Iranian Journal of Fuzzy Systems P

Volume 22, Number 1, (2025), pp. 93-110 University of

Sistan and Baluchestan

Original paper

A fuzzy driver assistance system design with active disturbance rejection
in autonomous vehicles with longitudinal movement

M. R. Mohammadi Damabi @', M. Pourgholi ©? and M. Nouri Manzar ©?

123 Faculty of Electrical Engineering, Shahid Beheshti University, Tehran

m_pourgholi@sbu.ac.ir

Abstract

In this paper, a practical adaptive cruise control system (ACC) with two controller levels is addressed. The upper-level
control scheme consists of distance and speed controllers. This controller generates the desired acceleration profile that
must be followed as closely as possible by the lower-level controller. A fuzzy adaptive output feedback controller with
very high precision produces this desired acceleration. Furthermore, an adaptive observer estimates the states that
can’t be measured. The lower-level controller adjusts the throttle and brake actuators. Also, in the lower level, the
active disturbance rejection controller (ADRC) eliminates all of the internal and external disturbances applied to the
car. The ADRC parameters are tuned via the particle swarm genetic optimization algorithm. The closed-loop stability
and semi-globally uniformly ultimately boundedness of all the signals is proved. Also, the asymptotic convergence
of the ADRC controller estimation error to zero is insured. To show the effectiveness of the proposed method, the
proposed algorithm is compared with a predictive controller, and the performance superiority of the proposed method
is demonstrated.

Keywords: Adaptive cruise control system, throttle angle, pressure on the brake pedal, vehicle longitudinal control,
fuzzy adaptive controller, active disturbance rejection system.

1 Introduction

Today’s cars are equipped with various functions and driver assistance systems that increase the level of safety and
reduce driver fatigue and traffic load. With the progress of science and the design of precise and different sensors,
the studies were inclined towards the design of a driver assistance system under the name of adaptive cruise control
(ACC). The ACC systems have been developed to improve performance in different conditions. The main aim of the
ACC system is to maintain a relatively safe distance with the car that moves in the same lane ahead of the host car.
If there is no car in front of the host, the speed of the host car is maintained at the desired speed determined by the
driver [7]. The ACC system should also be able to respond as smoothly as possible when the vehicle in front leaves the
intended lane or a new car enters the lane from another lane. Although the ACC systems with high capabilities are the
ultimate goal, the reference [7] is the first step to enter the discussion of driver assistance systems and has many defects
that must be fixed. Therefore, in the following years, systems were designed to automatically control a car as much as
possible. For example, the ACC system only can control speed and relative position at speeds higher than 30-40 Km/h.
Hence, the stop-and-go maneuver system should be provided along with the ACC system, so the automated car can
be used in urban driving and traffic conditions. This system was able to stop the car completely [I8]. An extension of
the ACC system is the use of a system that links cars [9] and also uses the connection between the car and the road
structure [I].

The designed systems were developed over time to solve many of their problems, including the influence of environ-
mental conditions (road slope, road condition) [2] [T9], disturbance consideration on the system [28], the robustness of
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the system against parameter changes [4] 28], increasing traffic efficiency [15], ensuring safety and comfort of passengers
[30], economical fuel consumption [23], string stability [12]. In 2003, Barkat, Peng, and Lee [3] used special methods to
characterize the ACC car, which was effective in traffic flow. The reference [I3] proposed an adaptive control of vehicle
traction force for intelligent highway systems. For longitudinal control, resistive control, adaptive fuzzy control, and
adaptive sliding mode control (ASMC), the self-driving model was nonlinear and complex. The longitudinal control of
a group of cars through the Wavelet neural network and a robust controller is investigated in [I0]. Yang [6] proposes
the vehicle longitudinal acceleration control (tracking) for stop-and-go (SG) by using model matching and sliding mode
control strategy. In 2007, Wang [26] suggested a safe algorithm for accelerating and decelerating. In [I6], a non-linear
adaptive model reference controller for vehicle longitudinal dynamic control was designed. Dynamic uncertainty and
external disturbance are considered in the proposed scheme. The power transmission system consists of the throttle
valve and automatic gearbox and is controlled by an optimal control strategy [I1]. The dynamic programming technique
was used to obtain the optimal gear ratio and gas valve opening value (which leads to maximum fuel saving). The
adaptive traction control algorithm for intelligent transportation systems is addressed in [21I] by using sliding mode
control and the second Lyapunov method. The model predictive stategy proposed in [23] to minimize fuel consumption
and trackability. Also, a constarined predictive model-based control stategy is presented in [8] for an ACC system. The
predictive controller solves a constrained quadratic optimization. One of the basic challenges in the ACC systems was
the accuracy of acceleration tracking by the low-level controller. Also, The ACC system encounters wide uncertainties
and no accurate model is available; therefore, a vehicle dynamic model with low complexity is presented in [29].

