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Advances in vehicle technology demand control systems capable of adaptively enhancing 

safety and stability. One such approach is Adaptive Cruise Control (ACC), which serves 

to maintain speed while keeping a safe distance from objects ahead. This study aims to 

develop a real-time ACC system under sensor uncertainty using an Interval Type-2 Fuzzy 

Logic System (IT2FLS) implemented on a low-cost experimental vehicle platform. The 

methodology employed includes the design of an IT2FLS-based control system with two 

input variables—distance and speed—and its implementation on an experimental vehicle 

using an ESP32 microcontroller. The system utilizes an infrared (IR) distance sensor and 

an MPU6050 inertial sensor to capture vehicle motion conditions, while IT2FLS processes 

the uncertain sensor inputs through upper and lower membership functions, rule-based 

inference, type-reduction, and defuzzification to generate Pulse Width Modulation (PWM) 

control signals. Test results indicate that the IT2FLS system achieved an average travel 

time of 34 seconds on a 6-meter track, outperforming the manual test result of 44.6 

seconds. The success rates for distance and acceleration readings reached 89.061% and 

88.135%, respectively, with a smoother PWM modulation of 8.559. These findings show 

that IT2FLS can improve the stability of PWM modulation and vehicle response by 

reducing the effect of fluctuating sensor readings during real-time ACC operation. This 

study is aligned with the Sustainable Development Goals (SDGs) by supporting solutions 

to handle traffic congestion and to improve sustainable transportation and transportation 

(transport) technology through the development of safer, more adaptive, and more efficient 

vehicle control systems. However, the current evaluation is limited to a straight 6-meter 

track; therefore, further testing on curved roads, uneven terrain, dynamic acceleration–

deceleration scenarios, and emergency braking conditions is required for broader real-

world validation. The implications of this research are the potential for developing semi-

autonomous vehicle systems that are more adaptive to dynamic environmental conditions. 
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1. INTRODUCTION

Automotive technology continues to evolve to enhance 

driving safety and comfort. Research on robot formation 

control has evolved from classical methods toward systems 

that are more intelligent, adaptive, and distributed [1]. One 

widely used technology is the Cruise Control System (CCS), 

which allows a vehicle to maintain a constant speed without 

driver intervention. CCS reduces driver workload and helps 

maintain a steady vehicle speed [2, 3]. 

Advancements in CCS have led to the development of a 

more adaptive system known as Adaptive Cruise Control 

(ACC). ACC not only maintains a constant speed but also 

adjusts the vehicle’s speed based on conditions ahead. ACC is 

capable of automatically slowing down or speeding up the 

vehicle [4, 5]. This system is designed to maintain a safe 

distance and reduce the risk of accidents. In practical driving 

conditions, ACC must respond to variations in vehicle speed, 

distance changes, road conditions, and sensor measurement 

uncertainty. Therefore, a control strategy that can maintain 

stable vehicle response under uncertain input conditions is 

required. 

Although ACC has been widely adopted in modern 

vehicles, driving safety issues still frequently occur. Many 

accidents are caused by human error. Drivers often experience 

fatigue and lose focus [6]. This situation causes a delay in 

reacting to the vehicle ahead. The phenomenon of following 

too closely is one of the leading causes of accidents [7, 8]. 

Failure to maintain a safe distance increases the risk of rear-

end collisions. This condition indicates that an ACC system 

should not only maintain speed but also provide an adaptive 

response to uncertain distance and motion information 
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obtained from onboard sensors. 

Various methods have been used to develop ACC systems. 

One of these is the Proportional-Integral-Derivative (PID) 

control method; however, this method has its limitations. 

Vehicle systems are nonlinear and dynamic, and changes in 

vehicle speed are not always predictable, making it difficult 

for PID to maintain stability under such conditions [9-11]. PID 

control generally depends on fixed control parameters, so its 

performance may decrease when the system is affected by 

nonlinear vehicle behavior, fluctuating sensor signals, and 

variations in operating conditions. These limitations motivate 

the use of intelligent control methods that are more flexible in 

handling uncertainty. 

Another widely used method is fuzzy logic control. This 

method is capable of handling complex systems. Fuzzy Logic 

uses rules based on human language. This approach is more 

flexible than conventional methods [12, 13]. However, Type-

1 Fuzzy Logic Systems have limitations. These systems are 

not yet capable of handling uncertainty optimally. Uncertainty 

arises from sensor noise and environmental conditions [14]. In 

Type-1 Fuzzy Logic, each input value is represented by a 

single membership degree. This representation can be 

insufficient when sensor readings fluctuate because of 

vibration, measurement noise, or environmental disturbance. 

As a result, the controller output may become less stable when 

the input data are uncertain. 

