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Abstract— An anti-lock brake system based on fuzzy logic has been 

developed and optimized to cope with changes in adherence road 

conditions. Conventional control systems have to be tuned by 

conducting simulations and tests on different surfaces before 

putting them into use. This way, large amounts of computational 

and testing times are required. The main objective of this work is 

to propose a methodology to simplify the process of obtaining a 

controller for antilock brake systems through a combination of 

optimization and simulation. To this end, an evolutionary 

algorithm based on the coevolution of two species has been used to 

tune the proposed fuzzy logic controller. The controller evolves 

competitively with the environment to optimize its response to 

different adherence conditions. Finally, the optimized controller 

has been implemented in a real motorcycle to compare its 

performance with a conventional system.  

 
Index Terms— Coevolutionary, Genetic algorithms, Fuzzy 

Logic Controller (FLC), Antilock Brake System (ABS), Vehicle 

safety. 

I. INTRODUCTION 

he anti-lock brake system (ABS) is one of the major 

advances in active safety in vehicles. It reduces the braking 

distance and ensures the maneuverability of the vehicle during 

emergency situations by preventing the wheels from locking 

during braking [1][2].  

Research groups have devoted big efforts to the design of brake 

system controllers that minimize the braking distance while 

avoiding the locking of the wheels. The first control logics used 

state machines based on the slip ratio, road condition and wheel 

angular acceleration while avoiding the estimation of forces. 

The aforementioned logics did not use continuous pressure 

control [1]. Currently, controllers with continuous pressure 

control are used, such as: proportional integral derivative (PID) 

[3][4], fuzzy logic [5], sliding mode control (SMC) [6][7], 

neural networks [8] and even controllers that do not require slip 

or adhesion knowledge [9][10]. 

Meeting real-time requirements and having the flexibility to 

adapt to different vehicles and road conditions makes it difficult 

to choose the control logic. This is why fuzzy logic-based 

controllers are widely used in ABS controls as they have a 
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parallel structure that reduces the delays without the need to 

execute an adaptive control law or complex mathematical 

computations. The use of fuzzy logic in combination with other 

controllers is a suitable candidate for the implementation of 

ABS controls. Controllers such as PID [11][12], SMC[13], 

adaptive control [14] or adaptative SMC [15][16][17] have 

been proposed. However, these approaches do not make use of 

the inherent parallelism and simplicity of fuzzy logic 

controllers (FLC). It also provides flexibility without losing 

understanding, unlike neural networks [8][18] where, once 

trained, we face a "black box". 

Most of these research papers test the performance of the 

proposed controllers by means of simulations or using test 

benches. However, they are not tested in real conditions. 

Besides, the tire models used do not fully reproduce real tire 

behavior and simulation models do not include the temporal 

response of actuators and brake system components and the 

delays in measurement systems and estimation algorithms. This 

way, often, when these controllers are tested in real conditions, 

fluctuations in the response and poor performance are observed. 

This paper proposes the use of an FLC to optimize the 

longitudinal braking process of a two-wheeled vehicle. 

Contrary to other approaches, in which a quarter or half-vehicle 

model is considered, a full multibody vehicle model 

implemented in Bikesim® and Simulink® is used. This model 

takes into account the load transfer of the vehicle during the 

braking process, the transient effects that occur in the 

generation of contact forces as well as delays in the response of 

the components of the hydraulics of the braking system. 

Since the most commonly used tire models [19][20] are 

typically stationary, a transient term should be introduced to 

reproduce the dynamic behavior of the tires. 

The key contribution of this work is the optimization of the 

FLC. Rules and membership functions (MFs) are optimized to 

modify the control surface according to the dynamics of the tire-

road contact. Although through linguistic rules knowledge-

based systems [21] can be transferred to diffuse systems, 

transferring knowledge without losing information entails a 

great difficulty [22][23][24][25]. Moreover, it does not provide 

the certainty that the proposed FLC will perform properly in 

changing road conditions. A priori, the optimization of an FLC 
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in different road conditions requires a high computational cost. 

An optimization based on genetic algorithms [26][27] or 

particle swarm [28][29] requires testing possible road 

conditions and surface changes in each iteration. In order to 

reduce the number of combinations to be simulated during the 

optimization process, the use of a coevolutionary algorithm is 

proposed.  

Coevolution describes the evolution between two or more 

species that interact with each other. They can be grouped 

according to their behavior as: antagonists/competitive [30] 

(prey and predator), symbiotic/cooperative [31][32] or mutual 

exploitation/non-symmetric [33] (host and parasite). In 

[34][35] using coevolution between competitive species to 

solve engineering problems is proposed. Unlike other 

approaches where this process of coevolution is applied to a set 

of data [36], this paper optimizes the control logic by simulating 

different road conditions.  

In this approach, the controllers are optimized against different 

environments. The controller (prey) evolves against different 

environments (predator) to improve braking performance. The 

algorithm focuses on the optimization where the controller has 

worse results avoiding the repetition of the optimization in 

environments where it already obtained a good result. This 

avoids simulating all road conditions in each iteration, thus 

reducing the number of total simulations in comparison with a 

simple genetic algorithm [37]. This process of coevolution 

between both species is repeated iteratively until the controller 

obtained behaves properly in different road conditions. 

The performance of the controller is evaluated by means of 

simulations and real tests using a 35 kW two-wheel electric 

vehicle equipped with the necessary sensors for this purpose. 

To this end, estimation and optimization algorithms were 

developed and integrated into an embedded system in the 

vehicle's control electronics.  

The main contributions of this paper are the following: 

- the development of a new control algorithm optimization 

strategy based on coevolution to reduce the optimization 

time.  

- to take into account the delays in the temporal response of  

the brake system components in the simulations carried out 

to test the performance of the controllers. This way, the 

controllers are easily transferred to real applications. 

This work is structured as follows: system definition and 

models are described in section II. Section III is devoted to the 

slip and road condition estimation by using a Kalman filter. 

Section IV presents the fuzzy logic ABS controller. Next, the 

coevolutionary FLC optimization is described in Section V. 

Simulation, experimental results and discussions are shown in 

Section VI. Finally, conclusions are drawn in Section VII. 

II. SYSTEM DEFINITION AND MODELING 

Vehicle models have to reproduce real systems with sufficient 

detail to ensure their subsequent validation. BikeSim® software 

has been used to model the dynamic behavior of the motorcycle. 

Besides, the multibody model of the motorcycle is solved by 

means of this software, while the dynamics of tire-road contact 

as well as the braking system are modeled independently using 

Simulink®.This way, the dynamics and response times of the 

whole system are taken into account.  