In this paper, a two-level control strategy is addressed for the ACC system. The upper-level control scheme consists
of distance and speed controllers. The upper-level controller generates the desired acceleration profile that must be
followed as closely as possible by the lower-level controller. A fuzzy adaptive output feedback controller with very
high precision produces this desired acceleration. Furthermore, an adaptive observer estimates the states that can’t
be measured. The lower-level controller adjusts the throttle and brake actuators. Also, in the lower level, the active
disturbance rejection controller (ADRC) eliminates all of the internal and external disturbances applied to the car.
The ADRC parameters are tuned via the particle swarm genetic optimization algorithm. The closed-loop stability and
semi-globally uniformly ultimately boundedness of all the signals is proved.

In section 2, we describe two vehicles following dynamic, throttle, and brake actuators model and some preliminaries.
In section 3, the design of the fuzzy controller and active disturbance rejection controller, which are used in a hierarchical
structure, will be discussed; also, the stability of the closed-loop system will be checked, while in section 4, simulation
results are provided to demonstrate the effectiveness of the method. Finally, conclusions are given in section 5.

2 Problem formulation and preliminaries

The system modeling consists of two parts: 1. Longitudinal car following model which is used to model the problem of
chasing two cars, 2. Modeling of external forces like rolling resistance, aerodynamic drag, longitudinal traction force, the
gravitational force that acts on vehicle body, and also, throttle and brake actuators model. In addition, an anti-brake
system and traction control system to reduce wheel slippage is modeled [10} [14]-[22].

2.1 A. Longitudinal car-following model

A hierarchical structure is used to design the ACC system, which consists of two levels of upper and lower controllers.
This structure is shown in Fig. 1.

There are two main reasons to explain the highly nonlinear behavior of longitudinal vehicle motion. First, the engine
output is not linear and the transmission ratio and air resistance are also variable. Secondly, there is a time delay when
the commands are executed by the operators, including the accelerator and brake pedal. In this tracking model, there
are two cars, one in the front and the other in the back. The rear car is known as the host car (including the adaptive
cruise control system) and the front car is known as the target car.

The system dynamical behavior of the car following is described by a state space model as

X(t) = AX(t) + Bu(t) + Ed(t)
Y(t) = CX(t),

where the states are
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The control signal u is the host car acceleration. The symbols 2, Tcc, Vee , Up, and d(t) denote the target car
position, the host car position, the host car speed, the target car speed, and disturbance input such as d (t) = sin(2t)
respectively. The parameters of (1) are

010 0 0
A=|0 0 0|, B=|-1|, E=|0

00 1 1 1
C=[10 0]

2.2  Actuator modeling
2.2.1 Throttle actuator modeling

If the acceleration signal generated from the low-level controller is positive, then this signal means opening the throttle
to a certain angle depending on the amount of torque requested from the engine. The desired engine torque can be
calculated as follows:

T mu +mgfcos(d) + 1CpApav? +mg sin(ﬂ)’ 3)
engine — T(%:)igim/]’] K

where m is the mass of the vehicle, 7 is the speed—torque ratio coefficient, R is tire radius, w; is the turbine blade
speed, w, is the engine speed, i, is the transmission ratio, i,, is the axle main reduction ratio, Fy is the braking force,
f is the driving resistance coefficient, wind resistance coefficient show with Cp, A is the cross-sectional area of the car,
pa is the air density, and Tepgine is the engine torque. Now the throttle opening angle should be calculated according
to the required torque and the engine rotational speed. For this purpose, a tabular function called manifold absolute
pressure (MAP) is designed, which calculates the throttle opening angle from the required torque and the rotational
speed. For the required engine torque, the throttle opening angle is calculated as follows.

acceleration maneuvers of Lower Level Controller
Preceding Vehicle

Upper Level Controller

a
_ (@cref) | des FeedBack Control
Relative Velocity Based on
AV = Vproceaing = Viose JFuzzy Logiccontrol —_ @h ADRC
e PP
— (Host acceleration) u

Distance error
AD = Dsafe — Drelative
u>0 u <o

Trottle Brake
Actuator Actuator
a

(Trottle angle)

Vehicle Body

d P (pressure on Brake)
l dt ]

Figure 1: Schematic representation of the ACC system

Torgue required at given accelerator position

Estimated Throttle Angle (%)= %100. (4)

maxtorque at that speed

2.2.2 Brake actuator modeling

When the desired acceleration (the output signal from the lower-level controller is negative), the braking force can be
calculated according to the following equation.

1
F, = —mu — mgf cos(f) — iC’DApAv2 — mgsin(9). (5)
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The desired pressure acting on the brake pedal is:

—mu — mg f cos(f) — 2CpApav? — mgsin(6)|
Pies = ks 5 (6)

where ky is the linear proportional coefficient of the brake cylinder as follows:

_ Trp + Ty

K
b PR (7)

where Ty, is the proportional coefficient between the wheel and the brake cylinder pressure of the front axle, and
Trp is the proportional coefficient between the wheel and the brake cylinder pressure of the rear axle.

