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Event-Triggered Model Predictive Control for Autonomous Vehicle Path
Tracking: Validation Using CARLA Simulator

Zhaodong Zhou , Christopher Rother , and Jun Chen , Senior Member, IEEE

Abstract—Model predictive control (MPC) has been widely re-
searched for automotive control. However, the real-world appli-
cation of MPC for autonomous vehicles (AV) is still limited due
to the high computational requirement of solving the real-time
optimization problem. To address this issue, this letter presents
an event-triggered MPC framework and illustrates its application
in AV path tracking control using the CARLA simulation envi-
ronment. Unlike traditional time-triggered MPC, event-triggered
MPC solves the optimization problem only when an event is trig-
gered. Otherwise, the previously optimized control sequence is
used to determine control action. Therefore, when following the
same path, event-triggered MPC solves fewer optimization prob-
lems than time-triggered MPC, thereby reducing the computation
requirements. To demonstrate the effectiveness of the proposed
approach, both time-triggered MPC and event-triggered MPC are
simulated and compared using CARLA. Results validate that the
proposed event-triggered MPC method reduces significant compu-
tation with acceptable performance degradation.

Index Terms—Model predictive control, event-triggered control,
autonomous vehicles, CARLA, path tracking.

NOMENCLATURE

Parameters
μ Friction coefficient.
σ Event-trigger threshold.
C Corning stiffness of the wheels.
I Vehicle rotational inertia in z axis.
L Vehicle wheel base.
Lxf Distance from CG to front axis.
Lxr Distance from CG to rear axis.
m Vehicle mass.

Variables
α Wheel slip angle.
F̄y Wheel lateral force in tire frame.
V̄ ′ Vehicle corner velocity in wheel frame.
V̄ Vehicle corner velocity in vehicle frame.
ψ Vehicle heading angle.

Manuscript received 9 April 2023; accepted 10 April 2023. Date of publication
13 April 2023; date of current version 20 July 2023. This work was supported by
SECS Faculty Startup Fund from Oakland University. (Corresponding author:
Jun Chen.)

The authors are with the Department of Electrical and Computer Engineer-
ing, Oakland University, Rochester, MI 48309 USA (e-mail: zhaodongzhou@
oakland.edu; crother@oakland.edu; junchen@oakland.edu).

Color versions of one or more figures in this article are available at
https://doi.org/10.1109/TIV.2023.3266941.

Digital Object Identifier 10.1109/TIV.2023.3266941

dy Vehicle lateral offset for event-trigger determination.
Fy Wheel lateral force in vehicle frame.
px Vehicle location in x coordinate.
py Vehicle location in y coordinate.
r Vehicle angular velocity in z axis.
u Steering angle.
vx Vehicle longitudinal velocity at CG.
vy Vehicle lateral velocity at CG.

I. INTRODUCTION

W ITH the growing popularity of electric vehicles in recent
years, autonomous driving is emerging as a promising

technology to improve traffic efficiency and to reduce accidents
and congestion [1], [2], [3], [4]. In the real world, traffic scenario
is usually complex with lots of uncertainties, which requires a
stable and robust controller for AV [5], [6], [7], [8], [9], [10],
and MPC has been widely investigated to fulfill this require-
ment. MPC is a class of algorithms that compute a sequence
of manipulated variable adjustments to optimize the future be-
havior of a plant [11]. MPC consists of a prediction model,
rolling optimization, and feedback adjustment, and is able to
deal with constrained optimization problems [12]. Research
on the stability, robustness, and feasibility of MPC has also
achieved a lot of results [13], [14], [15], [16]. For example, [13]
presents an approach for a piecewise affine control law that
guarantees feasibility, stability and optimization performance
of MPC. In [14], stability conditions for stochastic autonomous
networked systems are discussed. In [15], a novel nonlinear
MPC scheme is proposed that guarantees closed-loop stability.
Explicit MPC is investigated in [16], achieving highly robust
control of the data exchange threshold in the presence of multiple
disturbances.