The overall behavior of the controller is affected by the delays 

of the brake system components and measurements. These 

delays have to be taken into account in the design phase of ABS 

controllers. A common lack in the majority of proposed ABS 

controller optimization methods is not including these delays in 

the models used in the simulations. Although this makes the 

mathematical model much more stable, it provides results that 

do not fit in with reality. Thus, they lead to ABS controllers that 

have no oscillations in simulations, even on high adherence 

roads where system delays have a big influence. As a result, the 

performance of these controllers is poor when they are tested in 

real vehicles. For this reason, the dynamics of these systems are 

taken into account in this work in order to develop controllers 

that work efficiently in real vehicles without requiring further 

refinements. 

A. Tire Model 

The dynamics of the vehicle to be controlled during the braking 

process is determined by the contact between the tire and the 

road. The longitudinal force (1), according to tire-road contact 

models [19][20], depends on the slip (𝜅) (2) and the road 

condition (𝜆𝜇𝑥). To determine both parameters, it is necessary 

to measure or estimate the speed of the vehicle (𝑉𝑥) and the 

wheels (𝑅𝑒𝜔) as well as the forces appearing in the contact: 

vertical force (𝐹𝑧) and longitudinal force (𝐹𝑥).   

 

𝐹𝑥 = 𝜇𝑥(𝜅, 𝜆𝜇𝑥) 𝐹𝑧 (1) 

𝜅 =
−𝑉𝑠𝑥

|𝑉𝑥|
= 

𝑅𝑒𝜔−𝑉𝑥 

|𝑉𝑥|
 (2) 

 

In this paper, Pacejka's magic formula [19] is used to model tire 

behaviour. This model contemplates a non-linear relationship 

between the slip and the longitudinal force (3). The parameters 

of the empirical equation of the steady-state tire-road contact 

model are obtained by testing the tire on test benches. 

 

𝐹𝑥 = 𝐷𝑥sin [𝐶𝑥 arctan {𝐵𝑥𝜅 − 𝐸𝑥(𝐵𝑥𝜅 − arctan (𝐵𝑥𝜅))}] (3) 

{
 
 

 
 
  𝐷𝑥 = 𝜆𝜇𝑥𝐹𝑧𝑃𝐷𝑥(𝑑𝑓𝑧)

𝐶𝑥 = 𝑃𝐶𝑥(𝑑𝑓𝑧)

𝐵𝑥 =
𝑃𝐵𝑥(𝑑𝑓𝑧)

𝜆𝜇𝑥

𝐸𝑥 = 𝑃𝐸𝑥(𝑑𝑓𝑧)

 (4) 

𝑑𝑓𝑧 =
𝐹𝑧−𝐹𝑧0

𝐹𝑧0
 (5) 

 

Where (PBx, PCx, PDx, PEx) (4) are polynomial functions whose 

coefficients are fitted from data gathered in experimental tests 

on the tire test bench. Finally, 𝑑𝑓𝑧 (5) is the normalized change 

in vertical load.  

The curves of the tire adhesion coefficient (Fig.1) show the 

steady-state behavior using the parameters obtained by Sharp 

[38]. It is observed that, according to the slip ratio (𝜅) (2), the 

system is stable depending on whether it is to the left or right of 

the maximum adhesion value for each road.  

ABS tries to keep the slip around the value that provides the 

maximum grip (dashed line) to reduce the brake distance as 

much as possible. It also allows maintaining a slip ratio that 

ensures vehicle maneuverability. This optimum slip ratio is 
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affected by the road condition and increases as the grip of the 

road increases.  

Remark 1: Pacejka’s magic formula is a standard method 

widely used in vehicle dynamics studies [39][40][41] and 

throughout industry to describe the tire-road interaction at the 

contact patch. This empirical model can reproduce the tire-road 

interaction accurately enough without requiring great 

computational time. These two characteristics make this model 

very appropriate to be used in control algorithms. 

B. Tire Transient Model 

The previous model, despite its non-linearity, does not 

reproduce transient tire behavior adequately. Due to the fact 

that during the braking process the slip changes quickly, 

transient effects have to be taken into account in the modelling 

of the tire-road interaction. For this purpose, a first-order 

differential equation (6) is introduced [19] to substitute the 

measured slip (𝜅) by a delayed slip (𝜅′) (7), reproducing this 

way the delay between the slip and the generation of the 

corresponding force. 

 

σ𝜅
𝑑𝜅′

𝑑𝑡
+ |𝑉𝑥|𝜅

′ = σ𝜅𝜅
′̇ + |𝑉𝑥|𝜅

′ = −𝑉𝑠𝑥   (6) 

𝜏𝜅
𝑑𝜅′

𝑑𝑡
+ 𝜅′ = 𝜏𝜅𝜅

′̇ + 𝜅′ = 𝜅  (7) 

𝜏𝜅 =
𝜎𝜅

|𝑉𝑥|
  (8) 

 

Where (σ𝜅) is the relaxation length, which is defined as the 

distance the tire travels to generate 63% of the total force. 𝜏𝜅 is 

the rise time (8) associated to the change, which depends on the 

relaxation length and vehicle speed.  

C. Friction Brake Model  

The dynamic response of the braking system components also 

affects the performance of the ABS controller. For this purpose, 

the response time of the subsystems has to be taken into 

account. Otherwise, simulation results will not reproduce 

reality properly. 

The diagram of the brake-by-wire system used is described in 

Fig. 2. It consists of a brake pump, brake disc and pads. The 

brake pump generates brake pressure by means of an electric 

motor and a worm gear.The response of the hydraulic pump is 

modeled as a DC motor according to (9). This equation provides 

the electric motor torque output (𝑇𝑒) as a function of the input 

voltage (𝑉): 

 

𝐿𝐾𝑡
−1 𝑑𝑇𝑒(𝑡)

𝑑𝑡
+ 𝑅𝐾𝑡

−1𝑇𝑒(𝑡) = 𝑉(𝑡) − 𝐾𝑚θ̇ (9) 

 

Where 𝐾𝑡 is the torque constant, 𝑅 is the internal resistance of 

the winding, 𝐿 is the rotor inductance, 𝐾𝑚  is the electromotive 

force constant and θ̇ is the motor speed. Due to the reduced 

piston displacement, motor speed is assumed to be null. A first-

order system is used to model the hydraulic system response. 

