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Abstract: This paper addresses the state estimation problem for switched discrete-time Linear
Parameter Varying (LPV) systems with mensurable and unmeasurable scheduling parameters.
A zonotopic switched polytopic state estimator, considering parameter uncertainty, is proposed
based on a Set-Membership Approach (SMA). Taking Average Dwell Time (ADT) into account,
a new criterion is proposed to guarantee the convergence of the estimation. An application to
vehicle lateral dynamics state estimation is used as case study. Simulation results reveal the
effectiveness of the proposed algorithm and demonstrate advantages over the existing methods.

Copyright © 2023 The Authors. This is an open access article under the CC BY-NC-ND license

(https://creativecommons.org/licenses/by-nc-nd/4.0/)

Keywords: Set-membership estimation, state estimation, switched polytopic LPV system,
parameter uncertainty, average dwell time, zonotopes

1. INTRODUCTION

Switched systems are an important class of hybrid dy-
namic systems, consisting of a series of subsystems and
a switching discrete law. In recent years, switched systems
have been widely investigated due to their ability to repre-
sent complex and nonlinear behaviours. Particularly, when
a system operates in a wide operating range and parame-
ter variations, a design of switched estimators/controllers
could provide a less conservative performance compared
to a single estimator/controller. As state estimation plays
an important role in state feedback control and fault diag-
nosis, it attracted considerable attention in the switched
system field during the last decades (Alessandri and Co-
letta, 2001; Ethabet et al., 2018; Zammali et al., 2020).

Moreover, there exist great challenges in practical appli-
cations when the state estimation encounters modelling
uncertainties, such as: unknown parameters, process dis-
turbances or measurement noises. Hence, the observer
design needs to be robust against these uncertainties. In
this regard, considerable results about robust H,., filter
can be found for switched systems (Zhang et al., 2007;
Belkhiat et al., 2011). An alternative is to consider the
bounded-error description (Puig et al., 2003; Alamo et al.,
2005), where the modelling uncertainties are assumed to
be unknown but bounded by priori known bounds. In this
context, the set-membership estimator has been employed,
where the uncertainties are described using several types
of sets, such as intervals, ellipsoids, and zonotopes. Con-
sidering that the zonotopic implementation can effectively
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eliminate wrapping effects, the zonotopic set-membership
approach can obtain more accurate results (Combastel,
2003). Therefore, it has been widely applied to state esti-
mation, and fault detection (Puig, 2010; Le et al., 2013;
Tang et al., 2020).

Regarding the recent studies on zonotopic set-membership
estimation for switched systems, Fei et al. (2021) pro-
posed a zonotopic state estimator for switched systems. A
switched P-radius and L., performance index are adopted
to guarantee the convergence and boundness of the zono-
topic intersection. However, the proposed ADT-based con-
straints lead to conservative estimation results. Ifqir et al.
(2022) proposed a new P-radius based criterion to reduce
the size of the zonotopic intersection at each sample time.
The authors presented a less complex solution with less
conservative performance. However, this work did not con-
sider the ADT when designing the switched estimator.

This paper proposes a zonotopic SMA-based state esti-
mator for discrete-time switched LPV systems affected by
parametric uncertainties, bounded disturbance and noises.
The estimator correction matrix design is formulated as
an optimization problem in terms of Linear Matrix In-
equalities (LMIs) using a less conservative P-radius min-
imization criterion and ADT constraint. The objective is
to find admissible switching signals such that the designed
estimator is convergent and stable. The main contributions
of this paper are as follows: 1) This paper proposes a new
approach for set-membership state estimation of switched
LPYV systems subject to parametric uncertainties, bounded
disturbance and noises. 2) Compared with Fei et al. (2021),
a less conservative P-radius based criterion with ADT is
proposed for the convergence and stability of the switched
LPV state estimator.
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The rest of the paper is structured as follows: In Section
2, system description and bounded parametric uncertainty
are presented. In Section 3, a zonotopic set-membership
state estimation approach for switched discrete-time LPV
system is proposed. First, the switched LPV state esti-
mator is implemented using zonotopes. Then, a set of
LMI constraints is proposed to minimize the size of the
zonotopic intersection and guarantee the stability of the
switched estimator. Section 4 illustrates the effectiveness
of the proposed approach through an application to vehicle
lateral dynamics state estimation. Finally, Section 5 draws
general conclusions and possible future work.