However, MPC is not without downsides. In particular, it
requires high computing power, and the hardware used by
existing AVs may not be powerful enough to ensure that the
optimization problem can be solved in real-time. In response to
this issue, event-triggered control has been proposed to reduce
the computational burden of MPC [17], [18], [19], [20], [21],
[22], [23], [24], [25]. For example, [17] proposes a robust event-
triggered controller that reduces communication and computa-
tional power by avoiding input updates during less-than-worst-
case disturbances. Additionally, the feasibility and stability of
event-triggered MPC are studied in [19] for continuous-time
nonlinear systems, and in [21] and [24] for discrete-time con-
strained linear and nonlinear systems, respectively. In [20],
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event-triggered MPC is used to control the switching of the
DC-DC boost converter to maintain the output voltage, where
over 90% of computation reduction is reported. Specifically, in
the time-triggered approach, the MPC is activated periodically,
which means the optimization problem starts automatically af-
ter the previous control loop has been completed. For event-
triggered MPC, the error between the predicted state and the
actual feedback is compared to a pre-selected threshold to trigger
the optimization problem, where the threshold can be calibrated
to achieve a balance between the MPC triggering frequency
and the path tracking accuracy. In authors’ previous work [23],
the event-triggered MPC has been shown to reduce significant
computation without sacrificing path-tracking performance, by
using a simple simulation environment.

However, the validations in relevant literature are usually
based on a simple simulation environment, making the benefit of
event-triggered MPC obsolete. See Section II for more details.
Therefore, a realistic and convincing simulation environment
is developed in this letter to validate the advantage of event-
triggered MPC by demonstrating its application to AV path
tracking. In particular, CARLA is adopted in this letter, which
is an open-source high-fidelity AV simulation platform that can
simulate real urban driving environments to design, test, and
validate AV control [26]. Several changes are made to facilitate
the testing of event-triggered MPC, including implementing a
Bezier curve [27] for path reference generation and replacing
lateral PID control with MPC. Both time-triggered and event-
triggered MPC are simulated and compared in CARLA. It is
found that event-triggered MPC not only ensures path track-
ing accuracy but also significantly reduces the computational
burden.

The remainder of this letter is organized as follows. Section II
reviews relevant literature and highlights our contribution. Sec-
tion III discusses the vehicle dynamic model used for MPC.
The proposed event-triggered MPC-based AV path-tracking
controller is presented in Section IV. Section V introduces
the CARLA environment and discusses the main simulation
results and findings on the comparison between conventional
time-triggered MPC and the proposed event-triggered MPC
method. Section VI concludes the letter.

II. LITERATURE REVIEW

In recent years, MPC has been widely investigated in the
context of autonomous driving, particularly due to the advance
of MPC [28], [29], [30], [31], [32]. In [28], [29], [30], MPC
is studied in vehicle control by using either dynamic model or
kinematic model, and in [31], [32] MPC is applied to trajectory
tracking, where the safe operation of an AV is achieved through
path planning. Though these works demonstrate promising re-
sults on applying MPC for AV, the high computation burden of
MPC is not addressed. To reduce the computational burden, the
event-triggered MPC is then studied in [33], [34], [35], [36],
[37], [38], [39] to reduce the number of optimization problems
that need to be solved in real-time. In [33], event-triggered MPC
is used in a multi-vehicle system for simultaneous tracking
and collision and obstacle avoidance. Event-triggered MPC

Fig. 1. Bicycle vehicle dynamic model.

is used in vehicle-following control with unideal vehicle-to-
vehicle communications in [34]. In [36], [37], the problem of
the multi-vehicle cooperative path following is studied, while
vehicle platoon is studied in [35], [38] where MPC is use
for longitudinal control to track inter-vehicle distance. Authors
in [39] focus on the lateral trajectory tracking of unmanned
vehicles based on nonlinear MPC, and the proposed method can
significantly enhance real-time performance while maintaining
tracking accuracy. The authors’ previous work [22], [23] propose
event-triggered MPC and event-triggered LPV-MPC for AV path
tracking problems.