The asymmetrical behavior of the piston and the brake pads in 

contact with the disc makes it necessary to use different time 

constants to reproduce pressure increases (𝜏𝑢𝑝) or decreases  

(𝜏𝑑𝑜𝑤𝑛) (10).  

𝐾𝑁𝑚
𝐵𝑎𝑟

𝑇𝑒(𝑡) = {
𝜏𝑑𝑜𝑤𝑛

𝑑𝑇𝑏(𝑡)

𝑑𝑡
+ 𝑇𝑏(𝑡),

𝑑𝑇𝑏(𝑡)

𝑑𝑡
< 0

    𝜏𝑢𝑝
𝑑𝑇𝑏(𝑡)

𝑑𝑡
+ 𝑇𝑏(𝑡),

𝑑𝑇𝑏(𝑡)

𝑑𝑡
≥ 0

 (10) 

𝐾𝑁𝑚/𝐵𝑎𝑟 = Sp μp 𝜙𝑑   (11) 

 

Constant 𝐾𝑁𝑚/𝐵𝑎𝑟  relates the pressure of the hydraulic system 

to the braking torque (𝑇𝑏) in the wheel. It is the product of the 

piston area (Sp), the friction coefficient of the brake pad (μp) 

and the brake disc diameter (𝜙𝑑) (11). 

D. Measurement Delay 

Vehicle control system performances are deterioriated by 

measurement time delays and poor sensor resolutions. Both 

factors affect the controllability of the system and should be 

included in the simulation models. In particular, the 

measurement of pressure and speed in a vehicle have a major 

influence during the braking process. Since pressure sensors are 

costly, many manufacturers do not install them or decide to use 

low-cost sensors with lower resolution. To reproduce this fact, 

a ±1bar sensor resolution  has been simulated.  

The measurement of wheel speeds is carried out by means of 

incremental encoders installed in each wheel. These sensors 

generate a signal with a frequency proportional to the wheel 

rotational speed. At high speeds, this low-cost technology has a 

very good resolution, but its resolution is poor at low speed. In 

addition, they require more filtering, causing a measurement 

delay of around 10 ms. This delay increases up to 25 ms when 

performing the derivative to obtain the angular accelerations. In 

extreme braking conditions, the locking of the wheels takes 

place at around 150-200 ms after full pressure has been applied. 

Therefore, for the simulation results to be valid, it is necessary 

to take into account the delays in the measurement of wheel 

speed. 

 
Fig. 2.  Brake by-wire system architecture (brake pump, brake disc and pads) 

 
Fig. 1. Tire slip-adhesion steady-state curve for different road conditions  
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Remark 2: Although this paper is not focused on developing a 

new vehicle model, it seeks to highlight the importance of the 

proper modeling of vehicle components response. This way, the 

controller obtained after the optimization process will be used 

in the real vehicle without requiring a further major tuning 

process. 

III. SLIP AND ROAD CONDITION EXTENDED KALMAN FILTER 

(EKF) ESTIMATOR  

Slip (𝜅) and road condition (𝜆𝜇𝑥), as presented in the previous 

section, are key parameters to perform the grip control required 

by ABS. In a real vehicle, both parameters are difficult to 

measure. The slip requires the measurement of the vehicle’s 

speed (𝑉𝑥). This cannot be obtained by GPS devices due to their 

poor latency. Hence, an estimation algorithm provides a clear 

advantage over installing expensive speed measurement 

devices in vehicles. On the other hand, road condition can only 

be known if contact forces in the tire are measured. This can be 

done by using a dynamometric rim, but these devices are not 

installed in vehicles due to its extremely high cost. Therefore, 

tire contact forces also need to be estimated. The use of a double 

Kalman structure [42][43] is proposed in this work, in which 

the first filter estimates the interaction forces between the tire 

and the road while the second one estimates the road condition 

using data provided by the first one. This estimation process is 

carried out in two stages to ensure convergence of the estimated 

variables. This is achieved by decoupling the non-linear 

equations that reproduce tire behaviour. This way, the accuracy 

of the estimation of the road condition is assured, obtaining a 

robust system that can cope with errors in the measurements 

[44][45]. 

A. Speed and forces estimator 

A simple dynamic model that reproduces a vehicle's response 

is needed to perform real-time estimation. In this work, a planar 

model of a two-wheeled vehicle with the characteristics of the 

real vehicle is used. 

Fig. 3 shows the forces that appear during the braking of the 

vehicle with both wheels. Table I shows the parameters used in 

the model. The dynamic equilibrium leads to the equations that 

model the horizontal (12) and vertical movements (13),  pitch 

of the chassis (14) and rotation of the front (15) and rear wheels 

(16). A simplified suspension model is used to calculate the 

vertical coordinate position (𝑧). This model takes into account 

the equivalent stiffness and damping to obtain the height of the 

center of gravity by knowing its accelerations and angular 

velocities (17) (18). 

 

  𝑀𝑎𝑥 = 𝑀(𝑥̈ + 𝜃̇𝑉𝑧) = 𝐹𝑥𝑟 + 𝐹𝑥𝑓 + 𝐶𝑑 𝑉𝑥
2 (12) 

  𝑀𝑎𝑧 = 𝑀(𝑧̈ + 𝜃̇𝑉𝑥 + 𝑔) = 𝐹𝑧𝑟 + 𝐹𝑧𝑓 (13) 

  𝐼𝑦𝜃̈ = −𝐹𝑧𝑓𝐿𝑓 + 𝐹𝑧𝑟𝐿𝑟 − 𝐹𝑥𝑓𝑧 − 𝐹𝑥𝑟𝑧 (14) 

  𝐼𝑤𝑓𝜔̇𝑓 = 𝑇𝑏𝑓 − 𝐹𝑥𝑓𝑅𝑓 (15) 

  𝐼𝑤𝑟𝜔̇𝑟 = 𝑇𝑏𝑟 − 𝐹𝑥𝑟𝑅𝑟 (16) 

  𝐹𝑧𝑓 = −𝑘𝑓(𝑧 − 𝐿0 − 𝐿𝑓𝜃) − 𝐶𝑓(𝑧̇ − 𝐿𝑓𝜃̇) (17) 

  𝐹𝑧𝑟 = −𝑘𝑟(𝑧 − 𝐿0 + 𝐿𝑟𝜃) − 𝐶𝑓(𝑧̇ + 𝐿𝑟𝜃̇) (18) 

 

An extended Kalman filter is proposed to estimate the forces 

and velocities using nonlinear equations (12-18). The state 

vector (𝑥𝑘) (19) includes tyre vertical forces (𝐹𝑧𝑓 , 𝐹𝑧𝑟), 

horizontal forces (𝐹𝑥𝑓 , 𝐹𝑥𝑟) and vehicle speed (𝑉𝑥). The 

measurement vector (𝑗𝑘) (20) consists of the variables obtained 

through the sensors installed in the motorcycle. An inertial 

measurement unit (IMU) is used to obtain horizontal (𝑎𝑥) and 

vertical (𝑎𝑧) accelerations, a gyro for angular acceleration (θ̈) 

and pressure transducers in the pressure circuit to determine the 

braking torque in the front (𝑇𝑏𝑓) and rear wheel (𝑇𝑏𝑟). 