Notations:  In the following, R™ denotes the set of n-
dimensional real numbers and & denotes the Minkowski
sum. The matrices are written using capital letter, e.g.,
A, the calligraphic notation is used for denoting sets,
e.g., X, the interval matrices are denoted by capital
letter with square brackets, e.r., [4], [z, Z] is an interval
with lower bound z and upper bound 7. Given a box
M = ([a1,b1],...,[an,bs])T, mid(M) denotes its center
and diam(M) = (by—aq,...,b,—a,)T. rs(H) is a diagonal
matrix such that rs(H); = Y70, [Hijl,i = 1,...,n. For
simplification, the time instant k+ 1, kK — 1 is presented by
+, —, respectively, e.g., x(k + 1) = z(+).

Preliminaries:

Lemma 1. Zonotope inclusion (Alamo et al., 2005): Con-
sider a family of zonotopes represented by Z = p @ [M|B™
where p € R” is a real vector and [M] € R**™ is an interval
matrix. A zonotope inclusion, denoted by o(2), is defined
by
. . B™
o(2)=p@ mid([M])  rs(diam(M)/2)] [ 5o |
where rs(diam([M])/2) represents the row sum diagonal
matrix of diam([M])/2 . Under the definitions, Z C ¢(Z) .
Lemma 2. State zonotope inclusion (Guerra et al., 2008):
Given Xy, = [A]X, @ [Bluy , where [A] and [B] are interval
matrices and u;, is the input at time instant k, considering
X as a zonotope with the center ¢, , and the shape matrix
R, such X, = <cryk, Rx7k> , the zonotopic state at the next
time instant k41 defined as A}, is bounded by a zonotope

X¢ = (cokt1, Ro py1) , With

Cph+1 = mid([A])cg,, + mid([B])uy,
diam([A])

Ry kg1 = |:seg(<> ([A}Rz,k)) : ot dian;([B])Uk

where seg(o ([4]R,x)) means computing the zonotope
segment matrix with Lemma 1.

Property 3. Zonotope intersection(Alamo et al. (2005)):
Given the zonotope Z = (c.,R.) € R?, the strip S =
{zx €R":|Cx —d| <o} and the vector X € R?, the intersec-
tion between the zonotope and the strip is defined as 2nS =
(¢, R), where c=c, + A (d - Cc;) and R(\) = [(I — A\C)R. o}].

2. SYSTEM DESCRIPTION

Consider the following switched discrete-time LPV system
subject to parameter uncertainties, disturbance and mea-
surement noises:
2(4) = Aoy (p(k), £(K) ) 2(k) + Bo ) (p(k), (k) ) u(k) + Ew(k)
y(k) = Cz(k) + Fu(k)
(1)
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where z(k) € R*» is the state, u(k) € R*» is the con-
trol input, y(k) € R*» is the measured output. w(k) €
R and w(k) € R™ are the process and measure-
ment noises, respectively, assumed to be unknown but
bounded. o(k) : Rt — T = {1,2,...,I} is a known switch-
ing signal assumed to be on-line available. The sequence
ki ko .. ki kg1, kn, (ko) Tepresents the switching in-
stants on the interval [ko, K) , where ko = 0 denotes the
initial time, k; denotes the [** switching instant and the
active i*" subsystem (o(k) = i) when k € [k, ki+1) . And
o satisfies the ADT switching scheme (Liberzon, 2003).
A(p(k),€(k)) € R**™ and B(p(k),&(k)) € R**™ are unknown
parametric matrices depending respectively on the mea-
surable and unmeasurable scheduling vectors p(k) € R"r
and ¢(k) € R?s . E € R X" | F € R X" and C € Ry XN
are constant matrices. Moreover, the additive uncertainties
are assumed to be bounded by a unit hypercube expressed
as the centered zonotopes, i.e., wy € W= (0,1,,) , vy €V =
(0,I,) , where I,, € R*w*"w and I,, € R**X" denotes
the identity matrices. It is assumed that the unknown
scheduling vector £(k) is composed by a priori known
constant nominal value &y which is affected by an unknown
uncertainty AE(k) such that (k) = & + A¢(k) . Therefore,
the state matrices can be written as a nominal part plus
an uncertain part as:

gy (p(R), (k) = Agry (p(k), €0) +AAq (k) (p(k), AE(K) ) @)
Bo iy (p(k), €(k)) = By ((k), €0) +ABo i) (p(k), AE(K))
For simplification, we denote the nominal part A, ) (p(k), &)
and B, 1) (p(k), &) by Aoy (p(K)) , Bogy (p(k)) , respectively.

2.1 Switched LPV system

According to Chen and Patton (2012), the uncertainties on
system matrices caused by the uncertain parameter £(k)
can be approximated by an uncertain term. In this regard,
the system (1) can be rewritten as:

z(+) = Ay (P(k))z(k) + Bo(k) (P(k))u(k)
+D, ) (p(K) ) d(k) + Ew(k) 3)
y(k) = Cx(k) + Fo(k)

with
AAg ey (p(k), AE(R) )2 (k) + AB, oy (p(k), AE(K) ) u(k)
~ Doy (p(k))d(k), d(k) € [<1,1]™¢ = (0, I,,))

where d(k) is a disturbance, namely, an unknown but
constant vector. Moreover, D, (p(k)) is the associated
non-empty distribution matrix of suitable dimensions that
shows the direction of the parametric uncertainty.
Furthermore, considering that variable p(k) is on-line
measurable and setting it as the scheduling variable lead
to the following switched polytopic form of system (3):

N
z(+) = Z h(jj(k) (p(k)) (A(jj(k):p(k) + Bi(mu(k)
+5fj(k>d(k)) +Ew(k)
y(k) = Cxz(k) + Fu(k)
with  AAL | (AQa(k) + ABL *) N is

the number of the submodels, hljj(k) (p(k)) is the weighting

(A&u(k) ~ DI, d(k),

function for the j*" sub-model, which is dependent on the
parameter p(k) and fulfilled by the following properties
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N

Zhi<k) (p(R))=1, 0<h , (p(k))<1, Vi€ ={1,...,N}
j=1

In order to obtain the bound of the uncertainty term
AAI(A€)z(k) + AB! (A€)u(k),Vi € T,j € J with zonotopes,
it is assumed that the system states and inputs belong to
the interval vectors [X] = [z,7] and [U] = [u, 3], respectively,
which can be represented by the following zonotopic sets:

z(k) € X = (pz, Hz), px = mid([X]), Hz = rs(dia%([)()])
u(k) € U = (pu, Hu), pu = mid([U]), Hy = rs(M)

Due to the parametric uncertainty, the system matrices
are bounded by the interval matrices: AAJ(A¢) € [AAT],

ABJ(A¢€) € [AB!] . Then, it follows
AAT(AE)z(k) + AB! (Af)u(k) €
Considering Lemma 2, we have,

[AA|X @ [ABU.

[AAT1X @ [ABI U = (0, D) = (0,[S1 S2 S5 Sa)), (5)
where
. iam([A A7
S1 = seg(o([AAg]Hz)): rs(#) |Hel,
. iam J
Sy = seg(o([AB]]Hu))= rs(%)mﬂ,
diam([AA7]) diam([ABY))
S3=fpm7 42# u -

Remark 4. It is worth noting that the intervals [X] and
[U] may correspond to the theoretical maximum bounds
or physical limits in the case of real applications.

So far, a switched polytopic LPV model with parametric
uncertainties is bulit. A set-membership state estimator
for this model will be designed in the next section.