Even though the accuracy of event-triggered MPC and the
efficiency of reducing the amount of computation have been
demonstrated in various case studies in the aforementioned
works [22], [23], [33], [34], [35], [36], [37], [38], [39], the
validation of these papers is based on a simple environment,
mostly using Matlab or Simulink with a reduced order dynamic
or kinematic model. As listed in Table I, these models usually
have low order model and employ unrealistic assumptions for
the ease of simulation. For example, in [39], the longitudinal
velocity is assumed to be a constant value and longitudinal and
lateral aerodynamics are ignored. In [38], [39], the lateral tire dy-
namic is ignored. Table I compares the simulation environments
of related work and our work. The main contribution of this letter
is therefore the use of a realistic simulation environment, e.g.,
CARLA, to validate the advantage of event-triggered MPC. In
addition, several challenges in integrating event-triggered MPC
into the CARLA simulation environment are addressed, includ-
ing parameter estimation, Bezier curve for path smoothing, and
reference re-sampling.

III. VEHICLE MODEL

This section describes a bicycle vehicle model together with
a tire model, which is used as the prediction model for MPC.

A. Vehicle Dynamic Model

The three-degrees-of-freedom bicycle vehicle model used
in this letter is shown in Fig. 1. The vehicle frame (local
frame) is placed at the vehicle’s center of gravity (CG). Define

x =
[
px py vy ψ r

]T
as the state vector for the vehicle

model at the CG, where px and py are the global coordinates of
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TABLE I
COMPARISON OF RELATED WORK

the CG, vy is the vehicle lateral velocity, and ψ and r are the
vehicle heading angle and yaw rate in the counter-clockwise di-

rection. Then ẋ =
[
ṗx ṗy v̇y ψ̇ ṙ

]T
, the set of dynamics

differential equations of the vehicle is given as follows,

ṗx = vx cosψ − vy sinψ (1a)

ṗy = vx sinψ + vy cosψ (1b)

v̇y = −vxr + 1

m

∑
i=f,r

Fy,i (1c)

ψ̇ = r (1d)

ṙ =
1

I
(LxfFy,f − LxrFy,r) , (1e)

where vx is the vehicle longitudinal velocity at the CG. Since this
letter concerns vehicle lateral dynamics only, the longitudinal
vehicle velocity vx is treated as a measured disturbance in the
vehicle dynamics. Additionally, m is the vehicle mass, I is the
vehicle rotational inertia, and Lxf and Lxr are the distances
from the CG to the front and rear axles. Fy,i are the lateral tire
force on the front and rear tires. More details regarding vehicle
dynamics can be found in [40].

B. Tire Model

Note that in the vehicle model (1), the lateral tire force Fy

in the vehicle frame is used in (1c) and (1e) to calculate the
lateral acceleration and yaw rate. In this section, a tire model is
implemented to obtain the Fy, and the schematic drawing of the
tire model is shown in Fig. 2. Denote F̄x,f , F̄y,f , F̄x,r and F̄y,r

as the tire forces in the wheel frame. The following equation
relates the tire force in the vehicle and wheel frames,

Fx,i = F̄x,i cosui − F̄y,i sinui (2a)

Fy,i = F̄x,i sinui + F̄y,i cosui, (2b)

where uf and ur are the front and rear wheel steering angles,
and i = {f, r} represents the front or rear wheels, respectively.
Since this letter only considers front-wheel steering vehicles, ur
is always set to zero.

A linear tire force model can be used to calculate the lateral
tire force F̄y,f as follows,

F̄y,i = Cfiαi, (3)

Fig. 2. Schematic of the tire model.

where C is corning stiffness of the wheels and fi is the friction
force on the front/rear wheel, which can be obtained by:

ff = μ
Lxrmg

2(Lxf + Lxr)
, fr = μ

Lxfmg

2(Lxf + Lxr)
(4)

Note that αi in (3) is the wheel slip angle defined as αi =
arctan(V̄ ′y,i/V̄

′
x,i), where V̄ ′y,i and V̄ ′x,i are the vehicle corner

velocities in the wheel frame. Note also that V̄ ′y,i and V̄ ′x,i can
be calculated using vehicle corner velocities in vehicle frame
(V̄x,i, V̄y,i) based on following trigonometric relationships:

V̄ ′x,i = V̄x,i cosui + V̄y,i sinui (5a)

V̄ ′y,i = −V̄x,i sinui + V̄y,i cosui. (5b)

Vehicle corner velocity in the vehicle frame, i.e. V̄x,i, V̄y,i,
can be calculated using vehicle longitudinal speed vx and lateral
speed vy at the CG, as follows:

V̄x,f = vx, V̄y,f = vy + rLxf (6a)

V̄x,r = vx, V̄y,r = vy − rLxr (6b)

C. Vehicle Parameter Estimation

The vehicle dynamic model (1) requires several parameters
including wheelbaseL = Lxf + Lxr, vehicle moment of inertia
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I , and the friction coefficient μ, etc. Some parameters can be
directly found in the CARLA simulator, such as vehicle massm
and wheelbase, while the rest cannot be directly obtained from
the simulator and need to be estimated offline. The set of parame-

ters that need to be estimated is θ =
[
μ I Lxf Lxr C

]T
.

To estimate θ, measurements of the input and state sequences
are collected by running CARLA. Denote the sequence of input
(i.e., steering command) as U and the state sequence as X . For
each estimate θ̂, its fitness function is calculated as follows. First,
substitute θ̂ into (1), and then calculate the response of (1) using
the input U . Denote the response of (1) as X̂ . Then the fitness
function of θ̂ can be defined as

fit(θ̂) =
K∑

k=1

∥∥∥Xi − X̂i

∥∥∥
1
,

whereK is the number of measurements. Therefore, the param-
eter θ can then be found by solving the following optimization
problem, where L represents the wheelbase.

min
θ̂

fit(θ̂) =
K∑

k=1

∥∥∥Xi − X̂i

∥∥∥
1

(7a)

s.t. θmin ≤ θ̂ ≤ θmax (7b)

Lxf + Lxr = L (7c)

In other words, the offline parameter estimation is then cast
into an offline optimization problem (7). Several optimization
solvers can be used to solve (7). In this letter, genetic algorithm
(GA) [41] is selected due to its robustness and a higher chance of
converging to the global optimum. The GA solver in the Matlab
library is used to solve the optimization problem (7). In the GA,
the genes are μ, I , Lxf , Lxr and C, while θ represents the
chromosome. The crossover is done by randomly choosing the
genes from the parents, and no mutation is applied in the child.

The parameter estimation process is illustrated in Algorithm
1, where Line 1 collects measurement input and state sequence
by running CARLA. Note that after Line 1, the rest of Algorithm
1 will be simulating the bicycle model (1). Line 2 initializes
the genes of individuals (estimate parameters θ̂), and Line 4
evaluates the value of the fitness function for each θ̂. If the
fitness value a is converged, the loop will break, and the optimal
parameters θ̂ are returned at Line 11. If not, individuals with
better fitness values are selected as parents to create the next
generation.

Remark 1: GA used in this letter is to offline estimate the
parameters of the vehicle dynamic model (1)–(6) that can not be
directly obtained from the CARLA simulator. In other words,
we utilized GA on the bicycle model to find the optimal param-
eters that produce the best match between the bicycle model’s
response and the data collected from CARLA. More specifically,
CARLA is used to generate measurement data, while GA will
use dynamic model (1)–(6) to evaluate the fitness function, as
illustrated in Algorithm 1. Also note that, since GA is running

Algorithm 1: Genetic Algorithm for Parameter Estimation.
1: Collect input and state sequences (U,X) by running

CARLA;
2: Population initialization �initial θ̂
3: for generation size do
4: a = min fit(θ̂); �Evaluate fit(θ̂) by running (1)
5: if a converge then
6: Break;
7: else
8: Generate next population; �crossover
9: end if

10: end for
11: return θ̂

TABLE II
GA SETTING PARAMETERS

TABLE III
PARAMETERS FOR VEHICLE DYNAMIC MODEL (1)-(6)

offline, its computation time does not cause any delay in real-
time control.