Previous research has shown that fuzzy logic can improve 

the performance of an ACC. However, most studies still use 

Type-1 Fuzzy Logic. This approach is not robust enough to 

handle variations in real-world conditions. The Type-2 Fuzzy 

Logic System offers a better solution. This method is capable 

of handling uncertainty through the concept of the Footprint of 

Uncertainty (FOU) [15, 16]. In an Interval Type-2 Fuzzy 

Logic System (IT2FLS), uncertainty is represented by upper 

and lower membership functions, which form the FOU. This 

structure allows the controller to process uncertain sensor 

inputs within an interval rather than using only a single 

membership value. Therefore, IT2FLS is more suitable for 

ACC systems that rely on distance and motion sensors, where 

measurement noise can directly affect speed control decisions. 

Recent studies have indicated that IT2FLS and related type-

2 fuzzy approaches are increasingly used to improve 

robustness in nonlinear, uncertain, and dynamic systems, 

including mobile robots, robotic control systems, and 

intelligent vehicle-related applications [15, 16]. However, 

most existing studies emphasize simulation-based validation, 

complex control structures, or high-performance 

computational platforms. In contrast, real-time 

implementation of IT2FLS for ACC on a low-cost 

experimental vehicle using simple sensors and an embedded 

microcontroller remains limited. This gap is important because 

practical ACC development requires not only control accuracy 

but also real-time feasibility, sensor-noise tolerance, and low-

cost implementation. 

Based on these conditions, this study proposes an IT2FLS-

based ACC system. The system is implemented on a vehicle 

platform. An infrared (IR) sensor is used to measure distance. 

An Inertial Measurement Unit (IMU) sensor is used to 

measure speed. The data is processed using an ESP32 

microcontroller. As a result, the system can generate Pulse 

Width Modulation (PWM)-based control signals for vehicle 

speed regulation. The proposed system uses distance and 

speed information as IT2FLS inputs and produces PWM 

adjustment as the control output for vehicle motion regulation. 

Through the use of upper and lower membership functions, 

rule-based inference, type-reduction, and defuzzification, the 

controller is expected to generate smoother PWM changes 

under uncertain sensor readings. 

In addition, this study is aligned with the Sustainable 

Development Goals (SDGs) by supporting solutions to handle 

traffic congestion and to improve sustainable transportation 

and transportation technology through the development of a 

safer, more adaptive, and more efficient vehicle control 

system. The main contribution of this study is the development 

of an IT2FLS-based ACC system on a simple platform. The 

system is designed to be low-cost yet adaptive. This study also 

evaluates the system’s performance experimentally. The 

evaluation focuses on speed stability, PWM modulation 

smoothness, and the ability to maintain a safe distance. The 

specific contributions of this study are summarized as follows: 

(1) developing a real-time IT2FLS-based ACC system on a

low-cost experimental vehicle platform; (2) integrating an IR

distance sensor, MPU6050 inertial sensor, ESP32

microcontroller, and PWM-based actuator control into a

closed-loop ACC framework; (3) evaluating the ability of

IT2FLS to reduce the effect of uncertain sensor readings on

PWM modulation; and (4) experimentally comparing the

proposed IT2FLS-based control response with manual

operation on a straight test track.

2. RESEARCH METHODOLOGY

2.1 Methodology and implementation 

In this study, an ACC system was developed for an 

experimental vehicle and tested on a straight track. The system 

was designed to maintain the vehicle’s speed while 

automatically adjusting the safe distance to the object ahead. 

The controller was implemented using an IT2FLS, which 

processes inputs in the form of the distance to the vehicle 

ahead and the vehicle’s speed to generate a control signal in 

the form of PWM modulation. The entire data processing and 

control signal transmission process is performed in real-time 

via an ESP32 microcontroller connected to the system’s 

sensors and actuators. 

2.2 Adaptive Cruise Control 

ACC is a system or concept in the automotive industry, 

primarily used in cars, that maintains the vehicle’s speed at a 

level set by the driver. When there is a vehicle ahead traveling 

at a slower speed, this system adjusts the vehicle’s speed to 

match that of the vehicle in front [17, 18]. The following 

describes the operating principle of ACC, as shown in Figure 

1. 

Figure 1. How Adaptive Cruise Control (ACC) works [19] 
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The development of the ACC system is designed to reduce 

the burden on drivers who need to control the accelerator and 

brake pedals while steering the vehicle over long periods of 

time. The system uses data such as the distance ahead of the 

vehicle and the vehicle’s speed, as well as several additional 

sensors, to make decisions [20, 21]. The mathematical 

calculations in this system use standard methods, such as 

calculating the safe distance between vehicles, as shown in Eq. 