3. SET-MEMBERSHIP ZONOTOPIC SWITCHED
LPV STATE ESTIMATOR

In this section, a set-membership state estimation ap-
proach for the switched polytopic LPV system (4) is
proposed. This approach is based on the parameterized
zonotope intersection, which can be implemented by the
following Algorithm 1.

Algorithm 1: SMA-based State Estimation.

1. Prediction Step Given the switched polytopic LPV system
(4), compute the zonotopic uncertain state set

=7 J -

Xp =00 B (p(2) (AL - @ BY - @ D2 Y @EW.
2. Measurement Step Compute the measurement state set
Xy, by using the measurements yj,.

3. Correction Step Compute the outer approximation Xk of
XN ka .

3.1 Zonotopic Implementation for Set-membership State
Estimation

For implementing the set-membership state estimation ap-
proach with zonotopes, the following theorem is proposed.
Theorem 5. Consider the switched polytopic LPV system

(4), let X, = (cx, Ri) € R™= be the zonotopic estimated state,
where ¢, € R*» and R, € R*=*"r represent the center and
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shape matrix, respectively. Assume that the initial state
#o belongs to the set Xy = (co, Ro), the estimated state can
be propagated as follows:

N
ek =T+ Y 0 (o)X ) (k — C) (7a)
j=1
N
Ry, = Zhg,H(p,) [(In - N )c) Ri X, _ >F} (7b)
=1
with
Ck _Zh (=) (AL _ye— + B _yu-) (82)
Ry = thf(—)(p*) {Afr(—)R* D} E} (8b)
j=1

where (x, R;;) denotes the zonotopic predicted states.

Proof. Considering the switched system (3) with the
inclusion z_ € X_ = (c_,R_) , the zonotopic predicted state
set can be computes as:

)?k = <Ek7 Rk> :Aa(—) (P(—)) <C,, R*> D <07 DU(—) (P(—))>
® (By (=) (p(=))u(k),0) & (0, E) €)
Considering the polytopic form, ¢, and R, can be derived.
In addition, the measurement state set &, is computed by
considering current measurement yj as
Xy, ={x €R"™ 1y, — Cx € F(0,1n,)} (10)

Thus, the estimated state X, can be obtained through
an outer approximation of the intersection between the
zonotope (9) and the measurement state set (10). Based on
Property 3, for any switched correction matrix A, ) (p(—)) €
R”=*ny  the intersection is obtained as:

Xy, = (ery Bi) = (@ + Aoy (p()) (ux — Cer),
[(Tne = Aoy (P(2)) OV R Agiy (p(—)) F1) (1)

Therefore, the estimated state is derived as in (7) after
applying the poltyoplc form of the correction matrix

)‘U(—)(p(*)): Z] 1 hfy( >(p(7))>\f,(7) :
8.2 Optimal Switched Polytopic Correction Matrixz Design

This design consists in computing a weighting matrix P, =
PT € RreXnz > 0 and a parameter- dependent correction
matrix \i(p(k)) to guarantee that the size of the zonotopic
state estimation set X, is decreased, Vi € Z, Vk > 0 . To
reduce the conservatism, the size of X, is measured by
mode-dependent Pi—radius as follows:

lo(—y(k) = z(lgf;k l2(k) = ex (Ao(—) (p())) ||§>ﬂ(_)

= max IRy (Ao (o)) 211, (12)

where P,_y = P;,Vi € I is the weighting matrix for the
i-th subsystem.

