and g = N + 1.

With (8), we are able to describe the whole NCS as a
single MJLS. Note that the mode 6 only affects the system
dynamics and not the measurement equation in (8). Moreover,
the mode history, i.e., the true trajectory of the mode up
to time k, is not completely available to the controller.
Instead only a subset is known to the controller. Recall
from Section II that the acknowledgment procedure carried
out by the actuator allows the controller to infer control inputs
that were actually applied from received ACKs. If, as in the
example from Section II, the controller figures out from a
received ACK that at time k — 2 the input u;,_,;,_4 from the
sequence U, _5 was applied to the plant, the corresponding
mode realization 6;_» = 1 can be computed using (5).

Hence, at every time step, the controller can infer mode
realizations, usually past ones due to the communication
delays, only from Aj. From (5), we also get that the mode
realization 8, = N +1 will never be available to the controller
since in such cases no applicable sequence would have been
received by the actuator in time, and, consequently, no ACK
would have been issued.



With the aid of (6), the cost function (3) can be expressed
in terms of 4, and U, according to”

jOK = E{%EQKﬁx

; ) ©)
+ QY +UTRYU,

IO} )

with state and input weighting matrices

- 0 ~ 0
©0.) _ |Qn _[Qx

Q. = [0 (Hwn))TRnH(en)] » Qr = [ 0 0} ’
RO — <J(en)>TRnJ(en) _

Consequently, the restated problem is to minimize (9) at every
time step, subject to the dynamics (8) and an only partially
available mode history. Moreover, the fact that measurements
are available only with a delay or are completely missing
must be factored in.

To the best of our knowledge, this problem has, apart
from our previous work [18], not yet gained attention in the
literature, although an abundance of papers related to the
control of MJLS have been published in the last decades.
However, focus has been laid on synthesizing controllers
when the mode history is either completely known, e.g., [24]-
[26], completely unknown, e.g., [23], [27]-[29], or, as in [11],
[30], when the true mode values become available only with
a fixed delay. Another recent line of research is related to
control problems where the true mode value is only known
to belong to a certain cluster, that is, subset of values, or
can only be observed by a “detector process” with a certain
probability [31]-[33].

Denoting the value function at stage n of the optimization
horizon by V,, the considered problem can be addressed
within the framework of dynamic programming by solving
the Bellman equation

Vo =min E{¢ Q)¢ +UTREIU, +Via

=n

In} . (10)

recursively backwards in time. Starting at the terminal stage
with

Vi = E{Q;QKQK ‘IK} ;
it holds that Vo = miny,_ | JE 4]

Yet, solving the recursion (10) analytically is not possible
due to the dual effect, i.e., the influence of past control
inputs on the (expected) future uncertainty of the state
estimate. Moreover, numerical optimization already becomes
intractable at stage K — 2, since the dual effect disallows
us to exclude the cost related to the future estimation error
from the minimization required to determine Vg _o. As they
are essentially given as a nested product of expectations, the
problem is highly nonlinear.

2To facilitate the exposition, we from now on restrict ourselves to the
initial time step without loss of generality.

B. Obtaining a Tractable Control Policy

Similar to what was done in [23], the track we pursue to
obtain a tractable control policy is to approximate the value
function (10) at each stage of the optimization horizon using
N + 2 quadratic functions, one for each mode of the MJLS,
that are coupled by matrices propagated backwards in time
according to mode-conditioned Riccati-like equations. The
rationale of the proposed approach is summarized as follows.

First, we define the value function at stage n given that
6,, = r according to

Vi) = minE{TQU) + UTROU,

n

+ Vi1 ’In,Gn =r},
Vi = B{¥5 Qx| Tic, 0k =1} -

(1)

This enables us to approximate the recurring expressions of
the form E{VnH |In} using the law of total probability as
follows

E{Vpi1|Zn}
:Zi\[:(_)l P[07L+1 = T|In]E{Vn+1 |In7 0n+1 = 7’}
~S NP, — 7~|In]13{vff+)1 |Z,, 011 = 7’} .

12)

Second, we seek quadratic approximations of Vy(f) for
n=20,1,..., K —1 in the form of

V) E{QSP;’"@” T,.,0, = r}

cu{(ef) spe

(13)

T, 0, = T} + wﬁf) s

with ng), ST >0, w some nonnegative constant and

r ~(T)
e =y —9",

—n o —n
with 1]15:) =E ¢n }In, 0,, = r; the mode-conditioned state
estimate. Accordingly, the second term in (13) covers the
portion of the cost related to estimation error.

Finally, using (12) and (13) in (10) results in the mini-
mization of a quadratic function, which can be carried out
analytically, and, consequently, yields a tractable control
policy. On the downside, making the above approximations
implies that the impact of the dual effect is disregarded.
This latter aspect will become obvious in the course of the
subsequent presentation of our approach.

