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Abstract: In this paper, the quadratic optimal control problem is investigated for the discrete-time
linear systems with process and measurement noises which belong to specified ellipsoidal sets. As
the noises are non-stochastic, the traditional Kalman filtering and Dynamic Bellman Equation are not
applicable for the proposed control problem. To obtain the optimal control, we firstly converted the
multi-step quadratic global optimal control problem to multiple one-step quadratic local approximate
optimal control problems. For each one-step quadratic optimal control problem, considering that
the system states are not fully available, the set-membership filtering is applied to estimate the true
state feasible set. Then based on robust optimization, a robust state feedback control strategy can
be obtained by solving a certain semidefinite programming (SDP) problem. The method can not
only achieve the optimal control, but also estimate the system states more accurately. Finally, the
simulation results verify the effectiveness of the proposed algorithm.

Keywords: ellipsoidal sets; set-membership filtering; robust optimization; quadratic optimal control

1. Introduction

Linear quadratic (LQ) optimal control problems with indeterminacy factors have been
widely studied in theoretical and practical perspectives. In most cases, these indeterminacy
factors are modeled as stochastic processes. Many achievements in the study of stochastic
control have been made, such as minimum variance control [1], Linear-quadratic-Gaussian
(LQG) [2-4] and probability density function (PDF) control [5]. Actually, due to lack of
sufficient information and data, the statistical properties of the uncertainties in some special
systems are very difficult to obtain. Taking the mobile system as an example, because the
terrain conditions cannot be reused, the stochastic model can not be modeled with the
insufficient data [6]. Moreover, there are several uncertainties which are not essentially
stochastic.

Non-stochastic uncertainties as an alternative which only consider the range of un-
certain information have attracted the interests of scholars. Terra proposed a recursive
robust linear quadratic regulator based on the robust weighted least-squares method for
discrete-time systems with norm-bounded parametric uncertainties [7]. Huang investi-
gated the robust quadratic optimal control based on robust optimization for the systems
in the presence of ellipsoidal bounded disturbance [8]. Zhang studied the robust optimal
control with adjustable uncertainty sets which treated the uncertainty sets as additional
decision variables [9]. However, the methods above were with the assumption that the
system states were observed completely.

Actually, the states in the real systems are usually not measurable completely and
accurately. Set-membership filtering can provide an estimated feasible set of true states
for systems with non-stochastic noises, and so far, many approaches have been proposed
to obtain the solutions [10-13]. Based on the set-membership estimation theory, Qian
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studied the output tracking control problem for systems with ellipsoidal uncertainties
in system parameters and noise, and an adaptive robust tracking control algorithm was
proposed [14]. However, the performance index was given with I; norm of the output
deviation over the finite time horizon, whose transient performance is poorer than the
linear quadratic optimal control. Bertsimas studied the linear quadratic control problems
with norm-bounded uncertainties [15]. However, for the imperfect state information case,
the state estimation error set was assumed in fixed bounded set which neglected the
learning feature of the state estimation. Ping investigated the output feedback robust
predictive control with ellipsoidal estimation error sets [16,17]. However, the methods
updated the estimation state error set by solving one convex optimal problem each time.

Motivated by the above discussions, the LQ control problem with non-stochastic
noises is considered in this paper. Specifically, the non-stochastic process and measurement
noises are confined to ellipsoidal bounded sets. Ellipsoidal bounded sets as more realistic
and flexible non-stochastic uncertain sets, on the one hand, are of good tractability and well-
motivated from a stochastic setting, where they naturally occur when a normal distribution
is cut off at a certain level of probability. On the one hand, they can describe kinds of
bounded uncertainties as well, such as 2-norm bounded (by selecting the identity matrix
as the size matrix for the ellipsoid set) [18]. In addition, compared with the traditional
stochastic assumption, the bound of the noises can be obtained more easily. As the noises
are bounded, the traditional Kalman filtering and Dynamic Bellman Equation are not
applicable the proposed control problem. For the LQ control methods with ellipsoidal
bounded noises, most of them considered the states to be completely observed and for the
output feedback control methods, most of them need to solve one complex optimization
problem at each time to update the estimation state error set. In this paper, we converted
the multi-step quadratic global optimal control problem to multiple one-step quadratic
local approximate optimal control problems. Then set-membership filtering and robust
optimization are adopted to design the state feedback control strategy which ensures the
optimality of control performance (the quadratic cost function about the system states and
the control law).