Definition 6. For a switching signal o(k) and any K >k > 0
, let N,(k,K) denote the switching times of o during the
interval [k, K] . If for any given No >0 and 7, > 0, we have

K—k
No(k,K) < No + VK > k>0,

then Ny and 7, are called the chatter bound and ADT
respectively (Hespanha and Morse, 1999). We can set
Nop =0 as commonly used in the literature.
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In the following, the conditions will be proposed to min-
imize the effects of uncertainties and guarantee that the
size of X} is convergent with ADT switching.
Lemma 7. Consider the switched system (3), if there exist
scalars e, ;) € (0,1) and v, () associated with each subsys-
tem o(k) =i , constants v;, as > a1 > 0 such that
Vo(k) =i €Z,anQs(k + 1) < li(k) < 02Qi(k + 1), (13)
Li(k +1) <eili(k) +vids (14)
ety 70 = er (i(e®)) [, en =
min eig(P;), az = maxeig(P;), ; is a positive switched con-
stant that represents the maximum influence of process

disturbance, parametric uncertainty and measurement
noises as follows:

(51-7 max ||D((k))51||§+ Igax HE52H2 max. ||F53||2
3€B

where Q;(k + 1) = max

Then the size of the zonotopic intersection & is bounded
and decreased for any switching signal with ADT

Ta > T = —Inp/In(e;), p=az/ai. (15)

Proof. Considering the inequality (14), we have
li(k +1) < gili(k) < eils(k) + 7ids (16)

Vk—1 € [k, ki41), the ith subsystem is active, for all 4,q € T x
Z,i # q, it leads to

1i(k
Lk —1) < e F1(ky) < gfF—1 il l)lq(kl), (17)
lq(kl)
where
Li(k) = max |lox, — ek, (N (p(ki = 1)) 1, (18)
ky € Xk
lg(k) = max [lag, =k, (A (0o = D)) I3, (19)
zkleXkl
Since a1l,, < P < agls,, ail,, < Py < azl,, , using

condition (13), we have
o1 Qi (kr) < li(ky) < oaQi(ky) (20)
a1€2q (k) < lg(kr) < a2Qq (ki) (21)
with  Q(k) = oy e, 178 = cny (Xi(p(k = 1)), and
Qq(ki) = max,, ¢, Tk —cr, (A (p(kr = 1)))1I-

As cr, (N (pki = 1)) ) # er, (A (pki = 1)) ), then Q; (k) < Qq(k1).
Thus, inequality (17) becomes

max

Qi (k) k102
Lk —1) < gF k-1 E22000 )y < g b—ki=122) (g
( )< 1S (k1) qlky) <e o q(k1)
At the switching time instant k£ — 1 = k;, it has
li(ke) < plq (k) (22)

where p = 52 > 1. Therefore, the size of the zonotopic
intersection is decreasing for each subsystem, and bounded
when the subsystem switches, which ends the proof.

If (14) holds, then when k — oo, Vi € Z, loc = giloo + 7idi,
it follows that l. = %% ,which shows the equality of
minimizing the P;-radius (12), for given &; and §;, and
minimizing the attenuation gain ;. Then, the computa-
tion of the parameter-dependent correction matrix X;(p(k))
for each subsystem is transformed into solving a Multi-
Objective Global Minimum Optimization problem with
LMIs constraints according to the following theorem.

Theorem 8. Inequality (13) and (14) hold, Vi € 7,5 € N,
if there exists a matrix W/ ¢ R"= "y, a positive definite
matrix P/ € Rexne, scalars v > 0,7 > 0 for given scalar
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€ (0,1) that are obtained by solving the following LMI
optimization problem

min 7y
Wi, Piyvi
¥ <~y (23a)
a<Pl<p (23b)
ePl 0 0 0 AJ (P’ cTWJ )
« ~/DID; 0 0 DgT( P cngT)
* « ~JETE o ET(P -cTw)) | 20
* * * ’ygFTF FTWZT
* * * * Pi]
(23c)
where W/ = PIN M = Pijfle.
Proof. For all o) = i« € T , with denoting 2z =
T sT|T,s = [s? sg sg;]T, where z € B"r s, € B"d, sy €

