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Abstract: This paper focuses on the nonlinear driving resistance of vehicles and designs an on-
demand adaptive cruise control (ACC) algorithm without a precise model. While ensuring safety
control, it reduces the execution frequency of the actuator. Firstly, Radial Basis Function Neural
Networks (RBF NNs) are used to characterize uncertain driving resistance and reconstruct the
nonlinear dynamic model of the vehicle. Secondly, in response to the safety distance target
of vehicle adaptive cruise control, a virtual controller is designed using backstepping control
technology to convert vehicle distance control into speed control, and a speed feedback controller
is designed. Moreover, when designing the speed control term, an event-triggered mechanism
is introduced to achieve on-demand control of the actuator, and system stability is analyzed
according to Lyapunov theory. Finally, the feasibility and superiority of the designed algorithm
were verified using the Economic Commission for Europe (ECE) operating conditions to test

the speed curve.
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1. INTRODUCTION

Adaptive Cruise Control (ACC) collects surrounding en-
vironmental data through sensors, automatically adjusts
driving speed, and ensures a safe distance(Zhu et al.,
2024). ACC technology significantly reduces driving load,
enhances driving safety, and improves the smoothness of
road traffic, thus becoming a focus of research in the field.
The research on ACC has made significant progress in mul-
tiple aspects, including vehicle modeling, distance control,
speed control, and so on. However, vehicles may encounter
various unpredictable resistances during driving, which
makes the task of precise modeling complex (Ju and Song,
2023). In addition, the perception, planning, and other
processes of unmanned vehicles require a large amount of
computing resources (Yu and Wang, 2022). Therefore, how
to design ACC algorithms for vehicles without relying on
precise vehicle dynamics models and with limited informa-
tion will play a crucial role for autonomous vehicles.

Various ACC control algorithms have been proposed, in-
cluding PID-ACC algorithm (Izci et al., 2022), Sliding
Mode Control (SMC) ACC algorithm (Sawant et al.,
2020), Model Predictive Control (MPC) ACC algorithm
(Lin et al., 2020), model free ACC algorithm (Zhang and
Song, 2023),etc. Zhang and Ioannou (2006) used pole
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placement technology to select parameters in the PID-
ACC algorithm, aiming to achieve accurate leader vehicle
speed tracking and safe distance control. Milanés et al.
(2011) combined fuzzy logic control with intelligent PI
control to customize a vehicle stop ACC system for low-
speed urban traffic environments. Park and Lee (2017)
designed an Linear Quadratic Regulation (LQR) based
ACC control algorithm, with a focus on reducing unneces-
sary acceleration and deceleration to reduce energy waste.
Marzbanrad and Karimian (2011) used MPC and adopted
a rolling horizon control (RHC) strategy to establish a
constrained optimal control problem, thereby obtaining
the expected acceleration at any time step. Ganji et al.
(2014) studied the SMC-ACC algorithm and demonstrated
the effectiveness and superiority of SMC-ACC in control
performance than PID-ACC. Derbel et al. (2013) proposed
an improved intelligent driver model aimed at improving
the safety and stability of ACC. The introduction of this
model helps to make ACC more in line with the behavioral
characteristics of human drivers, thereby improving driv-
ing comfort and safety. These ACC control algorithms each
have different characteristics and application scenarios,
and suitable algorithms can be selected based on specific
application needs. However, above algorithms are all based
on periodic rate sampling control, inevitably resulting in
actuator control redundancy.