 

𝑥𝑘 = [𝐹𝑥𝑓 , 𝐹𝑥𝑟 , 𝐹𝑧𝑓 , 𝐹𝑧𝑟 , 𝑉𝑥   ]
𝑇
 (19) 

𝑗𝑘 = [𝑎𝑥 , 𝑎𝑧 , 𝜃̈, 𝑇𝑏𝑓 , 𝑇𝑏𝑟]
𝑇
 (20) 

 

System dynamics model equations (21) and measurement 

model equations (22) relate current states ( 𝑘 ) with previous 

states ( 𝑘−1 ) and measurements respectively. 

State variables and measured variables are disturbed by white 

noise with a zero mean and standard deviation 𝑄 and 𝑅, 

respectively. Where 𝑢𝑘−1 and 𝑣𝑘 represent the noise of the 

model and the measures respectively. 

 

𝑥𝑘 = 𝜙𝑘−1(𝑥𝑘−1) + 𝑢𝑘−1 (21) 

𝑗𝑘 = ℎ𝑘(𝑥𝑘) + 𝑣𝑘 (22) 

 

A first-order random walk is used to estimate the forces. 

Equation (12), which models vehicle longitudinal dynamics, is 

required to estimate vehicle velocity (23): 

 

𝜙𝑘−1(𝑥𝑘−1) =

[
 
 
 
 
 

𝐹𝑥𝑓(𝑘 − 1)

𝐹𝑥𝑟(𝑘 − 1)

𝐹𝑧𝑓(𝑘 − 1)

𝐹𝑧𝑓(𝑘 − 1)

𝑣𝑥(𝑘 − 1) + Δ𝑡(
𝐹𝑥𝑟(𝑘−1)+𝐹𝑥𝑓(𝑘−1)+𝐶𝑑 𝑣𝑥

2(𝑘−1)

𝑀
− 𝜃̇𝑉𝑧)]

 
 
 
 
 

 (23) 

 

Where pitch rate (θ̇) and vertical speed (𝑉𝑧) are obtained by 

integrating pitch acceleration (θ̈) and vertical acceleration (𝑎𝑧) 
respectively.  

 

 
Fig. 3.  Planar motorcycle model 
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ℎ𝑘(𝑥𝑘) =

[
 
 
 
 
 
 
 

𝐹𝑥𝑟(𝑘)+𝐹𝑥𝑓(𝑘)+𝐶 𝑉𝑥
2(𝑘)

𝑀
 

𝐹𝑧𝑓(𝑘)+𝐹𝑧𝑟(𝑘)

𝑀
−𝐹𝑧𝑓(𝑘)𝐿𝑓+𝐹𝑧𝑟(𝑘)𝐿𝑟−𝐹𝑥𝑓(𝑘)𝑧−𝐹𝑥𝑟(𝑘)𝑧

𝐼𝑦

𝐼𝑤𝑓𝜔̇𝑓 + 𝐹𝑥𝑓(𝑘)𝑅𝑓
𝐼𝑤𝑟𝜔̇𝑟 + 𝐹𝑥𝑟(𝑘)𝑅𝑟 ]

 
 
 
 
 
 
 

 (24) 

The relationship between state variables and measured 

variables (24) is obtained from the equations that model vehicle 

dynamics (12-18). The angular accelerations (𝜔̇𝑓 , 𝜔̇𝑟) of the 

wheels are obtained by deriving the angular speed obtained 

from the sensors installed in the wheels. 

 

B. Road condition estimator 

The second Kalman filter uses a simplified model (25) of tyre 

dynamics (3) that does not consider the coefficients associated 

with parameter (𝑑𝑓𝑧) to estimate the road condition, thus 

requiring lower computational cost. 

 

𝐹𝑥 = 𝜆𝜇𝑥𝐹𝑧 𝑃𝐷𝑥1  sin [𝑃𝐶𝑥1  arctan {
𝑃𝐵𝑥1

𝜆𝜇𝑥 𝑃𝐶𝑥1  𝑃𝐷𝑥1  
𝜅′}] (25) 

 

Where (PBx1, PCx1, PDx1, PEx1), are the independent terms of the 

polynomial functions (PBx, PCx, PDx, PEx) obtained by empirical 

tests. 

In this case, the state vector (26) is the road condition (𝜆𝜇𝑥). The 

measurement vector is the horizontal force (27), which was 

obtained in the first EKF. The rear wheel is used to estimate the 

road condition. 

 

𝑥𝑘 = [𝜆𝜇𝑥]
𝑇
 (26) 

𝑗𝑘 = [𝐹𝑥𝑟]
𝑇 (27) 

 

The temporal evolution of the state variable (28) is again 

modelled with a random walk. Measurement equation (29) is 

obtained from the simplified tire model described above. 

 

𝜙𝑘−1(𝑥𝑘−1) = [𝜆𝜇𝑥(𝑘 − 1)] (28) 

 
ℎ𝑘(𝑥𝑘) = 

𝜆𝜇𝑥(𝑘 − 1)𝐹𝑧𝑟 𝑃𝐷𝑥1  sin [𝑃𝐶𝑥1  arctan {
𝑃𝐵𝑥1

𝜆𝜇𝑥 (𝑘−1)𝑃𝐶𝑥1 𝑃𝐷𝑥1  
𝜅′}] (29)  

 

Remark 3: Several methods, such as sliding mode observers, 

moving horizon estimation, Kalman filter and particle filter-

based methods, can be used to perform parameter estimation. 

Among them, the Extended Kalman filter is widely used to 

estimate the states in dynamic systems [42][43][44][45]. In this 

paper, EKF is used as a tool to estimate vehicle states due to its 

good compromise between accuracy and computational cost. 