In the next section, the proposed adaptive cruise control system is elaborated. The control architecture consists of
higher-level and lower-level. The higher-level controller is a fuzzy adaptive controller with a performance criterion for
the nonlinear system and the lower-level controller is an ADRC.

3 Adaptive cruise control architecture

The diagram in Fig.2 shows the core idea of the ACC system for designing the fuzzy adaptive controller. Consider a
general system model as (8). where z = [z1,..., xn]T is the state vector and w and y are system input and output,
respectively. d(t) denotes disturbance and H(z,u) is an unknown Lipschitz function. It is assumed that only system
output is measurable.

= z,(t) (8)
in(t) = H(z,u) + d(t) + bu(t)
y(t) = w1(t).

The fuzzy adaptive controller objectives are: all the signals in the closed loop system remain bounded and the host
car velocity vy, track reference signal v, (t) (velocity maneuvers of target vehicle) as closely as possible. The performance
constraint imposed on tracking error e (t) = v, (t) — vy (t) is as below [} [17].

—0p(t) <e(t) < op(t), )

where § and 0 are some positive constants, with lim; oo 1 () = 1o > 0 and pu (t) is a positive decreasing differ-
entiable function which is considered as follows:

() = (o — froo)e ™™ + foos f0 > oo > 0,k > 0. (10)

Assumption 1 [7]: The reference signals wv,,(t) together with their derivatives up to order r (r = 1,2,...,n) are
smooth and bounded.

Assumption 2 [I7]: For the unknown external disturbance d (¢), an unknown positive constant d* exists such that
jd(t)] < d.

3.1 A new fuzzy system

For a fuzzy system, the fuzzy propositions are defined in the form [F — THEN and each of the fuzzy rules can be
defined as follows
R'=IF z, is Tll and. . ..and x, 18 7"51 THEN zis Gl,

where F} and G! are fuzzy sets whose fuzzy membership functions are each identified by the names ppm , pe , and
I =1,2,...,m. With a singleton fuzzification strategy, product inference engine, and center average defuzzifier, the
fuzzy system is
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D 1 RVICD)
T (T e ()

= max,cprptq- The fuzzy basis is considered as

where z!

[T e ()

Hz) = .
SO = S T ()

Therefore, the output is rewritten as

y(z) = Wre(a) = f(a|W),

where W=z, ....2™]", &(z)=[¢ (z),... & (x)}T

WTe(z) = We(a),

where the dot product of two vectors W and & (z) is shown by W.€ (z).

W.E(x) = W]l [[(2)] cos(a),

97

(12)

(13)

(15)

that 0 < a < 7 is the angle between two vectors W and £ (x) . By defining ||W]|| cos () := 6, 6 is the projection

of the vector W on vector £ (z). Therefore, the fuzzy approximator has one tuning parameter 6 as below:

Falw) = WTe(z) = 0]|¢())]-

1.Relative Distance from Lidar (Dr) J [ Desired Target
2.Vehicle Speed from the ABS sensor. Spegd J

[ checkif anyVvehicle Ahead |

| Fai rL'rrue
Calculate
Safety Pr d } Desired Time Gap
Distance vehicle’s
Ds1=100 m Speed
Vo ,
Calculate Safety Calculate Safety
Distance Ds1 Distance Ds2

[ Find the min of Safety Distance i.e. Ds = min(Ds1,Ds2) J
)
[ Calculate for the two inputs of Fuzzy Longitudinal Controller J
Distance Relative Speed
ErrorAD Av

Figure 2: Architecture of the proposed fuzzy longitudinal controller

3.2 Upper-level controller: Adaptive fuzzy control
3.2.1 Defining transformed error

To satisfy the inequality (9), we consider a modified form of the error as

e(t) = Arctanh((z((?) — 57

where Arctanh(.) means the inverse hyperbolic tangent function. By using Eq. (17), the error is rewritten as

(16)

(17)
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5+6 6-96
elt) = p(t)(Tanh(=(t) = + ), (18)
and the following conditions are hold
[Tanh(e(t))] <1,V ()ELOO
lim Tanh(e(t)) = (19)
E—> 00O
Thus, we want to design a controller that guarantees the condition () € L. This requires that
—0u(t) < e(t) < opu(t), (20)
with the initial condition as
—81(0) < e(0) < 3(0). (21)
for the initial condition (21).