Recently, a novel on-demand control method was pro-
posed, namely Event Triggered Control (ETC), which
executes control tasks only when the pre-set triggered
conditions are satisfied (Yang et al., 2022). Xu et al.
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(2019) considered the problem of actuator failure in non-
linear systems and proposed an adaptive event triggered
control method. They considered total effectiveness loss
and partial effectiveness loss , proposed an event triggered
mechanism that affects measurement errors, and designed
a tracking controller for a single nonlinear system. ETC
has been deeply studied in theory and has been proven to
be used to reduce control communication and controller
update times while ensuring control effectiveness. As a
terminal, vehicle has strict requirements for power con-
sumption. When there are high requirements for efficiency,
power consumption, and computing power, the more ap-
propriate expression for computing power is GOPS/W
or TOPS/W, which refers to the amount of computa-
tion that can be completed per unit of watt consumed.
1TOPS represents the processor’s ability to perform one
trillion operations per second (10'2?). The L2 autonomous
driving requires a computing power of 10 TOPS, while
the Horizon’s Journey 2 computing power is 4 TOPS. If
ETC is combined with ACC, it can effectively alleviate
the problem of insufficient computing power in vehicle
autonomous driving. Therefore, it is necessary to conduct
research on ACC algorithms based on ETC.

This paper studied the design of adaptive cruise event
triggering algorithms for vehicles that do not rely on
precise vehicle models. The main contributions are:

e The designed algorithm utilizes the vehicle’s state
information to learn the uncertain driving resistance
online, requiring only one adaptive learning of net-
work weights;

e Compared to time triggered sampling control, the
designed algorithm can significantly reduce the ex-
ecution frequency of the actuator by introducing an
ETC mechanism.

2. PROBLEM FORMULATION
2.1 Vehicle dynamics

A longitudinal dynamic model of vehicle can be obtained
based on Newton’s law:

0(t)=F/m—-F (1)
where F' is the power that the vehicle needs to provide;
F = 5-CpApv(t)?> + gCr + gsin(9) representing the
ratio of vehicle running resistance to mass. However, the
driving resistance encountered by vehicles is subject to
a multitude of influencing factors (weather changes, road
conditions, etc.) and parameters (Cp, A, p, Cg, ), which
have nonlinear and time-varying characteristics. Using
RBF NNs to approximate the nonlinear driving resistance,
vehicle model is written as:

() = o(
o(t) = u(t) + N(z) (2)
N(z) =W*"¥(z) +e(7)
where u(t) = F(t)/M is the control input, Z = [p,v],
W*T is the optimal weight vector that minimizes (),
le(Z)| < & < 400, ¥(Z) denotes Gaussian functions.

2.2 Control objective

ACC dynamically adjusts its velocity to maintain a prox-
imity to the preceding vehicle, ensuring that the actual
distance between them converges towards a predefined
distance, as shown in Figure 1.

Follower Vehicle

Fig. 1. ACC structure

To achieve the desired distance, define the distance track-
ing error:

ea(t) = p(t) —p"(t) +d (3)
where pl(t) denotes the true position of leader vehicle.
The goal of ACC is to achieve e4(t) — 0. d describes the
expected vehicle spacing, and d is a constant. The spacing
error of vehicles does not take into account the length of
the vehicle body Lp, mainly because in practical engineer-
ing, the distance between two vehicles is directly obtained
through sensors. In addition, the length of the vehicle Lp is
a constant value, which is zero after differentiation and will
not affect the design and stability analysis of the controller.

In addition, traditional time driven control methods re-
quire periodic sampling to update and transmit control
signals. This sampling method does not consider real-time
network resource utilization, and dynamic evolution of
the system. When the system is stable, the fluctuation
of adjacent sampling points is very small, and sampling at
this time will waste a certain amount of system resources.
To avoid limitations caused by time driven control, ETC
is used to execute control tasks only when the pre-set
triggered conditions are satisfied in this paper, which
can significantly reduce the number of controller updates.
Figure 2 provides a time series explanation of the event
triggering mechanism. At each time (ixh, iy =0,1,2,...),
data is sampled, but only when the triggering conditions
are met (tg,tgt1,tkt2,-..), the data is sent to the actuator.
The control input is maintained constant through a zero
order holder on to = [tk, tk+1], t1 = [tk+17 tk+2].

