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An MPC Method for Trajectory Tracking of
Unmanned Vehicle with LMI-Constrained
Unscented Kalman Filter

Renbo Qing, Xiaoming Tang, Hua Huang and Yongzhen Cao

Abstract—This paper investigates the model predictive con-
trol (MPC) for the trajectory tracking of the unmanned vehicle
system with bounded disturbances and actuator saturation
based on the unscented Kalman filter (UKF). In order to obtain
accurate system state, the linear matrix inequality (LMI)-
constrained UKF is addressed by solving the LMI optimiza-
tion problem. Moreover, by expressing the saturating linear
feedback law as convex hull and describing the stability of
the vehicle kinematics model with bounded disturbance via
the quadratic bounded theorem, a model predictive controller
to achieve trajectory tracking is proposed by solving the
infinite horizon optimization problem. The effectiveness of the
proposed approach is verified by the co-simulation platform of
Matlab/Simulink and Carsim. The results of simulations show
that this approach can improve the accuracy of state estimation
as well as the trajectory tracking control.

Index Terms—unscented Kalman filter, trajectory tracking,
model predictive control, linear matrix inequality.

I. INTRODUCTION

T is undoubtedly that the unmanned vehicle technology

has a great impact on the transportation and logistics
industry. With the continuous development of core tech-
nologies, such as artificial intelligence and sensor detection,
unmanned vehicle technology is also constantly updating [1—
7]. Generally, unmanned vehicle technology includes envi-
ronmental perception, path planning, and trajectory tracking.
Among them, trajectory tracking is one of the key issues and
the primary prerequisite for unmanned vehicles to complete
work tasks [8—12].

As everyone knows, the tracking performance of un-
manned vehicle depends not only on the tracking control
algorithm, but also on the accuracy of the vehicle state
estimation. Kalman filter (KF) is extensively used in state
estimation due to the strong anti-interference performance,
simple programming, small memory footprint, fast operation
speed, and a large number of literatures can be found in
studying the KF [13—17]. It should be noticed that filtering
is great challenging due to the nonlinearity which becomes a
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hot research topic in the last decades. Among the existing ap-
proaches for addressing the problem of nonlinearity [18-22],
UKEF [21] and extended KF (EKF) [22] demonstrate great
advantage, since they take Taylor’s theorem and unscented
transformation to linearize the system and the fruitful of the-
ories of linear system can be directly utilized. For instance,
[23] proposed an estimation scheme based on dual EKF
technology, the first EKF was used for estimating the vehicle
state, and the second EKF was used for estimating the vehicle
parameters. In [24], the estimation of the rapidly varying
handling state vector with EKF was investigated. In [25], the
adaptive cubature KF (ACKF) was used for estimating the
system state, and the adaptive law was used to eliminate the
influence of unknown interference. Reference [26] presented
a scheme of region-level instance segmentation and EKF. In
addition, other types of Kalman filters have been proposed
in the framework of nonlinear systems, see e.g., [27-29]. In
[27], the error state KF was proposed to estimate localization
position and vehicle state. In [28], a two-layer control scheme
was proposed, the outer layer consisted of a trajectory
tracking controller, and the inner layer included a zonotopic
KF. Additionally, a consensus-extended KF was designed
in [29]. However, the above works are all focused on the
influence of noise on filtering results, which ignored the state
constraints of system. Hence, a great many of papers start
to investigate the Kalman filters with constraints [30-33].
In [30], a disturbance observer based on state-constrained
KF was proposed to estimate the vehicle state. In [31], a
constrained UKF algorithm was subsequently introduced to
estimate the tire-road friction coefficient, aiming to improve
the convergence speed and estimation accuracy. Based on
accelerometer, gyroscope and wheel speed, a constrained
EKF was explored in [32]. Reference [33] provided a double-
stage KF estimation strategy consisting of complementary
KF and multi-state observation-constrained KF. Reference
[34] proposed a linearly constrained EKF approach to solve
the problems of model mismatch and unknown noise. How-
ever, to the best of the authors’ knowledge, few studies have
expressed the state estimation as an optimization problem in
the form of LMI when considering the KF method.
Recently, MPC has becomes one of the most popular
tracking control algorithms in unmanned vehicle technol-
ogy, since it possesses the unique feature of dealing with
the physical constraints in unmanned vehicle systems, see,
e.g., [35-39]. Reference [35] proposed a path following
model predictive controller that considered model mismatch.
A novel approach of combining lane detection and MPC
approach was presented in [36] to maintain the accuracy
and stability of trajectory tracking control for unmanned
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Fig. 1. The overall framework considered in this paper
including: model, filter and controller