Remark 2: Because the dynamic model (1)–(6) is used by
MPC for short-term prediction, with a typical prediction horizon
less than 50, when calculating the response X̂ and the fitness
function fit(θ̂), the initial state of (1) is reset to the measure-
ment every 50 time steps. In other words, the goal here is to find
a good parameter estimate θ̂ such that model (1)–(6) is accurate
during MPC prediction horizon, while the long-term inaccuracy
is not accounted for by θ̂.

Finally, Table II lists the setting parameters of the GA, and
the list of vehicle parameters, including those estimated by GA,
are given in Table III.

IV. EVENT-TRIGGERED MPC FOR PATH TRACKING

To implement MPC, the bicycle vehicle model (1) can be
discretized using forward Euler [42], as follows.

xt+1 = xt + ẋtTs, (8)

where Ts is the sampling time and xt is the system state
at discrete time t. For MPC-based path tracking control,
at time instance t, a constrained optimal control problem
(OCP) is formulated to find the optimal state sequence Xt =
{xt+1, xt+2, . . . , xt+p} and the optimal control sequence Ut =
{ut, ut+1, . . . , ut+p−1}, where p is the prediction horizon.

Conventional MPC, also referred to as time-triggered MPC in
this letter, solves an OCP at each sampling time. In other words,
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Fig. 3. Illustration of the calculation of the lateral offset dy .

at each time step t, the following OCP is formulated and solved.

min
Xt,Ut

J(Xt, Ut) (9a)

s.t. xt = x̂t (9b)

System dynamics (8), 1 ≤ k ≤ p (9c)

umin ≤ ut+k ≤ umax, 0 ≤ k ≤ p− 1 (9d)

Δmin ≤ ut+k − ut+k−1 ≤ Δmax, 0 ≤ k ≤ p− 1
(9e)

In (9b), x̂t denotes the current state feedback, and for (9e),
ut−1 denotes the control action applied at the previous time
step. The cost function J in (9a) and boundary constraints of
steering angle u are discussed in Section V-C. The above OCP
is solved for every sampling time t, and only the first element
in the optimal control sequence Ut is applied to the steering
actuator.

Time-triggered MPC can be computationally heavy since
the OCP (9) needs to be solved at every time step. To ad-
dress this limitation, event-triggered MPC has been proposed
in literature [17], [21], [23], [25]. Unlike time-triggered MPC,
event-triggered MPC solves the OCP (9) only when an event is
triggered. This letter considers the threshold-based event-trigger
mechanism adopted by [23]. Since the longitudinal velocity is
not controlled by MPC, the lateral offset dy is primarily consid-
ered when determining an event, where dy is the closest distance
from vehicle’s current position to the target path. Fig. IV shows
an example of reference points location and current vehicle
location, and the lateral offset dy is calculated by (10),

dy =
|(x2 − x1)(y1 − py)− (x1 − px)(y2 − y1)|√

(x2 − x1)2 + (y2 − y1)2
, (10)

where (px, py) is the vehicle’s current position, and (x1, y1) and
(x2, y2) are the two points in the target path that are closest to
the vehicle’s current position.

Example 1: When the vehicle position is (px, py) =
(140.3,−54.5), by comparing the paths, the two nearest
path points are (x1, y1) = (140.3,−55.8) and (x2, y2) =
(140.5,−53.8). Therefore, substitute these three points into
(10), and the lateral offset dy is 0.0398 m.

Algorithm 2: Event-triggered MPC for AV Path Tracking.

1: Procedure eMPCX̂t, k, Ut1 , Xt1

2: k ← k + 1;
3: e← computing (11);
4: if e = 1 then
5: k ← 0;
6: (Xt, Ut)← Solving OCP (9);
7: u← Ut(1);
8: Ut1 ← Ut;
9: Xt1 ← Xt;