Oh 1h  2h 3h 4h Sh 6h Th
Sampling

Event generators

Actuator

Iy LI )

O Sampling moment @  Trigger Moment Yt Actuator moment

Fig. 2. Event triggering mechanism

This paper aims to integrate ETC technology with ACC to
efficiently mitigate the challenge of limited computational
resources for autonomous vehicle. The control objective
is to design an ETC based ACC that allows the follower
to automatically follow the leader safely at the desired
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vehicle distance under the influence of uncertain driving
resistance. The specific objectives are:

e The actual distance between vehicles tends to be
the expected vehicle spacing, and the distance error
should be as small as possible, i.e lim;_, . p(t) —
pE(t) +d — 0;

e The following car can quickly respond to changes in
the leader car, and the speed error between the two
cars should be as small as possible, i.e lim;_, pL(t) —
p(t) — 0.

For controller design and stability analysis, the following
lemmas are given.

Lemma 1. (Song et al., 2019) For any real number w,
there is a non-negative constant e such that the following

condition holds:
2

w
0<|w| — ———=<ce 4
Lemma 2. (Song et al., 2019) For the given parameters
wg > 0 and n € R, there are inequalities:

0 < [n] — ntanh(-——) < kg (5)
wo

where k = e~ ("1 k= 0.2785 is a constant.

3. ETC BASED ACC DESIGN
3.1 Control algorithm design

Using backstepping technology to design the controller, its
coordinates are transformed into

ea(t) = p(t) — p*(t) +d
61)(t) = ’U(t) — Oéd(t) (6)

where ay(t) is the virtual controller that needs to be de-
vised in order to ascertain the vehicle’s velocity necessary
for maintaining the desired distance.

For speed control, the event triggering conditions for
vehicle control are as follows:

U (t) =T (tk) 7Vt € [tk7tk+1) (7)
oo = inf {t > t4 1B (8) | > lT (1) |+ )

where T (tx) is the control signal transmitted to the
actuator at discrete time points ¢, and u (¢) indicates the
static input sustained by the actuator during the intervals
between consecutive actuations. The positive constants
0 < p < 1and A function as coefficients. The expression
B(t) = YT (t) — u(t) captures the deviation between the
real-time control input and the preceding control input.
Furthermore, T (¢) represents the control signal for each
sampling period h.

Considering the above event triggering mechanism, when
the preset threshold conditions (7) are met, the control
signal of the actuator will be updated and the update time
will be marked as tx(k € z*). During t € [tg,tx41], the
actuator maintains Y (¢;). When (7) is violated again, the
control signal of the actuator will be updated by Y (tx41),
and actuator maintains Y(t;) until the next triggering
moment arrives.

Based on the event triggering mechanism proposed above,
the controller design process is given:

Step 1: Calculate the derivative of the spacing error eq(t)
as éq = v(t) — v¥(t). Select the Lyapunov function as:

Va = %efl (8)

Differentiating (8) and substituting (6) into it yields:
Vi = eaéa = eq (v (t) — p (1)) )
< eq(v(t) = aq(t) +eqaa (t) — eap™ (t)

where g is the virtual controller to be designed to obtain
the vehicle speed required for distance control, specifically
designed as:

aq (t) = —kqeq (t) + p" (1)
Combing (10) and (9) yields:
Vi < eq (v () = aa () + ea (—kaea (t) + 5" (1) = eap® (1)
< —kged (t) +eq (v (t) — aq (t))

(10)

In order to avoid differentiation of the virtual controller
a4(t) during controller design, which can lead to complex
interference terms, a nonlinear filter is designed. The
specific form is:
2
TME
M2E? + o2 (t)

7§ =—-E—

—7eq(t),E(0) = aq (0) (11)

where E = s—ag represents bounded boundary layer error;
7 is the filtering time constant; My is an estimated value
of My, while My mainly represents bounded interference.
Specific definitions will be provided in subsequent papers.
o (t) is a positive function that satisfies tlgglo fot o(s)ds <

0, < 400 with || < o, < 400, where o (t); and o (t), are

normal constants. The nonlinear filter designed in equation

(11) compensates for the impact caused by boundary layer
TM32E

\/ M2E2+02(t)

the velocity error using the filtered signal

ey (t) = v (t) — s (1) (12)
Remark 1. The designed nonlinear filter (11) transforms
the differential operation of the backstepping algorithm
into simple algebraic operation, avoiding differentiation of
the virtual controller (10).

errors by introducing — , thereby redefining

Step 2: The strategy of a relative threshold, crafted
through the fusion of an event-triggering mechanism and
a controller, undergoes variations contingent upon the
magnitude of the control signal.