The remaining part of this paper is organized as follows: In Section 2, the problem
formulation is presented. Then, in Section 3, we present the robust control algorithm based
on the set-membership filtering and robust optimization. To show the effectiveness of our
proposed method, simulation results are presented in Section 4. Finally, conclusions and
future research directions are presented in Section 5.

Notations. Throughout the paper, S > 0 (S > 0) means that the real symmetric matrix
S is non-negative definite (positive definite). I is the identity matrix with appropriate
dimensions. The ellipsoid Q)(s, S) is denoted by

O(s,8) 2 {1eR": (1-s)Ts7 (1 —5) <1},
where the vector s is the center of the ellipsoid, the matrix S(> 0) characterizes its shape.

2. Problem Formulation

Consider the following uncertain discrete-time linear dynamic system,

x(k+1) = A(k)x(k)+ B(k)u(k) +w(k),k=0,1,...,N—1, 1)
y(k) = C(k)x(k) +ov(k),k=1,2,...,N, )

where x(k) € R" is the state vector, u(k) € R™ is the control vector, y(k) € RP is the
measure output vector. w(k) € R" and v(k) € RP are the process noise and observation
noise respectively, which are confined to specified ellipsoidal sets,

w(k) € O(0,W(k)),

v(k) € Q(0,V(k)),
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where W (k) and V (k) represent the bounds of noises w(k) and v(k) respectively. The initial
state x(0) takes value in the following ellipsoidal set,

x(0) € Q(2(0), P(0)).

Considering the quadratic cost function,

Jo= Y xT(k)Q(k)x(k) + Y u" (F)R(K)u(k), ®)

where matrices Q(k) > 0 and R(k) > 0 are non-negative definite and positive definite
symmetric matrices of appropriate dimensions, respectively.

Our target of this work is to find a feedback control series {u(k )}N ! such that the
quadratic cost function J, is minimized when the noises w(k) and v (k) belong to bounded
ellipsoidal uncertain sets. Namely,

min Jo 4)
1(0),-- u(N—1)
sit. x(k+1) = A(k)x(k) + B(k)u(k) + w(k)
y(k) = C(k)x(k) + v (k)
w(k) € Q(0,W(k))

Due to the noises w(k) and v(k) being bounded in this paper, the dynamics Bellman
equation cannot be applied to solve the multi-step quadratic optimal control problem.
In order to effectively address the proposed optimal control problem, we attempt to find a
feasible approximate optimal solution.

Because the value of xT(0 )Q(O)x(O) 1s not influenced by the control law u(k), so
we simplified the cost function to ] = YN '[x(k + 1)Q(k + 1)x(k + 1) 4+ uT (k)R (k)u(k)].
To ensure the optimality of | for all the p0551ble values in the noises sets (2(0, W(k)) and
Q(0, V(k)), the minimization of the worst case of | is considered. To realize the approximate
optimality of the multi-step quadratic cost function ], we optimize each one-step quadratic
cost function J(k)(k =0,1,..., N — 1) which is defined as follows,

J(k) = xT(k+1)Q(k + 1)x(k + 1) + u (k)R(k)u(k). (5)

Then, the multi-step quadratic global optimal control problem is converted to multiple
one-step quadratic local optimal control problems which can provide a feasible approximate
optimal solution. Each one-step quadratic optimal control problem is as follows,

min J(k) (6)
u(k) w(k)eQO,W(k )) ( )€Q(0,V (k)
st x(k+1) = A(k)x(k) + B(k)u(k) + w(k)

y(k) = C(k)x(k) + v(k).

In optimization problem (6), the performance index J (k) is a function with respect to
the system states which are not measurable completely. As a result, the state estimation
error directly affects the feedback control performance. If we can yield more accurate true
state feasible set, the maximum value of (k) can be more accurate. Then by minimizing
the maximum value of J(k), optimal control law u(k) can be obtained as well.

The following lemmas are used in the designing of the optimal control law.

Lemma 1. S-procedure [19] Let Fy, - - -, fp be quadratic functions of the variable ¢ € R,

FEQ)£"TC+2¢/C+ ¢i,i=0,---,p,
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where T; =TT, ¢; and ¢; are with appropriate dimensions. The following condition on Fo, -, Fp,

for all { such that N
Fl(g) 2 OIZ =L /p/

holds if there exist

such that

T ¢o]_” ,[Ti cpi] 0
[%T o ;Tl ¢l @i =0

When p = 1, the converse holds, provided that there is some (g such that Fy({y) > 0.