vehicle system. A nonlinear model predictive controller was
designed in [37], which considered both hard and softened
constraints. Reference [38] investigated an MPC approach
with finite time horizon, which considered the time-varying
and uncertain parameters, as well as the external disturbance.
Reference [39] proposed a control scheme of MPC and
Robust control. The model predictive controller solved the
problem of trajectory tracking and trajectory planning, and
the robust controller tracked the phase trajectory to ensure
the stability of the motion. However, it is worth noting
that the above studies are under a common assumption
that the system states are measurable. In fact, it is hard
to directly obtain the system state in practical applications.
Therefore, the state observer is usually used in MPC method
to obtain system state. In [40—43], the state of unmanned
vehicle system was estimated based on its measurable signal
which was served as the input of the model predictive
controller. In [40], a composite control scheme composed
of disturbance observer and nonlinear MPC was devised
to improve the control performance of underwater vehicle
system with disturbance, model mismatch, and input satu-
ration. In [41], an MPC method combined with extended
state observer was proposed, which considered the speed
information loss, dynamic uncertainty and disturbance. In
[42], an UKF combined with multi-constraints MPC strategy
was proposed, where UKF was based on a magic formula tire
model. In [43], a four-degree-of-freedom vehicle model and
an UKF were addressed to estimate the vehicle state, and
model predictive controller was designed to achieve real-
time control based on the estimated state of the vehicle.
However, limited works focus on the combination of LMI-
constrained UKF and MPC approach, not to mention the
actuator saturation and external disturbance, which prompts
the further study in this paper.

In this paper, an infinite horizon model predictive con-
troller is designed for the trajectory tracking problem of
unmanned vehicle system based on the LMI-constrained
UKF method which explicitly considers the actuator satu-
ration and bounded disturbance. According to the vehicle
dynamics model, the UKF with constraints is presented by
solving the LMI optimization problem to get the estimation
state required by the controller. According to the vehicle
kinematics model, the model predictive controller is proposed

by considering system disturbance and actuator saturation,
which are handled via the quadratic bounded theorem and
the convex hull expression, respectively. The structure of the
approach as seen in Fig. 1. According to the vehicle model
provided by Carsim, the vehicle state is obtained through
UKEF which is served as the input of the controller. In model
predictive controller, the infinite horizon cost function is
optimized online by using LMI technology to obtain control
input for vehicle, which explicitly considers the bounded
disturbance and actuator saturation simultaneously.

The organization of the paper is as below: Section II
provides the vehicle model, and Section III focuses on LMI-
constrained UKF. Section IV introduces a robust model
predictive controller. Simulation and discussion of results are
presented in V. The conclusion is given in Section Section
VL

II. VEHICLE MODELING
A. Vehicle Dynamics Model

In this section, we establish the vehicle dynamics model,
as shown in Fig. 2. We assume certain conditions for
analyzing the front-wheel-drive unmanned vehicle. These
assumptions include operation on a level road, disregard for
vertical motion effects, neglecting the longitudinal and lateral
coupling relationships of tire forces, and ignoring any lateral
movement of the vertical load [44]. The resulting equations
are presented as follows

mi = myp + 2(Fyp + Fyy) (D)
myj = —mip + 2(Fyr + Fyy) 2)
L.y = 2(aFyf — ber) 3)

where m represents the mass of the vehicle; the yaw angle
@ is defined as the angle between x axis and X axis, with
counterclockwise rotation considered as positive; Fy and
F,, indicate the forces exerted on the front and rear tires
along the x-axis, Fy; and F}, signify the forces on the front
and rear tires along the y-axis; I, denotes the moment of
inertia of the vehicle about the z-axis; a and b correspond to
the distances from the vehicle’s center of mass to the front
and rear axles.