Therefore, in this paper, the control goal is to guarantee the condition &(t) € L

3.2.2

By defining T = [xT, uT]T
there exists a fuzzy system such as H(Z|0p) such that

H(z|0y) = WhEn(7) = 0n 1€ ()] -

That &g (T) is the fuzzy basis function vector, 8y is the image of vector Yy on the vector £ ()

parameter defines below:

9H = arg min [sup 0w 1€ (Z)|| — H(z,u)|],
0peEQy zelU

i = [T, uT]T

Adaptive fuzzy observer design
and using Lemma in [27] and (16), for every nonlinear unknown function such as H(z,u)

(22)

7). The optimal

(23)

The fuzzy adaptive observer is as follows

where Uy and U are bounded compact sets for 5 and . Thus, for estimating the unmeasured states, a state

observer is used. Suppose  is the estimated state vector and x =

3.2.3 Error estimation transformation

The error is defined as

Also, the transformed error is

The transformed error derivation is

(1) =(e0) - =

(24)

(25)

(26)

(27)

CORD ) s+ o), b).
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Consider following transformed error estimation vector

E(t) = [E(t), oo LU, (28)

and the filtered transformed error estimations are defined as:

5(t) = [AT 1]E(), (29)

where A = [5\1, s Xr,l}Tis chosen properly in a form that the polynomials” ™! + \,._1s"~2 + ... + \; is Hurwitz. So,
from it can be shown that [27]

v = [0, ATIE(t) +7e") (1) + p(e(t),t) + oy (1). (30)

3.2.4 Nassbaum function

A function N (£) is known as a Nassbaum function if the following two conditions are hold [20, 27].

1 S

Jim s [ N(Qde = o, (31)
1 S

Sginoo inf§/0 N(¢)d¢ = —o0. (32)

3.2.5 Adaptive fuzzy output feedback controller design
The controller designed in the section will be in the following form.
u(t) = R&(t)uo(t), (33)
where M,. = [0,...,0,—3y] and M = M, * P~ x C. Also, we define
\_T,_/
T =R+ % [R5 + 10a @O 1€ (@) + 2 [ Rt (34)
The parameter matching rule for 8y is as follows.
On(t) = —nu([|€n ()] (€(t) + M) + Lt (1)), (35)
where é(t) = é(t) —e(t) , ng > 0. Also, ug(t) is designed as follows
up(t) = Ao N ()T (36)

And ((t)is updated as
C(t) = X | RS T, (37)

where N (£) = exp(£?)cos(5€) and A is a positive constant.

3.3 Lower-level controller: Active disturbance rejection control

The active disturbance rejection control includes three parts, as shown in Fig. 3, the tracking differentiator, extended
state observer, and nonlinear state error feedback. Since the vehicle experiences a certain delay in the process of
executing the control signal, a first-order delay link is added before the ADRC feedback compensation control. The
tracking differentiator is used to organize the desired transient dynamic process. Therefore, the output signal of the
derivative part of the tracking differentiator should change gradually and the system’s error should not be too large
when the reference signal changes instantaneously. Contrary to the conventional method where N-order system states
can be estimated with an N-order state observer, the extended state observer with N+1 states is utilized. The added
state in the extended state observer is used to estimate the total action required for model uncertainty and system
disturbances compensation. The nonlinear state error feedback is the control law, which is the combination of the
tracking differentiator signal and the action that comes from the extended state observer.
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3.3.1 ADRC formulation

For the tracking differentiator part of ADRC, the following equations are defined. The following equations are the time
optimal that guarantees the fastest convergence from a; to ages.

[11 (t) = az (t)

Tracking leferentator{ do(t) = Fst(ar(t) — ages(), ar(£), 7, w)

where fst is

Observed acceleration= k) a,
Host vehicle acceleration
From fuzzy controller

Extended
State
Observed jerk | — %, Observer

(ESO)

% | Observed
3| Disturbance
1/b
Tracking / (b J

acceleration

Desired acceleraion command

from fuzzy controller
t
/ a; =
<

r”
Qqesl]  First order
lag
a; A

Figure 3: Principle of the lower-level control

Nonlinear
Tracking State
Differentiator

(TD)

Uu, #
Error LAV OLIR
Feedback 3 u
(NLSEF) ‘l

Control command

Tracking jerk

d = yw?
50 = wQag(t)
Yy = CLl(t) + 50

01 = /d(d+8ly|)

b2 = do + sign(y)(ai(t) —d)/2

Sy = (sign(y + d) — sign(y — d))/2

0= (60+y—02)Sy + b2 (38)
Ss = (sign(6 + d) — sign(é — d))/2

fst = —y(ages/d — sign(ages))Ss — ysign(d)

Also, for extended state observer, we have the following extended state observer equations

_ ( *52fal( (), o, &) + bu(t) (39)
23(t) = ﬁ3fal(e(t),o¢,5)

where fal is

e(t)
fal(e(t)7a,€) = { za—1) 6| S I

le(t)|* sign(e(t)), le| > €

Now the control signal u in the nonlinear state error feedback block is constructed as follows

elgtg = alg 3 1Et§
t) =a t
Q(t) = k21fal(€12 t),a1,€) + kafal(ea(t), az,€) (40)
t) = ug(t) — &0

where v and w are the filter factor and the speed factor respectively, k1 and ko are weighting coefficients, & , and &
are the error between the extended state observer and tracking differentiator, ug is the output of the nonlinear error
feedback block, u is the output of the active disturbance rejection controller and z3/b is the compensator of all internal
and external disturbances. Table. 1 shows the effect of the