IV. FUZZY LOGIC ANTILOCK BRAKE SYSTEM CONTROLLER 

To control the dynamics of the tire while the braking process is 

in progress, the tire states have to be known a priori to be able 

to determine the optimal braking pressure. For this purpose, the 

inputs (𝑥1, 𝑥2, 𝑥3) and output (𝑦1) used for the design of the FLC 

are defined. Inputs are defined taking into account the 

adherence curve (Fig. 4). The main task of the controller is to 

prevent wheels from locking (𝜅 = 1) and to maximize grip. 

Avoiding locking is not difficult if wheel speeds are correctly 

measured. However, other parametes are required to make it 

possible for the controller to work close to the optimum level of 

slip. 

 

𝑥1 = 𝑒 = 𝜅
′ − 𝜅′𝑜𝑝𝑡 (30) 

𝑥2 = 𝑑𝑒 =
𝑑𝜅′

𝑑𝑡
−
𝑑𝜅′𝑜𝑝𝑡

𝑑𝑡
= 𝜅̇′ − 𝜅̇′𝑜𝑝𝑡  (31) 

𝑥3 = 𝜆𝜇𝑥  (32) 

𝜅′𝑜𝑝𝑡(𝑥3) = 𝑥3

𝑃𝐶𝑥1  𝑃𝐷𝑥1 tan(
𝜋

2 𝑃𝐶𝑥1
)

𝑃𝐵𝑥1
  (33) 

 

The road type (32) defines the characteristics of the tire-road 

adhesion curve. The slip error (30) is defined as the difference 

between the current slip (𝜅′) and the optimum slip, which is the 

slip that generates the maxium force. The optimum slip is 

obtained from the tire model equations (33), taking into account 

the road type. In addition, the error derivative (31) is also 

TABLE I 
MOTORCYCLE MODEL PARAMETERS 

Symbol Description Symbol Description 

x Longitudinal 

displacement (CoG) 

Iy Moment of inertia 

around the Y axis 

z Vertical  
displacement (CoG) 

Iwf Front wheel spin 
inertia 

Vx Longitudinal speed Iwr Rear wheel spin 

inertia 
Vz Vertical speed Kf Front suspension 

stiffness             

M Mass Kr Rear suspension 
stiffness             

ax Longitudinal acceleration Cr
 Front suspension  

damping 

az Vertical acceleration Cf Rear suspension 

damping 

θ Pitch angle L0 Stiffness  preload 
Rf Front tire radius Cd Drag coefficient 

Rr Rear tire radius Tbf Brake torque front 

tire 
Lf Front half length Tbr Brake torque rear 

tire 

Lr Rear half length   Fxf Pitch angle 
ωf Front angular wheel speed Fxr Brake torque front 

tire 
ωr Rear angular wheel speed Fzf Brake torque rear 

tire 
 

 

 

 
Fig. 4.  Coefficient of adhesion (μx) of the tire in relation to slip (κ) for two 

different roads (λμx).  
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defined. These values define the current operating position and 

how fast the system is moving with respect to the optimum 

value. Both values are inputs to the FLC. The FLC output is a 

multiplier factor (𝑦1), which is used to perform continuous 

brake pressure control. This controller is integrated in the 

control scheme proposed below, as shown in Fig. 5. 

According to the previous description, a Mamdani type FLC is 

designed.The FLC has 3 inputs and only one output. The rules 

[23] define all possible combinations between the three inputs 

and the output. The algorithm optimizes the weight of each rule. 

If the optimized value is close to 1, it means that that rule has 

great relevance in the controller performance. On the contrary, 

if the weight value is close to 0, it means that that rule is not 

relevant. This way, the optimization algorithm discards the 

rules that are not necessary. 

Restrictions are imposed to the rules to warrant system stability.  

Membership functions (MF) [46][47][48] are distributed 

throughout the Universe of Discourse interspersed by equi-

spaced zones. A total of 5 MF for each input or output, either 

trapezoidal or triangular. These types of MF have been chosen 

this way because their parameterization allows them to be 

distributed throughout the Universe of Discourse (UoD) in an 

overlapping way, thus avoiding undefined input values. The 

following section presents the algorithm proposed to optimize 

the rules and MFs. 

V. COEVOLUTIONARY  FLC OPTIMIZATION 

In order to minimize the number of simulations to be 

performed, an optimization methodology based on coevolution 

using genetic algorithms is proposed in this work. In this 

approach, two species evolve to improve the performance of the 

FLC. This algorithm tests the controllers on different road 

conditions to find the value of the parameters that define the 

best controller in any scenario.  

Hillis et al. [49] introduced the coevolution algorithm inspired 

by the evolution of biological systems, preventing the system 

from sticking at a local maximum. 

Lipson et al. [34], on the basis of the previous idea, proposed 

an evolutionary algorithm with two stages of exploration and 

estimation for a competitive coevolution. The estimation of the 

first species (prey) learns how to achieve a goal. Later, in the 

exploration stage, the second species (predator) evolves, trying 

to hinder the goal of the first species. This way, it is not 

necessary to optimize the first species to fulfill all the possible 

goals, since the second species looks for the weaknesses of the 

first one. 

Hillis and Lipson developed optimization algorithms based on 

coevolution. These algorithms were applied to evolve systems 

that did not change their dynamics thorought the simulation. 

Instead of optimizing the design and analysis of physical 

systems in a fixed environment, this paper resorts to 

coevolution to perform the optimization of the controller of a 

dynamic system in a changing environment. Therefore, in this 

application, the dynamics of the physical system changes 

during the simulation. 

In this approach, the estimation and exploration stages resort to 

binomial crossover, mutation and differential evolution 

strategies to generate new populations based on the results 

obtained by each member of the population that constitutes the 

species. 

In an iterative way, the evolution of both species is alternated 

in order to obtain an FLC capable of facing any road condition 

without the need to simulate all the conditions in each iteration.  

A. Coevolution scheme 

The coevolution process is described next. The stages that 

require the coevolutionary algorithm are shown in Fig.6. These 

stages are explained in the following subsections.  

 

1) Initialization 

The number of iterations to be performed is set. Each iteration 

is defined as the evolution of both species sequentially. 

Estimation and exploration phases follow each other until the 

condition of the termination phase is fulfilled. The first iteration 

starts with a random road value. 

2) Estimation 

From a test defined by the road condition in the exploration 

phase, the estimation population evolves to achieve an FLC 

with improved results for that road. A chromosome represents 

each member of the population. This chromosome encodes the 

rules and MF that allow the construction of the fuzzy, as shown 

in Fig. 7. Different methodologies have been proposed in 

 
Fig. 5.  Fuzzy logic controller antilock brake system block diagram 
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literature to  encode FLC to simultaneously optimize rules and 

MF. The Michigan methodology [50][51] states that each 

individual in the population represents a different MF and that 

all together constitute the FLC. On the other hand, according to 

the Pittsburgh method [52], each individual in the population 

codes a different FLC. There are also other mixed or iterative 

approaches [31] . 