Lemma 2. Schur complement [15] Given the matrices L = LT, Z = ZT and U with appropriate

dimensions. Let .
L U
il )

where L > 0. Then H is positive (semi) definite if and only if the matrix Z — UL~ UT is positive
(semi) definite.

3. Robust Optimal Control Strategy

Considering that the states are not measured fully, we firstly adopted set-membership
filtering to realize the states estimation. Then, based on the states estimation, taking the
negative impact of the estimation error and noises into consideration, we designed the
robust optimal control strategy in this paper.

3.1. Estimation of True State Feasible Set

For the unknown-but-bounded noises, set-membership filtering can provide a true
state feasible set which contains the true states all the time. In addition, the filtering gain
can be obtained off-line with small computation burden.

According to set-membership filtering theory, assuming that at instant k — 1 the true
state feasible setis Q(2(k — 1), P(k — 1)), where £(k — 1) is the center of state feasible set,
P(k —1) is used to define its shape.

Atinstant k, the true states x (k) belong to the optimal ellipsoidal feasible set (£ (k), P(k)),
the center £ (k) and the matrix P(k) can be updated as follows,

2(k) = #(klk—1)+K(k)s(k), (7)
2klk—1) = A(k—1)2(k—1)+B(k—1)u(k—1), (8)
K(k) = P(klk—1)C" (k)[C(k)P(klk — 1)CT (k) + g, 'V (k)] ", )
P(kk—1) = (p'+1DAMk—1)Pk—1)AT(k—1)+ (pr +1)W(k—1), (10)
P(k) = B{ll - K(k)C(k)]P(klk = 1)[T - K(K)C(k)])" + g K()V (KT ()}, (11)
Br = 1+qc—3"(k)[g 'V (k) + Clk)P(klk—1)CT (k)] '5(k), (12)
5(ky = y(k)—C(k)z(klk—1). (13)

The scalar parameters p; > 0 and gx > 0 are selected to make the sizes of ellipsoidal
sets Q(%(k|k — 1), P(k|k — 1)) and Q(£(k), P(k)) to be minimized respectively. There are
two common criteria to optimize size of the ellipsoid. One is Minimum-trace criterion,
and the other is Minimum-volume criterion [13]. In this paper, we adopt the latter one and
P satisfies

& 1 n

X ) -
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where 'yfp) denote the eigenvalues of matrix A(k — 1)P(k — 1) AT (k — 1)W~1(k) and n is
the dimension of the state. gy satisfies

where 'yi(q) denote the eigenvalues of matrix P(k|k — 1)CT (k)V~1(k)C(k), Bx(qx) is given
by (12) and ‘B;((qk) is the derivative of B (qx) with respect to gy.

3.2. Analysis of State Estimation Error

The center £(k) of true state feasible ellipsoid set is adopted as the estimated state in
this paper, then state estimation error can be defined as follows,

Based on the set-membership filtering results, it yields that at instant k the estimation
error 7/ (k) belongs to the following ellipsoid set,

1 (k) € (0, P(k)),

namely,
n(k) € {n(k)ly" (k)P (k) (k) <1},
the shape matrix P (k) of error ellipsoid set can be refreshed according to Equations (9)—(13),
which avoids solving complex convex optimization problem.
3.3. Robust Control Strategy
According to the definition 7 (k) and the dynamics system state Equation (1), we have

x(k+1) = A(k)x(k) + B(k)u(k) + w(k)
= A(k)x(k) + A(k)y (k) + B(k)u(k) + w(k). (14)

—~

Here, let

then Equation (14) can be rewritten as follows,
x(k+1) = A(k)®(k) + B(k)u(k) + G(k)p(k). (15)
Substituting Equation (15) into Equation (5), it has

J(k) = £T(k)A#(k)+ 20" u(k) + u” (k)Bu(k)
+2Tp&)+2u (k)Dp(k) + p" (k)Gp(k), (16)

where
A=AT(k)Q(k+1)A(k),

b =BT (k)Q" (k+1)A(k)%(k),
B = BT(k)Q(k+1)B(k) + R(k),
GT(k)QT (k+ 1) A(k)%(k),

)%
D:BW@ Q(k+1)G(k),
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G =GT(k)Q(k+1)G(k).