= o

u(
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Table 1 Effectiveness of each parameter in Active Disturbance Rejection Control

Parameters Explanation
TD y Direct relation with speed and convergence but amplify noise.
w Direct relation with noise filtering but degradation of stability margin.
ESO 51 Inverse relation with overshoot, direct relation with rise time.
B Inverse relation with state space error and direct relation with amplifying
fluctuation.
03 Inverse relation with whole system disturbance estimation time and direct
relation with fluctuation.
NLSEF k1 Direct relation with overshoot and fluctuation.
ko Direct relation with fluctuations and inverse relation with speed of the
system.

coeflicients for the active disturbance rejection controller design. Note that the controller parameters do not depend on
the precise model of the system and this feature makes the active disturbance rejection controller completely independent
of the system model.

3.3.2 ADRC parameter tuning: Genetic particle swarm optimization algorithm

The efficiency of the active disturbance rejection controller is strongly dependent on its parameters. The active dis-
turbance rejection controller designed in this section has 12 parameters and the effect of each parameter is given in
Table 1. The use of a Genetic Particle Swarm Optimization (GPSO) algorithm for tuning ADRC parameters is an
attractive approach that combines the exploration capabilities of genetic algorithms with the convergence properties of
particle swarm optimization. GPSO typically offers a faster convergence speed compared to traditional optimization
methods like grid search or simple genetic algorithms due to its hybrid nature, which uses the strengths of both genetic
algorithms (exploration) and particle swarm optimization (exploitation). However, the convergence speed may vary
based on the parameter settings (e.g., population size, mutation rate, etc.) and the complexity of the ADRC parameter
space. Faster convergence can sometimes lead to suboptimal solutions if the algorithm does not sufficiently explore the
parameter space. A balance must be established: while seeking a quick solution, one must ensure that the exploration
is adequate to avoid local optima. This can be managed by adjusting parameters such as population diversity and
mutation rates. The cost function is the integral of the error absolute value that the distance and speed difference of
two cars from each other and is defined as follows:

J= / (ex(®)] + lea(®)])et, (41)

where e3(t) = AV = Vrarget — Viostand e1(t) = Dgage — AD, AD = Dy arget — Daost-
The optimized parameters of the system are given in the Table. 2.
3.4 Close-loop system stability

A variable change is used and (8) is rewritten as

i1(t) = w2(t) fﬂl(t) = x5(t)

= .jf‘n—l(t) = x,(t) (42)
T (t) = Tppa (1) + bu.(t)
Tpy1(t) = Mz, u,d,d)

na(t) = (t)
in(t) = H(z,u) +d(t) + bu(t)

h(z,u,d,d) = %(H(x,u) +d(t))

Assumption 3: Let the unknown function h(x,u, d, d) be a global Lipschitz function for .

Theorem 3.1. If the system in (42) satisfies the assumptions (1)-(3), then the designed controller in (33) with adap-
tation lows (35) and (37) guarantees that all the signals are semi-globally uniformly ultimately bounded and also the
performance criterion in (9) is satisfied. Moreover, the estimation error of the ADRC controller asymptotically con-
verges to zero.
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Proof. Consider the following Lyapunov candidate function for the close loop system

V(t) = Vo(t) + 57 (£)5(t) + i () + Z(t). (43)
2y
That the terms used in this function are:
Vo(t) = 537 (t) Pa(t
5(t) = [AT,1]E(t) = E(t) = [(t), v L= ()T
(I)F(t) = HF(t) — QF*(t)mF >0 (44)
Dy(t) =0f(t) — 05" (t),mp >0

where 6(t) is the estimation of 0¢*(t)and ®¢(t) = 6¢(t) — 0¢*(t). The similar definition could be used for ®p(t).
Term Z(t) is related to the lower-level controller estimation error that defines below. According to (42), z(t) =
[21(t), 22(t), ..., 2uy1(t)]T is the extended state variable vector. Assuming that b in (42) is known, the parameters
estimation equations in ADRC define as follows.

21(t) = 2(t) + Bu(z1(t) — 31(2)),

B 1(. t) =2n(t) + Bn-1(21(t) — 21(2)), (45)
() = Ensr (8) + Bu(@1(t) — &1(1)) + bult),
o1 (1) = h(E(1), u(t), w(t), 6 (t)) + B (21 (1) — E1 (1)),

where 2(t) = [#1(t),22(t), ..., 2ny1(t)]Tis the estimation state variable vector. The (; parametrization for extended
state observer in ADRC is

[B1s B2y <oy Brt1] = [woar, wo?aa, .oy wo™ T i), (46)

where wg > 0 and the parameters o; is determined in a way that the characteristic polynomial s"*! + a;s™ + ... +
ap S+ ap41 became Hurwitz. The parameter wy is the observer bandwidth. By defining ©; = z; — 2;,¢ = 1,2,3,...,n+1
and using (45), we define observer estimation error as follows:

i’l(t) = i’Q(t) - w()al(fl(t))a

Z'L:'nfl.(t) = ;En(t) — won 1Oén 1(1’1(t))