This work follows the Pittsburgh method, where each member 

codes an FLC using a chromosome with four sets of data. The 

first (𝑅) encodes the rules, the second the weights (𝑊), the third 

the type of MF (𝑇) and the fourth the parameters of each MF 

(𝑋).  
a) FLC configuration 

As indicated above, an FLC with 3 inputs and one output has 

been used, each of which consists of 5 MFs. A total of 125 rules 

are optimized. These rules arise from the combination of the 5 

MFs of the 3 inputs with the MF of the output. There are also 

125 weights associated with each of these rules (n = m = 125). 

MFs of both the inputs and the output are also optimized. To do 

so, the range of each variable is divided equally into 6 parts, 

forcing the MFs to overlap in the 4 central sections. In addition, 

the first and last MF are fixed at the extreme ends. This way, 

the UoD for inputs and outputs is always defined, avoiding 

discontinuities on the control surface. 

Each MF is defined by 4 values, except the MFs located in the 

extremes that are defined by 3 values, since one of them is fixed 

to the extreme of the UoD. This requires a total of 18 parameters 

(Fig. 8) for each MF, making up 72 parameters for all inputs 

and outputs (q=72). Each MF is associated with a triangular or 

trapezoidal function (p=20). In the case of the triangular MF, 

the central point is calculated as the average of the two central 

points. Both rules and MFs comprise a total of 342 parameters 

to be optimized (n + m + p + q) by the genetic algorithm. 

b) Stability Analysis 

Since the FLC is very flexible in its configuration, the stability 

has to be analyzed before the simulation is performed.  

Therefore, FLCs are discarded if they do not meet the stability 

requirements. A stability analysis [53] according to Lyapunov 

is used in order to translate the stability conditions to the rules 

[54]. Equation (34) is chosen as a candidate Lyapunov function.  

 

𝑉(𝒙) =
1

2
𝑥1
2 +

1

2
𝑥2
2 (34) 

  
Fig. 8. Distribution of the MFs in the universe of discourse 

 
 

 

 
  

 

 
Fig. 6.  Coevolutionary algorithm scheme  

 
 

 
Fig. 7.  Determination of the fuzzy logic from the estimation chromosome 
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{

(1) 𝑉(𝒙) = 0 𝑖𝑓 𝑎𝑛𝑑 𝑜𝑛𝑙𝑦 𝑖𝑓 𝒙 = 0

(2) 𝑉(𝒙) > 0 𝑖𝑓 𝑎𝑛𝑑 𝑜𝑛𝑙𝑦 𝑖𝑓 𝒙 ≠ 0

(3) 𝑉̇(𝒙) =
𝑑

𝑑𝑡
𝑉(𝒙) < 0 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑣𝑎𝑙𝑢𝑒𝑠 𝑜𝑓 𝒙 ≠ 0

  (35) 

 

According to Lyapunov, the proposed function has to satisfy 

(35) to ensure system stability. Before the stability analysis of 

the system is carried out, the following information is extracted 

from previous knowledge: 

- The main state variables are x1 and x2 (𝒙 = (𝑥1, 𝑥2)
Γ ∈ ℝ2). 

(0,0)Γ being a stable point. 

- 𝑥̇2 is proportional to 𝑦1. This is obtained from the proportional 

association between 𝑥̇2 and 𝑇̇𝑏 , i.e., if one increases the other 

one also increases and vice versa. Where 𝑇𝑏  is the braking 

torque on the wheel to be controlled and 𝑇̇𝑏 = 𝑑𝑇𝑏/𝑑𝑡. The 

braking torque and the control action 𝑦1 are related by (36). 

𝑥̇2 ∝ 𝑇̇𝑏 = 𝑦1𝑇𝑏 − 𝑇𝑏 = (𝑦1 − 1)𝑇𝑏   (36) 

 

The three conditions described in (35) are analyzed below to 

ensure system stability: 

1. The first condition is met according to the proposed 

function (37). 

𝑉(𝒙 = 𝟎) = 𝑉((0,0)Γ) =
1

2
02 +

1

2
02 = 0  (37) 

2. The second condition is fulfilled ∀ 𝒙 ≠ 0 since the 

function used is quadratic (38). 

𝑉(𝒙 ≠ 𝟎) = 𝑉((𝑥1, 𝑥1)
Γ ≠ (0,0)Γ) =

1

2
𝑥1
𝟐 +

1

2
𝑥2
𝟐 > 0 (38) 

3. The third stability condition is proven by analyzing the 

derivative of the proposed function (39). 

𝑉̇(𝒙) = 𝑥1𝑥̇1 + 𝑥2𝑥̇2 = 𝑥1𝑥2 + 𝑥2𝑥̇2 < 0  (39) 

This condition yields 4 possible requirements (40) to 

assure stability. 

{
 

 
(𝑥1 > 0) & (𝑥2 < 0) & (𝑥1𝑥2 < 0) 

             
→   𝑥̇2 = 0

(𝑥1 < 0) & (𝑥2 > 0) & (𝑥1𝑥2 < 0) 
             
→    𝑥̇2 = 0

                                (𝑥1 > 0) & (𝑥2 > 0)
             
→    𝑥̇2 < −𝑥1

                                 (𝑥1 > 0) & (𝑥2 > 0)
             
→    𝑥̇2 > −𝑥1 

  (40) 

These requirements are translated to the FLC (41). In addition, 

it is taken into consideration that |𝑥̇2| > |𝑥1| ∀ 𝒙 ≠ 0 due to 

system characteristics.  

 

{
 

 

  

(𝑥1 > 0) & (𝑥2 > 0) 

(𝑥1 < 0) & (𝑥2 < 0)

            
→   
            
→   

𝑦1 < 1
𝑦1 > 1

(𝑥1 ≥ 0) & (𝑥2 < 0)
            
→   𝑦1 = 1

(𝑥1 < 0) & (𝑥2 ≥ 0)
            
→   𝑦1 = 1

 (41) 

 

3) Exploration 

This phase starts from the best FLC of the estimation stage and, 

through evolution of the population, seeks a road condition for 

which it obtains the worst subjective fitness. Therefore, it is 

shown that the estimation stage tries to minimize subjective 

fitness while the exploration stage focuses on maximizing it. 

The exploration population encodes the tests using a 

chromosome that can be defined in two different ways (see Fig. 