(1). To calculate the estimated time and distance between 

vehicles, Eqs. (2) and (3), and several other equations are used. 

𝑑𝑠𝑎𝑓𝑒 = 𝑡ℎ𝑣𝑓 + 𝑑0 (1) 

𝑡ℎ = 𝑡0 − 𝑐𝑣𝑣𝑟𝑒𝑓 (2) 

𝑡ℎ = 𝑡0 − 𝑐𝑣𝑣𝑟𝑒𝑓 − 𝑐𝑎𝑎𝑝 (3) 

2.3 Interval Type 2 Fuzzy Logic System 

The IT2FLS is an extension of the Type-1 Fuzzy Logic 

System (T1FLS) designed to handle uncertainty in nonlinear 

and dynamic systems. In ACC systems, uncertainty arises due 

to sensor noise, variations in environmental conditions, and 

vehicle dynamics [22, 23]. Therefore, IT2FLS is used to 

improve the robustness of the control system. Unlike T1FLS, 

which assigns only one membership degree to each input 

value, IT2FLS represents the input using an interval of 

membership values. This interval-based representation 

enables the controller to tolerate fluctuations in sensor 

readings, such as distance variation from the IR sensor and 

acceleration noise from the MPU6050 sensor. 

a. Membership function

In an IT2FLS denoted by 𝐴̃,  which has the membership

function 𝜇𝐴(𝑥, 𝑢), where 𝑥 ∈ 𝑋 and 𝑢 ∈ 𝑗𝑥 ⊆ [0,1] the type-2

fuzzy set can be written as shown in Eq. (4). Where if 0 ≤
𝜇𝐴(𝑥, 𝑢) ≤ 1, 𝐴̃ can be written as shown Eq. (5).

𝐴̃ = {((𝑥, 𝑢), 𝜇𝐴(𝑥, 𝑢)) | ∀ 𝑥 ∈ 𝑋  ∀ 𝑢 ∈ 𝑗𝑥 ⊆ [0,1]} (4) 

𝐴̃ = ∫ ∫
𝜇𝐴(𝑥, 𝑢)

(𝑥, 𝑢)𝑢𝜖𝑗𝑥𝑥𝜖𝑋

 𝑗𝑥 ⊆ [0,1] (5) 

For every value of x = x’, in a two-dimensional plane where 

the axes are u and 𝜇𝐴(𝑥′, 𝑢), the vertical slice is called the

secondary membership function. A secondary membership 

function, which is a vertical section 𝜇𝐴(𝑥, 𝑢) is 𝜇𝐴(𝑥 = 𝑥′, 𝑢)
for 𝑥′𝜖𝑋 and ∀𝑢 𝜖𝑗𝑥′  ⊆ [0,1] can be written as shown in the

Eq. (6). 

𝜇𝐴̃(𝑥 = 𝑥′, 𝑢) = 𝜇𝐴(𝑥′) = ∫
𝑓𝑥′(𝑢)

(𝑢)𝑢∈𝑗𝑥′

 𝑗𝑥′ ⊆ [0,1] (6) 

The following is the IT2FLS membership function shown 

in Figure 2. 

A secondary membership function interval reflects a 

uniform uncertainty in the primary membership of x. This is 

because all memberships in a type-1 set are unitary; 

consequently, a type-1 set is represented only by the domain 

of the interval, which is defined by the left and right endpoints 

[24]. In this study, the interval is used to represent uncertainty 

in the ACC input variables. For example, when the IR sensor 

reads a distance value, the actual value may fluctuate because 

of vibration, surface irregularity, or electrical interference. 

Therefore, IT2FLS does not process the sensor value as a 

single crisp membership degree, but as a bounded uncertainty 

region. The following is the IT2FLS block diagram shown in 

Figure 3. 

Figure 2. Membership features Interval Type-2 Fuzzy Logic 

System (IT2FLS) 

Figure 3. Diagram block Interval Type-2 Fuzzy Logic 

System (IT2FLS) 

These two endpoints are associated with two types of 

membership functions, represented as the upper and lower 

membership functions, which are bounded by the footprint of 

uncertainties (FOU). The upper membership function (UMF) 

is associated with the boundary at the top of the FOU (Ã) and 

is denoted by 𝜇𝐴
(𝑥), ∀𝑥 ∈ 𝑋. Where the Lower membership

function (LMF) is associated with the bottom boundary of the 

FOU ( 𝐴̃)  and is represented by 𝜇𝐴(𝑥), ∀𝑥 ∈ 𝑋 . The area

between the UMF and LMF is called the Footprint of 

Uncertainty. In the proposed ACC system, the FOU provides 

a tolerance region for uncertain sensor inputs before the 

control decision is converted into PWM modulation. This 

mechanism is expected to reduce abrupt PWM changes caused 

by sudden sensor fluctuations. 