It can be seen from (16) that J(k) contains two uncertainties, one is the process noise
and the other is the estimation state error. To realize the control optimality, how to deal with
the uncertainties effectively is important. In this subsection, we introduce two uncertainties
into the constrains of optimization problem, based on the lemmas outlined in Section 2,
the uncertain problem (6) can be converted into one certain semidefinite programming
(SDP) problem by using the robust optimization technique.

The main result is given by the following theorem.

Theorem 1. Under the bounded ellipsoid uncertain noises, the problem (6) can be solved by the
following certain semi-definite programming (SDP) problem,

min A (17)
s.t.
I z F
{ 2 A-Y2 . T —nT >0
rT —h ~G+Y2 , uM;(k)+FTF
T, >0,

where A, T, T and z are the decision variables, and
F=BY2D,h =c—DT"B b,

My (k) = [ Wi;(k) 8 },

My (k) = [ 8 P*?(k) }

the control law is N N
u(k) = =B b+ B 122

Proof of Theorem 1. For the system performance index in Equation (16), because Q(k +
1) > 0and R(k) > 0, therefore BT (k)Q(k +1)B(k) > 0 and B > 0, respectively. Meanwhile,
because Q(k + 1) and R(k) are symmetric matrices, so Bis symmetric and positive definite
matrix. Therefore, it can yield that B~1/2 = (B~1/2)T.

Let u(k) = B~1/2z — B~1b, then substituting it into Equation (16), it has

J(k) = £T(k)A%(k) —bT"B b+ pT (k)Gp(k)
42Tz +2(c — DTB7tb)Tp(k)
+22T(B~Y2D)p(k).

At stage k, the first two parts of J(k) can be considered as a known constant. Let
F=B"'Y2D,h=c—D"B™'p,
the optimal problem of ] (k) can be converted to be that of J(k),
J(k) = 2"z + 20" p(k) + 22" Fp(k) + p” (k) Gp(k).

Therefore, the problem (6) is equivalent to the following problem,

J (k). (18)

min max
u(k) w(k)eQO,W(k)),1(k)eQ(0,P(k))
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By introducing an auxiliary variable A, problem (18) can be written as follows,

min A (19)
J

s.t.

the constrain in (19)

[w(k) ]T{ wl(k) 0 } [ w(k) } <1.

(k) 0 0 [ nk |~
Let B W_l(k) 0
O
it yields
' pT ()M (k)p(k) <1,
namely,

Loty ﬂ o -ty || oty ] 20 (20)

nT (k)P (k) (k) <1,

the constrain in (19)

can be rewritten in the following form

{ o ﬂ 0 P } [ e } =t

Let
0 0
MZ(k) = |: 0 P—l(k) :|r
it yields
o' (k)Ma(k)p(k) <1,
namely,
1 171 o 1
0. 21
Lot ) Lo —anw )| oo ]2 -
And the constrain in (19)
J(k) <A,
namely,

A —zTz — 21T p(k) — 22T Fo(k) — pT (k)Gp(k) > 0,

can be rewritten as follows

{ p(lk) r[ —Ah_—zzjiz _hT__éZTF ] [ p(lk) } 2 0. (22)
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According to Lemma 1 (S-procedure), for all p(k) that satisfies (20) and (21), the Equa-
tion (22) holds if there exist
7,>20,i=12,

such that
A—zTz  —nT —TF 2 1 0
- _ 4 >
[ —h—FTz -G } ;Tl[ 0 —M;(k) } =0
namely,
A=TiT —hT r
_ N _ > 0.
{ —h —G+Y2 , uM;(k)+FTF [z FJ[z F]20

According to Lemma 2 (Schur complement), it yields

I z F
2T A — 21'2:1 T N —nT > 0.
FT —h ~G+Y2 uMi(k) +FTF
This completes the proof. [

The proposed control law u(k) = —B~'b + B~1/2z, let ['(k) = B~[BT(k)QT (k +
1)A(k)], then the control law can be rewiritten as u(k) = —TI'(k)%(k) + B~1/2z, which
contains two parts: the estimated states feedback and uncertainties compensation. For the
first part, the feedback gain I'(k) = [BY (k)Q(k + 1)B(k) + R(k)] ' [BT (k) QT (k + 1) A(k)]
can be computed off-line. For the second part B~1/2z, it denotes the compensation for
the estimated states error and noises which can be obtained by solving the semi-definite
programming problem (17).