9). The first option is a test in which three consecutive 

simulations are performed on three different roads. These roads 

are coded in the chromosome according to (𝜆𝜇𝑥,1 , 𝜆𝜇𝑥,2 , 𝜆𝜇𝑥,3). 

The second option is a test with only one simulation that starts 

with a road condition (𝜆𝜇𝑥,1 ) and, after given time t1, changes 

to a different road (𝜆𝜇𝑥,2 ). The first type of coding, 

(𝜆𝜇𝑥,1 , 𝜆𝜇𝑥,2 , 𝜆𝜇𝑥,3), presents a faster convergence but requires 

a higher computational cost. On the other hand, in the case of 

road change (𝜆𝜇𝑥,1 , 𝑡1 , 𝜆𝜇𝑥,2), the computational cost is lower 

but, due to the transient component of the fitness equation, it 

accumulates a higher error, which reduces the convergence rate. 

The first method is selected to take advantage of its faster 

convergence. 

4) Termination 

The optimization process is repeated until the predefined 

number of iterations is reached.  

5) Validation 

Once the optimization algorithm finishes,  the convergence of 

the objective and subjective fitness functions are analyzed. The 

value of both functions should decrease as the number of 

iterations increases. This way, the value decreases fast during 

the first iterarions. However, when the process goes forward, 

the rate of improvement slowly reduces until a certain number 

of iterations. Beyond this number of iterations, the value of the 

fitness function oscillates and the performances of the 

generated FLCs are not improved. This is common behavior 

found in coevolutionary approaches. The FLC that has obtained 

the best subjective fitness in all iterations is the output of the 

coevolution process. 

B. Fitness Function  

In order to evaluate each member of the population, a subjective 

and an objective fitness are defined. The first one evaluates the 

performance of the individual in a given road condition. This 

subjective fitness is calculated in each iteration, being particular 

in each case, and does not reflect how the algorithm evolves 

globally. The objective fitness evaluates the global performance 

of the individual from a road sweep (λ𝜇𝑥 =

 {0.4 ;  0.5 ;  0.6 ;  0.7 ;  0.8}). The objective fitness does not 

affect the evolution and, in order to reduce computational cost, 

it is only calculated each time the species is changed. 

The fitness function (𝜂) (42) evaluates the result obtained by 

each FLC for a given test. It is calculated on the basis of two 

parameters: the mean deceleration, 𝑎𝑥̅̅ ̅, and the mean of the slip 

error (𝑒̅ = 𝑥1̅̅̅). In order to obtain a dimensionless parameter, the 

mean deceleration is divided by the maximum deceleration 

obtained according to equation (43). The minimum value 

between the maximum tire grip and the limit stoppie grip 

determined by the geometry of the vehicle is taken into 

consideration. Secondly, the slip error obtained during the test 

is used to prevent the wheel from locking. 

 
Fig. 9. Test configuration of exploration chromosome 
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𝜂(𝑒, 𝑎𝑥 , 𝜆𝜇𝑥 ) = 𝑒̅ +
𝑎𝑥̅̅ ̅̅

𝑎𝑥,𝑚𝑎𝑥 (𝜆𝜇𝑥)
 (42) 

𝑎𝑥,𝑚𝑎𝑥 (𝜆𝜇𝑥) =

{
 
 

 
 𝑔 min (

𝐿𝑓

𝑧
, 𝜆𝜇𝑥𝑃𝐷𝑥1) 𝑇𝑏𝑓 > 0; 𝑇𝑏𝑟 > 0  

𝑔min (
𝐿𝑓

𝑧
,
𝐿𝑟𝜆𝜇𝑥𝑃𝐷𝑥1

𝐿𝑟+𝐿𝑓
) 𝑇𝑏𝑓 > 0; 𝑇𝑏𝑟 = 0

𝑔
𝐿𝑓

𝐿𝑟+𝐿𝑓
𝜆𝜇𝑥𝑃𝐷𝑥1 𝑇𝑏𝑓 = 0; 𝑇𝑏𝑟 > 0

 (43) 

 

Remark 4: Coevolution allows reducing the number of 

simulations compared to a simple genetic algorithm. The 

exploration stage enables the algorithm to rapidly find the worst 

case scenario in a reduced number of simulations. Therefore, 

the algorithm focuses on improving the performance in this 

scenario rather than in all possible ones. 

 

VI. RESULTS  

Results obtained from simulations and real experiments are 

presented in this section. The performance of the optimized 

controller was tested by conducting brake tests on different 

surfaces. Due to safety reasons, only rear braking tests were 

carried out. For comparison reasons, simulations were also 

perfomed using only the rear brake. Initial vehicle speed was 

set at 40 km/h and final speed was 10 km/h. Table II shows the 

deceleration achieved in simulations and real tests with the 

proposed controller and a conventional ABS [1][55].Best 

performance was obtained with the proposed controller in 

simulations as well as in real tests. No wheel locking was 

observed in any case. 

A. Simulation 

The total number of iterations in the optimization process is set 

at 400. The estimation and exploration populations consist of 

30 and 10 individuals respectively. The results obtained for 

objective and subjective fitness are presented in Fig. 10. 

It is observed that during the first 200 iterations, convergence is 

fast, with the minimum subjective error found in iteration 

number 162. After that iteration, the algorithm keeps searching 

for a better solution. However, the value of the fitness function 

oscillates without improving the overal result. As mentioned 

before, this behaviour is commonly observed in optimization 

processes based on coevolutionary approaches. Fig.11 

reproduces the control surface for four road conditions. The 

control surface maintains a constant working area for all roads. 

However, surface differences are observed for negative 𝑥2. This 

is due to the fact that the dynamics of the system become faster 

as the adherence increases, so the slopes in these cases must be 

reduced. The results obtained by simulation in BikeSim® for 

different road conditions are presented in Fig. 12-16. 

 

1) Dry Road (𝜆𝜇𝑥 = 1.1) 

As mentioned above, as grip increases, the system becomes 

more unstable and faster, causing speed and pressure 

oscillations (Fig.12). In addition, as seen in vertical force Fz, the 

load transfer is higher, which reduces rear braking force Fx. 

Despite this fact, the estimation is appropriate. 

2) Wet Road (𝜆𝜇𝑥 = 0.9) 

The simulation presents the same behavior as on a dry road. 

However, lower pressures are required for lower adherence 

surfaces (Fig.13). 

3) Low Friction Road (𝜆𝜇𝑥 = 0.65) 

The dynamics of the braking process on a low-grip road is slow, 

causing fewer oscillations throughout the simulation (Fig.14). 