b. Fuzzy function

This IT2FLS control system uses shoulder curves and

triangular curves. It has two inputs: data from the IR sensor 

and the MPU6050 sensor, which have linguistic values (UMF 

and LMF). The IR sensor and the MPU6050 sensor have 

different membership functions because the vehicle’s distance 

and speed vary [15]. The Fuzzy Inference System (FIS) model 

used is the Multiple-Input Single-Output (MISO) model, 

which uses readings from the IR sensor and the MPU6050 

sensor as inputs. These inputs are processed using a rule editor, 

which then generates an output in the form of a PWM 

adjustment (defuzzification), as shown in Figure 4. In this 

stage, the distance input represents the spacing between the 

experimental vehicle and the object ahead, while the speed 

input represents the vehicle motion condition derived from the 

inertial sensor. Both inputs are fuzzified into linguistic 

variables using UMF and LMF to preserve uncertainty 

information before entering the inference stage. 
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Figure 4. Model FIS Multiple-Input Single-Output (MISO) 

The following are the membership sets of the variables 

IT2FLS, speed, and distance, which are the system inputs, 

namely: 

1. IT2FS speed variable

The velocity membership function (ve) is an input signal

consisting of five sets: “Very Slow (SL)” (≤21 cm/s & ≤19 

cm/s), “Slow (L)” (9–31 cm/s & 11–29 cm/s), “Normal (N)” 

(19–41 cm/s and 21–39 cm/s), “Fast (C)” (29–51 cm/s and 31–

49 cm/s), and “Very Fast (SC)” (≥39 cm/s and ≥41 cm/s). The 

following are the membership degrees of the IT2FLS velocity 

variable, which consists of 5 sets, as shown in Figure 5. The 

use of two boundary values in each linguistic set indicates that 

the speed input is not treated as a fixed value, but as an 

uncertain interval. This is important because acceleration and 

velocity estimation from the MPU6050 may be affected by 

vibration and sensor drift. 

Figure 5. Degree of freedom of the velocity variable 

2. IT2FLS distance variable

The distance membership function (d) is an input signal

consisting of five sets: “Very Close (SD)” (≤ 38 cm & ≤ 42 

cm), “Close (D)” (18–62 cm & 22–58 cm), “Normal (N)” (38–

82 cm & 42–78 cm), “Far (F)” (58–102 cm & 62–98 cm), and 

“Very Safe (VS)” (≤ 78 cm & ≤ 82 cm). Figure 6 shows the 

membership degrees of the distance variable IT2FLS, which 

consists of 5 sets, as shown in Figure 6. The interval distance 

membership function enables the controller to handle 

uncertainty in the IR sensor reading. Thus, when the measured 

distance fluctuates near the boundary between two linguistic 

categories, the IT2FLS can still produce a gradual control 

response instead of an abrupt decision. 

3. IT2FLS Variable PWM Change

The PWM (defuzzy) control uses membership degrees

divided into four categories: “high acceleration (PCB)” (20), 

“acceleration (PC)” (10), “deceleration (PB)” (-10), and “high 

deceleration (PBB)” (-20). The PWM change is used as the 

control output to regulate motor speed. Positive values 

increase the PWM signal for acceleration, whereas negative 

values reduce the PWM signal for deceleration. Therefore, the 

fuzzy output directly determines how the vehicle responds to 

distance and speed variations. 

Figure 6. Degree of membership of the distance variable 

c. Inference

After performing fuzzification by defining membership

functions, a rule base was constructed using the basic rule IF 

x is A AND IF y is B THEN z is C, which is divided into upper 

and lower sets. The following is the rule base of the IT2FL 

system, as shown in Table 1. The rule base connects the 

distance and speed conditions with the required PWM 

adjustment. For example, when the vehicle is too close to the 

object ahead and its speed is high, the controller produces a 

deceleration output. Conversely, when the distance is safe and 

the vehicle speed is low, the controller can generate an 

acceleration output. This rule mechanism links the IT2FLS 

architecture directly to the ACC objective, namely 

maintaining a safe distance and stable speed. 