Starting at stage K — 1, we get for the mode-conditioned
value function using (12) in (11)

V%),l ~ E{Q;_lQ%lliK_l ’Ith Ok 1= 7"}

+ min [Q?(—1R%11UK 1

puin Uk-
28 B B{ ¢} Quev | T, 0xc = i
| T 1,0k =i,0K 1 = r}] .



Then, we introduce P(I? = QK for: =0,...
further approximate the above according to

Vi, ~E{¢K 1Q(T) K_1’IK—179K—1 ZT}

+ min {QKAR%)AQKA

=K-1

,N+1 and

(14)

+ E{g?{zﬁ;l pTin?fK | Ti—1,0k-1 = TH ’

Using the system dynamics (8) in (14) and setting the
derivative w.r.t. Uy _; to zero yields the minimizer

U = - (M) (B ) YWAY 0 L as)
where

Vi =S5 Pl (16)

M(I;)fl = R(lg)fl + (B(Krll)TY%)B(KT)A a7

Notice that the pseudoinverse is required here since M(I;)—l
is generally only positive semidefinite. Plugging (15) back
into (14) leads to the desired quadratic expression

VE;)_l ~ E{¢; 1Pg§)—1ﬁ1{71 ’IK—h Ox_1 = 7‘}

+E{(

with

) S(T) eg) 1‘IK71,0K71 _T} +w§() s

g ~ e T A (r r
P%)—l = Qgp—l + (A%)—J Y%>A<K)—1 - S(K)—l

- T 3= A NT7=) YT )« (r
= (AR VOB (M) (B, ) YRAY,.

wg) 1= E{@};—lY?{")i]{_l ‘Itherl = 7“} .

S(r)

Proceeding now to stage K — 2, we use the above result
in (12) to obtain an approximation of the mode-conditioned
value function according to

VI((T)—2 ~ E{ﬂﬁ,ng)_LKﬂ ’IK—% Ok 2= T}
‘f’ZNng Dri {wfp?,l ‘IK72; O 1 =1,0g o= T}

+ min {Q}F(fzf{%lngfz

=—K-2

—"_va-glpm {E{Qiqu—lf;@l ‘IK—lvaK—l = Z}
+E{(e§? 1) Sﬁ?_lgﬁ?_l ‘IK—laOK—l = l}
‘IK72;0K71 =1,0k o= TH .

Assuming that the portion related to the future estimation
error gg?_l does not depend on U j,_, allows us to exclude it
from the minimization, which, by adopting the line of thought

that led to (14), we can carry out to get
V}?lz ~ E{UJIT( QP(KT),QQK_Q ’IK72a Ok o= 7”}

+E{(€§§)_2) S el Q‘IK 2,0k 2—7"}4‘%(1;)2’

with

g ~ (7 A(r T T A (r T
PEK)—Q = Q(K)—Q + <A(K)—2) YJ(I(>—1AEI()—2 - S(K)—Q

T A (r T T (7 T tr= T T
S%)—z = <A(K)—2> Y;()—IB(K)—Q (M(K)—2> (B(K)—2>

"Jg) 9 = E{@}E—QYE;LQK—Q ‘IK7279K72 = 7“}

Y A
AK 20

+vatlpm {w%)_l Ik—2,0k_1 =10k o= ’f'}
+ M pE {E{(gﬁ?,l) s e (IK e 271}

|T—2,0K-1=1i,0K_>=1} .
Note that the assumption that the cost related to gﬁ?_l is
independent of U, _, implies that the impact of the dual
effect is neglected. Using this result, (13) is established for
each stage by inductive reasoning.
Hence, at every time step the approximated value function
is given by

Vi ~ E{ngl(fek)
+ 0 Pl = | TIE{ ], P,

+(e§31) Sl(:ll 5:21 +wk+1 ‘Ik70k+1 = T}} ;

by virtue of (12). Assuming again that the cost related to the
future estimation error is independent of the control input,
plugging in the dynamics (8), and evaluating the necessary
optimality condition yields that the optimal control sequence
U7, is determined by the policy

N+1|~N+1 Na@)) nr) i @)0
—umz+kgpwwmmpm&wk,

¥, ’Ik} + min [Qgﬁwgk
Yy

where
L = 'R +ZN“[ZNEIpW EJ(B“)) P Bl >] ,
and u(z) =P[6), =i | Zi]. To obtain the result we used that

%, is conditionally independent of 61 given 6}, and that,

due to (7), f{,(ce’“) is only non-zero for 8, = 0.

The policy is linear in the mode-conditioned state estimates
12):) The cost matrices P,(Ql are given by coupled Riccati-

like equations computed backwards in time according to

(r) () (r) (r) (r)
Pk+n Qk+n (Ak+n) Yk+n+1Ak+n

(Al(zln) Yl(c:2n+1Bl(cTJZn(Ml(@2n) (BSJZTL) Yl(cizn%»lAl(ch’
with Y
P,(Q K= = Q. Both w and ;L,E) are naturally provided by
the IMM filter that we presented in [17]. Additionally, in
contrast to our approach in [18], no iterative optimization
procedure has to be carried out at runtime so that the com-
putational complexity, which is dominated by the calculation
of the required pseudoinverses, is fixed over time. Notice
also that for time-invariant plants the matrices P,(Ql can be
precomputed which further reduces the online complexity.