1 (t) = F2(t) — woar (F1(t)),

h(i‘(t)7u(t)7w(t)7w(t)) — Wo + O471—1—1 1 t
Assume, ¢;(t) = fo(f)l we have
40 = -+ 5D 000)— M0 )0 )
0
where
—Q 1 0 0
—Q2 0 1 O
A= : D ,B=[ 0 0 0o 11",
-, 0 0 1
—Olp41 0 0 0

and «; are selected in a way that matrix A is Hurwitz. In the following parts, the genetic particle swarm optimization
algorithm is used to determine the parameters 3,. Since matrix A is Hurwitz, there exists a symmetric positive definite
matrix P such that AT P + PA = —Q, therefore, we define function
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Table 2 Tuned ADRC parameters
TD ESO NLEF
~Y=6 a=2,6=01]| a3 =2 ,ay =
w=5 b=10° By = | 2
1 k1=2,ko=5
B2 =1,83 =
1

Z(t) = <T(t)Ps(t), so the time derivative of the Lyapunov candidate function in (43) is as follows.

V) = o0+ 57 wiw + 2100 5 (49)
Also, the derivation of term Z(t) is
210) = S, (50)

where

Substituting (48) in (50), yields:

L phte(®),ut), d(t), d(t)) — h((t), u(t), d(1), d(t))

Z(t) = 2T (1) P(t) =27 (t) Plun As(t) | =

WQn
woCT(t)PA§(t) 4 WO§T(t)ATP§(t) + QCT(t)PBX h(x(t)v u(t)v d(t)v d(t)) _nh(i'(t)v u(t)7 d(t)v d(t)) _
Wo
—wo [[s(W)1” + 267 () PBx (h(a(t), ult), (1), d(t)) — h(&(0), u(t), d(t), d(1))) /- (51)

According to assumptions (2) and (3) there exists a constant ¢/in such a way that
h(z(t),u(t),d(t), d(t)) — h(&(t), u(t),d(t),d(t))| < ¢ ||lz(t) — £(t)|| and so for (51)

T(t)PB h(z(t),u(t),d(?), d(t)) h(@(t)u(t).d(t), d(t))

<2 ()PBlh(a:u) aa(8),d(0) () — B a(8)u(0).d(0), d(t))| (52)

wo
dz@®)—2@®)||
S 2§ ( )PB wo™ ’

where wy > land we can say that

; . 12(t) 422 (H)wi+- . Fsnt1 2 (t)wd™
Hm(ti;f(t)“ _ |\zgt3|\ _ H\/u (t)+s2 ()woon snt1?(H)wg H < |ls(t)||. Therefore
2T (t)PBx
Ra(),u(),d(£),d() —h (@ () u(t),d(),d(1))
o <
TM)PBx
|h<x<t> (1) d(0)d() ~h(@(O).u(®).d0) dO)] (53)

<>PBM<2< (1)PBe o(t)]
s||<<>|| +IPBEI s (t)]° = ells@)lI?,

where ¢ = 1 + || PB||*. So

2(t) < —(wo — o) [ls@)II*. (54)

This means that Z(t) < 0 if wp > ¢. Also, by inserting (36) and (51) in (49), after mathematical simplification, V (t)
can be written as below.

V(t) <

1, F(1)|1? = (wo — ¢ ?
o; (_)5 T)a(t) — sA 2" — (wo — ) ls(@)] (55)

(t) — () HRS( B wo (1) + 1RSI T + x.
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where x = xr + x1. The following relationship always holds:

1
®0 = (d +0*) > 5<1>2 — —0*2 (56)

By using Young’s inequality 2a”b < ||a||” + ||b]|* and (36) and (37):

1RSI — at) [|RS()* uo(t) < Ao [|RE(E)]* Y + 55
+h0a()N(Q) RS T2 = (L + ()N () (1) + 555

Substituting (56) and (57) in (55), yields:

V(t) < =387 (03(1) — A |2(H)1” - _
3la®a(t) — (wo — o) [lK(OI + (1 + ()N (O))C() (58)
+B < —aV(t) + 8+ (1 +a®)N(())E(E) — (wo — o) I,

where
a = min{la )‘/)‘max(p)a nFlF}v
1 N 9 1
B = 5lF(aF(t)) + e + X

By multiplying both sides in e®* | (55) can be rewritten as follows.
4(Vert) < Beot + e (1 + a(t)N(C))E—e (wo — o) <] (59)
Integrating from (56) in the interval [0, ], we will have:
V()< B+ V() +e o [(1+a(r)N(Q))C(r)e* dr—L(wo — c)e™t [ ||s(7)||* e*dr. (60)
Since Z(t) is a decreasing function (because the result of (54) showed that Z(t) < 0), then it converges to a finite
value. Therefore, it can be said that the vector ¢(¢) is limited and bounded, as a result, it can be said that it will be

¢(t) € Leo, therefore we can conclude that

et [1o(r)|? eomdr < et [T ]|, 2evTdr <

—a aT —a (61)
e []| 2 fy eoTdr < L sl 21 —emt) < Llq]| .2,
and so, for (60)
V(1) < £+ V(0) + = [0+ a(r)N(O) (e dr
7%(“’0 - C)eiat fo ls(T)||” e*mdr < (62)
SHV0) = d(wo— ) |l<lle >+

e~ [(1+a(r)N(C))C(r)edr.