10: else
11: u← Ut1(k + 1);
12: end if
13: return u, k, Ut1 , Xt1

14: end Procedure

Finally, the event-trigger mechanism is shown as follows,

e =

{
1 if dy > σ or k > kmax

0 Otherwise
, (11)

where k is the number of consecutive times that the MPC has not
been triggered, and σ and kmax are calibration parameters that
influence the event-trigger frequency. Note that kmax should be
equal to or less than the prediction horizon p. In other words,
event-triggered MPC solves the OCP (9) only when the vehicle’s
lateral offset is greater than a predefined threshold σ (i.e., dy >
σ) or the previously optimized control sequence Ut1 has been
depleted (i.e., k > kmax). In either case we have e = 1 and OCP
(9) is solved to determine current control action u. Otherwise
e = 0, and the control action can be determined using the optimal
sequence Ut1 computed during the last event, i.e.,

u =

{
Solution of (9) if e = 1
Ut1(k + 1) Otherwise

. (12)

Algorithm 2 summarizes the event-triggered MPC for AV path
tracking control for each sampling time t.

Remark 3: To solve the optimal control problem (9), we use
the MPCTools package and CasADi, which are open-source op-
timization tools described in [43], [44]. The MPCTools consists
of three components: the estimator, the target calculator, and
the regulator. Each of these components provides an interface to
CasADi solvers. The regulator determines an optimal open-loop
control trajectory from the current state estimate to the targets,
which is used in this letter.

V. CARLA SETUP AND SIMULATION RESULT

A. CARLA Environment

CARLA is a powerful tool for autonomous vehicle simula-
tion [26]. It is open-source, high-fidelity, and can simulate real
urban driving scenarios for AV control design, development,
testing, and validation. CARLA environment provides various
configurations of maps, GNSS (Global Navigation Satellite
System), cameras, and sensors, as well as customizable vehicle
configurations. Compared to other AV simulation platforms,
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Fig. 4. Flow chart for the CARLA simulation. In this framework, the controller
is divided into the longitudinal controller and the lateral controller. The longi-
tudinal controller uses PID to track a certain target speed. The lateral controller
in this letter uses MPC to track a target trajectory.

CARLA has been widely used for testing AV algorithms [45]
since it is open-source and can readily interface with several
control and artificial intelligence libraries.

In this letter, CARLA version 0.9.13 is utilized, and Fig. 4
illustrates the flow chart of the software structure. First of all, the
CARLA framework initializes the environment, which includes
the map, GNSS, sensors, and vehicle. Then the global path
planning module employs the A-star (A∗) algorithm [46] based
on the route map network to find the shortest path connecting
the start and destination. During each control loop, the sensors
detect the surrounding condition of the ego vehicle, while GNSS
locates the vehicle position and feeds this information to the
local controller. Meanwhile, CARLA APIs are used to get the
vehicle’s state information such as velocity, acceleration, and
heading angle, which is also fed to the local controller for
longitudinal and lateral control. The local controller consists
of two parts, longitudinal control and lateral control. A PIC
controller is implemented in the longitudinal control module
to track the target speed. In the lateral controller, MPC-based
path tracking is applied to obtain the optimal steering angle to
regulate the lateral offset between the vehicle position and path.

Remark 4: Since the maximum vehicle speed in the simula-
tion is about 30 kph, the force required by tires for longitudinal
and lateral acceleration is much lower than the maximum fric-
tion force that the ground can provide. In this case, it is very
common and reasonable to use separate longitudinal and lateral
controllers, since their interference is negligible. Furthermore,
the longitudinal speed can be treated as a measured disturbance
for OCP (9). Therefore, in this letter, we validate event-triggered
MPC for lateral control, while keeping PID for longitudinal
control.

Fig. 5. The CARLA reference route used for simulation.

Fig. 6. Path smoothing with Bezier curve during lane change maneuver.

B. Path Smoothing and Re-Sampling

To make the simulation more realistic, this letter considers
several driving maneuvers including straight lines, turns, and
a lane change (see Fig. 5). However, as shown in Figs. 5 and
6, the reference route returned by the global path planning
module during the lane change maneuver is a straight line
with non-differentiable starting and ending points, which does
not conform to the driving trajectory of a vehicle. Therefore,
a Bezier curve is used to smooth the route during the lane
change maneuver, with the control points being determined by
the following equations,

B(0) = P0 B(1) = P5 (13a)

Ḃ(0) = 5(P1 − P0) Ḃ(1) = 5(P5 − P4) (13b)

B̈(0) = 20(P0 − 2P1 + P2) B̈(1) = 20(P3 − 2P4 + P5)
(13c)

Authorized licensed use limited to: OAKLAND UNIVERSITY. Downloaded on July 27,2023 at 16:12:25 UTC from IEEE Xplore.  Restrictions apply. 