Table 1. Table of rule base 

𝒅 𝒗𝒆⁄  SL L S C SC 

SJ PCB PCB PCB PC PB 

J PCB PCB PC PB PB 

N PCB PC PB PB PBB 

D PC PB PB PBB PBB 

SD PB PB PBB PBB PBB 

The following are the variable descriptions from Table 1: 

SL: Membership degree “Very Slow” 

L: Membership degree “Slow” 

S: Membership degree “Standard” 

C: Membership degree “Fast” 

S: Membership degree “Very Fast” 

SJ: Membership degree “Very Far” 

D: Membership degree “Far” 

N: Membership degree “Normal” 

D: Membership degree “Near” 

SD: Membership degree “Very Near” 

PCB: Membership degree “High Acceleration” 

PC: Membership degree “Acceleration” 

PB: Membership degree “Deceleration” 

PBB: Membership degree “High Deceleration” 

To avoid ambiguity in the rule notation, the distance 

linguistic labels should be consistently written as Very Far, 

Far, Normal, Near, and Very Near, while the speed linguistic 

labels should be written as Very Slow, Slow, Standard, Fast, 

and Very Fast. This consistency helps clarify the relationship 
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between input conditions and PWM output decisions. 

d. Type-reducer

Type reduction is a process step for reducing the IT2FLS set

to a Type 1 fuzzy set. In this process, the reduction method 

used is the center-of-set method, as described in Eqs. (7) and 

(8) [25]. The type-reduction stage combines the firing

strengths obtained from the UMF and LMF to produce an

output interval. This interval represents the possible range of

control actions under uncertain input conditions.

𝑦(𝜃1, … , 𝜃𝑍) =
∑ 𝑦𝑧𝜃𝑧

𝑍
𝑧=1

∑ 𝜃𝑧
𝑍
𝑧=1

(7) 

𝑦𝑙𝑘 =
∑ 𝑓𝑙

𝑖𝑦𝑙𝑘
𝑖𝑀

𝑖=1

∑ 𝑓𝑙
𝑖𝑀

𝑖=1

(8) 

e. Defuzzification

In the type-reduction stage, the output of each type-reduced

set is determined by the leftmost point 𝑦𝑙𝑘and the rightmost

point 𝑦𝑟𝑘. The set interval is defuzzified using the average of

𝑦𝑙𝑘  and 𝑦𝑟𝑘 ; therefore, the defuzzified crisp output for each

output k can be written as in Eq. (9). 

𝑦𝑘(𝑥) =
𝑦𝑙𝑘 + 𝑦𝑟𝑘

2
(9) 

In the developed system, IT2FLS receives two main inputs: 

the distance between the vehicle and the object ahead (d) and 

the vehicle’s speed (v). The output, which is the change in 

PWM (ΔPWM), is used to control the vehicle’s acceleration 

or deceleration [26]. The final crisp output is then sent to the 

ESP32 as a PWM adjustment command for the motor driver. 

Consequently, the complete IT2FLS process can be 

summarized as follows: uncertain distance and speed inputs 

are fuzzified using UMF and LMF, processed through the rule 

base, reduced into an output interval, defuzzified into a crisp 

ΔPWM value, and applied to regulate vehicle motion in real 

time. This sequence explains how the IT2FLS block 

contributes to smoother PWM modulation and more adaptive 

ACC behavior in the experimental results. 

2.4 Ackermann steering 

When turning a vehicle, if the centers of all the wheels 

coincide at a single point, the vehicle will turn around that 

point, resulting in pure rolling motion. This condition is known 

as the Ackermann condition, and this principle is known as the 

Ackermann principle. Figure 7 illustrates the kinematics of 

Ackermann steering. 

Figure 7. Ackermann steering kinematics [27] 

Ackermann steering geometry is most commonly used in 

commercial vehicles. The purpose of Ackermann steering is to 

prevent the tires from sliding sideways when following a 

curved road and to improve maneuverability at low speeds 

[28]. The following are the equations used in Ackermann 

steering kinematics: 

1. The Ackermann angle in Eq. (10).

∝= 𝑡𝑎𝑛−1(

𝑐
2
𝑏

) (10) 

2. Inner wheel lock-up angle in Eq. (11).

𝑠𝑖𝑛𝜃 = 𝑏 −
𝑎 − 𝑐

2
(11) 

3. The locking angle of the outer wheel in Eq. (12).

𝑐𝑜𝑡𝜑 − 𝑐𝑜𝑡𝜃 =
𝑐

𝑏
(12) 

4. Inner front wheel turning radius in Eq. (13).

𝑇𝐼𝐹 =
𝑏

𝑠𝑖𝑛𝜃
−

𝑎 − 𝑐

2
(13) 

5. The turning radius of the outer front wheel in Eq. (14).

𝑇𝑂𝐹 =
𝑏

𝑠𝑖𝑛𝜃
−

𝑎 − 𝑐

2
(14) 

6. The average turning radius in Eq. (15).

𝑇𝑅 =
𝑇𝐼𝐹 − 𝑇𝑂𝐹

2
(15) 