From (7), during [tg,tr+1), it is clear that |B(¢)]| >

w|Y (tr) | + A. Then, there are two situations:
e Y (tr) > 0. In this situation, uY (tx) — < T (¢) —
T (tr) < —pY (tx)+A. It can be inferred that Y (¢) —
T (t) =< (Y (tx) + A), where —1 < ¢ < 1.
o Y (tr) < 0. In this situation, —uY (tx) — < Y (¢) —
T (tr) < —pY (tx)+A. It can be inferred that Y (¢) —
T (tr) =< (uY (tx) — A), where —1 <¢ < 1.

According to above two situations, we have T (t)— (t) =
Y (tg) + 24\, where ¢; and ¢y satisfy ¢; = ¢ = ¢ when
Y (t) >0; 61 =5 and ¢oc = —¢ when Y (¢) < 0.

Define Y (t) = (1 + g1u) Y(tx) + <2, the control input is:
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w(t) =7 (tr),Vt € [tr,trt1) (13)
Next, u(t) is formulated as follows:
T (¢ A
w(ty = L < (14)
IT+ap 1+qu
Differentiating e, (t) yields:
: T (1) Ty (n L E
o () = — =W (z) - =
() = = =W (@) = (@) +
MZE
= ! +eq (1) (15)
M3IE? + 02 (t)
where p = — =22 $ = sup |p|.
P=—Tian Sup el
Define Lyapunov function:
1
V, = V—&-fe +—W2 —*2+— 16
‘ 2" et tag” 09
where W = |[W|, W =W —-W,é=z—2, and ¢ = ¢ — ¢.

By differentiating equation (16) and substituting equation
(15) into it, it can be obtained that:
T (t) E

+ evi—i_
14+cip T

Vi < —kqe2 (t) + eq (v (t) — aq (1)) + e,
or2
€y = MdE + €v€d (t) +
M?2E? + 02 (t)
i||\1/ (@)|2W + ey tanh [ 22 ) 94
20 ! @ (t)

(;ﬂlw( )l W+19) o (1 )—i—evtanh( ()) -

e, tanh

sfﬁw()—kevtanh( >¢—|—¢mw() ﬁ/W

@ (1) G

1.x 1-~=x

g&f—g@b (17)

The adaptive law for design parameters is:

L) gyl @I - G 7

€y

i)~
$=@%mm<;b)—@wmé

VT/ = (1€, tanh (
5: (e, tanh (
(18)

Therefore, the final control algorithm is

u(t): T(t) _ CQA
IT+ap 1+qu
YT(t)=1+qul
€y 1 N\ 11217
= Thoby — h — || -
u kye, — tan <w(t)) 219\\ @) ||"wW

tanh (;z’t)) 9 — tanh <w€(t)) £ — tanh (;E’ )> o

M3E E
— - —2eq — —
M2E2 + o2 (t) T

Substituting the controller and adaptive law designed by
equations (18) and (19) into equation (17) yields:

V, < —kae? (t) — kue? (t) + Eeg (t) + Weo () W+
Ew (t) € + dw (t) o+

(2119||\I/(§:)||2W+19—|—€_—|—¢) K (t) (20)

8.2 Stability Analysis

Theorem 1. Considering the vehicle dynamics system de-
scribed in (1), applying virtual controller designed in (10),
nonlinear filter designed in (11), adaptive law designed in
(18), and controller designed in (19) can ensure that:

1. The following vehicle can asymptotically track the
leading vehicle and ensure stable operation at the expected
safe distance, i.e lim;_,oeq = p(t) — p* (t) +d — 0;

2. The following vehicle can quickly respond to changes
in the leader vehicle, and the speed error between the
two vehicles can converge to zero, that is lim_,oop" () —
v (t) — 05

3. The closed-loop system exhibits boundedness in all
its states, specifically, encompassing the vehicle’s velocity
v(t), the control input w(t), the virtual controller «g(t),
and the nonlinear filter s(¢), all of which remain within
finite limits.

Proof: Define Lyapunov function

V=V, + E2+—BMd

By differentiating equation (21), it can be obtained that

(21)

. . . 1 ~ =
V:VU‘FEE—FBMde
where - TR 1oT () ea (1) (v( ), D7 P ),

B (v (t),p",p*) is bounded; define |B (v (t
Md, where Md = Md — Md.

(22)

E _ MIE
), pE,ph)| <

Furthermore, it can be inferred that

V < — kg€ (t) — kye2 (t) + Wao () W + E (£) é + ¢ (£) &
+ (2119|\11 @IPW +0+2+ ¢) =0
spd Bl MR b
T M3E? + 02 (t)
Eey (t) — %Mdm (23)
Using Young’s inequality, it yields
@ () WW = (t) W (fviv + W)
MW 4w ()W < %w(t)WQ
w (t) é¢ g%w (t) &
© (1) 66 <3 (1) ¢ (24)

11414



Substituting equation (24) into equation (23) and consid-
ering || ¥ (z)|| < VA, A > 0, we have

V<—kde3(t)—kveﬁ(t)+{ (2?9>\W+19+6+¢>

oo 1., 1, E2
2W + 5¢ + 2(4’) }w(t) .
MiEz 1 ~ =
= + My |E‘ — =MyMy (25)
N2E? 4 02 (1) B
Drawing upon Lemma 2, we can derive
M2E? -
M, B < d +o(t)+My|E  (26)

M3E? + 02 (t)

By incorporating equation (26) into equation (25), we can
derive

VS—kdeZ(t)—kvef,(t)+{(2119>\W+19+€"+¢>n+
1o 1., 1,
W2t 58+ 50 }w(t)—
E2 1 -~ i
— o (1)~ 5 M (Ma— B |E]) (27)

Design the adaptive law ]\Zfd = B|E|, and define

1, 1,
€+2¢

: (28)

Lz
0= (219)\W+19+5+¢>m+2W +

Therefore, we have

kye? (t) + Ow (t) — E; +o(t)

V < —kgej (t) — (29)
Integrating equation (29) on [0,¢] can obtain
t t
V) < V(O)+9/ w(w)dw+/ o (w) dw—
o 0
t E2
/ {kdefl (W) + Ekye? (w) + (w) } dw
o T

<V (0)+ bw; + 01

(30)

When (30) is satisfied, it represents eq, e,, E, W, &, M, are
bounded. Furthermore, it can be seen that s, g, u,v (t)
are also bounded. In addition, from (30), we can derive

t

/ kges (w)dw <V (0) + 0oy + oy
0
t

/ kye? (w)dw < V (0) + Oy + oy
0

/EQ( )d <V (0)+ 0wy + 01
o T

(31)
In this case, using the Barbarat Lemma, it can be seen
that lim;_,eq — 0, lim;_,oce, — 0 and lim; ., E — 0.
As a result, the following vehicle is capable of adhering
to the speed of the leading vehicle while sustaining the
desired distance between them, ensuring safe operation.
Importantly, the designed nonlinear filter suppresses the
filtering error caused by traditional linear filters and im-
proves control accuracy. The proof is end.

Theorem 2. The existence time t* > 0 makes the t;4; —
ty > t*,Vk € 2T exist, and the Zeno phenomenon can be
avoided.