IEEE TRANSACTIONS ON INTELLIGENT VEHICLES, VOL. 8, NO. 6, JUNE 2023 3553

TABLE IV
MPC PARAMETERS

where P0 to P5 are coordinates of control points to determine
the Bezier curve. B(0) and B(1) represent the coordinates of
the start point and end point of the Bezier curve, which are set to
be the starting and ending points of the lane change manuever,
respectively. Ḃ(0) and Ḃ(1) are the first order derivatives at
both ends of Bezier curve; B̈(0) and B̈(1) are the second
order derivatives at both ends of Bezier curve. The reference
path smoothed by the Bezier curve is shown in Fig. 6. More
details about Bezier curves and path optimization can be found
in [27].

Furthermore, to obtain the short-term reference path for MPC
to track, the global route generated above needs to be rearranged
because the interval between consecutive waypoints is different.
Therefore, the waypoints on the global route need to be re-
sampled according to current vehicle speedvx and sampling time
Ts. Since MPC relies on short-term prediction, it is reasonable
to assume that vx remains constant throughout the prediction
horizon. Therefore, the waypoints throughout the prediction
horizon are re-sampled so that they are equally distanced from
each other, where the distance is equal to current vehicle speed
vx multiplied by sampling time Ts.

C. MPC Setup

Recall that the control objective is to track the vehicle position
according to a reference path. Denote the coordinates of refer-
ence waypoints as prx and pry . Then the MPC cost function (for
both time-triggered MPC and event-triggered MPC) is defined
as follows,

JN (Xt, Ut) =

p∑
k=1

∥∥∥xt+k(1)− prefx,t+k

∥∥∥2
Qp

+

p∑
k=1

∥∥∥xt+k(2)− prefy,t+k

∥∥∥2
Qp

+

p−1∑
k=0

‖ut+k‖2Qu

+

p−1∑
k=0

‖ut+k − ut+k−1‖2Qd
(14)

where the first two terms in (14) represent the path tracking
error, the third term penalizes large steering angle, and the last
term reduces control busyness. The parametersQp,Qu, andQd

are the weights for the path tracking error, steering efforts, and
control busyness, respectively. Meanwhile, to ensure the maneu-
vering stability of the vehicle, both actuator bound constraints
and rate constraints are considered, as listed in Table IV, which
also includes other MPC parameters/calibrations.

TABLE V
PERFORMANCE IN ENTIRE PATH WITH DIFFERENT CONTROLLERS

TABLE VI
THE MAXIMUM ERROR UNDER DIFFERENT CONDITIONS (m)

TABLE VII
THE RMSE UNDER DIFFERENT CONDITIONS (m)

TABLE VIII
MPC EVENT-TRIGGER FREQUENCY UNDER DIFFERENT CONDITIONS (%)

D. Simulation Analysis

Both AV path tracking controllers based on time-triggered
MPC (denoted as tMPC) and the proposed event-triggered MPC
(denoted as eMPC(σ)) are simulated in the developed environ-
ment. Note that we use σ in eMPC(σ) to denote the event-trigger
threshold used in (11). More specifically, three event-trigger
thresholds withσ = 0.01,σ = 0.02, andσ = 0.03 are simulated
and compared. The target vehicle velocity is 10 m/s. Maximum
error, root mean square error (RMSE), and MPC event-trigger
frequency are used to analyze the performance of each controller.
Meanwhile, the path is divided into three sections to analyze
the control performance during different driving maneuvers:
Straight, Lane Change, and Turn. Table V shows the path
tracking performance with different controllers, and Tables VI,
VII, and VIII list the performance in various driving maneuvers.
Moreover, Fig. 7 plots the lateral errors for different controllers.