B"»,s3 € B, (14) can be rewritten as
1R+ (i (p(k))2]1,

i(p(=))zl1B, +7i( max [|Ds(p(=))s1ll3
s1€B™d

, I1Fs313)

max
zeBnrtndgtnatny

<e&; max IRk (X
zeB™

+ max

so€EBx

It follows that

HE32||2 + rnax
3€B

max

e (R Oalp ), — =il RO,

—%i(IIDi(p(=))s113 + || Es2||3 + [|Fs3]13)) < 0
which is equivalent to the following inequality:
TRy (Ni(p(k) " iR+ (Ni(p(k)))2 — visT Ass
—eiz" R(Ai(p(=) T PiRk(Xi(p(—)))z <0 (24)
where
A; = diag([ Di(p(—))" Di(p(-)) ETE FTF])
Recalling that
Ry (Ai(p(k)))2 = (I = Ai(p(k))C)Ai(p(k)) Ri(Ai(p(k)))2
+ (I = Ai(p(k))C)Di(p(k)) (I = Ai(p(k))C)E Ai(p(k))F]s, (25)
which allows to replace Ry(\i(p(+)))2 in (24) by (25).
Then, the following inequality (26) is derived, where
Zi = [ (I = XNi(p(k))C)D; (I = Xi(p(k))C)E  Ni(p(k))F |

Since inequality (26) holds, it is equivalent to that the
following inequality (27) holds. It is worth noting that
due to the space limitation, inequalities (26) and (27)
are presented on the next page. With the application of
Schur complement, and considering the polytopic form of
Xi(p(K)), Ai(p(k)) and D;(p(k))), (27) can be rewritten as the
following inequality, which is valid for all vertices Vvj € J:

P! 0 0 0 (I- ,\J.')C)AJ])T J
« 4DI"DI 0 0 ((I-Noypi'p
* * 'yiETE 0 (1 )‘ZC) )TPZJ >0
* * x  yFTF HFYT P
* * * * P%.J

It’s worth noting that the parameters P/ and v are used
to introduce more degrees of freedom and consequently
reduce conservatism. Then, (23c) can be derived by ap-
plying Wi = PIxJ, ) = P/~ 'wi. Therefore, by minimizing
the gain 'y{,Vi € I,j € J, the size of the intersection
zonotope Xy is equally minimized. In order to solve this
multi-objective optimization problem, one objective scalar
v is minimized while the others are transformed into con-
straints v; < . Hence, we complete the proof.
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[Rk(xxp(k)))zr Ai(pk)T (I = Xi(p(k))C)T Pi(I = Nip(k)C) As (p(k)) — i P; * [Rk@i(ﬁ’(’“)))ﬂ <0 (26)
S ZZ'PZ'(I — Al(p(k))C)Al(p(k)) ZiPZ‘Zi — ’YiAz‘ s -
, Y . Tp . . Tp 1T
[efz . J—[((I MO (o) PZ]PI_I[«I Alp9)0)As(ol0) Pz] >0 (27)

4. CASE STUDY
4.1 Vehicle model description

In this section, a vehicle lateral dynamics nonlinear model
is given as the following LPV model(Ifqir et al., 2019):

_crter CTlT_Cflf,l cy
B mug v2 [5} Mg
Bl = or (2
|:1/) crly — Cflf _C'rl% +Cfl?c w + Cflf f ( 8)
I, I v, Iz

where 8 and v are vehicle sideslip angle and yaw rate, d;
is the steering angle, m and I, are the mass and the yaw
moment, v, is the longitudinal velocity, {; and [, are the
distances from front and rear axle to the center of gravity,
¢y, ¢ are the cornering stiffness of front and rear tires. It is
worth noting that c¢ and ¢, are not measurable and vary
with the surface friction. Then, readjustment variables Ac,
and Acy are taken into account to correct the cornering
stiffness errors as: ¢y = cpg + Acy and ¢, = ¢ro + Acy, Where
cfo and ¢ represent known nominal values, and Ac, and
Acy are assumed to be unknown but bounded.

Denoting 8 and 1 as states, d; as the input, v, and cy, c,
as the measurable and unmeasurable scheduling variables,
respectively, (28) can be represented by the following LPV
model subject to disturbances w and noises v:

{ &(t) = A(p(t), £(t))x(t) + B(p(t), &(t))u(t) + Ew(t) (29)

y(t) = Cx(t) + Fo(t)

where p(t) = v, and £(t) = [ ¢, ¢y ]T, y(t) is the measure-
ment of yaw rate and v(t) is the corresponding measure-
ment noise with distribution matrix F'.