Being part of CoCPN-Sim, an implementation of the
proposed control algorithm is available on github [34].

and M( ")

k+n as in (16), (17), and initial condition
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Fig. 3: PMF of the packet delay distribution employed in the example. The
notation > 6 is used to denote the probability that a packet is delayed more
than five time steps or gets lost (infinite delay).

IV. NUMERICAL EXAMPLE

In this section, we provide a numerical example to
demonstrate the proposed algorithm. We consider a double
integrator plant with parameters

1t 10 _ t3/2 ti/QT
A’“_[O 1]’B’“_{O.L’)}’Wk_o'l{taHta ’
Cr=1[10], V=027,

in (1) and (2), where t, = 0.01s. The initial plant state is
chosen to be

and the weighting matrices in (3) are

5 0

The distribution specifying the packet delays in the network
is chosen such that most of the packets arrive at the respective
receiver within at most two time steps. The corresponding
PMF depicted in Fig. 3.

To assess the performance of the proposed controller, we
compare it with the controller from [18] and a nominal finite-
horizon linear quadratic regulator (LQR) that disregards the
network. To that end, it is supplied with state estimates by
the estimator from [17].

For the comparison, we conduct several Monte Carlo
simulations, where the length of the optimization horizon
varies between four and nine. In each simulation, 500 runs
are carried out, each of which is comprised of 150 time steps.
Additionally, in each simulation the length of the control
sequence is set to N + 1 = 4 and measurements with a delay
larger than four time steps are discarded at the controller side.
To measure the performance of each controller, we compute
the average incurred cost e in each run according to

1 149
javg = 1750 Zk:ognggk + QERka + £?50Q1502150] .

The resulting medians of the cost 7,y are plotted in Fig. 4
and the corresponding standard deviations are given in Table I.

As expected, the results show that the performance of
each controller increases with the horizon length. The results
also show that the proposed controller performs better than
the nominal LQR for all considered horizon lengths and the
controller from [18] for all but the largest horizon length with

150
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100 \ \ \ \
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Horizon Length K

Nominal LQR

Controller from [18] Proposed controller ‘

Fig. 4: Medians of the average incurred cost Javg.

regards to the incurred cost. Also, the standard deviation of
the cost is the lowest for each horizon length. This indicates
that the impact of the dual effect is negligible when small
optimization horizons are considered.

Notice that the controller from [18] performs significantly
worse than the others for K = 4, which is the reason why the
corresponding median (1317.3) is not shown in Fig. 4. This is
also reflected by the huge standard deviations for all horizon
lengths. This outcome is somewhat unexpected since this
controller was designed to take the dual effect into account.
On the other hand, this controller also exhibits the strongest
performance increase for the larger horizons compared to the
others. It is reasonable to expect that its performance will
be markedly better than that of the proposed one when the
optimization horizon is further increased and the impact of the
dual effect on the cost becomes more significant. Evaluating
the performance of the proposed controller in greater detail,
in particular regarding the degree of suboptimality resulting
from the negligence of the dual effect, constitutes important
future work.

V. CONCLUSIONS

In this work, we dealt with sequence-based stochastic
receding horizon control over networks, where application
layer acknowledgments are issued by the plant upon reception
of control inputs. This enables them to carry additional
information for the controller, but, on the downside, requires
that delays and losses of acknowledgments be factored in. In
particular, the resulting dual effect renders the computation
of optimal control policies intractable. To derive a tractable
control policy, we relied on the particular representation of
the state estimate, namely a Gaussian mixture, provided by
the IMM-based filter we proposed in previous work. By
approximating the non-convex value function by a set of
quadratic functions, one for each component of the mixture,
we obtained a control policy that is linear in each of the
means of the mixture. In a numerical example, the proposed
approach achieved better control performance than a nominal
linear quadratic regulator that used same state estimator and
the controller we presented in prior work.

Future research should target the reasonableness of the
approximations made during the derivation of the proposed
approach and find conditions under which stability of the
closed-loop system can be established. Likewise, investigating
the stability properties of the complementing state estimator



TABLE I: Standard deviations of the average cost Javg.

K=4 K=5 K=6 K=7 K=8 K=9
Nominal LQR 29.394 29.091 28.486 27.721 26.87 26.069
Controller from [18] 55219 242.71 292.75 46.897 47.203 136.44
Proposed controller 27.17 26.753  26.155 25.456  24.726  24.003

is an important future research topic. Finally, it seems worth-
while to embed the proposed controller into the framework
of event-triggered control.
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