From Table V it is not surprising to find that the vehicle has
the best tracking performance with tMPC. For the proposed
path tracking controller based on event-triggered MPC, the
maximum error and RMSE are larger than those of tMPC,
due to the fact that fewer real-time optimization problems are
solved. However, these are still well within the acceptable range
(the maximum errors are all less than 0.2 m). Specifically, the
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Fig. 7. Comparison of lateral error for all MPC settings. Lane Change maneuver is between 4.2 s and 7.5 s; Turn maneuvers are between 10.2 s and 19.5 s, and
between 28 s and 35.2 s. All the remaining portions correspond to Straight Line maneuvers.

RMSE for the three event-triggered MPC settings are com-
parable with that of time-triggered MPC, and the maximum
errors are still acceptable. It is also worth noting that, eMPC-
based path tracking controllers experience larger performance
degradation during more dynamic maneuvers such as the Lane
Change. However, the benefit of the proposed event-triggered
MPC-based path tracking controller is also demonstrated in
these results. With a slight degradation of control performance,
event-triggered MPC does reduce the computation significantly,
requiring only 55.21% of computation compared to that of time-
triggered MPC. Comparing the tracking performance within
the three event-triggered MPC settings, it is apparent that as
the event-trigger threshold increases, both the maximum error
and RMSE increase, while the MPC trigger frequency de-
creases. Therefore, the event-trigger threshold σ can be used
as a key calibration to balance between computation and control
performance.

From Tables VI and VII, the tracking performance during
the Straight maneuver is much better than the other two cases,
as also demonstrated by Fig. 7. In Fig. 7, the lane changing
maneuver occurs from 4.2 to 7.5 seconds, the first turn occurs
from 10.2 to 19.5 seconds, and the second turn occurs from
28 to 35.2 seconds. The remaining sections represent Straight
maneuvers. The numerical results show a significant improve-
ment using event-triggered MPC for straight line maneuvers.
With around 50% of computation, event-triggered MPC can
achieve a similar level of maximum error and RMSE compared
to time-triggered MPC. During the Lane Change maneuver
and Turn maneuvers, event-triggered MPC suffers a larger yet
still acceptable control performance degradation, with around
10%–25% of computation reduction.

Remark 5: Note that a same event-trigger threshold σ is
used in each eMPC setting. However, results from Tables VI,
VII, and VIII suggest that a dynamic threshold that provides
maneuver-dependent event-trigger strategy may better balance

control performance and computation. Such adaptive event-
trigger mechanism will remain as a future work.

Remark 6: Another approach to reducing MPC computation
is to simply increase sampling time Ts, so that MPC runs
in a lower sampling frequency. However, this approach will
sometimes result in suboptimal or even unstable control behavior
when the system under control possesses fast dynamics. It is
worth noting that event-triggered MPC is different from sim-
ply increasing sampling time Ts in time-triggered MPC. Note
that in Table VIII, the event-trigger frequency changes as the
driving conditions change, resulting in a dynamic and aperiodic
sampling strategy.

VI. CONCLUSION

This letter proposed event-triggered model predictive control
(MPC) for autonomous vehicle path tracking and conducts a
comprehensive simulation investigation based on open-source
CARLA environment. Firstly, a bicycle vehicle model is estab-
lished, based on which MPC is applied to control the vehicle’s
lateral dynamics. In event-triggered MPC, to determine if a new
optimization is needed, the lateral offset of the vehicle’s current
position from the target path is used. A new optimization is
formulated and solved only if the lateral offset is greater than
a predefined threshold. Simulation results shows that event-
triggered MPC reduces computation load, especially during
straight driving conditions, while maintaining comparable con-
trol performance. Specifically, the computation can be reduced
by around 60% on straight paths, 25% on turns, and 20% during
lane changes. In all cases, the root mean square errors with
event-triggered MPC are comparable to that of time-triggered
MPC, and the maximum errors are all less than 0.2 m. When the
threshold increases, the amount of computation and the accuracy
of path-tracking will gradually decrease together. Therefore,
when the accuracy meets the requirements, the computation
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burden can be reduced by adjusting the event-trigger threshold.
Future work includes investigating adaptive event-trigger mech-
anisms and validating event-triggered MPC-based path tracking
on real vehicles.
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