In order to obtain the discrete-time LPV model of system
(29), Euler’s discretization method, with the sampling
time T= 0.04s, is used. It follows that

{ z(+) = A(p(k), §(k))z (k) + B(p(k), (k))u(k) + Ew(k)

y(k) = Cx(k) + Fu(k) (30)

where  A(p(k),£(k)) = In, + TA(p(k),&(k)), B(p(k),E(k)) =
TB(p(k),£(k)) , the disturbance and noise distribution ma-

0.001 0 } and F=0.03.

trices satisfy W = [ 0 0.02

Dividing the region of parameter p(k) into I sub-regions,
I subsystems are obtained with a switching law o(k) :
Rt - Z={1,2,...,I} . Considering the uncertainties on the
parameter £(k) , the state space matrices can be decoupled
as (2). Approximating the parametric uncertainties by an
uncertain term D, ) (p(k))d(k) and using the sector nonlin-
earity approach, a switched polytopic LPV representation
with I subsystems and 2 sub-models for each subsystem is
derived and given as follows:

2
2(+) = 3 B o (k) (AL (k) + B, (k)
j=1 (31)
+D7 1y d(k)) + Ew(k)
y(k) = Cx(k) + Fu(k)

In this paper, the system states and input belong to
the intervals [X(1)] = [-0.06,0.06], [X(2)] = [-0.5,0.4] and
[U] = [~0.14,0.08] . Thus, D7 ) can be computed with (5).

4.2 Experimental validation

This subsection will test the performance of the proposed
design using experimental data. The experiments are con-
ducted by a vehicle equipped with several sensors on a
track of 3.5 km with various curves. The available measure-
ments are yaw rate 1, steering angle d¢, and longitudinal
speed v, shown in figures 1,2, and 3. It is worth noting
that the sideslip angle 3 is measured by a Correvit sensor,
which serves only for validation not for the estimator
design. Considering the characteristic of the measured
longitudinal velocity v, in Fig.3, the whole parameter
space can be divided into three sub-regions according to
the following switching rule:
14if 9m.s™ ! <wvgy <13m.s™!
a(k) = { 2 if 13m.s™! < vy < 16m.s™?
3 if 16m.s™! < vy <20m.s!

(32)

and three local models are obtained with the considered
switching law shown in Fig.4.
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Fig. 1. Yaw rate 1.
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Fig. 3. Longitudinal velocity v,.

By solving the LMI optimization problem (23) and se-
lecting the scalar ¢; = (.78, we can obtain the switched
polytopic correction matrices /\fT ®) and the corresponding

minimum ADT 77 = 8.7985 through (15). Then the actual
trajectories of the system states (black line) and the state-
bounding intervals (red line) are depicted in Fig.5 and
Fig.6. Furthermore, under the same parameters set, a
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Fig. 4. Switching signal o (k).
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comparison is conducted using the SMA-based switched
state estimator from subsection A of Fei et al. (2021) for
the system (3). As the compared estimation results shown
in Fig.5b and Fig.6, it reveals that the proposed method
allows to provide a more accurate bounded estimation of
the vehicle state variables.
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Fig. 5. Set-membership estimation of 5 using proposed
approach (red) and reference approach (orange).
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Fig. 6. Set-membership estimation of v using proposed
approach (red) and reference approach (orange).

5. CONCLUSION

In this paper, a zonotopic switched LPV state estimator
using set-membership approach has been proposed for
switched discrete-time system with measured and unmea-
sured parameters. In order to design the switched poly-
topic correction matrix, the P;-radius of the intersection
zonotope and ADT switching are considered to derive
the LMIs conditions. As demonstrated by the application
example, this solution is more accurate. As future work,
applying the proposed approach to fault diagnosis, such as
minimum detectable fault will be investigated.
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