Term g + V(0) = Z5(wo — ¢) [ls]lo? = co is constant and bounded. According to lemma 2 [24],V(t), fot(l +
a(T)N(¢))¢(r)dr and ((t) are semi-globally uniformly ultimately bounded in the [0,%;). Therefore, 5(t), ||Z(t)] ,
0r (t)are semi-globally uniformly ultimately bounded (SUUB) in the [0,¢f). From (29), £(¢) is bounded [25]. According
to [4], é(t)and its derivatives are bounded up to r — 1, R and v are also bounded in the interval [0,¢7). We can easily
conclude that u is bounded by (33) and (36). Similar to [20], the above conclusion is also true t; = 4+o00. Therefore,
all the signals are semi—globally uniformly ultimately bounded. Also, according to (54) that ensuresZ < 0, we can say

that tlim ¢(t) — 0, and as a result, it is concluded that the estimation error of the extended state observer in the ADRC
—00

controller asymptotically converges to zero. O
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4 Simulation results

In this part, the performance of the proposed hierarchical ACC system is evaluated through three scenarios. The
results are compared to a predictive controller designed in the reference [2§]. Fuzzy Adaptive Controller (FAC) typically
involves simpler computations based on fuzzy logic rules and membership functions. The computational cost primarily
comes from evaluating fuzzy rules and defuzzification processes, which are generally less intensive than optimization
calculations. FAC can operate in real-time with relatively low delays, making it suitable for applications requiring
quick responses. FACs Well-suited for systems with uncertainties and nonlinearities where a precise model is hard to
obtain. Compared to that Model Predictive Control (MPC) involves solving an optimization problem at each control
step, which may require significant computational resources, especially for complex systems with multiple states and
constraints. The computational load increases with the prediction horizon and the number of constraints, making
real-time implementation more challenging.

4.1 First scenario:

At the beginning of this scenario, they are stationary at a certain distance from each other. First, the car in front starts
to accelerate in the time interval of zero to 20 seconds and brakes in the time interval of 25 to 40 seconds, and starts
to accelerate again after that.

Description of the first scenario: The results in Fig. 4 show that the fuzzy controller has tracked the reference signal
with much higher accuracy than the predictive controller. The acceleration signal has fewer fluctuations, which makes
the passengers more comfortable. Also, the percentage of throttle opening angle in the fuzzy controller is lower, which
leads to more economical fuel consumption, and as a result, less environmental pollution. The numerical improvement
of the obtained results is given in Table. 3.
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Figure 4: comparison results for Adaptive Fuzzy ADRC and MPC ADRC Controllers in the first scenario. (a).
acceleration (b). velocity

Table 3 Improving the results of the fuzzy controller compared to the predictive controller in the first scenario with

IAE
Improved opening throttle an- | Improved velocity tracking Improved acceleration tracking
gle(decrease)

%51.96 %37.94 %21.25
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4.2 Second scenario:

In this scenario, internal and external disturbances have been applied to the car. The mass of the car has been increased
by 200 Kg and it has changed to an uphill slope with a slope of 5 degrees. The results are as follows.

Description of the second scenario: From a and b in Fig. 5, the tracking of the host car is much more accurate
than the front car. It can also be seen that the fuzzy adaptive controller can effectively neutralize the effect of internal
and external disturbances (which here means the overload on the car and the road slope) and have accurate tracking
of the front car. The statistics in Table. 4 show the improvement of the fuzzy adaptive controller compared to the
predictive controller. In this scenario, the amount of throttle opening angle for the fuzzy adaptive controller was much
less than the predictive controller, which caused a reduction in vehicle fuel consumption and increased efficiency of this
adaptive cruise system. In addition, due to the more accurate tracking and guarantee of stability for this system, two
cars will not collide under any circumstances. Also, the fluctuations and changes in the acceleration of the car are less
in this mode, which will make the passengers more comfortable.
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Figure 5: comparison results for Adaptive Fuzzy ADRC and MPC ADRC Controllers second scenario. (a). acceleration
(b). velocity

Table 4 Improving the results of the fuzzy controller compared to the predictive controller in the second scenario with

TIAE
Improved opening throttle an- | Improved velocity tracking Improved acceleration tracking
gle(decrease)
%59.42 %51.59 %26.07

4.3 Third scenario

In this scenario, internal and external disturbances have changed. The mass added to the car is 200 Kg, with the
difference that the slope of the road is 5 degrees, but it will be downhill. In this case, due to the downhill, the car will
accelerate faster. The simulation results are as follows.