7. The value of Ackermann in Eq. (16).

𝑛𝑖𝑙𝑎𝑖 𝑎𝑐𝑘𝑒𝑟𝑚𝑎𝑛𝑛 = 𝑡𝑎𝑛−1(
𝑏

𝑏
𝑡𝑎𝑛𝜃

− 𝑎
) (16) 

8. Ackermann % in Eq. (17).

𝑎𝑐𝑘𝑒𝑟𝑚𝑎𝑛% =
𝜃

𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑎𝑐𝑘𝑒𝑟𝑚𝑎𝑛𝑛
× 100 (17) 

where, 

𝑎 = wheel track, or the distance between the left and right 

wheels 

b = wheelbase or the distance between the front and rear 

wheels 

c = distance between pivot  

𝜃 = inner wheel lock angle 

𝜑 = outer wheel lock angle 

𝑇𝐼𝐹 = inner front wheel turning radius

𝑇𝑂𝐹  = outer front wheel turning radius

𝑇𝑅  = average turning radius

In the ACC system, Ackermann steering kinematics are 

applied in the design of the vehicle's steering kinematics to 

make the vehicle's steering system as similar as possible to that 

of a real car and to ensure good stability while the vehicle is in 

motion. 
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2.5 Device design 

The experimental vehicle system adopts Ackermann 

steering kinematics, with the two rear wheels as the drive 

wheels and the two front wheels controlled by a servo motor. 

Rear drive motors are mounted to maintain center-of-gravity 

balance and stable propulsion. 

The vehicle has a two-layer structure: the first layer houses 

mechanical components and the IR sensor, while the second 

layer houses electronic components such as the ESP32, 

MPU6050, and servo motor. The acrylic frame (3 mm thick, 

400 × 200 mm) provides structural support and stability for the 

steering system. 

Figure 8 shows the mechanical layer (Layer 1) with key 

components: 

1. Steering system – vehicle direction control

2. IR sensor – measures distance to obstacles

3. Battery 1 – powers the control circuitry

4. Motor driver – receives PWM from IT2FLS to control

DC motors

5. Battery 2 – powers the drive motors

6. Rear drive wheels – vehicle propulsion

7. DC motors – drive the rear wheels

Figure 9 shows the electronic layer (Layer 2) with:

8. Servo – controls front-wheel steering

9. ESP32 – executes IT2FLS processing in real time

10. MPU6050 – provides vehicle speed and acceleration

feedback

Figure 8. Design system vehicle layer 1 

Figure 9. Design system vehicle layer 2 

Functional Integration with IT2FLS: 

1. The IR sensor and MPU6050 provide inputs representing

the vehicle’s distance to obstacles and its speed.

2. Sensor data are pre-processed (filtered and normalized) in

the Sensor Data Processing module (Section 2.4).

3. Processed data are input into the IT2FLS module on the

ESP32, which calculates the required PWM adjustment. 

4. PWM outputs are sent to the motor driver to adjust vehicle

speed, while the servo motor handles steering adjustments.

This design emphasizes functional integration rather than 

detailed mechanical layout, showing how each component 

contributes to real-time IT2FLS-based ACC performance. 

2.6 Electronic circuit 

To achieve good movement and control of the vehicle, a 

properly designed electronic circuit is required. This electronic 

circuit is designed to process sensor readings, control the drive 

motors, and control the steering servo motor. The following is 

the electronic circuit for the vehicle shown in Figure 10. 

Figure 10. Electronic circuit 

2.7 Block diagram system 

The system block diagram illustrates the workflow of each 

component in the vehicle as a closed-loop control system, 

ensuring that the process operates in a repetitive and 

continuous manner. As shown in Figure 11, the system begins 

by measuring the distance to the vehicle ahead and the ego 

vehicle’s speed; this data is then processed in the fuzzy logic 

block to determine the required speed limits and deceleration. 

Next, the IT2FLS output is processed by the microcontroller 

into a control signal that is transmitted to the motor driver to 

drive the motor. 

Figure 11. Adaptive Cruise Control (ACC) block diagram 

for the vehicle  

Figure 11 identifies several variables that influence the 

process; the following is an explanation of those variables: 

1. V1: host motor speed setpoint variable (𝑐𝑚 𝑠⁄ )

2. ve: motor speed error variable (𝑐𝑚 𝑠⁄ )

3. vst: motor speed after processing variable

4. sd: safe distance variable in this study is 50 cm
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5. d: distance variable between the ego vehicle and the lead

vehicle (cm)

6. Δd: vehicle distance relative to the safe distance: d - sd (cm)

7. defuzzy: PWM adjustment variable

2.8 Flowchart system 

Figure 12 shows the flowchart of the main vehicle system. 