4. Simulation Analysis

This section illustrates the features of the non-stochastic robust control law proposed
in this paper by the following two examples compared with the output feedback robust
model predictive control(OFRMPC) in [16].

The proposed robust optimal control algorithm can be run as follows.

Step 1. Set k = 0, input £(0) and P(0).

Step 2. Update true state feasible set Q(£(k 4 1), P(k + 1)) according to Equations (7)—~(13).

Step 3. Calculate control law u (k) by solving optimal problem (17).

Step 4. Apply u(k) to the system. If k = N — 1, stop; Otherwise, set k = k + 1 and go
back to Step 2.

Example 1. Consider the following two-dimension uncertain linear system,

x(k+1) = [ o ]x(k)—{— [ o5 ]u(k)+w(k),k_o,1,--- 29,
y(k)y = [0 1 |x(k)+o(k),k=1,---,30,

where x(k) € R%, u(k) € R, y(k) € R, w(k) € R?, and v(k) € R are the state, the control input,
the measured output, the process noise and the observation noise, respectively.

The noises are independent mutually and belong to the ellipsoid sets,
w(k) € Q(0,W(k)),

v(k) € Q(0,V(k)),
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where
(0.1arctan(k))? 0

0 (0.1arctan(k))? |’
V (k) = (0.1arctan(k))>.
The original state x(0) belongs to the following ellipsoid set,

W(k) =

x(0) € Q(£(0), P(0)),

where

P(0) = [ 205 205 }

The matrices in performance index are with

Qlk) = { 068 0(.)8 }

R(k) =1,

and they are selected as non-negative definite and positive definite symmetric matrices
of appropriate dimensions, respectively. By using Sedumi toolbox, LMI toolbox and
Optimization Toolbox in MATLAB, the simulation results are as follows.

Figures 1 and 2 show the comparison of the system state and the estimated states
between the proposed method and the OFRMPC method. Figures 3 and 4 display the
estimated errors of system states for the proposed method and OFRMPC method. Here,
the estimated states are the centers of the estimated state feasible sets. It can be seen that
the estimated states with the proposed method are closer to the true state.

25 T T T
—%— The proposed control method
—6&— OFRMPC

20} — — — The true state

Estimated system state x1(k)

0 5 10 15 20 25 30

Figure 1. The system state x1 and estimated state for the proposed method and OFRMPC method.
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Estimated system state x2(k)

—*— The proposed control method

—6— OFRMPC

— — — The true state

10

15 20
k

25

30

Figure 2. The system state x2 and estimated state for the proposed method and OFRMPC method.

The error of estimated system state x1(k)

—%— The proposed control method

—6— OFRMPC

-30
0

15 20
k

25

30

Figure 3. The estimated error of system state x1 for the proposed method and OFRMPC method.

The error of estimated system state x2(k)

—*— The proposed cont|

—©&— OFRMPC

rol method

10

15 20
k

25

30

Figure 4. The estimated error of system state x2 for the proposed method and OFRMPC method.
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Figure 5 displays the evolution of true state feasible sets for the proposed method.
The blue line means the bound of estimated state feasible ellipsoidal sets. It shows that the
feasible states sets from instant 2 become smaller and smaller. Meanwhile, they contain
the true states all the time and this can be seen directly from the partial enlarged detail in

the figure.
—— Estimated state
— - —  The true state
8 1
6
— 0
=<
g 4
x
Q
5|
(2]
£
2
0
>
%)

System state x1(k) K

Figure 5. The estimated states and the evolution of the system states feasible sets for the proposed
method.

Figure 6 shows the curve of the control law for the proposed method and the OFRMPC
method. It is observed that the control law proposed in this paper tends to zero and the
control law for OFRMPC fluctuates around zero. The upper bound A of the cost function at
each time is shown in Figure 7 and they become small gradually. And the quadratic cost
function of the proposed method is 49.753, while the quadratic cost function for OFRMPC
method is 55.324. This implies that the proposed method has better control performance.

10

—%— The proposed control method
—6— OFRMPC

Control law u(k)

0 5 10 15 20 25 30
k

Figure 6. The control law for the proposed method and OFRMPC method.
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30

The upper bound of cost function A

0 5 10 15 20 25 30
k

Figure 7. The curve for the upper bound of the cost function.