The conversion relationship between the resultant force in
the « and y directions and the longitudinal and lateral forces
are as follows

F,,. = Fj.cosd, — F,.sind, ()
Frr = Fiscoséy — Fepsindy )
Fy = Fpsind, + Fercosd, (6)
Fyy = Fyysindy + Fepcosdy 7

where Fj,. and F,,. imply the force on rear tire in the
longitudinal and lateral direction, Fjy and F.; denote the
force on the front tire in the longitudinal and lateral direction,
the computation of the above parameters is referenced in
[44]; 6 and 0, are the wheel deflection.

According to the conversion relationship between the
vehicle body coordinate system and the inertial coordinate
system

Y = @sinp + ycosp ()
X = Tcosp — Ysing ®
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Fig. 2. Vehicle monorail model for vehicle dynamics

The vehicle nonlinear dynamics model can be obtained
through equation (1) to equation (9) as follows

X = f(X,q) (10)

where X =[y & ¢ ¢ Y X]|T, a=4;.

B. Vehicle Kinematics Model

Fig. 3 shows the kinematics model of vehicle. The vehicle
kinematics equations are as follows

e cosp
Y | =| sing |v (11)
@ tand/l
Equation (11) can be described as
€= F(&u) (12)

where £ = [X Y ¢t u=1[v §T.

For a specified reference trajectory, it can be described by
the vehicle’s motion path. Every point along this trajectory
complies with equation (12), the subscript ref is employed
to denote the reference point, which is generally in the form
of

= ‘F(Erefau’r‘ef)
where &, and uref are respectively defined as &,.; =

[Xref Yref Qpref] Uref = [Uref 6ref] .
Through Taylor theorem and Euler discretization, we can
get

&res (13)

Xi1 = A Xy + Bt (14)
with
1 0 —vpepsingresT
Ap=10 1  vpepcosppesT
0 0 1
- (15)

€08prefT 0

By = | stngpefT 0
tandresT VpepT
L 1 lcos?drey

where X, is the result of & — €, ¢ discretization, 7' is the
sampling time.

Fig. 3. The vehicle kinematics model

III. STATE ESTIMATION

A. UKF for State Estimation

System equation (10) is selected for state estimation, and
considers process noise and measurement noise.

{X f(X.@) +q 6

h(X)+r

where ¢ ~ N(0, Qi), § =
N(0, Ry).

(1) Prediction step. Calculate the sigma sampling of
posterior probability distribution, .

MX) = [X, Y, ¢, r ~

Tp-1, 1=0
O Ee + VNP Y,
X = i=1,2,..,n (17)

Zro1 — (V(n+ N P_p) Y,

t=n+1,...,2n

where A = a?(n + k) — n, a and k are the proportional
parameters, the matrix Py_; is computed using the provided
initial values and the expression for Py in equation (24).
Then, the nonlinear transformation
—*(i) _ +(4) S
X, = f(& ) u), i=0,1,...,2n (18)
The prior probability distribution of the state &, and the
error covariance P, = Ele; (e;)"] are computed.

1=2n

‘,2; _ Z W(z —*(1)

o 19)
PE:ZW(Z[ *(Z)_xk][‘)( *()_‘rk] +Qk

=0

where e, =z, — ).

Volume 51, Issue 4, April 2024, Pages 447-462



TAENG International Journal of Computer Science

Compute the weights

A
0 _
W n+\
0 — 2 41142 2
WO = 2 1at g, (20)
i i 1 ;
WT(”):WC()ZW’ 1=1,2,...,2n

where [ is used to introduce the high-order moment infor-
mation.
(2) Update step. Similarily, compute the sigma points

z, 1=0
i+ (NP,
x; @ = i=1,2,...n 1)
iy — (\/ (NP
i=n+1,...,2n
Next, the nonlinear transformation
zW = "), i=0,1,...2n (22)

Finally, compute the mean predicted measurement zg,
predicted measurement error covariance P, and cross error
covariance P, = Ele; p}]

1=2n

Z wi z)
1=2n
P.=Y Wiz - )2y — 2" + R, (23)
1=0
1=2n

#7112 — )T

ZW X (i) _

=0

where pr = yr — 2, which y; is the observed value.
The gain K}, state mean Zj and covariance Py are
computed by follows.