Description of the third scenario: Since in this case the following two cars are downhill from each other; therefore, the
opening of the throttle angle decreases and instead the pressure on the brake pedal increases. As it is clear from a and
b in Fig. 6, the following of the car by the fuzzy adaptive controller is much more accurate, the equivalent value of
opening the throttle angle and pressure on the brake pedal is much lower than the case of using a predictive controller.
This leads to a reduction in fuel consumption and air pollution, while the car accelerates and soft braking, which has
the comfort of passengers, is provided. Also, the act of removing external disturbances applied to the car, which is the
slope of the road, is well compensated by the active disturbance rejection controller and could not cause two cars to
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collide with each other or reduce the efficiency of the designed cruise control system. The numerical improvement of
the obtained results is given in Table. 5.

The computational intensity of a fuzzy adaptive controller in an autonomous vehicle is significant due to the complexity
of real-time decision-making processes and the need to handle numerous inputs and outputs. The effective factors in
computational intensity can be divided as follows:

-Number of Fuzzy Rules: The more fuzzy rules in the system, the more processing power is required. Each rule needs
to be evaluated based on the current input state.

-Number of Inputs and Outputs: More inputs and outputs increase the complexity of the fuzzy inference process. Each
input variable can have multiple membership functions, and the outputs need to be computed based on the combination
of these inputs.

-Membership Functions: The type and number of membership functions affect computational load. Gaussian member-
ship functions, for example, are computationally more intensive than triangular or trapezoidal functions.

-Real-time Constraints: Autonomous vehicles operate in real-time, requiring the controller to process data and make
decisions within milliseconds. This necessitates highly efficient computation.

-Adaptive Mechanism: The adaptive component adds another layer of complexity, as it involves continuous learning
and adjustment of the fuzzy rules based on feedback from the environment.

To meet these computational demands, a typical hardware setup for deploying a fuzzy adaptive controller in an au-
tonomous vehicle might include:

CPU: Intel Core i9 or AMD Ryzen 9 with multiple cores and high clock speed.

GPU: NVIDIA RTX series GPU for parallel processing capabilities.

FPGA: Xilinx or Altera FPGA for implementing specific fuzzy logic operations.

RTOS: A real-time operating system like QNX or VxWorks.

Memory: At least 16 GB of DDR4/DDR5 RAM.

Sensors: High-resolution LiDAR, and radar integrated with a real-time data acquisition system.
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Figure 6: comparison results for Adaptive Fuzzy ADRC and MPC ADRC Controllers in the third scenario. (a).
acceleration (b). velocity

Table 5 Improving the results of the fuzzy controller compared to the predictive controller in the third scenario with
TIAE

Improved opening throttle an- | Improved velocity tracking Improved acceleration tracking

gle(decrease)

%51.16 %46.28 %22.44
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Figure 7: comparison results for Adaptive Fuzzy ADRC and MPC ADRC Controllers in the third scenario. (a).
acceleration (b). velocity

Table 5 Improving the results of the fuzzy controller compared to the predictive controller in the third scenario with

TIAE
Improved opening throttle an- | Improved velocity tracking Improved acceleration tracking
gle(decrease)
%51.16 9%46.28 %22.44

5 Conclusion

In this paper, a hierarchical ACC structure is proposed to control the longitudinal movement of a vehicle. The
controller has two levels. A fuzzy adaptive output feedback controller with a certain efficiency criterion was designed
and implemented as the upper-level controller. Also, an active disturbance rejection controller as the lower-level
controller was used to eliminate the effect of internal and external disturbances. The ADRC parameters are tuned via a
metaheuristic optimization. The stability of the proposed scheme is investigated and ensured. The proposed structure
is

robust against large disturbances like as sudden changes in the speed of surrounding vehicles, abrupt braking by a
lead vehicle, or unexpected lane changes. The system is designed to handle disturbances such that Speed changes
of £15 km/h within 2 seconds, and Sudden deceleration of a lead vehicle (e.g., braking from 100 km/h to 50 km/h
in less than 2 seconds), and wide uncertainties like as variability in vehicle mass, road friction coefficients, sensor
noise, and environmental conditions. The system could account for uncertainties like Variations in vehicle mass of
+10% and Sensor measurement errors of +5%. To achieve the goals of improving passenger safety, accurate front car
tracking, passenger comfort, reducing fuel consumption and emissions, as well as stability, a fuzzy adaptive controller is
utilized. Eextensive simulations that model various driving scenarios, incorporating both large disturbances and wide
uncertainties were conducted. These simulations allow for controlled testing of the ACC system’s response to different
conditions. The MPC strategy is a comparable approach that requires a model and has a significant computational load,
unlike the proposed method. For comparison studies, three different scenarios are selected, and results are compared
with an MPC controller. From the simulation results, it is shown that the designed controller meets all the desired
criteria and the performance is significantly improved compared to a predictive controller.
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