First, the input values from the IR sensor and MPU6050 are 

read. Then, the system checks whether the driver has pressed 

the switch to activate the system. If the switch is activated, the 

Adaptive Cruise Control System (ACCS) will engage, and the 

functions of the accelerator and brake pedals will correspond 

to the switch settings. To deactivate the system and return to 

manual drive mode, the driver must press the switch. If the 

switch is turned off, the system immediately enters manual 

drive mode. In the ACCS sub-process flowchart, the system 

begins by reading the vehicle’s speed and distance variables, 

followed by the IT2FLS method sub-flowchart and the ACC 

sub-flowchart, as shown in Figure 13. 

Figure 12. Main flowchart system 

Figure 13. Sub-flowchart Adaptive Cruise Control System 

(ACCS) 

In the IT2FLS method sub-flowchart, the process begins by 

reading inputs from the IR sensor and the MPU6050 sensor, 

then proceeds through several steps as shown in Figure 14, 

resulting in an output variable representing the (defuzzied) 

PWM change. 

Sub-flowchart The IT2FLS method sub-flowchart generates 

the required (defuzzified) PWM change output variable. This 

defuzzified variable serves as an input to the ACC sub-

flowchart. It then becomes one of the inputs in the ACC sub-

flowchart, as shown in Figure 15. 

Figure 14. Sub-flowchart Interval Type-2 Fuzzy Logic 

System (IT2FLS) 

Figure 15. Sub-flowchart Adaptive Cruise Control (ACC) 

Figures 12 through 15 identify several variables that 

influence the process; the following is an explanation of those 

variables: 

1. vs0: initial setpoint speed variable (𝑐𝑚 𝑠⁄ )

2. vst: current setpoint speed variable (𝑐𝑚 𝑠⁄ )

3. v1: host vehicle speed variable (𝑐𝑚 𝑠⁄ )

4. d: distance between the host vehicle and the lead vehicle

(cm)

5. ds: safe distance variable (cm)

6. Δd: vehicle distance minus safe distance: d - ds (cm)

7. j: PWM variable

8. defuzzy: PWM change variable (𝑐𝑚 𝑠2⁄ )
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3. RESULTS AND DISCUSSION

3.1 Testing and calibration sensor 

There are several sensors used in the vehicle system, namely 

IR sensors and accelerometers. To ensure the vehicle system 

responds appropriately, accurate sensor readings are required. 

Therefore, the sensors must first be tested and calibrated to 

ensure their readings meet the desired specifications. These 

calibrated sensor values serve as inputs to the IT2FLS module, 

which generates PWM signals for real-time vehicle control. 

3.1.1 Testing and calibration infrared sensor 

During the IR sensor calibration, data samples were 

collected for 1 minute with an actual distance of 50 cm 

between the vehicle system and the obstacle in front of it. The 

data samples obtained from the IR sensor calibration are 

shown in Figure 16. The filtered distance readings are then 

normalized and fed into the IT2FLS controller as one of the 

input variables for PWM generation. 

Figure 16. Sample graph of infrared (IR) sensor reading data 

3.1.2. Testing and calibration MPU6050 sensor 

Testing and calibration of the MPU6050 sensor were 

performed for 1 minute with the vehicle system at rest, 

assuming an acceleration of 0 cm/s². Additionally, if the sensor 

reading was between 0 and 5 cm/s², it was set to 0 cm/s² to 

stabilize the system. From the calibration of the MPU6050 

sensor, several data samples were obtained, as shown in Figure 

17. These acceleration readings are processed and used as the

second input variable for IT2FLS to determine PWM

adjustments for motor speed control.

Figure 17. Sample data from the MPU6050 sensor 

3.2 Communication testing 

A third-party application is required to connect the vehicle 

system with users and store data. In this study, the Firebase 

website was used to connect the vehicle system with users and 

store data. Table 2 presents the results of the communication 

testing between the vehicle system and the Firebase website. 

Stable and timely communication is critical for real-time ACC 

performance. Any delays or interruptions in data transmission 

may lead to transient fluctuations in PWM signals, which can 

affect the vehicle’s speed and distance control. The testing 

ensured that communication latency remained within 

acceptable limits to maintain accurate IT2FLS operation. 

Table 2. Sample data communication 

No. Distance (m) Communication Status Time (s) 

1 2 Connected 9.44 

2 4 Connected 9.54 

3 6 Connected 6.35 

4 8 Connected 8.51 

Average Connection Time 8.46 

3.3. Manual testing 

Vehicle system testing was conducted on a 6-meter-long 

straight track with a paved surface. In this test, the object was 

placed 2 meters in front of the vehicle system and moved 

simultaneously. From these tests, several variables were 

obtained, such as the average percentage error (re%), average 

speed, average PWM, and average PWM change. The tests 

were performed five times without using IT2FLS to control 

the vehicle system’s speed, as shown in Figures 18-22. Figures 

18-22 illustrate that PWM signals in manual testing were

directly controlled by the user, resulting in more abrupt

changes and higher fluctuations compared to automated

control.