Ky, = P, P!,
Ty = Ty, + Kipg, (24)
P, =P, — KxP,K}

B. LMI Formulation of the UKF

The state estimation is essentially an optimization prob-
lem, we can use LMI technology to solve the following
optimization problem, the gain K} is selected to minimize
the objective function [45]

I, :%[(Pk — HeKipr) Ry (px — HoKypr)
+ (Krpe) " (Py) " (Kkpr)]

By considering p,, = Hype, + vi, we get

(25)
H,=PL(P;)™" (26)

Combining equation (25) and equation (26), we have

T =5t 10— PE(PY) P PR
x (1—PL(P;) ' PP 27)

+(Pzzp ) (Pk ) 1Pa:sz 1]pk

z

The cost function is selected as follows

Ti(Zk) = %p?fzkpk (28)
where Zj, is subject to the constraint
Z> (11— PL(PO) PP YR
x (1= P(Py) 7 Pee P (29)

+ (Poe P (P )T PP

Use the Schur complement lemma, equation (29) is equiva-
lent to

Zk * *
© R * >0,
voo Pt (30)

0= (1-PL(P;) 'P..By),V = P, By

where the design variable is chosen to be By = P, !. In
the unconstrained case, minimizing equation (28) over all
possible Z;, and By, subject to Zj = Z,cT >0, B = Bg >0
and equation (30) yields the optimal gain Ky = P,,By =
P..P; 1 In some cases, the additional information of system
state and environment can be incorporated into the optimiza-
tion problem in the form of LMI.
{ & §T

E
where Dy, = D > 0.

IV. DESIGN OF MODEL PREDICTIVE CONTROLLER

In this section, a robust model predictive controller is
introduced. According to above vehicle kinematics model,
the system can be described as

Xk+1 = Akj(k + Bysat(ug) + wg

[Ak Bk] Y (52)

where X, = & — & e & is obtained by LMI-constrained
UKF, and Q = Co{[A; Bi),...,|[Ar, Br]}. The function
sat : R"™ — R"™ is the standard saturation function,
defined as sat(uy) = [sat(t), sat(isy), ..., sat(iy, )] T, and
sat(ag) = sign(ug)min{|tk|, maz}. The wy satisfies
[|lwg]] <1 for all &> 0.

For any time-varying Ay and By, [Ax Bg] € Q implies
that

L
[Ax Bil=> X4 Bi (33)
=1

where \; >0, S8 A\i=1,i=1,.., L

Lemma 1: [46] Suppose that P € R"=*"=_ P > (, and
let an ellipsoid 2, = {x\xTP:c < 1} and a polyhedron of
auxiliary matrix F, £(F) = {z € R"™ : |ffz| < 1, =
1,2,...,n,}, Q, C L(F) if and only if: fTP71f; <1,1=
1,2,...,ny, where f,f is the Ith row of F.

Let V is a set of n, X n, diagonal matrices, and the
elements taking values on O or 1. V; and V- =1 — V;
are the element of V), which s € {1,2,...,2"}.

Lemma 2: [47] Let F, H € R™*" be known. If |hf 2| <

1foralll=1,2,...,n,, then
sat(Fz) € Co{V,Fz +V, Hz} (34)

where s € [1,2"].
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Lemma 3: [48] For any allowable wy,1;, j > 0, the system
equation (32) is quadratically bounded if the following
conditions are satisfied.

1) P is a common Lyapunov matrix.

2) X' PX}, > 1 implies that X', , PX;1 < X PX;.

3) the ellipsoid ep = {X;|XTPX) < 1} is a robustly
positively invariant set.

By applying Lemma 1 and Lemma 2, sat(d@j) can be
described as

sat(ig) = FXp, (35)

where F'= Y0 23:11 AinsFy, Fi = (VoF + V7 H), ne >
0, %2 e = 1.

We propose the “min-max” optimization problem in the
infinite horizon to design the controller.

min max Joo (k)
sat(uy) [Ar Br]€Q,i>0

Joo (k)

—~

= Z[X;.CTJ_NCQCXHJ‘W + Sat(ﬂkﬂ|k)TRc8at(ﬂk+j|k)]
=0

(36)

where (). > 0 and R, > 0 are proper weighting matrices.