Proof: By definition 8 (t) =
there exists

L1801 = S (8(0) 5 (1)) = sign (5(1)) 6 (1)

T (t) -7 (tk) Vit € [tk,tk+1),

<ol
(32)

Hence, all signals within the closed-loop system remain
confined within finite bounds and 3 (¢;) = 0, . litm B (tr) =
—lk+1

Aw(t) is differentiable, so there must be a normal number
Y > 0 that satisfies ’T(t)‘ < Y. To ensure that the

minimum boundary t* of the execution time interval must
meet t* > % > 0, therefore the Zeno phenomenon is ruled
out.

4. SIMULATIONS

To verify the effectiveness of designed event-triggered ACC
on vehicles under uncertain nonlinear driving resistance,
this section assumes that the driving resistance of the
vehicle is time-varying, mainly manifested in the vehicle
running on different slopes (before 100s, the road slope
angle is 2°, after 100s, the road slope angle becomes 3°).
Cp and Cpg are assumed as time-varying values.

Set the operating speed of the leader vehicle to the

Economic Commission for Europe (ECE) test speed curve

(Llu et al., 202 2 The vehicle initial states are: p(0) = Om,
v(0) = Om/s D = 10m.

Table 1. Parameters of vehicle

Parameters Value Parameters Value
m/kg 1250 + 250sin(t)  p/ (N-s?-m~%)  1.2258

Chp 0.35 + 0.05 sin(t) g/ (m/s?) 9.8

Cr 0.018 + 0.002 sin(t) A/m? 2.2
The designed ACC parameters based on neural network
approximation are selected as follows: ky = 20, 7 =
0.01, Cl = 20, <2 = 2, <3 = 20, ky, = 20, w(t) =
0.01e7900L "9 =1, 3 =0.5, iy = [-1,-0.5,0,0.5,1], x; =

[0.5,0.5,0.5,0.5,0.5], ¢1 = 0.25, u = 0.01, A = 0.05. The
execution interval is set to 0.001s and 0.01s respectively.

Figure 3 presents the simulation results of the proposed
algorithm with 0.001s sampling time interval. Figure 3 (a)
demonstrates high control accuracy, with a distance error
below 0.03 m. Figure 3 (b) shows that the follower vehicle
accurately tracks the leader’s speed across acceleration,
deceleration, and cruising phases. The control input profile
in Figure 3 remains stable. The event-triggering mecha-
nism in Figure 3 (d) significantly reduces actuator updates.
With only 19,757 triggers (a reduction of 170,243 from
190,000), it achieves an 89.6% saving, enhancing efficiency.

Figure 4 presents the simulation results of the proposed
algorithm with with a sampling interval of 0.01 seconds.
Figure 4 (a) shows that the distance error of the vehicles
does not exceed 0.3m. Figure 4 (b) shows that the follower
vehicle accurately tracks the leader’s speed. Figures 4 (c)
illustrates the control input profiles of the vehicle. Figure
4 (d) shows the event triggering interval. The actuator
triggered 1533 times, saving 91.93%.
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(c) (d)
Fig. 3. Simulation results of designed algorithm with 0.001s

sampling time interval: (a) Distance. (b) Speed. (c)
Control input. (d) Event triggering interval.

Fig. 4. Simulation results of designed algorithm with 0.01s
sampling time interval: (a) Distance. (b) Speed. (c)
Control input. (d) Event triggering interval.

5. CONCLUSIONS

This paper designs an event triggered ACC algorithm. The
designed algorithm does not require an accurate vehicle
model, and utilizes the vehicle’s state information to learn
the uncertain driving resistance online. Only one adaptive
learning of network weights is required. In addition, by
introducing event triggered control technology, the de-
signed algorithm can significantly reduce the execution
frequency of the actuator, and the stability of the system
is analyzed through Lyapunov stability theorem. Through
comparative simulation verification, it can be concluded
that the control accuracy of the designed algorithm is
related to the sampling frequency, and can be balanced
between control accuracy and computational efficiency.
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