Again, the estimation of the road condition is adequate. 

Likewise, the pressure setpoint applied to the rear wheel 

remains quite constant during the simulation, with the 

adjustments of the FLC being small. 

4) Road Change 

The FLC is tested for variations in the road condition: low-dry 

Fig.15 and dry-low Fig.16. The surface change takes place after 

1 s. of simulation. It is checked how, during the change of road, 

the controller quickly adapts to the slip ratio associated with the 

optimum value of the new surface. The estimation of the road 

condition during this transient process, due to the rapid change  

  

TABLE II 
SIMULATION AND TEST RESULTS 

Road 
FLC – Bikesim 

Deceleration (gs) 
Conv. – Bikesim 
Deceleration (gs) 

FLC – Real Test 
Deceleration (gs) 

Conv. – Real Test 
Deceleration (gs) 

Dry  0.356 0.356 0.351 0.348 

Wet 0.326 0.323 0.320 0.314 

Low 0.240 0.238 0.238 0.223 
Low-Dry 0.290 0.264 - - 

Dry-Low 0.277 0.249 - - 

 

 
Fig. 10.  Objective and subjective fitness. 

 
 

 

 
 

  

 
Fig. 11.  Control surface for different road conditions  
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Fig. 13. Wet road (λμx=0.9)  simulation results 

 
Fig. 14.  Low friction road (λμx=0.65) simulation results 

 
Fig. 16.  Dry-Low  road change simulation results 

 
Fig. 15.   Low-Dry  road change simulation results 

 
Fig. 12.  Dry road (λμx=1.1) simulation results 
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in the forces of tire-road interaction, requires an adaptation time 

to converge to the new value. Nevertheless, the FLC adapts to  

the surface without causing large slips during the transient 

process. 

 

B. Experimentation 

In order to validate the optimization of the FLC, several tests 

were carried out on a real vehicle. The real vehicle shown in 

Fig. 17 was equipped with a myRIO real-time embedded 

controller running the proposed ABS FLC. In addition, speed 

sensors were installed on the front and rear wheels as well as a 

by-wire brake on the rear wheel, an inertial measurement unit 

(IMU) and training wheels for safety reasons. 

 

1) Dry Road 

A similar response to the simulation is observed with the same 

deceleration rates (Fig.18 and Table II). Futhermore, it can be 

seen that the oscillations in pressure and wheel speeds are 

similar to those obtained in the simulations. 

2) Wet Road 

Due to the porosity of the asphalt, the grip does not drop 

significantly (Fig.19). Pressure fluctuations are slightly higher 

compared to the simulation, but the same level of slips are 

obtained.  

3) Low Friction Road 

In the case of a lower grip road, mismatches of optimal slip 

provided by the tyre model  have a big influence on the response 

of the controller. This makes it impossible for the controller to 

maintain the slip ratio as properly as it does in the simulation 

(Fig.20). However, the performance of the controller is 

considered to be satisfactory even in low adherence conditions.  

Further improvements will be achieved if the tyre models are 

modified to provide an optimal slip closer to reality in low 

adherence conditions. 

 

Even though simulation and experimentation share parameters 

(Table III), some discrepancies can be observed between 

simulation and experimental results. A more oscillatory 

controller output is observed in the real tests. This way, 

measured pressure fluctuations are slightly higher compared to 

the simulation. However, similar slip rates and deceleration 

levels are obtained in both cases (Table II).  This fact can be 

attributed to the parameters used in the tire model and system 

component modelling inaccuracies. In the first case, surface, 

 
Fig. 17.  Test vehicle  

 
Fig. 18.  Dry road real test results 

 
Fig. 19. Wet road real test results 

 

 
Fig. 20.  Low friction road real test results 
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temperature, water film depth and tire parameters can influence 

the obtained results. In the second case, real systems may 

require more complex models to reproduce their behavior, such 

as may happen with the brake pad – brake disk contact.  

 

Remark 5: For safety reasons, the proposed controllers were 

implemented only in the rear axle in the experimental vehicle. 

Due to this fact, simulations were performed using only the rear 

axle too. This way, it was possible to perform fair comparisons. 

The proposed methodology can be applied to the two wheels of 

a motorcycle or to 4-wheeled vehicles by using the adequate 

system equations. 

 
TABLE III 

SIMULATION AND EXPERIMENT PARAMETER VALUES 

 

Symbol Value Symbol Value 

M 190 kg Fz0 1100 N 

CoG (x,z) (0,0.550) m  PBx 25.939 

Rf 0.282 m PCx 1.606 
Rr 0.297 m PDx 1.380 

Lf 0.552 m PEx 0.026 

Lr 0.740 m 𝜎𝜅 0.025 m 

Iy 7.34 kg m2 𝑅 2.85 Ω 

Iwf 0.484 kg m2 L 0.050 H 

Iwr 1.298 kg m2 𝐾𝑡 23.13 bar/A 

Kf 25 N/mm τup 0.061 s 

Kr 40 N/mm τdown 0.083 s 

Cr 2 N s/mm 𝑆𝑝 2300 mm2 

Cf 10 N s/mm 𝜇𝑝 0.4 

L0 1182 N 𝜙𝑑 196 mm 

Cd 0.188 kg/m Δt 1 ms 

 

VII. CONCLUSION 

A coevolutionary-based algorithm has been developed to 

optimize Fuzzy Logic Controllers for anti-lock brake systems. 

This algorithm is based on improving the performance of the 

ABS controller under changing road conditions. Coevolution 

speeds up the optimization process by taking into account the 

worst-case scenarios. This reduces the computational cost of the 

FLC optimization process significantly, as it avoids simulations 

where the FLC already works properly.  

The temporal response of the brake system components and the 

delays in the measurements and estimation processes are taken 

into account in the models used by the optimization algorithms.  

This way, the model reproduces the real system with greater 

fidelity. This methodology contributes to a faster 

implementation of the proposed controllers in real applications. 

Simulations have been carried out to evaluate the performance 

of the solution provided by the optimization algorithm. 

Furthermore, the proposed FLC has been tested in real 

conditions using a two-wheel electric vehicle. Its performance 

has been compared to a conventional controller used in 

commercial vehicles. Results show the superior performance of 

the proposed FLC in all scenarios.  

Future research will consider the modelling of the lateral 

behavior of the motorcycle in the simulation models used by the 

optimization algorithm. In addition, a modified tire model will 

be considered to take into account different road surfaces and 

combined longitudinal and lateral tire forces. 
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