From manual test 1 through manual test 5, the average 

success rates for distance and acceleration readings were 

87.934% and 81.664%, respectively, excluding data affected 

by communication errors in test 4, with an average elapsed 

time of 44.6 seconds, an average PWM of 37.226, and an 

average PWM change of 10. The higher PWM change 

indicates manual operation is more prone to sudden 

adjustments, and the variability in distance and acceleration 

measurements reflects human reaction limitations. Several 

errors occurred in the readings due to a drop in power supply, 

internet connection issues, and most of these errors were 

caused by uneven terrain around the 3m and 4m points. These 

observations demonstrate the need for automated IT2FLS 

control to stabilize vehicle response and reduce abrupt PWM 

changes. 

Figure 18. Graph of manual test results 1 
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Figure 19. Graph of manual test results 2 

Figure 20. Graph of manual test results 3 

Figure 21. Graph of manual test results 4 

Figure 22. Graph of manual test results 5 

3.4 Testing IT2FL 

Vehicle system testing was conducted on a 6-meter-long 

straight track with a paved surface. In this test, the object was 

placed 2 meters in front of the vehicle system and moved 

simultaneously. From these tests, several variables were 

obtained, such as the average percentage error (re%), average 

speed, average PWM, and average PWM change. The tests 

were performed five times using IT2FL to control the vehicle 

system’s speed, as shown in Figures 23-27. 

Figure 23. Graph of test result data with IT2FL 1 

Figure 24. Graph of test result data with IT2FL 2 

Figure 25. Graph of test result data with IT2FL 3 

Figure 26. Graph of test result data with IT2FL 4 

From the tests with IT2FL 1 through the tests with IT2FL 5, 

the average success rates for distance and acceleration 

readings were 89.061% and 88. 135%, with interference 

caused by uneven paths and electromagnetic field interference 

from other components amounting to 10.939% and 11.865%, 

respectively, with an average travel time of 34 seconds, an 

average PWM of 47, and an average PWM change by the 

system of 8.559. Unlike in manual testing, distance and 

acceleration readings are crucial components of testing with 
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IT2FL to obtain PWM changes that are entirely generated by 

the system. 

Figure 27. Graph of test result data with IT2FL 5 

Unlike manual testing, the PWM signals in IT2FLS testing 

were generated entirely by the system, resulting in smoother 

speed control and more stable distance and acceleration 

readings. The IT2FLS block processed the fuzzified IR and 

MPU6050 inputs, performed inference, type-reduction, and 

defuzzification, and produced PWM outputs that adaptively 

regulated the motors in real time. 

Despite improvements, the testing environment was limited 

to a straight track and controlled indoor conditions. Future 

work should include curved tracks, uneven terrain, dynamic 

acceleration/deceleration scenarios, and emergency braking to 

evaluate IT2FLS performance under more realistic driving 

conditions. 

4. CONCLUSION

This study demonstrates that the application of the IT2FLS 

in an ACC system is capable of improving control 

performance compared to manual testing. On a 6-meter track, 

the IT2FLS-based system achieved an average travel time of 

34 seconds, which is shorter than the 44.6 seconds recorded in 

manual testing. In terms of sensor readings, the IT2FLS 

method also provided better results, with a distance reading 

success rate of 89.061% and an acceleration success rate of 

88.135%, whereas manual testing only achieved 87.934% for 

distance readings and 81.664% for acceleration. Additionally, 

the average PWM change in the IT2FLS system was 8.559, 

which is smaller than the 10 recorded in the manual test, 

indicating that the system is capable of producing a smoother 

and more adaptive control response. These results confirm that 

the IT2FLS block effectively converts uncertain sensor inputs 

into stable PWM outputs, providing adaptive real-time control 

that maintains vehicle speed and safe distance. 

Nevertheless, the system’s performance is still influenced 

by the quality of sensor readings. Disturbances such as noise 

caused by track irregularities and electromagnetic interference 

from other components can result in PWM outputs that do not 

always match the expected values. Moreover, the experiments 

were limited to straight tracks, so performance under curved 

paths or dynamic acceleration/deceleration scenarios was not 

evaluated. 

For future research, the system can be further developed by 

integrating more stable sensors, enhancing data 

communication reliability, implementing braking 

mechanisms, and testing on more complex track conditions 

including curves and uneven terrain. These improvements will 

allow IT2FLS-based ACC to be validated under realistic 

dynamic driving scenarios. 
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