Theorem 1: Assume that Xj, = X k|, represents the state
of system equation (32) at the sampling time k. The ellipsoid
Q, = {Xk‘k|XkT|kQ_1Xk‘k < 1} is an invariant set of
the closed-loop system under the state feedback control law
equation (35). For any X |k € Q,, if the following conditions
are satisfied,

[ Lo } >0 (37)
Xep Q| —
(1-7)Q kK
0 vyl
AQ+B,(V,Y+V=Z) ~I Q >0
0Q:Q 0 0 ~I =«
RE(V,Y + V. 2) 0 0 0 ~I
(38)
{I *]>0zl=th (39)
2 Q|7

there exists the control law given by F = YQ™ !, H =
ZQ~! that minimizes the upper bound V(Xk|k) of the
objective function at the sampling time K.

Proof: Select a Lyapunov function as V(Xk+j‘k) =
)A(gﬂ‘kP)A(Hﬂk, j > 0. Assume AV()A(;HJ-“C) satisfy

AV (Xjoyjik)

=V (Xetjre) = V(Xisjik)

< - [XkTJrj\kQCXkJrﬂk + sat(uprjix) " Resat ()]

(40

the system is stable, and equation (40) is the stability
condition of the system.

Applying Lemma 3, we can obtain the formula that holds
equation (40)

X\ PX gk — wiwg >0
4

T % T % T
X P Xotjie — X i o P X jr11e — [ X e

X QchJrj\k + sat (k)T Resat(ugy )] >0

(41)

Applying the S-procedure theory to equation (41) reveals
the existence of a parameter, denoted as 7, yielding the
following equation

X PX ik — Xy w P Xk gaun
- Xg—&-j\chXkJrj\k — sat(ups )" Resat(ugpy i) (42)
— (X4 P Xkjie — wi wg) >0

Then, let P = vQ~! and rewrite equation (42) into matrix
form as follows

T 2]

X (43)
B T -1 Xitjlk | >
A 17Q LA nf | e | 2o
where © = (1—7)@‘1—%626—%}7?}{6}_2, A; = A;+B,F,
Equation (43) is equivalent to
0 0 p 113
o 0| et nz0 @
5
Using Schur complement lemma for equation (44), we get
1-7Q' x x % =*
0 %TI * ok %
A; + B;F; I Q@ =x = >0 (45)
Q2 0 0 ~I =«
1 _
REF; 0 0 0 ~I

Multiply diag{@ I I I I} and diag{I v I I I} on the left
and right sides of equation (45), respectively. Let Y = FQ,
and Z = HQ, if 27 Q12 < 1 holds, we obtain

(1-7)Q x
0 1l % *
AiQ+Bi(VsY +VoZ) I Q * 1 >0
Q2Q 0 0 A % |
RZ(V,Y +V Z) 0 0 0 ~I

(46)

where T is pre-specify.

If equation (46) holds, then equation (40) holds, the system
stability condition AV (X k+j]k) < 0 is included in equation
(40). For any Xk‘l k € €p, adding equation (40) from j =0
to j = oo, we get

max Joo (k) <
=-x S L )
Then, using Schur complement lemma, condition

2'Q 'z < 1and XEQ’le < 1 are equivalent into

leQ_lzl<1<:>{ZIl 5}>0 (48)
XTO1X, <1 = { )gk 5 ] >0 (49)

End of proof.

According to Theorem 1, we propose the following opti-
mization problem to design the control law to minimize the
upper bound of equation (47).

min
v,Q,Y,Z
s.t. Equations. (46), (48) and (49)

(50)
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V. SIMULATION RESULTS

The effectiveness of the methods proposed in Section III
and Section IV are verified through the vehicle simulation
model provided by Carsim in the co-simulation platform of
Matlab/Simulink and Carsim, as shown in Fig. 4.

y_dot
x_dot

Workspace 1

Yaw

Yaw_dot

ﬁ. Yo

Xo

CarSim S-Function
Vehicle Code: i_i

Scope1

XY Graph

Scope3

U_Control X_State

MPCController
S-Function

Unit Delay

Fig. 4. The co-simulation platform of Simulink and Carsim.