Example 2. For the position control problem of the industrial robot with six degrees of freedom,
because most of the motion in the robot processing is at low speed except the singularity, the coupling
of the motion of the robot is weak. In addition, a reasonable path can be planned for the singularity
to keep the robot away from its own singularity and avoid strong coupling between movements in
different directions. In reference [20], the position control model of industrial robot is simplified as
an independent but identical second-order system with disturbance in each direction,

X AX 0 0 X BX 0 0 uyx dx
Y |=| 0 Ay 0 Y |+| 0 By 0 uy |+ | dy |,
Z 0 0 AZ Z 0 0 Bz Uy dZ

where X = (X1,X2)T, Y = (Y1,Y2)T, Z = (Z1,Z2)7 are the displacement and velocity for the
center point of the end of the manipulator along X, Y, Z direction respectively. The system matrices
and input matrices in each direction are as follows,

0 1 0
Ax = { ~11725-+72  —462- ! }’BX B [ 11725 - 2 }

0 1 0
Ay = [ ~536.8-+72 —389-t+1 }'BY B [ 536.8 - t~2 }

A 0 1 B 0
27| —22858-+2 —132.2-+71 |74 7 | 22588.-+72 |’

where t is time. The disturbance matrices in each direction are as follows,
dx1 ] { dyq } [ dz1 }
d - ’ d - 12 d - 7
X [ dxa |7 dy, |'"# dzs

which contain the system noises, the un-modeled dynamics and the coupling effect of the motion of
the robot in X, Y, Z directions and are bounded.

Because the dynamics system in each direction has the same structure, here we take
the motion control in X direction as an example to show the effectiveness of the proposed
method. The laser tracker is used to measure the position for the center point of the end
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of the manipulator, the measurement accuracy is 15 pm + 5 um/m. By discretizing the
dynamics system in X direction with the discrete sampling time T = 0.01s, it yields

X(k+1) = —11.7;5-1(2 1—0.(22;%*1 }X(kH [ 11.72(5)-162 }”X(kHdX(k)’
yk) = [1 0]X(K)+o(k).

The noises are independent mutually and belong to the ellipsoid sets,
dx(k) € (0, W(k)),
v(k) € Q0,V(k)),
where
9 0
V(k)=4x10"%
The original state X (0) belongs to the following ellipsoid set,
X(0) € Q(X(0), P(0)),
where
%0 = |
10 ]

P(0) = [ 180 180 }

and the matrices in performance index are with

0.001 0
Qlk) = [ 0  0.001 }
R(k) = 1.

The simulation results are as follows.

Figures 8 and 9 display the estimation errors of displacement and velocity for the
center point of the end of the manipulator in X direction for the proposed method and
OFRMPC method. It can be seen that the estimation errors of the proposed method are
smaller than those of OFRMPC method and tend to zeros after 15 s.

Figure 10 displays the evolution of true displacement and velocity feasible sets for the
proposed method. It shows that the feasible sets become smaller and smaller. Meanwhile,
they contain the true states all the time.

Figure 11 shows the curve of the control law for the proposed method and the
OFRMPC method. The upper bound A of the cost function at each time is shown in
Figure 12 and they become small gradually. The quadratic cost function of the proposed
method is 224.3114, while the quadratic cost function for OFRMPC method is 281.3348.
This implies that the proposed method has better control performance.
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Figure 8. The estimation error of displacement for the proposed method and OFRMPC method.
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Figure 9. The estimation error of velocity for the proposed method and OFRMPC method.
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Figure 10. The estimated states and the evolution of the system states feasible sets for the pro-
posed method.
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Figure 12. The curve for the upper bound of the cost function.

5. Conclusions

In this paper, a robust quadratic control algorithm is proposed for the discrete-time
linear systems with the ellipsoidal bounded uncertainties based on the set-membership
filtering and robust optimization theory. To obtain the optimal control, the multi-step
quadratic global optimal control problem is converted to multiple one-step quadratic
local approximate optimal control problems. For each one-step optimal control problem,
the proposed method takes the influence of the estimated states errors into consideration
which ensures the optimality and robustness of the control strategy. Set-membership
filtering is used to estimate the system states, which avoids solving one complex convex
optimization to obtain estimated states errors sets and reduces the calculation burden.
However, it needs to solve a semi-definite programming problem at each time to obtain
the control law. Therefore, how to reduce the online computational burden is a key future
research direction.
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