The initial position of unmanned vehicle is X (0) =
[0 0 0. Let T = 0.1second, [ = 2.6m and §¢(0) =
0.104rad, we can get

d=4, R. = 0.1, timaes = 0.436

and

(1 0 —0.1vps | [1 0 0.1v.ey
A1: 0 1 O.IUref 7A2: 0 1 0-1Uref

[ 00 1 | [ 0 0 1

_1 0 —0.1’1]7.6]0_ _1 0 O.l’l},.ef
Az=|0 1 —0dvees |, Ag=1| 0 1 —0.1v,.ey

[ 0 0 1 | [ 0 0 1

[ —0.1 0 i [ 0.1 0 i
Bi=| 0.1 0 ,Bo=1| 01 0

| 0.004 0.039vycp | | 0.004 0.039v,c |

[ 0.1 0 i [ —0.1 0 i
Bs=| —0.1 0 , Bs=1| —0.1 0

| 0.004 0.039vycp | | 0.004 0.039v,c5 |

1 0 0 1 00
Qc=10 1 0|,Dy=|01 0

|0 0 1 0 0 0

Define the remaining parameters of the simulation vehicle
in accordance with the specifications outlined in [49]. Subse-
quently, three different methods are chosen for experimental
simulation. Method A is the MPC method proposed in
Section IV without filter. Method B is the MPC method
proposed in Section IV with traditional UKF. Method C is the
MPC method proposed in Section IV with LMI-constrained
UKF.

Case 1: The starting point of the vehicle is within the
reference trajectory

The starting point of the reference trajectory is X,.¢(0) =
[0 0 0]T. The tracking ability of controller and the accuracy
of estimation are evaluated by chosing different velocities
in simulation. The speed v, is chosen as 3m/s, 5m/s and
8m/s, respectively. As shown in Fig. 5, the three methods
all have good tracking performance at three speeds. Upon

70
Reference
—— NO UKF
oor UKF
Reference UKF with LMI
50 - A
40 -
=
>
30 -
2or 05 NOUKF
10 + UKF
0 L |
-30 30
X(m)
(a) Trajectory tracking with different methods (3m/s)
70
reference
—— NO UKF
oor UKF
reference UKF with LMI
50 - A
40 -
=
>
30 /l \\
20 - 49.7 / \
¢—o.1 0 \0_1 02 NOUKF
10k UKF with LMI UKF
0 ‘ ‘ ! | ‘
-30 -20 -10 0 10 20 30
X(m)
(b) Trajectory tracking with different methods (5m/s)
70
reference
NO UKF
60r UKF
reference UKF with LMI
50 -
40 ¢
£
>_
30 -
49.8
20 49,6
10
|

X(m)

(c) Trajectory tracking with different methods (8m/s)

Fig. 5. Experimental simulation of vehicle trajectory track-
ing. The experiment was carried out in three different
methods and at three different speeds at the starting point
X,er(0)=1[0 0 0]T.
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06 4l
E
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> o
8 0.4 4 £
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2+
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$ 0.3
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'_
0.2 61
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10 . . . . . . . . . |
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0 10 20 30 40 50 60 70 80 90 100 t(s)
t(s)
. L . . (b) X-direction deviation with different methods (Sm/s)
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1071
081 e NO UKF
NO UKF 8+ I UKF
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2 27
j‘% 0.3
o UKF 4r
= NO UKF\yr with LMI
0.2 -6 NO UKF
0.1 8t
10 . . . . . . . . . |
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0 10 20 30 40 50 60 70 80 90 100 t(s)

. o . t(S), (c) X-direction deviation with different methods (8m/s)
(c) Tracking deviation with different methods (8m/s)
Fig. 7. The deviation of X-direction between actual vehicle
track and reference track at the starting point X,.r(0) =
0 0 0]T.

Fig. 6. Tracking error between actual vehicle track and
reference track at the starting point X,.¢(0) = [0 0 0]T.
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Fig. 11. The estimation of vehicle Yaw using both the
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Fig. 10. The simulation of wheel steer with different methods
at the starting point X,.;(0) =[0 0 0]*.
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analysis of Fig. 6, Fig. 7, and Fig. 8, it is evident that the
deviations resulting from the three methods are small, all less
than 1m. However, as the speed increases to 8m/s, Method
C demonstrates better performance. From this, it can be seen
that when the starting point of the vehicle is on the reference
trajectory, the requirements for the accuracy of vehicle state
estimation and the robustness of MPC algorithm are not
high, and the results obtained by the three methods are all
excellent.

According to Fig. 9, the results indicate that the vehi-
cle can reach the reference speed through three methods.
Comparing with method A and method B, method C has
smaller overshoot. Throughout the motion of the vehicle,
the wheel angle plays a crucial role in influencing trajectory
tracking performance, as depicted in Fig. 10. Under the
action of method C, the downward overshoot of tire angle is
smaller, which has a faster response speed and can adjust
tire angle faster to achieve the purpose of tracking the
reference trajectory. In Fig. 11, the results show that LMI-
constrained UKF estimation error is smaller than traditional
UKF estimation error at different speeds. In Fig. 12, the
deviation between the vehicle yaw and the expected yaw
under the action of method B and method C is similar.

Case 2: The starting point of the vehicle is outside the
reference trajectory

The starting point of the reference trajectory is X,.¢(0) =
[0 10 0]™. The tracking ability of controller and the accuracy
of estimation are evaluated by chosing different velocities
in simulation. When the starting point of the vehicle is
outside the reference trajectory, higher filtering accuracy and
robustness of the MPC algorithm are required. As shown
in Fig. 13, at speed of 3m/s and Sm/s, all three methods
demonstrate good tracking performance. According to Figs.
13(a) and 13(b), method B and method C have better tracking
performance than method A. The vehicle using method C
approaches the reference trajectory more quickly and travels
along the reference trajectory more closely. Fig. 13(c) shows
that, at the speed of 8m/s, the three methods have a certain
degree of fluctuation at the beginning of movement. The
vehicle using Method A adheres to the reference trajectory
after completing two laps, while the vehicle employing
Method B needs one lap, and the vehicle utilizing Method
C adheres the trajectory in just half a lap. The tracking error
of the three methods have little difference at 3m/s and Sm/s
speeds, as seen in Figs. 14(a) , 14(b), 15 and 16, when speed
increasing to 8m/s, method C shows better performance. In
Fig. 14(c), the tracking error converges faster and fluctuates
less.

According to Fig. 17, the results indicate that the vehicle
can reach the reference speed through three methods. At low
speeds, the tracking convergence speeds of the three methods
are comparable, as depicted in Fig. 17(a). The overshoot
for both method A and method B increases significantly
as the speed rises. Comparing with method A and method
B, method C has faster convergence speed and smaller
overshoot. During vehicle moving, the value of wheel angle
will directly affect the performance of trajectory tracking,
the results are shown in Fig. 18. At the speed of 8 m/s, the
wheel angle under method C converges to the reference value
within 20 seconds, which is faster than method A and method
B. According to the definition in this paper, ¢ increases
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linearly with time. In Fig. 19, the results show that LMI-
constrained UKF estimation error is smaller than traditional
UKEF estimation error at different speeds. From Fig. 20, it
can be seen that the vehicle yaw under the action of LMI-
constrained UKF can quickly track the expected yaw. method
C has a better improvement on the vehicle than method B
as the speed increases.

VI. CONCLUSIONS

In this paper, a nonlinear vehicle state estimation using
LMI-constrained UKF method and a robust MPC with actu-
ator saturation and disturbance for the problem of trajectory
tracking are proposed. We use the co-simulation platform
of MATLAB/Simulink and Carsim to verify the feasibility
of the approach. The estimation of LMI-constrained UKF is
more accurate than the estimation of UKF. The performance
of the controller in Section IV is verified with three different
methods. The method with a filter has better control perfor-
mance than the method without a filter, and the result of
method C is better. Furthermore, in our subsequent research,
we plan to construct a physical platform to validate the
proposed method. Additionally, our ongoing investigation
aims to enhance the driving speed of unmanned vehicles
while maintaining optimal control performance.
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